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9.7 Experiments to assess the algorithmic stability Assumption 9.1. Each figure
shows the increase in the risk for varying ICL sample sizes after an example in
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ABSTRACT

The remarkable success of large language models (LLMs) has led to significant advances
across a wide range of tasks. However, their underlying mechanisms remain poorly under-
stood, largely due to the complexity of their architectures (e.g., Transformers, Mamba) and
the intricate ways in which predictions depend on data relationships. This thesis aims to
uncover the fundamental principles behind the effectiveness of LLMs.

A central focus of this work is the optimization behavior of attention mechanisms, the core
computational component of Transformer architectures. Unlike traditional neural networks,
attention allows models to capture rich dependencies across sequences through token-to-token
interactions. This thesis investigates the underlying mechanism of attention by analyzing its
optimization dynamics. We show that optimized attention behaves similarly to a Support
Vector Machine (SVM), effectively separating important tokens from less relevant ones using
linear constraints on token-pair outer products. These selected tokens contribute most sig-
nificantly to model performance. We further extend this analysis to next-token prediction,
where we theoretically prove that a similar implicit bias holds.

While softmax attention has demonstrated strong empirical performance, its quadratic
time and memory complexity limits its efficiency. To address this, recent architectures such as
linear attention, state-space models, and gated linear attention have been proposed, achiev-
ing near-linear complexity per token via recurrent formulations. In addition to analyzing
softmax attention, this thesis studies the optimization landscapes of these efficient alter-
natives in the context of in-context learning (ICL). We show that they implicitly perform
variants of gradient descent over the in-context demonstrations, treating them as training
data. We also investigate the role of model depth in leveraging unlabeled data. Our analysis
reveals that while single-layer architectures fail to benefit from unlabeled in-context exam-
ples, multi-layer attention models can effectively exploit them, highlighting the importance of
depth in semi-supervised in-context learning. Beyond architectural differences, this thesis ex-
plores optimization behavior across diverse problem settings, including retrieval-augmented
generation (RAG), LoRA adaptation, and multitask prompting, providing insights that align
more closely with real-world applications.

Finally, we examine the emergent abilities of LLMs through both theoretical and empirical

xvii



lenses. We formalize ICL as an algorithm learning problem, where the sequence model
implicitly constructs a hypothesis function from the input prompt at inference time. We
show numerically that sufficiently large, well-pretrained models can implement near-optimal
algorithms. We also investigate chain-of-thought (CoT) reasoning, where models decompose
complex tasks into simpler subproblems. We propose a two-stage interpretation of CoT:
first, filtering and grouping relevant reasoning steps; second, performing in-context learning
over each group. This framework explains the benefits of CoT reasoning in enhancing model
expressivity and reducing in-context sample complexity.

Overall, this thesis aims to uncover the foundations of LLM effectiveness through the lens
of optimization behavior, model architecture, and emergent capabilities.

xviii



CHAPTER 1

Introduction

1.1 Background

In recent decades, artificial intelligence (AI) has evolved rapidly, and is now widely used
as an efficient tool to reduce human labor. However, the underlying reasons for its success
remain underexplored, and significant efforts have been devoted to developing a deeper
understanding of modern models.

Prior to the rise of large language models (LLMs), deep neural networks [10, 67, 75, 76,
97, 174, 183] had already achieved remarkable performance comparable to human abilities in
domains such as computer vision (e.g., image classification, object detection), speech recog-
nition, and machine translation. Beyond these applied successes, classical statistical learning
theory and optimization theory have provided theoretical foundation for these achievements,
grounding the study of neural networks within the broader framework of machine learning
theory. For instance, studies have investigated data and compute efficiency by analyzing
different data settings (e.g., coresets [9, 73]), model architectures (e.g., Mixture of Experts
[115, 135]), and learning paradigms (e.g., transfer learning [15, 19, 191], continual learning
[114, 120]). Additionally, research has focused on the optimization behavior of training deep
models, examining phenomena such as benign overfitting [14, 25], the role of overparameter-
ization [5, 48], and double-descent [17, 31, 139].

While traditional deep neural networks achieve strong performance on classical problems
(e.g., regression, classification), they lack the capacity to effectively handle sequential data
such as language, video, and time series. Unlike the conventional machine learning setting,
where fixed-dimensional features are mapped to labels, sequence models map sequences of to-
kens to sequences of outputs. This greatly enhances their ability to model complex sequential
data, and also brings up a variety of novel mathematical and algorithmic challenges:

• The role of tokenization: Tokenization is the crucial first step in processing raw se-
quential data, converting continuous or discrete signals into a format a model can un-
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derstand. The choice of tokenization strategy regulates data representation, enabling
models to process and understand sequential data more efficiently.

• The role of different architectures: To capture dependencies in sequential data, a va-
riety of model architectures have been proposed. The attention mechanism has drawn
the most focus and been most widely used, but other alternatives (e.g., linear at-
tention [37, 92, 201], Mamba [40, 68] and gated linear attention [210]) also achieve
competitive performance. Understanding how different architectures influence expres-
sivity, efficiency, and generalization is crucial for advancing the effectiveness of sequence
modeling.

• The role of autoregression: Since sequence models are often trained with a next-token
prediction objective, they naturally acquire autoregressive capabilities. This structure
enables novel learning paradigms beyond pretraining and fine-tuning, such as in-context
learning, where models adapt to new tasks or domains through examples provided di-
rectly in the context window. Related techniques, such as prompt tuning, also enhance
this adaptability by steering model behavior without modifying parameters directly.

In this thesis, I develop fundamental theories that address these problems, aiming to advance
the foundations of language and sequence models.

The remainder of this chapter introduces the key background topics that motivate this
work. We begin with an overview of the standard attention mechanism, where we focus on
its implicit biases when applied to sequences of tokens. Next, we present efficient sequence-
modeling architectures, including attention-based models as well as state-space models. We
then discuss the emergence of in-context learning and the growing interest in chain-of-thought
prompting. In the end, I provide a short summary of each chapters of the thesis. For a
broader perspective, please refer to the conclusion in Chapter 11.

1.1.1 Attention Mechanism

Transformers have demonstrated exceptional performance across a wide array of domains,
including natural language processing [22, 164], recommendation systems [34, 180, 221], and
reinforcement learning [33, 85, 220]. At the heart of this success is the self-attention mech-
anism, first introduced by [193], which enables the model to capture global dependencies
across input sequences. Unlike conventional models such as multilayer perceptrons (MLPs)
or convolutional neural networks (CNNs), self-attention computes contextualized represen-
tations by modeling pairwise token interactions across the entire sequence [36, 121, 152, 153].
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Formally, given an input sequence X ∈ RT×d of length T with embedding dimension d,
the self-attention mechanism is defined as:

att(X) := S(XWqW
⊤
k X⊤)XWv, (1.1)

where Wq,Wk,Wv ∈ Rd×d are the trainable query, key, and value projection matrices. The
softmax function S(·) is applied row-wise to produce attention weights from the similarity
scores in XWqW

⊤
k X⊤. The resulting weighted sum of values XWv yields the final output

of the attention layer.
Despite their empirical success, the theoretical foundations of attention mechanisms are

still being actively investigated. Prior research has examined several important aspects,
including the Lipschitz properties of attention layers [94], the behavior of neural tangent
kernels [79, 209], and the expressive power and Turing-completeness of Transformers [42, 47,
54, 62, 105, 213], along with statistical approximation guarantees [176, 203]. More recent
work has shifted toward understanding the optimization and generalization dynamics of
Transformers [58, 86, 107, 143, 144, 149, 189].

In this thesis, we contribute to this line of work by establishing a formal connection
between the optimization geometry of self-attention and hard-margin support vector ma-
chines (SVMs). Specifically, we show that training a single-layer Transformer with gradient
descent leads to an implicit separation of optimal versus non-optimal tokens, governed by
linear constraints on token pair outer-products. This geometric perspective enables a precise
characterization of the inductive bias induced by self-attention in shallow models.

1.1.2 Recurrent Alternatives

While Transformers have achieved widespread success, their standard (softmax) attention
mechanism incurs quadratic time and memory complexity with sequence length, posing sig-
nificant computational challenges for long-context applications. To address this limitation, a
growing body of work has developed efficient alternatives that achieve near-linear complexity
per token, largely by adopting recurrent formulations.

Early approaches include linear attention and state-space models (SSMs) (e.g. H3 [57]),
both of which support O(1) inference per token. These architectures exploit recurrent struc-
tures to achieve efficient sequence modeling.

Given an input sequence X ∈ RT×d and projection matrices Wq,Wk,Wv ∈ Rd×d as in
(1.1), linear attention is defined as:

attlin(X) := (XWqW
⊤
k X⊤)XWv, (1.2)
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which replaces the softmax normalization in (1.1) with a linear operation, thus reducing the
computational cost.

H3-like state-space models incorporate an implicit convolutional filter. A representative
formulation is given by:

ssm(X) := (XWq)⊙ ((XWk ⊙XWv) ∗ f) , (1.3)

where f ∈ Rn+1 is a 1D convolutional filter that mixes tokens across time. The element-wise
(Hadamard) product ⊙ serves as a gating mechanism [41] between query and key channels,
and plays a critical role in enabling attention-like behavior.

Although these early models are significantly more efficient, they typically underperform
compared to softmax-based attention in many real-world tasks. However, recent recurrent
models such as RetNet [181], Mamba [40, 68], xLSTM [16], GLA Transformer [210], and
RWKV [155] have closed this performance gap. As observed by [210], many of these models
can be unified under the framework of Gated Linear Attention (GLA), which enhances linear
attention with data-dependent gating within a recurrent formulation.

GLA is also closely related to implicit attention frameworks. For example, the Unified
Implicit Attention model by [224] shows that Mamba [68] and RWKV [154] can be viewed
as special cases under a shared gating-based attention principle. Furthermore, [225] demon-
strate that gated cross-attention can improve multimodal fusion robustness, highlighting the
broader potential of gated architectures for interpretability and stability.

The general form of GLA can be expressed as a recurrence. Let X = [x1 x2 . . . xT ]
⊤ ∈

RT×d be the input sequence, with associated query, key, and value embeddings defined as
qi = W⊤

q xi, ki = W⊤
k xi, and vi = W⊤

v xi for 1 ≤ i ≤ T . The GLA recurrence is:

gla(X) := [o1 o2 . . . oT ]
⊤, where oi = Siqi, Si = Gi ⊙ Si−1 + vik

⊤
i , (1.4)

with S0 = 0 as the initial state. Here, Si ∈ Rd×d is the 2D recurrent state, oi ∈ Rd is the
output, and Gi = G(xi) ∈ Rd×d is the data-dependent gating matrix. When Gi is an all-one
matrix, this recurrence reduces to causal linear attention [92].

Despite the recent empirical success of these recurrent architectures, their theoretical
foundations remain limited. This thesis analyzes the optimization landscape of Linear At-
tention (cf. (1.2)), State-Space Models (cf. (1.3)), and Gated Linear Attention (cf. (1.4))
in the context of in-context learning (ICL). We show that these models implicitly perform
variants of gradient descent over the input prompt, offering a unified perspective on their
optimization behavior in ICL settings.
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1.1.3 In-context Learning

Modern language models exhibit the remarkable ability to learn novel tasks or solve complex
problems from the demonstrations provided within their context window [23, 61, 146, 190].
Such in-context learning (ICL) offers a novel and effective alternative to traditional fine-
tuning techniques and has become an important feature of LLM with its applications span-
ning retrieval-augmented generation [106], and reasoning via advanced prompting techniques,
such as chain-of-thought [205]. Specifically, ICL shows the ability of a language model to
provide a prediction on an example given a few (input, output) examples within a prompt.
For NLP, the examples may correspond to pairs of (question, answer)’s or translations.

There is growing interest in understanding the mechanisms behind ICL [23, 126, 165] due
to its success in continuously enabling novel applications for LLMs [61, 146, 190]. In the
previous work, [59] explored ICL ability of Transformers. In particular, they considered in-
context prompts where each in-context example is labeled by a target function from a given
function class, including linear models. A number of works have studied this and related
settings to develop a theoretical understanding of ICL [197, 60, 38, 122, 117, 12, 4, 214, 50].
[4] focus on linear regression and provide a construction of Transformer weights that can
enable a single step of GD based on in-context examples. Along the similar line, [196]
provide a construction of weights in linear attention-only Transformers that can emulate
GD steps on in-context examples for a linear regression task. Similar to this line of work,
[39] argue that pre-trained language models act as meta-optimizer which utilize attention
to apply meta-gradients to the original language model based on the in-context examples.
[66] study the effectiveness of test-time training, theoretically and empirically demonstrating
that a single gradient update at test time can enhance in-context performance.

While our work shares similarities with this line of research, we extend the theoretical
understanding of ICL along several novel dimensions. These include the analysis of diverse
model architectures (e.g., state-space models, gated linear attention) and non-isotropic data
settings (e.g., retrieval-augmented generation, multitask prompting, semi-supervised learn-
ing). This broader perspective allows us to characterize the loss landscapes of different
models and establish their connections to variants of online gradient descent algorithms.

1.1.4 Chain-of-thought Prompting and Reasoning Capabilities

Chain-of-thought (CoT) prompting has led to impressive improvements in complex reason-
ing tasks by decomposing them into step-by-step intermediate solutions [205, 140, 98, 204,
222, 145, 194, 99]. This generally showcases the ability of Transformers to model compo-
sitional functions. Several works have studied the advantages of this approach: [102, 53]
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demonstrate that teaching arithmetic through intermediate steps allows small Transformers
to learn more effectively; [108] show that student models can benefit from rationales gener-
ated by significantly larger teacher models. The broader idea of learning to compose skills
has been explored in other settings as well [170, 124]. In parallel, the challenge of learning
shallow neural networks with compositional structures has been shown to be theoretically
hard [63, 64, 216], though recent work by [70] proves a formal learnability bound suggesting
that compositional structure can enhance ICL. Although longer CoT traces have been shown
to improve models’ ability to solve challenging reasoning tasks, they are typically a feature
of frontier models (e.g., OpenAI’s o1 [84], DeepSeek-R1 [69], and s1 [136]). Reasoning with
smaller language models remains difficult, as they often fail to complete key steps within
the solution path. To address this limitation, [217, 218] combine supervised finetuning with
reinforcement learning, enabling models to more effectively identify and solve critical but
difficult steps along the reasoning trajectory. However, most prior studies focus on the em-
pirical benefits and algorithmic design of CoT prompting, while relatively little is known
about its underlying mechanisms.

From an expressivity standpoint, Transformers have been shown to be universal sequence-
to-sequence approximators [213]. [62] provide an explicit construction demonstrating that
even shallow Transformers can simulate general-purpose computation when their outputs
are looped back into their inputs. More recently, [65] introduce continuous tokens that
enhance model expressivity and inference efficiency via simultaneously tracking multiple
reasoning traces in latent space. Other works have established the Turing-completeness
of Transformer architectures, although these typically rely on infinite precision or recursion
around attention layers [202, 161, 157, 125]. Closer to our line of work, [4, 196, 197] prove that
constant-depth Transformers can implement gradient descent for solving linear regression.
Similarly, [62] and [3] show that Transformers with looped inputs or linear attention can
implement preconditioned gradient descent at convergence.

In this thesis, we build upon this foundation and propose a new interpretation of CoT
reasoning as a two-step process: first, applying a filtering procedure to CoT prompts via a
specific construction; and second, performing in-context learning over the filtered prompts.

1.2 Contributions and Thesis Outline

Chapter 2: Max-Margin Token Selection in Attention Mechanism

In this chapter, we explore the softmax-attention model f(X) = ⟨Xv, softmax(XWp)⟩,
where X is the token sequence and (v,W ,p) are trainable parameters. We prove that
running gradient descent on p, or equivalently W , converges in direction to a max-margin
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solution that separates locally-optimal tokens from non-optimal ones. This clearly formalizes
attention as an optimal token selection mechanism. Remarkably, our results are applicable to
general data and precisely characterize optimality of tokens in terms of the value embeddings
Xv and problem geometry. We also provide a broader regularization path analysis that
establishes the margin maximizing nature of attention even for nonlinear prediction heads.
When optimizing v and p simultaneously with logistic loss, we identify conditions under
which the regularization paths directionally converge to their respective hard-margin SVM
solutions where v separates the input features based on their labels. Interestingly, the SVM
formulation of p is influenced by the support vector geometry of v.

[187] Ataee Tarzanagh, Davoud, Yingcong Li, Xuechen Zhang, and Samet Oymak. "Max-
margin token selection in attention mechanism." Advances in neural information processing
systems 36 (2023): 48314-48362.

Chapter 3: Optimization of Projection Matrices: Softmax Attention as SVM

In this chapter, we study the self-attention mechanism where pairwise similarities are com-
puted as softmax(XWqW

⊤
k X⊤), with (Wq,Wk) denoting the trainable query and key

parameters. Similar to Chapter 2, we establish a formal equivalence between the optimiza-
tion geometry of self-attention and a hard-margin SVM problem, which separates optimal
input tokens from non-optimal ones using linear constraints on the outer products of to-
ken pairs. This formalism allows us to characterize the implicit bias of 1-layer transformers
optimized with gradient descent, as follows. (1) Optimizing the attention layer, parameter-
ized by (Wk,WQ), with vanishing regularization, converges in direction to an SVM solution
minimizing the nuclear norm of the combined parameter W := WkW

⊤
q . Instead, directly

parameterizing by W minimizes a Frobenius norm SVM objective. We characterize this
convergence, highlighting that it can occur in locally-optimal directions rather than global
ones. (2) Complementing this, for W -parameterization, we prove the local/global direc-
tional convergence of gradient descent under suitable geometric conditions. Importantly, we
show that over-parameterization catalyzes global convergence by ensuring the feasibility of
the SVM problem and by guaranteeing a benign optimization landscape devoid of stationary
points. (3) While our theory applies primarily to linear prediction heads, we propose a more
general SVM equivalence that predicts the implicit bias of 1-layer transformers with nonlin-
ear heads/MLPs. Our findings apply to general datasets, trivially extend to cross-attention
layer, and their practical validity is verified via thorough numerical experiments. We also
introduce open problems and future research directions. We believe these findings inspire a
new perspective, interpreting multilayer transformers as a hierarchy of SVMs that separates
and selects optimal tokens.
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[185] Tarzanagh, Davoud Ataee, Yingcong Li, Christos Thrampoulidis, and Samet Oymak.
"Transformers as support vector machines." arXiv preprint arXiv:2308.16898 (2023).

Chapter 4: Convergence of Gradient Descent in Next-Token Prediction

In this chapter, we ask: What does a single self-attention layer learn from next-token predic-
tion? We show that training self-attention with gradient descent learns an automaton which
generates the next token in two distinct steps: (1) Hard retrieval: Given input sequence,
self-attention precisely selects the high-priority input tokens associated with the last input
token. (2) Soft composition: It then creates a convex combination of the high-priority tokens
from which the next token can be sampled. Under suitable conditions, we rigorously char-
acterize these mechanics through a directed graph over tokens extracted from the training
data. We prove that gradient descent implicitly discovers the strongly-connected compo-
nents (SCC) of this graph and self-attention learns to retrieve the tokens that belong to the
highest-priority SCC available in the context window. Our theory relies on decomposing the
model weights into a directional component and a finite component that correspond to hard
retrieval and soft composition steps respectively. This also formalizes a related implicit bias
formula conjectured in Chapters 2 and 3.

[112] Li, Yingcong, Yixiao Huang, Muhammed E. Ildiz, Ankit Singh Rawat, and Samet Oy-
mak. "Mechanics of next token prediction with self-attention." In International Conference
on Artificial Intelligence and Statistics, pp. 685-693. PMLR, 2024.

Chapter 5: Optimization Landscape of Linear Attention and State Space Models

In this chapter, we develop a stronger characterization of the optimization and generaliza-
tion landscape of ICL through contributions on architectures, low-rank parameterization,
and correlated designs: (1) We study the landscape of 1-layer linear attention and 1-layer
H3, a state-space model. Under a suitable correlated design assumption, we prove that
both implement 1-step preconditioned gradient descent. We show that thanks to its native
convolution filters, H3 also has the advantage of implementing sample weighting and outper-
forming linear attention in suitable settings. (2) By studying correlated designs, we provide
new risk bounds for retrieval augmented generation (RAG) and task-feature alignment which
reveal how ICL sample complexity benefits from distributional alignment. (3) We derive the
optimal risk for low-rank parameterized attention weights in terms of covariance spectrum.
Through this, we also shed light on how LoRA can adapt to a new distribution by capturing
the shift between task covariances. Experimental results corroborate our theoretical findings.

[116] Li, Yingcong, Ankit S. Rawat, and Samet Oymak. "Fine-grained analysis of in-context
linear estimation: Data, architecture, and beyond." Advances in Neural Information Pro-
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cessing Systems 37 (2024): 138324-138364.

Chapter 6: Optimization Landscape of Gated Linear Attention

In this chapter, we investigate the in-context learning capabilities of the GLA model and
make the following contributions. We show that a multilayer GLA can implement a gen-
eral class of Weighted Preconditioned Gradient Descent (WPGD) algorithms with data-
dependent weights. These weights are induced by the gating mechanism and the input,
enabling the model to control the contribution of individual tokens to prediction. To further
understand the mechanics of this weighting, we introduce a novel data model with multitask
prompts and characterize the optimization landscape of learning a WPGD algorithm. We
identify mild conditions under which there exists a unique global minimum, up to scaling
invariance, and the associated WPGD algorithm is unique as well. Finally, we translate
these findings to explore the optimization landscape of GLA and shed light on how gating
facilitates context-aware learning and when it is provably better than vanilla linear attention.

[118] Li, Yingcong, Davoud Ataee Tarzanagh, Ankit Singh Rawat, Maryam Fazel, and Samet
Oymak. "Gating is weighting: Understanding gated linear attention through in-context
learning." arXiv preprint arXiv:2504.04308 (2025).

Chapter 7: Task-specific Prompt Optimization in Linear Attention

In this chapter, we study in-context learning and consider a novel setting where the global
task distribution can be partitioned into a union of conditional task distributions. We then
examine the use of task-specific prompts and prediction heads for learning the prior infor-
mation associated with the conditional task distribution using a one-layer attention model.
Our results on loss landscape show that task-specific prompts facilitate a covariance-mean
decoupling where prompt-tuning explains the conditional mean of the distribution whereas
the variance is learned/explained through in-context learning. Incorporating task-specific
head further aids this process by entirely decoupling estimation of mean and variance com-
ponents. This covariance-mean perspective similarly explains how jointly training prompt
and attention weights can provably help over fine-tuning after pretraining.

[30] Chang, Xiangyu, Yingcong Li, Muti Kara, Samet Oymak, and Amit K. Roy-Chowdhury.
"Provable Benefits of Task-Specific Prompts for In-context Learning." arXiv preprint
arXiv:2503.02102 (2025).

Chapter 8: Benefits of Unlabeled Data in Multilayer Linear Attention

In this chapter, we study in-context learning and examine a canonical setting where the
demonstrations are drawn according to a binary Gaussian mixture model (GMM) and a
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certain fraction of the demonstrations have missing labels. We provide a comprehensive
theoretical study to show that: (1) The loss landscape of one-layer linear attention models
recover the optimal fully-supervised estimator but completely fail to exploit unlabeled data;
(2) In contrast, multilayer or looped transformers can effectively leverage unlabeled data by
implicitly constructing estimators of the form

∑
i≥0 ai(X

⊤X)iX⊤y with X and y denoting
features and partially-observed labels (with missing entries set to zero). We characterize the
class of polynomials that can be expressed as a function of depth and draw connections to
Expectation Maximization, an iterative pseudo-labeling algorithm commonly used in semi-
supervised learning. Importantly, the leading polynomial power is exponential in depth, so
mild amount of depth/looping suffices. As an application of theory, we propose looping
off-the-shelf tabular foundation models to enhance their semi-supervision capabilities. Ex-
tensive evaluations on real-world datasets show that our method significantly improves the
semisupervised tabular learning performance over the standard single pass inference.

[111] Li, Yingcong, Xiangyu Chang, Muti Kara, Xiaofeng Liu, Amit Roy-Chowdhury, and
Samet Oymak. "When and How Unlabeled Data Provably Improve In-Context Learning."
arXiv preprint arXiv:2506.15329 (2025).

Chapter 9: Generalization in In-context Learning

In this chapter, we formalize in-context learning as an algorithm learning problem where
a transformer model implicitly constructs a hypothesis function from the input sequence
at inference-time. We first explore the statistical aspects of this abstraction through the
lens of multitask learning: We obtain generalization bounds for ICL when the input prompt
is (1) a sequence of i.i.d. (input, label) pairs or (2) a trajectory arising from a dynamical
system. The crux of our analysis is relating the excess risk to the stability of the algorithm
implemented by the transformer, which holds under mild assumptions. Secondly, we use our
abstraction to show that transformers can act as an adaptive learning algorithm and perform
model selection across different hypothesis classes. We provide numerical evaluations that
(1) demonstrate transformers can indeed implement near-optimal algorithms on classical
regression problems with i.i.d. and dynamic data, (2) identify an inductive bias phenomenon
where the transfer risk on unseen tasks is independent of the transformer complexity, and
(3) empirically verify our theoretical predictions.

[113] Li, Yingcong, Muhammed Emrullah Ildiz, Dimitris Papailiopoulos, and Samet Oy-
mak. "Transformers as algorithms: Generalization and stability in in-context learning." In
International conference on machine learning, pp. 19565-19594. PMLR, 2023.

Chapter 10: Chain-of-thought and Its Emergent Abilities
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This chapter investigates the impact of CoT on the ability of transformers to in-context learn
a simple to study, yet general family of compositional functions: multi-layer perceptrons
(MLPs). We find that the success of CoT can be attributed to breaking down in-context
learning of a compositional function into two distinct phases: focusing on and filtering data
related to each step of the composition and in-context learning the single-step composition
function. Through both experimental and theoretical evidence, we demonstrate how CoT
significantly reduces the sample complexity of ICL and facilitates the learning of complex
functions that non-CoT methods struggle with.

[117] Li, Yingcong, Kartik Sreenivasan, Angeliki Giannou, Dimitris Papailiopoulos, and
Samet Oymak. "Dissecting chain-of-thought: Compositionality through in-context filtering
and learning." Advances in Neural Information Processing Systems 36 (2023): 22021-22046.
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CHAPTER 2

Max-Margin Token Selection in Attention
Mechanism
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(a) Global convergence
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(b) Global and local convergence
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Figure 2.1: The convergence behavior of the gradient descent on the attention weights p
using the logistic loss in (ERM). The arrows (—>—) represent trajectories from different
initializations. Here, (- - -) and (- - -) denote the globally- and locally-optimal max-margin
directions (GMM, LMM). γ denotes the score of a token per Definition 2.1. Discussion is provided
under Theorems 2.2 and 2.3.

2.1 Introduction

The prominence of the attention mechanism motivates a fundamental theoretical understand-
ing of its role in optimization and learning. While it is well-known that attention enables
the model to focus on the relevant parts of the input sequence, the precise mechanism by
which this is achieved is far from clear. To this end, we ask

Q: What are the optimization behavior of the attention mechanism?

In this chapter, we mainly focus on the optimization dynamics and inductive biases of
prompt p and head v. Specifically, we consider the fundamental attention model f(X) =
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〈
Xv,S(XW⊤p)

〉
. Here, X is the sequence of input tokens, v is the prediction head, W

is the trainable key-query weights, and S denotes the softmax nonlinearity. For transform-
ers, p corresponds to the [CLS] token or tunable prompt [104, 110, 149], whereas for RNN
architectures [11], p corresponds to the hidden state.

Given training data (Xi, yi)
n
i=1 with labels yi ∈ {−1, 1} and inputs Xi ∈ RT×d, we consider

the empirical risk minimization with a decreasing loss function ℓ(·) : R→ R,

L(v,p,W ) =
1

n

n∑
i=1

ℓ(yi · f(Xi)), where f(Xi) = S(p⊤WX⊤
i )Xiv. (2.1)

At a high-level, this work establishes fundamental equivalences between the optimization
trajectories of (2.1) and hard-margin SVM problems. Our main contributions are as follows:

⋄ Optimization geometry of attention (§2.3): We first show that gradient itera-
tions of p and W admit a one-to-one mapping, thus we focus on optimizing p without
losing generality. In Theorem 2.3, we prove that, under proper initialization:

Gradient descent on p converges in direction to a max-margin solution (see
(p-SVM)) that separates locally-optimal tokens from non-optimal ones.

We call these Locally-optimal Max-Margin (LMM) directions and show that these thor-
oughly characterize the viable convergence directions of attention when the norm of
its weights grows to infinity. We also identify conditions under which (algorithm-
independent) regularization path and gradient descent path converge to Globally-
optimal Max-Margin (GMM) direction in Theorems 2.1 and 2.2, respectively. A cen-
tral feature of our results is precisely quantifying optimality in terms of token scores
γt = y · v⊤xt where xt is the tth token of the input sequence X. Locally-optimal to-
kens are those with higher scores than their nearest neighbors determined by the SVM
solution. These are illustrated in Figure 2.1.

⋄ Optimize attention p and prediction-head v jointly (§2.4): We study the
joint problem under logistic loss function. We use regularization path analysis where
(ERM) is solved under ridge constraints and we study the solution trajectory as the
constraints are relaxed. Since the problem is linear in v, if the attention features
xatt
i = X⊤

i S(XiW
⊤p) are separable based on their labels yi, v would implement a

max-margin classifier. Building on this, we prove that p and v converges to their
respective max-margin solutions under proper geometric conditions (Theorem 2.5).
Relaxing these conditions, we obtain a more general solution where margin constraints
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on p are relaxed on the inputs whose attention features are not support vectors of v
(Theorem 2.6). Figure 2.4 illustrates these outcomes.

In Section 2.5, we extend our approach to the more general model f(X) =

ψ(X⊤S(XW⊤p)) – where ψ is a nonlinear prediction head – to establish the margin max-
imizing nature of attention under broader conditions (Theorem 2.7). Overall, our results
formalize the role of the attention mechanism as a token-selection & separation mechanism,
characterize its geometry (when tokens are separable), and lay the groundwork for future
research by connecting attention to a max-margin SVM formulation.

2.2 Preliminaries and Problem Setup

Notations. For any integer N ≥ 1, let [N ] := {1, . . . , N}. We use lower-case and upper-
case bold letters (e.g. a and A) to represent vectors and matrices, respectively. The entries
of a are denoted as ai. We use σ̄(A) to denote the maximum singular value of A. We denote
the minimum of two numbers a, b as a ∧ b, and the maximum as a ∨ b. Big-O notation O(·)
hides the universal constants. Throughout, we will use L(p) and L(v,p) to denote Objective
(2.1) with fixed (v,W ) and W , respectively.

Optimization. Given an objective function L : Rd → R and an ℓ2-norm bound R, define
the regularized solution as

p̄(R) := arg min
∥p∥≤R

L(p). (2.2)

Regularization path – the evolution of p̄(R) as R grows – is known to capture the spirit
of gradient descent as the ridge constraint R provides a proxy for the number of gradient
descent iterations. For instance, [87, 169, 179] study the implicit bias of logistic regression and
rigorously connect the directional convergence of regularization path (i.e. limR→∞ p̄(R)/R)
and gradient descent. For gradient descent, we assume the objective L(p) is smooth and
describe the gradient descent process as

p(t+ 1) = p(t)− η(t)∇L(p(t)), (2.3)

where η(t) is the stepsize at time t and ∇L(p(t)) is the gradient of L at p(t).

Attention in Transformers. Next, we will discuss the connection between our model and
the attention mechanism used in transformers. Our exposition borrows from [149], where
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the authors analyze the same attention model using gradient-based techniques on specific
contextual datasets.

• Self-attention is the core building block of transformers [193]. Given an input con-
sisting of T tokens X = [x1, . . . ,xT ]

⊤ ∈ RT×d, self-attention with key-query matrix
W ∈ Rd×d, and value matrix Wv ∈ Rd×v, the self-attention model is defined as follows:

att(X) = S(XWX⊤)XWv. (2.4)

Here, S(·) is the softmax nonlinearity that applies row-wise on the similarity matrix
XWX⊤.

• Tunable tokens: [CLS] and prompt-tuning. In practice, we append additional
tokens to the raw input features X: For instance, a [CLS] token is used for classification
purposes [44] and prompt vectors can be appended for adapting a pretrained model to
new tasks [104, 110]. Let p ∈ Rd be the tunable token ([CLS] or prompt vector) and
concatenate it to X to obtain Xp := [p X⊤]⊤ ∈ R(T+1)×d. Consider the cross-attention
features obtained from Xp and X given by

att(Xp) = S(XpWX⊤)XWv =

[
S(p⊤WX⊤)

S(XWX⊤)

]
XWv.

The beauty of cross-attention is that it isolates the contribution of p under the upper
term V ⊤X⊤S(XW⊤p) ∈ Rv. In this work, we use the value weights for classification, thus
we set v = 1, and denote v = Wv ∈ Rd. This brings us to our attention model of interest:

f(X) = ⟨Xv, S(Kp)⟩ , where K = XW⊤. (2.5)

Here, (v,W ,p) are the tunable model parameters and K is the key embeddings. Note
that W and p are playing the same role within softmax, thus, it is intuitive that they
exhibit similar optimization dynamics. Confirming this, the next lemma shows that gradient
iterations of p (after setting W ← Identity) and W admit a one-to-one mapping.

Lemma 2.1 Fix u ∈ Rd \ {0} . Let ψ : Rd → R and ℓ : R→ R be differentiable functions.
On the same training data (yi,Xi)

n
i=1, define L̃(p) := 1/n

∑n
i=1 ℓ(yi · ψ(X⊤

i S(Xip))) and
L(W ) := 1/n

∑n
i=1 ℓ(yi · ψ(X⊤

i S(XiW
⊤u))). Consider the gradient descent iterations on

p and W with initial values p(0) and W (0) = up(0)⊤/∥u∥2 and stepsizes η and η/∥u∥2,
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respectively:

p(t+ 1) = p(t)− η∇L̃(p(t)),
W (t+ 1) = W (t)− η

∥u∥2∇L(W (t)).

We have that W (t) = up(t)⊤/∥u∥2 for all t ≥ 0.

This lemma directly characterizes the optimization dynamics of W through the dynamics
of p, allowing us to reconstruct W from p using their gradient iterations. Therefore, we will
fix W and concentrate on optimizing p in Section 2.3 and the joint optimization of (v,p) in
Section 2.4.

Problem definition: Throughout, (yi,Xi)
n
i=1 denotes training dataset where yi ∈

{−1, 1} and Xi ∈ RT×d. We denote the key embeddings of Xi via Ki = XiW
⊤ and

explore the training risk

L(v,p) = 1

n

n∑
i=1

ℓ
(
yi · v⊤X⊤

i S(Kip)
)
. (ERM)

Importantly, our results apply to general tuples (yi,Xi,Ki) and do not assume that
(Xi,Ki) are tied via W . Finally, the tth tokens of Xi,Ki are denoted by xit,kit ∈ Rd,
respectively, for t ∈ [T ].

The highly nonlinear and nonconvex nature of the softmax operation makes the training
problem in (ERM) a challenging nonconvex optimization problem for p, even with a fixed
v. In the next section, we will introduce a set of assumptions to demonstrate the global and
local convergence of gradient descent for margin maximization in the attention mechanism.

2.3 Margin Maximization with Attention

In this section, we present the main results (Theorems 2.2 and 2.3) by examining the implicit
bias of gradient descent on learning p ∈ Rd given a fixed choice of v ∈ Rd. Notably, our
results apply to general decreasing loss functions without requiring convexity. This generality
is attributed to margin maximization arising from the exponentially-tailed nature of softmax
within attention, rather than ℓ. We maintain the following assumption on the loss function
throughout this section.
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Assumption 2.1 (Well-behaved Loss) Over any bounded interval: (i) ℓ : R → R is
strictly decreasing. (ii) ℓ′ is M0-Lipschitz continuous and |ℓ′(u)| ≤M1.

Assumption 2.1 includes many common loss functions, including the logistic loss ℓ (u) =
log (1 + e−u), exponential loss ℓ (u) = e−u, and correlation loss ℓ(u) = −u. Assumption 2.1
implies that L (p) is Lp–smooth (see Lemma A.4 in Appendix), where

Lp :=
1

n

n∑
i=1

(
M0∥v∥2∥W ∥2∥Xi∥4 + 3M1∥v∥ ∥W ∥2∥Xi∥3

)
. (2.6)

We now introduce a convex hard-margin SVM problem that separates one token of the input
sequence from the rest, jointly solved over all inputs. We will show that this problem captures
the optimization properties of softmax-attention. Fix indices α = (αi)

n
i=1 and consider

pmm(α) = argmin
p
∥p∥ s.t. min

t̸=αi

p⊤(kiαi
− kit) ≥ 1, for all 1 ≤ i ≤ n. (p-SVM)

Note that existence of pmm(α) implies the separability of tokens α from the others. Specif-
ically, choosing direction pmm(α) will exactly select tokens (xiαi

)ni=1 at the attention output
for each input sequence, that is, limR→∞X⊤

i S(R ·Kip
mm(α)) = xiαi

. We are now ready to
introduce our main results that characterize the global and local convergence of the attention
weights p via (p-SVM).

2.3.1 Global Convergence of Prompt p

We first identify the conditions that guarantee the global convergence of gradient descent for
p. The intuition is that, in order for attention to exhibit implicit bias, the softmax nonlin-
earity should be forced to select the optimal token within each input sequence. Fortunately,
the optimal tokens that achieve the smallest training objective under decreasing loss function
ℓ(·) have a clear definition.

Definition 2.1 (Token Scores, Optimality & GMM) The score of token xit of input Xi

is defined as γit := yi · v⊤xit. The optimal tokens for input Xi are those tokens with highest
scores given by

opti ∈ argmax
t∈[T ]

γit.

Globally-optimal max-margin (GMM) direction is defined as the solution of (p-SVM) with
optimal indices (opti)ni=1 by pmm⋆.
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It is worth noting that score definition simply uses the value embeddings v⊤xit of the tokens.
Note that multiple tokens within an input might attain the same score, thus opti or pmm⋆

may not be unique. The theorem below provides our regularization path guarantee on the
global convergence of attention.

Theorem 2.1 (Regularization Path) Suppose Assumption 2.1 on the loss function holds,
and for all i ∈ [n] and t ̸= opti, the scores obey γit < γiopti. Then, the regulariza-
tion path p̄(R) = argmin∥p∥≤R L(p) converges to the GMM direction i.e. limR→∞ p̄(R)/R =

pmm⋆/∥pmm⋆∥.

Theorem 2.1 shows that as the regularization strength R increases towards the ridgeless
problem minp L(p), the optimal direction p̄(R) aligns more closely with the max-margin
solution pmm⋆. Since this theorem allows for arbitrary token scores, it demonstrates that max-
margin token separation is an essential feature of the attention mechanism. In fact, it is a
corollary of Theorem 2.7, which applies to the generalized model f(X) = ψ(X⊤S(XW⊤p))

and accommodates multiple optimal tokens per input. However, while regularization path
analysis captures the global behavior, gradient descent lacks general global convergence
guarantees. In Section 2.3.2, we show that due to the nonconvex landscape and softmax
nonlinearity, gradient descent often converges to local optima. We first establish that when
(ERM) is trained with gradient descent, the norm of the parameters will diverge. For the
restrictive setting of n = 1, gradient descent also exhibits a global convergence guarantee.

Assumption 2.2 For all i ∈ [n] and t, τ ̸= opti, the scores per Definition 2.1 obey γit =

γiτ < γiopti.

Theorem 2.2 (Global Convergence of Gradient Descent) Suppose Assumption 2.1
on the loss function ℓ and Assumption 2.2 on the tokens’ score hold. Then, the gradient
descent iterates p(t+1) = p(t)− η∇L(p(t)) on (ERM), with the stepsize η ≤ 1/Lp and any
starting point p(0) satisfy limt→∞ ∥p(t)∥ =∞. If n = 1, we also have limt→∞ p(t)/∥p(t)∥ =
pmm⋆/∥pmm⋆∥.

Theorem 2.2 shows that gradient descent will diverge in norm, and when n = 1, the nor-
malized predictor p(t)/∥p(t)∥ converges towards pmm⋆, the separator of the globally optimal
token. While n = 1 is a stringent condition, this requirement is in fact tight as discussed in
Appendix A.5. To illustrate this theorem, we have conducted synthetic experiments. Let us
first explain the setup used in Figure 2.1. We set d = 3 as the dimension, with each token
having three entries x = [x1, x2, x3]. We reserve the first two coordinates as key embeddings
k = [x1, x2, 0] by setting W = diag([1, 1, 0]). This is what we display in our figures as token
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positions. Finally, in order to assign scores to the tokens we use the last coordinate by
setting v = [0, 0, 1]. This way score becomes y ·v⊤x = y · x3, allowing us to assign any score
(regardless of key embedding).

In Figure 2.1a, the gray paths represent gradient descent trajectories from different ini-
tializations. The points (0, 0) and (1, 0) correspond to non-optimal tokens, while the point
(−0.1, 1) represents the optimal token. Notably, gradient descent iterates with various start-
ing points converge towards the direction of the max-margin solution pmm⋆ (depicted by - - -).
Moreover, as the iteration count t increases, the inner product ⟨p(t)/∥p(t)∥,pmm⋆/∥pmm⋆∥⟩
consistently increases. Figure 2.1c also depicts the directional convergence of gradient de-
scent from various initializations on multiple inputs, with the gray dotted line representing
the separating hyperplane. These emphasize the gradual alignment between the evolving
predictor and the max-margin solution throughout the optimization.

GMM pmm⋆ is guaranteed to exist when labels are 1: Our results focus on the direc-
tional convergence of attention, which corresponds to the scenarios (p-SVM) is feasible. As
demonstrated in Figure 2.3a numerically, we expect separability to hold if the problem has
more parameters (large d) whereas for small d, GMM or LMM directions may not exist and
gradient descent can instead find a finite minima to L(p). While we defer the statistical
analysis of separability to future, we make the remark that if labels are always 1, the prob-
lem is guaranteed to be separable because value weights v provides the separating direction.
This scenario can be interpreted as an exact alignment between values and

Lemma 2.2 Suppose for all i ∈ [n] and t ̸= opti, yi = 1 and γit < γiopti. Also assume
W ∈ Rd×d is full-rank. Then pmm⋆ exists – i.e. (p-SVM) is feasible for optimal indices
αi ← opti.

2.3.2 Local convergence of the attention weights p

Theorem 2.2 on the global convergence of gradient descent serves as a prelude to the general
behavior of the optimization. Once we relax Assumption 2.2 by allowing for arbitrary token
scores, we will show that p can converge (in direction) to a locally-optimal solution. However,
this locally-optimal solution is still characterized in terms of (p-SVM) which separates locally-
optimal tokens from the rest. Our theory builds on two new concepts: locally-optimal tokens
and neighbors of these tokens.

Definition 2.2 (SVM-Neighbor and Locally-Optimal Tokens) Fix token indices
α = (αi)

n
i=1 for which (p-SVM) is feasible to obtain pmm = pmm(α). Consider tokens
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Ti ⊂ [T ] such that (kiαi
− kit)

⊤pmm = 1 for all t ∈ Ti. We refer to Ti as support indices
of kiαi

. Additionally, tokens with indices α = (αi)
n
i=1 are called locally-optimal if for all

i ∈ [n] and t ∈ Ti scores per Definition 2.1 obey γiαi
> γit. Associated pmm is called a

locally-optimal max-margin (LMM) direction.

Optimal Token

Locally-Optimal Token
Non-Optimal Token

Figure 2.2: Gradient descent initial-
ization p(0) inside the cone contain-
ing the locally-optimal solution pmm.

To provide a basis for discussing local convergence,
we provide some preliminary definitions regarding
cones. For a given q and a scalar µ > 0, we de-
fine coneµ(q) as the set of vectors p ∈ Rd such that
the correlation coefficient between p and q is at least
1− µ :

coneµ(q) :=
{
p ∈ Rd

∣∣∣ 〈 p

∥p∥ ,
q

∥q∥

〉
≥ 1− µ

}
. (2.7)

Given R > 0, the intersection of coneµ(q) and the set
{p ∈ Rd| ∥p∥ ≥ R} is denoted as Cµ,R(q):

Cµ,R(q) := coneµ(q) ∩
{
p ∈ Rd

∣∣ ∥p∥ ≥ R
}
. (2.8)

Next, we demonstrate the existence of parameters µ = µ(α) > 0 and R > 0 such that
when R is sufficiently large, there are no stationary points within Cµ,R(pmm). Further, the
gradient descent initialized within Cµ,R(pmm) converges in direction to pmm/∥pmm∥; refer to
Figure 2.2 for a visualization.

Theorem 2.3 (Local Convergence of Gradient Descent) Suppose Assumption 2.1 on
the loss function ℓ holds and assume α = (αi)

n
i=1 are indices of locally-optimal tokens per

Definition 2.2. Then, there is a constant µ = µ(α) ∈ (0, 1) and R > 0 such that Cµ,R(pmm)

does not contain any stationary points. Further, for any starting point p(0) ∈ Cµ,R(pmm),
gradient descent iterates p(t + 1) = p(t) − η∇L(p(t)) on (ERM) with stepsize η ≤ 1/Lp

satisfies limt→∞ ∥p(t)∥ =∞ and limt→∞ p(t)/∥p(t)∥ = pmm/∥pmm∥.

To further illustrate Theorem 2.3, we can consider Figure 2.1b where n = 1 and T = 3.
In this figure, the point (0, 0) represents the non-optimal tokens, while (1, 0) represents the
locally optimal token. Additionally, the gray paths represent the trajectories of gradient
descent initiated from different points. By observing the figure, we can see that gradient
descent, when properly initialized, converges towards the direction of pmm (depicted by - - -).
This direction of convergence effectively separates the locally optimal tokens (1, 0) from the
non-optimal token (0, 0).
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2.3.3 Regularization paths can only converge to locally-optimal

max-margin directions

An important question arises regarding whether our definition of LMM (Definition 2.2) en-
compasses all possible convergence paths of the attention mechanism when ∥p∥ → ∞. To
address this, we introduce the set of LMM directions as follows:

Pmm :=

{
pmm(α)

∥pmm(α)∥
∣∣∣ α is locally-optimal per Definition 2.2

}
.

The following theorem establishes the tightness of these directions: It demonstrates that for
any candidate q ̸∈ Pmm, its local regularization path within an arbitrarily small neighbor-
hood will provably not converge in the direction of q.

Theorem 2.4 Fix q ̸∈ Pmm with unit ℓ2 norm. Assume that token scores are distinct
(namely γit ̸= γiτ for t ̸= τ) and key embeddings kit are in general position (see Theo-
rem A.1). Fix arbitrary ϵ > 0, R0 > 0. Define the local regularization path of q as its
(ϵ, R0)-conic neighborhood:

p̄(R) = argmin
p∈Cϵ,R0

(q),∥p∥≤R
L(p), (2.9)

where Cϵ,R0(q) = coneϵ(q) ∩
{
p ∈ Rd

∣∣ ∥p∥ ≥ R0

}
.

Then, either limR→∞ ∥p̄(R)∥ < ∞ or lim
R→∞

p̄(R)/∥p̄(R)∥ ̸= q. In both scenarios
lim
R→∞

p̄(R)/R ̸= q.

The result above nicely complements Theorem 2.3, which states that when gradient de-
scent is initialized above a threshold (∥p(0)∥ ≥ R0) in an LMM direction, ∥p(t)∥ diverges but
the direction converges to LMM. In contrast, Theorem 2.4 shows that regardless of how small
the cone is (in terms of angle and norm lower bound ∥p∥ ≥ R0), the optimal solution path
will not converge along q ̸∈ Pmm.

To illustrate Theorems 2.3 & 2.4, we have investigated the convergence behavior of p(t)
generated by gradient descent in Figure 2.3a, using n = 4, T = 6, and conducted 1,000
random trials for varying d ∈ {2, 5, 10, 100, 300, 500}. These experiments use normalized
gradient descent with learning rate 1 for 1000 iterations. Inputs xit and the linear head v

are uniformly sampled from the unit sphere, while yi is uniformly ±1, and W is set to I.
The bar plot in Figure 2.3a distinguishes between non-saturated softmax (red bars) and

saturated softmax (other bars). Saturation is defined as average softmax probability over
tokens selected by gradient descent are at least 1−10−5 and implies that attention selects one
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Figure 2.3: Convergence analysis of p(t) trained with random data using gradient descent.
(a) shows three scenarios: (1) attention failing to select one token per input (i.e. softmax is
not saturated); (2) p converging towards pmm; and (3) pmm equating to pmm⋆ with red, blue,
and green bars, respectively. Considering saturated softmax instances where p(t) selects
one token αi per-input, (b) presents histogram of the minimal score gap between αi and its
corresponding neighbors Ti.

token per input. Note that, whenever the norm of gradient descent solution is finite, softmax
will be non-saturated. For small d (e.g., d = 2), problem has small degrees of freedom to
separate optimal tokens from the rest (i.e. no SVM solution for LMM directions) – especially
due to label randomness. This results in a tall red bar capturing the finite-norm solutions.
However, for larger d, we observe that softmax saturates (i.e. ∥p(t)∥ → ∞) and we observe
that the selected tokens α almost always converges to an LMM direction (blue bar) – this is
in line with Theorems 2.3 & 2.4. We also study the convergence to the globally-optimal GMM
which is represented by the green bar: GMM is a strict subset of LMM however as d increases,
we observe that the probability of GMM convergence increases as well. This behavior is in line
with what one would expect from over-parameterized deep learning theory [5, 48, 83, 151] and
motivates future research. The average correlation coefficient between p(t) and its associated
LMM/GMM direction is 0.997, suggesting that, whenever softmax saturates, gradient descent
indeed directionally converges to a LMM solution p ∈ Pmm, confirming Theorem 2.4.

Furthermore, we found that there exist problem instances, with saturated softmax and
∥p(t)∥ → ∞, that do not converge to either LMM or GMM. We analyzed this phenomenon
using the minimum score gap, γ := mini∈[n],t∈Ti γiαi

− γit, where Ti, i ∈ [n], represents the
sets of support index tokens. Figure 2.3b provides the probability distribution of γ (with
bins of width < 0.01) and demonstrates the rarity of such cases. Specifically, we found this
happens less than 1% of the problems, that is, Prob(γ < 0) < 0.01. Figure 2.3b also reveals
that, in these scenarios, even if γ < 0, it is typically close to zero i.e. even if there exists a
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support index with a higher score, it is only slightly so. This is not surprising since when
token scores are close, we need a large number of gradient iterations to distinguish them.
For all practical purposes, the optimization will treat both tokens equally and rather than
solving (p-SVM), the more refined formulation (p-SVM’) developed in Section 2.5 will be
a better proxy. Confirming this intuition, we have verified that, over the instances γ < 0,
gradient descent solution is still > 0.99 correlated with the max-margin solution in average.
Additional details are provided in the appendix.

2.4 Joint Convergence of Head v and Prompt p

In this section, we extend the preceding results to the general case of joint optimization
of head v and attention weights p using a logistic loss function. To this aim, we focus
on regularization path analysis, which involves solving (ERM) under ridge constraints and
examining the solution trajectory as the constraints are relaxed.

High-level intuition. Since the prediction is linear as a function of v, logistic regression
in v can exhibit its own implicit bias to a max-margin solution. Concretely, define the
attention features xp

i = X⊤
i S(Kip) and define the dataset Dp = (yi,x

p
i )
n
i=1. If this dataset

Dp is linearly separable, then fixing p and optimizing only v will converge in the direction
of the standard max-margin classifier

vmm = arg min
v∈Rd
∥v∥ subject to yi · v⊤ri ≥ 1, for all 1 ≤ i ≤ n, (v-SVM)

after setting inputs to the attention features ri ← xp
i [177]. This motivates a clear ques-

tion:

Under what conditions, optimizing v,p jointly will converge to their respective max-margin

solutions?
We study this question in two steps. Loosely speaking: (1) We will first assume that, at the
optimal tokens xiαi

, i ∈ [n] selected by p, when solving (v-SVM) with ri ← xiαi
, all of these

tokens become support vectors of (v-SVM). (2) We will then relax this condition to uncover
a more general implicit bias for p that distinguish support vs non-support vectors. Through-
out, we assume that the joint problem is separable and there exists (v,p) asymptotically
achieving zero training loss.
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2.4.1 When all attention features are support vectors

In (v-SVM), define label margin to be 1/∥vmm∥. Our first insight in quantifying the joint
implicit bias is that, optimal tokens admit a natural definition: Those that maximize the
downstream label margin when selected. This is formalized below where we assume that:
(1) Selecting the token indices α = (αi)

n
i=1 from each input data achieves the largest label

margin. (2) The optimality of the α choice is strict in the sense that mixing other tokens
will shrink the label margin in (v-SVM).

Assumption 2.3 (Optimal Tokens) Let Γ > 0 be the label margin when solving (v-SVM)
with ri ← xiαi

. There exists ν > 0 such that for all p, solving (v-SVM) with ri ← xp
i results

in a label margin of at most Γ− ν ·maxi∈[n](1− siαi
) where si = S(Kip).

Example: To gain intuition, let us fix a ∈ Rd and consider the dataset obeying xi1 = yi ·a
and ∥xit∥ < ∥a∥ for all t ≥ 2 and all i ∈ [n]. For this dataset, we can choose αi = 1,
vmm = a/∥a∥2, Γ = 1/∥vmm∥ = ∥a∥ and ν = ∥a∥ − supi∈[n],t≥2 ∥xit∥.

Theorem 2.5 Consider the ridge-constrained solutions (vr,pR) of (ERM) defined as

(vr,pR) := argmin
(v,p)

L(v,p) s.t. ∥p∥ ≤ R,

∥v∥ ≤ r := r(R).
(2.10)

Suppose there are token indices α = (αi)
n
i=1 for which ∥pmm(α)∥ exists (p-SVM is feasible)

and Assumption 2.3 holds for some Γ, ν > 0. Then, when r(R) = exp(O(R)), as R→∞:

lim
R→∞

pR
R

=
pmm

∥pmm∥ , lim
R→∞

vr
r

=
vmm

∥vmm∥ ,

where pmm is the solution of (p-SVM) and vmm is the solution of (v-SVM) with ri = xiαi
.

As further discussion, consider Figure 2.4a where we set n = 3, T = d = 2 and W =

Identity. All three inputs share the point (0, 0) which corresponds to their non-optimal
tokens. The optimal tokens (denoted by ⋆) are all support vectors of the (v-SVM) since
vmm = [0, 1] is the optimal classifier direction (depicted by - - -). Because of this, pmm will
separate optimal ⋆ tokens from tokens at the (0, 0) coordinate via (p-SVM) and its direction
is dictated by yellow and teal colored ⋆’s which are the support vectors.

2.4.2 General solution when selecting one token per input

Can we relax Assumption 2.3, and if so, what is the resulting behavior? Consider the scenario
where the optimal p diverges to∞ and ends up selecting one token per input. Suppose this p
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Figure 2.4: (a) and (b) Joint convergence of attention weights p (—>—) and classifier head
v (—>—) to max-margin directions. (c) Averaged softmax probability evolution of optimal
tokens and logistic probability evolution of output in (a).

selects some coordinates α = (αi)
n
i=1. Let S ⊂ [n] be the set of indices where the associated

token xiαi
is a support vector when solving (v-SVM). Set S̄ = [n] − S. Our intuition is

as follows: Even if we slightly perturb this p choice and mix other tokens t ̸= αi over the
input set S̄ ⊂ [n], since S̄ is not support vector for (v-SVM), we can preserve the label
margin (by only preserving the support vectors S). This means that p may not have to
enforce max-margin constraint over inputs i ∈ S̄, instead, it suffices to just select these
tokens (asymptotically). This results in the following relaxed SVM problem:

prelax = argmin
p
∥p∥ such that p⊤(kiαi

− kit) ≥

1 for all t ̸= αi, i ∈ S
0 for all t ̸= αi, i ∈ S̄

. (2.11)

Here, p⊤(kiαi
− kit) ≥ 0 corresponds to the selection idea. Building on this intuition, the

following theorem captures the generalized behavior of the joint regularization path.

Theorem 2.6 Consider Problem (2.10). Suppose S(KipR)αi
→ 1, i.e., the tokens (αi)

n
i=1

are asymptotically selected. Let vmm be the solution of (v-SVM) with ri = xiαi
and S be

its set of support vector indices. Suppose Assumption 2.3 holds over S i.e. having siαi
<

1 shrinks the margin when (v-SVM) is only solved over S ⊂ [n]. Then, when r(R) =

exp(O(R)), as R→∞, we have

lim
R→∞

vr
r

=
vmm

∥vmm∥ , lim
R→∞

pR
R

=
prelax

∥prelax∥ ,

where prelax is the solution of (2.11) with (αi)
n
i=1 choices.

To illustrate this numerically, consider Figure 2.4b which modifies Figure 2.4a by pushing
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the yellow ⋆ to the northern position (0.5, 1.5). We still have vmm = [0, 1] however the yellow
⋆ is no longer a support vector of (v-SVM). Thus, p solves the relaxed problem (2.11) which
separates green and teal ⋆’s by enforcing the max-margin constraint on p (which is the red
direction). Instead, yellow ⋆ only needs to achieve positive correlation with p (unlike Figure
2.4a where it dictates the direction). We also display the direction of pmm using a gray
dashed line.

We further investigate the evolution of softmax and logistic output probabilities through-
out the training process of Figure 2.4a, and the results are illustrated in Figure 2.4c. The
averaged softmax probability of optimal tokens is represented by the red curve and is cal-
culated as 1

n

∑n
i=1maxt∈[T ] S(Kip)t. An achievement of 1 for this probability indicates that

the attention mechanism successfully selects the optimal tokens. On the other hand, the
logistic probability of the output is represented by the blue curve and is determined by
1/n

∑n
i=1 1/(1 + e−yi·f(Xi)). This probability also reaches a value of 1, suggesting that the

inputs are correctly classified.

2.5 Regularization Path of Attention with Nonlinear

Head

So far our discussion has focused on the attention model with linear head. However, the
conceptual ideas on optimal token selection via margin maximization also extends to a
general nonlinear model under mild assumptions. The aim of this section is showcasing this
generalization. Specifically, we consider the prediction model f(X) = ψ(X⊤S(Kp)) where
ψ(·) : Rd → R generalizes the linear head v of our attention model. For instance, following
exposition in Section 2.2, ψ(·) can represent a multilayer transformer with p being a tunable
prompt at the input layer. Recall that (Xi,Ki, yi)

n
i=1 is the dataset of the input-key-label

tuples. We consider the training risk

L(p) = 1

n

n∑
i=1

ℓ(yi, ψ(X
⊤
i s

p
i )), where spi = S(Kip) ∈ RT . (2.12)

The challenge with nonlinear ψ(·) is that, we lack a clear score function (Def. 2.1) unlike
the previous sections. The assumption below introduces a generic condition that splits the
tokens of each Xi into an optimal set Oi and non-optimal set Ōi = [T ] − Oi. In words,
non-optimal tokens are those that strictly increase the training risk L(p) if they are not fully
suppressed by attention probabilities spi .
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Assumption 2.4 (Mixing non-optimal tokens hurt) There exists sets (Oi)ni=1 ⊂ [T ] as
follows. Let qpi =

∑
t∈Ōi

spit be the sum of softmax similarities over the non-optimal set for
p. Set qpmax = maxi∈[n] q

p
i . For any ∆ > 0, there exists ρ < 0 such that:

For all p,p′ ∈ Rd, if log(qpmax) ≤ (1 + ∆) log(qp
′

max) ∧ ρ, then L(p) < L(p′).

This assumption is titled mixing hurts because the attention output X⊤
i s

p
i is mixing the to-

kens of Xi and our condition is that, to achieve optimal risk, this mixture should not contain
any non-optimal tokens. In particular, we require that, a model p that contains exponen-
tially less non-optimality (quantified via log(qmax)) compared to p′ is strictly preferable. As
we discuss in the supplementary material, Theorem 2.1 is in fact a concrete instance (with
linear head v) satisfying this condition.

Before stating our generic theorem, we need to introduce the max-margin separator to-
wards which regularization path of attention will converge. This is a slightly general version
of Section 2.3’s (p-SVM) problem where we allow for a set of optimal tokens Oi for each
input.

pmm = argmin
p
∥p∥ s.t. max

α∈Oi

min
β∈Ōi

p⊤(kiα − kiβ) ≥ 1, for all i ∈ [n]. (p-SVM’)

Unlike (p-SVM), this problem is not necessarily convex when the optimal set Oi is not a
singleton. To see this, imagine n = d = 1 and T = 3: Set the two optimal tokens as
k1 = 1 and k2 = −1 and the non-optimal token as k3 = 0. The solution set of (p-SVM’)
is pmm ∈ {−1, 1} whereas their convex combination p = 0 violates the constraints. To
proceed, our final result establishes the convergence of regularization path to the solution
set of (p-SVM’) under Assumption 2.4.

Theorem 2.7 Let Gmm be the set of global minima of (p-SVM’). Suppose its margin
Ξ := 1/∥pmm∥ > 0 and Assumption 2.4 holds. Let dist (·, ·) denote the ℓ2-distance be-
tween a vector and a set. Following (2.12), define p̄(R) = argmin∥p∥≤R L(p). We have that
limR→∞ dist

(
p̄(R)
ΞR

,Gmm
)
= 0.

We note that Theorem 2.1 is a corollary of this result where Oi’s and Gmm are singleton.
Based on this result, with multiple optimal tokens, Theorem 2.1 would gracefully generalize
to solve (p-SVM’).
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Figure 2.5: Evolution of softmax probability and attention
weights when training with normalized gradient descent or
constant step size η respectively.
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2.6 Experiments

Sparsity of softmax and evolution of attention weights. It is well known that, in
practice, attention maps often exhibit sparsity and highlight salient tokens that aid infer-
ence. Our results provide a formal explanation of this when tokens are separable: Since
attention selects a locally-optimal token within the input sequence and suppresses the rest,
the associated attention map S(Xp) will (eventually) be a sparse vector. Additionally, the
sparsity should arise in tandem with the increasing norm of attention weights. We provide
empirical evidence to support these findings.

Synthetic experiments. Figures 2.5a and 2.5b show the evolution of the largest softmax
probability and attention weights over time when using either normalized gradient or a fixed
stepsize η for training. The dataset model follows Figure 2.1c. The softmax probability
shown in Figure 2.5a is defined as 1

n

∑n
i=1maxt∈[T ] S(Kip)t. When this average probability

reaches the value of 1, it means attention selects only a single token per input. The attention
norm in Figure 2.5b, is simply equal to ∥p∥.

The red curves in both figures represent the normalized gradient method, which updates
the model parameters p using p(t + 1) = p(t)− η∇L(p(t))/∥∇L(p(t))∥ with η = 0.1. The
blue curves correspond to gradient descent with constant learning rate given by p(t + 1) =

p(t) − η∇L(p(t)) with η = 1. Observe that the normalized gradient method achieves a
softmax probability of 1 quicker as vanilla GD suffers from vanishing gradients. This is
visible in Figure 2.5b where blue norm curve levels off.

Real experiments. To study softmax sparsity and the evolution of attention weights
throughout training, we train a vision transformer (ViT-base) model [47] from scratch, utiliz-
ing the CIFAR-10 dataset [96] for 400 epochs with fixed learning rate 3×10−3. ViT tokenizes
an image into 16 × 16 patches, thus, its softmax attention maps can be easily visualized.
We examine the average attention map – associated with the [CLS] token – computed from
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(a) Input image (b) Epoch 0 (c) Epoch 100

(d) Epoch 200 (e) Epoch 300 (f) Epoch 400

Figure 2.7: Illustration of the progressive change in
attention weights of the [CLS] token during train-
ing in the transformer model, using a specific input
image shown in Figure 2.7a.
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Figure 2.8: Red curve is the sparsity
level n̂nz(s)/ T of the average atten-
tion map which takes values on [0,1]. A
sparser vector implies that few key to-
kens receive significantly higher atten-
tion, while the majority of the tokens
receive minimal attention. Blue curve is
the Frobenius norm of attention weights
∥W ∥F of the final layer. We display
their evolutions over epochs.

all 12 attention heads within the model. Figure 2.7 provides a visual representation of the
resulting attention weights (16 × 16 grids) corresponding to the original patch locations
within the image. During the initial epochs of training, the attention weights are randomly
distributed and exhibit a dense pattern. However, as the training progresses, the attention
map gradually becomes sparser and the attention mechanism begins to concentrate on fewer
salient patches within the image that possess distinct features that aid classification. This
illustrates the evolution of attention from a random initial state to a more focused and sparse
representation. These salient patches highlighted by attention conceptually corresponds to
the optimal tokens within our theory.

We quantify the sparsity of the attention map via a soft-sparsity measure, denoted by
n̂nz(s) where s is the softmax probability vector. The soft-sparsity is computed as the
ratio of the ℓ1–norm to the squared ℓ2–norm, defined as n̂nz(s) = ∥s∥1/∥s∥

2. n̂nz(s) takes
values between 1 to T = 256 and a smaller value indicates a sparser vector. Also note that
∥s∥1 =

∑T
t=1 st = 1. Together with sparsity, Figure 2.8 also displays the Frobenius norm

of the combined key-query matrix W of the last attention layer over epochs. The theory
suggests that the increase in sparsity is associated with the growth of attention weights –
which converge directionally. The results in Figure 2.8 align with the theory, demonstrating
the progressive sparsification of the attention map as ∥W ∥F grows.
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Transient optimization dynamics and the influence of the loss function. Theorem
2.2 shows that the asymptotic direction of gradient descent is determined by pmm⋆. However,
it is worth noting that transient dynamics can exhibit bias towards certain input examples
and their associated optimal tokens. We illustrate this idea in Fig 2.6, which displays the
trajectories of the gradients for different scores and loss functions. We consider two optimal
tokens (⋆) with scores γ1 = 1 and γ2 = C, where C varies. For our analysis, we examine the
correlation loss ℓ(x) = −x and the logistic loss ℓ(x) = log(1 + e−x).

In essence, as C increases, we can observe that the correlation loss ℓ(x) = −x exhibits a
bias towards the token with a high score, while the logistic loss is biased towards the token
with a low score. The underlying reason for this behavior can be observed from the gradients
of individual inputs: ∇Li(p) = ℓ′i ·K⊤

i S′(Xp)Xv, where S′(·) represents the derivative of the
softmax function and ℓ′i := ℓ′(yi·v⊤X⊤

i S(Xip)). Assuming that p (approximately) selects the
optimal tokens, this simplifies to ℓ′i ≈ ℓ′(γi) and ∥∇Li(p)∥ ∝ |ℓ′(γi)| ·γi. With the correlation
loss, |ℓ′| = 1, resulting in ∥∇Li(p)∥ ∝ γi, meaning that a larger score induces a larger
gradient. On the other hand, the logistic loss behaves similarly to the exponential loss under
separable data, i.e., |ℓ′| = e−x/(1 + e−x) ≈ e−x. Consequently, ∥∇Li(p)∥ ∝ γie

−γi ≈ e−γi ,
indicating that a smaller score leads to a larger gradient. These observations explain the
empirical behavior we observe.
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CHAPTER 3

Optimization of Projection Matrices:
Softmax Attention as SVM
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Figure 3.1: GD convergence during training of cross-attention weight W or (Wk,Wq) with
data. Teal and yellow markers represent tokens from X1 and X2, while stars mark opti-
mal tokens. Solid lines in Figures (a) and (b) depict (W-SVM) and (W-SVM⋆) directions
mapped to z1 (red) and z2 (blue), respectively. Arrows illustrating GD trajectories converg-
ing towards these SVM directions. Red and blue dotted lines represent the corresponding
separating hyperplanes.

3.1 Introduction

In Chapter 2, we connected the optimization of prompts and prediction heads to the hard-
margin SVM problem. In this chapter, we focus on the optimization behavior of projection
matrices. Throughout, given input sequences X,Z ∈ RT×d with length T and embedding
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dimension d, we study the core cross-attention and self-attention models:

fcross(X,Z) := S(ZWqW
⊤
k X⊤)XWv, (3.1a)

fself(X) := S(XWqW
⊤
k X⊤)XWv. (3.1b)

Here, Wk,Wq ∈ Rd×m, Wv ∈ Rd×v are the trainable key, query, value matrices respectively;
S(·) denotes the softmax nonlinearity, which is applied row-wise on XWqW

⊤
k X⊤. Note that

self-attention (3.1b) is a special instance of the cross-attention (3.1a) by setting Z ← X.
To expose our main results, suppose the first token of Z – denoted by z – is used for
prediction. Concretely, given a training dataset (yi,Xi, zi)

n
i=1 with labels yi ∈ {−1, 1} and

inputs Xi ∈ RT×d, zi ∈ Rd, we consider the empirical risk minimization with a decreasing
loss function ℓ(·) : R→ R, represented as follows:

L(Wk,Wq) =
1

n

n∑
i=1

ℓ (yi · f(Xi, zi)) , (3.2)

where f(Xi, zi) = h
(
X⊤

i S
(
XiWkW

⊤
q zi

))
.

Here, h(·) : Rd → R is the prediction head that subsumes the value weights Wv. In this
formulation, the model f(·) precisely represents a one-layer transformer where an MLP
follows the attention layer. Note that, we recover the self-attention in (3.2) by setting
zi ← xi1, where xi1 denotes the first token of the sequence Xi

1. The softmax operation, due
to its nonlinear nature, poses a significant challenge when optimizing (3.2). The problem is
nonconvex and nonlinear even when the prediction head is fixed and linear. In this study,
we focus on optimizing the attention weights (Wk,Wq or W ) and overcome such challenges
to establish a fundamental SVM equivalence.2

The main contributions are as follows:

⋄ Implicit bias of the attention layer (§3.2-3.3): Optimizing the attention param-
eters (Wk,Wq) with vanishing regularization converges in direction towards a max-
margin solution of (W-SVM⋆) with the nuclear norm objective of the combined param-
eter W := WkW

⊤
q (Thm 3.2). In the case of directly parameterizing cross-attention

by the combined parameter W , the regularization path (RP) directionally converges
to (W-SVM) solution with the Frobenius norm objective. To our knowledge, this is
the first result to formally distinguish the optimization dynamics of W vs (Wk,Wq)

1Note that for simplicity, we set zi = xi1, but it can be any other row of Xi.
2We fix h(·) and only optimize the attention weights. This is partly to avoid the degenerate case where

h(·) can be used to achieve zero training loss (e.g. via standard arguments like NTK [83]) without providing
any meaningful insight into the functionality of the attention mechanism.
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parameterizations, revealing the low-rank bias of the latter. Our theory clearly char-
acterizes the optimality of selected tokens (Definition 3.1) and naturally extends to
sequence-to-sequence or causal classification settings (see SAtt-SVM and Theorem B.2
in appendix).

⋄ Convergence of gradient descent (§3.4-3.5): Gradient descent (GD) iterates for
the combined key-query variable W converge in direction to a locally-optimal solution
of (W-SVM) with appropriate initialization and a linear head h(·) (Sec. 3.5). For lo-
cal optimality, selected tokens must have higher scores than their neighboring tokens.
Locally-optimal directions are not necessarily unique and are characterized in terms of
the problem geometry. As a key contribution, we identify geometric conditions that
guarantee convergence to the globally-optimal direction (Sec. 3.4). Besides these, we
show that over-parameterization (i.e. dimension d being large, and equivalent condi-
tions) catalyzes global convergence by ensuring (1) feasibility of (W-SVM), and, (2)
benign optimization landscape, in the sense that there are no stationary points and no
spurious locally-optimal directions (see Sec. 3.5.2). These are illustrated in Figures 3.1
and 3.4.

⋄ Generality of SVM equivalence (§3.6): When optimizing with linear h(·), the
attention layer is inherently biased towards selecting a single token from each sequence
(a.k.a. hard attention). This is reflected in (W-SVM) and arises from output tokens
being convex combinations of the input tokens. In contrast, we show that nonlin-
ear heads necessitate composing multiple tokens, highlighting their importance in the
transformer’s dynamics (Sec. 3.6.1). Using insights gathered from our theory, we pro-
pose a more general SVM equivalence. Remarkably, we demonstrate that our proposal
accurately predicts the implicit bias of attention trained by gradient descent under gen-
eral scenarios not covered by theory (e.g. h(·) being an MLP). Specifically, our general
formulae decouple attention weights into two components: A directional compo-
nent governed by SVM which selects the tokens by applying a 0-1 mask, and a finite
component which dictates the precise composition of the selected tokens by adjusting
the softmax probabilities.

An important feature of these findings is that they apply to arbitrary datasets (whenever
SVM is feasible) and are numerically verifiable. We extensively validate the max-margin
equivalence and implicit bias of transformers through enlightening experiments. We hold
the view that these findings aid in understanding transformers as hierarchical max-margin
token-selection mechanisms, and we hope that our outcomes will serve as a foundation for
upcoming studies concerning their optimization and generalization dynamics.
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3.2 Preliminaries and Problem Setup

Notation. For any integer N ≥ 1, let [N ] := {1, . . . , N}. We use lowercase and uppercase
bold letters (e.g., a and A) to represent vectors and matrices, respectively. The entries of a
vector a are denoted as ai. For a matrix A, ∥A∥ denotes the spectral norm, i.e. maximum
singular value, ∥A∥⋆ denotes the nuclear norm, i.e. summation of all singular values, and
∥A∥F :=

√
tr (A⊤A) denotes the Frobenius norm. dist (·, ·) denotes the Euclidean distance

between two sets. The minimum / maximum of two numbers a, b is denoted as a∧ b / a∨ b.
The big-O notation O(·) hides the universal constants.

Unveiling the relationship between attention and linear SVMs. For linear clas-
sification, it is well-established that GD iterations on logistic loss and separable datasets
converge towards the hard margin SVM solution, which effectively separates the two classes
within the data [169, 177, 215]. The softmax nonlinearity employed by the attention layer
exhibits an exponentially-tailed behavior similar to the logistic loss; thus, attention may also
be biased towards margin-maximizing solutions.

Logistic 
loss

Attention
(softmax)

SVM Att-SVM
Separates training

examples
Separates tokens of 

input sequences

Gradient
Descent

This
work

Figure 3.2: Implicit biases of the at-
tention layer and logistic regression.

However, the attention layer operates on tokens
within an input sequence, rather than performing
classification directly. Therefore, its bias is towards
an SVM, specifically (W-SVM), which aims to sep-
arate the tokens of input sequences by selecting the
relevant ones and suppressing the rest. Nonetheless,
formalizing this intuition is considerably more chal-
lenging: The presence of the highly nonlinear and
nonconvex softmax operation renders the analysis of
standard GD algorithms intricate. Additionally, the
1-layer transformer in (3.2) does not inherently exhibit a singular bias towards a single
(W-SVM) problem, even when using a linear head h. Instead, it can result in multiple
locally optimal directions induced by their associated SVMs. We emphasize that [186] is
the first work to make this attention↔SVM connection. Here, we augment their framework
to transformers by developing the first guarantees for self/cross-attention layer, nonlinear
prediction heads, and global convergence.

Optimization problem definition. We use a linear head h(x) = v⊤x for most of our
theoretical exposition. Given dataset (yi,Xi, zi)

n
i=1, we minimize the empirical risk of an 1-

layer transformer using combined weights W ∈ Rd×d or individual weights Wk,Wq ∈ Rd×m

for a fixed head and decreasing loss function:
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L(W ) =
1

n

n∑
i=1

ℓ
(
yi · v⊤X⊤

i S(XiWzi)
)
, (W-ERM)

L(Wk,Wq) =
1

n

n∑
i=1

ℓ
(
yi · v⊤X⊤

i S(XiWkW
⊤
q zi)

)
. (KQ-ERM)

We can recover the self-attention model by setting zi to be the first token of Xi, i.e., zi ← xi1.
While the above formulation regresses a single label yi per (Xi, zi), in Sections 3.6 and B.5,
we show that our findings gracefully extend to the sequence-to-sequence classification setting
where we output and classify T tokens per inputs Xi,Zi ∈ RT×d. See Sections 3.6 and B.5
for results on nonlinear prediction heads.

Optimization algorithms. Given a parameter R > 0, we consider an ℓ2-norm bound
R, and define the regularized path solution associated with Objectives (W-ERM) and
(KQ-ERM), respectively as (W-RP) and (KQ-RP). These update rules allow us to find
the solution within a constrained region defined by the norm bound. The RP illustrates
the evolution of W̄R as R increases, capturing the essence of GD where the ridge con-
straint serves as an approximation for the number of iterations. Previous studies, including
[87, 169, 179, 186], have examined the implicit bias of logistic regression and established a
connection between the directional convergence of the RP (i.e., limR→∞ W̄R/R) and GD. In
[186], the concept of a local RP was also employed to investigate implicit bias along local
directions. For GD, with appropriate initialization and step size η > 0, we describe the
optimization process associated with (W-ERM) and (KQ-ERM) as (W-GD) and (KQ-GD),
respectively.

Given W (0) ∈ Rd×d, η > 0, for k ≥ 0 do:

W (k + 1) = W (k)− η∇L(W (k)). (W-GD)

Given Wq(0),Wk(0) ∈ Rd×m, η > 0, for k ≥ 0 do:

[
Wk(k + 1)

Wq(k + 1)

]
=

[
Wk(k)

Wq(k)

]
− η

[
∇Wk

L (Wk(k),Wq(k))

∇WqL (Wk(k),Wq(k))

]
. (KQ-GD)

Given R > 0, find d× d matrix:

W̄ (R) = argmin
∥W ∥F≤R

L(W ). (W-RP)

Given R > 0, find d×m matrices:

(W̄k(R), W̄q(R)) = argmin
∥Wk∥2F+∥Wq∥2F≤2R

L(Wk,Wq). (KQ-RP)

3.2.1 Optimal tokens and hard-margin SVM problem for cross at-

tention

Given Xi ∈ RT×d, zi ∈ Rd, we present a convex hard-margin SVM problem, denoted as
(W-SVM), that aims to separate a specific token from the remaining tokens in the input
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sequence Xi. This problem is jointly solved for all inputs, allowing us to examine the
optimization properties of cross-attention. To delve deeper, we introduce the concept of
optimal tokens, which are tokens that minimize the training objective under the decreasing
loss function ℓ(·). To illustrate this, the token at the output of the attention layer is given
by ai = X⊤

i si, where S(XiWzi) = si. Here, ai can be written as ai =
∑

t∈[T ] sitxit, where
sit ≥ 0 and

∑
t∈[T ] sit = 1. Now, assuming the linearity of h(x) = v⊤x and that for a specific

token {opti}, γit = yi · h(xit) = yi · v⊤xit ≤ γiopti , we get

1

n

n∑
i=1

ℓ(yi ·
∑
t∈[T ]

sith(xit)) ≥
1

n

n∑
i=1

ℓ(yi · h(xiopti)),

which implies that

L(W ) =
1

n

n∑
i=1

ℓ(yi · h(ai))

=
1

n

n∑
i=1

ℓ(yi ·
∑
t∈[T ]

sith(xit))

≥ 1

n

n∑
i=1

ℓ(yi · h(xiopti)) =
1

n

n∑
i=1

ℓ(γiopti) = L⋆.

Here, the inequality follows since γit = yi · h(xit) = yi · v⊤xit ≤ γiopti by Definition 3.1
and the strictly decreasing nature of the loss ℓ due to Assumption 3.1. As we can see, γit
contributes to the objective decrease, and larger values of γit further minimize the training
objective under the decreasing loss function ℓ(·). This is further discussed in Lemma 3.2.
This exploration introduces the notions of token scores and optimality, providing insights
into the underlying principles of self-attention mechanisms [186].

Definition 3.1 (Token Score and Optimality) Given a prediction head v ∈ Rd, the
score of a token xit of input Xi is defined as γit = yi · v⊤xit. The optimal token for each
input Xi is given by the index opti ∈ argmaxt∈[T ] γit for all i ∈ [n].

By introducing token scores and identifying optimal tokens, we can better understand the
importance of individual tokens and their impact on the overall objective. The token score
quantifies the contribution of a token to the prediction or classification task, while the optimal
token represents the token that exhibits the highest relevance within the corresponding input
sequence.
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• Hard-margin SVM for W -parameterization. Equipped with the set of optimal
indices opt := (opti)ni=1 as per Definition 3.1, we introduce the following SVM formulation
associated to (W-ERM):

Wmm = argmin
W
∥W ∥F s.t. (xiopti − xit)

⊤Wzi ≥ 1 ∀ t ̸= opti, i ∈ [n]. (W-SVM)

The existence of matrix Wmm implies the separability of tokens (opti)ni=1 from the oth-
ers. The terms ait := x⊤

itWzi represent the dot product between the key-query features
before applying the softmax nonlinearity. This dot product is a crucial characteristic of self-
attention and we can express the SVM constraints in (W-SVM) as aiopti ≥ ait + 1. Thus,
(W-SVM) finds the most efficient direction that ensures the optimal token xiopti achieves
the highest similarity with query zi among all key embeddings. Our first result shows that
(W-SVM) is feasible under mild over-parameterization.

Theorem 3.1 Suppose d ≥ max(T − 1, n). Then, almost all datasets (yi,Xi, zi)
n
i=1 – in-

cluding the self-attention setting with zi ← xi1 – obey the following: (W-SVM) is feasible
i.e., Wmm separates the desired tokens opt = (opti)ni=1.

We note that the convex formulation (W-SVM) does not fully capture the GD geometry
on (W-ERM). In a more general sense, GD can provably converge to an SVM solution
over locally-optimal tokens, as detailed in Section 3.5.1. For deeper insight into (W-SVM),
consider that the attention layer’s output is a convex mixture of input tokens. Thus, if min-
imizing the training loss involves choosing the optimal token xiopti , the softmax similarities
should eventually converge to a one-hot vector, precisely including xiopti (assigned 1), while
ignoring all other tokens (assigned 0s). This convergence requires the attention weights W to
diverge in norm to saturate the softmax probabilities. Due to the exponential-tailed nature
of the softmax function, the weights converge directionally to the max-margin solution. This
phenomenon resembles the implicit bias of logistic regression on separable data [88, 177].
Lemma 3.2 formalizes this intuition and rigorously motivates optimal tokens.

• Non-convex SVM for (Wk,Wq)-parameterization. The objective function
(KQ-ERM) has an extra layer of nonconvexity compared to (W-ERM) as (Wk,Wq) corre-
sponds to a matrix factorization of W . To study this, we introduce the following nonconvex
SVM problem over (Wk,Wq) akin to (W-SVM):

min
Wk,Wq

1

2

(
∥Wk∥2F + ∥Wq∥2F

)
s.t. (xiopti − xit)

⊤WkW
⊤
q zi ≥ 1 ∀ t ̸= opti, i ∈ [n]. (KQ-SVM)
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Even if the direction of GD is biased towards the SVM solution, it does not have
to converge to the global minima of (KQ-SVM). Instead, it can converge towards a
Karush–Kuhn–Tucker (KKT) point of the max-margin SVM. Such KKT convergence has
been studied by [91, 128] in the context of other nonconvex margin maximization problems.
Fortunately, (KQ-ERM) may not be as daunting as it may initially seem: Our experiments in
Figures 3.1 and 3.6 reveal that GD is indeed biased towards the global minima of (KQ-SVM).
This global minima is achieved by setting W := WkW

⊤
q and finding the factorization of W

that minimizes the quadratic objective, yielding the following W -parameterized SVM with
nuclear norm objective:

Wmm
⋆ ∈ argmin

rank(W )≤m
∥W ∥⋆ s.t. (xiopti − xit)

⊤Wzi ≥ 1 ∀ t ̸= opti, i ∈ [n]. (W-SVM⋆)

Above, the nonconvex rank constraint arises from the fact that the rank of W = WkW
⊤
q

is at most m. However, under the condition of the full parameterization where m ≥ d,
the rank constraint disappears, leading to a convex nuclear norm minimization problem.
Besides, the nuclear norm objective inherently encourages a low-rank solution [55, 166, 178].
Lemma 3.1, presented below, demonstrates that this guarantee holds whenever n ≤ m.
This observation is further supported by our experiments (see Fig. 3.3). Thus, it offers a
straightforward rationale for why setting m < d is a reasonable practice, particularly in
scenarios involving limited data.

Lemma 3.1 Any optimal solution of (W-SVM) or (W-SVM⋆) is at most rank n. More
precisely, the row space of Wmm or Wmm

⋆ lies within span({zi}ni=1).

Figure 3.3 illustrates rank range of solutions for (W-SVM) and (W-SVM⋆), denoted as
Wmm and Wmm

⋆ , solved using optimal tokens (opti)ni=1 and setting m = d (the rank con-
straint is eliminated). Each result is averaged over 100 trials, and for each trial, xit, zi,
and linear head v are randomly sampled from the unit sphere. In Fig. 3.3a, we fix T = 5

and vary n across {5, 10, 15}. Conversely, in Fig. 3.3b, we keep n = 5 constant and alter T
across {5, 10, 15}. Both figures confirm rank of Wmm and Wmm

⋆ are bounded by max(n, d),
validating Lemma 3.1.

3.3 Understanding the Implicit Bias of Self-Attention

We start by motivating the optimal token definition and establishing the global convergence
of RPs which shed light on the implicit bias of attention parameterizations. Throughout, we
maintain the following assumption regarding the loss function.
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Figure 3.3: Rank range of solutions for (W-SVM) and (W-SVM⋆), denoted as Wmm and
Wmm

⋆ , solved using optimal tokens (opti)ni=1 and setting m = d (the rank constraint is
eliminated). Both figures confirm ranks of Wmm and Wmm

⋆ are bounded by max(n, d),
validating Lemma 3.1.

Assumption 3.1 Over any bounded interval [a, b]: (i) ℓ : R→ R is strictly decreasing; (ii)
The derivative ℓ′ is bounded as |ℓ′(u)| ≤M1; (iii) ℓ′ is M0-Lipschitz continuous.

Assumption 3.1 encompasses many common loss functions, e.g., logistic ℓ (u) = log (1 + e−u),
exponential ℓ (u) = e−u, and correlation ℓ(u) = −u losses.

Lemma 3.2 (Optimal Tokens Minimize Training Loss) Suppose Assumption 3.1 (i)-
(ii) hold, and not all tokens are optimal per Definition 3.1. Then, training risk obeys L(W ) >

L⋆ := 1
n

∑n
i=1 ℓ(γiopti). Additionally, suppose there are optimal indices (opti)ni=1 for which

(W-SVM) is feasible, i.e. there exists a W separating optimal tokens. This W choice obeys
limR→∞ L(R ·W ) = L⋆.

The result presented in Lemma 3.2 originates from the observation that the output tokens
of the attention layer constitute a convex combination of the input tokens. Consequently,
when subjected to a strictly decreasing loss function, attention optimization inherently leans
towards the selection of a singular token, specifically, the optimal token (opti)ni=1. Our
following theorem unveils the implicit bias ingrained within both attention parameterizations
through RP analysis.

Theorem 3.2 Suppose Assumptions 3.1 holds, optimal indices (opti)ni=1 are unique, and
(W-SVM) is feasible. Let Wmm be the unique solution of (W-SVM), and let Wmm

⋆ be the
solution set of (W-SVM⋆) with nuclear norm achieving objective C⋆. Then, Algorithms W-
RP and KQ-RP, respectively, satisfy:
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• W -parameterization has Frobenius norm bias: lim
R→∞

W̄R

R
= Wmm

∥Wmm∥F
.

• (Wk,Wq)-parameterization has nuclear norm bias: lim
R→∞

dist
(
W̄k(R)W̄q(R)

⊤

R
,
Wmm

⋆

C⋆

)
= 0.

– Setting m = d: (W-SVM⋆) is a convex problem without rank constraints.

Theorem 3.2 demonstrates that the RP of the (Wk,Wq)-parameterization converges to a
max-margin solution of (W-SVM⋆) with nuclear norm objective on W = WkW

⊤
q . When

self-attention is directly parameterized by W , the RP converges to the solution of (W-SVM)
with a Frobenius norm objective. This result is the first to distinguish the optimization
dynamics of W and (Wk,Wq) parameterizations, revealing the low-rank bias of the latter.
These findings also provide a clear characterization of token optimality (Definition 3.1) and
extend naturally to the setting with multiple optimal tokens per sequence (Theorem B.2 in
appendix). By definition, the RP captures the global geometry and cannot be used for the
implicit bias of GD towards locally-optimal directions. Sections 3.4 and 3.5 accomplish this
goal through gradient-descent and localized RP analysis to obtain locally-applicable SVM
equivalences. Note that, this theorem requires each input sequence has a unique optimal
token per Definition 3.1. Fortunately, this is a very mild condition as it holds for almost all
datasets, namely, as soon as input features are slightly perturbed.

Theorem 3.2 establishes the implicit bias of attention from the perspective of RP analysis.
This leads to the question: To what extent is this RP theory predictive of the implicit bias ex-
hibited by GD? To delve into this, we examine the gradient paths of W (k) or (Wk(k),Wq(k))

and present the findings in Figure 3.1. We consider a scenario where n = d = m = 2 and
T = 5, and employ cross-attention, where tokens (z1, z2) are generated independently of
the inputs (X1,X2). The teal and yellow markers correspond to tokens from X1 and X2,
respectively. The stars indicate the optimal token for each input. To provide a clearer
view of the gradient convergence path, we illustrate the outcomes of training the attention
weight W or (Wk,Wq) in the form of Wzi or WkW

⊤
q zi, where i = 1, 2. With reference to

Equations (W-SVM) and (W-SVM⋆), the red and blue solid lines in Fig. 3.1a delineate the
directions of Wmmz1 and Wmmz2, correspondingly. Conversely, the red and blue solid lines
in Fig. 3.1b show the directions of Wmm

⋆ z1 and Wmm
⋆ z2. The red/blue arrows denote the

corresponding directions of gradient evolution with the dotted lines representing the corre-
sponding separating hyperplanes. Figure 3.1 provides a clear depiction of the incremental
alignment of W (k) and Wk(k)Wq(k)

⊤ with their respective attention SVM solutions as k
increases. This strongly supports the assertions of Theorem 3.2.

It is worth noting that (W-SVM⋆) imposes a nonconvex rank constraint, i.e., rank(W ) ≤
m. Nevertheless, this constraint becomes inconsequential if the unconstrained problem, with
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m set to be greater than or equal to d, admits a low-rank solution, as demonstrated in
Lemma 3.1. Consequently, in our experimental endeavors, we have the flexibility to employ
the unconstrained attention SVM for predicting the implicit bias. This concept is succinctly
summarized by the following lemma.

Lemma 3.3 Let Wmm
⋆ be the solution set of (W-SVM⋆) with nuclear norm achieving objec-

tive C⋆. Further let Wmm
cvx be the solution set of (W-SVM⋆) with m = d achieving objective

Ccvx. If Wmm
⋆ ∩Wmm

cvx ̸= ∅, then C⋆ = Ccvx and Wmm
⋆ ⊆ Wmm

cvx . Also, if the elements of Wmm
cvx

have rank at most m, then, Wmm
⋆ =Wmm

cvx .

3.4 Global Convergence of Gradient Descent

In this section, we will establish conditions that guarantee the global convergence of GD.
Concretely, we will investigate when GD solution selects the optimal token within each input
sequence through the softmax nonlinearity and coincides with the solution of the RP. Sec-
tion 3.5 will complement this with showing that self-attention can more generally converge
to locally-optimal max-margin directions. We identify the following conditions as provable
catalysts for global convergence: (I) Initial gradient direction is favorable; (II) Overparame-
terization, i.e. d is appropriately large.

3.4.1 Properties of optimization landscape

We start by establishing some fundamental properties of Objectives (W-ERM) and
(KQ-ERM).

Lemma 3.4 Under Assumption 3.1, ∇L(W ), ∇Wk
L(Wk,Wq), and ∇WqL(Wk,Wq) are

LW , LWk
, LWq–Lipschitz continuous, respectively, where ai = ∥v∥ ∥zi∥2∥Xi∥3, bi =

M0∥v∥ ∥Xi∥+ 3M1 for all i ∈ [n],

LW :=
1

n

n∑
i=1

aibi, LWk
:= ∥Wq∥LW , and LWq := ∥Wk∥LW . (3.3)

The next assumption will play an important role ensuring the attention layer has a benign
optimization landscape.

Assumption 3.2 Optimal tokens’ indices (opti)ni=1 are unique and one of the following con-
ditions on the tokens holds:

A1 All tokens are support vectors, i.e., (xiopti−xit)⊤Wmmzi = 1 for all t ̸= opti and i ∈ [n].
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A2 The tokens’ scores, as defined in Definition 3.1, satisfy γit = γiτ < γiopti, for all t, τ ̸=
opti and i ∈ [n].

Assumption A1 is directly linked to overparameterization and holds practical signifi-
cance. In scenarios such as classical SVM classification, where the goal is to separate labels,
overparameterization leads to the situation where all training points become support vectors.
Consequently, the SVM solution aligns with the least-squares minimum-norm interpolation,
a concept established in [80, 138] under broad statistical contexts. Assumption A1 rep-
resents an analogous manifestation of this condition. Therefore, in cases involving realistic
data distributions with sufficiently large d, we expect the same phenomena to persist, causing
the SVM solution Wmm to coincide with (W-SVM).

Drawing on insights from [80, Theorem 1] and our Theorem 3.1, we expect that the
necessary degree of overparameterization remains moderate. Specifically, in instances where
input sequences follow an independent and identically distributed (IID) pattern and tokens
exhibit IID isotropic distributions, we posit that d ≳ (T + n) log(T + n) will suffice. More
generally, the extent of required overparameterization will be contingent on the covariance
of tokens [14, 138] and the distribution characteristics of input sequences [199].

Assumption A2 stipulates that non-optimal tokens possess identical scores which con-
stitutes a relatively stringent assumption that we will subsequently relax. Under Assump-
tion 3.2, we establish that when optimization problem (W-ERM) is trained using GD, the
norm of parameters will diverge.

Theorem 3.3 Suppose Assumption 3.1 on the loss function ℓ and Assumption 3.2 on the
tokens hold.

T1 For all W ∈ Rd×d, the training loss (W-ERM) obeys ⟨∇L(W ),Wmm⟩ < 0.

T2 Algorithm W-GD with the stepsize η ≤ 1/LW and any starting point W (0) satisfies
limk→∞ ∥W (k)∥F = 0.

Proof Sketch. Let h̄i = XiW
mmzi, γi = yi ·Xiv, hi = XiWzi, and si = S(hi). We have

⟨∇L(W ),Wmm⟩ = 1

n

n∑
i=1

ℓ′
(
γ⊤i S(hi)

)
·
〈
X⊤

i S′(hi)γiz
⊤
i ,W

mm〉 (3.4)

=
1

n

n∑
i=1

ℓ′(γ⊤i S(hi)) ·
(
h̄⊤
i diag(si)γi − h̄⊤

i sis
⊤
i γi
)
.

Let the equal score condition (Assumption A2) hold, i.e., γ = γ2 = . . . = γT be a constant,
and let γ1 and h̄1 denote the largest indices of γ and h̄. For any vector s with

∑
t∈[T ] st = 1
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and st > 0, we aim to show that h̄⊤diag(s)γ− h̄⊤ss⊤γ > 0. We demonstrate this as follows:

h̄⊤diag(s)γ − h̄⊤ss⊤γ =
T∑
t=1

h̄tγtst −
T∑
t=1

h̄tst

T∑
t=1

γtst

= h̄1(γ1 − γ)s1(1− s1)− (γ1 − γ)s1
T∑
t≥2

h̄tst

= (γ1 − γ)(1− s1)s1

[
h̄1 −

∑T
t≥2 h̄tst∑T
t≥2 st

]
≥ (γ1 − γ)(1− s1)s1(h̄1 −max

t≥2
h̄t). (3.5)

To proceed, define

γigap = γiopti − max
t̸=opti

γit and h̄igap = h̄iopti − max
t̸=opti

h̄it.

With these, we obtain

h̄⊤
i diag(si)γi − h̄⊤

i sis
⊤
i γi ≥ γigaph̄

i
gap(1− siopti)siopti .

Note that

h̄igap = min
t̸=opti

(xiopti − xit)
⊤Wmmzi ≥ 1,

γigap = min
t̸=opti

γiopti − γit > 0,

siopti(1− siopti) > 0.

Hence,
min
i∈[n]

{
h̄⊤
i diag(si)γi − h̄⊤

i sis
⊤
i γi
}
> 0. (3.6)

Further, by Assumption 3.1, ℓ′i < 0, ℓ′ is continuous and the domain is bounded, the maxi-
mum is attained and negative, and thus

max
x

ℓ′(x) < 0. (3.7)

Hence, using (3.6) and (3.7) in (3.4), we obtain ⟨∇L(W ),Wmm⟩ < 0. In the scenario that
Assumption A1 holds (all tokens are support), h̄t = x⊤

itW
mmzi is constant for all t ≥ 2.

Hence, following similar steps as in (3.5) completes the proof of T1.
Under Assumption 3.1, if the step size η ≤ 1/LW (where LW is the Lipschitz con-

stant), then for any initial point W (0), Algorithm W-GD satisfies the descent property
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(a) W -parameterization
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(b) (Wk,Wq)-parameterization

Figure 3.4: Convergence behavior of GD for W - and (Wk,Wq)-parameterizations. Percent-
age of different convergence types of GD when training cross-attention weights (a): W or
(b): (Wk,Wq) with varying d. In both figures, red, blue, and teal bars represent the per-
centages of Global, Local (including Global), and Not Local convergence, respectively. The
green bar corresponds to Assumption A1 where all tokens act as support vectors. Larger
overparameterization (d) relates to a higher percentage of globally-optimal SVM conver-
gence.

L(W (k + 1)) − L(W (k)) ≤ −η
2
∥∇L(W (k))∥2F , for all k ≥ 0 [186, Lemma 6], implying

∥∇L(W (k))∥2F → 0.
Furthermore, under Assumptions 3.1 and 3.2, for all W ∈ Rd×l, the training

loss (W-ERM) satisfies ⟨∇L(W ),Wmm⟩ < 0, which by T1 holds for all W ∈
Rd×d. Therefore, ⟨∇L(W ),Wmm⟩ cannot be zero for any finite W , contradicting the
limk→∞ ∥∇L(W (k))∥2F = 0. This implies ∥W (k)∥F →∞, proving T2.

The feasibility of SVM (per Theorem 3.1) is a necessary condition for the convergence
of GD to the Wmm direction. However, it does not inform us about the optimization
landscape. Two additional criteria are essential for convergence: the absence of stationary
points ∇L(W ) = 0 and divergence of parameter norm to infinity. Theorem 3.3 above
precisely guarantees both of these criteria under Assumption 3.2.

3.4.2 Provable global convergence of 1-layer transformer

In the quest for understanding the global convergence of a 1-layer transformer, [186, Theorem
2] provided the first global convergence analysis of the attention in a restrictive scenario where
n = 1 and under the Assumption A2. Here, we present two new conditions for achieving
global convergence towards the max-margin direction Wmm based on: (I) the initial gradient
direction, and (II) over-parameterization. For the first case, we provide precise theoretical
guarantees. For the second, we offer strong empirical evidence, supported by Theorem 3.3,
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and a formal conjecture described in Section 3.5.2. We remind the reader that we optimize
the attention weights W while fixing the linear prediction head h(x) = v⊤x. This approach
avoids trivial convergence guarantees where an over-parameterized h(·)—whether it is a
linear model or an MLP—can be used to achieve zero training loss without providing any
meaningful insights into the functionality of the attention mechanism.

(I) Global convergence under good initial gradient. To ensure global convergence,
we identify an assumption that prevents GD from getting trapped at suboptimal tokens
that offer no scoring advantage compared to other choices. To establish a foundation for
providing the convergence of GD to the globally optimal solution Wmm, we need the following
definitions. For parameters µ > 0 and R > 0, define

C̄µ,R :=

{
∥W ∥F ≥ R

∣∣∣ 〈(xiopti − xit)z
⊤
i ,

W

∥W ∥F

〉
≥ µ for all t ̸= opti, i ∈ [n]

}
. (3.8)

This is the set of all W s that separate the optimal tokens from the rest with margin µ. We
will show that, for any µ > 0, the optimization landscape of this set is favorable and, if the
updates remain in the set, the gradient descent will maximize the margin and find Wmm.

Assumption 3.3 (First GD Step is Separating) For some ι > 0 and all t ̸= opti, i ∈
[n]: (xit − xiopti)

⊤∇L(0)zi ≥ ι.

Theorem 3.4 Suppose Assumption 3.1 on the loss function ℓ and Assumption 3.3 on the
initial gradient hold.

• For any µ > 0, there exists R > 0 such that C̄µ,R does not contain any stationary
points.

• Fix any µ ∈ (0, ι/∥∇L(0)∥F ). Consider GD iterations with W (0) = 0, W (1) =

−R∇L(0)/∥∇L(0)∥F , and W (k + 1) = W (k) − η∇L(W (k)) for k ≥ 1, where
η ≤ 1/LW and R sufficiently large. If all iterates remain within C̄µ,R, then
limk→∞ ∥W (k)∥F =∞ and limk→∞

W (k)
∥W (k)∥F

= Wmm

∥Wmm∥F
.

Note that the second result of Theorem 3.4, i.e., the divergence of parameter norm
to infinity and directional convergence requires that all GD iterations remain within
C̄µ,R defined in (3.8). In Appendix B.3.2, we show that if for all W ∈ C̄µ,R(Wmm),
mini∈[n]

〈
(xiopti − xit)z

⊤
i ,W − η∇L(W )

〉
−mini∈[n]

〈
(xiopti − xit)z

⊤
i ,W

〉
is lower bounded

by (2ηµ/∥Wmm∥F ) ⟨−∇L(W ),Wmm⟩, then all GD iterations W (k) remain within C̄µ,R.
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(b) Global convergence for varying T, d

Figure 3.5: Global convergence behavior of GD when training cross-attention weights W
(solid) or (Wk,Wq) (dashed) with random data. The blue, green, and red curves represent
the probabilities of global convergence for (a): fixing T = 5 and varying n ∈ {5, 10, 20}
and (b): fixing n = 5 and varying T ∈ {5, 10, 20}. Results demonstrate that for both
attention models, as d increases (due to over-parameterization), attention weights tend to
select optimal tokens (opti)ni=1.

While this condition may appear complicated, it is essentially a tight requirement for up-
dates to remain within C̄µ,R. Finally, it is worth mentioning that, if a stronger correlation
condition between initial gradient ∇L(0) and Wmm holds, one can also prove that updates
remain within a tighter cone around Wmm through ideas developed in Theorem 3.5 by land-
ing W (1) around Wmm direction. However, we opt to state here the result for the milder
condition C̄µ,R.

(II) Global convergence via overparameterization. In the context of standard neural
networks, overparameterization has been recognized as a pivotal factor for the global con-
vergence of GD [5, 49, 119, 150]. However, conventional approaches like the neural tangent
kernel [83] do not seamlessly apply to our scenario, given our assumption on fixed h and the
avoidance of achieving zero loss by trivially fitting h. Furthermore, even when we train h to
achieve zero loss, it doesn’t provide substantial insights into the implicit bias of the atten-
tion weights W . Conversely, Theorem 3.3 illustrates the benefits of over-parameterization
in terms of convergence. Considering that Assumption A1 is anticipated to hold as the
dimension d increases, the norm of the GD solution is bound to diverge to infinity. This
satisfies a prerequisite for converging towards the globally-optimal SVM direction Wmm.

The trend depicted in Figure 3.4, where the percentage of global convergence (red bars)
approaches 100% and Assumption A1 holds with higher probability (green bars) as d grows,
reinforces this insight. Specifically, green bars representing the percentage of the scenarios
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(c) Corr. coeff. of GD and Wmm
⋆,α

Figure 3.6: Local convergence behaviour of GD when training cross-attention weights W
(blue) or (Wk,Wq) (red) with random data: (a) displays the largest entry of the softmax
outputs averaged over the dataset; (b&c) display the Pearson correlation coefficients of GD
trajectories and the SVM solutions (b) with the Frobenius norm objective Wmm

α (solution of
(W-SVM)) and (c) with the nuclear norm objective Wmm

⋆,α (solution of (W-SVM⋆)). These
demonstrate the Frobenius norm bias of W (k) and the nuclear norm bias of Wk(k)Wq(k)

⊤.

where almost all tokens act as support vectors (Assumption A1). In both experiments, and
for each chosen d value, a total of 500 random instances are conducted under the conditions of
n = T = 5. The outcomes are reported in terms of the percentages of Not Local, Local, and
Global convergence, represented by the teal, blue, and red bars, respectively. We validate
Assumption A1 as follows: Given a problem instance, we compute the average margin over
all non-optimal tokens of all inputs and declare that problem satisfies Assumption A1, if the
average margin is below 1.1 (where 1 is the minimum).

Furthermore, the observations in Figure 3.5 regarding the percentages of achieving global
convergence reaching 100 with larger d reaffirm that overparameterization leads the attention
weights to converge directionally towards the optimal max-margin direction outlined by
(W-SVM) and (W-SVM⋆).

In the upcoming section, we will introduce locally-optimal directions, to which GD can
be proven to converge when appropriately initialized. We will then establish a condition
that ensures the globally-optimal direction is the sole viable locally-optimal direction. This
culmination will result in a formal conjecture detailed in Section 3.5.2.

3.5 Local Convergence of 1-Layer Transformer

So far, we have primarily focused on the convergence to the global direction dictated by
(W-SVM). In this section, we investigate and establish the local directional convergence of
GD as well as RP.
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3.5.1 Local convergence of gradient descent

To proceed, we introduce locally-optimal directions by adapting Definition 2 of [186].

Definition 3.2 (Support Indices and Locally-Optimal Direction) Fix token indices
α = (αi)

n
i=1. Solve (W-SVM) with (opti)ni=1 replaced with α = (αi)

n
i=1 to obtain Wmm

α .
Consider the set Ti ⊂ [T ] such that (xiαi

− xit)
⊤Wmm

α zi = 1 for all t ∈ Ti. We refer to
(Ti)ni=1 as the support indices of α. Additionally, if for all i ∈ [n] and t ∈ Ti scores per
Definition 3.1 obey γiαi

> γit, indices α = (αi)
n
i=1 are called locally-optimal and Wmm

α is
called a locally-optimal direction.

In words, the concept of local optimality requires that the selected tokens denoted as α

should have scores that are higher than the scores of their neighboring tokens referred to
as support indices. It is important to observe that the tokens defined as opt = (opti)ni=1,
which we term as the optimal tokens, inherently satisfy the condition of local optimality.
Moving forward, we will provide Theorem 3.5 which establishes that when the process of GD
is initiated along a direction that is locally optimal, it gradually converges in that particular
direction, eventually aligning itself with Wmm

α . This theorem immediately underscores the
fact that if there exists a direction of local optimality (apart from the globally optimal
direction Wmm), then when GD commences from any arbitrary starting point, it does not
achieve global convergence towards Wmm.

To provide a basis for discussing local convergence of GD, we establish a cone centered
around Wmm

α using the following construction. For parameters µ ∈ (0, 1) and R > 0, we
define Cµ,R(Wmm

α ) as the set of matrices W ∈ Rd×d such that ∥W ∥F ≥ R and the correlation
coefficient between W and Wmm

α is at least 1− µ:

Cµ,R(Wmm
α ) =

{
∥W ∥F ≥ R

∣∣∣ 〈 W

∥W ∥F
,

Wmm
α

∥Wmm
α ∥F

〉
≥ 1− µ

}
. (3.9)

Theorem 3.5 Suppose Assumption 3.1 on the loss ℓ holds, and let α = (αi)
n
i=1 be locally

optimal tokens according to Definition 3.2. Let Wmm
α denote the SVM solution obtained via

(W-SVM) by replacing (opti)ni=1 with α = (αi)
n
i=1.

• There exist parameters µ = µ(α) ∈ (0, 1) and R > 0 such that Cµ,R(Wmm
α ) does not

contain any stationary points.

• Algorithm W-GD with η ≤ 1/LW and any W (0) ∈ Cµ,R(Wmm
α ) satisfies

limk→∞ ∥W (k)∥F =∞ and limk→∞
W (k)

∥W (k)∥F
= Wmm

α

∥Wmm
α ∥F

.
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Figure 3.7: The blue cone represents
Cµ,R(Wmm

α ), while the orange illustrates the
cone surrounding the globally optimal token.
Gradient descent initiated within Cµ,R(Wmm

α )
converges in the direction of Wmm

α .

This theorem establishes the existence of
positive parameters µ = µ(α) > 0 and
R > 0 such that there are no stationary
points within Cµ,R(Wmm

α ). Furthermore, if
gradient descent (GD) is initiated within
Cµ,R(Wmm

α ), it will converge in the direc-
tion of Wmm

α /∥Wmm
α ∥. It is worth men-

tioning that the stronger Theorem 3.3 (e.g.,
global absence of stationary points) is ap-
plicable whenever all tokens are supported,
i.e., T̄i = ∅ for all i ∈ [n]. Figure 3.7 il-
lustrates Theorem 3.5. The blue cone repre-
sents Cµ,R(Wmm

α ), while the orange cone illustrates the cone surrounding the globally optimal
token. Gradient descent initiated within Cµ,R(Wmm

α ) converges in the direction of Wmm
α .

In Figure 3.6, we consider setting where n = 6, T = 8, and d = 10. The dis-
played results are averaged from 100 random trials. We train cross-attention models with
xit, zi,v ∈ Rd randomly sampled from unit sphere, and apply the normalized GD ap-
proach with fixed step size η = 0.1. In Figure 3.6a we calculate the softmax probability
via 1

n

∑n
i=1 maxt∈[T ] S(XiW̃ (k)zi)t for either W̃ = W or WkW

⊤
q at each iteration. Both

scenarios result in probability 1, which indicates that attention weights succeed in selecting
one token per input. Then following Definition 3.2 let α = (αi)

n
i=1 be the token indices se-

lected by GD and denote Wmm
⋆,α as the corresponding SVM solution of (W-SVM⋆). Define the

correlation coefficient of two matrices as corr_coef(W1,W2) := ⟨W1,W2⟩ /∥W1∥F∥W2∥F .
Figures 3.6b and 3.6c illustrate the correlation coefficients of attention weights (W (k) and
Wk(k)Wq(k)

⊤) with respect to Wmm
α and Wmm

⋆,α . The results demonstrate that W (WkW
⊤
q )

ultimately reaches a 1 correlation with Wmm
α (Wmm

⋆,α ), which suggests that W (WkW
⊤
q ) con-

verges in the direction of Wmm
α (Wmm

⋆,α ). This further validates Theorem 3.5.

3.5.2 Overparameterization conjecture: When local-optimal direc-

tions disappear

In Section 3.4 we demonstrated that larger d serves as a catalyst for global convergence to
select the optimal indices opt = (opti)ni=1. However, Section 3.5.1 shows that the convergence
can be towards locally-optimal directions rather than global ones. How do we reconcile these?
Under what precise conditions, can we expect global convergence?

The aim of this section is gathering these intuitions and stating a concrete conjecture
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on the global convergence of the attention layer under geometric assumptions related to
overparameterization. To recap, Theorem 3.1 characterizes when (W-SVM) is feasible and
Theorem 3.3 characterizes when the parameter norm provably diverges to infinity, i.e. when-
ever all tokens are support vectors of (W-SVM) (Assumption A1 holds). On the other
hand, this is not sufficient for global convergence, as GD can converge in direction to locally-
optimal directions per Section 3.5.1. Thus, to guarantee global convergence, we need to
ensure that globally-optimal direction is the only viable one. Our next assumption is
a fully-geometric condition that precisely accomplishes this.

Assumption 3.4 (There is always an optimal support index) For any choice of α =

(αi)
n
i=1 with α ̸= opt when solving (W-SVM) with opt ← α, there exists i ∈ [n] such that

αi ̸= opti and opti ∈ Ti.

This guarantees that no α ̸= opt can be locally-optimal because it has a support index
with higher score at the input i with αi ̸= opti. Thus, this ensures that global direction Wmm

is the unique locally-optimal direction obeying Def. 3.2. Finally, note that local-optimality
in Def. 3.2 is one-sided: GD can provably converge to locally-optimal directions, while we do
not provably exclude the existence of other directions. Yet, Theorem 4 of [186] shows that
local RPs (see Section 3.5.4 for details) can only converge to locally-optimal directions for
almost all datasets3. This and Figure 3.4 provide strong evidence that Def. 3.2 captures all
possible convergence directions of GD, and as a consequence, that Assumption 3.4 guarantees
that Wmm is the only viable direction to converge.

➡ Integrating the results and global convergence conjecture. Combining Assump-
tions A1 and 3.4, we have concluded that gradient norm diverges and Wmm is the only
viable direction to converge. Thus, we conclude this section with the following conjecture:
Suppose opt = (opti)ni=1 are the unique optimal indices with strictly highest score per se-
quence and Assumptions A1 and 3.4 hold. Then, for almost all datasets (e.g. add small
IID gaussian noise to input features), GD with a proper constant learning rate converges to
Wmm of (W-SVM) in direction.

To gain some intuition, consider Figure 3.4: Here, red bars denote the frequency of global
convergence whereas green bars denote the frequency of Assumption A1 holding over random
problem instances. In short, this suggests that Assumption A1 occurs less frequently than
global convergence, which is consistent with our conjecture. On the other hand, verifying
Assumption 3.4 is more challenging due to its combinatorial nature. A stronger condition
that implies Assumption 3.4 is when all optimal indices (opti)ni=1 are support vectors of the

3To be precise, they prove this for their version of Def. 3.2, which is stated for an attention model
f(p) = v⊤X⊤S(XWp) admitting an analogous SVM formulation.
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Figure 3.8: Performance of GD convergence and corresponding SVM margin. Upper: The
SVM margins correspond to globally-optimal (red) and locally-optimal (blue) token indices,
denoted as 1/∥Wmm∥F and 1/∥Wmm

α ∥F , respectively. Lower: Percentages of global con-
vergence (when α = opt, red) and local convergence (when α ̸= opt, blue).

SVM. That is, either opti = αi or opti ∈ Ti, ∀ i ∈ [n]. When the data follows a statistical
model, this stronger condition could be verified through probabilistic tools building on our
earlier “all training points are support vectors” discussion [138]. More generally, we believe
a thorough statistical investigation of (W-SVM) is a promising direction for future work.

3.5.3 Investigation on SVM objectives and GD convergence

Until now, we have discussed the global and local convergence performances of gradient
descent (GD). Theorem 3.5 suggests that, without specific restrictions on tokens, when
training with GD, the attention weight W converges towards Wmm

α . Here, the selected
token indices α = (αi)

n
i=1 may not necessarily be identical to opt = (opti)ni=1. Experiments

presented in Figures 3.4 and 3.5 also support this observation. In this section, we focus
on scenarios where α ̸= opt (e.g., when Wmm is not feasible) and investigate the question:
Towards which local direction is GD most likely to converge?

To this goal, in Figure 3.8, we consider SVM margin, which is defined by 1/∥Wmm
α ∥F , and

investigate its connection to the convergence performance of GD. On the left, we set T = d =

5 and vary n among 1, 5, 10, 15; on the right, we fix T = n = 5 and change d to 2, 5, 10, 15.
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All tokens are randomly generated from the unit sphere. The SVM margins corresponding
to the selected tokens α are depicted as blue curves in the upper subfigures, while the SVM
margins corresponding to the globally–optimal token indices (α = opt) are shown as red
curves. The red and blue bars in the lower subfigures represent the percentages of global
and local convergence, respectively. Combining all these findings empirically demonstrates
that when the global SVM objective yields a solution with a small margin (i.e., 1/∥Wmm∥F
is small, and 0 when global SVM is not feasible), GD tends to converge towards a local
direction with a comparatively larger margin.

3.5.4 Guarantees on local regularization path

In this section, we provide a localized regularization path analysis for general objective
functions. As we shall see, this will also allow us to predict the local solutions of gradient
descent described in Section 3.5.1. Let ⋄ denote a general norm objective. Given indices
α = (αi)

n
i=1, consider the formulation

Wmm
⋄,α = argmin

rank(W )≤m
∥W ∥⋄ s.t. (xiαi

− xit)
⊤Wzi ≥ 1 for all t ̸= αi, i ∈ [n]. (⋄-SVM)

In this section, since ⋄ is clear from the context, we will use the shorthand Wmm
α := Wmm

⋄,α

and denote the optimal solution set of (⋄-SVM) as Wmm := Wmm
⋄,α . It is important to note

that if the ⋄-norm is not strongly convex, Wmm may not be a singleton. Additionally,
when m = d, the rank constraint becomes vacuous, and the problem becomes convex. The
following result is a slight generalization of Theorem 3.1 and demonstrates that choosing
a large d ensures the feasibility of (⋄-SVM) uniformly over all choices of α. The proof is
similar to that of Theorem 3.1, as provided in Appendix B.1.

Theorem 3.6 Suppose d ≥ max(T − 1, n) and m = d. Then, almost all datasets4

(yi,Xi, zi)
n
i=1 – including the self-attention setting with zi ← xi1 – obey the following: For

any choice of indices α = (αi)
n
i=1 ⊂ [T ], (⋄-SVM) is feasible, i.e. the attention layer can

separate and select indices α.

To proceed, we define the local regularization path, which is obtained by solving the ⋄-
norm-constrained problem over a α-dependent cone denoted as coneϵ(α). This cone has
a simple interpretation: it prioritizes tokens with a lower score than α over tokens with
a higher score than α. This interpretation sheds light on the convergence towards locally

4Here, “almost all datasets” means that adding i.i.d. gaussian noise, with arbitrary nonzero variance, to
the input features will almost surely result in SVM’s feasibility.
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optimal directions: lower-score tokens create a barrier for α and prevent optimization from
moving towards higher-score tokens.

Definition 3.3 (Low&High Score Tokens and Separating Cone) Given α ∈ [T ], in-
put sequence X with label y, h(·) : Rd → R, and score γt = y · h(xt) for all t ∈ [T ], define
the low and high score tokens as

lowα(X) :=
{
t ∈ [T ]

∣∣ γt < γα
}
, highα(X) :=

{
t ∈ [T ]− {α}

∣∣ γt ≥ γα
}
.

For input Xi and index αi, we use the shorthand notations lowαi and highαi . Finally define
coneϵ(α) as

coneϵ(α) :=

{
rank(W ) ≤ m

∣∣ min
i∈[n]

max
t∈lowαi

min
τ∈highαi

(xit − xiτ )
⊤Wzi ≥ ϵ∥W ∥F

}
. (3.10)

Our next lemma relates this cone definition to locally-optimal directions of Definition 3.2.

Lemma 3.5 Suppose (⋄-SVM) is feasible. If indices α are locally-optimal, Wmm
α ∈

coneϵ(α) for all sufficiently small ϵ > 0. Otherwise, Wmm
α ̸∈ coneϵ(α) for all ϵ > 0.

Additionally, suppose optimal indices opti ∈ argmaxt∈[T ] γit are unique and set α ← opt.
Then, coneϵ(opt) is the set of all rank-≤m matrices (i.e. global set).

Lemma 3.5 can be understood as follows: Among the SVM solutions Wmm
α , only those

that are locally optimal demonstrate a barrier of low-score tokens, effectively acting as a
protective shield against higher-score tokens. Moreover, in the case of globally optimal
tokens (with the highest scores), the global set coneϵ(opt) can be chosen, as they inherently
do not require protective measures. The subsequent result introduces our principal theorem,
which pertains to the regularization path converging towards the locally-optimal direction
over coneϵ(α) whenever α is locally optimal.

Theorem 3.7 (Convergence of Local Regularization Path) Suppose Assumption 3.1
holds. Fix locally-optimal token indices α = (αi)

n
i=1 and R0, ϵ > 0. Consider the norm-

constrained variation of (3.10) defined as

C⋄ϵ,R0
:= coneϵ(α)

⋂{
W

∣∣ ∥W ∥⋄ ≥ R0

}
.

Define local RP as W̄R = minC⋄
ϵ,R0

,∥W ∥⋄≤R L(W ) where L(W ) is given by (W-ERM). Let
Wmm be the set of minima for (⋄-SVM) and Ξ⋄ > 0 be the associated margin i.e. Ξ⋄ =

1/∥Wmm
α ∥⋄. For any sufficiently small ϵ > 0 and sufficiently large R0 = O(1/ϵ) > 0,

limR→∞ dist
(

W̄R

RΞ⋄
,Wmm

)
= 0. Additionally, suppose optimal indices opt = (opti)ni=1 are
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unique and set α← opt. Then, the same convergence guarantee on regularization path holds
by setting C⋄ϵ,R0

as the set of rank-≤m matrices.

Note that when setting m = d, the rank constraint is eliminated. Consequently, special-
izing this theorem to the Frobenius norm aligns it with Theorem 3.5. On the other hand, by
assigning ⋄ as the nuclear norm and α← opt, the global inductive bias of the nuclear norm
is recovered, as stated in Theorem 3.2.

We would like to emphasize that both this theorem and Theorem 3.2 are specific instances
of Theorem B.2 found in Appendix B.5. It is worth noting that, within this appendix, we
establish all regularization path results for sequence-to-sequence classification, along with a
general class of monotonicity-preserving prediction heads outlined in Assumption B.1. The
latter significantly generalizes linear heads, highlighting the versatility of our theory. The
following section presents our discoveries concerning general nonlinear heads.

3.6 Toward a More General SVM Equivalence for Non-

linear Prediction Heads

So far, our theory has focused on the setting where the attention layer selects a single
optimal token within each sequence. As we have discussed, this is theoretically well-justified
under linear head assumption and certain nonlinear generalizations. On the other hand, for
arbitrary nonconvex h(·) or multilayer transformer architectures, it is expected that attention
will select multiple tokens per sequence. This motivates us to ask:

Q: What is the implicit bias and the form of W (k) when the GD solution is
composed by multiple tokens?

In this section, our goal is to derive and verify the generalized behavior of GD. Let oi =

X⊤
i s

W
i denote the composed token generated by the attention layer where sWi = S(XiWzi)

are the softmax probabilities corresponding to W . Suppose GD trajectory converges to
achieve the risk L⋆ = minW L(W ), and the eventual token composition achieving L⋆ is
given by

o⋆i = X⊤
i s

⋆
i ,

where s⋆i are the eventual softmax probability vectors that dictate the token composition.
Since attention maps are sparse in practice, we are interested in the scenario where s⋆i is sparse
i.e. it contains some zero entries. This can only be accomplished by letting ∥W ∥F → ∞.
However, unlike the earlier sections, we wish to allow for arbitrary s⋆i rather than a one-hot
vector which selects a single token.
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To proceed, we aim to understand the form of GD solution W (k) responsible for com-
posing o⋆i via the softmax map s⋆i as ∥W ∥F →∞. Intuitively, W (k) should be decomposed
into two components via

W (k) ≈W fin + ∥W (k)∥F · W̄mm, (3.11)

where W fin is the finite component and W̄mm is the directional component with ∥W̄mm∥F =

1. Define the selected set Oi ⊆ [T ] to be the indices s⋆it ̸= 0 and the masked (i.e. suppressed)
set as Ōi = [T ] − Oi where softmax entries are zero. In the context of earlier sections, we
could also call these the optimal set and the non-optimal set, respectively.

• Finite component: The job of W fin is to assign nonzero softmax probabilities within
each s⋆i . This is accomplished by ensuring that, W fin induces the probabilities of s⋆i over Oi
by satisfying the softmax equations

ex
⊤
itW

finzi

ex
⊤
iτW

finzi
= e(xit−xiτ )

⊤W finzi =
s⋆it
s⋆iτ

,

for t, τ ∈ Oi. Consequently, this W fin should satisfy the following linear constraints

(xit − xiτ )
⊤W finzi = log(s⋆it/s

⋆
iτ ) for all t, τ ∈ Oi, i ∈ [n]. (3.12)

• Directional component: While W fin creates the composition by allocating the nonzero
softmax probabilities, it does not explain sparsity of attention map. This is the role of W̄mm,
which is responsible for selecting the selected tokens Oi and suppressing the masked ones Ōi
by assigning zero softmax probability to them. To predict direction component, we build on
the theory developed in earlier sections. Concretely, there are two constraints W̄mm should
satisfy

1. Equal similarity over selected tokens: For all t, τ ∈ Oi, we have that (xit −
xiτ )

⊤Wzi = 0. This way, softmax scores assigned by W fin are not disturbed by the
directional component and W fin + R · W̄mm will still satisfy the softmax equations
(3.12).

2. Max-margin against masked tokens: For all t ∈ Oi, τ ∈ Ōi, enforce the margin
constraint (xit − xiτ )

⊤Wzi ≥ 1 subject to minimum norm ∥W ∥F .

Combining these yields the following convex generalized SVM formulation
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Figure 3.9: Behavior of GD with nonlinear nonconvex prediction head and multi-token com-
positions. Upper: The correlation between GD solution and three distinct baselines: (· · · )
Wmm obtained from (Gen-SVM); (—) W SVMeq obtained by calculating W fin and determining
the best linear combination W fin+γW̄mm that maximizes correlation with the GD solution;
and (- -) W 1token obtained by solving (W-SVM) and selecting the highest probability token
from the GD solution. Lower: Scatterplot of the largest softmax probability over masked
tokens (per our siτ ≤ 10−6 criteria) vs correlation coefficient.

Wmm = argmin
W
∥W ∥F s.t.

∀ t ∈ Oi, τ ∈ Ōi : (xit − xiτ )
⊤Wzi ≥ 1,

∀ t, τ ∈ Oi : (xit − xiτ )
⊤Wzi = 0,

∀ i ∈ [n]. (Gen-SVM)

and set the normalized direction in (3.11) to W̄mm = Wmm/∥Wmm∥F .

It is important to note that (Gen-SVM) offers a substantial generalization beyond the scope
of the previous sections, where the focus was on selecting a single token from each sequence,
as described in the main formulation (W-SVM). This broader solution class introduces a
more flexible approach to the problem.

We present experiments showcasing the predictive power of the (Gen-SVM) equivalence
in nonlinear scenarios. We conducted these experiments on random instances using an MLP
denoted as h(·), which takes the form of 1⊤ReLU(x). We begin by detailing the preprocessing
step and our setup. For the attention SVM equivalence analytical prediction, clear definitions
of the selected and masked sets are crucial. These sets include token indices with nonzero and
zero softmax outputs, respectively. However, practically, reaching a precisely zero output is
not feasible. Hence, we define the selected set as tokens with softmax outputs exceeding 10−3,
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and the masked set as tokens with softmax outputs below 10−6. We also excluded instances
with softmax outputs falling between 10−6 and 10−3 to distinctly separate the concepts of
selected and masked sets, thereby enhancing the predictive accuracy of the attention SVM
equivalence. In addition to the filtering process, we focus on scenarios where the label y = −1
exists to enforce non-convexity of prediction head yi ·h(·). It is worth mentioning that when
all labels are 1, due to the convexity of yi · h(·), GD tends to select one token per input, and
Equations (Gen-SVM) and (W-SVM) yield the same solutions. The results are displayed
in Figure 3.9, where n = 3, T = 4, and d varies within 4, 6, 8, 10. We conduct 500 random
trials for different choices of d, each involving xit, zi, and v randomly sampled from the unit
sphere. We apply normalized GD with a step size η = 0.1 and run 2000 iterations for each
trial.

• Figure 3.9 (upper) illustrates the correlation evolution between the GD solution and three
distinctive baselines: (· · · ) Wmm obtained from (Gen-SVM); (—) W SVMeq obtained by cal-
culating W fin and determining the best linear combination W fin + γW̄mm that maximizes
correlation with the GD solution; and (- -) W 1token obtained by solving (W-SVM) and se-
lecting the highest probability token from the GD solution. For clearer visualization, the
logarithmic scale of correlation misalignment is presented in Figure 3.9. In essence, our find-
ings show that W 1token yields unsatisfactory outcomes, whereas Wmm attains a significant
correlation coefficient in alignment with our expectations. Ultimately, our comprehensive
SVM-equivalence W SVMeq further enhances correlation, lending support to our analytical for-
mulas. It’s noteworthy that SVM-equivalence displays higher predictability in a larger d
regime (with an average correlation exceeding 0.99). This phenomenon might be attributed
to more frequent directional convergence in higher dimensions, with overparameterization
contributing to a smoother loss landscape, thereby expediting optimization.

• Figure 3.9 (lower) offers a scatterplot overview of the 500 random problem instances
that were solved. The x-axis represents the largest softmax probability over the masked
set, denoted as maxi,τ siτ where τ ∈ Ōi. Meanwhile, the y-axis indicates the predictivity
of the SVM-equivalence, quantified as 1− corr_coef(W ,W SVMeq). From this analysis, two
significant observations arise. Primarily, there exists an inverse correlation between softmax
probability and SVM-predictivity. This correlation is intuitive, as higher softmax proba-
bilities signify a stronger divergence from our desired masked set state (ideally set to 0).
Secondly, as dimensionality (d) increases, softmax probabilities over the masked set tend
to converge towards the range of 10−15 (effectively zero). Simultaneously, attention SVM-
predictivity improves, creating a noteworthy correlation.
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3.6.1 When does attention select multiple tokens?

In this section, we provide a concrete example where the optimal solution indeed requires
combining multiple tokens in a nontrivial fashion. Here, by nontrivial we mean that, we
select more than 1 tokens from an input sequence but we don’t select all of its tokens. Recall
that, for linear prediction head, attention will ideally select the single token with largest
score for almost all datasets. Perhaps not surprisingly, this behavior will not persist for
nonlinear prediction heads. For instance in Figure 3.9, the GD output W aligned better
in direction with Wmm than W 1token. Specifically, here we prove that if we make the
function hy(x) := y · h(x) concave, then optimal softmax map can select multiple tokens
in a controllable fashion. hy(x) can be viewed as generalization of the linear score function
y · v⊤x. In the example below, we induce concavity by incorporating a small −λ∥x∥2 term
within a linear prediction head and setting h(x) = v⊤x− λ∥x∥2 with y = 1.

Lemma 3.6 Given v ∈ Rd, recall the score vector γ = Xv. Without losing generality,
assume γ is non-increasing. Define the vector of score gaps γgap ∈ RT−1 with entries γgap

t =

γt− γt+1. Suppose all tokens within the input sequence are orthonormal and for some τ ≥ 2,
we have that

τγgap
τ /2 > γgap

1 . (3.13)

Set h(x) = v⊤x− λ∥x∥2 where τγgap
τ /2 > λ > γgap

1 , ℓ(x) = −x, and y = 1. Let ∆T denote
the T -dimensional simplex. Define the unconstrained softmax optimization associated to the
objective h where we make s := S(XWz) a free variable, namely,

min
s∈∆T

ℓ(h(Xs)) = min
s∈∆T

λ∥X⊤s∥2 − v⊤X⊤s. (3.14)

Then, the optimal solution s⋆ contains at least 2 and at most τ nonzero entries.

Figure 3.10 presents experimental findings concerning Lemma 3.6 across random problem
instances. For this experiment, we set n = 1, T = 10, and d = 10. The results are averaged
over 100 random trials, with each trial involving the generation of randomly orthonormal
vectors x1t and the random sampling of vector v from the unit sphere. Similar to the
processing step in Figure 3.9, and following Figure 3.9 (lower) which illustrates that smaller
softmax outputs over masked sets correspond to higher correlation coefficients, we define
the selected and masked token sets. Specifically, tokens with softmax outputs > 10−3 are
considered selected, while tokens with softmax outputs < 10−8 are masked. Instances with
softmax outputs between 10−8 and 10−3 are filtered out.
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Figure 3.10: Behavior of GD when selecting multiple tokens. (a) The number of selected
tokens increases with λ. (b) Predictivity of attention SVM solutions for varying λ; Dotted
curves depict the correlation corresponding to Wmm calculated via (Gen-SVM) and solid
curves represent the correlation to W SVMeq, which incorporates the W fin correction. (c)
Similar to (b), but evaluating correlations over different numbers of selected tokens.

Figure 3.10a shows that the number of selected tokens grows alongside λ, a prediction
consistent with Lemma 3.6. When λ = 0, the head h(x) = v⊤x is linear, resulting in the se-
lection of only one token per input. Conversely, as λ exceeds a certain threshold (e.g., λ > 2.0

based on our criteria), the optimization consistently selects all tokens. Figure 3.10b and 3.10c
delve into the predictivity of attention SVM solutions for varying λ and different numbers
of selected tokens. The dotted curves in both figures represent 1 − corr_coef(W ,Wmm),
while solid curves indicate 1− corr_coef(W ,W SVMeq), where W denotes the GD solution.
Overall, the SVM-equivalence demonstrates a strong correlation with the GD solution (con-
sistently above 0.95). However, selecting more tokens (aligned with larger λ values) leads to
reduced predictivity.

To sum up, we have showcased the predictive capacity of the generalized SVM equivalence
regarding the inductive bias of 1-layer transformers with nonlinear heads. Nevertheless, it’s
important to acknowledge that this section represents an initial approach to a complex
problem, with certain caveats requiring further investigation (e.g., the use of filtering in
Figures 3.9 and 3.10, and the presence of imperfect correlations). We aspire to conduct a
more comprehensive investigation, both theoretically and empirically, in forthcoming work.
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3.7 Extending the Theory to Sequential and Causal Pre-

dictions

While our formulations (W-ERM & KQ-ERM) regress a single label yi per (Xi, zi), we
extend in Appendix B.5 our findings to the sequence-to-sequence classification setting, where
we output and classify all T tokens per input Xi,Zi ∈ RT×d. In this scenario, we prove that
all of our RP guarantees remain intact after introducing a slight generalization of (W-SVM).
Concretely, consider the following ERM problems for sequential and causal settings:

Lseq(W ) =
1

n

n∑
i=1

T∑
k=1

ℓ(yik · h(X⊤
i S(XiWzik))), and

Lcsl(W ) =
1

n

n∑
i=1

T∑
k=1

ℓ(yik · h(X⊤
i Sk(XiWzik))).

(3.15)

Both equations train T tokens per input (Xi,Zi) and, as usual, we recover self-attention via
Zi ← Xi. For the causal setting, we use the masked attention Sk(·) which calculates the
softmax probabilities over the first k entries of its input and sets the remaining T −k entries
to zero. This way, the k’th prediction of the transformer only utilizes tokens from 1 to k and
not the future tokens.

Let α = (αik)
(n,k)
ik=(1,1) be tokens to be selected by attention (e.g. locally-optimal indices,

see Def. B.1). Then, the sequential generalization of (W-SVM) corresponding to Lseq(W )

is given by

min
W
∥W ∥F subj. to (xiαik

−xit)⊤Wzik ≥ 1 for all t ̸= αik, k ∈ [T ], i ∈ [n] . (3.16)

We refer the reader to Appendix B.5 which rigorously establishes all RP results for this
sequential classification setting. On the other hand, for the causal inference setting SVM
should reflect the fact that the model is not allowed to make use of future tokens. Note
that the SVM constraints directly arise from softmax calculations. Thus, since attention is
masked over the indices t ≤ k and k ∈ [T ], the SVM constraints should apply over the same
mask. Thus, we can consider the straightforward generalization of global-optimality where
optik is the token index with highest score over indices t ≤ k and introduce an analogous
definition for local-optimality. This leads to the following variation of (3.16), which aims to
select indices αik ∈ [k] from the first k tokens

min
W
∥W ∥F subj. to (xiαik

− xit)
⊤Wzik ≥ 1 for all t ̸= αik, t ≤ k, k ∈ [T ], i ∈ [n].
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Causal attention is a special case of a general attention mask which can restrict softmax
to arbitrary subset of the tokens. Such general masking can be handled similar to (3.7) by
enforcing SVM constraints over the nonzero support of the mask. Finally, the discussion so
far extends our main theoretical results and focuses on selecting single token per sequence.
It can further be enriched by the generalized SVM equivalence developed in Section 3.6 to
select and compose multiple tokens by generalizing (Gen-SVM).
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CHAPTER 4

Convergence of Gradient Descent in Next-Token
Prediction

Self-Attention

Predict 
next token

Last 
input token

x1 x2 x3 xT−3 xT−2 xT−1 xT

xT+1

Priority levels

Low

Med

High

Soft composition

Hard retrieval

Input
sequence

Figure 4.1: Overview of our result on next-token prediction. We study the implicit bias
of gradient descent where a 1-layer self-attention model is trained until convergence. We
prove that, during test-time, this model implements a hard retrieval to precisely select the
high-priority tokens and then outputs a convex combination of these as the output from
which the next token can be sampled. The notion of high-priority is formalized through the
strongly-connected components of a directed graph associated to the last input token.

4.1 Introduction

This work aims to bridge this gap between the empirical success and principled understanding
of Transformer-based language modeling by shedding light on the optimization landscape and
key implicit biases faced by the self-attention mechanism in solving the next-token prediction
task. In particular, focusing on a single-layer self-attention model with linear classification
head, and solving the next-token prediction task, we consider the following questions:

Q1: What relationships in training data are captured by the single-layer self-attention model?
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Q2: How exactly do these relationships dictate the optimization geometry of natural algo-
rithms such as gradient descent?

We show that the answers to both of these questions are intertwined which we achieve
by significantly expanding the recently proposed framework that connects learning with
Transformers to the celebrated support vector machines (SVMs) [185, 186].

As illustrated in Figure 4.1, given training data as a collection of (input sequence, next
token) pairs, self-attention model learns to (1) retrieve the high-priority tokens (highlighted
with red color) to the last input token; and then (2) build a convex combination of these
high-priority tokens. The notion of high-priority is dictated by a directed graph learned from
training data. SGD training accomplishes this by learning hard and soft components of the
attention weights W to execute (1) and (2) respectively. Concretely, the following theorem
dictates the evolution of attention weights during gradient descent.

Theorem 4.1 (informal) Consider training a single-layer self-attention model with gradi-
ent descent. The combined attention weights W := WkW

⊤
q evolve as

Wgd ≈ C ·Whard +Wsoft,

where C ·Whard is the hard retrieval component selecting the high-priority tokens when C →
∞; and Wsoft is the soft composition component allocating nonzero softmax probabilities over
selected tokens.

To capture the priority order among different tokens as observed in Figure 4.1, we con-
struct directed graphs among the tokens in the vocabulary, namely token-priority graphs
(TPGs). An illustration is provided in Figure 4.2, where a strongly connected component
(SCC, highlighted as dashed black rectangles) in a TPG corresponds to the tokens that are
reachable from each other, indicating the absence of a strict priority among those tokens.
The hard retrieval component Whard captures the topological order of different SCCs (orange
arrows) whereas the soft composition component Wsoft captures the relationships of different
tokens within each SCC (black arrows). These TPGs will geometrically capture the learn-
ing dynamics of self-attention. Specifically, we propose the SVM problem (Graph-SVM),
solution of which describes the direction gradient descent converges to. This way, SGD
asymptotically enforces the topological order between SCCs i.e. the C ·Whard term in The-
orem 4.1 as C → ∞. In practice, this implies that self-attention model favors suppressing
lower priority tokens in favour of sampling higher priority tokens.

A conjecture on the decomposition in Theorem 4.1 was first proposed in [185]1. This
1Their conjecture aims to characterize the impact of the MLP layer that follow self-attention in a binary

classification setting. However, the high-level claim is same.
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Figure 4.2: A token-priority graph (TPG) is a directed graph derived from training data
(see Sec 4.2.1 for definition). The edges in TPG capture the input-output relationships
between different tokens. A TPG can be partitioned into several SCCs depicted as dashed
black squares. In light of Theorem 4.1, black intra-SCC edges within each SCC induce the
soft-composition component of the attention weights whereas the orange edges induce the
hard-retrieval component enforcing the priority orders among various SCCs.

decomposition is also related to the implicit bias of logistic regression on non-separable data
[89]. Our theory fully formalizes this decomposition under the next-token prediction setting
and reveals fundamental connections to graphical structure in data (e.g. through SCCs,
TPGs).

Overall, we carefully study the gradient descent and regularization path algorithms for
attention-based next-token prediction and make the following contributions:

⋄ We study the optimization landscape of self-attention with log-loss and show that the
problem is convex under suitable assumptions. We then establish a global convergence
result to fully formalize Theorem 4.1 in terms of a directional component (Graph-SVM)
and a finite component (see Sec 4.3). Notably, results apply to arbitrary datasets as
we don’t require distributional assumptions.

⋄ Our theory reveals insightful connections between continuous and discrete optimiza-
tion, namely: Self-attention implicitly discovers the strongly-connected components of
the TPGs during training.

⋄ Under a general setting, we establish the implicit bias of the solution obtained by
vanishing regularization [87, 169, 179]. This yields a result similar to the gradient
descent theory (see Sec 4.4). We also show that, in general, gradient descent can
exhibit local directional convergence rather than global. We characterize these local
directions through the SVM solutions of pseudo TPGs (see Sec 4.5).
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4.2 Preliminaries and Problem Setup

Notation. Let [n] denote the set {1, · · · , n}. For a space S, let S⊥ denote the orthogonal
complement of S and ΠS denote the projection operator on S with respect to Euclidean
distance.

Next-token prediction problem. LetK be the vocabulary size with E = [e1 . . . eK ]
⊤ ∈

RK×d denoting the embedding matrix consisting of d-dimensional token embeddings for
the K tokens in the vocabulary. The next-token prediction is a multi-class classification
problem and the goal is to predict the ID y ∈ [K] of the next token given an input sequence
X = [x1 . . . xT ]

⊤ ∈ RT×d, where xt ∈ E for all t ∈ [T ].
Suppose that we have a training dataset DSET =

{
(Xi, yi) ∈ RTi×d× [K]

}n
i=1

consisting of
n sequences where we allow the sequences to have different lengths Ti, i ∈ [n]. Throughout
this paper, we use xit ∈ [K] to denote the scalar token ID corresponding to the t-th token
xit ∈ Rd of the input sequence Xi, i.e., xit = exit .

Self-attention model. We consider a single-layer self-attention model when making a
prediction on a given input sequence X ∈ RT×d. Following the previous work [185], we
denote the combined key-query weights by a trainable W ∈ Rd×d matrix, and assume
identity value matrix. Let x̄ := xT be the last token of the input sequence X. Then, the
single-layer self-attention outputs the following embedding to predict the next-token ID y:

fW (X) = X⊤S(XWx̄), (4.1)

where S(·) denotes the softmax operation which facilitates weighing tokens of X based on
the data-dependent probabilities S(XWx̄). Note that the output embedding fW (X) ∈ Rd

in (4.1) is a weighted linear combination of the input token embeddings in X.

Empirical risk minimization (ERM) problem. Let ℓ : R → R be the loss function.
Given training dataset DSET, we consider the ERM problem with the following objective:

L(W ) =
1

n

n∑
i=1

ℓ(c⊤yiX
⊤
i S(XiWx̄i)). (ERM)

Throughout this paper, we fix the linear classification head ck
2 and assume ∥ck∥ is bounded

for all k ∈ [K]. Note that even though the classification head is linear, the problem of learning
2Specifically, we assume well-pretrained head c1, · · · , cK such that ℓ(c⊤y ek) returns the minimal risk when

k = y.
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Figure 4.3: Illustration of token-priority graph (TPG). Given the input sequences and labels
(next tokens), we construct the TPGs {G(k)}Kk=1 according to the last token. Two TPGs
G(1) (left) and G(2) (right) are constructed using the samples with e1 and e2 as the last
tokens, respectively. In each graph, directed edges (label token→input token) are added
between tokens/nodes. Based on these directed edges, each graph can be partitioned into its
strongly-connected components (SCCs, highlighted as dashed grey rectangles). Each SCC
is a set of tokens where each token is reachable from every other token within that SCC.
Further details are deferred to Section 4.2.1.

attention parameters W via ERM is not necessarily convex due to the softmax operator.
In this work, we focus on this exact problem and consider the following two algorithms to
optimze for W :

1. Gradient descent: Given starting point W (0) ∈ Rd×d and step size η > 0, for τ ≥ 0,

W (τ + 1) = W (τ)− η∇L(W (τ)). (Algo-GD)

2. Regularization path: Given R > 0, W ∈ Rd×d,

W̄ (R) = arg min
∥W ∥F≤R

L(W ). (Algo-RP)

The next-token prediction task aims to capture various patterns present in the underlying
dataset. Towards this, we introduce token-priority graph (TPG) in the following section that
summarizes the sequential priority orders presented in the training data. As we will see later,
TPGs play a crucial role in characterizing the optimization geometry for both (Algo-GD)
and (Algo-RP) algorithms.

4.2.1 Token-priority Graph of the Dataset

A token-priority graph (TPG) is a directed graph with at most K nodes corresponding to
the elements in the vocabulary. We associate the dataset DSET = {(Xi, yi)}ni=1 with multiple
TPGs {G(k)}Kk=1, with each TPG focusing on a subset of the dataset comprising of those
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input sequences that agree on the last token x̄. Concretely, we construct G(k)’s as follows:

1. Split DSET into K subsets {DSET(k)}Kk=1 with DSET(k) containing all input sequences that
end with the same last token x̄ = ek.

2. For each (X, y) ∈ DSET(k) and for all (x, y) pairs in (X, y) where x is the corresponding
token ID of x ∈X, add a directed edge (y → x) to G(k).

An illustration is provided in Fig. 4.3, where we construct two TPGs (G(1) and G(2)) based on
the last tokens (depicted in yellow), and the directed edges are presented as arrows starting
from labels (orange) to input tokens (blue/yellow) within each sequence. Note that nodes of
each G(k) constitute a subset of the indices [K]. The edges in G(k) capture the priorities across
the tokens in an extended data sequence, conditioned on the last token of the input being
x̄ = ek. We will see that if there is a cycle, i.e., y → x and x → y are both directionally
reachable in the graph, then the self-attention learnt via next-token prediction task can
assign comparable priorities to the tokens x and y. In contrast, if y always dominates x,
i.e., y → x is reachable but x ̸→ y, then, when x and y are both present in an input sequence,
self-attention will be learnt to suppress x and select y through an SVM mechanism along
the line of [185].

Strongly-connected components in TPGs.To formalize the aforementioned SVM mech-
anism, we need the notion of strongly-connected components (SCCs). A directed graph is
strongly connected if every node in the graph is reachable from every other node. SCCs of
a directed graph form a partition into subgraphs that are themselves strongly connected.
Given the TPGs {G(k)}Kk=1 associated with the dataset DSET, we can split the directed graph
G(k) into its SCCs, denoted by {C(k)i }Nk

i=1. Note that the number of SCCs in G(k), as denoted
by Nk, is at most the number of nodes in G(k), which is upper bounded by the vocabulary
size K. Furthermore, by definition, different SCCs within a graph consist of distinct nodes,
i.e., C(k)i

⋂ C(k)j = ∅, for i ̸= j. Now, returning to Fig. 4.3, each of the dashed grey rectangle
represents an SCC. G(1)(left) contains four SCCs and therefore, all tokens within the graph
have strict priority orders. In contrast, G(2)(right) consists of two SCCs, with one containing
three nodes. Following the arrows, we can see that all the tokens/nodes within this specific
SCC are directional reachable.

Before formally connecting TPGs and their SCCs to the SVM mechanism that enables
next-token prediction, we introduce some necessary graph-related notation. Given a directed
graph G, for i, j ∈ [K] such that i ̸= j:

• i ∈ G denotes that the node i belongs to G.
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• (i ⇒ j) ∈ G denotes that the directed edge (i → j) is present in G but j → i is not
reachable.

• (i ≍ j) ∈ G means that both two nodes (i, j) are in the same SCC of G.

From the construction, for any two distinct nodes i, j in the same TPG, they either satisfy
(i⇒ j)/(j ⇒ i) or (i ≍ j).

4.2.2 SVM Bias of Self-attention Learning

The main contribution of this paper is to establish the SVM equivalence that captures the
optimization geometry of the next-token prediction problem. We will show that the self-
attention model learnt via either (Algo-GD) or (Algo-RP) converges to the solution of an
SVM defined by the TPGs of the underlying dataset DSET. In particular, given (G(k)k )Kk=1, we
introduce the following SVM formulation:

Wmm = argmin
W
∥W ∥F (Graph-SVM)

s.t. (ei − ej)
⊤Wek

= 0 ∀(i ≍ j) ∈ G(k)

≥ 1 ∀(i⇒ j) ∈ G(k)
for all k ∈ [K].

Fix last token ek, and consider any token IDs i, j ∈ [K], i ̸= j. When (i ⇒ j), token ID
i has a higher priority than j and hence, the SVM problem (Graph-SVM) aims to find a
W such that Wek achieves strictly higher correlation to token embedding ei than ej, that
is, e⊤

i Wek ≥ e⊤
j Wek + 1, and then softmax operation will assign higher probability to the

token i. While if (i ≍ j), there is not strict priority order between i and j, and hence we set
the correlation difference equal to zero to prevent the SVM solution W from distinguishing
them. The existence of the solution Wmm ensures the separability of tokens i’s from the j’s
for all pairs (i ⇒ j) ∈ G(k). Additionally, if for all k ∈ [K], the number of SCCs3 Nk ≤ 1,
then Wmm = 0.

Lemma 4.1 Suppose that the embedding matrix E is full row rank. Then, (Graph-SVM) is
feasible.

Next focusing on the nodes i, j, with (i ≍ j), we introduce the following subspace defini-
tion.

3Note that Nk = 0 implies that within DSET, there is not training sample whose input sequence has ek
as its last token; or equivalently, DSET(k) = ∅.
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Definition 4.1 (Cyclic subspace) Define cyclic subspace Sfin as the span of all matrices
(ei − ej)e

⊤
k for all (i ≍ j) ∈ G(k) and k ∈ [K].

Note that since Wmm satisfies all the “= 0” constraints in (Graph-SVM), if (Graph-SVM)
is feasible and Wmm ̸= 0, Wmm ⊥ Sfin.

4.2.3 Technical Assumptions

In what follows, we work with a few assumptions that will make the optimization landscape
of the underlying learning problem more benign, and we introduce these assumptions along
with their justifications.

Assumption 4.1 For ∀y, k ∈ [K], k ̸= y, c⊤y ey = 1 and c⊤y ek = 0.

This assumption essentially enforces that the rows of the prediction head C are aligned
with the corresponding vocabulary embeddings in E. This is a variation of the weight tying
strategy which is commonly employed in language models [160, 192]. It should be noted that
Assumption 4.1 implies K ≤ d, which further establishes the feasibility of (Graph-SVM) as
demonstrated by Lemma 4.1. Given objective (ERM) and a decreasing loss function ℓ,
our ideal goal is for the attention (4.1) to output ey which minimizes the training risk.
Recall that single-layer self-attention outputs a convex combination of the input tokens
(cf. (4.1)). If tokens are linearly independent, the only way model can output the embedding
ey corresponding to the target label y would be if ey was among the input sequence. This
motivates the following realizability assumption.

Assumption 4.2 For any (X, y) ∈ DSET, the token ey is contained in input sequence X.

In the scenario where (X, y) is not realizable, self-attention would select eŷ ̸= ey and the
SVM formula would be established via separating ŷ from the other tokens in the sequence
instead of the true label y. Additionally, when Assumption 4.1 holds, the model can only
make a random prediction over the output labels (since any output of the self-attention
model would result in the same training risk); consequently, such non-realizable examples
will not play roles in optimizing W , i.e. ∇W ℓ(c⊤yiX

⊤
i S(XiWx̄i)) = 0.

4.3 Global Convergence of Gradient Descent

In this section, we assume the log-loss function, i.e., ℓ(u) = − log(u), and establish the
gradient descent convergence of attention weight W via the convexity of L(W ). Note that
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although loss function ℓ is convex and the classification head is linear, due to the non-
convexity of softmax, the convexity of L(W ) is not immediately clear. Towards this, we
introduce the following lemma:

Lemma 4.2 Suppose Assumptions 4.1 and 4.2 hold and consider the log-loss ℓ(u) =

− log(u), then L(W ) is convex. Furthermore, L(W ) is strictly convex on Sfin.

Let (X, y) ∈ DSET be any sample and set γt = c⊤y xt. Assumption 4.1 guarantees that
γt = 1 when xt = y, otherwise γt = 0. Consider the attention output c⊤y X

⊤S(XWx̄)

(cf. (ERM)) and let softmax probabilities be st = S(XWx̄)t, where
∑

t st = 1. Then, the
loss of this single sample X is ℓ(γ̄) where γ̄ =

∑
t γtst =

∑
xt=y

st. Given log-loss, note
that when γ̄ → 0+, − log(γ̄) results in the infinite loss, which suggests that, once attention
weight W diverges to saturate the softmax probability, the finite training risk is achievable
only when st ̸→ 0 for all t satisfying xt = y. Given different label y for different input and
recalling the SCC definition in Section 4.2.1, attention selects all xt’s within the same SCC
as y. The following result characterizes the global directional convergence of the GD iterates
to the solution of (Graph-SVM).

Theorem 4.2 Consider a dataset DSET and suppose Assumptions 4.1 and 4.2 hold. Set loss
function as ℓ(u) = − log(u). Let Wmm∈ S⊥

fin be the solution of (Graph-SVM). Starting from
any W (0) with constant step size η, the algorithm Algo-GD satisfies limτ→∞ ∥W (τ)∥F =∞
and

lim
τ→∞

ΠSfin(W (τ)) = W fin. (4.2)

Here W fin is the unique finite minima of the loss L̃(W ) := limR→∞ L(W +R ·Wmm) over
Sfin. Additionally, if Wmm ̸= 0,

lim
τ→∞

W (τ)

∥W (τ)∥F
=

Wmm

∥Wmm∥F
.

Otherwise, ΠS⊥
fin
(W (τ)) remains unchanged throughout the optimization.

This theorem demonstrates the directional convergence of attention weight W , and the limits
imply the decomposition W (τ) ≈ C(τ) ·Wmm + W fin for an appropriate C(τ) > 0 with
limτ→∞C(τ) = ∞. Note that, for directional convergence to happen, we need Wmm ̸= 0

which happens if and only if (Graph-SVM) has “ ≥ 1′′ constraints. That is, the token
graph contains a strict priority order. This is consistent with our Theorem 4.1 where Wmm

corresponds to the hard retrieval component (Whard) that selects the high-priority tokens

70



0 1000 2000 3000 4000
Iterations

0.0

0.2

0.4

0.6

0.8

1.0
Co

rre
la

tio
n 

co
ef

fic
ie

nt

Iterations (τ)

C
or

re
la

ti
on

co
effi

ci
en

t

(a) Evolution of W (τ)
∥W (τ)∥F

→ Wmm

∥Wmm∥F

0 1000 2000 3000 4000
Iterations

0.0

0.1

0.2

0.3

0.4

0.5

No
rm

 d
iff

er
en

ce
 S

qu
ar

e

Iterations (τ)

∥Ŵ
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Figure 4.4: GD convergence of attention weight W when
training with general dataset. (a) shows the directional con-
vergence of W (τ); while (b) presents the convergence of
ΠSfin(W (τ)).
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Figure 4.5: GD convergence
of W when training with
acyclic dataset (Def. 4.2).
Correlation coefficient be-
tween W (τ) and Wmm are
presented.

and W fin is the soft composition component (Wsoft) that determines the softmax probability
assignments among these selected tokens. Importantly, this is a global convergence result
thanks to the convexity of the optimization problem, which is enabled by the log likelihood
optimization combined with Assumption 4.1. In Section 4.5, we will demonstrate that global
convergence of gradient descent does not hold in general.

To illustrate Theorem 4.2, we conduct experiments with results presented in Fig-
ure 4.4. We create embedding tables with K = 6, d = 8 and randomly generate dataset
with n = 6, T = 4. Here we choose step size η = 0.01 and perform the normal-
ized gradient descent method to accelerate the increase in the norm of attention weight,
so that softmax can easily saturate. Specifically, we update attention weight W via
W (τ+1) = W (τ)−η ∇L(W (τ))

∥∇L(W (τ))∥F
. At each iteration τ , correlation coefficient is computed by

⟨W (τ),Wmm⟩ /(∥W (τ)∥F∥Wmm∥F ), and results averaged over 100 random instances are
displayed in Fig. 4.4a, which end in correlation ≈ 0.987 after training with 4000 iterations.
In addition to the directional convergence of W (τ), we also verify the convergence of finite
component by tracking the matrix distance ∥Ŵ fin −W fin∥F where Ŵ fin = ΠSfin(W (τ)),
and results are displayed in Fig. 4.4b, which obtains < 0.01 final distance. Both results
validate our Theorem 4.2.

4.4 Implicit Bias of Self-attention

In Section 4.3, we have discussed that gradient descent with log loss guarantees the global
convergence. To proceed, in this section, we discuss the implicit bias of attention via analysis
of regularization path (RP) as employed in Algo-RP and identify the implicit bias of self-
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attention on more general next-token prediction problems.

Theorem 4.3 Consider any dataset DSET and suppose Assumptions 4.1 and 4.2 hold. Ad-
ditionally, assume loss ℓ : R → R is strictly decreasing and |ℓ′| is bounded. Let Wmm∈ S⊥

fin

be the solution of (Graph-SVM) and suppose Wmm ̸= 0. Then the solution of regularization
path Algo-RP obeys

lim
R→∞

W̄R

R
=

Wmm

∥Wmm∥F
and lim

R→∞
ΠSfin(W̄R) ∈ Wfin.

Here Wfin = argminW∈Sfin limR→∞ L(W +R ·Wmm) and we assume that Wfin is a bounded
set.

Here, we allow more general loss function ℓ which is different from the log-loss employed in
Section 4.3, and the ERM problem (cf. (ERM)) is not guaranteed to be convex.

4.4.1 Acyclic Dataset

Below, in contrast, we introduce the concept of acyclic dataset which implies that the next-
token prediction task always encounters a strict priority order among tokens within each
TPG. This corresponds to the setting where all SCCs ((C(k)i )Nk

i=1)
K
k=1 are all singletons; or

equivalently, DSET = ∅.

Definition 4.2 (Acyclic dataset) We call DSET acyclic if all of its TPGs are directed
acyclic graphs.

For an acyclic dataset, there are not i, j ∈ [K] satisfying (i ≍ j) ∈ G(k), for all k ∈ [K].
Thus, SVM formulation (Graph-SVM) reduces to the following simpler form:

Wmm = argmin
W
∥W ∥F (Acyc-SVM)

s.t. (ei − ej)
⊤Wek ≥ 1 ∀(i⇒ j) ∈ G(k), k ∈ [K].

We next make the following assumption on the linear head. Notably, Assumption 4.1 is
a special case of Assumption 4.3.

Assumption 4.3 For ∀y ∈ [K], argmaxk∈[K] c
⊤
y ek = y.

Lemma 4.3 Consider acyclic dataset DSET per Def. 4.2 and suppose Assumptions 4.2 and
4.3 hold. Additionally, assume loss function ℓ is strictly decreasing and |ℓ′| is bounded. Then
for any finite W ∈ Rd×d, training risk obeys L(W ) > L⋆ := 1

n

∑n
i=1 ℓ(c

⊤
yi
eyi). Additionally,
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Figure 4.6: Squared loss & general classifier
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Figure 4.7: Cross-entropy & general classifier

if (Acyc-SVM) is feasible, then for any W that satisfies the constraints in (Acyc-SVM),
limR→∞ L(R ·W ) = L⋆.

Assumption 4.3 and Lemma 4.3 ensure that the best way for attention to make a correct
prediction on class k is to output the vector ek, i.e., fW (X) = ek. The next theorem
states the directional bias of self-attention on the acyclic dataset towards the solution of
(Acyc-SVM).

Theorem 4.4 Suppose DSET is acyclic per Definition 4.2 and Assumptions 4.2 and 4.3
hold. Additionally, assume loss ℓ : R→ R is strictly decreasing and |ℓ′| is bounded. Suppose
(Acyc-SVM) is feasible with Wmm denoting its solution. Then, Algorithm Algo-RP satisfies

lim
R→∞

W̄ (R)

R
=

Wmm

∥Wmm∥F
.

Recall that a dataset being acyclic implies that there is strict priority order among all tokens
in each TPG. Theorem 4.4 establishes the implicit bias of self-attention model for next-token
prediction problem in the presence of such strict priority order. It demonstrates that once the
SVM problem (Acyc-SVM) is feasible, the regularized path of optimizing (ERM) converges
directionally toward it solution Wmm.

Following the same implementation setting as in Section 4.3, in Fig. 4.5, we again conduct
100 trials but with randomly generated acyclic dataset DSET under the setting of K = d =

8, n = 4 and T = 6. The results averaged over 100 random instances are presented in
Fig. 4.5 with correlation coefficient exceeds 0.99 after training with 4000 iterations. Note that
in these experiments, log-loss is employed as loss function and Assumption 4.1 is satisfied
which guarantee the convexity of L(W ) following Lemma 4.2 and hence, the connection
between Algo-GD and Algo-RP is built by [87].
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4.5 Further Investigation on Local Convergence

So far, we have proved the global GD convergence of attention weight when one employs
the log-loss (Section 4.3) and studied the implicit bias of self-attention over next-token
prediction problem using RP analysis (Section 4.4). In this section, we investigate further
on the convergence performance of GD and ask:

When does GD exhibit local convergence rather than global? Can we characterize its
implicit bias?

Convergence performance of learning 1-layer attention has been analyzed in the previous
work [185, 186], and they have observed the local convergence phenomenon, and also provided
the theoretical explanation and empirical evidence. Inspired by their work, we define the
pseudo TPGs for obtaining locally-optimal SVM equivalence W̃ svm and cyclic component
W̃ fin as follows:

1. Given any dataset DSET, consider GD solution Wgd. For each training example (X, y) ∈
DSET, let s = S(XWgdx̄).

2. Construct TPGs based on s by adding directed edge (xt1 → xt2) to G(k) if st1 > 0,
where k, xt are the token IDs of last token and xt, respectively.

Different from the TPGs defined in Section 4.2.1 which is uniquely determined by the dataset
and the ground truth labels, pseudo-TPGs build edges based on the tokens selected by GD
solution Wgd. To further investigate under which scenarios local convergence phenomenon
exists, we consider the following cases and provide experimental evidence.

General loss function ℓ. In Section 4.3, we analyze the convergence performance of
gradient descent when employing log-loss. As we have discussed, such loss guarantees the
convexity of the problem and therefore, GD of attention weight (directional) converges to
its global minima. Here, we investigate the performance of more general loss function, i.e.,
squared loss, and find empirical evidence of local convergence (Figures 4.6 and 4.7).

Extended linear head. In this work, GD experiments are conducted under Assump-
tions 4.1 and 4.2, which implies the convex training loss L(W ) and global convergence
performance. Now consider a more general linear head (i.e., Assumption 4.3). As have
also been observed and discussed in [185, 186], Algo-GD can converge to a locally-optimal
solution.

Figures 4.6 and 4.7 display our local convergence results where Fig. 4.6 employs squared
loss, i.e. ℓ(u) = (1 − u)2 and Fig. 4.7 utilizes cross-entropy loss. Both apply general head
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following Assumption 4.3. Similar to Fig. 4.4, we present (directional) convergence perfor-
mance of W towards Wmm and W fin. Results indicate that instead of converging to the
global solution (blue curves), attention weights trained via GD align more closely with the
locally-optimal SVM solution defined via the pseudo TPGs constructed by Wgd (orange
curves). In Fig. 4.6b, the norm difference to W̃ fin remains zero, indicating that all SCCs in
the pseudo TPGs are singleton and GD optimizes attention weights towards selecting one
token per sequence. While in Fig. 4.7, multiple tokens can be selected by Wgd. Note that
in Fig. 4.7b, the norm of difference does not end with zero value on average. The potential
explanations can be: Due to the non-convexity of training loss, training W with GD may
not fully capture its RP solution W̃ fin over the cyclic subspace, and general classification
head induces correlation among tokens, leading the attention mechanism to generate more
intricate composed tokens. Nevertheless, our empirical results indicate that W more closely
aligns with the local W̃ fin within its cyclic subspace. We defer a rigorous definition of local
W̃ fin and guarantees related to gradient descent for future exploration. Experimental details
are deferred to the appendix.
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CHAPTER 5

Optimization Landscape of Linear Attention and
State Space Models
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Figure 5.1: We investigate the optimization landscape of in-context learning from the lens of
architecture choice, the role of distributional alignment, and low-rank parameterization. The
empirical performance (solid curves) are aligned with our theoretical results (dotted curves)
from Section 5.3. More experimental details and discussion are deferred to Section 5.4.

5.1 Introduction

In-context learning (ICL) ability presents an important research avenue to develop stronger
theoretical and mechanistic understanding of large language models. There has been signif-
icant recent interest in demystifying ICL through the lens of function approximation [125],
Bayesian inference [71, 137, 208], and learning and optimization theory [3, 52, 129, 214].
The latter is concerned with understanding the optimization landscape of ICL, which is also
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crucial for understanding the generalization properties of the model. A notable result in this
direction is the observation that linear attention models [3, 172, 196] implement precondi-
tioned gradient descent (PGD) during ICL [3, 130]. While this line of works provide a fresh
perspective to ICL, the existing studies do not address many questions arising from real-life
applications nor provide guiding principles for various ICL setups motivated by practical
considerations.

To this aim, we revisit the theoretical exploration of ICL with linear data model where
we feed an in-context prompt containing n examples (xi, yi = x⊤

i β + ξi)
n
i=1 ⊂ Rd ×R and a

test instance or query xn+1 ∈ Rd to the model, with d being the feature dimension, β ∈ Rd

being the task weight vector, and (ξi)
n
i=1 denoting the noise in individual labels. Given the

in-context prompt, the model is tasked to predict ŷn+1 – an estimate for yn+1 = x⊤
n+1β+ξn+1.

We aim to provide answers to the following questions by exploring the loss landscape of ICL:

(Q1) Is the ability to implement gradient-based ICL unique to (linear) attention? Can al-
ternative sequence models implement richer algorithms beyond PGD?

(Q2) In language modeling, ICL often works well with few-shot samples whereas standard
linear estimation typically requires O(d) samples. How can we reconcile this discrep-
ancy between classical learning and ICL?

(Q3) To our knowledge, existing works assume linear-attention is fully parameterized, i.e., key
and query projections Wk,Wq ∈ Rd×d. What happens when they are low-rank? What
happens when there is distribution shift between training and test in-context prompts
and we use LoRA [81] for adaptation?

In this work, we conduct a careful investigation of these questions. Specifically, we focus
on ICL with 1-layer models and make the following contributions:

(A1) We jointly investigate the landscape of linear attention and H3 [57], a widely pop-
ular state-space model (SSM). We prove that under correlated design, both models
implement 1-step PGD (c.f. Proposition 5.1) and the alignments in Fig. 5.1a verify
that where the dotted curve represents the theoretical PGD result derived from The-
orem 5.1. Our analysis reveals that the gating mechanism in H3 imitates attention.
We also empirically show that H3 has the advantage of implementing sample-weighting
which allows it to outperform linear attention in temporally-heterogeneous problem
settings in Appendix D.4.

(A2) Proposition 5.1 allows for task and features to be correlated to each other as long as
odd moments are zero. Through this, we can assess the impact of distributional align-
ment on the sample complexity of ICL. Specifically, we characterize the performance
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of Retrieval Augmented Generation (RAG) (c.f. Theorem 5.2 and Fig. 5.1b) and Task-
Feature Alignment (c.f. Theorem 5.3), where the in-context examples are α-correlated
with either the query or the task vector. For both settings, we prove that alignment
amplifies the effective sample size of ICL by a factor of α2d+1, highlighting that aligned
data are crucial for the success of ICL in few-shot settings.

(A3) We show that, under low-rank parameterization, optimal attention-weights still imple-
ments PGD according to the truncated eigenspectrum of the fused task-feature covari-
ance (see Section 5.3.2). We similarly derive risk upper bounds for LoRA adaptation
(c.f. Eq. (5.14) and Fig. 5.1c), and show that, these bounds accurately predict the
empirical performance.

5.2 Preliminaries and Problem Setup

Notation. Let bold lowercase and uppercase letters (e.g., x and X) represent vectors
and matrices, respectively. The symbol ⊙ is defined as the element-wise (Hadamard) prod-
uct, and ∗ denotes the convolution operator. 1d and 0d denote the d-dimensional all-ones
and all-zeros vectors, respectively; and Id denotes the identity matrix of dimension d × d.
Additionally, let tr (W ) denote the trace of the square matrix W .

As mentioned earlier, we study the optimization landscapes of 1-layer linear attention [92,
172] and H3 [57] models when training with prompts containing in-context data following a
linear model. We construct the input in-context prompt similar to [3, 129, 214] as follows.

Linear data distribution. Let (x, y) ∈ Rd × R be a (feature, label) pair generated by a
d-dimensional linear model parameterized by β ∈ Rd, i.e., y = x⊤β + ξ, where x and β are
feature and task vectors, and ξ is the label noise. Given demonstrations (xi, yi)n+1

i=1 sampled
from a single β, define the input in-context prompt

Z = [z1 . . . zn zn+1]
⊤ =

[
x1 . . . xn xn+1

y1 . . . yn 0

]⊤
∈ R(n+1)×(d+1). (5.1)

Here, we set zi =

[
xi

yi

]
for i ≤ n and the last/query token zn+1 =

[
xn+1

0

]
. Then, given Z,

the goal of the model is to predict the correct label yn+1 corresponding to xn+1. For cleaner
notation, when it is clear from context, we drop the subscript n+ 1 and set x = xn+1, z =

zn+1. Different from the previous work [3, 129, 214, 130] where (xi)
n+1
i=1 and β are assumed
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to be independent, our analysis focuses on a more general linear setting that captures the
dependency between (xi)

n+1
i=1 and β.

Model architectures. To start with, we first review the architectures of both Trans-
former and state-space model (SSM). Similar to the previous work [196, 3, 129, 214] and
to simplify the model structure, we focus on single-layer models and omit the nonlinearity,
e.g., softmax operation and MLP activation, from the Transformer. Given the input prompt
Z ∈ R(n+1)×(d+1) in (5.1), which can be treated as a sequence of (d+ 1)-dimensional tokens,
the single-layer linear attention att and H3-like single-layer SSM ssm are denoted by

att(Z) = (ZWqW
⊤
k Z⊤)ZWv (5.2a)

ssm(Z) = ((ZWq)⊙ ((ZWk ⊙ZWv) ∗ f)) (5.2b)

where Wk, Wq, Wv ∈ R(d+1)×(d+1) denote the key, query and value weight matrices, respec-
tively. In (5.2b), the parameter f ∈ Rn+1 is a 1-D convolutional filter that mixes tokens. The
Hadamard product ⊙ is the gating mechanism [41] between key and query channels, which is
crucial for attention-like feature creation. Thus, (5.2b) is more generally a gated-convolution
layer. For f only, we use indexing f = [f0 . . . fn]

⊤ ∈ Rn+1 and given any vector a, denote
convolution output (a ∗ f)i =

∑i
j=1 fi−jaj. Note that our notation slightly differs from the

original H3 model [57] in two ways:

1. SSMs provide efficient parameterization of f which would otherwise grow with sequence
length. In essence, H3 utilizes a linear state-space model si = Asi−1+Bui and yi = Csi

with parameters (A ∈ Rd×d,B ∈ Rd×1,C ∈ R1×d) from which the filter f is obtained
via the impulse response fi = CAiB for i ≥ 0. Here d is the state dimension and, in
practice, A is chosen to be diagonal. Observe that, setting d = 1 and A = ρ,C = B = 1,
SSM reduces to the exponential smoothing fi = ρi for i ≥ 0. Thus, H3 also captures the
all-ones filter as a special instance. As we show in Proposition 5.1, this simple filter is
optimal under independent data model and exactly imitates linear attention. Note that,
utilizing a filter f as in (5.2b) is strictly more expressive than the SSM as it captures
all possible impulse responses.

2. H3 also applies a shift SSM to the key embeddings to enable the retrieval of the local
context around associative recall hits. We opted not to incorporate this shift operator in
our model. This is because unless the features of the neighboring tokens are correlated
(which is not the case for the typical independent data model), the entry-wise products
between values and shifted keys will have zero mean and be redundant for the final
prediction.
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We note that we conduct all empirical evaluations with the original H3 model, which displays
exact agreement with our theory formalized for (5.6b), further validating our modeling choice.

5.2.1 In-context Linear Estimation

We will next study the algorithms that can be implemented by the single-layer attention and
state-space models. Through this, we will show that training att and ssm with linear ICL data
is equivalent to the prediction obtained from one step of optimally-preconditioned gradient
descent (PGD) and sample-weighted preconditioned gradient descent (WPGD), respectively.
We will further show that under mild assumption, the optimal sample weighting for ssm
(e.g., f) is an all-ones vector and therefore, establishing the equivalence among PGD, att,
and ssm.
Background: 1-step gradient descent. Consider minimizing squared loss and solving
linear regression using one step of PGD and WPGD. Given n samples (xi, yi)

n
i=1, define

X = [x1 · · · xn]⊤ ∈ Rn×d and y = [y1 · · · yn]⊤ ∈ Rn.

Starting from β0 = 0d and letting η = 1/2 be the step size, a single-step GD preconditioned
with weights W returns prediction

ŷ = x⊤WX⊤y := gpgd(Z), (5.3)

and a single-step sample-weighted GD given weights ω ∈ Rn and W ∈ Rd×d returns predic-
tion

ŷ = x⊤WX⊤(ω ⊙ y) := gwpgd(Z), (5.4)

where Z is defined in (5.1) consisting of X,y and x. Our goal is to find the optimal W , as
well as ω in (5.4) that minimize the population risks defined as follows.

min
W
Lpgd(W) where Lpgd(W) = E

[
(y − gpgd(Z))2

]
, (5.5a)

min
W ,ω
Lwpgd(W) where Lwpgd(W) = E

[
(y − gwpgd(Z))2

]
. (5.5b)

Here, the expectation is over the randomness in (xi, ξi)
n+1
i=1 and β, and we useW to represent

the set of corresponding trainable parameters. The search spaces for ω and W are Rn and
Rd×d, respectively.

As per (5.2), given input prompt Z ∈ R(n+1)×(d+1), either of the underlying models
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outputs a (n + 1)-length sequence. Note that the label for the query x = xn+1 is excluded
from the prompt Z. Similar to [3, 129], we consider a training objective with a causal mask
to ensure inputs cannot attend to their own labels and training can be parallelized. Let
Z0 = [z1 . . . zn 0]⊤ be the features post-causal masking at time/index n+1. Given weights

Wk,Wq,Wv and the filter f for ssm, predictions at the query token z =

[
x

0

]
take the

following forms following sequence-to-sequence mappings in (5.2):

gatt(Z) = (z⊤WqW
⊤
k Z⊤

0 )Z0Wvv,

gssm(Z) =
(
(z⊤Wq)

⊤ ⊙ ((Z0Wk ⊙Z0Wv) ∗ f)n+1

)
v,

where v ∈ Rd+1 is the linear prediction head and ((Z0Wk ⊙Z0Wv) ∗ f)n+1 returns the last
row of the convolution output. Note that SSM can implement the mask by setting f0 = 0.
Now consider the meta learning setting and select loss function to be the squared loss, same
as in (5.5). Thus, the objectives for both models take the following forms.

min
Wk,Wq ,Wv ,v

Latt(W) where Latt(W) = E
[
(y − gatt(Z))2

]
, (5.6a)

min
Wk,Wq ,Wv ,v,f

Lssm(W) where Lssm(W) = E
[
(y − gssm(Z))2

]
. (5.6b)

Here, similarly, the expectation subsumes the randomness of (xi, ξi)n+1
i=1 and β and W rep-

resents the set of trainable parameters. The search space for matrices Wk, Wq, Wv is
R(d+1)×(d+1), for head v is Rd+1, and for f is Rn+1.

Note that for all the optimization methods (c.f. (5.5), (5.6)), to simplify the analysis,
we train the models without capturing additional bias terms. Therefore, in the following,
we introduce the centralized data assumptions such that the models are trained to make
unbiased predictions.

To begin with, a cross moment of random variables is defined as the expectation of a
monomial of these variables, with the order of the cross moment being the same as order
of the monomial. For example, E[x⊤Wβ] is a sum of cross-moments of order 2. Then, it
motivates the following data assumptions.

Assumption 5.1 All cross moments of the entries of (xi)
n+1
i=1 and β with odd orders are

zero.

Assumption 5.2 The label noise (ξi)
n+1
i=1 are independent of (xi)n+1

i=1 and β, and their cross
moments with odd orders are zero.

Note that compared to [3, 129, 214], Assumption 5.1 is more general which also subsumes the
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dependent distribution settings. In this work, we consider the following three linear models
(omitting noise) satisfying Assumption 5.1. Let Σβ,Σx ∈ Rd×d represent the task and
feature covariance matrices for independent data, and let 0 ≤ α ≤ 1 be the correlation level
when considering data dependency. More specific discussions are deferred to Section 5.3.

• Independent task and data: β ∼ N (0,Σβ), xi ∼ N (0,Σx), for all 1 ≤ i ≤ n+ 1.

• Retrieval augmented generation: β,x ∼ N (0, Id), xi
∣∣ x ∼ N (αx, (1 −

α2)Id), for all 1 ≤ i ≤ n.

• Task-feature alignment: β ∼ N (0, Id), xi
∣∣ β ∼ N (αβ, Id), for all 1 ≤ i ≤ n+ 1.

Next, we introduce the following result which establishes the equivalence among optimiz-
ing 1-layer linear attention (c.f. (5.6a)), 1-layer H3 (c.f. (5.6b)), and 1-step gradient descent
(c.f. (5.5)).

Proposition 5.1 Suppose Assumptions 5.1 and 5.2 hold. Consider the objectives as defined
in (5.5) and (5.6), and let L⋆pgd, L⋆wpgd, L⋆att, and L⋆ssm be their optimal risks, respectively.
Then,

L⋆pgd = L⋆att and L⋆wpgd = L⋆ssm.

Additionally, if the examples (xi, yi)
n
i=1 follow the same distribution and are conditionally

independent given x,β, then SSM/H3 can achieve the optimal loss using the all-ones filter
and L⋆pgd = L⋆ssm.

We defer the proof to Appendix D.1.1. Proposition 5.1 establishes that analyzing the
optimization landscape of ICL for both single-layer linear attention and the H3 model can be
effectively reduced to examining the behavior of a one-step PGD algorithm. Notably, under
the independent, RAG and task-feature alignment data settings discussed above, examples
(xi, yi)

n
i=1 are independently sampled given x and β, and we therefore conclude that L⋆pgd =

L⋆att = L⋆ssm. Leveraging this result, the subsequent section of the paper concentrate on
addressing (5.5a), taking into account various linear data distributions.

While Proposition 5.1 demonstrates the equivalence of optimal losses, we also study the
uniqueness and equivalence of optimal prediction functions. To this end, we analyze the
strong convexity of Lpgd(W) and derive the subsequent lemmas.

Lemma 5.1 Suppose Assumption 5.2 holds and let ξ = [ξ1 ξ2 · · · ξn]⊤. Then the loss
Lpgd(W) in (5.5a) is strongly-convex if and only if E[(x⊤WX⊤Xβ)2] +E[(x⊤WX⊤ξ)2] is
strongly-convex. Additionally, let g⋆pgd, g⋆att be the optimal prediction functions of (5.5a) and
(5.6a). Then under the conditions of Assumptions 5.1 and 5.2, and the strong convexity,
g⋆pgd = g⋆att.
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Lemma 5.2 Suppose that the label noise (ξi)
n
i=1 are i.i.d., zero-mean, variance σ2 and in-

dependent of everything else, and that there is a decomposition x = x1 +x2, X = X1 +X2,
and β = β1 + β2 such that either of the following holds

• σ > 0, and (x1,X1) have full rank covariance and are independent of each other and
(x2,X2).

• (x1,β1,X1) have full rank covariance and are independent of each other and (x2,β2,X2).

Then, the loss Lpgd(W) in (5.5a) is strongly-convex.

As mentioned above, in this work, we study three specific linear models: with general inde-
pendent, RAG-related, and task-feature alignment data. Note that for all the three cases,
according to Proposition 5.1, we have L⋆pgd = L⋆att = L⋆ssm. Additionally, the second claim
in Lemma 5.2 holds, and Lpgd(W) is strongly convex. Therefore, following Lemma 5.1, we
have g⋆pgd = g⋆att. Thanks to the equivalence among PGD, att, and ssm, in the next section,
we focus on the solution of objective (5.5a) under different scenarios, which will reflect the
optimization landscapes of att and ssm models.

5.3 Main Results

In light of Proposition 5.1, optimizing a single layer linear-attention or H3 model is equivalent
to solving the objective (5.5a). Therefore, in this section, we examine the properties of the
one-step PGD in (5.5a). To this end, we consider multiple problem settings, including distinct
data distributions and low-rank training. The latter refers to the scenario where the key and
query matrices have rank restrictions, e.g., Wk,Wq ∈ R(d+1)×r, as well as LoRA-tuning when
adapting the model under distribution shift.

5.3.1 Analysis of Linear Data Models

We first consider the standard independent data setting. We will then examine correlated
designs.
Independent data model. Let Σx and Σβ be the covariance matrices of the input feature
and task vectors, respectively, and σ ≥ 0 be the noise level. We assume

β ∼ N (0,Σβ), xi ∼ N (0,Σx), ξi ∼ N (0, σ2), 1 ≤ i ≤ n+ 1 (5.7)

and the label is obtained via yi = x⊤
i β + ξi. Our following result characterizes the opti-

mal solution of (5.5a). Note that the data generated from (5.7) satisfies the conditions in
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Proposition 5.1. Therefore, the same results can be applied to both linear-attention and H3
models.

Theorem 5.1 Consider independent linear data as defined in (5.7), and suppose the co-
variance matrices Σx,Σβ are full rank. Recap the objective from (5.5a) and let W⋆ :=

argminW Lpgd(W ), and L⋆ = Lpgd(W⋆). Additionally, let Σ = Σ1/2
x ΣβΣ

1/2
x and M =

tr (Σ) + σ2. Then Wmm and L⋆ satisfy

W⋆ = Σ−1/2
x W̄⋆Σ

−1/2
x and L⋆ =M − ntr

(
ΣW̄⋆

)
, (5.8)

where we define W̄⋆ =
(
(n+ 1)Id +MΣ−1

)−1.

Corollary 5.1 Consider noiseless i.i.d. linear data where Σx = Σβ = Id and σ = 0. Then,
the objective in (5.5a) returns

W⋆ =
1

n+ d+ 1
Id and L⋆ = d− nd

n+ d+ 1
.

See Appendix D.2.2 for proofs. Note that Theorem 5.1 is consistent with prior work [3, The-
orem 1] when specialized to isotropic task covariance, i.e., Σβ = Id. However, their result
is limited as the features and task are assumed to be independent. This prompts us to ask:
What is the optimization landscape with correlated in-context samples? Toward this, we con-
sider the following RAG-inspired and task-feature alignment models, where Assumptions 5.1
and 5.2 continue to hold and Proposition 5.1 applies.
Retrieval augmented generation. To provide a statistical model of the practical RAG
approaches, given the query vector xn+1 = x, we propose to draw ICL demonstrations that
are similar to x with the same shared task vector β. Modeling feature similarity through
the cosine angle, RAG should sample the ICL examples xi, i ≤ n, from the original feature
distribution conditioned on the event cos(xi,x) ≥ α where α is the similarity threshold.
As an approximate proxy, under the Gaussian distribution model, we assume that β ∼
N (0, Id), x ∼ N (0, Id) and that RAG samples α-correlated demonstrations (xi, yi)

n
i=1 as

follows:

xi
∣∣ x ∼ N (αx, (1− α2)Id), ξi ∼ N (0, σ2) and yi = x⊤

i β + ξi, 1 ≤ i ≤ n. (5.9)

Note that the above normalization ensures that the marginal feature distribution remains
N (0, Id). The full analysis of RAG is provides in Appendix D.2.3. Specifically, when we
carry out the analysis by assuming α = O(1/

√
d) and d/n = O(1) where O(·) denotes

proportionality, our derivation leads to the following result:
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Theorem 5.2 Consider linear model as defined in (5.9). Recap the objective from (5.5a)
and let W⋆ := argminW Lpgd(W ), and L⋆ = Lpgd(W⋆). Additionally, let κ = α2d + 1 and
suppose α = O(1/

√
d), d/n = O(1) and d is sufficiently large. Then Wmm and L⋆ have

approximate forms

W⋆ ≈
1

κn+ d+ σ2
Id and L⋆ ≈ d+ σ2 − κnd

κn+ d+ σ2
. (5.10)

Here, (5.10) is reminiscent of Corollary 5.1 and has a surprisingly clean message. Observe
that, α2d + 1 is the dominant multiplier ahead of n in both equations. Thus, we deduce
that, RAG model follows the same error bound as the independent data model, however, its
sample size is amplified by a factor of α2d + 1. α = 0 reduces to the result of Corollary 5.1
whereas we need to set α = O(1/

√
d) for constant amplification. When α = 1, RAG achieves

the approximate risk L⋆ ≈ 2+σ2, where the constant bias is due to the higher order moments
(e.g., the 4’th and 6’th moments) of the standard Gaussian distribution. As d increases, the
normalized loss L⋆/d → 0. The full analysis of its optimal solution W⋆ and loss L⋆ are
deferred Theorem D.1 in Appendix D.2.3.
Task-feature alignment. We also consider another dependent data setting where task and
feature vectors are assumed to be correlated. This dataset model has the following motiva-
tion: In general, an LLM can generate any token within the vocabulary. However, once we
specify the task (e.g. domain of the prompt), the LLM output becomes more deterministic
and there are much fewer token candidates. For instance, if the task is “Country”, “France”
is a viable output compared to “Helium” and vice versa when the task is “Chemistry”. For-
mally speaking, this can be formalized as the input x having a diverse distribution whereas
it becomes more predictable conditioned on β. Therefore, it can be captured through a
linear model by making the conditional covariance of x

∣∣ β to be approximately low-rank.
This formalism can be viewed as a spectral alignment between input and task, which is also
well-established in deep learning both empirically and theoretically [109, 6, 24, 26]. Here, we
consider such a setting where the shared task vector is sampled as standard Gaussian distri-
bution β ∼ N (0, Id) and letting κ = α2d+1, we sample the α-correlated ICL demonstrations
(xi, yi)

n+1
i=1 as follows:

xi
∣∣ β ∼ N (αβ, Id), ξi ∼ N (0, σ2) and yi = κ−1/2x⊤

i β + ξi, 1 ≤ i ≤ n+ 1. (5.11)

Above, κ−1/2 is a normalization factor to ensure that label variance remains invariant to
α. To keep the exposition cleaner, we defer the full analysis of its optimal solution W⋆

and loss L⋆ to Theorem D.2 in Appendix D.2.4. Similar to the RAG setting, by assuming
α = O(1/

√
d) and d/n = O(1), we obtain the following results for the optimal parameter
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and risk.

Theorem 5.3 Consider linear model as defined in (5.11). Recap the objective from (5.5a)
and let W⋆ := argminW Lpgd(W ), and L⋆ = Lpgd(W⋆). Additionally, given κ = α2d + 1

and suppose α = O(1/
√
d), d/n = O(1) and d is sufficiently large. Then Wmm and L⋆ have

approximate forms

W⋆ ≈
1

κn+ (d+ σ2)/κ
Id and L⋆ ≈ d+ σ2 − κnd

κn+ (d+ σ2)/κ
. (5.12)

Similar to (5.10), (5.12) contains κ = α2 + 1 multiplier ahead of n, which reduces the in-
context sample complexity and setting α = 0 reduces to the results of Corollary 5.1.

5.3.2 Low-rank Parameterization and LoRA

In this section, we investigate training low-rank models, which assume Wk,Wq ∈ R(d+1)×r

where r is the rank restriction. Equivalently, we consider objective (5.5a) under condition
rank(W ) = r.

Lemma 5.3 Consider independent linear data as defined in (5.7). Recap the objective from
(5.5a) and enforce rank(W ) ≤ r and W⊤ = W . Let Σ = Σ1/2

x ΣβΣ
1/2
x and M = tr (Σ)+σ2.

Denoting λi to be the i’th largest eigenvalue of Σ, we have that

min
rank(W )≤r,W=W⊤

L(W ) =M −
r∑
i=1

nλ2i
(n+ 1)λi +M

. (5.13)

Note that tr (Σ) =
∑d

i=1 λi. Removing the rank constraint and considering noiseless data
setting, this reduces to the following optimal risk L⋆ =

∑d
i=1

λi+M
n+1+M/λi

. See Appendix D.3.1
for more details.
Impact of LoRA: Based on the above lemma, we consider the impact of LoRA for adapting
the pretrained model to a new task distribution under jointly-diagonalizable old and new
eigenvalues of Σ, Σnew, (λi)di=1, (λ

new
i )di=1. Consider adapting LoRA matrix to the combined

key and value weights in attention, which reflects minimizing the population loss L̃(Wlora) :=

L(W +Wlora) in (5.5a) with fixed W . Suppose tr (Σ) = tr (Σnew) = M , σ = 0 and W is
jointly diagonalizable with Σ, Σnew, then LoRA’s risk is upper-bounded by

min
rank(Wlora)≤r

L̃(Wlora) ≤ min
|I|≤r,I⊂[d]

(∑
i ̸∈I

λi +M

n+ 1 +M/λi
+
∑
i∈I

λnewi +M

n+ 1 +M/λnewi

)
. (5.14)
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Figure 5.2: Empirical evidence validates Theorem 5.1 and Proposition 5.1. We train 1-
layer linear attention and H3 models with prompts containing independent demonstrations
following a linear model, and dotted curves are the theory curves following Eq. (5.8). (a):
We consider noiseless i.i.d. setting where Σx = Σβ = Id and σ = 0, with results presented
in red (attention) and blue (H3) solid curves. (b): We conduct noisy label experiments
by choosing σ ̸= 0. (c): Consider non-isotropic task by setting Σβ = γ11⊤ + (1 − γ)Id.
Solid and dashed curves in (b) and (c) represent attention and H3 results, respectively. The
alignments in (a), (b) and (c) show the equivalence between attention and H3, validating
Theorem 5.1 and Proposition 5.1. More experimental details are discussed in Section 5.4.

Note that, the right hand side is provided assuming the optimal LoRA-updated model Wlora

is also jointly diagonalizable with covariances Σ, Σnew, and W .

5.4 Experiments

We now conduct synthetic experiments to support our theoretical findings and further explore
the behavior of different models of interest under different conditions. The experiments are
designed to investigate various scenarios, including independent data, retrieval-augmented
generation (RAG), task-feature alignment, low-rank parameterization, and LoRA adaption.

Experimental setting. We train 1-layer attention and H3 models for solving the linear
regression ICL. As described in Section 5.2, we consider meta-learning setting where task
parameter β is randomly generated for each training sequence. In all experiments, we set
the dimension d = 20. Depending on the in-context length (n), different models are trained
to make in-context predictions. We train each model for 10000 iterations with batch size 128

and Adam optimizer with learning rate 10−3. Since our study focuses on the optimization
landscape, and experiments are implemented via gradient descent, we repeat 20 model train-
ings from different initialization and results are presented as the minimal test risk among
those 20 trails. In all the plots, theoretical predictions are obtained via the corresponding
formulae presented in Section 5.3 and the test risks are normalized by the dimension d.
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Figure 5.3: Distributional alignment and low-rank parameterization experiments. (a)
and (b) show the ICL results using data generated via (5.9) and (5.11), respectively, by
changing α from 0 to 0.6. In (c), we train low-rank linear attention models by setting
Wk,Wq ∈ R(d+1)×r and in (d), we apply the low-rank LoRA adaptor, Wlora := WupW

⊤
down

where Wup,Wdown ∈ R(d+1)×r, to pretrained linear attention models and adjust the LoRA
parameters under different task distribution. Solid and dotted curves correspond to the
linear attention and theoretical results (c.f. Section 5.3), respectively, and the alignments
validate our theorems in Section 5.3. More experimental details are discussed in Section 5.4.

• Equivalence among L⋆pgd, L⋆att and L⋆ssm (Figure 5.2). To verify Proposition 5.1 as
well as Theorem 5.1, we run random linear regression instances where in-context samples
are generated obeying (5.7). Fig. 5.2a is identical to Fig. 5.1a where we set Σx = Σβ = Id

and σ = 0. In Fig. 5.2b, set Σx = Σβ = I and vary noise level σ2 from 0 to 0.3 × d. In
Fig. 5.2c, we consider noiseless labels, σ = 0, isotropic feature distribution Σx = Id and
set task covariance to be Σβ = γ11⊤ + (1 − γ)Id by choosing γ in {0, 0.3, 0.6, 0.9}. Note
that in Fig. 5.2c, we train a sufficient number of models (greater than 20) to ensure the
optimal model is obtained. In all the figures, solid and dashed curves correspond to the ICL
results from training 1-layer att and ssm models, respectively, and dotted curves are obtained
from (5.8) in Theorem 5.1. The alignment of solid, dashed and dotted curves validates our
Proposition 5.1 and Theorem 5.1.

• Distributional alignment experiments (Figs. 5.3a&5.3b). In Figs. 5.3a and 5.3b,
we generate RAG and task-feature alignment data following (5.9) and (5.11), respectively, by
setting σ = 0 and varying α from 0 to 0.6. Attention training results are displayed in solid
curves, and we generate theory curve (dotted) via the L⋆ formula as described in (D.23)
in Appendix D.2.3 and (D.29) in Appendix D.2.4. The empirical alignments corroborate
Theorems D.1 and D.2, further confirming that Proposition 5.1 is applicable to a broader
range of real-world distributional alignment data.

• Low-rank (Fig. 5.3c) and LoRA (Fig. 5.3d) experiments. We also run simu-
lations to verify our theoretical findings in Section 5.3.2. Consider the independent data
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setting as described in (5.7). In Fig. 5.3c, we set Σx = Id, σ = 0 and task covariance
to be diagonal with diagonal entries c[1 2−1 · · · d−1]⊤ for some normalization constant
c = d/

∑d
i=1 i

−1, and parameterize the attention model using matrices Wk,Wq ∈ R(d+1)×r

and vary r across the set {1, 5, 10, 20}. Results show that empirical (solid) and theoretical
(dotted, c.f. (5.13)) curves overlap. In Fig. 5.3d, we implement two phases of training. Phase
1: Setting Σx = Σβ = Id and σ = 0, we pretrain the model with full rank parameters and
obtain weights Ŵk, Ŵq, Ŵv ∈ R(d+1)×(d+1). Phase 2: We generate new examples with task
covariance Σβ being a diagonal matrix with diagonal entries c′[2−1 2−2 · · · 2−d]⊤ for some
normalization constant c′ = d/

∑d
i=1 2

−i. Given the rank restriction r, we train additional
LoRA parameters Wup,Wdown ∈ R(d+1)×r where Wlora := WupW

⊤
down and (5.2a) becomes

att(Z) = (Z(ŴqŴ
⊤
k +WupW

⊤
down)Z

⊤)ZŴv. Fig. 5.3d presents the results after two phases
of training where dotted curves are drawn from the right hand side of (5.14) directly. Here,
note that since Σ,Σnew are diagonal, the right hand side of (5.14) returns the exact optimal
risk of LoRA and the alignments verify it.

89



CHAPTER 6

Optimization Landscape of Gated Linear
Attention

6.1 Introduction

The Transformer [193] has become the de facto standard for language modeling tasks. The
key component of the Transformer is the self-attention mechanism, which computes softmax-
based similarities between all token pairs. Despite its success, the self-attention mechanism
has quadratic complexity with respect to sequence length, making it computationally ex-
pensive for long sequences. To address this issue, a growing body of work has proposed
near-linear time approaches to sequence modeling. The initial approaches included linear
attention and state-space models, both achieving O(1) inference complexity per generated
token, thanks to their recurrent form. While these initial architectures typically do not
match softmax attention in performance, recent recurrent models such as Mamba [68], mL-
STM [16], GLA Transformer [210], and RWKV-6 [155] achieve highly competitive results
with the softmax Transformer. Notably, as highlighted in [210], these architectures can be
viewed as variants of gated linear attention (GLA), which incorporates a gating mechanism
within the recurrence of linear attention.

Given a sequence of tokens (zi)
n+1
i=1 ∈ Rd+1 and the associated query, key, and value

embeddings (qi,ki,vi)
n+1
i=1 ⊂ Rd+1, with d + 1 being the embedding dimension, the GLA

recurrence is given by

Si = Gi ⊙ Si−1 + vik
⊤
i , and

oi = Siqi, i ∈ {1, . . . , n+ 1} .
(GLA)

Here, Si ∈ R(d+1)×(d+1) represents the 2D state variable with S0 = 0; oi ∈ Rd+1 represents
the ith output token 1; and the gating variable Gi := G(zi) ∈ R(d+1)×(d+1) is applied to the

1The sequence length and embedding dimension are set to n+ 1 and d+ 1 per the prompt definition in
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state Si−1 through the Hadamard product ⊙ and G represents the gating function. When
Gi is a matrix of all ones, (GLA) reduces to causal linear attention [92].

The central objective of this work is to enhance the mathematical understanding of the
GLA mechanism. In-context learning (ICL), one of the most remarkable features of modern
sequence models, provides a powerful framework to achieve this aim. ICL refers to the abil-
ity of a sequence model to implicitly infer functional relationships from the demonstrations
provided in its context window [22, 132]. It is inherently related to the model’s ability to em-
ulate learning algorithms. Notably, ICL has been a major topic of empirical and theoretical
interest in recent years. More specifically, a series of works have examined the approximation
and optimization characteristics of linear attention, and have provably connected linear at-
tention to the preconditioned gradient descent algorithm [196, 3, 214]. Given that the GLA
recurrence in (GLA) has a richer design space, this leads us to ask:

What learning algorithm does GLA emulate in ICL?
How does its optimization landscape behave in multi-task prompting?

Contributions: The GLA recurrence in (GLA) enables the sequence model to weight past
information in a data-dependent manner through the gating mechanism (Gi)

n
i=1. Building

on this observation, we demonstrate that a GLA model can implement a data-dependent
Weighted Preconditioned Gradient Descent (WPGD) algorithm. Specifically, a one-step ver-
sion of this algorithm with scalar gating, where all entries of Gi are identical, is described
by the prediction:

ŷ = x⊤PX⊤(y ⊙ ω). (6.1)

Here, X ∈ Rn×d is the input feature matrix; y ∈ Rn is the associated label vector; x ∈ Rd

represents the test/query input to predict; P ∈ Rd×d is the preconditioning matrix; and ω ∈
Rn weights the individual samples. When ω is fixed, we drop “data-dependent” and simply
refer to this algorithm as the WPGD algorithm. However, for GLA, the weighting vector ω
depends on the data through recursive multiplication of the gating variables. Building on
this formalism, we make the following specific contributions:

⋄ ICL capabilities of GLA (§6.3): Through constructive arguments, we demonstrate
that a multilayer GLA model can implement data-dependent WPGD iterations, with
weights induced by the gating function. This construction sheds light on the role
of causal masking and the expressivity distinctions between scalar- and vector-valued
gating functions.

(6.3).
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⋄ Landscape of one-step WPGD (§6.4): The GLA⇔WPGD connection motivates
us to ask: How does WPGD weigh demonstrations in terms of their relevance to the
query? To address this, we study the fundamental problem of learning an optimal
WPGD algorithm: Given a tuple (X,y,x, y) ∼ D, with y ∈ R being the label associ-
ated with the query, we investigate the population risk minimization:

L⋆wpgd := min
P∈Rd×d,ω∈Rn

Lwpgd(P ,ω),

where Lwpgd(P ,ω) = ED

[(
y − x⊤PX⊤(y ⊙ ω)

)2]
.

(6.2)

As our primary mathematical contribution, we characterize the loss landscape under
a general multitask data setting, where the tasks associated with the demonstrations
(X,y) have varying degrees of correlation to the target task (x, y). We carefully
analyze this loss landscape and show that, under mild conditions, there is a unique
global minimum (P ,ω) up to scaling invariance, and the associated WPGD algorithm
is also unique.

⋄ Loss landscape of one-layer GLA (§6.5): The landscape is highly intricate due
to the recursively multiplied gating variables. We show that learning the optimal
GLA layer can be connected to solving (6.2) with a constraint ω ∈ W , where the
restriction W is induced by the choice of gating function and input space. Solidifying
this connection, we introduce a multitask prompt model under which we characterize
the loss landscape of GLA and the influence of task correlations. Our analysis and
experiments reveal insightful distinctions between linear attention, GLA with scalar
gating, and GLA with vector-valued gating.

6.2 Preliminaries and Problem Setup

Notations. Rd is the d-dimensional real space, with Rd
+ and Rd

++ as its positive and strictly
positive orthants. The set [n] denotes {1, . . . , n}. Bold letters, e.g., a and A, represent
vectors and matrices. The identity matrix of size n is denoted by In. The symbols 1 and
0 denote the all-one and all-zero vectors or matrices of proper size, such as 1d ∈ Rd and
1d×d ∈ Rd×d. The subscript is omitted when the dimension is clear from the context. The
Gaussian distribution with mean µ and covariance Σ is written as N (µ,Σ). The Hadamard
product (element-wise multiplication) is denoted by ⊙, and Hadamard division (element-
wise division) is denoted by ⊘. Given any ai+1, . . . ,aj ∈ Rd, we define ai:j = ai+1⊙· · ·⊙aj

for i < j, and ai:i = 1d.
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The objective of this work is to develop a theoretical understanding of GLA through
ICL. The optimization landscape of standard linear attention has been a topic of significant
interest in the ICL literature [3, 116]. Following these works, we consider the input prompt

Z = [z1 . . . zn zn+1]
⊤ =

[
x1 . . . xn xn+1

y1 . . . yn 0

]⊤
∈ R(n+1)×(d+1), (6.3)

where tokens encode the input-label pairs (xi, yi)
n
i=1 ⊂ Rd × R.

We aim to enable ICL by training a sequence model F : R(n+1)×(d+1) → R that predicts
the label y := yn+1 associated with the query x := xn+1. This model will utilize the
demonstrations (xi, yi)

n
i=1 to infer the mapping between x and y. Assuming that the data

is distributed as (y,Z) ∼ D, the ICL objective is defined as

L(F ) = ED
[
(y − F (Z))2

]
. (6.4)

Linear attention and shared-task distribution. Central to our paper is the choice of
the function class F . When F is a linear attention model, the prediction denoted by ŷF

takes the form

ŷF = F (Z) = z⊤
n+1WqW

⊤
k Z⊤ZWvh,

where Wk,Wq,Wv ∈ R(d+1)×(d+1) are attention parameters, and h ∈ Rd+1 is the linear
prediction head.

To motivate our subsequent discussion on multitask distributions, we begin by reviewing
a simplified shared-task distribution. Specifically, we let β ∼ N (0,Σβ), xi be i.i.d. with
xi ∼ N (0,Σx), and yi ∼ N (β⊤xi, σ

2), where σ ≥ 0 denotes the noise level. Although this is
not our primary modeling assumption, under this shared-task distribution, it has been shown
[196, 3, 214] that the optimal one-layer linear attention prediction coincides with one-step
preconditioned gradient descent (PGD). In particular, given the data distribution above, we
have:

ŷF = x⊤β̂, where β̂ = P ⋆X⊤y, (6.5)

and

P ⋆ := arg min
P∈Rd×d

E
[(
y − x⊤PX⊤y

)2] with X :=
[
x1 · · · xn

]⊤
and y :=

[
y1 · · · yn

]⊤
.

(6.6)
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Gated linear attention and multitask prompting. Given the input prompt Z as in
(6.3), let (qi,ki,vi) = (W⊤

q zi,W
⊤
k zi,W

⊤
v zi) be the corresponding query, key, and value

embeddings. The output of causal linear attention at time i can be computed using (GLA)
with Gi = 1 for all i ∈ [n + 1]. This recurrent form implies that linear attention has O(d2)
cost, that is independent of sequence length n, to generate per-token. GLA follows the same
structure as linear attention but with a gating mechanism (i.e., Gi ̸= 1 for some i ∈ [n+1] ),
which equips the model with the option to pass or supress the history. As discussed in [210],
the different choices of the gating correspond to different popular recurrent architectures
such as Mamba [68], Mamba2 [40], RWKV [155], etc.

We will show that GLA can weigh the context window through gating, thus, its capabilities
are linked to the WPGD algorithm described in (6.8). This will in turn facilitate GLA to
effectively learn multitask prompt distributions described by yi ∼ N (β⊤

i xi, σ
2) with βi’s not

necessarily identical.

6.3 What Gradient Methods can GLA Emulate?

In this section, we investigate the ICL capabilities of GLA and show that under suitable
instantiations of model weights, GLA can implement data-dependent WPGD.

6.3.1 GLA as a data-dependent WPGD predictor

Data-Dependent WPGD. Given X and y as defined in (6.6), consider the weighted least
squares objective L(β) =∑n

i=1 ωi · (yi − β⊤xi)
2 with weights ω = [ω1, ω2, · · · , ωn]⊤ ∈ Rn.

To optimize this, we use gradient descent (GD) starting from zero initialization, β0 = 0 with
a step size of η = 1/2. One step of standard GD is given by

β1 = β0 − η∇L(β0) =
n∑
i=1

ωi · xiyi = X⊤(ω ⊙ y).

Given a test/query feature x, the corresponding prediction is ŷ = x⊤β̂ where β̂ = β1.
Additionally, if we were using PGD with a preconditioning matrix P ∈ Rd×d, β0 = 0, and
η = 1/2, then a single iteration results in

ŷ = x⊤β̂, where β̂ = β0 − ηP∇L(β0) = PX⊤(ω ⊙ y). (6.7)

Above is the basic sample-wise WPGD predictor which weights individual datapoints, in
contrast to the PGD predictor as presented in (6.5). It turns out, vector-valued gating can
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facilitate a more general estimator which weights individual coordinates. To this aim, we
introduce an extension as follows: Let P1,P2 ∈ Rd×d denote the preconditioning matrices,
and let Ω ∈ Rn×d denote the vector-valued weighting matrix. Note that Ω is a weight matrix
that enables coordinate-wise weighting. Throughout the paper, we use ω and Ω to denote
sample-wise and coordinate-wise weighting parameters, corresponding to scalar and vector
gating strategies, respectively. Then given Ω, we can similarly define

βgd
1 (P1,P2,Ω) := P2(XP1 ⊙Ω)⊤y (6.8a)

as one-step of (generalized) WPGD. Its corresponding prediction on a test query x is:

ŷ = x⊤β̂, where β̂ = βgd
1 (P1,P2,Ω). (6.8b)

We note that by removing the weighting matrix Ω, (6.8) reduces to standard PGD (cf. (6.5))
and setting Ω = ω1⊤

d reduces to sample-wise WPGD (cf. (6.7)). [116] has demonstrated that
H3-like models implement one-step sample-wise WPGD, and they focus on the shared-task
distribution where βi ≡ β for all i ∈ [n]. In contrast, our work considers a more general
data setting where tasks within an in-context prompt are not necessarily identical.

We introduce the following model constructions under which we establish the equivalence
between GLA (cf. (GLA)) and WPGD (cf. (6.8)), where the weighting matrix is induced
by the input data and the gating function. Inspired by prior works [196, 3], we consider the
following restricted attention matrices:

Wk =

[
Pk 0

0 0

]
, Wq =

[
Pq 0

0 0

]
, and Wv =

[
0d×d 0

0 1

]
, (6.9)

where Pk,Pq ∈ Rd×d. Note that the (d+1, d+1)-th entry of Wv is set to one for simplicity.
More generally, this entry can take any nonzero value, e.g., v ∈ R. Parameterizing Wq with
Pq/v produces the same output as in (6.9).

Theorem 6.1 Recall (GLA) with input sequence Z = [z1 . . . zn zn+1]
⊤ defined in (6.3),

the gating G(zi) = Gi ∈ R(d+1)×(d+1), and outputs (oi)
n+1
i=1 . Consider model construction in

(6.9) and take the last coordinate of the last token output denoted by (on+1)d+1 as a prediction.
Then, we have

fgla(Z) := (on+1)d+1 = x⊤β̂, where β̂ = βgd
1 (Pk,Pq,Ω).

Here, βgd
1 (·) is a one-step WPGD feature predictor defined in (6.8a); Pk and Pq correspond
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to attention weights following (6.9); and Ω = [g1:n+1 g2:n+1 · · · gn:n+1]
⊤ ∈ Rn×d, where

gi:n+1, i ∈ [n] is given by

gi:n+1 := gi+1 ⊙ gi+2 · · · gn+1 ∈ Rd, and Gi =

[
∗ ∗
g⊤
i ∗

]
. (6.10)

Here, and throughout, we use ∗ to fill the entries of the matrices that do not affect the final
output, and based on the model construction given in (6.9), these entries can be assigned
any value.

Observe that, crucially, since gi is associated with zi, zi influences the weighting of zj for
all j < i. We defer the proof of Theorem 6.1 to the Appendix E.2.1. It is noticeable that only
d of the total (d+1)2 entries in each gating matrix Gi are useful due to the model construction
presented in (6.9). However, if we relax the weight restriction, e.g., Wv = [0(d+1)×d u]⊤,
where u ∈ Rd+1, then the weighting matrix Ω in Theorem 6.1 is associated with all rows of
the Gi matrices. We defer to Eqn. (E.2) and the discussion in Appendix E.2.1.

6.3.2 Capabilities of multi-layer GLA

[3] demonstrated that, with appropriate construction, an L-layer linear attention model
performs L-step preconditioned GD on the dataset (xi, yi)

n
i=1 provided within the prompt.

In this work, we study multi-layer GLA and analyze the associated algorithm class it can
emulate. It is worth mentioning that [3] does not consider causal masking which is integral
to multilayer GLA due to its recurrent nature described in (GLA). Our analysis will capture
the impact of gating and causal mask through n separate GD trajectories that are coupled.

Multi-layer GLA. For any input prompt Z ∈ R(n+1)×(d+1), let gla(Z) :=

[o1 o2 · · · on+1]
⊤ ∈ R(n+1)×(d+1) denote its GLA output, as defined in (GLA). We

consider an L-layer GLA model as follows: For each layer ℓ ∈ [L], let Zℓ denote its input,
where we set Z1 = Z, and let Wk,ℓ,Wq,ℓ,Wv,ℓ denote the key, query, and value matrices
for layer ℓ, respectively. After applying a residual connection, the input of the ℓ-th layer is
given by

Zℓ := Zℓ−1 + glaℓ−1(Zℓ−1). (6.11)

Here, glaℓ(·) denotes the output of the ℓ-th GLA layer, associated with the attention matrices
(Wq,ℓ,Wk,ℓ,Wv,ℓ) for all ℓ ∈ [L]. In the following, we focus on the (d + 1)-th entry of
each token’s output at each layer (after the residual connection), denoted by oi,ℓ := [Zℓ +

glaℓ(Zℓ)]i,d+1 for all i ∈ [n+ 1] and ℓ ∈ [L].
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Theorem 6.2 Consider an L-layer GLA defined in (6.11), where Wk,ℓ, Wq,ℓ in the ℓ’th
layer parameterized by Pk,ℓ,−Pq,ℓ ∈ Rd×d, for all ℓ ∈ [L] following (6.9). Let the gating be
a function of the features, e.g., Gi = G(xi), and define Ω as in Theorem 6.1. Additionally,

denote the masking as Mi =

[
Ii 0

0 0

]
∈ Rn×n, and let β̂0 =

⊗
i0 = 0 for all i ∈ [n]. Recall

that oi,ℓ for all i ∈ [n+1] and ℓ ∈ [L] stands for the last entry of the i’th token output at the
ℓ’th layer. We have

• For all i ≤ n, oi,ℓ = yi − x⊤
i βi,ℓ, where βi,ℓ = βi,ℓ−1−Pq,ℓ (∇i,ℓ ⊘ gi:n+1);

• on+1,ℓ = −x⊤β̂ℓ, where β̂ℓ = (1− αℓ)β̂ℓ−1 − Pq,ℓ (∇n,ℓ ⊘ gn+1), and αℓ = x⊤Pq,ℓP
⊤
k,ℓx.

Here, letting Bℓ = [
⊗

1ℓ · · · ⊗nℓ]⊤, Xℓ = XPk,ℓ ⊙Ω, and yℓ = diag(XB⊤
ℓ ), we define

∇i,ℓ = X⊤
ℓ Mi (yℓ − y) .

We defer the proof of Theorem 6.2 to the Appendix E.2.2. Theorem 6.2 states that
L-layer GLA (6.11) implements L steps of WPGD with gradient in a recurrent form and
additional weight decay αℓ. To recap, given data (X,y) and prediction β̂, the gradient
with respect to the squared loss takes the form X⊤(Xβ̂ − y), up to some constant c.
In comparison, Pq,ℓ (∇i,ℓ ⊘ gi:n+1) similarly acts as a gradient but incorporates layer-wise
feature preconditioners (Pq,ℓ,Pk,ℓ), data weighting (Ω), and causality (gi:n+1,Mi). Here,
Mi represents causal masking, ensuring that at time i, only inputs from j ≤ i are used for
prediction. Notably, the recurrent structure of GLA allows the gating mechanism to apply
context-dependent weighting strategies.

To simplify the theorem statement, we assume that the gating function depends only
on the input feature, e.g., Gi = G(xi), ensuring that the corresponding data-dependent
weighting is uniform across all layers. This assumption is included solely for clarity in the
theorem statement, and if the gating function varies across layers or depends on the entire
(d+1)-dimensional token rather than just the feature xi, each layer has its own gating Ωℓ and
Xℓ = XPk,ℓ ⊙Ωℓ. Note that our inclusion of the additional term αℓ captures the influence
of the last token’s output on the next layer’s prediction. Based on the above L-layer GLA
result, we have the following corollary for multi-layer linear attention network with causal
mask in each layer.

Corollary 6.1 Consider an L-layer linear attention model with causal mask and resid-
ual connection in each layer. Let ℓ’th layer follows the weight construction in (6.9) with
Wk,ℓ,Wq,ℓ parameterized by Pk,ℓ,−Pq,ℓ as in Theorem 6.2 and define Pℓ := Pq,ℓP

⊤
k,ℓ, for
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ℓ ∈ [L]. Let β̂0 = 0. Then, the (d + 1)’th entry of the last token output of each layer
satisfies:

on+1,ℓ = −x⊤β̂ℓ, where β̂ℓ = (1− αℓ)β̂ℓ−1−PℓX
⊤(yℓ − y).

Here, we define αℓ = x⊤Pℓx and yℓ follows the same definition as in Theorem 6.2.

Note that Corollary 6.1 generalizes [3, Lemma 1] by extending it to causal attention. When
considering full attention (i.e., without applying the causal mask), we have yℓ = Xβ̂ℓ, and
the expression X⊤(yℓ − y) = X⊤(Xβ̂ℓ − y) corresponds to the standard gradient of the
squared loss. Furthermore, if we disregard the impact of the last token (e.g., by incorporating
the matrix M as in Eq. (3) of [3]), then αℓ = 0. These results are also consistent with [46],
which demonstrate that causal masking limits convergence by introducing sequence biases,
akin to online gradient descent with non-decaying step sizes.

Our theoretical results in Theorem 6.2 focus on multi-layer GLA without Multi-Layer
Perceptron (MLP) layers to isolate and analyze the effects of the gating mechanism. However,
MLP layers, a key component of standard Transformers, facilitate further nonlinear feature
transformations and interactions, potentially enhancing GLA’s expressive power. Future
work could explore the theoretical foundations of integrating MLPs into GLA and analyze
the optimization landscape of general gated attention models, aligning them more closely
with conventional Transformer architectures [68, 40, 155].

6.3.3 GLA with scalar gating

Theorem 6.1 establishes a connection between one-layer GLA (cf. (GLA)) and one-step
WPGD (cf. (6.8)), where the weighting in WPGD corresponds to the gating G(zi) = Gi

in GLA, as detailed in Theorem 6.1. Now let us consider the widely used types of gating
functions, such as Gi = αi1

⊤
d+1 [210, 93, 162, 155] or Gi = γi1(d+1),(d+1) [40, 16, 156, 182]

where αi ∈ Rd+1 and γi ∈ R. In both cases, the gating matrices in (6.10) take the form of[
∗ ∗

gi1
⊤
d ∗

]
for some gi ∈ R, thus simplifying the predictor to a sample-wise WPGD, as given

by

fgla(Z) = β̂⊤x, with β̂ = PX⊤(ω ⊙ y), (6.12)

where P = PqP
⊤
k and ω = [g1:n+1 · · · gn:n+1]

⊤ ∈ Rn. In the remainder, we will mostly focus
on the one-layer GLA with scalar gating as presented in (6.12).
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6.4 Optimization Landscape of WPGD

In this section, we explore the problem of learning the optimal sample-wise WPGD algorithm
described in (6.12), a key step leading to our analysis of GLA. The problem is as follows.
Recap from (6.6) that we are given the tuple (x, y,X,y) ∼ D, where X ∈ Rn×d is the input
matrix, y ∈ Rn is the label vector, x ∈ Rd is the query, and y ∈ R is its associated label.
The goal is to use X,y to predict y given x via the one-step WPGD prediction ŷ = x⊤β̂,
with β̂ as in (6.12). The algorithm learning problem is given by (6.2) which minimizes the
WPGD risk ED[

(
y − x⊤PX(ω ⊙ y)

)2
].

Prior research [129, 116, 3] has studied the problem of learning PGD when input-label
pairs follow an i.i.d. distribution. It is worth noting that while [116] establishes a connection
between H3-like models and (6.12) similar to ours, their work assumes that the optimal ω
consists of all ones and does not specifically explore the optimization landscape of ω when
in-context samples are not generated from the same task vector β. Departing from this, we
introduce a realistic model where each input-label pair is allowed to come from a distinct
task.

Definition 6.1 (Correlated Task Model) Suppose βi ∈ Rd ∼ N (0, I) are jointly Gaus-
sian for all i ∈ [n+ 1]. Define

β := βn+1, B := [β1 . . . βn]
⊤, R :=

1

d
E[BB⊤], and r :=

1

d
E[Bβ]. (6.13)

Note that in (6.13), we have R ∈ Rn×n and r ∈ Rn, with normalization ensuring that the
entries of R and r lie in the range [−1, 1], corresponding to correlation coefficients. Further,
due to the joint Gaussian nature of the tasks, for any i, j ∈ [n + 1], the residual βi − rijβj
is independent of βj.

Definition 6.2 (Multitask Distribution) Let (βi)
n+1
i=1 be drawn according to the corre-

lated task model of Definition 6.1, (xi)
n+1
i=1 ∈ Rd be i.i.d. with xi ∼ N (0,Σ), and

yi ∼ N (x⊤
i βi, σ

2) for all i ∈ [n+ 1].

Definition 6.3 Let the eigen decompositions of Σ and R be denoted by Σ = Udiag(s)U⊤

and R = Ediag(λ)E⊤, where s = [s1 · · · sd]⊤ ∈ Rd
++ and λ = [λ1 · · · λn]⊤ ∈ Rn

+. Let smin

and smax denote the smallest and largest eigenvalues of Σ, respectively. Further, let λmin and
λmax denote the nonzero smallest and largest eigenvalues of R. Define the effective spectral
gap of Σ and R, respectively, as

∆Σ := smax − smin, and ∆R := λmax − λmin. (6.14)
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Assumption 6.1 The correlation vector r from (6.13) lies in the range of E, i.e., r = Ea

for some nonzero a = [a1 · · · an]⊤ ∈ Rn.

Assumption 6.1 essentially ensures that r (representing the correlations between in-
context tasks) can be expressed as a linear transformation of a vector a with at least one
nonzero value. Note that since r lies in the range of the eigenvector matrix E, it also
lies in the range of R defined in (6.13). This guarantees that the correlation structure is
non-degenerate, meaning that all elements of r are influenced by meaningful correlations.
Assumption 6.1 avoids trivial cases where there are no correlations between tasks. By requir-
ing at least one nonzero element in a, the assumption ensures that the tasks are interrelated.

The following theorem characterizes the stationary points (P ,ω) of the WPGD objective
in (6.2).

Theorem 6.3 Consider independent linear data as described in Definition 6.2. Suppose
Assumption 6.1 on the correlation vector r holds. Let the functions h1 : R+ → R+ and
h2 : [1,∞)→ R+ be defined as

h1(γ̄) :=

(
n∑
i=1

λia
2
i

(1 + λiγ̄)
2

)(
n∑
i=1

a2i
(1 + λiγ̄)

2

)−1

, (6.15a)

h2(γ) :=

1 +M

(
d∑
i=1

s2i
(M + siγ)2

)(
d∑
i=1

s3i
(M + siγ)2

)−1
−1

, (6.15b)

where {si}di=1 and {λi}ni=1 are the eigenvalues of Σ and R, respectively; {ai}ni=1 are given in
Assumption 6.1; and M = σ2 +

∑d
i=1 si.

The risk function Lwpgd(P ,ω) in (6.2) has a stationary point (P ⋆,ω⋆), up to rescaling,
defined as

P ⋆ = Σ− 1
2

(
γ⋆

M
·Σ+ I

)−1

Σ− 1
2 , and ω⋆ = (h2(γ

⋆) ·R+ I)−1 r, (6.16)

where γ⋆ is a fixed point of composite function h1(h2(γ)) + 1.

Theorem 6.3 characterizes the stationary points (P ⋆,ω⋆), which exist up to re-scaling.
This result presents the first landscape analysis of GLA for the joint learning of (P ,ω), while
also exploring the stationary points (P ⋆,ω⋆). In the following, we provide mild conditions on
effective spectral gaps of R and Σ under which a unique (global) minimum (P ⋆,ω⋆) exists.

Theorem 6.4 (Uniqueness of the WPGD Predictor) Consider independent linear
data as given in Definition 6.2. Suppose Assumption 6.1 on the correlation vector r holds,
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and

∆Σ ·∆R < M + smin, (6.17)

where ∆Σ and ∆R denote the effective spectral gaps of Σ and R, respectively, as given in
(6.14); smin is the smallest eigenvalue of Σ; and M = σ2 +

∑d
i=1 si.

T1. The composite function h1(h2(γ)) + 1 is a contraction mapping and admits a unique
fixed point γ = γ⋆.

T2. The function Lwpgd(P ,ω) has a unique (global) minima (P ⋆,ω⋆), up to re-scaling, given
by (6.16).

Proof sketch. Let γ := ω⊤Rω
∥ω∥2 +1. Note that γ ≥ 1 since R is positive semi-definite. From

the first-order optimality condition, the solution to (6.2) takes the following form:P (γ) = C(r,ω,Σ) ·Σ− 1
2

(
γ
M
·Σ+ I

)−1
Σ− 1

2 ,

ω(γ) = c(r,ω,Σ) ·
(
h2(γ) ·R+ I

)−1

r,
(6.18)

for some constants C(r,ω,Σ) and c(r,ω,Σ).
Substituting the expression for ω(γ) into γ = ω⊤Rω

∥ω∥2 + 1, and applying Assumption 6.1,
we obtain the equation γ = h1(h2(γ)) + 1. We then show that whenever ∆Σ · ∆R < M +

smin, the mapping h1(h2(γ)) + 1 is a contraction (see Lemma E.2). By the Banach Fixed-
Point Theorem, this guarantees the existence of a unique fixed point γ = γ⋆, where γ⋆ =

h1(h2(γ
⋆)) + 1. Finally, substituting γ⋆ into (6.18) implies that (P ⋆,ω⋆), as given in (6.16),

is a unique (global) minima of (6.2), up to re-scaling. See Appendix E.3.2 for the complete
proof of Theorem 6.4.

Theorem 6.4 establishes mild conditions under which a unique (global) minimum (P ⋆,ω⋆)

exists, up to scaling invariance, and guarantees the uniqueness of the associated WPGD
algorithm. It provides the first global landscape analysis for GLA and generalizes prior work
[116, 3] on the global landscape by extending the optimization properties of linear attention
to the more complex nonconvex GLA with joint (P ,ω) optimization.

Remark 1. An interesting observation about the optimal gating parameter ω⋆ is its connec-
tion to the correlation matrix R, which captures the task correlations in a multitask learning
setting. Specifically, the optimal gating given in (6.16) highlights how ω⋆ depends directly
on both the task correlation matrix R and the vector r, which encodes the correlations
between the tasks and the target task.
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Remark 2. Condition (6.17) provides a sufficient condition for the uniqueness of a fixed
point. This implies that whenever ∆Σ · ∆R < M + smin, the mapping h1(h2(γ)) + 1 is a
contraction, ensuring the existence of a unique fixed point. However, there may be cases
where the mapping h1(h2(γ)) + 1 does not satisfy Condition (6.17), yet a unique fixed point
(and a unique global minimum) still exists. This is because the Banach Fixed-Point Theorem
does not provide a necessary condition.

Corollary 6.2 Suppose Σ = I. Then, ∆Σ = 0, satisfying Condition (6.17), and we have
h2(γ

⋆) = 1
d+σ2+1

, which yields

P ⋆ = I, and ω⋆ =
(
R+ (d+ σ2 + 1)I

)−1
r. (6.19)

Thus, the optimal risk L⋆wpgd defined in (6.2) is given by

L⋆wpgd = d+ σ2 − d · r⊤ (R+ (d+ σ2 + 1)I
)−1

r. (6.20)

6.5 Optimization Landscape of GLA

In Section 6.3, we demonstrated that GLA implements a data-dependent WPGD algorithm.
Building on this, in Section 6.4, we analyze the optimization landscape for minimizing the
one-step WPGD risk (cf. (6.2)) and show that a unique solution (up to rescaling) achieves
the global minimum of the WPGD algorithm. However, in GLA, the search space for ω

is restricted and data-dependent, meaning that L⋆wpgd in (6.2) represents the best possible
risk a GLA model can achieve. In this section, we analyze the loss landscape for training
a one-layer GLA model and explore the scenarios under which GLA can reach the optimal
WPGD risk.

6.5.1 Multi-task prompt model

Following Definitions 6.1 and 6.2, we consider the multi-task prompt setting with K corre-
lated tasks (βk)Kk=1 and one query task β with distribution N (0, I). For each correlated task
k ∈ [K], a prompt of length nk is drawn, consisting of IID input-label pairs {(xik, yik)}nk

i=1

where yik ∼ N (β⊤
k xik, σ

2) to obtain sequence Zk =

[
x1k · · · xnk,k

y1k · · · ynk,k

]⊤
. Let n :=

∑K
k=1 nk.

The query is given by zn+1 = [xn+1 0]⊤ with the corresponding label yn+1 ∼ N (x⊤
n+1β, σ

2).
All the features xik for i ∈ [nk], k ∈ [K] and query feature xn+1 are IID sampled from
N (0,Σ).
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These sequences (Zk)
K
k=1, along with the query token zn+1, are concatenated to form

a single prompt Z. Recall (GLA), and let fgla(Z) denote the GLA prediction as defined
in Theorem 6.1. Additionally, consider the model construction presented in (6.9), where
Pq,Pk ∈ Rd×d are trainable parameters. The GLA optimization problem is described as
follows:

L⋆gla := min
Pk,Pq∈Rd×d,G∈G

Lgla(Pk,Pq, G),

where Lgla(Pk,Pq, G) = E
[
(y − fgla(Z))2

]
.

(6.21)

Here, G(·) represents the gating function and G denotes the function search space, which is
determined by the chosen gating strategies (cf. Table 1 in [210]).

Note that 1) the task vectors (βk)
K
k=1 are not explicitly shown in the prompt, 2) in-

context examples (xik, yik) are randomly drawn, and 3) the gating function is applied to
the tokens/input samples (Zk)

K
k=1. Given the above three evidences, the implicit weighting

induced by the GLA model varies across different prompts, and it prevents the GLA from
learning the optimal weighting. To address this, we introduce delimiters to mark the bound-
ary of each task. Let (dk)Kk=1 be the delimiters that determine stop of the tasks. Specifically,
the final prompt is given by

Z =
[
Z⊤

1 d1 · · · Z⊤
K dK zn+1

]⊤
. (6.22)

Additionally, to decouple the influence of gating and data, we envision that each token is
zi = [x⊤

i yi c⊤i ]
⊤ where ci ̸= 0 ∈ Rp is the contextual features with p being its dimension

and (xi, yi) are the data features. Let c̄0, · · · , c̄K ∈ Rp be K + 1 contextual feature vectors.

• For task prompts Zk: Contextual features are set to a fixed vector c̄0 ̸= 0.

• For delimiters dk: Data features are set to zero (e.g., xi = 0 and yi = 0) so that
dk = [0⊤

d+1 c̄⊤k ]
⊤.

Explicit delimiters have been utilized in addressing real-world problems [200, 7, 51] due to
their ability to improve efficiency and enhance generalization, particularly in task-mixture
or multi-document scenarios. To further motivate the introduction of (dk)Kk=1, we present in
Figure 6.1 the results of GLA training with and without delimiters, represented by the red
and green curves, respectively. The black dashed curves indicate the optimal WPGD loss,
L⋆wpgd, under different scenarios. Notably, training GLA without delimiters (the green solid
curve) performs strictly worse. In contrast, training with delimiters can achieve optimal
performance under certain conditions (see Figures 6.1a, 6.1b, and 6.1c). Theorem 6.5, pre-
sented in the next section, provides a theoretical explanation for these observations, including
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(b) (r1, r2) = (0.2, 0.8)
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(c) (r1, r2) = (0.5, 0.5)
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Figure 6.1: We consider four different types of model training: LinAtt (blue solid): Standard
linear attention training. GLA (red solid): GLA training using prompts with delimiters
(see (6.22)) and scalar gating. GLA-wo (green solid): GLA training using prompts without
delimiters and with scalar gating. GLA-vector (cyan solid): GLA training using prompts
with delimiters and vector gating. The blue and black dashed curves represent the optimal
linear attention and WPGD risks from (6.27) and (6.20), respectively, as the number of
in-context examples n increases. Implementation details are provided in Appendix E.1.

the misalignment observed in Figure 6.1d. Further discussion and experimental details are
provided in Section 6.5.2 and Appendix E.1.

6.5.2 Loss landscape of one-layer GLA

Given the input tokens with extended dimension, to ensure that GLA still implements
WPGD as in Theorem 6.1, we propose the following model construction.

W̃k =

[
Wk 0

0 0

]
, W̃q =

[
Wq 0

0 0

]
, and W̃v =

[
Wv 0

0 0

]
. (6.23)

Here, W̃k,q,v ∈ R(d+p+1)×(d+p+1) and Wk,q,v ∈ R(d+1)×(d+1) are constructed via (6.9). The
main idea is to set the last p rows and columns of attention matrices to zeros, ensuring that
the delimiters do not affect the final prediction.

Assumption 6.2 Contextual feature vectors c̄0, · · · , c̄K are linearly independent, and acti-
vation function ϕ(z) : R→ [0, 1] is continuous, satisfying ϕ(−∞) = 0 and ϕ(+∞) = 1.

Assumption 6.3 The correlation between context tasks (βk)
K
k=1 and query task β satisfies

E[β⊤
i βj] = 0 and E[β⊤

i β] ≤ E[β⊤
j β] for all 1 ≤ i ≤ j ≤ K.

Given context examples {(Xk,yk) := (xik, yik)
nk
i=1}Kk=1, define the concatenated data

(X,y) as follows:

X =
[
X⊤

1 · · · X⊤
K

]⊤
∈ Rn×d, and y =

[
y⊤
1 · · · y⊤

K

]⊤
∈ Rn. (6.24)
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Based on the assumptions above, we are able to establish the equivalence between optimizing
one-layer GLA and optimizing one-step WPGD predictor under scalar gating.

Theorem 6.5 (Scalar Gating) Suppose Assumption 6.2 holds. Recap the function
Lwpgd(P ,ω) from (6.2) with dataset (X,y) defined in (6.24). Consider (GLA) with input
prompt Z defined in (6.22), the model constructions described in (6.23), and scalar gating
G(z) = ϕ(w⊤

g z)1(d+p+1)×(d+p+1), where wg is a trainable parameter. Then, the optimal risk
L⋆gla defined in (6.21) obeys

L⋆gla = L⋆,Wwpgd, where L⋆,Wwpgd := min
P∈Rd×d,ω∈W

Lwpgd(P ,ω). (6.25)

Here, W :=
{[
ω11

⊤
n1
· · · ωK1⊤

nK

]⊤ ∈ Rn
∣∣∣ 0 ≤ ωi ≤ ωj ≤ 1, ∀1 ≤ i ≤ j ≤ K

}
.

Additionally, suppose Assumption 6.3 holds and ni = nj, for all i, j ∈ [K]. Let L⋆wpgd be
the optimal WPGD risk (cf. (6.2)). Then L⋆gla satisfies

L⋆gla = L⋆wpgd. (6.26)

Assumption 6.2 ensures that any ω inW can be achieved by an appropriate choice of gating
parameters. Furthermore, Assumption 6.3 guarantees that the optimal choice of ω under the
WPGD objective lies within the search space W . The proof is provided in Appendix E.4.1.

In Figure 6.1, we conduct model training to validate our findings. Consider the setting
where K = 2 and let (r1, r2) =

(
E[β⊤

1 β]/d,E[β⊤
2 β]/d

)
. In Figures 6.1a, 6.1b, and 6.1c, As-

sumption 6.3 holds, and the GLA results (shown in solid red) align with the optimal WPGD
risk (represented by the dashed black curves), validating (6.26). However, in Figure 6.1d,
since r1 > r2, Assumption 6.3 does not hold, and as a result, the optimal GLA loss L⋆gla

obtained from (6.25) is lower than the optimal WPGD loss L⋆wpgd. Further experimental
details are deferred to Appendix E.1.

Loss landscape of vector gating. Till now, much of our discussion has focused on the
scalar gating setting. It is important to highlight that, even in the scalar-weighting context,
analyzing the WPGD problem remains non-trivial due to the joint optimization over (P ,ω).
However, as demonstrated in Theorem 6.5, scalar gating can only express weightings within
the set W . If Assumption 6.3 does not hold, L⋆gla cannot achieve the optimal WPGD loss
(see the misalignment between red solid curve, presenting L⋆gla, and black dashed curve,
presenting L⋆wpgd in Figure 6.1d). We argue that vector gating overcomes this limitation
by applying distinct weighting mechanisms across different dimensions, facilitating stronger
expressivity.
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Theorem 6.6 (Vector Gating) Suppose Assumption 6.2 holds. Consider (GLA) with
input prompt Z from (6.22), the model constructions from (6.23) but with W̃v =

[0(d+p+1)×d u 0(d+p+1)×p]
⊤, and a vector gating G(z) = ϕ(Wgz)1

⊤
d+p+1. Recap Problem

(6.21) with prediction defined as fgla(Z) := o⊤
n+1h, where h ∈ Rd+p+1 is a linear prediction

head. Here, u, Wg and h are trainable parameters. Let L⋆gla-v denote its optimal risk, and
L⋆wpgd be defined as in (6.2). Then, the optimal risk obeys L⋆gla-v = L⋆wpgd.

In Theorem 6.5, the equivalence between L⋆gla and L⋆wpgd is established only when both
Assumptions 6.2 and 6.3 are satisfied. In contrast, Theorem 6.6 demonstrates that applying
vector gating requires only Assumption 6.2 to establish L⋆gla-v = L⋆wpgd. Specifically, under
the bounded activation model of Assumption 6.2, scalar gating is unable to express non-
monotonic weighting schemes. For instance, suppose there are two tasks: Even if Task
1 is more relevant to the query, Assumption 6.2 will assign a higher (or equal) weight to
examples in Task 2 resulting in sub-optimal prediction. Theorem 6.6 shows that vector
gating can avoid such bottlenecks by potentially encoding tasks in distinct subspaces. To
verify these intuitions, in Figure 6.1d, we train a GLA model with vector gating and results
are presented in cyan curve, which outperform the scalar gating results (red solid) and align
with the optimal WPGD loss (black dashed).

Loss landscape of One-layer linear attention. Given the fact that linear attention is
equivalent to (GLA) when implemented with all ones gating, that is, Gi ≡ 1, we derive the
following corollary. Consider training a standard single-layer linear attention, i.e., by setting
Gi ≡ 1 in (GLA), and let fatt(Z) be its prediction. Let L⋆att be the corresponding optimal
risk following (6.21).

Corollary 6.3 Consider a single-layer linear attention following model construction in (6.9)
and let linear data as given in Definition 6.2. Let R and r be the corresponding correlation
matrix and vector as defined in Definition 6.1. Suppose Σ = I. Then, the optimal risk obeys

L⋆att := min
P∈Rd×d

Lwpgd(P ,ω = 1) = d+ σ2 − d(1⊤r)2

n(d+ σ2 + 1) + 1⊤R1
. (6.27)

Corollary 6.4 (Benefit of Gating) Consider the same setting as discussed in Corol-
lary 6.3, and suppose Assumption 6.2 holds. Then, we have that L⋆att ≥ L⋆gla. Additionally,
if Assumption 6.3 holds, we obtain

L⋆att − L⋆gla = d · r⊤
(
R−1

+ −
11⊤

1⊤R+1

)
r ≥ 0, where R+ := R+

(
d+ σ2 + 1

)
I.
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The proof of this corollary is directly from (6.20), (6.26) and (6.27). In the Figure 6.1, blue
solid curves represent the linear attention results and blue dashed are the theory curves
following (6.27). The two curves are aligned in all the subfigures, which validate our Corol-
lary 6.3. More implementation details are deferred to Appendix E.1.
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CHAPTER 7

Task-specific Prompt Optimization in Linear
Attention

7.1 Introduction
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Figure 7.1: Overview of our work: We present
a theoretical analysis of a 1-layer linear atten-
tion model for multi-task ICL, examining dif-
ferent configurations of task-specific parame-
ters. By progressively introducing more task-
specific parameters across various training set-
tings, we achieve complete covariance-mean
decoupling, leading to an optimal multi-task
ICL loss.

In a basic ICL setting, we construct an in-
put sequence Z that contains a query to la-
bel and related input-label demonstrations.
We feed Z to a sequence model f to pre-
dict the label y of this query. Thus, the ICL
optimization can be written as

min
W

Ey,Z [ℓ(y, fW (Z))], (7.1)

where W denotes the weights of f and
ℓ(y, ·) : R → R is the loss function.
In practice, however, ICL examples are
typically paired with task-specific prompts.
These prompts can be manually crafted
or automatically generated using methods
like differentiable optimization or zero-order
search. In fact, the model can often solve the
task without any ICL example (zero-shot)
by solely relying on the prompt. This mo-
tivates a deeper understanding of the syner-
gies between prompt-tuning and in-context
learning. Concretely, consider a multitask
learning setting where we first sample a task
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t and then sample (Z, y) from the associated task distribution. In this case, a standard
approach is crafting a dedicated prompt pt to feed with the input sequence. The joint
optimization of the weights W and prompts P = (pt)t≥1 takes the form

min
W ,P

E[ℓ(y, fW (Z,pt))]. (7.2)

Contrasting (7.1) with (7.2) motivate a few fundamental questions:

(Q1) How do ICL and prompt-tuning synergistically contribute to learning?

(Q2) In practice, we first pretrain a model via (7.1) and then tune a task-specific prompt.
Does joint training have an advantage over this?

(Q3) Can utilizing additional task-specific parameters together with prompts, further boost
performance?

To answer these questions, we conduct a comprehensive investigation of the optimiza-
tion landscape for attention weights and task-specific prompts within a multitask dataset
model, examining both joint optimization approaches and sequential strategies involving at-
tention weight pretraining followed by prompt-tuning. We derive closed-form solutions for
optimal parameters and loss landscapes, introducing the novel concept of "covariance-mean
decoupling" to elucidate the impact of different training strategies on model performance.
While previous theoretical research has primarily focused on attention weight optimization,
we extend the analysis to include tunable prompts in a multi-task linear regression frame-
work, addressing the practical scenario where models fine-tune task-specific modules on fixed
backbones. Notably, our work advances beyond existing research by incorporating non-zero
task mean and non-isotropic covariance considerations, revealing why fine-tuning may not
consistently enhance performance. Our theoretical framework demonstrates how varying per-
formance gains across training strategies can be attributed to covariance-mean decoupling,
providing both theoretical foundations and practical insights for optimizing attention-based
models through careful design of tunable components.

Our key contributions are:

⋄ Comprehensive analysis of training strategies (§7.3): We analyze multi-task
linear regression with a linear attention layer and tunable parameters, covering joint
optimization and pretraining-finetuning methods. A unified parameterization allows
for closed-form solutions of optimal parameters and loss landscapes, generalizing prior
work.
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⋄ Mean-covariance decoupling concept (§7.3.2): We introduce covariance-mean
decoupling through closed-form loss landscape analysis, demonstrating its correlation
with model performance—the greater the decoupling, the better the model’s predic-
tions.

⋄ Path to optimal in-context learning (§7.4): Our analysis guides the design of
attention models, emphasizing the importance of training sequence and parameter se-
lection. We propose a model design achieving full covariance-mean decoupling, offering
a strategy for improving in-context learning.

These contributions provide a deeper understanding of prompt-tuning and weight opti-
mization, offering insights for designing more effective models that minimize loss and maxi-
mize performance.

7.2 Preliminaries and Problem Setup

Our results are presented in a finite-dimensional setting.

7.2.1 In-context learning

We consider an in-context learning (ICL) problem with demonstrations (xi, yi)
n+1
i=1 , and the

input sequence Z is defined by removing yn+1 as follows:

Z = [z1 . . . zn z]⊤ =

[
x1 . . . xn x

y1 . . . yn 0

]⊤
=

[
X⊤ x

y⊤ 0

]⊤
∈ R(n+1)×(d+1). (7.3)

Here, z = [x⊤ 0]⊤ is the query token where x := xn+1, and X = [x1 · · · xn]⊤ ∈ Rn×d,
y = [y1 · · · yn]⊤ ∈ Rn. Then, we aim for a sequence model to predict the associated label
y := yn+1 of the given input sequence Z. In this work, we consider the following data
generation of (Z, y). We will refer to (X,y), x, and y as contexts, query feature and the
label to predict, respectively.

Definition 7.1 (Single-task ICL) Given a task mean µ ∈ Rd, and covariances Σx,Σβ ≻
0 ∈ Rd×d. The input sequence and its associated label, i.e., (Z, y) with Z denoted in (7.3),
are generated as follows:

• A task parameter β is generated from a Gaussian prior β ∼ N (µ,Σβ).

• Conditioned on β, for i ∈ [n + 1], (xi, yi) is generated by xi ∼ N (0,Σx) and yi ∼
N (x⊤

i β, σ
2).
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Here, σ ≥ 0 is the noise level.
In this work, we study the task-mixture ICL problem where the task parameter β of each

input sequence is sampled from K different distributions, K ≥ 1.

Definition 7.2 (Multi-task ICL) Consider a multi-task ICL problem with K different
tasks. Each task generates (Z, y) ∼ Dk following Definition 7.1 using shared feature dis-
tribution xi ∼ N (0,Σx), i ∈ [n + 1] but distinct task distributions βk ∼ N (µk,Σβk

) with
mean µk and covariance Σβk

for k ∈ [K].
Additionally, let {πk}Kk=1 be the probabilities of each task, satisfying

∑K
k=1 πk = 1 and

πk ≥ 0.

We consider a task-aware multi-task ICL setting. Specifically, when a task is selected
according to πk, its task index k is known.

Let D̄ :=
∑K

k=1 πkDk be the mixture of distributions and given sequence model f :

R(n+1)×(d+1) → R, we define the multi-task ICL objective as follows:

L(f) = E(Z,y)∼D̄[(y − f(Z))2]. (7.4)

Notably, the multi-task ICL defined in Definition 7.2 differs from conventional multi-task
learning [29, 219, 115] where finite examples optimize task-specific parameters. We instead
parameterize task distributions with µk and Σβk

, sampling unseen test tasks βk and focusing
on distribution-level generalization. We address the meta-learning objective in (7.4), treating
each distribution as a meta-learning problem (c.f. Definition 7.1).

7.2.2 Single-layer linear attention

Considering the task-aware multi-task ICL problem as described in Section 7.2.1, we explore
the benefits of using task-specific prompts to enhance the performance.

Definition 7.3 (Task-specific prompts) Recap input sequence Z from (7.3). Given a
task index k, k ∈ [K], let pk ∈ Rd+1 represent its corresponding trainable prompt token.
Then the input sequence of task k is denoted by:

Z(k) = [pk z1 . . . zn z]⊤ ∈ R(n+2)×(d+1). (7.5)

Our work focuses on the single-layer linear attention model in solving multi-task ICL
problem with data distribution following Definition 7.2. Given an input sequence Z(k) cor-
responding to task k as defined in (7.5), let Wq,Wk,Wv ∈ R(d+1)×(d+1) denote the query,

111



key, and value parameters. Then the single-layer linear attention model outputs

att(Z(k)) = (Z(k)WqW
⊤
k (Z(k))⊤)MZ(k)Wv

where att(·) : R(n+2)×(d+1) → R(n+2)×(d+1). Here, inspired by the previous work [3], we apply

mask matrix M =

[
In+1 0n+1

0⊤
n+1 0

]
to to separate the (n+1)-colomun context and the query z

in Z(k). Let h ∈ Rd+1 be the linear head that enables the single-layer linear attention model
to map the input sequence to the prediction. Additionally, for simplification and without
loss of generality, let A := WqW

⊤
k and a := Wvh. Then the prediction returns

ŷ := fatt(Z
(k)) = (z⊤A(Z(k))⊤)MZ(k)a. (7.6)

This is a more general form than the widely discussed [207] case, which uses the bottom-
right entry of the attention layer output as prediction (and equivalent to a one-hot head
h = ed+1), i.e., fatt(Z

(k)) = att(Z(k))n+2,d+1.

7.2.3 Optimizing the attention model

Our goal is to understand how optimizing fatt in (7.6) results in in-context learning. To this
aim, we introduce the following widely applied [207, 3] assumption on the model construction.

Assumption 7.1 (Preconditioning) Given parameters A := WqW
⊤
k and a := Wvh,

they are constrained by

A =

[
Wd×d 0d×1

∗1×d ∗1×1

]
,a =

[
0d×1

11×1

]
.

Here, we use ∗ to fill the entries that do not affect the final prediction, with subscripts
indicating the dimensions. W ∈ Rd×d represents the parameter that governs A.

Under Assumption 7.1, let the prompt token for task k be pk =

[
p̄k

1

]
, hence Z(k) =[

p̄k X⊤ x

1 y⊤ 0

]⊤
. The prediction of a single-layer linear attention model in (7.6) can then be

written as:

fatt(Z
(k)) = x⊤W

[
p̄k X⊤

] [1
y

]
= x⊤W (X⊤y + p̄k). (7.7)
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It is worth noting that we set the last entry of a and each pk for k ∈ [K] to one for simplicity,
as any nonzero value yields the same output of (7.7) due to rescaling invariance of: a← γ1a,

A← γ−1
1 A, and p̄k ←

[
γ−1
2 p̄k

γ2

]
for any nonzero scalar γ1, γ2.

We define the set of tunable prompts as:

P = [p̄1 . . . p̄K ]
⊤ ∈ RK×d. (7.8)

Notably, previous research [3] has rigorously proven that for single-layer linear atten-
tion applied to a single-task linear regression ICL problem with zero-mean features, i.e.,
E[xi] = E[β] = 0, the optimal solution must conform to the structure specified in As-
sumption 7.1. This insight motivates our adoption of this assumption when extending the
analysis to more complex multi-task ICL settings with non-zero task means. Building on
this foundation, our work breaks new ground by exploring task-specific tuning for ICL across
multiple tasks with varying means, offering a more general perspective on ICL. This rep-
resents a significant advancement in the field, as understanding the loss landscape in the
simpler W -preconditioned space is an essential step toward tackling the complexities of the
full Wk,Wq,Wv parameter space.

Additionally, in Section 7.4, we show that it is possible to derive closed-form optimal
solutions for Wk,Wq,Wv with both task-specific prompts and heads, even without relying
on Assumption 7.1, further expanding the scope of our analysis.

Recall the attention predictor from (7.7) and loss function from (7.4). Consider the
multi-task ICL problem defined in Definition 7.2 and let W ∈ Rd×d and P ∈ RK×d be the
tunable parameters corresponding to attention weights and task-specific prompt tokens. The
multi-task ICL loss is given by

L(W ,P ) =
K∑
k=1

πkLk(W , p̄k) (7.9)

where Lk(W , p̄k) = E(Z,y)∼Dk

[
(fatt(Z

(k))− y)2
]
.

In this work, we address multi-task ICL problems by investigating and comparing three
optimization settings: plain training, fine-tuning, and joint training.

Plain training: Plain training refers to a standard ICL problem that train an linear
attention model without applying the task-specific prompts that are defined in Definition 7.3.
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Therefore, following loss function (7.9), its objective can be defined via

W ⋆
pt = argmin

W
L(W ,P = 0), (7.10)

and L⋆pt = L(W ⋆
pt,P = 0) is the optimal loss.

Fine-tuning: Fine-tuning/Prompt-tuning involves training separate prompts for each task
while keeping the attention weights fixed. The goal then is to fine-tune the prompt param-
eters P (c.f. (7.8)) for all the tasks k ∈ [K]. Suppose that parameter W is given, the the
optimal P based on W is defined by:

P ⋆(W ) = argmin
P
L(W ,P ).

In this work, we consider fine-tuning based on the plain pretrained model, that is, by setting
W = W ⋆

pt given in (7.10), and define the optimal solution by

P ⋆
ft := P ⋆(W ⋆

pt) = argmin
P
L(W ⋆

pt,P ). (7.11)

The optimal loss is given via L⋆ft = L(W ⋆
pt,P

⋆
ft).

Joint training: In contrast, joint training involves jointly optimizing the attention weights
W and prompt tokens P . Hence, the optimization problem can be formulated as:

W ⋆
jt,P

⋆
jt = arg min

W ,P
L(W ,P ). (7.12)

The optimal loss is given via L⋆jt = L(W ⋆
jt,P

⋆
jt).

7.3 Main Results

In this section, we train and optimize the single-layer linear attention model in a multi-task
linear regression ICL setting with dataset described in Definition 7.2, and characterize the
loss landscape under different settings, i.e., L⋆pt, L⋆ft and L⋆jt in Section 7.2.3.

7.3.1 Optimization landscape

Recap the multi-task ICL dataset from Definition 7.2 where Σx is the shared covariance
matrix of the input features and {(µk,Σβk

)}Kk=1 are the task mean vectors and covariance
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matrices. In the main paper, we consider noiseless data setting where σ = 0. We defer the
exact analysis considering noisy labels to Appendix.

Consider any data distribution in Definition 7.1 and let β ∼ N (µ,Σβ). β can be rewritten
via β = θ̄ +µ with θ̄ ∼ N (0,Σβ). Then under the noiseless setting (σ = 0), the associated
label yi = x⊤

i β is generated via

yi = x⊤
i θ̄︸︷︷︸

debiased

+ x⊤
i µ. (7.13)

Here we describe x⊤
i θ̄ as debiased since E[x⊤

i θ̄] = 0. In this work, we investigate how task-
specific prompts can help to capture individual task means such that learning task means
({µk}Kk=1) and covariances ({Σβk

}Kk=1) can be decoupled via optimizing prompts P and the
attention weight W . We say the model fully decouples mean and covariance if the optimized
attention weight W ⋆ is only determined by the debiased term as shown in (7.13), with
prompts responsible for capturing the bias introduced by the non-zero means.

To start with, recap from Definition 7.2 where task k has probability πk and its task
vector follows distribution βk ∼ N (µk,Σβk

). Following (7.13), we define the debiased and
biased mixed-task covariances (variant with Σx prior) as follows:

Debiased: Σ̄β = Σx

K∑
k=1

πk E[(βk − µk)(βk − µk)
⊤]; (7.14a)

Biased: Σ̃β = Σx

K∑
k=1

πk E[βkβ⊤
k ]. (7.14b)

Note that they satisfy Σ̄β = Σx

∑K
k=1 πkΣβk

and Σ̃β = Σx

∑K
k=1 πk(Σβk

+ µkµ
⊤
k ).

We first analyze the plain training setting where no additional task-specific parameters
are introduced, and all K tasks are mixed together.

Theorem 7.1 (Plain training) Consider training a single-layer linear attention model in
solving multi-task ICL problem with dataset defined in Definition 7.2 and model construction
as described in Assumption 7.1. Let the optimal solution W ⋆

pt (c.f. (7.10)) and the minimal
plain training loss L⋆pt as defined in Section 7.2.3. Additionally, let Σ̃β be defined in (7.14)
and W̄ ⋆

pt = ΣxW
⋆
pt. Then the solution W̄ ⋆

pt and optimal loss L⋆pt satisfy

W̄ ⋆
pt = Σ̃β

(
(n+ 1)Σ̃β + tr

(
Σ̃β

)
I
)−1

,

L⋆pt = tr
(
Σ̃β

)
− n · tr

(
W̄ ⋆

ptΣ̃β

)
.
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Note that the above solution and optimal loss are identical to those in previous work [116]
when considering a single-task ICL problem with with task vector following distribution
β ∼ N (0, Σ̃β).

Theorem 7.2 (Fine-tuning) Suppose a pretrained model as described in Theorem 7.1 is
given with W ⋆

pt being its optimal solution. Consider fine-tuning this model with task-specific
prompts as defined in Definition 7.3, and let the optimal prompt matrix P ⋆

ft (c.f. (7.11))
and the minimal fine-tuning loss L⋆ft be defined in Section 7.2.3. Additionally, let Σ̄β, Σ̃β be
defined in (7.14) and W̄ ⋆

pt = ΣxW
⋆
pt, and define the mean matrix

Mµ = [µ1 · · · µK ]
⊤ ∈ RK×d.

Then the solution P ⋆
ft and optimal loss L⋆ft satisfy

P ⋆
ft = Mµ

(
(W̄ ⋆

pt)
−1 − nI

)
Σx,

L⋆ft = L⋆pt − tr
(
(Σ̃β − Σ̄β)(nW̄

⋆
pt − I)⊤(nW̄ ⋆

pt − I)
)
.

Results in Theorem 7.2 show that, fine-tuning achieves better loss than plain training, L⋆ft ≤
L⋆pt, and our results provably quantize the loss difference.

Theorem 7.3 (Joint training) Consider training a single-layer linear attention model in
solving multi-task ICL problem with dataset defined in Definition 7.2 and model construction
as described in Assumption 7.1. Let W ⋆

jt ,P
⋆
jt (c.f. (7.12)) be the optimal solutions and L⋆jt

is the optimal joint training loss defined in Section 7.2.3. Additionally, let Σ̄β, Σ̃β,Mµ

follow the same definitions as in Theorem 7.2 and define W̄ ⋆
jt = ΣxW

⋆
jt . Then the solution

(W ⋆
jt ,P

⋆
jt) and optimal loss L⋆jt satisfy

W̄ ⋆
jt = Σ̄β

(
(n+ 1)Σ̄β + tr

(
Σ̃β

)
I +O(1)

)−1

,

P ⋆
jt = Mµ

(
(W̄ ⋆

jt)
−1 − nI

)
Σx,

L⋆jt = tr
(
Σ̄β

)
− n · tr

(
W̄ ⋆

jtΣ̄β

)
.

Here, O(1) is a d × d-sized matrix with entries being bounded by some constant value,
regardless of n and d.

In Theorem 7.3, for clarity, we use O(1) to represent equality up to a matrix with entries
bounded by a constant. The explicit form of W̄ ⋆

jt is provided in the Appendix.
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The results of Theorem 7.2 and Theorem 7.3 highlight an important commonality of the
optimal prompt: the optimal prompts p̄k capture the mean of corresponding tasks based
on the attention weight W ⋆

pt or W ⋆
jt . For a large context length n, (p̄k)⋆ft and (p̄k)

⋆
jt will

be approximately −nΣxµk. Additionally, in a finite-dimensional setting where d < ∞, as
n→∞, the solutions W̄ ⋆

pt and W̄ ⋆
jt converge to I/n and all the optimal losses L⋆pt, L⋆ft and

L⋆jt approach 0. Therefore, the benefits of prompt tuning are more apparent for finite n.

Corollary 7.1 Let L∗
pt, L∗

ft, and L∗
jt denote the optimal losses for plain training, fine-tuning,

and joint training, as described in Theorems 1, 2 and 3, respectively. These losses satisfy:

L∗
jt ≤ L∗

ft ≤ L∗
pt. (7.15)

The equalities hold if and only if Σ̄β = Σ̃β (c.f. (14)), which occurs when all task means
µk = 0 for k ∈ [K]. Furthermore, the loss gaps satisfy the following:

1. The loss gaps scale quadratically with task mean:

L∗
pt − L∗

ft ∼ O
(

1

n2

)
∥∆∥F , L∗

ft − L∗
jt ∼ O

(
1

n

)
∥∆∥F ,

where ∆ := Σ̃β − Σ̄β = Σx

∑K
k=1 πkµkµ

⊤
k .

2. The ratio between gaps is:
L∗

pt−L∗
ft

L∗
ft−L∗

jt
∼ O

(
1
n

)
, indicating that fine-tuning provides most

of the benefit in few-shot regimes (small n), while joint training benefits more for larger
n.

7.3.2 Covariance-mean decoupling

For a single-layer linear attention model under Assumption 7.1, where W ∈ Rd×d captures
all the statistics, the plain training loss L⋆pt is determined by the second-order moment of
the task parameters βk:

E[βkβ⊤
k ] = Σβk

+ µkµ
⊤
k ,

which represents the biased covariance of task k. Consequently, L⋆pt can be viewed as a
function of this biased variable, defined as Σ̃β (see Theorem 7.1), which affects both the
terms in W ⋆

pt and those that appear directly in L⋆pt but outside of W ⋆
pt.

When all tasks have zero mean, i.e., E[βk] = µk = 0 for all k ∈ [K], leading to Σ̄µ = 0d×d,
the optimal losses for pretraining, fine-tuning, and joint training become identical:

µk = 0, k ∈ [K]⇒ L⋆pt = L⋆ft = L⋆jt. (7.16)
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In this case, the fine-tuned prompts remain as zero vectors, learning nothing during fine-
tuning (as shown in Theorem 7.2 and Theorem 7.3). This implies that any differences in
loss arise from the ability of the trainable prompts to decouple (i.e., remove task-mean
related bias terms) from Σ̃β to obtain Σ̄β. Specifically, when all task means are zero, this
decoupling is nullified, resulting in no difference in losses across the training methods.

When the task means E[βk] = µk are non-zero, the decoupling effect varies between
different training settings. In joint training, the simultaneous optimization of prompts and
attention weights enables decoupling in both L⋆jt and W ⋆

jt, while in fine-tuning, only the
biased terms in W ⋆

ft are decoupled. As a result, joint training achieves greater decoupling
than fine-tuning. According to Corollary 7.1, when a loss is more directly influenced by the
biased covariance Σ̃β, it tends to be higher, whereas reducing the influence of Σ̃β through
decoupling generally leads to a lower loss.

These findings suggest that introducing additional task-specific trainable parameters into
the single-layer linear attention model, combined with joint optimization, can effectively
reduce the bias in mixed-task covariance, thereby improving performance.

7.4 Fully-decoupled Loss

In Section 7.3, we focus on cases where model parameters are constructed according to
Assumption 7.1 and analyze the loss landscapes for plain training, finetuning, and joint
training. However, our results indicate that with a shared head a := Wvh, none of these
methods fully decouple the mean and covariance. To address this, we introduce an alternative
approach that allows each task to have its own specific linear prediction head hk ∈ Rd+1. It is
worth noting that using separate heads for different tasks is a common practice in the general
multi-task learning literature [29, 219, 115]. Our results demonstrate that optimizing task-
specific prompts, heads, and attention weights leads to a fully decoupled loss (Theorem 7.4).

Definition 7.4 (Task-specific heads) Given K tasks, let {hk}Kk=1 ⊂ Rd+1 represent their
corresponding trainable linear prediction heads. Recalling the input sequence and prediction
from (7.5) and (7.6), the prediction for task k returns

f̃att(Z
(k)) = (z⊤WqW

⊤
k (Z(k))⊤)MZ(k)Wvhk. (7.17)
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Recap ICL problem from Definition 7.2, Z(k) from Definition 7.3 and loss function from
(7.4), the ICL objective considering task-specific prompts and heads is:

L̃⋆att = min
(pk,hk)

K
k=1,Wk,q,v

L(f̃att) (7.18)

where L(f̃att) =
K∑
k=1

πk EZ,y∼Dk
[(f̃att(Z

(k))− y)2].

Here, the search space for pk,hk is Rd+1 and the search space for Wk,q,v is R(d+1)×(d+1).
Next, given task k with mean µk, we introduce debiased preconditioned gradient descent

(PGD) predictor as follows:

f̃pgd(Z
(k)) = x⊤WX⊤(y −Xµk) + x⊤µk.

Note that for any task k, we have E[yi − x⊤
i µk] = 0, and therefore, we expect f̃pgd(Z

(k)) −
x⊤µk to predict unbiased label y − x⊤µk. The corresponding PGD objective is defined as:

L̃⋆pgd = min
W∈Rd×d

L(f̃pgd) (7.19)

where L(f̃pgd) :=
K∑
k=1

πk EZ,y∼Dk
[(f̃pgd(Z

(k))− y)2].

The following proposition establishes the equivalence between optimizing single layer linear
attention (c.f. (7.18)) and one step of PGD predictor (c.f. (7.19)).

Proposition 7.1 Consider the multi-task ICL data as described in Definition 7.2 and let
L̃⋆att and L̃⋆pgd be the optimal linear attention and debiased preconditioned gradient descent
losses as presented in (7.18) and (7.19), respectively. Then, L̃⋆att = L̃⋆pgd.

Considering the single-task and zero-mean setting, Proposition 7.1 aligns with the findings
of previous work [3, 116]. Our results further confirm the necessity of both task-specific
prompts and heads in effectively decoupling the influence of non-zero means from the data.

Then, based on the Proposition 7.1, we are able to analyze the optimization landscape of
(7.18) via studying (7.19).

Theorem 7.4 Consider the multi-task ICL problem with dataset defined in Definition 7.2.
Let W ⋆

pgd := argminW L(f̃pgd) following (7.19). Define Σ̄β in (7.14) and let W̄ ⋆
pgd =

ΣxW
⋆
pgd. Then the solution W̄ ⋆

pgd and optimal loss L̃⋆pgd (c.f. (7.19)) satisfy
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W̄ ⋆
pgd = Σ̄β

(
(n+ 1)Σ̄β + tr

(
Σ̄β

)
I
)−1

,

L̃⋆pgd = tr
(
Σ̄β

)
− n · tr

(
W̄ ⋆

pgdΣ̄β

)
.

See Appendix for a proof.
Comparing Theorem 7.4 with Theorem 7.1, it is evident that L̃⋆pgd represents a fully

decoupled loss, demonstrating the clear benefit of adding task-specific heads. While Theo-
rem 7.1 provides an upper bound L⋆pt for the multi-task ICL loss, the proof of Theorem 7.4
establishes that L̃⋆pgd serves as the lower bound for a multi-task ICL loss in a single-layer
linear attention model.
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CHAPTER 8

Benefits of Unlabeled Data in Multilayer Linear
Attention

8.1 Introduction

The success of in-context learning (ICL) is also being extended to multimodal scenarios [223]
as well as other modalities such as tabular data [77]. The push toward test-time scaling and
long-context models [175, 69] has further boosted the benefits of ICL by allowing the model
to ingest a large number of demonstrations. For instance, in “Many-shot in-context learning”
paper, [2] demonstrate that pushing more examples into context window can substantially
boost the accuracy. MAPLE [35] improves many-shot ICL by pseudo-labeling high-impact
unlabeled examples and incorporating them into the prompt. The many-shot ICL setting
naturally raises the question of when and how ICL can succeed with weaker supervision.
As we can harness longer context models to boost predictive accuracy, we may indeed run
out of high-quality demonstrations with verified answers/chain-of-thoughts and may want
to utilize weaker data sources. This motivates our central question:

Q: When and how can transformers learn in context from unlabeled data?

We primarily investigate this question under a semisupervised ICL (SS-ICL) setting with
Gaussian mixture models (GMMs). Formally, given a prompt containing a dataset of feature-
label pairs (xi, yi)

n
i=1 ∈ Rd × R as demonstrations and a query feature x (see Eq. (8.3)), a

model trained for ICL learns to predict the corresponding output y given prompt. For ICL
with a supervised binary GMM model, we have xi ∼ N (µyi

, σ2I) and yi ∈ {−1, 1}, i ∈ [n],
and the component means µ±1 that parameterize the classification task are sampled from
a prior task distribution. This prompt model is well studied under various fully-supervised
settings [59, 196, 3, 4, 129, 38, 173] where each demonstration includes a clearly labeled
output. In our SS-ICL setting, only m out of n total samples have correct labels (m ≤ n)
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either −1 or 1, and remaining labels are unknown and fed to the model as yi = 0.
In this work, we provide a comprehensive theoretical and empirical study of attention

models with varying depths when trained with SS-ICL. Our analysis reveals the importance
of depth: Despite being able to implement the optimal fully-supervised estimator, single-layer
linear attention completely fails to leverage unlabeled examples. In contrast, deeper or looped
transformer architectures can emulate strong semi-supervision algorithms, approaching the
performance of the Bayes-optimal classifier as depth increases. Informed by the importance
of depth/looping, we also devise semisupervision strategies for tabular foundation models.
Our specific contributions are:

⋄ Landscape of one-layer linear attention (§8.3): We study the optimization land-
scape of single-layer linear attention for the SS-ICL problem under an isotropic task
prior. We prove that the global minimum of the loss function returns the plug-in
estimator (see Eq. (SPI)), i.e., ŷ = sgn(x⊤µ̂) with µ̂ = X⊤y, where X ∈ Rn×d repre-
sents features and y ∈ Rn denotes partially-observed labels (with missing entries set to
zero) of the ICL demonstrations. This implies that 1-layer model learns Bayes-optimal
classifier in the fully-supervised setting, but completely fails to make use of unlabeled
data.

⋄ Depth is crucial but shallow can suffice (§8.4): We show that multilayer linear
attention can emulate semisupervised learners by implementing polynomial estimators
of the form

µ̂ =
K∑
i=0

ai(X
⊤X)iX⊤y. (8.1)

Crucially, an L-layer (or looped) attention can express up to K = O(3L) powers, high-
lighting that logarithmic depth suffices to represent high-degree monomials. We provide
characterizations of the set of expressible polynomials through different constructions
(where each layer gets to update the features or labels of the previous layer). Cor-
roborating these, experiments reveal that shallow models with L ≥ 2 already achieve
strong results and their performance can be approximately predicted through an eigen-
estimator combining i = 0 and ∞ (see (SSPI-k)).

⋄ What learner attention emulates? In Section 8.4.3, we describe how each atten-
tion block can update the label estimates by emulating expectation-maximization (for
linear attention) or belief propagation (for softmax attention). For instance (8.1) can
be interpreted as the model implicitly conducting an Expectation-Maximization algo-
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rithm: Starting with the supervised estimator µ̂0 = X⊤y, each term (X⊤X)iX⊤y

can be viewed as a sequence of pseudo-labeling (expectation) ŷi = Xµ̂i−1 and training
(maximization) µ̂i = X⊤ŷi steps. Corroborating this, we show that softmax-attention
and softmax-transformer models similarly benefit from increasing depth and can emu-
late semisupervised learners competitive with Bayes limit (see Fig. 8.2c).

⋄ Applications to Tabular FMs (§8.5): Tabular foundation models such as TabPFN
[77, 78] and TabICL [163] represent a suitable application of theory as they also model
the ICL examples with a single token. To harness unlabeled examples, we propose a
novel strategy that iteratively creates soft pseudo-labels by explicitly looping the tabular
FM while controlling validation risk. Focusing on the few-shot learning setting where
TabPFN-v2 [78] excels, we demonstrate that our approach can significantly improve
predictive performance on various real-world datasets.

8.2 Preliminaries and Problem Setup

We study ICL in the setting of semi-supervised classification, where the in-context demon-
strations are drawn from a binary Gaussian mixture model (GMM). We begin by introducing
the following core notation: Denote the set {1, 2, · · · , n} as [n] and use bold letters, such as
x and X, to represent vectors and matrices, respectively. Let Q(·) function return the right
tail of the standard normal distribution. We use sgn(·) denote the sign function which is

defined as follows: sgn(x) =

1, x ≥ 0

−1, x < 0
.

8.2.1 Semi-supervised Data Model

Consider a d-dimensional semi-supervised binary GMM with n examples (xi, yi)
n
i=1, where

xi ∈ Rd denotes the feature vector and yi ∈ {−1, 0, 1} represents the corresponding observed
label, with yi = 0 indicating a missing label, and each label is revealed independently with
probability p ∈ [0, 1]. Specifically, the data is generated as follows (for each i ∈ [n]):

xi = yci · µ+ ξi , yi =

yci , w.p. p

0, w.p. 1− p
and yci =

1, w.p. 1/2

−1, w.p. 1/2
. (8.2)

Here µ ∼ Unif(Sd−1) denotes the task mean, which is sampled uniformly from the unit
sphere, and ξi ∼ N (0, σ2I) is the random noise with σ ≥ 0 being the noise level that controls
the variability of xi around its mean. yci denotes the true class label that is uniform over
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{−1, 1}. Observe that p = 1 corresponds to fully-supervised learning and p = 0 corresponds
to fully-unsupervised learning.

8.2.2 In-context Learning and Linear Attention

We build on the setting of [59, 129, 214, 116] and construct the in-context prompts with
examples drawn from the model (8.2) as follows.

Prompt Generation Given a task vector µ ∼ Unif(Sd−1), we sample (n + 1) in-context
demonstrations (xi, yi)

n+1
i=1 according to (8.2) and construct the prompt

Z =

[
x1 x2 · · · xn x

y1 y2 · · · yn 0

]⊤
∈ R(n+1)×(d+1). (8.3)

We will investigate training a transformer such that given Z as prompt, it correctly predicts
the label y := ycn+1 of the query x := xn+1 through ICL.

Model Architecture Our work primarily focuses on training of linear attention models.
Given any prompt Z ∈ R(n+1)×(d+1), which can be treated as a sequence of (d+1)-dimensional
tokens, the linear attention mechanism outputs

att(Z;W) = (ZWqW
⊤
k Z⊤)MZWv (8.4)

whereW := {Wk,Wq,Wv ∈ R(d+1)×(d+1)} denotes the set of the key, query and value weight
matrices. Therefore, given the prompt matrix Z ∈ R(n+1)×(d+1) as input, the attention
mechanism outputs a (n + 1)-length sequence (i.e., att(Z;W) ∈ R(n+1)×(d+1)). Note that
the label for the query x is excluded from the prompt Z. Similar to [3], we consider a

training objective with a mask M =

[
In 0

0 0

]
to prevent input tokens from attending to

the queries. To ensure that all in-context examples are treated equally and that the model
remains invariant to their order/position, we do not apply a causal mask following [3]. In
contrast, [118] explores the use of causal masking in multi-layer linear attention and analyzes
its impact on the final prediction.

Building upon the single-layer linear attention mechanism of (8.4), we can extend our
model to multiple layers to capture more complex patterns. Consider optimizing an L-
layer linear attention model and let Zℓ be the input of ℓth layer, ℓ ∈ [L]. Additionally, let
Wℓ := {Wkℓ,Wqℓ,Wvℓ ∈ R(d+1)×(d+1)} be the corresponding weight matrices of ℓth layer.
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Then, recalling the attention mechanism (8.4), the input prompt of ℓth layer is defined by

Zℓ = Zℓ−1 + att(Zℓ−1;Wℓ−1) for ℓ = 2, . . . L, (8.5)

and Z1 = Z. We focus on the next-token prediction setting, where the model makes a
prediction based on the final query token [x⊤ 0]⊤. Let h ∈ Rd+1 denote the linear prediction
head. We define the output of the L-layer linear attention model at the last (query) token
as

fatt-L(Z) = h⊤att(ZL;WL)[n+1]. (8.6)

Recalling the sign function, the predicted label for x is given by yatt-L(Z) = sgn(fatt-L(Z)).

Model Training With our attention-based architecture established, we now turn to the
training procedure and evaluation metrics. Consider the ICL setting where each input
prompt Z (cf. (8.3)) corresponds to a randomly sampled task vector µ ∼ Unif(Sd−1) and
let ℓ(·) : R → R be the loss function. Additionally, define the set of attention weights
W(L) := ∪Lℓ=1Wℓ ∈ (R(d+1)×(d+1))3L. The objective of L-layer linear atention takes the fol-
lowing form:

min
W(L),h

Latt-L(W(L),h) where Latt-L(W(L),h) = E [ℓ(y, fatt-L(Z))] . (8.7)

Here, y = ycn+1 and the expectation subsumes the randomness of µ and (ξi, yi)
n+1
i=1 . The

search space for W(L) is (R(d+1)×(d+1))3L, and for h is Rd+1.

8.3 Loss Landscape of One-layer Linear Attention under

SS-ICL

Previous work [3, 116, 129] has shown that an optimized single-layer linear attention imple-
ments a form of preconditioned gradient descent over the linear in-context demonstrations
provided within the prompt. However, to the best of our knowledge, prior studies have
not addressed the semi-supervised setting, where some in-context labels are missing. In
this section, we analyze the optimization behavior of single-layer linear attention under the
semi-supervised binary GMM setting described in Section 8.2, and demonstrate that the
single-layer model learns the optimal fully-supervised learner, but fails to utilize the unla-
beled data.

125



We begin with the following optimal supervised label estimator under our problem setting.

Supervised Plug-in (SPI) Estimator The plug-in method is a classical approach for su-
pervised classification problems, aiming to find a linear combination of features that separates
different categories. Under our problem setting, it also serves as the asymptotically Bayes-
optimal estimator given only labeled data [74, 45]. Consider the binary semi-supervised
GMM problem described in (8.2) with dataset (xi, yi)

n
i=1, and let I ⊂ [n] represent the

indices of labeled samples, e.g., yi ̸= 0 for i ∈ I. The SPI estimator returns the task mean

µ̂s =
1

|I|
∑
i∈I

yixi. (SPI)

We next present the following theorem establishes that, under isotropic task prior, optimal
single-layer linear attention is equivalent to the SPI estimation.

Theorem 8.1 Let the prompt (cf. (8.3)) be generated as described in Section 8.2.2. Consider
the objective (cf. (8.7)) with L = 1 and squared loss function ℓ(y, ŷ) = (y − ŷ)2, and denote
the optimal prediction as y⋆att-1(Z). Let µ̂s represent the SPI estimator defined in (SPI).
Then, for any Z from (8.3), we have

y⋆att-1(Z) = sgn(x⊤µ̂s). (8.8)

Additionally, its classification error obeys

P(y⋆att-1(Z) ̸= y) = Eg∼N (0,1),h∼X 2
d−1

[
Q

(
1 + ϵσg

σ
√
(1 + ϵσg)2 + ϵ2σh

)]
(8.9)

≤ Q

(
1− 10dϵ2σ

σ

)
+ e−d + e−1/8ϵ2σ

where we define ϵσ = σ/
√
np and X 2

d defines chi-squared distribution with d degrees of free-
dom.

The proof of Theorem 8.1 is deferred to Appendix G.1. Eq. (8.8) shows that one-layer
linear attention model indeed implements the optimal supervised predictor, assuming access
to np labeled examples. Therefore, the classification error corresponds exactly to that of the
SPI estimator. The supervised classification problem has been extensively studied [13, 18,
134, 188, 32, 27, 199, 43], with most existing work focusing on a single classification task
in asymptotic data or overparameterized regimes. In contrast, within the ICL framework
considered in our setting, the task mean µ is randomly sampled, and the classification error
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is computed by averaging over random draws of Z, y, and µ. Accordingly, in (8.9), we
express the error in a simplified form as an expectation.

The experimental results in Figure 8.1 support Theorem 8.1, where dark blue circular
markers represent the performance of the single-layer linear attention model, blue curves
show the classification accuracy of the SPI estimator, and the red dotted curves depict
the accuracy 1 − P(y⋆att-1(Z) ̸= y) as computed from (8.9). The alignments of these curves
empirically validate Theorem 8.1. Implementation details and further discussion are provided
in Section 8.5. Based on these results, we reach the following conclusion:

1-layer linear attention learns optimal supervised estimator but doesn’t benefit from unlabeled data.

As shown in Figs 8.1b and 8.1c, when the number of labeled samples (np = 10) is
fixed, increasing the number of unlabeled examples (even up to ∼ 10000) has no effect
on performance, as the dark blue markers remain at the same level.

At first glance, this may seem counterintuitive—while the data is unlabeled, it still con-
tains information about the classification feature. For instance, the mean of the data points
carries relevant information, and one might expect the model to extract and leverage this
for better predictions. This expectation is particularly reasonable when a large amount of
unlabeled data is available, as the sample covariance matrix approximates the population
covariance, i.e., E[X⊤X/n] = µµ⊤ + σ2I where X = [x1,x2, · · · ,xn]⊤ ∈ Rn×d. The key
insight into why single-layer attention fails to leverage unlabeled data lies in the expectation
structure. In our isotropic GMM setting where µ ∼ Unif(Sd−1), the sample covariance ma-
trix converges to E[X⊤X/n] = E[µµ⊤]+σ2I = (1/d+σ2)I, which contains no task-specific
information. The expectation across multiple tasks loses the signal from µ. This explains
why single-layer attention, operating in a meta-learning framework across many tasks rather
than optimizing for a single fixed task, cannot extract useful information from unlabeled
data.

In the following section, we study multi-layer linear attention and demonstrate that it
has the ability to propagate X⊤X into deeper layers, thereby enabling the model to utilize
the unlabeled data.
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Figure 8.1: Experimental results support our theoretical findings presented in Sections 8.3
and 8.4. In all three subfigures, blue, green, and orange markers represent the results of 1-,
2-, and 5-layer linear attention models, respectively. The SPI estimator (cf. (SPI)), SSPI-1,
and SSPI-∞ (cf. (SSPI-k)) are shown as blue solid, green solid, and green dotted curves,
respectively. The red dotted curves in all subfigures correspond to the single-layer/SPI results
described in Eq. (8.9) of Theorem 8.1, while the black dotted line in Fig. 8.1c corresponds
to Eq. (8.13) of Theorem 8.2. Additional details and discussion can be found in Sections 8.3,
8.4, and 8.5.

8.4 Multi-layer Attention and the Benefits of Depth

In this section, we explore how deeper attention models can effectively utilize the unlabeled
data. Let

X =
[
x1 x2 · · · xn

]⊤
∈ Rn×d and y =

[
y1 y2 · · · yn

]⊤
∈ Rn. (8.10)

8.4.1 L-layer Linear Attention can Implement Degree-O(3L) Poly-

nomials in X⊤X

We first present the following propositions to show that multi-layer as well as looped linear
attention can be expressed as a polynomial function of X⊤X. This structure allows the
models to leverage unlabeled data to improve the estimation of the task mean µ.

Proposition 8.1 Given an L-layer linear attention model described in Section 8.2.2 with
input prompt Z defined in (8.3), one can construct the key, query, value weight matrices and
the linear prediction head such that the model outputs (cf. (8.6))

fatt-L(Z) = x⊤AX⊤y. (8.11)

Then, the following A matrices are achievable via label and feature updates:
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• Label propagation: A = c
∏L−1

ℓ=1

(
I + cℓX

⊤X
)

for arbitrary constants {c, c1, · · · , cL−1};

• Feature propagation: A = c
(
X⊤X

)3L−1−1 for an arbitrary constant c.

Proposition 8.2 Consider the same setting as in Proposition 8.1. There exists a single-
layer linear attention model whose parameters can be constructed such that, when looped L
times, its output reproduces that of (8.11), with cℓ ≡ c′ for some arbitrary constant c′.

The proofs of Proposition 8.1 and 8.2 are deferred to Appendix G.2.1 and G.2.2. In the
following, we provide further clarification on the label and feature propagation.

1. The final prediction of the label propagation process can be rewritten as

fatt-L(Z) = cx⊤X⊤yL where yℓ+1 = (I + cℓXX⊤)yℓ, for ℓ ∈ [L− 1]

with y1 = y. Here, yℓ can be interpreted as the soft pseudo-labels input to the ℓth layer,
and each cℓ is parameterized by the attention mechanism in the corresponding layer.
Although not exactly equivalent, the L-layer linear attention process shares similarities
with the Expectation-Maximization (EM) algorithm for semi-supervised learning, with L
iterations of pseudo-labeling and a different label update strategy.

2. In contrast, the feature propagation process yields the final prediction

fatt-L(Z) = cx⊤
LX

⊤
L y where

Xℓ+1 = (XℓX
⊤
ℓ )Xℓ

xℓ+1 = (X⊤
ℓ Xℓ)xℓ

for ℓ ∈ [L− 1]

with X1 = X and x1 = x. Here, (Xℓ,xℓ) can be viewed as the input features at the ℓth
layer, encoding exponentially higher-order powers of X⊤X. This result highlights that a
linear attention model requires only O(logK) layers to represent polynomial functions of
degree K.

Our construction for label propagation is inherently related to the gradient descent emulation
capability of linear attention [3]. However, the feature propagation construction is funda-
mentally different and underscores the transformer’s capability to implement rapid power
iteration over the empirical covariance X⊤X. In the above constructions, each attention
block with residual connections updates features or labels using one parameter, namely map-
pings of the form X →X +αXX⊤X or y → y+βXX⊤y. The lemma below shows that,
even if the multilayer model can express polynomials of X⊤X with exponential degrees in
depth, the expressible manifold of polynomials has dimensionality linear in depth.
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Lemma 8.1 (Label + Feature Propagation) For an L-layer linear attention model, the
resulting eventual prediction corresponds to the matrix A in Proposition 8.1 of the form

A =

(3L−3)/2∑
ℓ=0

aℓ(X
⊤X)ℓ. (8.12)

The coefficients a := [a0 a1 · · · a(3L−3)/2]
⊤ lie on a manifold of dimension at most 2L

as a can be expressed as a = g(c) for some smooth function g : R2L → R(3L−3)/2 with c

representing the parameters of individual layers.

8.4.2 Which Semi-supervised Algorithm Does Multi-layer Atten-

tion Approximate?

Recall the SPI estimator µ̂s from (SPI), and that y denotes the visible labels defined in
Section 8.2.1 and (8.10). We have µ̂s =

1
|I|X

⊤y. Motivated by Proposition 8.1 that multi-
layer linear attention can implement higher-degree polynomials of X⊤X, we introduce the
following SSPI estimator, which makes predictions based on the supervised estimate µ̂s

combined with higher-order debiased term of the form (X⊤X/n− σ2I)k.

Semisupervised Plug-in (SSPI) Estimator Observe that the feature covariance sat-
isfies E[X⊤X]/n = µµ⊤ + σ2I, and the top eigenvector of the centered covariance matrix
(X⊤X/n − σ2I) asymptotically aligns with either µ or −µ. Therefore, with a substan-
tial amount of unlabeled data, we propose the semisupervised plug-in (SSPI) estimator as
follows:

µ̂ss-k = αµ̂s + (1− α)(X⊤X/n− σ2I)kµ̂s (SSPI-k)

where µ̂s is the SPI estimator (cf. (SPI)), and α ∈ [0, 1] controls the trade-off between the
fully-supervised and semi-supervised estimators. The optimal choice of α depends on the
problem parameters n, d and p. Note that as k →∞, the term (X⊤X/n− σ2I)k converges
(up to scaling) to a rank-one projection onto the top eigenvector of the debiased covariance
matrix, effectively serving as an estimator for µ (up to sign).

In Figure 8.1, we present the prediction accuracies of 2-layer and 5-layer linear attention
models, shown by green and orange markers, respectively. We also evaluate the SSPI al-
gorithm with varying k values, where the green solid curve corresponds to SSPI-1, and the
green dotted represents SSPI-∞, both using their respective optimal choices of α. Details on
selecting the optimal α values are provided in Section 8.5 and illustrated in Figure 8.2. The
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results reveal a close alignment between multi-layer linear attention and SSPI estimators.
Notably, the 2-layer model outperforms SSPI-1, due to its ability to implement higher-degree
polynomials of X⊤X (cf. Proposition 8.1 and Equation (8.12)). When the sample size is
sufficiently large (e.g., n > 50 in Figure 8.1b), the top eigenvector provides a more accurate
estimate of the task mean, enabling SSPI-∞ to achieve higher accuracy. Furthermore, since
the 5-layer model is capable of representing higher-order functions than the 2-layer model, it
can better estimate the top eigenvector, resulting in performance that closely matches that
of SSPI-∞.

In the following, we analyze the optimal classifier of the form sgn(x⊤Aµ̂s) for a GMM,
and provide insights into its behavior in the asymptotic regime as n→∞.

Theorem 8.2 Consider a binary GMM defined in Section 8.2.1 and suppose that (xi, yi)n+1
i=1

is generated using a fixed µ following (8.2). Given matrix A ∈ Rd×d, define prediction

ŷA = sgn(x⊤Aµ̂s).

where µ̂s is the SPI estimator defined in (SPI). Let A⋆ := minA∈Rd×d P(ŷA ̸= y) be its
optimal solution set. Then, µµ⊤ ∈ A⋆. Additionally, it obeys

P(ŷµµ⊤ ̸= y) = Q(1/σ)︸ ︷︷ ︸
Bayes error

+Q(
√
np/σ)− 2Q(1/σ)Q(

√
np/σ). (8.13)

Note that, P(ŷµµ⊤ ̸= y) depends on np and σ only, regardless of µ and d.

Theorem 8.3 Let the prompt Z be generated as described in Section 8.2.2, and consider
an L-layer linear attention model with L ≥ 2 and n = ∞. Additionally, let µ̂s be the SPI
estimator defined in (SPI). There exist model constructions such that for any Z following
(8.3), its prediction satisfies

yatt-L(Z) = sgn(x⊤µµ⊤µ̂s).

The proof follows directly from Proposition 8.1 (label propagation), which shows that multi-
layer linear attention can output x⊤(X⊤X/n−σ2I)µ̂s. As n→∞, the empirical covariance
converges to its expectation, i.e., X⊤X/n−σ2I → µµ⊤. The results in Figure 8.1c validate
Theorem 8.3, showing that as n becomes large enough (i.e., n = 10000), the predictions
from both 2-layer and 5-layer linear attention models, as well as the SSPI-1 and SSPI-∞
estimators, closely align with the classification error characterized in Theorem 8.2, depicted
by the black dotted line.
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Theorem 8.3 establishes that, with infinitely many unlabeled samples, an L-layer linear
attention model (for L ≥ 2) can implement the predictor characterized in Theorem 8.2 using
the optimal choice of A, thereby achieving the classification error specified in (8.13). In the
following, we shift to the non-asymptotic setting where n is finite and analyze the model’s
performance in this regime.

Theorem 8.4 Let the prompt Z be generated as described in Section 8.2.2. Consider an
L-layer linear attention model with L ≥ 2 and denote its optimal prediction as y⋆att-L(Z).
Additionally, let µ̂s be the SPI estimator defined in (SPI). Suppose that the number of
labeled samples satisfies np ≥ 8dσ2 and n > O(d) is sufficiently large. Then, there exists a
universal constant C > 0 such that the classification error satisfies

P(y⋆att-L(Z) ̸= y) ≤ Q

(
1− C

√
d/n

σ

)
+ e−d.

The proof is deferred to Appendix G.2.5. Note that when n ≫ d, the classification error
approaches the Bayes error, i.e., P(y⋆att-L(Z) ̸= y) ≈ Q(1/σ).

8.4.3 Multi-layer Attention as Expectation Maximization and Be-

lief Propagation

In Section 8.4.1, we discussed how multi-layer linear attention can express polynomial func-
tions of X⊤X. Here, we further explore the connection between multi-layer attention and
the Expectation Maximization (EM) algorithm for semi-supervised learning. Beyond lin-
ear attention, we also highlight key differences between linear and softmax-based attention
mechanisms, particularly in how they implement labeling strategies analogous to those in
the EM algorithm.

Consider the following construction of the ℓ-th layer attention weights:

Wq = Wk =

[
Id 0

0 0

]
and Wv =

[
0 0

0 cℓ

]
.

We examine both linear and softmax attention mechanisms. Let S(·) denotes the softmax
operation that applies on the rows of a matrix. With this, the data update defined in (8.5)
becomes:

Linear attention: yℓ+1 = yℓ + cℓXX⊤yℓ

Softmax attention: yℓ+1 = yℓ + cℓS(XX⊤)yℓ
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In the case of linear attention, given the pseudo-labels yℓ = [yℓ1, y
ℓ
2, . . . , y

ℓ
n] at layer ℓ, the

model estimates the task mean using the SPI algorithm (cf. (SPI)) as µ̂ℓ = X⊤yℓ. The
attention then updates each pseudo-label through the residual rule:

yℓi → yℓi + cℓx
⊤
i µ̂ℓ,

where cℓ is a layer-specific coefficient. Owing to the linearity of this mechanism, the resulting
pseudo-labeling strategy aligns with a linear EM-style update.

In contrast, softmax attention computes pairwise similarities via the softmax of dot prod-
ucts. Define sij = ex

⊤
i xj∑

j≤n e
x⊤
i

xj
, then each pseudo-label is updated via:

yℓi → yℓi + cℓ
∑
j≤n

sijy
ℓ
j.

This update is a nonlinear, similarity-weighted pseudo-labeling strategy which can also be
viewed as belief propagation. The nonlinear nature highlights a key distinction between
softmax and linear attention in how they emulate EM–like updates (sij = x⊤

i xj for linear
attention).

8.5 Experiments

In Sections 8.3 and 8.4, we introduced Figure 8.1 and demonstrated its consistency with our
theoretical results. In this section, we describe the experimental setup and implementation
details. Additionally, we present further empirical findings to investigate additional questions
of interest in Section 8.5.1. Motivated by Proposition 8.2, which suggests that looping can
help leverage unlabeled data, Section 8.5.2 introduces an algorithm based on the TabPFN,
showing how it can enhance prediction performance by incorporating a small amount of
unlabeled data and iterative pseudo-labeling through model looping.

Experimental Setup Following Section 8.2, set d = 10 and noise level σ = 1. All models
are trained using Adam optimizer with a learning rate of 10−3 for 40,000 epochs, with a
batch size of 512. We use logistic loss in our experiments. Since our study focuses on
the optimization landscape and model expressivity, and experiments are implemented via
gradient descent, we repeat 10 trainings from random initialization and results are presented
as the maximal test accuracy among those 10 trails.
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Figure 8.2: Additional experimental results. (a)&(b): Analysis of the optimal α values for the
SSPI estimator (cf. (SSPI-k)) under varying (n, p, k). Green solid and dotted curves represent
optimal α values for SSPI-1 and SSPI-∞, respectively. The SSPI results shown in Figure 8.1
use the corresponding α values from Figs. 8.2a and 8.2b. (c): Comparison of different model
architectures for the SS-ICL problem. Dark blue and orange curves show results for 1-layer
and 5-layer attention models, with solid and dashed curves representing linear and softmax
attention, respectively. Cyan curves correspond to 5-layer Transformers. The black dotted
curve shows the asymptotic Bayes-optimal error (cf. [103]). Results suggest the performance
ordering: Transformer > linear attention > softmax attention. Further details are provided
in Section 8.5.

8.5.1 Additional Observations

Exploration of Optimal α Values In Section 8.4, we introduced the SSPI-k estimator
(cf. (SSPI-k)), but did not discuss the choice of the mixing parameter α, which plays a crucial
role in balancing the contribution of the supervised estimator µ̂s. Specifically, α controls
how much weight is given to the purely supervised signal. In the fully supervised case, the
optimal choice is α = 1, as µ̂s corresponds to the optimal estimator.

In Figures 8.2a and 8.2b, we empirically examine the optimal values of α. Given µ ∼
Unif(Sd−1), we define the optimal α as the minimizer of the following cosine similarity-based
objective:

α⋆ := min
α∈[0,1]

L(α) where L(α) = 1− E[cosine_similarity(µss-k,µ)].

For each setting, we optimize α using the Adam optimizer for 10,000 epochs with a batch
size of 128 and a learning rate of 0.01. The results are shown in Figs 8.2a and 8.2b.

In Figure 8.2a, for both SSPI-1 and SSPI-∞, the optimal α starts near zero when the
number of labeled examples is small, reflecting the limited utility of µ̂s in low-supervision
regimes. As the number of labeled samples increases, α grows approximately linearly and
approaches 1 when the problem becomes fully supervised. In Figure 8.2b, when n = 10 and
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p = 1 (i.e., all examples are labeled), the optimal α begins at 1. As n increases and the
fraction of unlabeled data grows, α decreases significantly. This trend indicates that as the
volume of unlabeled data increases, the SSPI estimator adaptively reduces reliance on the
supervised component µ̂s and increases reliance on the semi-supervised component, which
leverages the structure of the unlabeled data through X⊤X.

Comparison Across Different Model Architectures Beyond linear attention, we in-
vestigate additional model architectures under our SS-ICL setting. The comparison results
are presented in Fig. 8.2c. The softmax attention model uses the same structure described in
Section 8.2.2, with the only difference being the addition of a softmax operation in Eq. (8.4).
The Transformer model introduces further nonlinearity and capacity by incorporating multi-
layer perceptrons (MLPs) and layer normalization. The Transformer experiments are con-
ducted with 5-layer models.

When comparing weaker models—such as 1-layer linear (dark blue solid) and softmax
(dark blue dashed) attention—we observe that softmax attention consistently underper-
forms linear attention. Notably, softmax attention fails to match the performance of the
optimal supervised estimator, even when all labels are observed (i.e., when the number of
labeled samples equals n = 50). Furthermore, increasing the depth of softmax attention
(orange dashed curve for 5-layer softmax) still does not surpass the performance of 5-layer
linear attention (orange solid curve). Among all architectures, the Transformer achieves
the best performance due to its increased model capacity and expressiveness. Compared
with Fig. 8.1a, where the orange and dark blue markers (linear attention) are identical, the
Transformer significantly improves accuracy. This improvement highlights that SSPI, while
effective, is not the optimal semi-supervised estimator. Although our semi-supervised setting
assumes isotropic data, the characterization of its optimal algorithm remains an open and
foundational problem for future exploration. In the figure, we also include the asymptotic
Bayes-optimal curve (black dotted; derived from [103]) . As the number of samples increases,
the results from linear attention, softmax attention, and Transformer all converge toward
this optimal curve. We attribute the initial performance gap, particularly at low values along
x-axis (e.g., np = 1), to the scarcity of labeled data.

8.5.2 Tabular Experiments

To further investigate how model looping (Proposition 8.2) can improve label prediction, we
propose the LoopTabFM algorithm that addresses unlabeled data by iteratively assigning
pseudo-labels, with its details outlined in Algorithm 1. Suppose that we are given labeled
Dlab and unlabeledDunlab datasets. The overall workflow of the algorithm proceeds as follows:
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Algorithm 1 LoopTabFM: Looping Tabular FM with Soft Pseudo-labels
Require: Dataset Dlab,Dunlab, looping iterations K
1: procedure Looping(Dlab,Dunlab, K)
2: FM0 ← TabPFN-v2(Dlab) ▷ FMk corresponds to model of Loop-k.
3: Dunlab ← FM0(Dunlab) ▷ Assign pseudo labels via ŷsoft ← FM0(x ∈ Dunlab).
4: FMbest ← FM0
5: Rval = Val_Risk(Dunlab)
6: for Looping iteration k = 1, . . . , K do
7: FMk ← TabPFN-v2(Dlab ∪ Dunlab)
8: Dunlab ← FMk(Dunlab) ▷ Update pseudo labels via ŷsoft ← FMk(x ∈ Dunlab).
9: if Val_Risk(Dunlab) < Rval then

10: FMbest ← FMk
11: Rval = Val_Risk(Dunlab)
12: end if
13: end for
14: return FMbest

15: end procedure
16: procedure Val_Risk(Dunlab)
17: return 1

|Dunlab|
∑

imin(|ŷsoft
i − 1|, |ŷsoft

i + 1|)
18: ▷ ŷsoft corresponds to the assigned soft label for feature in Dunlab.
19: end procedure

1. Base Model: Perform ICL using TabPFN on the labeled dataset Dlab and treat the
resulting model as the base model (Loop-0). The corresponding test accuracies are
reported in Table 8.1.

2. Pseudo-Label Assignment: Using the current model (e.g., Loop-k) to generate
predictions for the unlabeled data Dunlab. Assign soft pseudo-labels based on these
predictions. Note that the model outputs are scalars (i.e., elements of R) and can be
interpreted as soft labels.

3. Model Update: Construct a new prompt by combining the labeled examples with
their true labels and the unlabeled examples with their assigned soft pseudo-labels.
Perform ICL using TabPFN on this combined prompt to obtain an updated model
(Loop-(k+1)). Repeat this process from Step 2 until the maximum number of looping
iterations is reached.

⋆ Model Validation: To improve the stability of the looping process, we introduce an
additional validation step and retain the model with the lowest validation risk as the
final (best) model. Specifically, after assigning soft pseudo-labels to the unlabeled data,
i.e., Dunlab = {(xi, ŷsoft

i )ni=1}, we compute the validation risk over these pseudo-labeled
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Table 8.1: Comparison of test accuracy (%) between the baseline (Loop-0) and LoopTabFM
(Algorithm 1) after 1 to 5 iterations using TabPFN-v2. Each result is averaged over 100
random trials. The highest test accuracy for each dataset is highlighted in bold. The final
column reports the relative improvement (%) of Loop-5 over the baseline, computed as
(Loop-5 − Loop-0)/Loop-0×100%. Positive signs indicate a performance improvement over
the baseline, while negative signs indicate a performance drop.

OpenML ID # of features # of samples Class imbalance Loop-0 Loop-1 Loop-2 Loop-3 Loop-4 Loop-5 Rel.Imp. (%)

3 36 3196 1.09 58.62 58.63 58.45 58.69 59.00 58.97 0.60 (+)
31 20 1000 2.33 66.18 65.95 66.05 65.58 65.52 65.07 1.68 (−)
1049 37 1458 7.19 72.00 75.62 79.48 80.31 81.49 81.40 13.06 (+)
1067 21 2109 5.47 73.12 76.59 77.94 77.92 78.57 78.60 7.50 (+)
1464 4 748 3.20 60.46 63.96 70.20 71.29 72.26 72.18 19.38 (+)
1487 72 2534 14.84 82.54 87.67 88.57 88.27 89.85 89.56 8.51 (+)
1489 5 5404 2.41 66.40 67.62 68.30 68.14 68.21 68.18 2.69 (+)
1494 41 1055 1.96 62.24 63.05 64.62 65.94 66.07 66.05 6.12 (+)
40701 20 5000 6.07 66.45 70.65 75.99 78.18 78.00 77.70 16.93 (+)
40900 36 5100 67 98.53 98.41 98.39 98.39 98.27 98.26 0.28 (−)
40981 14 690 1.25 73.56 74.41 74.67 74.99 74.93 74.94 1.88 (+)
40983 5 4839 17.54 79.71 85.04 89.36 92.94 92.90 92.75 16.35 (+)
41143 144 2984 1 64.64 64.80 65.06 65.17 65.29 65.13 0.76 (+)
41144 259 3140 1.01 50.70 50.63 50.68 50.67 50.71 50.77 0.14 (+)
41145 308 5832 1 56.16 56.28 56.21 56.24 56.19 56.22 0.12 (+)
41146 20 5124 1 71.26 73.90 75.39 75.84 76.02 77.07 8.51 (+)
41156 48 4147 3.03 67.74 69.78 70.64 71.82 71.72 71.74 5.90 (+)

Average 68.84 70.76 72.35 72.96 73.24 73.21 6.35 (+)

examples as follows:

Val_Risk(Dunlab) =
1

n

∑
i∈[n]

min
(∣∣ŷsoft

i − 1
∣∣ , ∣∣ŷsoft

i + 1
∣∣) ,

which penalizes predictions that deviate from confident binary labels ±1.

We evaluated the effectiveness of our proposed looping strategy by iteratively applying
TabPFN-v2 on real-world binary classification benchmarks used in [78]. The results are
summarized in Table 8.1, where each entry represents an average over 100 random splits of
the dataset, with 80% of the data used as the test set in each split.

For each experiment, we randomly sample 10 labeled and 10 unlabeled examples, ensuring
that the labeled set includes at least one example from each class. As a baseline (Loop-0),
we apply TabPFN-v2 using only the labeled data. The corresponding test accuracies are
reported in the “Loop-0” column of Table 8.1. We compare this to models updated through
up to k ≤ 5 iterations of pseudo-label update, with results shown in the “Loop-k” columns.
The final column reports the relative improvement (Rel. Imp.) over the baseline. Our
results demonstrate that the looping strategy can significantly improve test accuracy. For
instance, on OpenML datasets 1049, 1464, 40701, and 40983, accuracy improves by more
than 10% over the baseline using only 10 additional unlabeled samples. The last row of the
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table reports average performance across datasets, revealing that the majority of performance
gains occur in the first two iterations. This observation aligns with our synthetic experiments
using multi-layer models (Figure 8.1), where the improvement from 1-layer to 2-layer is
substantially greater than the improvement from 2-layer to 5-layer. These findings highlight
that explicitly looping the tabular foundation model to iteratively refine soft pseudo-labels
of unlabeled data using only a few iterations can substantially enhance performance.

As shown and discussed, our LoopTabFM algorithm enhances model performance. How-
ever, this improvement is not consistent across all datasets. For example, performance drops
on the OpenML datasets with IDs 31 and 40900. This may be attributed to factors such as
noise levels in the raw data, class imbalance, or other dataset-specific characteristics. In con-
trast to our synthetic experimental setting, where the model is pretrained in a meta-learning
fashion on the distribution of the given dataset, TabPFN is used as a general-purpose pre-
trained foundation model and applied directly to target datasets in a single-shot inference
setting. Prior work [211] has also shown that TabPFN can be sensitive to input length, which
may further affect performance consistency. Despite these limitations, our experiments with
TabPFN offer an initial insight into how unlabeled data and iterative looping can be lever-
aged to improve predictive performance. These findings suggest promising future directions,
such as designing data-aware looping algorithms that adapt to dataset-specific properties.
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CHAPTER 9

Generalization in In-context Learning

9.1 Introduction

Desired
OutputIn-context learning Input prompt

Natural language
processing

berry, baya,    apple,   manzana, banana plátano
Japan, mochi, France, croissant, Greece baklava

Supervised learning
𝑦! = 𝑓 𝑥! + noise 𝑥+, 𝑦+, 𝑥,, … , 𝑥-.+, 𝑦-.+, 𝑥/ 𝑓(𝑥!)

Dynamical systems
𝑥!"# = 𝑓 𝑥! + noise 𝑥+, 𝑥,, 𝑥0, … , 𝑥/.,, 𝑥/.+, 𝑥/ 𝑓(𝑥!)

Supervised learning with TF

𝑥!
…

…

𝑦!

𝑦#!

𝑥" 𝑦" 𝑥#

𝑦#" 𝑦##

𝑦#$!

…

…
Learning dynamics with TF

𝑥!
…

…

𝑥"

𝑥#"

𝑥% 𝑥#

𝑥#& 𝑥##'!

𝑥#$!

…

…

𝑥#% 𝑥##

Figure 9.1: Examples of in-context learn-
ing. We focus on the lower two settings
in the table where a transformer admits
a supervised dataset or dynamical system
trajectory as a prompt. Then, it auto-
regressively predicts the output following
an input example xi based on the prompt
(x1, . . . ,xi).

In-context learning (ICL) shows the ability of
a Transformer (TF) to provide a prediction on
an example given a few (input, output) exam-
ples within a prompt. As depicted in Figure 9.1,
for NLP, the examples may correspond to pairs
of (question, answer)’s or translations. Recent
works [59, 100] demonstrate that ICL can also
be used to infer general functional relationships.
For instance, [77] aim to solve supervised learn-
ing problems where we feed an entire training
dataset (xi, f(xi))

n−1
i=1 as the input prompt, ex-

pecting that conditioning the TF model on this
prompt would allow it to infer an accurate pre-
diction for a new input point xn. As discussed
in [59], this provides a supervised-learning flavor
to ICL, where the model implicitly trains on the
data provided within the prompt, and performs inference on test points.

This chapter formalizes in-context learning from a statistical lens, abstracting the trans-
former as a learning algorithm where the goal is inferring the correct (input, ouput) functional
relationship from prompts. We focus on a meta-learning setting where the model is trained
on many tasks, allowing ICL to generalize to both new and previously-seen tasks. Our main
contributions are:

⋄ Generalization bounds (§9.3 & 9.6): Suppose the model is trained on T tasks each
with a data-sequence containing n examples. During training, each sequence is fed to
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Figure 9.2: Examples of implicit model-selection in three ICL settings: (a) Noisy linear
regression: yi ∼ N (x⊤

i β, σ
2) with xi,β ∼ N (0, I). (b) Linear data with covariance prior:

yi = x⊤
i β with β ∼ N (0,Σ) with non-isotropic Σ. (c) Partially observed linear dynamics:

xt = Cst and st+1 ∼ N (Ast, σ
2I) with randomly sampled C,A. Each setting trains a

transformer with large number of random regression tasks and evaluates on a new task
from the same distribution. In (a) and (b), ICL performances match Bayes-optimal decision
(weighted linear ridge regression) that adapt to noise level σ and covariance prior Σ on
the tasks. (c) shows that ICL outperforms auto-regressive least-squares estimators with
varying memory H. Implicit model selection refers to transformer’s ability to implement a
competitive ML algorithm by leveraging the task prior learned during its training. See Sec
9.7 for experimental details.

the model auto-regressively as depicted in Figure 9.1. By abstracting ICL as an algo-
rithm learning problem, we establish a multitask (MTL) generalization rate of 1/

√
nT .

In order to achieve the proper dependence on the sequence length (1/
√
n factor), we

overcome temporal dependencies by relating generalization to algorithmic stability and
we provide numerical and theoretical evidence for the stability of transformer-induced
algorithms. Experiments demonstrate that ICL indeed benefits from learning across
the full task sequence in line with theory.

⋄ From multitask to meta-learning (§9.4): We provide insights into how our MTL
bounds can inform generalization ability of ICL on previously unseen tasks (i.e. transfer
learning). Our experiments reveal an intriguing inductive bias phenomenon: The gap
between the transfer risk and MTL risk is independent of the model complexity and
only depends on the task complexity and the number of tasks T .

⋄ Insights on model selection (§9.5): The algorithm learning viewpoint motivates
model-selection as a natural feature of in-context learning (e.g. whether to implement
a linear model or neural net for prediction). We discuss how this enables the selec-
tion of the correct hypothesis set for the tasks when algorithms correspond to em-
pirical risk minimization procedures. We verify this model-selection ability through
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extensive experiments as illustrated in Figure 9.2. Among others, the experiments re-
veal that transformer-based algorithm can learn task covariance as a prior to compete
with optimally-weighted ridge and outperform least-squares of different orders to learn
partially-observed dynamical systems.

9.2 Preliminaries and Problem Setup

Notation. Let X be the input feature space, and Y be the output/label space. We use
boldface for vector variables. [n] denotes the set {1, 2, . . . , n}. c, C > 0 denote absolute
constants and ∥ · ∥ℓp denotes the ℓp-norm.

In-context learning setting: We denote a length-m prompt containing m−1 in-context
examples and the m’th input by x

(m)
prompt = (z1, z2, . . . ,zm−1,xm). Here xm ∈ X is the input

to predict and zi ∈ Z is the i’th in-context example provided within prompt. Let TF(·)
denote a transformer (more generally an auto-regressive model) that admits x

(m)
prompt as its

input and outputs a label ŷm = TF(x(m)
prompt) in Y . Then the model aims to predict the

next output denoted by ŷm. In this work, we investigate two scenarios where prompts are
obtained from a sequence of i.i.d. (input, label) pairs or a trajectory of a dynamical system.
• Independent (x,y) pairs. Similar to [59], we draw i.i.d. samples (xi,yi)

n
i=1 ∈ Z =

X × Y from a data distribution. Then a length-m prompt is written as x
(m)
prompt =

(x1,y1, . . .xm−1,ym−1,xm), and the model predicts ŷm = TF(x(m)
prompt) ∈ Y for 1 ≤ m ≤ n.

• Dynamical systems. In this setting, the prompt is simply the trajectory generated by
a dynamical system, namely, x

(m)
prompt = (x1, . . .xm−1,xm) and therefore, Z = X = Y .

Specifically, we investigate the state observed setting that is governed by dynamics f(·) via
xm+1 = f(xm) + noise. Here, ym := xm+1 is the label associated to xm, and the model
admits x

(m)
prompt as input and predicts the next state ŷm := x̂m+1 = TF(x(m)

prompt) ∈ X .

We first consider the training phase of ICL where we wish to learn a good TF(·) model
through multitask learning (MTL). Suppose we have T tasks associated with data distri-
butions {Dt}Tt=1. Each task independently samples a training sequence St = (zti)

n
i=1 ac-

cording to its distribution. Sall = {St}Tt=1 denote the set of all training sequences. We use
S(m)
t = (zt1, . . . ,ztm) to denote a subsequence of St := S(n)

t for m ≤ n and S(0) denotes an
empty subsequence.

ICL can be interpreted as an implicit optimization on the subsequence S(m) =

(z1, z2, . . . ,zm) to make prediction on xm+1. To model this, we abstract the transformer
model as a learning algorithm that maps a sequence of data to a prediction function (e.g. gra-
dient descent, empirical risk minimization). Concretely, let A be a set of algorithm hypothe-
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ses such that algorithm Alg ∈ A maps a sequence of form S(m) into a prediction function
f AlgS(m) : X → Y . With this, we represent TF via

TF(x(m+1)
prompt) = f AlgS(m)(xm+1). (9.1)

This abstraction is without losing generality as we have the explicit relation f AlgS(m)(x) :=

TF((S(m),x)). Given training sequences Sall and a loss function ℓ(y, ŷ), the ICL training can
be interpreted as searching for the optimal algorithm Alg ∈ A, and the training objective is
formulated as follows:

Âlg = arg min
Alg∈A

L̂Sall(Alg) :=
1

T

T∑
t=1

L̂t(Alg) (ICL-ERM)

where L̂t(Alg) =
1

n

n∑
i=1

ℓ(yti, f
Alg

S(i−1)
t

(xti)).

Here, L̂t(Alg) is the training loss of task t and L̂Sall(Alg) is the task-averaged MTL loss.
Let Lt(Alg) = ESt [L̂t(Alg)] and LMTL(Alg) = E[L̂Sall(Alg)] =

1
T

∑T
t=1 Lt(Alg) be the corre-

sponding population risks. Observe that, task-specific loss L̂t(Alg) is an empirical average
of n terms, one for each prompt x

(i)
prompt and the corresponding label yi.

To develop generalization bounds, our primary interest is controlling the gap between
empirical and population risks. For the problem (ICL-ERM), we wish to bound the excess
MTL risk

RMTL(Âlg) = LMTL(Âlg)− min
Alg∈A

LMTL(Alg). (MTL-risk)

Following the MTL training (ICL-ERM), we also evaluate the model on previously-unseen
tasks; this can be thought of as the transfer learning problem. Concretely, let Dtask be
a distribution over tasks and draw a target task T ∼ Dtask with data distribution DT

and a sequence ST = {zi}ni=1 ∼ DT . Define the empirical and population risks on T as
L̂T (Alg) = 1

n

∑n
i=1 ℓ(yi, f

Alg

S(i−1)
T

(xi)) and LT (Alg) = EST [L̂T (Alg)]. Then the transfer risk of

an algorithm Alg is defined as LTFR(Alg) = ET [LT (Alg)]. With this setup, we are ready to
state our main contributions.

9.3 Generalization Guarantees for In-context Learning

In this section, we study the i.i.d. data setting with training sequences St = (xti,yti)
n
i=1

i.i.d.∼
Dt for t ∈ [T ] and establish generalization bounds for in-context learning. Section 9.6 extends
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our results to dynamical systems.

Algorithmic Stability

In ICL a training example (xi,yi) in the prompt impacts all future decisions of the algorithm
from predictions i+1 to n. This necessitates us to control the stability to input perturbation
of the learning algorithm emulated by the transformer. Our stability condition is borrowed
from the algorithmic stability literature. As stated in [20, 21], the stability level of an
algorithm is typically in the order of 1/m (for realistic generalization guarantees) where m is
the training sample size (in our setting prompt length). This is formalized in the following
assumption that captures the variability of the transformer output.

Assumption 9.1 (Error Stability [21]) Let S = (x1,y1, . . . ,xm,ym) be a sequence with
m ≥ 1 and Sj be the sequence where the j’th sample of S is replaced by (x′

j,y
′
j). Error

stability holds for a distribution (x,y) ∼ D if there exists a constant K > 0 such that for
any S, (x′

j,y
′
j) ∈ (X × Y), j ∈ [m], and Alg ∈ A we have

∣∣E(x,y)

[
ℓ(y, f AlgS (x))

]
− E(x,y)

[
ℓ(y, f AlgSj (x))

]∣∣ ≤ K

m
. (9.2)

Let ρ be a distance metric on A. Pairwise error stability holds if for all Alg, Alg′ ∈ A we
have∣∣∣E(x,y)

[
ℓ(y, f AlgS (x))− ℓ(y, f Alg′S (x))

]
− E(x,y)

[
ℓ(y, f AlgSj (x))− ℓ(y, f Alg′Sj (x))

]∣∣∣ ≤ Kρ(Alg, Alg′)
m

.

(9.3)

Here (9.2) is our primary stability condition borrowed from [21] and ensures that all algo-
rithms Alg ∈ A are K-stable. We will also use the stronger pairwise stability condition to
develop tighter generalization bounds. The following theorem shows that, under mild as-
sumptions, a multilayer transformer obeys the stability condition (9.2). The proof is deferred
to Appendix H.1.1 and Theorem H.1.

Theorem 9.1 Let x(m)
prompt,x

′(m)
prompt be two prompts that differ only at the inputs zj = (xj,yj)

with z′
j = (x′

j,y
′
j). Assume inputs and labels lie within the unit Euclidean ball in Rd 1.

Shape these prompts into matrices Xprompt,X
′
prompt ∈ R(2m−1)×d respectively. Let TF(·) be a

transformer composed of D layers followed by a linear head: TF(x(m)
prompt) =

〈
H ,X(D)

〉
. Here

1Here, we assume X ,Y ⊂ Rd, otherwise, inputs and labels are both embedded into d-dimensional vectors
of proper size.
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X(i) denotes the i’th layer output with X(0) := Xprompt and

X(i) = Parallel_MLPs(att(X(i−1))) where att(X) := S(XWiX
⊤)XWvi,

and softmax is row-wise. Assume TF is normalized to output [−1, 1] as follows: ∥Wv∥ ≤ 1,
∥W ∥ ≤ Γ/2, MLPs obey MLP(x) = ReLU(Mx) with ∥M∥ ≤ 1, and each row of H has
Euclidean norm at most 1/m. Then,

|TF(x(m)
prompt)− TF(x′(m)

prompt)| ≤
2

2m− 1
((1 + Γ)eΓ)D.

Thus, assuming loss ℓ(y, ·) is L-Lipschitz, the algorithm induced by TF(·) obeys (9.2) with
K = 2L((1 + Γ)eΓ)D.

A few remarks are in place. First, the dependence on depth is exponential. However this is
not as prohibitive for typical transformer architectures which tend to not be very deep. For
example the different variants of GPT-2 and BERT have between 12-48 [1] layers. Secondly,
if the altered token has an excessive influence on the prediction, this would disrupt the
stability condition. Our theorem avoids this via row-wise norm control of the output layer
H which ensures that input tokens contribute equally. We anticipate the analysis can be
extended to more realistic transformer architectures (e.g. GPT-2 architecture used in our
experiments) by incorporating multiple attention-heads and causal masks. Finally, Figure
9.7 provides numerical evidence for multiple ICL settings that demonstrate that stability of
GPT-2 architecture’s predictions with respect to inputs indeed improves with longer prompt
length m in line with our theory.

Generalization Bounds

We are ready to establish generalization bounds by leveraging our stability conditions. We
use covering numbers (i.e. metric entropy) to control model complexity.

Definition 9.1 (Covering number) Let Q be any hypothesis set and d(q, q′) ≥ 0 be a
distance metric over q, q′ ∈ Q. Then, Q̄ = {q1, . . . , qN} is an ϵ-cover of Q with respect to
d(·, ·) if for any q ∈ Q, there exists qi ∈ Q̄ such that d(q, qi) ≤ ϵ. The ϵ-covering number
N (Q, d, ϵ) is the cardinality of the minimal ϵ-cover.

To cover the algorithm space A, we need to introduce a distance metric. We formalize this in
terms of the prediction difference between two algorithms on the worst-case data-sequence.

Definition 9.2 (Algorithm distance) Let A be an algorithm hypothesis set and S =

(xi,yi)
n
i=1 be a sequence with n examples that is admissible for some task t ∈
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[T ]. For any pair Alg, Alg′ ∈ A, define the distance metric ρ(Alg, Alg′) :=

supS
1
n

∑n
i=1 ∥f

Alg
S(i−1)(xi)− f Alg

′

S(i−1)(xi)∥.

We note that the distance ρ is controlled by the Lipschitz constant of the transformer ar-
chitecture (i.e. largest gradient norm with respect to the model weights). Following Defini-
tions 9.1&9.2, the ϵ-covering number of the hypothesis set A is N (A, ρ, ϵ). This brings us
to our main result on MTL risk of (ICL-ERM).

Theorem 9.2 Suppose A is K-stable per Assumption 9.1 and the loss function ℓ(y, ·) is
L-Lipschitz for all y ∈ Y and takes values over [0, 1]. Let Âlg be the empirical solution of
(ICL-ERM). Then, with probability at least 1− 2δ, the excess MTL test risk obeys

RMTL(Âlg) ≤ inf
ϵ>0

{
4Lϵ+ 2(1 +K log n)

√
logN (A, ρ, ϵ) + log(1/δ)

cnT

}
. (9.4)

Additionally suppose A is K-pairwise-stable and set diameter D := supAlg,Alg′∈A ρ(Alg, Alg
′).

Using the convention x+ = max(x, 1), with probability at least 1− 4δ,

RMTL(Âlg) ≤ inf
ϵ>0

{
8Lϵ+

L+ +K log n√
cnT

(∫ D/2

ϵ

√
logN (A, ρ, u)du+D+

√
log(log(D/ϵ)/δ)

)}
. (9.5)

The first bound (9.4) achieves 1/
√
nT rate by covering the algorithm space with resolu-

tion ϵ. For Lipschitz architectures with dim(A) trainable weights we have logN (A, ρ, ϵ) ∼
dim(A) log(1/ϵ). Thus, up to logarithmic factors, the excess risk is bounded by

√
dim(A)
nT

and
will vanish as n, T →∞. Recalling (9.1), this can also be seen as a generalization bound for
general auto-regressive models that learns from sequential data.

Note that ρ in Def. 9.2 is task-dependent. For instance, suppose tasks are realizable with
labels y = f(x) and admissible task sequences have the form S = (xi, f(xi))

n
i=1. Then,

ρ will depend on the function class of f (e.g. whether tasks f are linear models, neural
nets, etc), specifically, as the function class becomes richer, both ρ and the covering number
becomes larger. Under the stronger pairwise-stability, we can obtain a bound in terms of
the Dudley entropy integral which arises from a chaining argument. This bound is typically
in the same order as the Rademacher complexity of the function class with T × n samples
[198]. Note that achieving 1/

√
T dependence is rather straightforward as tasks are sampled

independently. Thus, the main feature of Theorem 9.2 is obtaining the multiplicative 1/
√
n

term by overcoming temporal dependencies. Figure 9.3 shows that training with full sequence
is indeed critical for ICL accuracy.
Proof sketch. Let Alg⋆ be the population MTL minima. We first decompose RMTL(Âlg)
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Figure 9.3: The value of learning across the full sequence: Right side: Standard ICL-
ERM where each task trains with all n = 40 prompts (full task sequence). Left side:
ICL-ERM focuses on different parts of the trajectory by fitting n/4 = 10 prompts per task
over i ∈ [1, 10] to [31, 40] (highlighted as the orange ranges). We train with T = 6400k
random linear regression tasks and display the performance on new tasks from the same
prior (i.e. transfer risk). Right side learns to solve linear regression via ICL whereas left side
fails to do so even when restricted to their target ranges.

as follows:

RMTL(Âlg) = LMTL(Âlg)− L̂Sall(Âlg)︸ ︷︷ ︸
a

+ L̂Sall(Âlg)− L̂Sall(Alg
⋆)︸ ︷︷ ︸

b

+ L̂Sall(Alg
⋆)− LMTL(Alg⋆)︸ ︷︷ ︸

c

where b ≤ 0 by definition. Regarding (a) and (c), we need a concentration bound on
|LMTL(Alg)−L̂Sall(Alg)| for a fixed algorithm Alg ∈ A. To achieve this bound, we introduce
the sequence of variables Xt,i = E

[
1
n

∑n
j=1 ℓ(ytj, f

Alg

S(j−1)
t

(xtj))
∣∣ S(i)

t

]
for 0 ≤ i ≤ n, which

form a martingale by construction.
The critical stage is upper bounding the martingale differences |Xt,i−Xt,i−1| through our

stability assumption, namely, increments are at most 1+
∑n

j=i
K
j
≲ 1+K log n. Then, we uti-

lize Azuma-Hoeffding’s inequality to achieve a concentration bound on
∣∣∣ 1T ∑T

t=1Xt,0 −Xt,n

∣∣∣,
which is equivalent to |LMTL(Alg) − L̂Sall(Alg)|. To conclude, we make use of cov-
ering/chaining arguments to establish a uniform concentration bound on |LMTL(Alg) −
L̂Sall(Alg)| for all Alg ∈ A.

Multiple sequences per task. Finally consider a setting where each task is associated
with M independent sequences with size n. This typically arises in reinforcement learning
problems (e.g. dynamical systems in Sec. 9.6) where we collect data through multiple rollouts
each leading to independent sequences. In this setting, statistical error rate improves to
1/
√
nMT as discussed in Appendix H.2.1. In the next section, we will contrast MTL vs
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Figure 9.4: In Figures (a,b,c,), we plot the d ∈ {5, 10, 20}-dimensional results for transfer
and MTL risk curves. Figure (d) overlays (a,b,c) to reveal that transfer risks are aligned for
fixed (n/d, T/d2) choice.

transfer learning by letting M → ∞. This way, even if n and T are fixed, the model will
fully learn the T source tasks during the MTL phase as the excess risk vanishes withM →∞.

9.4 Generalization and Inductive Bias on Unseen Tasks

In this section, we explore transfer learning to assess the performance of in-context learning
across new tasks: the MTL phase generates a pretrained model Âlg trained on T source tasks
and we use Âlg to predict a target task T . To start with, we consider a standard meta-
learning setup where T sources are drawn from the task distribution Dtask and we evaluate
the transfer risk on new tasks T ∼ Dtask. We are interested in controlling the transfer risk
LTFR(Âlg) = ET [LT (Âlg)] in terms of the MTL risk LMTL(Âlg). Since the source tasks are
i.i.d, we have Esource[LMTL(Âlg)] = LTFR(Âlg). More specifically, one can use a standard
generalization analysis to control the transfer risk in terms of MTL risk as follows

∣∣∣LTFR(Âlg)− LMTL(Âlg)
∣∣∣ ≲√dim(A)

T
.

Here, dim(A) captures the complexity of the algorithm space (e.g. as formalized in Theorem
H.4 in Appendix H.2.3, one can use covering numbers similar to Theorem 9.2). Here, an
important distinction with MTL is that transfer risk decays as 1/poly(T ) because the unseen
tasks induce a distribution shift which, typically, cannot be mitigated with more samples n
or more sequences M .

• Inductive Bias in Transfer Risk. Before investigating distribution shift, let us con-
sider the following question: While 1/poly(T ) behavior may be unavoidable, is it possible
that dependence on architectural complexity dim(A) is avoidable? Perhaps surprisingly, we
answer this question affirmatively through experiments on linear regression. In what follows,
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during MTL pretraining, we train with M → ∞ independent sequences per task to mini-
mize population MTL risk LMTL(·). We then evaluate resulting Âlg on different dimensions
d and numbers of MTL tasks T . Figures 9.4(a,b,c) display the MTL and transfer risks for
dimensions d = 5, 10, 20. In each figure, we evaluate the results on T = {1, 2, 5} × d2 and
the x-axis moves from 0 to n = 2d. Each task has isotropic features, noiseless labels and
task vectors β ∼ N (0, Id). Here, our first observation is that, the Figures 9.4(a,b,c) seem
(almost perfectly) aligned with each other, that is, each figure exhibits identical MTL and
transfer risk curves.

To further elucidate this, Figure 9.4(d) integrates the transfer risk curves from d = 5, 10, 20

and overlays them together. This alignment indicates that, for a fixed point α = n/d and
β = T/d2, the transfer risks remain unchanged. Here, n proportional to d can be attributed
to linearity, thus, the more surprising aspect is the dependence on number of tasks T since
this indicates that, rather than dim(A)

T
, the generalization risk behaves like d2

T
. In words,

rather than model complexity, what matters is the problem complexity d.
Inductive bias is a natural explanation of this behavior: Intuitively, the MTL pretraining

process identifies a favorable algorithm that lies in the span of the source tasks ΘMTL =

(βt)
T
t=1. Specifically, while the transformer model can potentially fit MTL tasks through a

variety of algorithms, we speculate that the optimization process is implicitly biased (akin
to implicit regularization literature [177, 142, 8]) to an algorithm Alg(ΘMTL). Such bias
would explain the lack of dim(A) dependence since Alg(ΘMTL) solely depends on the source
tasks. We leave the theoretical exploration of the empirical d2/T behavior to a future work.
However, we provide further discussion on why it is rather surprising both from MTL and
transfer learning perspectives.

To this end, let us first introduce the optimal estimator for linear regression with Gaussian
task prior.
Minimum Bayes risk: The optimal prediction in terms of average risk can be described
explicitly [168, 123] under prior β ∼ N (0,Σ) and is given by the optimally-weighted ridge
regression solution

β̂ = (X⊤X + σ2Σ−1)−1X⊤y, (9.6)

Here X = [x1, . . . ,xn]
⊤ ∈ Rn×d,y = [y1, . . . ,yn]

⊤ ∈ Rn are the concatenated features and
labels obtained from the task sequence and σ2 is the label noise variance. With this in
mind, what is the ideal algorithm Alg(ΘMTL) based on the (perfect) knowledge of source
tasks? Eqn. (9.6) crucially requires the knowledge of the task covariance Σ and variance σ2.
Thus, even with the hindsight knowledge that we are dealing with a linear problem, we have
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to estimate the task covariance from source tasks. This can be done by constructing the
empirical covariance Σ̂ = 1

T

∑T
i=1 βiβ

⊤
i . To make sure that Σ̂-weighted LS performs O(1)-

close to Σ-weighted LS, we need a spectral norm control, namely, ∥Σ− Σ̂∥/λmin(Σ) ≤ O(1).
When Σ = Id (as in our experiments) and tasks are isotropic, the latter condition holds with
high probability when T = Ω(d). This is also numerically demonstrated in Figure H.1 in the
appendix. This behavior is in contrast to the stronger T ∝ d2 requirement we observe for ICL.
For instance, T ∝ d2 is sufficient to ensure the stronger entrywise control ∥Σ− Σ̂∥ℓ∞ ≤ O(1)

rather than spectral norm.
Let us now ask the same question for the MTL algorithm: If the transformer perfectly

learns the MTL tasks ΘMTL = (βt)
T
t=1, it does not actually need n = Ω(d) samples to

perform well on new prompts drawn from source tasks. To see this, consider the following
algorithm: Given a prompt, Alg(ΘMTL) conducts a discrete search over (βt)

T
t=1 and returns

the source task that best fits to the prompt. Thanks to the discrete search space, it is not
hard to see that, we need n ∝ log(T ) samples rather than n ∝ d (also see Figure H.1).
In contrast, based on Figures 9.4(a,b,c), MTL behaves closer to n ∝ d empirically. On the
other hand, Alg(ΘMTL) implemented by the transformer is rather intelligent: This is because
MTL risks for d ∈ {5, 10, 20} are all strictly better than implementing least-squares2 and the
performance improves as T gets smaller. We leave the thorough exploration of the inductive
bias of the MTL training and characterization of Alg(ΘMTL) as an intriguing future direction.
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Figure 9.5: Transfer risk as
a function of distance to the
MTL tasks.

Exploring transfer risk in terms of distance. Besides
drawing source and target tasks from the same Dtask, we can
also investigate transfer risk in an instance specific fashion.
Specifically, the population risk of a new task T can be
bounded as LT (Alg) ≤ LMTL(Alg)+dist(T , (Dt)Tt=1). Here,
dist(·) assesses the (distributional) distance of task T to
the source tasks (Dt)Tt=1 (e.g. [19, 72]). In case of linear
tasks, we can simply use the Euclidean distance between
task vectors, specifically, the distance of target weights βT

to the nearest source task dist(T ) = mint∈[T ] ∥βT − βt∥. In
Fig. 9.5 we investigate the distance of specific target tasks
from source tasks and how the distance affects the transfer performance. Here, all source and
target tasks have unit Euclidean norms so that closer distance is equivalent to larger cosine
similarity. We again train each MTL task with multiple sequences M →∞ (as in Fig. 9.4)

2Ordinary least-squares achieves the minimum risk for transfer learning (T =∞) however it is not optimal
for finite T .
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and use T = 20 source tasks with d = 5 dimensional regression problems. In a nutshell,
Figure 9.5 shows that task similarity (based on ℓ2 distance) is indeed highly predictive of
transfer performance across different distance slices (namely [0, 0.2], [0.2, 0.6], [0.6, 1], [1, 2]).
An intriguing question is identifying the broader conditions under which transfer risk can be
rigorously related to the MTL risk, which is further discussed in Appendix H.2.2.

9.5 Insights on Model Selection

In Section 9.3, we study the generalization error of ICL, which can be eliminated by increas-
ing sample size n or number of sequences M per task. In this section, we will discuss implicit
model selection in ICL building on the formalism that transformer is a learning algorithm.
Following Figure 9.2 and prior works [59, 100, 77], a plausible assumption is that, trans-
former can implement ERM algorithms up to a certain accuracy. Then, model selection can
be formalized by the selection of the right hypothesis class so that running ERM on that
hypothesis class can strike a good bias-variance tradeoff during ICL.

To proceed with our discussion, let us consider the following hypothesis which states that
transformer can implement an algorithm competitive with ERM.

Hypothesis 9.1 Let F = (Fh)Hh=1 be a family of H hypothesis classes. Let S = (xi,yi)
n
i=1

be a data-sequence with n examples sampled i.i.d. from D and let S(m) = (xi,yi)
m
i=1 be the

first m examples. Consider the risk3 associated to ERM with m samples over Fh ∈ F:

risk(h,m) = E(x,y,S(m))[ℓ(y, f̂
(h)

S(m)(x))] where f̂
(h)

S(m) = arg min
f∈Fh

1

m

m∑
i=1

ℓ(yi, f(xi)),

Let (ϵh,mTF ) > 0 be approximation errors associated with (Fh)Hh=1. There exists Alg ∈ A such
that, for any m ∈ [n], h ∈ [H], f AlgS(m) can approximate ERM in terms of population risk, i.e.

E(x,y,S(m))[ℓ(y, f
Alg
S(m)(x))] ≤ risk(h,m) + ϵh,mTF .

For model selection purposes, these hypothesis classes can be entirely different ML
models, for instance, F1 = {convolutional-nets}, F2 = {fully-connected-nets}, and F3 =

{decision-trees}. Alternatively, they can be a nested family useful for capacity control pur-
poses. For instance, Figures 9.2(a,b) are learning covariance/noise priors to implement a
constrained-ridge regression. Here F can be indexed by positive-definite matrices Σ with
linear classes of the form FΣ = {f(x) = x⊤β where β⊤Σ−1β ≤ 1}.

3Since the loss ℓ is bounded by 1, 0 ≤ risk(h,m) ≤ 1 for all m including the scenario m = 0 and ERM is
vacuous.
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Under Hypothesis 1, ICL selects the most suitable class that minimizes the excess risk
for each m ∈ [n].

Following [59, 100, 77], some instructive examples for family F are

• Fλ = {Fλ : Linear model with parameter bounded by ∥β∥ ≤ λ}

• FΣ = {FΣ : Linear model with covariance Σ, E[ββ⊤] = Σ}.

• Fsparse
s = {Fs : s-sparse linear model}

• FNN
s = {Fs : 2-layer neural net with width s}

• FRF
s = {Fs : Random forest with s trees}

Here to simplify, we assumed a discrete family of hypothesis classes, |F| = H <∞, however,
our theory in Section 9.3 is developed for the continuous setting.

Observation 9.1 Suppose Hypothesis 9.1 holds for a target distribution DT . Let L⋆T :=

minAlg∈A LT (Alg) be the risk of the optimal algorithm. We have that

L⋆T ≤
1

n

n−1∑
m=0

min
h∈[H]
{risk(h,m) + ϵh,mTF }.

Additionally, denote Rademacher complexity of a class F by Rm(F). Define the minimum
achievable risk over function set Fh as L⋆h := minf∈Fh

EDT [ℓ(y, f(x))]. Since risk(h,m) is
controlled by Rm(Fh) [133], we have that

L⋆T ≤
1

n

n−1∑
m=0

min
h∈[H]
{L⋆h + ϵh,mTF +O(Rm(Fh))}.

Here, ICL adaptively selects the classes argminh∈[H]{L⋆h +Rm(Fh) + ϵh,mTF } to achieve small
risk. This is in contrast to training over a single large class F =

⋃H
i=1Fi, which would result in

a less favorable bound ≈ minh∈[H] L⋆h + 1
n

∑n−1
m=0Rm(F). A formal version of this statement is

provided in Appendix H.2.4. Hypothesis 9.1 assumes a discrete family for simpler exposition
(|F| = H <∞), however, our theory in Section 9.3 allows for the continuous setting.

We emphasize that, in practice, we need to adapt the hypothesis classes for different
sample sizes m (typically, more complex classes for larger m). With this in mind, while
we have H classes in F, in total we have Hn different ERM algorithms to compete against.
This means that VC-dimension of the algorithm class is as large as n logH. This highlights
an insightful benefit of our main result: Theorem 9.2 would result in an excess risk ∝
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√
n logH
nT

=
√

logH
T

. In other words, the additional ×n factor achieved through Theorem
9.2 facilitates the adaptive selection of hypothesis classes for each sample size and avoids
requiring unreasonably large T .

9.6 Extending Results to Stable Dynamical Systems

Until now, we have studied ICL with sequences of i.i.d. (input, label) pairs. In this section, we
investigate the scenario where prompts are obtained from the trajectories of stable dynamical
systems, thus, they consist of dependent data. Let X ⊂ Rd and F : X → X be a hypothesis
class elements of which are dynamical systems. During MTL phase, suppose that we are
given T tasks associated with (ft)

T
t=1 where ft ∈ F , and each contains n in-context samples.

Then, the data-sequence of t’th task is denoted by St = (xti)
n
i=0 where xti = ft(xt,i−1)+wti,

xt0 is the initial state, and wti ∈ W ⊂ Rd are bounded i.i.d. random noise following some
distribution. Then, prompts are given by x

(i)
prompt := (x0,x1, . . .xi). Let S(i) = x

(i)
prompt, and

we can make prediction x̂ti = f Alg
S(i−1)
t

(xt,i−1). We consider the similar optimization problem
as (ICL-ERM).

In order to perform the analysis of generalization error in a dynamical system, we need
this system to be stable (which differs from algorithmic stability!). In this work, we use an
exponential stability condition that controls the distance between two trajectories initialized
from different points [171, 95].

Definition 9.3 ((Cρ, ρ)-stability) Denote the state of dynamical system resulting from ini-
tial state xt0 and (wti)

m
i=1 by f (m)

t (xt0) ∈ X . Let Cρ ≥ 1 and ρ ∈ (0, 1) be system related con-
stants. We say that the dynamical system for the task t is (Cρ, ρ)-stable if, for all xt0,x′

t0 ∈ X ,
m ≥ 1, and (wti)i≥1 ∈ W, we have∥∥∥f (m)

t (xt0)− f (m)
t (x′

t0)
∥∥∥
ℓ2
≤ Cρρ

m ∥xt0 − x′
t0∥ℓ2 (9.7)

Assumption 9.2 There exist C̄ρ and ρ̄ < 1 such that all dynamical systems f ∈ F are
(C̄ρ, ρ̄)-stable.

In addition to the stability of the hypothesis set F , we also leverage the algorithmic-
stability of the set A similar to Assumption 9.1. Different from Assumption 9.1, we restrict
the variability of the transformer with respect to Euclidean distance metric, similar to the
definition of Lipschitz stability.

Assumption 9.3 (Algorithmic-stability for Dynamical Systems) Let S =

(x0,x1, . . . ,xm) be any dynamical sequence with m ≥ 1 and Sj be the sequence such
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that wj is replaced by w′
j (j = 0 implies that x0 is replaced by x′

0). As a result, starting
with the j’th until the m’th index, the sequence Sj has different samples (x′

j, . . . ,x
′
m). There

exists a constant K > 0 such that for any S, x′
0 ∈ X , w′

j ∈ W, and j ∈ [m], we have

∣∣Ewm+1

[
ℓ(xm+1, f

Alg
S (xm))

]
− Ewm+1

[
ℓ(x′

m+1, f
Alg
Sj (x′

m))
]∣∣ ≤ K

m

m∑
i=j

∥xi − x′
i∥ℓ2 . (9.8)

Theorem H.1 in the appendix justifies this assumption for multilayer transformer architec-
tures. To proceed, we state the main result of this section.

Theorem 9.3 Suppose the loss function ℓ(x, ·) : X × X → [0, 1] is L-Lipschitz for all
x ∈ X and Assumptions 9.2&9.3 hold. Assume X and W are bounded by x̄, w̄, respectively.
Then, with the same probability, the identical bound as in Theorem 9.2 Eqn. (9.4) holds after
updating K to be K̄ = 2K C̄ρ

1−ρ̄(w̄ + x̄/
√
n).

The proof of this result is similar to that of Theorem 9.2 and can be found in Appendix
H.3. The primary difference occurs when bounding the martingale differences |Xt,i−Xt,i−1|.
In the stable dynamical settings, to bound Martingale’s increments, we utilize independence
of noise and stability of the system instead of using the independence of input and output
pairs. One can also obtain an entropy integral bound akin to (9.5) using a proper variation
of the pairwise algorithmic-stability condition in Assumption 9.1 Eqn. (9.3).

9.7 Numerical Evaluations

Our experimental setup follows [59]: All ICL experiments are trained and evaluated using the
same GPT-2 architecture with 12 layers, 8 attention heads, and 256 dimensional embeddings.
Most of our experiments are based on linear regression problems and linear dynamics. We
first provide the details and discussions of Figure 9.2 and then provide additional experiments
aligned with our findings.

• Linear regression (Figures 9.2(a,b)). We consider a d-dimensional linear regression
tasks with in-context examples of the form z = (x, y) ∈ Rd × R. Given t’th task βt, we
generate n i.i.d. samples via y = β⊤

t x + ξ, where x ∼ N (0, I), ξ ∼ N (0, σ2) and σ is
the noise level. Tasks are sampled i.i.d. via βt ∼ N (0,Σ), t ∈ [T ]. Results are displayed
in Figures 9.2(a)&(b). We set d = 20, n = 40 and significantly larger T to make sure
model is sufficiently trained and we display meta learning results (i.e. on unseen tasks) for
both experiments. In Fig. 9.2(a), σ = 1 and Σ = I. We also solve ridge-regularized linear
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regression (with sample size from 1 to n) over the grid λ = [0.01, 0.05, 0.1, 0.5, 1] and display
the results of the best λ selection as the optimal ridge curve (Black dotted). Recall from
(9.6) that ridge regression is optimal for isotropic task covariance. In Fig. 9.2(b), we set
σ = 0 and Σ = diag(

[
1, 1

22
, 1
32
, . . . , 1

202

]
). Besides ordinary least squares (Green curve), we

also display the optimally-weighted regression according to (9.6) (dotted curve) as σ → 0. In
both figures, in-context learning results (Red) outperform the least squares results (Green)
and are perfectly aligned with optimal ridge/weighted solutions (Black dotted). This in turn
provides evidence for the automated model selection ability of transformers by learning task
priors.

• Partially-observed dynamical systems (Figures 9.2(c) & 9.6). We generate
in-context examples zi = xi ∈ Rr, i ∈ [n] via the partially-observed linear dy-
namics xi = Csi, si = Asi−1 + ξi with noise ξi ∼ N (0, σ2Id) and initial state
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Figure 9.6: Dynamical system
experiments. The difference
from Fig. 9.2(c) is that we com-
pare ICL to the optimally-tuned
ridge regression with different
history windows H.

s0 = 0. Each task is parameterized by C ∈ Rr×d and
A ∈ Rd×d which are drawn with i.i.d. N (0, 1) entries and
A is normalized to have spectral radius 0.9. In Fig. 9.2(c),
we set d = 10, r = 4, σ = 0, n = 20 and use sufficiently
large T to train the transformer. For comparison, we solve
least-squares regression to predict new observations xi via
the most recent H observations for varying window sizes
H. Results show that in-context learning outperforms the
least-squares results of all orders H = 1, 2, 3, 4. In Figure
9.6, we also solve the dynamical problem using optimal
ridge regression for different window sizes. This reveals
that ICL can also outperform auto-regressive models with
optimal ridge tuning, albeit the performance gap is much
narrower4. It would be interesting to compare ICL per-
formance to a broader class of system identification algorithms (e.g. Hankel nuclear norm,
kernel-based, atomic norm [127, 56, 159]) and more broadly understand the extent ICL can
inform practically-relevant system identification.

• Stability analysis. In Assumption 9.1, we require that transformer-induced algorithms
are stable to input perturbations, specifically, we require predictions to vary by at most
O(1/m) where m is the sample size. This was justified in part by Theorem 9.1. To under-

4We note that Kalman filter can be used to achieve optimal state estimation (which leverages the full
history i.e. H →∞). However it would require the knowledge of the ground-truth dynamics unlike ICL.
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Figure 9.7: Experiments to assess the algorithmic stability Assumption 9.1. Each figure
shows the increase in the risk for varying ICL sample sizes after an example in the prompt
is modified. We swap an input example in the prompt and assign a flipped label to this new
input, e.g., we move from (x, f(x)) to (x′,−f(x′)).

stand empirical stability, we run additional experiments where the results are displayed in
Fig. 9.7. We study stability of four function classes: linear models, 3-sparse linear models,
decision trees with depth 4, and 2-layer ReLU networks with 100 hidden units, all with
input dimension of 20. For each class F , a GPT-2 architecture is trained with large num-
ber of random tasks f ∈ F and evaluate on new tasks. With the exception of Fig. 2(a),
we use the pretrained models provided by [59] and the task sequences are noiseless i.e. se-
quences obey yi = f(xi). As a coarse approximation of the worst-case perturbation, we
perturb a prompt x

(m)
prompt = (x1, y1, · · · ,xm−1, ym−1,xm) as follows. Draw a random point

(x′
1, y

′
1) ∼ (x1, y1) and flip its label to obtain (x′

1,−y′1). We obtain the adversarial prompt
via x̄

(m)
prompt = (x′

1,−y′1, · · · ,xm−1, ym−1,xm)
5. In Figure 9.7, we plot the test risk change

between the adversarial and standard prompts. All figures corroborate that, after a certain
sample size, the risk change noticeably decreases as the in-context sample size increases. This
behavior is in line with Assumption 9.1; however, further investigation and longer context
window are required to accurately characterize the stability profile (e.g. to verify whether
stability is O(1/m) or not).

5To properly verify Assumption 9.1 one should adversarially optimize x′
1,y

′
1 and also swap the other

indices m > i > 1.
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CHAPTER 10

Chain-of-Thought and Its Emergent Abilities
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Figure 10.1: An illustration of ICL, CoT-I and CoT-I/O methods, using a 3-layer MLP as an
example (top left, where x, y, s1, s2 denote input, output and hidden features respectivaly).
The ICL method utilizes in-context examples in the form of (x,y) and makes predictions
directly based on the provided xtest. Both CoT-I and CoT-I/O methods admit prompts with
samples formed by (x, s1, s2,y). However, CoT-I/O uniquely makes recurrent predictions
by re-inputting the intermediate output (as shown on the right). The performance of these
methods is shown on the bottom left, with a more detailed discussion available in Section
10.4.

10.1 Introduction

Chain-of-thought prompting [205] is an emergent ability of transformers where the model
solves a complex problem [204], by decomposing it into intermediate steps. Intuitively, this
underlies the ability of general-purpose language models to accomplish previously-unseen
complex tasks by leveraging more basic skills acquired during the pretraining phase. Com-
positional learning and CoT has enjoyed significant recent success in practical language
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modeling tasks spanning question answering, code generation, and mathematical reasoning
[158, 82, 212]. In this work, we attempt to demystify some of the mechanics underlying this
success and the benefits of CoT in terms of sample complexity and approximation power.
To do this we explore the role of CoT in learning multi-layer perceptrons (MLPs) in-context,
which we believe can lead to a first set of insightful observations. Throughout, we ask:

Does CoT improve in-context learning of MLPs, and what are the underlying mechanics?

In this chapter, we identify and thoroughly compare three schemes as illustrated in Fig-
ure 10.1. (a) ICL: In-context learning from input-output pairs provided in the prompt, (b)
CoT-I: Examples in the prompt are augmented with intermediate steps, (c) CoT-I/O: The
model also outputs intermediate steps during prediction. Our main contributions are:

⋄ Decomposing CoT into filtering and ICL: As our central contribution, we estab-
lish a rigorous and experimentally-supported abstraction that decouples CoT prompt-
ing into a filtering phase and an in-context learning (ICL) phase. In filtering, the model
attends to the relevant tokens within the prompt based on an instruction. In ICL, the
model runs inference on the filtered prompt to output a step and then moves onto
the next step in the chain. Our Theorem 10.1 develops a theoretical understanding of
this two-step procedure and formalizes how filtering and ICL phases of CoT can be
implemented via the self-attention mechanism to learn MLPs.

⋄ Approximation and sample complexity: Through experiments and theory, we
establish that intermediate steps in CoT-I improves the sample complexity of learn-
ing whereas step-by-step output improves the approximation ability through looping.
Specifically, CoT-I/O can learn an MLP with input dimension d and k neurons using
O(max(k, d)) in-context samples by filtering individual layers and solving them via lin-
ear regression – in contrast to the Ω(kd) lower bound without step-augmented prompt.
As predicted by our theory, our experiments (see Sec. 10.4) identify a striking univer-
sality phenomenon (as k varies) and also demonstrate clear approximation benefits of
CoT compared to vanilla ICL.

⋄ Accelerated pretraining via learning shortcuts: We construct deep linear MLPs
where each layer is chosen from a discrete set of matrices. This is in contrast to
the above setting, where MLP weights can be arbitrary. We show that CoT can
dramatically accelerate pretraining by memorizing these discrete matrices and can
infer all layers correctly from a single demonstration. Notably the pretraining loss
goes to zero step-by-step where each step “learns to filter a layer”. Together, these
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showcase how CoT identifies composable shortcuts to avoid the need for solving linear
regression. In contrast, we show that ICL (without CoT) collapses to linear regression
performance as it fails to memorize exponentially many candidates (due to lack of
composition).

10.2 Preliminaries and Problem Setup

Notation. We denote the set {1, 2, . . . , n} as [n]. Vectors and matrices are represented in
bold text (e.g., x,A), while scalars are denoted in plain text (e.g., y). The input and output
domains are symbolized as X and Y respectively (unless specified otherwise), and x ∈ X ,
y ∈ Y denote the input and output. Additionally, let F be a set of functions from X to
Y . Consider a transition function f ∈ F where y = f(x). In this section, we explore the
properties of learning f , assuming that it can be decomposed into simpler functions (fℓ)Lℓ=1,
and thus can be expressed as f = fL ◦ fL−1 ◦ · · · ◦ f1.

10.2.1 In-context Learning

Following the study by [59], the fundamental problem of vanilla in-context learning (ICL)
involves constructing a prompt with input-output pairs in the following manner:

pn(f) = (xi,yi)
n
i=1 where yi = f(xi). (P-ICL)

Here the transition function f ∈ F : X → Y remains constant within a single prompt but
can vary across prompts, and the subscript n signifies the number of in-context samples
contained in the prompt. Considering language translation as an example, f is identified as
the target language, and the prompt can be defined as p(Spanish) = ((apple, manzana),
(ball, pelota), . . .) or p(French)=((cat, chat), (flower, fleur), . . .). Let TF denote any auto-
regressive model (e.g., Decoder-only Transformer). The aim of in-context learning is to learn
a model that can accurately predict the output, given a prompt p and the test input xtest,
as shown in the following equation:

TF(pn(f̃),xtest) ≈ f̃(xtest) (10.1)

where f̃ ∈ F is the test function which may differ from the functions used during training.
Previous work [222, 113] has demonstrated that longer prompts (containing more examples
n) typically enhance the performance of the model.
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10.2.2 Chain-of-thought Prompt and Prediction

As defined in (P-ICL), the prompt in vanilla ICL only contains input-output pairs of the
target function. This demands that the model learns the function f ∈ F in one go, which be-
comes more challenging as F grows more complex, since larger models and increased prompt
length (n) are needed to make correct predictions (as depicted by the green curves in Fig-
ures 10.5 and 10.6). Existing studies on chain-of-thought methods (e.g., [205]) observed that
prompts containing step-by-step instructions assist the model in decomposing the function
and making better predictions. Specifically, consider a function composed of L subfunctions,
represented as f := fL ◦ fL−1 ◦ . . . f1. Each intermediate output can be viewed as a step,
enabling us to define a length-n CoT prompt related to f with L steps (expressed with
sℓ, ℓ ∈ [L]) as follows:

pn(f) = (xi, s
1
i , · · · sL−1

i , sLi )
n
i=1 where sℓi = fℓ(s

ℓ−1
i ), ℓ ∈ [L]. (P-CoT)

Here xi = s0i , yi = sLi and fℓ ∈ Fℓ, which implies that f ∈ FL × · · · F1 := F .
Next we introduce two methodologies for making predictions within the CoT framework:

CoT over input only (CoT-I). Contrasted with ICL, CoT-I considers step-by-step in-
structions as inputs, nonetheless, the prediction for the last token is performed as a single
entity. Our experiments indicate that this approach lowers the sample complexity for TF to
comprehend the function f̃ being learned (see the orange curves in Figures 10.5 and 10.6).
The CoT-I prediction aligns with Eq. (10.1) as follows, while the prompt is determined by
(P-CoT).

One-shot prediction: TF(pn(f̃),xtest) ≈ f̃(xtest). (10.2)

CoT over both input and output (CoT-I/O). Despite the fact that CoT-I improves
the sample complexity of learning f̃ , the TF must still possess the capacity to approximate
functions from the function class F , given that the prediction is made in one shot. To mitigate
this challenge, we consider a scenario where in addition to implementing a CoT prompt, we
also carry out CoT predictions. Specifically, for a composed problem with inputs formed via
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(P-CoT), the model recurrently makes L-step predictions as outlined below:

Step 1: TF(pn(f̃),xtest) := ŝ1

Step 2: TF(pn(f̃),xtest, ŝ
1) := ŝ2

...

Setp L: TF(pn(f̃),xtest, ŝ
1 · · · , ŝL−1) ≈ f̃(xtest), (10.3)

where at each step (step ℓ), the model outputs an intermediate step (ŝℓ) which is then
fed back to the input sequence to facilitate the next-step prediction (ŝℓ+1). Following this
strategy, the model only needs to learn the union of the sub-function sets,

⋃L
ℓ=1Fℓ, whose

complexity scales linearly with the number of steps L. Empirical evidence of the benefits
of CoT-I/O over ICL and CoT-I in enhancing sample efficiency and model expressivity is
reflected in the blue curves shown in Figures 10.5 and 10.6.

10.2.3 Model Training

In Figure 10.1 and Section 10.2, we have discussed vanilla ICL, CoT-I and CoT-I/O methods.
Intuitively, ICL can be viewed as a special case of CoT-I (or CoT-I/O) if we assume only
one step is performed. Consequently, we will focus on implementing CoT-I and CoT-I/O for
model training in the following.

Consider the CoT prompt as in (P-CoT), and assume that x ∼ DX , and fℓ ∼ Dℓ, ℓ ∈ [L],
where L denotes the number of compositions/steps, such that the final prediction should
approximate f(x) = fL(fL−1 . . . f1(x)) := y ∈ Y . We define ℓ(ŷ,y) : Y × Y → R as a
loss function. For simplicity, we assume fℓ(. . . f1(x)) ∈ Y , ℓ ∈ [L]. Let N represent the
in-context window of TF, which implies that TF can only admit a prompt containing up to
N in-context samples. Generally, our goal is to ensure high prediction performance given
any length-n prompt, where n ∈ [N ]. To this end, we train the model using prompts with
length from 1 to N equally and aim to minimize the averaged risk over different prompt size.
Assuming the model TF is parameterized by β and considering meta learning problem, the
objective functions for CoT-I and CoT-I/O are defined as follows.

β̂CoT-I = argmin
β

E(xn)Nn=1,(fℓ)
L
ℓ=1

[
1

N

N∑
n=1

ℓ(ŷn, f(xn))

]
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Figure 10.2: Depiction of Theorem 10.1 that formalizes CoT as a Filtering+ ICL procedure.
In this illustration, we utilize in-context samples as depicted in Figure 10.1, characterizing
the CoT prompt by (x, s1, s2,y). We show a transformer TF, composed of TFLR ◦ TFBE. TFBE
facilitates the implementation of filtering on the CoT prompt (refer to (P-CoT), illustrated
on the left side of the figure), subsequently generating vanilla ICL prompts (refer to (P-ICL),
illustrated on the right side of the figure). During each step of the ICL process, TFLR em-
ploys gradient descent techniques to address and solve sub-problems, exemplified by linear
regression in the context of solving MLPs.

and

β̂CoT-I/O = argmin
β

E(xn)Nn=1,(fℓ)
L
ℓ=1

[
1

NL

N∑
n=1

L∑
ℓ=1

ℓ(ŝℓn, s
ℓ
n)

]

where ŷn = TF(pn(f),xn) and ŝℓn = TF(pn(f),xn · · · sℓ−1
n ). pn(f) is given by (P-CoT),

and as mentioned previously, s0 = x and sL = y. All x and fℓ are independent, and we
take the expectation of the risk over their respective distributions.

10.3 Provable Approximation of MLPs via CoT

In this section, we present our theoretical findings that demonstrate how CoT-I/O can
execute filtering over the CoT prompt, thereby learning a 2-layer MLP with input dimension
of d and hidden dimension of k, akin to resolving k d-dimensional ReLU problems and 1

k-dimensional linear regression problem. Subsequently, in Section 10.4.1, we examine the
performance of CoT-I/O when learning 2-layer random MLPs. Our experiments indicate
that CoT-I/O needs only O(max(d, k)) in-context samples to learn the corresponding MLP.

We state our main contribution of establishing a result that decouples CoT-based in-
context learning (CoT-I/O) into two phases: (1) Filtering Phase: Given a prompt that
contains features of multiple MLP layers, retrieve only the features related to a target layer
to create an ICL prompt. (2) ICL Phase: Given filtered prompt, learn the target layer
weights through gradient descent. Combining these two phases, and looping over all layers,
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we will show that there exists a transformer architecture such that CoT-I/O can provably
approximate a multilayer MLP up to a given resolution. An illustration is provided in
Figure 10.2. To state our result, we assume access to an oracle that performs linear regression
and consider the consider the condition number of the data matrix.

Definition 10.1 (MLP and condition number) Consider a multilayer MLP defined by
the recursion sℓi = ϕ(Wℓs

ℓ−1
i ) for ℓ ∈ [L], i ∈ [n] and s0i = xi. Here ϕ(x) := max(αx, x) is

a Leaky-ReLU activation with 1 ≥ α > 0. Define the feature matrix Tℓ = [sℓ1 . . . sℓn]
⊤ and

define its condition number κℓ = σmax(Tℓ)/σmin(Tℓ) (with σmin := 0 for fat matrices) and
κmax = max0≤ℓ<L κℓ.

Assumption 10.1 (Oracle Model) We assume access to a transformer TFLR which can
run T steps of gradient descent on the quadratic loss L(w) =

∑n
i=1(yi − w⊤xi)

2 given a
prompt of the form (x1, y1, . . . ,xn, yn).

We remark that this assumption is realistic and has been formally established by earlier
work [4, 62]. Our CoT abstraction builds on these to demonstrate that CoT-I/O can call a
blackbox TFmodel to implement a compositional function when combined with filtering.

We now present our main theoretical contribution. Our result provides a transformer
construction that first filters a particular MLP layer from the prompt through the attention
mechanism, then applies in-context learning, and repeats this procedure to approximate the
MLP output. The precise statement is deferred to the supplementary material.

Theorem 10.1 (CoT⇔Filtering+ICL) Consider a CoT prompt pn(f) generated from
an L-layer MLP f(·) as described in Definition 10.1, and assume given test example
(xtest, s

1
test, . . . s

L
test). For any resolution ϵ > 0, there exists δ = δ(ϵ), iteration choice

T = O(κ2max log(1/ϵ)), and a backend transformer construction TFBE such that the concate-
nated transformer TF = TFLR ◦ TFBE implements the following: Let (ŝi)ℓ−1

i=0 denote the first
ℓ − 1 CoT-I/O outputs of TF where ŝ0 = xtest and set p[ℓ] = (pn(f),xtest, ŝ

1 . . . ŝℓ−1). At
step ℓ, TF implements

1. Filtering. Define the filtered prompt with input/output features of layer ℓ,

pfilter
n =

(
. . .0, sℓ−1

1 , 0 . . . 0, sℓ−1
n , 0 . . . 0, ŝℓ−1

. . .0, 0, sℓ1 . . . 0, 0, sℓn . . . 0, 0

)
.

There exists a fixed projection matrix Π that applies individually on tokens such that
the backend output obeys ∥Π(TFBE(p[ℓ]))− pfilter

n ∥ ≤ δ.

2. Gradient descent. The combined model obeys ∥TF(p[ℓ])− sℓtest∥ ≤ ℓ · ϵ/L.
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TFBE has constant number of layers independent of n and T . Consequently, after L rounds
of CoT-I/O, TFoutputs f(xtest) up to ϵ accuracy.

Remark 10.1 Note that, this result effectively shows that, with a sufficiently good blackbox
transformer TFLR (per Assumption 10.1), CoT-I/O can learn an L-layer MLP using in-
context sample size n > maxℓ∈[L] dℓ where dℓ is the input dimension of ℓth layer. This
is assuming condition number κmax of the problem is finite as soon as all layers become
over-determined. Consequently, CoT-I/O needs max(k, d) sample complexity to learn a two
layer MLP. This provides a formal justification for the observation that empirical CoT-I/O
performance is agnostic to k as long as k ≤ d.

We provide the concrete filtering statements based on the transformer architecture in Ap-
pendix I.1, and the key components of our construction are the following: (i) Inputs are
projected through the embedding layer in which a set of encodings, an enumeration of the
tokens (1, 2, . . . , N), an enumeration of the layers (1, 2, . . . , L) and an identifier for each layer
already predicted are all attached. Notice that this “modification” to the input only depends
on the sequence length and is agnostic to the token to-be-predicted. This allows for an
automated looping over L predictions. (ii) We use this information to extract the sequence
length N and the current layer ℓ to-be-predicted. (iii) With these at hand, we construct an
‘if-then’ type of function using the ReLU layers to filter out the samples that are not needed
for the prediction.

10.4 Experiments with 2-layer Random MLPs

For a clear exposition, we initially focus on two-layer MLPs, which represent 2-step tasks
(e.g., L = 2). We begin by validating Theorem 10.1 using the CoT-I/O method, demonstrat-
ing that in-context learning for a 2-layer MLP with d input dimensions and k hidden neurons
requires O(max(d, k)) samples. The results are presented in Section 10.4.1. Subsequently,
in Section 10.4.2, we compare three different methods: ICL, CoT-I, and CoT-I/O. The
empirical evidence highlights the advantages of CoT-I/O, showcasing its ability to reduce
sample complexity and enhance model expressivity.

Dataset. Consider 2-layer MLPs with input x ∈ Rd, hidden feature (step-1 output) s ∈
Rk, and output y ∈ R. Here, s = f1(x) := (Wx)+ and y = f2(s) := v⊤s, with W ∈ Rk×d

and v ∈ Rk being the parameters of the first and second layer, and (x)+ = max(x, 0) being
ReLU activation. The function is composed as y = v⊤(Wx)+. We define the function
distributions as follows: each entry of W is sampled via Wij ∼ N (0, 2

k
), and v ∼ N (0, Ik),
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Figure 10.3: We solve 2-layer MLPs with varying input dimension d ∈ {10, 20} and hidden
neuron size k ∈ {4, 8, 16}.
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Figure 10.4: We solve 2-layer MLPs with d = 10 and k ∈ {4, 16, 64}. We then decouple the
composed risk of predicting 2-layer MLPs into risks of individual layers.

with inputs being randomly sampled through x ∼ N (0, Id)
1. We apply the quadratic loss

in our experiments. To avoid the implicit bias due to distribution shift, both training and
test datasets are generated following the same strategy.

10.4.1 Empirical Evaluation of CoT-I/O Performance

To investigate how MLP task impacts CoT-I/O performance, we train 2-layer MLPs with
varying input dimensions (d) and hidden layer sizes (k). The results are presented in Fig-
ures 10.3 and 10.4, and all experiments utilize small GPT-2 models for training2.

CoT-I/O performance is agnostic to k when k ≤ d (Figure 10.3). In Fig. 10.3a,
we train MLPs with d = 10, 20 and k = 4, 8, 16. Solid and dashed curves represent the
CoT-I/O test risk of d = 10 and 20 respectively for varying in-context samples. The results

1Following this strategy for data generation, the expected norms of x, s and y are equivalent, and the
risk curves displayed in the figures are normalized for comparison.

2Our code is available at https://github.com/yingcong-li/Dissecting-CoT.
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indicate that an increase in d will amplifies the number of samples needed for in in-context
learning, while the performance remains unaffected by changes in k ∈ {4, 8, 16}. To further
scrutinize the impact of d on CoT-I/O accuracy, in Fig. 10.3b, we adjust the horizontal axis
by dividing it by the input dimension d, and superimpose both d = 10, k = 16 (blue solid)
and d = 20, k = 16 (orange dashed) results. This alignment of the two curves implies that
the in-context sample complexity of CoT-I/O is linearly dependent on d.

Large k dominates CoT-I/O performance (Figure 10.4). We further investigate the
circumstances under which k begins to govern the CoT-I/O performance. In Figure 10.4a,
we replicate the same experiments with d = 10, but train with wider MLPs (k = 64). Blue,
orange and green curves represent results for k = 4, 16, 64 respectively. Since the hidden
dimension k = 64 is larger, learning the second layer requires more hidden features (s), thus
N = 100 in-context samples (providing 100 ss) are insufficient to fully restore the second
layer, leading to performance gaps between k = 4, 16 and k = 64. To quantify the existing
gaps, we conduct single-step evaluations for both the first and the second layers, with the
results shown in Figures 10.4b and 10.4c. Specifically, let pn(f̃) be a test prompt containing
n in-context samples where f̃ represents any arbitrary 2-layer MLP. Given a test sample
(xtest, stest, ytest), the layer predictions are performed as follows.

1st layer prediction: TF(pn(f̃),xtest) := ŝ,

2nd layer prediction: TF(pn(f̃),xtest, stest) := ŷ.

The test risks are calculated by ∥ŝ−stest∥2 and (ŷ−ytest)
2. The risks illustrated in the figures

are normalized for comparability (refer to the appendix for more details). Evidence from
Fig. 10.4b and 10.4c shows that while increasing k does not affect the first layer’s prediction,
it does augment the number of samples required to learn the second layer. Moreover, by
plotting the first layer risks of k = 4, 16 (blue/orange dotted) and second layer risk of k = 64

(green dashed) in Fig. 10.4a, we can see that they align with the CoT-I/O composed risks.
This substantiates the hypothesis that CoT-I/O learns 2-layer MLP through compositional
learning of separate layers.

10.4.2 Comparative Analysis of ICL, CoT-I and CoT-I/O

Varying model sizes (Figure 10.5). We initially assess the benefits of CoT-I/O over ICL
and CoT-I across different TF models. With d = 10 and k = 8 fixed, we train three different
GPT-2 models: standard, small and tiny GPT-2. The small GPT-2 has 6 layers, 4 attention
heads per layer and 128 dimensional embeddings. The standard GPT-2 consists of twice the
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Figure 10.5: Comparison of three methods for solving 2-layer MLPs using different GPT-2’s.
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Figure 10.6: Comparison of three methods for solving 2-layer MLPs with different widths.

number of layers, attention heads and embedding dimensionality compared to the small GPT-
2, and tiny GPT-2, on the other hand, possesses only half of these hyperparameters compared
to the small GPT-2. We evaluate the performance using prompts containing n in-context
samples, where n ranges from 1 to N (N = 100). The associated test risks are displayed
in Figs. 10.5b, 10.5c and 10.5d. The blue, orange and green curves correspond to CoT-I/O,
CoT-I and ICL, respectively. In Fig. 10.5a, we present the averaged risks. The results show
that using CoT-I/O, the small GPT-2 can solve 2-layer MLPs with approximately 60 samples,
while CoT-I requires the standard GPT-2. Conversely, ICL is unable to achieve zero test risk
even with the standard GPT-2 model and up to 100 samples. This indicates that to learn
2-layer MLPs in a single shot, ICL requires at least O(dk+d) samples to restore all function
parameters. Conversely, CoT-I and CoT-I/O can leverage implicit samples contained in the
CoT prompt. Let f1 ∈ F1 (first layer) and f2 ∈ F2 (second layer). By comparing the
performance of CoT-I and CoT-I/O, it becomes evident that the standard GPT-2 is capable
of learning the composed function f = f2 ◦ f1 ∈ F , which the small GPT-2 cannot express.

Varying MLP widths (Figure 10.6). Next, we explore how different MLP widths im-
pact the performance (by varying the hidden neuron size k ∈ {4, 8, 16}). The corresponding
results are depicted in Figure 10.6. The blue, orange and green curves in Fig. 10.6b, 10.6c
and 10.6d correspond to hidden layer sizes of k = 4, 8, and 16, respectively. Fig. 10.6a

166



0 2 4 6 8 10
# in-context samples

0.0

0.2

0.4

0.6

0.8

1.0

Te
st

 ri
sk

ICL
CoT-2
CoT-3
CoT-6
Least squares

n = d

(a) Point-to-point meta prediction

0 100k 200k 300k 400k 500k
# iteration

0.0

0.2

0.4

0.6

0.8

1.0

Te
st

 ri
sk ICL

CoT-2
CoT-3
CoT-6

(b) One-shot prediction over time

Figure 10.7: Evaluations over deep linear MLPs using CoT-I/O and ICL where CoT-X
represents the X-step CoT-I/O. Fig. 10.7a illustrates point-to-point meta results where the
model is trained with substantial number of samples. In contrast, Fig. 10.7b displays the
one-shot performance (with only one in-context sample provided) when making predictions
during training.

displays the averaged risks. We keep d = 10, N = 100 fixed and train with the small GPT-2
model. As discussed in Section 10.4.1, CoT-I/O can learn a 2-layer MLP using around 60

samples for all k = 4, 8, 16 due to its capability to deconstruct composed functions. However,
CoT-I can only learn the narrow MLPs with k = 4, and ICL is unable to learn any of them.
Moreover, we observe a substantial difference in the performance of ICL and CoT-I with
varying k (e.g., see averaged risks in Fig. 10.6a). This can be explained by the fact that
enlarging k results in more complex F1 and F2, thus making the learning of F = F2 × F1

more challenging for ICL and CoT-I.

10.5 Further Investigation on Deep Linear MLPs
In Section 10.4, we have discussed the approximation benefits of CoT-I/O and how it in-
context learns 2-layer random MLPs by parallel learning of k d-dimensional ReLU and 1
k-dimensional linear regression. In this section, we investigate the capability of CoT-I/O in
learning longer compositions. For brevity, we will use CoT to refer to CoT-I/O in the rest
of the discussion.

Dataset. Consider L-layer linear MLPs with input x ∈ Rd ∼ N (0, Id), and output gener-
ated by y = WLWL−1 · · ·W1x, where the ℓth layer is parameterized by Wℓ ∈ Rd×d, ℓ ∈ [L].
In this work, to better understand the emerging ability of CoT, we assume that each layer
draws from the same discrete sub-function set F̄ = {W̄k : W̄⊤

k W̄k = I, k ∈ [K]}3. There-
fore, to learn the L-layer neural net, CoT only needs to learn F̄ with |F̄ | = K, whereas ICL

3This assumption ensures that the norm of the feature remains constant across layers ( ∥x∥ = ∥y∥ = ∥sℓ∥),
enabling fair evaluation across different layers.
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needs to learn the function set F̄L, which contains KL random matrices.

Composition ability of CoT (Figures 10.7). Set d = 5, L = 6 and K = 4. At each
round, we randomly select L matrices Wℓ, ℓ ∈ [L] from F̄ so that for any input x, we can
form a chain

x→ s1 → s2 · · · → s6 := y,

where sℓ = Wℓs
ℓ−1, ℓ ∈ [L] and s0 := x. Let CoT-X denote X-step CoT-I/O method. For

example, the in-context sample of CoT-6 has form of (x, s1, s2, . . . s5,y), which contains all
the intermediate outputs from each layer; while CoT-3, CoT-2 have prompt samples formed
as (x, s2, s4,y) and (x, s3,y) respectively. In this setting, ICL is also termed as CoT-1, as
its prompt contains only (x,y) pairs. To solve the length-6 chain, CoT-X needs to learn
a model that can remember 46/X matrices. Therefore, ICL is face a significantly challenge
sincd it needs to remember 46 = 4, 096 matrices (all combinations of the 4 matrices used for
training and testing) compared to just 4 for CoT-6.

We train small GPT-2 models using the CoT-2/-3/-6 and ICL methods, and present the
results in Fig. 10.7a. As evident from the figure, the performance curves of CoT-2 (orange),
CoT-3 (green) and CoT-6 (red) overlap, and they can all make precise predictions in one shot
(given an in-context example n = 1). It seems that TF has effectively learned to remember
up to 64 matrices (for CoT-2) and compose up to 6 layers (for CoT-6). However, ICL (blue)
struggles to learn the 6-layer MLPs in one shot. The black dashed curve shows the solution
for linear regression y = β⊤x computed directly via least squares given n random training
samples, where x is the input and y is from the output of the 6-layer MLPs (e.g., y[0]). The
test risks for n = 1, . . . 10 are plotted (in Fig. 10.7a), which show that the ICL curve aligns
with the least squares performance. This implies that, instead of remembering all 4, 096
matrices, ICL solves the problem from the linear regression phase.

In addition to the meta-learning results which highlight the approximation benefits of
multi-step CoT, we also investigate the convergence rate of CoT-2/-3/-6 and ICL, with
results displayed in Fig. 10.7b. We test the one-shot performance during training and find
that CoT-6 converges fastest. This is because it has the smallest sub-function set, and given
the same tasks (e.g., deep neural nets), shortening the chain leads to slower convergence. This
supports the evidence that taking more steps facilitates faster and more effective learning of
complex problems.

Evidence of Filtering (Figure 10.8). As per Theorem 10.1 and the appendix, trans-
formers can perform filtering over CoT prompts, and the results from 2-layer MLPs align
with our theoretical findings. However, can we explicitly observe filtering behaviors? In
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Figure 10.8: Fig. 10.8a is generated by magnifying the initial 50k iterations of Fig. 10.7b,
and we decouple the composed risks from predicting 6-layer linear MLPs into predictions for
each layer, and the results are depicted in Fig. 10.8b. Additional implementation details can
be found in Section 10.5.

Fig. 10.8a, we display the results of the first 50k iterations from Fig. 10.7b, and observe
risk drops in CoT-6 (red) at the 15k and 25k iteration (shown as grey dotted and dashed
lines). Subsequently, in Fig. 10.8b, we plot the test risk of each layer prediction (by feeding
the model with correct intermediate features not the predicted ones), where CoT-6 (red)
predicts the outputs from all 6 layers (s1, · · · , sL). From these figures, we can identify risk
drops when predicting different layers, which appear at either 15k (for layer 2, 3, 4, 5, 6)
or 25k (for layer 1) iteration. This implies that the model learns to predict each step/layer
function independently. Further, we test the filtering evidence of the ℓth layer by filling
irrelevant positions with random features. Specifically, an in-context example is formed by

(z0, · · · , sℓ−1, sℓ, zℓ+1, . . . zL), where sℓ = Wℓ(s
ℓ−1) and z ∼ N (0, Id).

The test risks are represented by black dotted curves in Fig. 10.8b, which aligned precisely
with the CoT-6 curves (red). This signifies that each layer’s prediction concentrate solely
on the corresponding intermediate steps in the prefix, while disregarding irrelevant features.
This observation provides evidence that the process of filtering is indeed performed.
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CHAPTER 11

Conclusion and Future Work

The rapid advancement of artificial intelligence (AI) and machine learning (ML) has led
to models capable of performing tasks once considered exclusive to human cognition, such
as complex mathematical reasoning. While these models demonstrate impressive empirical
performance across a wide range of applications, they often lack a comprehensive theoretical
foundation. Many are developed through empirical trial and error, leaving fundamental
questions about their underlying mechanisms unanswered.

In light of these challenges, this thesis aims to advance the theoretical understanding of
language models, with a focus on their optimization, architecture, and emergent abilities.
As a brief overview, this thesis presents the following investigations:

Chapters 2–4: Optimization Dynamics of Softmax Attention. The attention mech-
anism, a core component of Transformer-based language models, plays a crucial role in
enabling parallelization over sequential data. However, the underlying reasons for its effec-
tiveness remain underexplored. This thesis establishes a concrete theoretical framework to
explain the optimization dynamics of softmax attention, revealing a surprising connection
to a foundational concept in machine learning: the Support Vector Machine (SVM).

Chapters 5–8: Optimization Landscape of Alternative Recurrent Models. De-
spite the success of softmax attention, its computational and memory costs are significant.
Recent alternatives (e.g., Mamba) offer efficient inference while maintaining competitive
performance. This thesis analyzes the optimization Landscape of several such architectures,
including Linear Attention, State Space Models, and Gated Linear Attention.

Chapters 9–10: Emergent Abilities of Language Models. LLMs exhibit emergent
capabilities such as the ability to perform unseen tasks without explicit parameter updates.
Beyond optimization analysis, this thesis investigates these emergent behaviors, including
in-context learning and chain-of-thought reasoning, and offers theoretical explanations for
how and why such behaviors arise.
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This thesis opens several avenues for further research, which we outline below:

• While this thesis establishes the asymptotic convergence of gradient descent for single-
layer softmax attention, a finer-grained non-asymptotic analysis remains an open ques-
tion. Understanding convergence rates could offer valuable insights into the influence
of learning rate, initialization, and optimization method. Moreover, the directional
behavior of gradient descent from arbitrary initialization is not yet fully characterized.
A key question is: Where does gradient descent converge directionally for 1-layer self-
attention models? Investigating this could clarify the role of over-parameterization
and further develop the notion of locally optimal directions, both of which appear to
influence training behavior in practice.

• The scope of this thesis does not fully capture the complexity of ICL in large language
models. In particular, it does not address more challenging settings such as question
answering, where in-context demonstrations must be integrated with general knowledge
acquired during pretraining. Future work could explore how specific contexts might
activate or suppress behaviors learned during pretraining, including undesirable ones.
Additionally, while this thesis introduces a theoretical model for retrieval-augmented
ICL, real-world settings require accounting for the quality and relevance of retrieved
demonstrations. Analyzing the effects of retrieval noise on final predictions is an im-
portant direction for extending this work.

• While our theoretical and experimental results validate the effectiveness of CoT, the
current analysis is limited to in-distribution settings. Future work could extend this
understanding to tasks with greater structural complexity, longer compositional chains,
and more diverse subproblem types, including autoregressive reasoning and symbolic
problem solving. Additionally, our proposed two-stage framework, filtering followed by
in-context learning, offers an interpretable explanation of how CoT reduces in-context
complexity, but its alignment with empirical behavior in real-world applications such as
code generation and mathematical reasoning remains to be fully understood. We have
shown that CoT can rely on a linear regression oracle to approximate an MLP, raising
the important question of whether LLMs can achieve similar expressivity without CoT,
and what the corresponding theoretical lower and upper bounds would be.
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APPENDIX A

Appendix for Chapter 2

A.1 Proofs for Section 2.2

A.1.1 Preliminaries on the Training Risk

By our assumption ψ : Rd → R and ℓ : R → R are differentiable functions. Recall the
objective

L(p,W ) =
1

n

n∑
i=1

ℓ
(
yi · ψ(X⊤

i S(Kip))
)

(A.1)

with the generic prediction model ψ(X⊤S(Kp)) and K = XW⊤.
Here, we write down the gradients of W and p in (A.1) to highlight the connection. Set

q := W⊤p, z{X} := X⊤S(Kp), and a{X} := Kp. Given X and using K = XW⊤, we
have that

∇qψ(p,W ) = X⊤S′(a{X})X · ψ′(z{X}), (A.2a)

∇pψ(p,W ) = W∇qψ(p,W ), (A.2b)

∇Wψ(p,W ) = p∇⊤
q ψ(p,W ), (A.2c)

where
S′(a{X}) = diag(S(a{X}))− S(a{X})S(a{X})⊤ ∈ RT×T .

Setting ψ(z) = v⊤z for linear head, we obtain

∇qψ(p,W ) = X⊤S′(a{X})γ, (A.3a)

∇pψ(p,W ) = W∇qψ(p,W ) = K⊤S′(a{X})γ, (A.3b)

∇Wψ(p,W ) = p∇⊤
q ψ(p,W ) = pv⊤X⊤S′(a{X})X. (A.3c)
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Recalling (A.2b) and (A.2c), and defining ℓ′i := ℓ′(yi · ψ(z{Xi})) ∈ R, we have that

∇pL(p,W ) =
1

n

n∑
i=1

ℓ′i · yi ·W∇qψ(p,W ), (A.4a)

∇WL(p,W ) =
1

n

n∑
i=1

ℓ′i · yi · p∇⊤
q ψ(p,W ). (A.4b)

Setting ψ(z) = v⊤z for linear head and γi = yi ·Xiv, we obtain

∇pL(p,W ) =
1

n

n∑
i=1

ℓ′i ·K⊤
i S′(a{Xi})γi, (A.5a)

∇WL(p,W ) = p

(
1

n

n∑
i=1

ℓ′i · γ⊤i S′(a{Xi})Xi

)
. (A.5b)

Lemma A.1 (Key Lemma) For any p, q ∈ Rd, let a = Kq, s = S(Kp), and γ = Xv.
Set

Γ = sup
t,τ∈[T ]

|γt − γτ | and A = sup
t∈[T ]
∥kt∥ · ∥q∥.

We have that∣∣∣∣∣a⊤diag(s)γ − a⊤ss⊤γ −
T∑
t≥2

(a1 − at)st(γ1 − γt)
∣∣∣∣∣ ≤ 2ΓA(1− s1)

2.

Proof. Set γ̄ =
∑T

t=1 γtst. We have

γ1 − γ̄ =
T∑
t≥2

(γ1 − γt)st, and |γ1 − γ̄| ≤ Γ(1− s1).

Then,

a⊤diag(s)γ − a⊤ss⊤γ =
T∑
t=1

atγtst −
T∑
t=1

atst

T∑
t=1

γtst

= a1s1(γ1 − γ̄)−
T∑
t≥2

atst(γ̄ − γt).

Since ∣∣∣∣∣
T∑
t≥2

atst(γ̄ − γt)−
T∑
t≥2

atst(γ1 − γt)
∣∣∣∣∣ ≤ AΓ(1− s1)

2,
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we obtain1

a⊤diag(s)γ − a⊤ss⊤γ = a1s1(γ1 − γ̄)−
T∑
t≥2

atst(γ1 − γt)± AΓ(1− s1)
2

= a1s1

T∑
t≥2

(γ1 − γt)st −
T∑
t≥2

atst(γ1 − γt)± AΓ(1− s1)
2

=
T∑
t≥2

(a1s1 − at)st(γ1 − γt)± AΓ(1− s1)
2

=
T∑
t≥2

(a1 − at)st(γ1 − γt)± 2AΓ(1− s1)
2.

Here, ± on the right handside uses the fact that∣∣∣∣∣
T∑
t≥2

(a1s1 − a1)st(γ1 − γt)
∣∣∣∣∣ ≤ (1− s1)AΓ

T∑
t≥2

st = (1− s1)
2AΓ.

A.1.2 Proof of Lemma 2.1

Proof. Let us prove the result for a general step size sequence (ηt)t≥0. On the same training
data (yi,Xi)

n
i=1, recall the objectives L̃(p) = 1

n

∑n
i=1 ℓ(yi · ψ(X⊤

i S(Xip))) and L(W ) =
1
n

∑n
i=1 ℓ(yi · ψ(X⊤

i S(XiW
⊤u))). Suppose claim is true till iteration t. For iteration t + 1,

using W (t)⊤u = p(t), define and observe that

Si = S′(XiW (t)⊤u) = S′(Xip(t)),

si = S(XiW (t)⊤u) = S(Xip(t)),

z{Xi} = X⊤
i S(Xip(t)) = X⊤

i S(XiW (t)⊤u),

for all i ∈ [n].
1For simplicity, we use ± on the right hand side to denote the upper and lower bounds.
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Thus, using (A.4), we have that

∇L̃(p(t)) = 1

n

n∑
i=1

ℓ′i · yi ·X⊤
i SiXi · ψ′(z{Xi}),

∇L(W (t)) = u

(
1

n

n∑
i=1

ℓ′i · yi ·X⊤
i SiXi · ψ′(z{Xi})

)⊤

.

Consequently, we found that gradient is rank-1 with left singular space equal to u, i.e.,

∇L(W (t)) = u∇⊤L̃(p(t)).

Since W (t)’s left singular space is guaranteed to be in u (including W (0) by initialization),
we only need to study the right singular vector. Using the induction till t, this yields

W (t+ 1)⊤u = W (t)⊤u− ηt∥u∥−2∇⊤L(W (t))u

= p(t)− ηt∥u∥−2u⊤u∇L̃(p(t))
= p(t+ 1).

This concludes the induction.

A.2 Proofs for Section 2.3

A.2.1 Descent and Global Gradient Correlation Conditions

The lemma below identifies conditions under which pmm⋆ is a global descent direction for
L(p).

Lemma A.2 Suppose ℓ(·) is a strictly decreasing differentiate loss function and Assump-
tion 2.2 holds. Then, for all p ∈ Rd, the training loss (ERM) obeys ⟨∇L(p),pmm⋆⟩ < 0.

Proof. Set

γi = yi ·Xiv, ai = Kip, āi = Kip
mm⋆, and ℓ′i = ℓ′

(
γ⊤i S(Kip)

)
. (A.6)

Let us recall the gradient evaluated at p which is given by

∇L(p) = 1

n

n∑
i=1

ℓ′i ·K⊤
i S′(ai)γi. (A.7)
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This implies that

⟨∇L(p),pmm⋆⟩ = 1

n

n∑
i=1

ℓ′i · ⟨āi,S′(ai)γi⟩ . (A.8)

To proceed, we will prove that individual summands are all strictly negative. To show that,
without losing generality, let us focus on the first input and drop the subscript i for cleaner
notation. This yields

⟨ā,S′(a)γ⟩ = ā⊤diag(S(a))γ − ā⊤S(a)S(a)⊤γ. (A.9)

Without losing generality, assume optimal token is the first one and γt is a constant for all
t ≥ 2.

To proceed, we will prove the following: Suppose γ = γt≥2 is constant, γ1, ā1 are the largest
indices of γ, ā. Then, for any s obeying

∑
t∈[T ] st = 1, st ≥ 0, we have that ā⊤diag(s)γ −

ā⊤ss⊤γ > 0. To see this, we write

ā⊤diag(s)γ − ā⊤ss⊤γ =
T∑
t=1

ātγtst −
T∑
t=1

ātst

T∑
t=1

γtst

=

(
ā1γ1s1 + γ

T∑
t≥2

ātst

)
−
(
γ1s1 + γ(1− s1)

)(
ā1s1 +

T∑
t≥2

ātst

)

= ā1(γ1 − γ)s1(1− s1) +
(
γ − (γ1s1 + γ(1− s1))

) T∑
t≥2

ātst

= ā1(γ1 − γ)s1(1− s1)− (γ1 − γ)s1
T∑
t≥2

ātst

= (γ1 − γ)(1− s1)s1

[
ā1 −

∑T
t≥2 ātst∑T
t≥2 st

]
.

(A.10)

To proceed, let γgap = γ1 − γ and agap = ā1 −maxt≥2 at. With these, we obtain

ā⊤diag(s)γ − ā⊤ss⊤γ ≥ agapγgaps1(1− s1). (A.11)
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Note that

aigap ≥ inf
t̸=opti

(kiopti − kit)
⊤pmm⋆ ≥ 1,

γigap = inf
t̸=opti

γiopti − γit > 0,

si1(1− si1) > 0.

On the other hand, by our assumption ℓ′i < 0. Hence, infimum’ing (A.11) over all inputs,
multiplying by ℓ′i and using (A.8) give the desired result.

Lemma A.3 (Gradient Correlation Conditions) Consider n = 1 and let pmm = pmm⋆

be (p-SVM) solution separating α = opt from remaining tokens of input X. Suppose ℓ(·) is
a strictly decreasing differentiate loss function and Assumption 2.2 holds. For any choice of
π > 0, there exists R := Rπ such that, for any p with ∥p∥ ≥ R, we have〈

∇L(p), p

∥p∥

〉
≥ (1 + π)

〈
∇L(p), pmm

∥pmm∥

〉
.

Above, observe that as R→∞, we eventually get to set π = 0.
Proof. The proof is similar to Lemma A.2 at a high-level. However, we also need to account
for the impact of p besides pmm in the gradient correlation. The main goal is showing that
pmm is the near-optimal descent direction, thus, p cannot significantly outperform it.

To proceed, let p̄ = ∥pmm∥p/∥p∥, M = supt ∥kt∥, Θ = 1/∥pmm∥, s = S(Kp), a = Kp̄,
ā = Kpmm. Without losing generality assume opt = 1. Set γ = γt≥2. Repeating the proof
of Lemma A.2 yields

⟨∇L(p),pmm⟩ = ℓ′ · (γ1 − γ)(1− s1)s1

[
ā1 −

∑T
t≥2 ātst∑T
t≥2 st

]
,

⟨∇L(p), p̄⟩ = ℓ′ · (γ1 − γ)(1− s1)s1

[
a1 −

∑T
t≥2 atst∑T
t≥2 st

]
.

Given π, for sufficiently large R, we wish to show that

a1 −
∑T

t≥2 atst∑T
t≥2 st

≤ (1 + π) ·
[
ā1 −

∑T
t≥2 ātst∑T
t≥2 st

]
. (A.12)

We consider two scenarios.
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Scenario 1: ∥p̄− pmm∥ ≤ ϵ := π/(2M). In this scenario, for any token, we find that

|at − āt| = |k⊤
t (p̄− pmm)| ≤M∥p̄− pmm∥ ≤Mϵ.

Consequently, we obtain

ā1 −
∑T

t≥2 ātst∑T
t≥2 st

≥ a1 −
∑T

t≥2 atst∑T
t≥2 st

− 2Mϵ = a1 −
∑T

t≥2 atst∑T
t≥2 st

− π.

Also noticing ā1 −
∑T

t≥2 ātst∑T
t≥2 st

≥ 1 (thanks to pmm satisfying ≥ 1 margin), this implies (A.12).

Scenario 2: ∥p̄− pmm∥ ≥ ϵ := π/(2M). In this scenario, for some ν = ν(ϵ) and τ ≥ 2, we
have that

p̄⊤(k1 − kτ ) = a1 − aτ ≤ 1− 2ν.

Here τ = argmaxt≥2 p̄
⊤kt denotes the nearest point to k1. Recall that s = S(R̄a) where

R̄ = ∥p∥/∥pmm∥. To proceed, split the tokens into two groups: Let N be the group of tokens
obeying p̄⊤(k1 − kt) ≤ 1− ν for t ∈ N and [T ]−N be the rest. Observe that∑

t∈[T ]−N st∑T
t≥2 st

≤
∑

t∈[T ]−N st

sτ
≤ T

eνR̄

e2νR̄
= Te−R̄ν .

Set M̄ = M/Θ and note that ∥at∥ ≤ ∥pmm∥ · ∥kt∥ ≤ M̄ . Using p̄⊤(k1 − kt) ≤ 1 − ν over
t ∈ N and plugging in the above bound, we obtain∑T

t≥2(a1 − at)st∑T
t≥2 st

=

∑
t∈N (a1 − at)st∑T

t≥2 st
+

∑
t∈[T ]−N (a1 − at)st∑T

t≥2 st

≤ 1− ν + 2M̄Te−R̄ν .

Using the fact that ā1−
∑T

t≥2 ātst∑T
t≥2 st

≥ 1, the above implies (A.12) with π′ = 2M̄Te−R̄ν − ν. To

proceed, choose Rπ = ν−1Θ−1 log(2M̄T/π) to ensure π′ ≤ π.

The following lemma states the descent property of gradient descent for L(p) under
Assumption 2.1. It is important to note that although the infimum of the optimization
problem is L∗, it is not achieved at any finite p. Additionally, there are no finite critical
points p.
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Lemma A.4 Under Assumption 2.1, the function L(p) is Lp-smooth, where

Lp :=
1

n

n∑
i=1

(
M0∥v∥2∥W ∥2∥Xi∥4 + 3M1∥v∥ ∥W ∥2∥Xi∥3

)
. (A.13)

Furthermore, if η ≤ 1/Lp, then, for any initialization p(0), with the GD sequence p(t+ 1) =

p(t)− η∇L(p(t)), we have

L(p(t+ 1))− L(p(t)) ≤ −η
2
∥∇L(p(t))∥2 , (A.14)

for all t ≥ 0. This implies that

∞∑
t=0

∥∇L (p(t))∥2 <∞, and lim
t→∞
∥∇L (p (t))∥2 = 0. (A.15)

Proof. Recall that we defined γi = yi ·Xiv and ai = Kip. The gradient of L(p) is given
by

∇L(p) = 1

n

n∑
i=1

ℓ′
(
γ⊤i S(Kip)

)
·K⊤

i S′(ai)γi.

Note that for any p ∈ Rd, the Jacobian of S(Kip) is given by

∂S(Kip)

∂p
= S′(Kip)Ki =

(
diag(S(Kip))− S(Kip)S(Kip)

⊤)Ki. (A.16)

The Jacobian (A.16) together with the definition of the softmax function S(·) implies that
∥∂S(Kip)/∂p∥ ≤ ∥Ki∥. Hence, for any p, ṗ ∈ Rd, we have

∥S(Kip)− S(Kiṗ)∥ ≤ ∥Ki∥ ∥p− ṗ∥, (A.17a)

and

∥S′(Kip)− S′(Kiṗ)∥ ≤ ∥diag(S(Kip))− diag(S(Kiṗ))∥
+
∥∥S(Kip)S(Kip)

⊤ − S(Kiṗ)S(Kiṗ)
⊤∥∥

≤ 3∥Ki∥ ∥p− ṗ∥. (A.17b)

Here, the last inequality uses the fact that |ab− cd| ≤ |d||a− c|+ |a||b− d|.
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Next, for any p, ṗ ∈ Rd, we have

∥∇L(p)−∇L(ṗ)∥ ≤ 1

n

n∑
i=1

∥∥ℓ′ (γ⊤i S(Kip)
)
·K⊤

i S′(Kip)γi − ℓ′
(
γ⊤i S(Kiṗ)

)
·K⊤

i S′(Kiṗ)γi
∥∥

≤ 1

n

n∑
i=1

∥∥K⊤
i S′(Kiṗ)γi

∥∥ ∣∣ℓ′ (γ⊤i S(Kip)
)
− ℓ′

(
γ⊤i S(Kiṗ)

)∣∣
+

1

n

n∑
i=1

∣∣ℓ′(γ⊤i S(Kip))
∣∣ ∥∥K⊤

i S′(Kip)γi −K⊤
i S′(Kiṗ)γi

∥∥
≤ 1

n

n∑
i=1

M0∥γi∥2 ∥Ki∥ ∥S(Kip)− S(Kiṗ)∥

+
1

n

n∑
i=1

M1∥γi∥ ∥Ki∥ ∥S′(Kip)− S′(Kiṗ)∥ , (A.18)

where the second inequality follows from the fact that |ab− cd| ≤ |d||a− c|+ |a||b− d| and
the third inequality uses Assumption 2.1.

Substituting (A.17a) and (A.17b) into (A.18), we get

∥∇L(p)−∇L(ṗ)∥ ≤ 1

n

n∑
i=1

(
M0∥γi∥2∥Ki∥2 + 3M1∥Ki∥2∥γi∥

)
∥p− ṗ∥

≤ 1

n

n∑
i=1

(
M0∥v∥2∥W ∥2∥Xi∥4 + 3M1∥v∥|W ∥2∥Xi∥3

)
∥p− ṗ∥

≤ Lp∥p− ṗ∥,

where Lp is defined in (A.13).
The remaining proof follows standard gradient descent analysis (see e.g. [177, Lemma

10]). Since L (p) is Lp-smooth, we get

L (p (t+ 1)) ≤ L (p (t)) +∇L (p (t))⊤ (p (t+ 1)− p (t)) +
Lp
2
∥p (t+ 1)− p (t)∥2

= L (p (t))− η ∥∇L (p (t))∥2 + Lpη
2

2
∥∇L (p (t))∥2

= L (p (t))− η
(
1− Lpη

2

)
∥∇L (p (t))∥2

≤ L (p (t))− η

2
∥∇L (p (t))∥2 ,

where the last inequality follows from our assumption on the stepsize.
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The above inequality implies that

∞∑
t=0

∥∇L (p (t))∥2 ≤ 2

η
(L (p (0))− L∗) , (A.19)

where the right hand side is upper bounded by a finite constant. This is because, by As-
sumption 2.1, L (p (0)) <∞ and L∗ ≤ L (p (t)), where L∗ denotes the minimum objective.

Finally, (A.19) yields the expression (A.15).

A.2.2 Local Gradient Correlation Conditions

Let (Ti)ni=1 be the sets of all support indices per Definition 2.2. Let T̄i := [T ]− Ti − {αi} be
the set of non-SVM-neighbor token indices for i ∈ [n]. Let I ⊆ [n] be the sample index set
that contains samples with support for locally optimal tokens as per Definition 2.2, and Ī
be the sample index set without support tokens, that is

I =
{
i ∈ [n]

∣∣∣ Ti ̸= ∅} , and Ī =
{
i ∈ [n]

∣∣∣ Ti = ∅} = [n]− I. (A.20)

Let

Θ =
1

∥pmm∥ , (A.21a)

δ = min

{
1

2
min
i∈[n]

min
τ∈T̄i

(
(kiαi

− kiτ )
⊤pmm − 1

)
,
1

4

}
, (A.21b)

A = max

{
max

i∈[n],t∈[T ]

∥kit∥
Θ

, 1

}
, (A.21c)

µ(δ) =
δ2

32A2
. (A.21d)

When T̄i = ∅ for all i ∈ [n] (i.e. globally-optimal indices), we set δ =∞ as all non-neighbor
related terms will disappear. Recall scores γit = yi · v⊤xit. We define the global scalar

Γ = sup
i∈[n],t,τ∈[T ]

|γit − γiτ | . (A.22a)

We define the score gaps over i ∈ I and support indices:

γgap
i = γiαi

−max
t∈Ti

γit, γ̄gap
i = γiαi

−min
t∈Ti

γit,

γgap
min = min

i∈I
γgap
i , and γ̄gap

max = max
i∈I

γ̄gap
i . (A.22b)
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Recall si = S(Kip). We set

Si =
∑
t∈Ti

sit, and Qi =
∑
τ∈T̄i

siτ .

Lemma A.5 For any µ ≤ µ(δ) with µ(δ) defined in (A.21d), q ∈ coneµ(pmm) with ∥q∥ =
∥pmm∥, and for all i ∈ [n], t ∈ Ti, and τ ∈ T̄i, we have

(kit − kiτ )
⊤q ≥ 3

2
δ > 0, (A.23a)

(kiαi
− kiτ )

⊤q ≥ 1 +
3

2
δ, (A.23b)

1 +
1

2
δ ≥ (kiαi

− kit)
⊤q ≥ 1− 1

2
δ, (A.23c)

Proof. To show (A.23), we note that for any q ∈ coneµ(pmm) such that ∥q∥ = ∥pmm∥,

∥q − pmm∥ =
√
2∥pmm∥2 − 2 ⟨q,pmm⟩

= ∥pmm∥
√

2− 2

〈
q

∥pmm∥ ,
pmm

∥pmm∥

〉
≤ 1

Θ

√
2− 2(1− µ)

≤ δ

4AΘ
. (A.24)

Here, the first inequality follows from (2.8), and the last equality uses (A.21d).
We will proceed to show a bound on (kit1−kit2)

⊤(q−pmm) for any i ∈ [n] and any token
indices t1, t2 ∈ [T ]. For any token index t ∈ [T ], we have∣∣k⊤

it(q − pmm)
∣∣ ≤ ∥q − pmm∥∥kit∥

≤ δ

4AΘ
· ∥kit∥

≤ δ

4AΘ
·ΘA

=
δ

4
.

(A.25)

Here, the second inequality follows from (A.24); and the third inequality is obtained from
(A.21c).

Hence, it follows from (A.25) that

for all t1, t2 ∈ [T ] and any i ∈ [n],
∣∣∣(kit1 − kit2)

⊤ (q − pmm)
∣∣∣ ≤ δ

2
. (A.26)
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Note that pmm is the solution of (p-SVM). Hence, from the definition of δ in (A.21b), we
have

δ ≤ 1

2
min
i∈[n]

min
τ∈T̄i

(
(kiαi

− kiτ )
⊤pmm − 1

)
≤ 1

2
min
i∈[n]

min
t∈Ti τ∈T̄i

(kit − kiτ )
⊤ pmm.

This, together with (A.26), implies that for all t ∈ Ti and τ ∈ T̄i,

(kit − kiτ )
⊤ q ≥ (kit − kiτ )

⊤ pmm + (kit − kiτ )
⊤ (q − pmm)

≥ 2δ − 1

2
δ =

3

2
δ,

(kiαi
− kiτ )

⊤q ≥ (kiαi
− kiτ )

⊤pmm + (kiαi
− kiτ )

⊤(q − pmm)

≥ 1 + 2δ − 1

2
δ = 1 +

3

2
δ,∣∣(kiαi

− kit)
⊤q − 1

∣∣ = ∣∣(kiαi
− kit)

⊤pmm + (kiαi
− kit)

⊤(q − pmm)− 1
∣∣

=
∣∣(kiαi

− kit)
⊤(q − pmm)

∣∣ ≤ 1

2
δ.

This completes the proof.

In the following lemma, we demonstrate the existence of parameters µ > 0 and R̄µ > 0

such that when Rµ is sufficiently large, there are no stationary points within Cµ,R̄µ
(pmm)

defined in (2.8).

Lemma A.6 Suppose Assumption 2.1 on the loss function ℓ holds. Let α = (αi)
n
i=1 be locally

optimal tokens (Definition 2.2). Let pmm = pmm(α) denote the SVM solution via (p-SVM).
There exists µ ∈ (0, µ(δ)] such that for sufficiently large R̄µ: For all q ∈ coneµ(pmm) with
∥q∥ = ∥pmm∥ and p ∈ Cµ,R̄µ

(pmm), there exist dataset-dependent positive constants C, Ĉ,
and c such that

C · 1
n

∑
i∈I

(1− siαi
) ≥ −

〈
∇L(p), q

〉
≥ c · 1

n

∑
i∈I

(1− siαi
) > 0, (A.27a)

∥∇L(p)∥ ≤ AĈ · 1
n

∑
i∈I

(1− siαi
) , (A.27b)

−
〈

q

∥q∥ ,
∇L(p)
∥∇L(p)∥

〉
≥ c

Ĉ
· Θ
A
> 0. (A.27c)

Here, siαi
= (S(Kip))αi

; I ⊆ [n] is defined in (A.20); Θ and A are defined in (A.21).

Proof. Let R := ∥p∥,

ℓ′i = ℓ′(yi · v⊤X⊤
i S(Kip)), ai = Kiq, ãi = Kip, si = S(ãi). (A.28)
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Before the main proof of the lemma, we provide bounds for |ait|, Qi, Si, and Qi/Si. Note
that using (A.21c), for all q ∈ Rd×d with ∥q∥ = ∥pmm∥, we have

max
i∈[n], t∈[T ]

{|ait|} ≤ max
i∈[n], t∈[T ]

{∥q∥ ∥kit∥} ≤ A. (A.29)

Here, the last inequality uses (A.23c).
Assume, without loss of generality, αi = 1 for all i ∈ [n]. Let Θ, δ, and µ(δ) be defined in

(A.21a), (A.21b), and (A.21d), respectively. Choose µ ∈ (0, µ(δ)] so that it will satisfy the
requirement of Lemma A.5. Note that Ti can be empty for some i ∈ [n]. In this case, we
set Si = 0. Similarly, T̄i can also be empty for some i ∈ [n], in which case we set Qi = 0.
Note that for all p ∈ coneµ(pmm), ∥pmm∥p/∥p∥ satisfies the requirement of Lemma A.5.
Hence, we can provide bounds for Qi and Si in the following. If Qi is positive, for any
p ∈ coneµ(pmm) and with T̄i as the set of all non-support indices, we have

Qi =

∑
t∈T̄i e

k⊤
itp∑T

t=1 e
k⊤
itp
≤
∑

t∈T̄i e
k⊤
itp

ek
⊤
i1p

≤ Te−RΘ(1+ 3
2
δ). (A.30a)

Here, the last inequality uses our definition R = ∥p∥ for all p ∈ coneµ(pmm), Θ = 1/∥pmm∥,
and (A.23b).

Similarly, in the case Si is positive, for any p ∈ coneµ(pmm) and Ti as the set of all support
indices, we have

Si =

∑
t∈Ti e

k⊤
itp∑T

t=1 e
k⊤
itp
≥
∑

t∈Ti e
k⊤
itp

Tek
⊤
i1p

≥ 1

T
e−RΘ(1+ 1

2
δ), (A.30b)

Si =

∑
t∈Ti e

k⊤
itp∑T

t=1 e
k⊤
itp
≤
∑

t∈Ti e
k⊤
itp

ek
⊤
i1p

≤ Te−RΘ(1− 1
2
δ). (A.30c)

Here, the last inequalities in (A.30b) and (A.30c) follow from (A.23c).
Further, for positive Si and any p ∈ coneµ(pmm), from (A.23a), we have

Qi

Si
=

∑
t∈T̄i e

k⊤
itp∑

t∈Ti e
k⊤
itp
≤ Te−

3
2
RΘδ. (A.30d)

Proof of (A.27a):
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To proceed, we write the gradient correlation following (A.7) and (A.10) as

−⟨∇L(p), q⟩ = 1

n

n∑
i=1

(−ℓ′i) · a⊤
i S′(ãi)γi,

=
1

n

∑
i∈I

(−ℓ′i) · a⊤
i S′(ãi)γi +

1

n

∑
i∈Ī

(−ℓ′i) · a⊤
i S′(ãi)γi. (A.31)

Directly applying Lemma A.1, for any i ∈ [n], we obtain∣∣∣∣∣a⊤
i diag(si)γi − a⊤

i sis
⊤
i γi −

T∑
t≥2

(ai1 − ait)sit(γi1 − γit)
∣∣∣∣∣ ≤ 2ΓA(1− si1)

2, (A.32a)

where Γ is defined in (A.22a).
To proceed, let us decouple the non-support indices within

∑T
t≥2(ai1 − ait)sit(γi1 − γit).

Recall T̄i is the set of all non-support indices per Definition 2.2. From (A.29), we have∣∣∣∣∣∣
∑
t∈T̄i

(ai1 − ait)sit(γi1 − γit)

∣∣∣∣∣∣ ≤ 2QiΓA. (A.32b)

It follows from (A.32a) and (A.32b) for Ti as the set of all support indices,∣∣∣∣∣a⊤
i diag(si)γi − a⊤

i sis
⊤
i γi −

∑
t∈Ti

(ai1 − ait)sit(γi1 − γit)
∣∣∣∣∣ ≤ 2ΓA

(
(1− si1)

2 +Qi

)
. (A.33)

Recall ai1−ait = (ki1−kit)
⊤q for all q ∈ coneµ(pmm) with ∥q∥ = ∥pmm∥. Hence, it follows

from (A.23c) that(
1 +

δ

2

)∑
t∈Ti

sit(γi1 − γit) ≥
∑
t∈Ti

(ai1 − ait) sit (γi1 − γit) ≥
(
1− δ

2

)∑
t∈Ti

sit(γi1 − γit).

(A.34)

Next we consider bounding (A.34) for samples from I and Ī, separably.
Case 1: i ∈ I (Samples with support tokens). From (A.22b), we get(

1 +
δ

2

)
γ̄gap
i

∑
t∈Ti

sit ≥
∑
t∈Ti

(ai1 − ait)sit(γi1 − γit) ≥
(
1− δ

2

)
γgap
i

∑
t∈Ti

sit. (A.35)

Here, the inequalities follow from (A.22b) and (A.23c).
Note that Si =

∑
t∈Ti sit. The above inequality together with (A.23) implies that
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a⊤
i diag(si)γi − a⊤

i sis
⊤
i γi ≤

(
1 +

δ

2

)
Siγ̄

gap
i + 2ΓA

(
(1− si1)

2 +Qi

)
, (A.36a)

a⊤
i diag(si)γi − a⊤

i sis
⊤
i γi ≥

(
1− δ

2

)
Siγ

gap
i − 2ΓA

(
(1− si1)

2 +Qi

)
. (A.36b)

We claim that for each sample i ∈ I, Si dominates ((1− si1)
2+Qi) for large R. Specifically,

we aim for (
1− δ

2

)
Si · γgap

i ≥ 8ΓAmax
(
(1− si1)

2, Qi

)
, (A.37a)

which holds if and only if

Si ≥ 8

(
1− δ

2

)
ΓA

γgap
i

max
(
(1− si1)

2, Qi

)
. (A.37b)

It follows from (A.30),

R ≥ R1 :=
2 log(T )

3δΘ
, implies that Qi ≤ Si for all i ∈ I. (A.38)

Consequently,

(1− si1)
2 = (Qi + Si)

2 ≤ 4S2
i ≤ 4SiTe

−RΘ(1− 1
2
δ). (A.39)

Combining these, our goal is achieved by ensuring

Si ≥ 8

(
1− δ

2

)
ΓA

γgap
i

max
(
4SiTe

−RΘ(1− 1
2
δ), SiTe

−RΘ 3
2
δ
)
, (A.40)

or equivalently,

1 ≥ 32

(
1− δ

2

)
ΓA

γgap
i

Te−RΘ 3
2
δ.

This in turn is ensured for all inputs i ∈ I by choosing

R ≥ max(R1, R2), where R2 :=
2

3δΘ
log

(
16 (2− δ)TΓA

γgap
min

)
. (A.41)

Here, R1 is defined in (A.38), and γgap
min = mini∈I γ

gap
i is defined in (A.22b) as the global

scalar which is the worst case score gap over all inputs.

186



With the choice of R in (A.41), we guaranteed

2

(
1 +

δ

2

)
Siγ̄

gap
i ≥ a⊤

i diag(si)γi − a⊤
i sis

⊤
i γi ≥

1

2

(
1− δ

2

)
Siγ

gap
i . (A.42)

Here, the first inequality follows since Qi ≤ Si by the choice of R in (A.41) and the last
inequality is due to (A.37).

Let −ℓ′min and −ℓ′max be the min and max values negative loss derivative admits over
the ball [−A,A], respectively. Note that maxi∈I γ̄

gap
i > 0 and mini∈I γ

gap
i > 0 are dataset

dependent constants. Then, using (A.22b), (A.42), and the choice of R in (A.41), the first
term in (A.31) can be bounded as

(−ℓ′max) ·
(2 + δ)γ̄gap

max

n

∑
i∈I

Si ≥ −
1

n

∑
i∈I

ℓ′i · a⊤
i S′(ãi)γi ≥ (−ℓ′min) ·

(2− δ)γgap
min

4n

∑
i∈I

Si. (A.43)

Case 2: i ∈ Ī (Samples without support tokens). We next bound the second term in
(A.31) by showing that it is dominated by the first term in (A.31) for large R. Note that if
i ∈ Ī, then Si = 0 and it follows from (A.36) that for all i ∈ Ī,
∣∣a⊤

i diag(si)γi − a⊤
i sis

⊤
i γi
∣∣ ≤ 2ΓA

(
(1− si1)

2 +Qi

)
= 2ΓA

(
Q2
i +Qi

)
≤ 4ΓAQi, (A.44)

where the last inequality uses (1− si1)
2 = (Qi + Si)

2 = Q2
i ≤ Qi.

Recall −ℓ′max be the max values negative loss derivative admits over the ball [−A,A]. It
follows from (A.31) that

(−ℓ′max) ·
4ΓA

n

∑
i∈Ī

Qi ≥ −
1

n

∑
i∈Ī

ℓ′i · a⊤
i S′(ãi)γi ≥ ℓ′max ·

4ΓA

n

∑
i∈Ī

Qi. (A.45)

Using (A.43) and (A.45), we will show that

(−ℓ′min) ·
(2− δ)γgap

min

4n

∑
i∈I

Si + ℓ′max ·
4ΓA

n

∑
i∈Ī

Qi ≥ 0. (A.46)

The above inequality together with (A.30a) and (A.30b) implies that

−(2− δ)γgap
minℓ

′
min

8
|I| · 1

T
e−RΘ(1+ 1

2
δ) ≥ −4ΓAℓ′max|Ī| · Te−RΘ(1+ 3

2
δ).
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This gives the following choice of R

R ≥ R3 :=
1

δΘ
log

(
32|Ī|T 2ΓAℓ′max

(2− δ)|I|γgap
minℓ

′
min

)
. (A.47)

Taking both Case 1 and Case 2, and combining (A.41) and (A.47), by choosing

R ≥ max (R1, R2, R3) , (A.48)

we obtain

−2(2 + δ)γgap
maxℓ

′
max

n

∑
i∈I

Si ≥ −
1

n

∑
i∈I

ℓ′i · a⊤
i S′(ãi)γi −

1

n

∑
i∈Ī

ℓ′i · a⊤
i S′(ãi)γi

≥ −(2− δ)γgap
minℓ

′
min

8n

∑
i∈I

Si.

The above inequality together with (A.31) implies that

−2(2 + δ)γgap
maxℓ

′
max ·

1

n

∑
i∈I

(1− si1) ≥ ⟨−∇L(p), q⟩ ≥ −
(2− δ)γgap

minℓ
′
min

16
· 1
n

∑
i∈I

(1− si1).

(A.49)

Here, the first inequality follows since (1− si1) ≥ Si and the last inequality is obtained from
the fact that (1− si1)/2 = (Qi + Si)/2 ≤ Si due to (A.30d) and the choice of R in (A.41).

Note that since
∑

i∈I(1 − si1) > 0, the right-hand side of (A.49) is positive. Hence,
by setting R = R̄µ, there is no stationary point within Cµ,R̄µ

(p). Finally, we declare the
constants C = −2(2+ δ)γgap

maxℓ
′
max > 0 and c = −(1/16)(2− δ)γgap

minℓ
′
min > 0 to obtain (A.27a).

Proof of (A.27b) and (A.27c):

Let âi = Kiq̂ for all q̂ ∈ Rd with ∥q̂∥ = ∥pmm∥. Note that similar to (A.29), we
have

max
i∈[n],t∈[T ]

{|âit|} ≤ max
i∈[n],t∈[T ]

{∥q̂∥ ∥kit∥} ≤ A. (A.50)

Recall si = S(Kip), where p ∈ coneµ(pmm). Following similar argument as in (A.32)–(A.33),
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we obtain∣∣∣∣∣â⊤
i diag(si)γi − â⊤

i sis
⊤
i γi −

∑
t∈Ti

(âi1 − âit)sit(γi1 − γit)
∣∣∣∣∣ ≤ 2ΓA

(
(1− si1)

2 +Qi

)
. (A.51)

Note that âi1 − âit = q̂⊤(xi1 − xit) for all q̂ ∈ Rd×d with ∥q̂∥ = ∥pmm∥. Hence,

2A
∑
t∈Ti

sit(γi1 − γit) ≥
∑
t∈Ti

(âi1 − âit) sit (γi1 − γit) . (A.52)

Next, we consider bounding (A.36) for samples from I and Ī, separably.
Case A: i ∈ I (Samples with support tokens). From (A.22b), we get

2Aγ̄gap
i

∑
t∈Ti

sit ≥
∑
t∈Ti

(âi1 − âit)sit(γi1 − γit). (A.53)

Using (A.51) and (A.53), we get

2Aγ̄gap
i Si + 2AΓ

(
(1− si1)

2 +Qi

)
≥ â⊤

i diag(si)γi − â⊤
i sis

⊤
i γi, for all i ∈ I. (A.54)

Since si = S(Kip) and p ∈ coneµ(pmm), from Lemma A.30 and (A.38), R ≥ R1 gives
Qi ≤ Si for all i ∈ I. Consequently, (1− si1)

2 = (Qi + Si)
2 ≤ 4S2

i ≤ 4Si. This, together
with (A.22b), implies that

(2Aγ̄gap
max + 10AΓ)Si ≥ â⊤

i diag(si)γi − â⊤
i sis

⊤
i γi, for all i ∈ I, (A.55)

Recall −ℓ′max > 0 be the max values negative loss derivative admits over the ball [−A,A]. It
follows from (A.55) that

(2Aγ̄gap
max + 10AΓ) · (−ℓ′max) ·

1

n

∑
i∈I

Si ≥ −
1

n

∑
i∈I

ℓ′i · â⊤
i S′(ãi)γi. (A.56a)

Case B: i ∈ Ī (Samples without support tokens). Since i ∈ Ī, we have Si = 0. Hence, from
(A.51), we obtain

2AΓQi ≥ â⊤
i diag(si)γi − â⊤

i sis
⊤
i γi, for all i ∈ Ī,
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which implies that

2AΓ · (−ℓ′max) ·
1

n

∑
i∈Ī

Qi ≥ −
1

n

∑
i∈Ī

ℓ′i · â⊤
i S′(ãi)γi. (A.56b)

In the following, we show that for a sufficiently large choice of R, we have∑
i∈Ī

Qi ≤
∑
i∈I

Si. (A.57)

To do so, using Lemma A.30, the above inequality is guaranteed if, for δ defined in (A.21b),
we have

|I| · 1
T
e−RΘ(1+ 1

2
δ) ≥ |Ī| · Te−RΘ(1+ 3

2
δ).

This gives the following choice of R

R ≥ R4 :=
1

δΘ
log

( |Ī|T 2

|I|

)
. (A.58)

Taking both Case A and Case B, and combining (A.41) and (A.47), by choosing

R ≥ max (R1, R4) , (A.59)

we obtain

(2Aγ̄gap
max + 10AΓ + 2AΓ) · (−ℓ′max) ·

1

n

∑
i∈I

Si ≥ −
1

n

n∑
i=1

ℓ′i · â⊤
i S′(ãi)γi

= −⟨∇L(p), q⟩ . (A.60)

Recall Θ = 1/∥pmm∥. We declare the constant

Ĉ := 2Θ (γ̄gap
max + 5Γ + Γ · (−ℓ′max)) . (A.61)

Thus,

AĈ

nΘ

∑
i∈I

(1− siαi
) ≥ −⟨∇L(p), q̂⟩ . (A.62)

To proceed, since (A.62) holds for any q̂ ∈ Rd×d, we replace it with − ∥pmm∥
∥∇L(p)∥ · ∇L(p), to
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obtain 〈
∇L(p), ∥p

mm∥
∥∇L(p)∥ · ∇L(p)

〉
= ∥∇L(p)∥ ∥pmm∥ ≤ AĈ

Θn

∑
i∈I

(1− siαi
). (A.63a)

Simplifying Θ = 1/∥pmm∥ on both sides gives (A.27b).
On the other hand, it follows from (A.27a) for all q ∈ coneµ(pmm) with ∥q∥ = ∥pmm∥

and p ∈ Cµ,R̄µ
(pmm) that

−
〈
∇L(p), q

〉
≥ c

n

∑
i∈I

(1− siαi
) > 0. (A.63b)

Combining (A.63a) with (A.63b), we obtain (A.27c) for all q,p ∈ coneµ(pmm).
Finally, using (A.22) and (A.21), we have A ≥ 1 and Γ/γgap

min ≥ 1. Using (A.48), (A.47),
and (A.59), R̄µ in the statement of the lemma is defined as

R̄µ :=
1

δΘ
log

(
32AT 2 · Γ

γgap
min

· ℓ
′
max

ℓ′min

· |Ī||I|

)
. (A.64)

Here, we assume that |Ī|/|I| is greater than or equal to 1 to simplify the expression. Oth-
erwise, one can replace it with 1.

Lemma A.7 (Local Gradient Condition) Suppose Assumption 2.1 on the loss function
ℓ holds, and let α = (αi)

n
i=1 be locally optimal tokens according to Definition 2.2. Let

pmm denote the SVM solution obtained via (p-SVM). Let µ > 0 and R̄µ be defined as in
Lemma A.6. For any π > 0, there exists Rπ such that Rπ ≥ R̄µ and all p ∈ Cµ,Rπ(p

mm)

obeys 〈
∇L(p), p

∥p∥

〉
≥ (1 + π)

〈
∇L(p), pmm

∥pmm∥

〉
.

Proof. Let R := ∥p∥,

p̄ = ∥pmm∥p/∥p∥, ãi = Kip, āi = Kip̄, ai = Kip
mm,

γi = yi ·Xiv, ℓ′i = ℓ′(γ⊤i S(ãi)), and si = S(ã).
(A.65)

To establish the result, using (A.31), we will prove that, for any π > 0, there is sufficiently
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large Rπ such that for any p ∈ Cµ,Rπ(p
mm):

⟨−∇L(p), p̄⟩ = − 1

n

n∑
i=1

ℓ′i · ⟨āi,S′(Kip)γi⟩

≤ −1 + π

n

n∑
i=1

ℓ′i · ⟨ai,S′(Kip)γi⟩ = (1 + π) ⟨−∇L(p),pmm⟩ . (A.66)

or equivalently,

n∑
i=1

−ℓ′i ·
(
(1 + π)

(
a⊤
i diag(si)γi − a⊤

i sis
⊤
i γi
)
−
(
ā⊤
i diag(si)γi − āisis

⊤
i γi
))
≥ 0. (A.67)

To proceed, recall T̄i is the set of all non-support indices per Definition 2.2, and Ti is the set
of support indices. It follows from (A.33) that∣∣∣∣∣a⊤

i diag(si)γi − a⊤
i sis

⊤
i γi −

∑
t∈Ti

(ai1 − ait)sit(γi1 − γit)
∣∣∣∣∣ ≤ 2ΓA

(
(1− si1)

2 +Qi

)
. (A.68)

Note that p/∥p∥ = p/∥p∥. Hence, p ∈ coneµ(pmm) and ∥p∥ = ∥pmm∥ which together with
(A.33) implies that∣∣∣∣∣ā⊤

i diag(si)γi − ā⊤
i sis

⊤
i γi −

∑
t∈Ti

(āi1 − āit)sit(γi1 − γit)
∣∣∣∣∣ ≤ 2ΓA

(
(1− si1)

2 +Qi

)
. (A.69)

Let us assume (without losing generality) αi = 1 for all i ∈ [n]. Assuming 0 < π < 1

(w.l.o.g.) and using (A.68)–(A.69), (A.67) is implied by the following stronger inequality

n∑
i=1

−ℓ′i ·
(
(1 + π)

∑
t∈Ti

(ai1 − ait)sit(γi1 − γit)−
∑
t∈Ti

(āi1 − āit)sit(γi1 − γit)− 6ΓA
(
(1− si1)

2 +Qi

))
≥ 0.

Note that since ai1 − ait = 1, using the above inequality, (A.67) is implied by the following
inequality

n∑
i=1

(−ℓ′i) ·
(
(1 + π)

∑
t∈Ti

sit(γi1 − γit)−
∑
t∈Ti

(āi1 − āit)sit(γi1 − γit)− 6ΓA
(
(1− si1)

2 +Qi

))
≥ 0. (A.70)

Recall from Lemma A.6 where we define I ⊆ [n] be the index set that contains samples
with support non-(locally) optimal tokens per Definition 2.2 and let Ī = [n]− I. For i ∈ I,
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Ti = ∅. Therefore, (A.70) implies

∑
i∈I

(−ℓ′i) ·
(
(1 + π)

∑
t∈Ti

sit(γi1 − γit)−
∑
t∈Ti

(āi1 − āit)sit(γi1 − γit)
)
−

n∑
i=1

(−ℓ′i) · 6ΓA
(
(1− si1)

2 +Qi

)
≥ 0.

In the following, we claim that

0.5π
∑
i∈I

∑
t∈Ti

(−ℓ′i) · sit(γi1 − γit) ≥
n∑
i=1

(−ℓ′i) · 6ΓA((1− si1)
2 +Qi)

=
∑
i∈I

(−ℓ′i) · 6ΓA((1− si1)
2 +Qi) +

∑
i∈Ī

(−ℓ′i) · 6ΓA(Q2
i +Qi).

We will prove the claim by showing

0.25π
∑
i∈I

∑
t∈Ti

(−ℓ′i) · sit(γi1 − γit) ≥
∑
i∈I

(−ℓ′i) · 6ΓA((1− si1)
2 +Qi), and (A.71a)

0.25π
∑
i∈I

∑
t∈Ti

(−ℓ′i) · sit(γi1 − γit) ≥
∑
i∈Ī

(−ℓ′i) · 6ΓA
(
Q2
i +Qi

)
. (A.71b)

Proof of (A.71a) directly follows the earlier argument, namely, following (A.37), (A.40), and
(A.41) which leads to the choice

R ≥ max(R1, R̂2), where R̂2 :=
2

3δΘ
log

(
48 (2− δ)TΓA

πγgap
min

)
, (A.72a)

where R1 is defined in (A.38).
Additionally, (A.71b) follows (A.37), (A.44), (A.46), and (A.47), which leads to the choice

R ≥ R̂3 :=
1

δΘ
log

(
96|Ī|T 2ΓAℓ′max

(2− δ)|I|πγgap
minℓ

′
min

)
. (A.72b)

To conclude with the result, what remains is proving the comparison

∑
i∈I

−ℓ′i ·
(∑
t∈Ti

(1 + 0.5π)sit(γi1 − γit)− (āi1 − āit)sit(γi1 − γit)
)
≥ 0. (A.73)

To proceed, we split the problem into two scenarios.
Scenario 1: ∥p̄− pmm∥ ≤ ϵ = π

4AΘ
for some ϵ > 0. In this scenario, for the first token (as

an optimal token) and any t ∈ Ti and i ∈ [n], we have

|āit − ait| = |k⊤
it(p̄− pmm)| ≤ AΘϵ =

π

4
.
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Note that ai1 − ait = 1 where ai = Kip
mm. Consequently, we obtain

āi1 − āit = ai1 − ait

+ āi1 − ai1 − āit + ait

≤ ai1 − ait + 2AΘϵ = 1 + 0.5π.

Similarly, āi1 − āit ≥ 1 − 0.5π ≥ 0.5. Since all terms āi1 − āit, sit, γi1 − γit in (A.73) are
nonnegative and (āi1 − āit)sit(γi1 − γit) ≤ (1 + 0.5π)sit(γi1 − γit), above implies the desired
result in (A.73).

Scenario 2: ∥p̄− pmm∥ ≥ ϵ = π
4AΘ

. Since p is not (locally) max-margin, in this scenario,
for some i ∈ [n], ν = ν(ϵ) > 0, and τ ∈ Ti, we have that

āi1 − āiτ ≤ 1− 2ν.

Here τ = argmaxτ∈Ti p
⊤kiτ denotes the nearest point to āi1 (along the p direction). Note

that a non-neighbor t ∈ T̄i cannot be nearest because p ∈ coneµ(pmm) and (A.23) holds.
Recall that si = S(R̄āi) where R̄ = ∥p∥Θ. To proceed, let āi := mint∈Ti āi1 − āit,

I1 := {i ∈ I : āi ≤ 1− 2ν} , I − I1 := {i ∈ I : 1− 2ν < āi} .

For all I − I1,∑
t∈Ti

(āi1 − āit)sit(γi1 − γit)− (1 + 0.5π)
∑
t∈Ti

sit(γi1 − γit)

≤
∑

t∈Ti, āi1−āit≥1+π
2

(āi1 − āit)sit(γi1 − γit)

≤ 2AΓ
∑

t∈Ti, āi1−āit≥1+π
2

sit

≤ 2AΓTe−R̄(1+π
2
).

(A.74)

Here, the first inequality follows since sit > 0 and γi1 − γit are non-negative; second
inequality is due to the definition of global scalar Γ = supi∈[n],t,τ∈[T ] |γit − γiτ |, (A.21c), and
since p ∈ coneµ(pmm) with ∥p∥ = ∥pmm∥ and maxt∈[T ] |āt| = maxt∈[T ] |(Kp)t| ≤ A.

For all i ∈ I1, split the tokens into two groups: Let Ni be the group of tokens obeying
āi1 − āit ≤ 1− ν and Ti −Ni be the rest of the neighbors. Observe that∑

t∈Ti−Ni
sit∑

t∈Ti sit
≤ T

eνR̄

e2νR̄
= Te−R̄ν .
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Using |āi1 − āit| ≤ 2A and γgap
min = mini∈[n] γ

gap
i = mini∈[n](γi1 −maxt∈Ti γit), observe that

∑
t∈Ti−Ni

(āi1 − āit)sit(γi1 − γit) ≤
2ΓATe−R̄ν

γgap
min

∑
t∈Ti

sit(γi1 − γit).

Thus,∑
t∈Ti

(āi1 − āit)sit(γi1 − γit) =
∑
t∈Ni

(āi1 − āit)sit(γi1 − γit) +
∑

t∈Ti−Ni

(āi1 − āit)sit(γi1 − γit)

≤
∑
t∈Ni

(1− ν)sit(γi1 − γit) +
2ΓATe−R̄ν

γgap
min

∑
t∈Ti

sit(γi1 − γit)

≤
(
1− ν + 2ΓATe−R̄ν

γgap
min

)∑
t∈Ti

sit(γi1 − γit)

≤
(
1 +

2ΓATe−R̄ν

γgap
min

)∑
t∈Ti

sit(γi1 − γit).

Hence, choosing

R ≥ R̂4 :=
1

νΘ
log

(
8ΓAT

γgap
minπ

)
(A.75)

results in that ∑
t∈Ti

(āi1 − āit)sit(γi1 − γit)−
(
1 +

π

2

)∑
t∈Ti

sit(γi1 − γit)

≤
(
2ΓATe−R̄ν

γgap
min

− π

2

)∑
t∈Ti

sit(γi1 − γit)

≤ −π
4

∑
t∈Ti

sit(γi1 − γit)

≤ − π

4T
γgap
mine

−R̄(1−2ν).

(A.76)

Here, the last inequality follows from the fact that for all i ∈ I1,

∑
t∈Ti

sit ≥ max
t∈Ti

sit ≥
e−R̄(1−2ν)∑T

t=1 e
−R̄(āi1−āit)

≥ e−R̄(1−2ν)

T
,

where si = S(R̄āi) and R̄ = ∥p∥Θ.
From Assumption 2.1, let −ℓ′min and −ℓ′max be the min and max values negative loss
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derivative admits over the ball [−A,A], respectively. It follows from (A.74) and (A.76) that

−
∑
i∈I

ℓ′i·
(∑
t∈Ti

(āi1 − āit)sit(γi1 − γit)−
∑
t∈Ti

(1 + 0.5π)sit(γi1 − γit)
)

≤ (−ℓ′max)|I|2AΓTΓe−R̄(1+π
2
) − (−ℓ′min)

T
· πγ

gap
min

4
e−R̄(1−2ν)

≤ 0.

Here, the last inequality is obtained by using

R ≥ R̂5 :=
1

(2ν + π/2)Θ
log

(
8|I|ΓAT 2ℓ′max

ℓ′minγ
gap
minπ

)
, (A.77)

Combing with (A.75), (A.73) is guaranteed by choosing

R ≥ max
{
R̂4, R̂5

}
,

where ν = ν( π
4AΘ

) depends only on π and global problem variables.
Combining this with the prior R choices in (A.72), (A.75), and (A.77), i.e.,

max{R1, R̂2, . . . , R̂5}, gives

Rπ :=
1

min(δ, ν, π)Θ
log

(
C0AT

2

π
· Γ

γgap
min

· ℓ
′
max

ℓ′min

· |Ī||I|

)
with C0 ≥ 96. (A.78)

Here, similar to (A.64), we assume that |Ī|/|I| is greater than or equal to 1 to simplify the
expression. Otherwise, one can replace |Ī|/|I| with 1 in (A.78).

A.2.3 Proof of Theorem 2.1

Proof. This proof is a direct corollary of Lemma A.14 which itself is a special case of
the nonlinear head Theorem 2.7. Let us verify that f(X) = v⊤X⊤S(Xp) satisfies the
assumptions of Lemma A.14 where we replace the nonlinear head with linear v. To see this,
set the optimal sets to be the singletons Ri = {opti}. Given (Xi, yi), let si = S(Kip) and
qi = qpi =

∑
t̸=opti

sit. Recalling score definition γi = yi ·Xiv and setting νi := γiopti and
Zi :=

∑
t̸=opti

γitsit, a particular prediction can be written as

yi · v⊤X⊤
i S(Xip) = γ⊤i si = γiopti(1− qi) +

∑
t̸=opti

γitsit

= νi(1− qi) + Zi.
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To proceed, we demonstrate the choices for C, ϵ > 0. Let C := −mini∈[n],t∈[T ] γit ∧ 0 and
qmax = maxi∈[n] qi. Note that Zi ≥

∑
t̸=opti

γitsit ≥ qiγmin ≥ −Cqmax. Now, using strict score
optimality of opti’s for all i ∈ [n], we set

ϵ := 1− sup
i∈[n]

∑
t̸=opti

γitsit

νiqi
≥ 1− sup

i∈[n]

supt̸=opti γit

γiopti
> 0.

We conclude by observing Zi ≤ νiqi

∑
t ̸=opti

γitsit

νiqi
≤ νiqiϵ as desired.

A.2.4 Proof of Theorem 2.2

Proof. We first show that limt→∞ ∥p (t)∥ =∞. From Lemma A.2, we have

⟨∇L(p),pmm⋆⟩ = 1

n

n∑
i=1

ℓ′(yi · v⊤X⊤
i S(Kip)) · ⟨Kip

mm⋆,S′(ai)γi⟩ ,

where γi = yi ·Xiv and ai = Kip.
It follows from Lemma A.2 that ⟨∇L(p),pmm⋆⟩ < 0 for all p ∈ Rd. Hence, for any finite

p, ⟨∇L(p),pmm⋆⟩ cannot be equal to zero, as a sum of negative terms. Therefore, there are
no finite critical points p, for which ∇L(p) = 0. On the other hand, Lemma A.4 states
∇L(p(t))→ 0 which implies that ∥p (t)∥ → ∞.

Next, we provide the directional convergence for the setting n = 1. Let us consider an
arbitrary value of ϵ ∈ (0, 1) and set π = ϵ/(1 − ϵ). As limt→∞ ∥p(t)∥ = ∞, we can select a
specific tϵ such that for all t ≥ tϵ, it holds that ∥p(t)∥ ≥ Rϵ ∨ 1/2 for any choice of Rϵ. To
proceed, we choose Rϵ based on Lemma A.3 so that for any t ≥ tϵ, we have that〈

−∇L(p(t)), pmm⋆

∥pmm⋆∥

〉
≥ (1− ϵ)

〈
−∇L(p(t)), p(t)

∥p(t)∥

〉
.
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Multiplying both sides by the stepsize η and using the gradient descent update, we get〈
p(t+ 1)− p(t),

pmm⋆

∥pmm⋆∥

〉
≥ (1− ϵ)

〈
p(t+ 1)− p(t),

p(t)

∥p(t)∥

〉
=

(1− ϵ)
2∥p(t)∥

(
∥p(t+ 1)∥2 − ∥p(t)∥2 − ∥p(t+ 1)− p(t)∥2

)
≥ (1− ϵ)

(
1

2∥p(t)∥
(
∥p(t+ 1)∥2 − ∥p(t)∥2

)
− ∥p(t+ 1)− p(t)∥2

)
≥ (1− ϵ)

(
∥p(t+ 1)∥ − ∥p(t)∥ − ∥p(t+ 1)− p(t)∥2

)
≥ (1− ϵ)

(
∥p(t+ 1)∥ − ∥p(t)∥ − 2η (L(p(t))− L(p(t+ 1)))

)
.

(A.79)

Here, the second inequality is obtained from ∥p(t)∥ ≥ 1/2; the third inequality follows since
for any a, b > 0, we have (a2−b2)/(2b)−(a−b) ≥ 0; and the last inequality uses Lemma A.4.

Summing the above inequality over t ≥ tϵ gives〈
p(t)

∥p(t)∥ ,
pmm⋆

∥pmm⋆∥

〉
≥ 1− ϵ+ C(ϵ, η)

∥p(t)∥ ,

for some finite constant C(ϵ, η) defined as

C(ϵ, η) :=

〈
p(tϵ),

pmm⋆

∥pmm⋆∥

〉
− (1− ϵ)∥p(tϵ)∥ − 2η(1− ϵ) (L(p(tϵ))− L∗) , (A.80)

where L∗ denotes the minimum objective.
Since ∥p (t)∥ → ∞, we get

lim inf
t→∞

〈
p(t)

∥p(t)∥ ,
pmm⋆

∥pmm⋆∥

〉
≥ 1− ϵ.

Given that we can choose any value of ϵ ∈ (0, 1), we have p(t)/∥p(t)∥ → pmm⋆/∥pmm⋆∥.

A.2.5 Proof of Theorem 2.3

Proof. Following the proof of Lemma A.6, let (Ti)ni=1 denote the sets of SVM-neighbors as
defined in Definition 2.2. We define T̄i = [T ] − Ti − {αi} as the tokens that are non-SVM
neighbors. Additionally, let µ be defined as in (A.21). Let us denote the initialization lower
bound as R0

µ := R, where R is given in the Theorem 2.3’s statement. Consider an arbitrary
value of ϵ ∈ (0, µ/2) and let 1/(1 + π) = 1− ϵ. π ≤ We additionally denote Rϵ ← Rπ ∨ 1/2
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where Rπ was defined in (A.78). At initialization p(0), we set ϵ = µ/2 to obtain R0
µ = Rµ/2

and provide the proof in four steps:

Step 1: There are no stationary points within Cµ,R0
µ
(pmm). We begin by proving

that there are no stationary points within Cµ,R0
µ
(pmm). Then, since R0

µ ≥ R̄µ per Lemma
A.6, we can apply (A.27a) to find that: For all q,p ∈ coneµ(pmm) with q ̸= 0 and ∥p∥ ≥ R0

µ,
we have that −q⊤∇L(p) is strictly positive.

Step 2: It follows from Lemma A.7 that, for all ϵ ∈ (0, µ/2), all p ∈ Cµ,Rϵ(p
mm) satisfy〈

−∇L(p), pmm

∥pmm∥

〉
≥ (1− ϵ)

〈
−∇L(p), p

∥p∥

〉
. (A.81)

The argument above applies to a general ϵ ∈ (0, µ/2). However, at initialization p(0), we set
ϵ = µ/2 to obtain our earlier R0

µ choice. To proceed, for any ϵ ∈ (0, µ/2), we will show that
after gradient descent enters the conic set Cµ,Rϵ(p

mm) for the first time, it will never leave
the set. Let tϵ be the first time gradient descent enters Cµ,Rϵ(p

mm). In Step 4, we will prove
that such tϵ is guaranteed to exist. Additionally, for ϵ← µ/2, note that tϵ = 0 i.e. the point
of initialization.

Step 3: Updates remain inside the cone Cµ,Rϵ(p
mm). By leveraging the results from

Step 1 and Step 2, we demonstrate that the gradient iterates, with an appropriate constant
step size, starting from p(tϵ) ∈ Cµ,Rϵ(p

mm), remain within this cone.
We proceed by induction. Suppose that the claim holds up to iteration t ≥ tϵ. This

implies that p(t) ∈ Cµ,Rϵ(p
mm). Hence, recalling cone definition, for µ > 0 and Rϵ, we have〈

p(t)
∥p(t)∥ ,

pmm

∥pmm∥

〉
≥ 1− µ and ∥p(t)∥ ≥ Rϵ. Let

ρ(t) := − 1

1− ϵ

〈
∇L(p(t)), pmm

∥pmm∥

〉
.

Note that ρ(t) > 0 due to Step 1. This together with the gradient descent update rule gives

〈
p(t+ 1)

∥p(t)∥ ,
pmm

∥pmm∥

〉
=

〈
p(t)

∥p(t)∥ −
η

∥p(t)∥∇L(p(t)),
pmm

∥pmm∥

〉
≥ 1− µ− η

∥p(t)∥

〈
∇L(p(t)), pmm

∥pmm∥

〉
= 1− µ+

ηρ(t)(1− ϵ)
∥p(t)∥ .

(A.82a)
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Note that from Lemma A.6, we have ⟨∇L(p(t)),p(t)⟩ < 0 which implies that ∥p(t+ 1)∥ ≥
∥p(t)∥. This together with Rϵ definition and ∥p(t)∥ ≥ 1/2 implies that

∥p(t+ 1)∥ ≤ 1

2∥p(t)∥
(
∥p(t+ 1)∥2 + ∥p(t)∥2

)
=

1

2∥p(t)∥
(
2∥p(t)∥2 − 2η ⟨∇L(p(t)),p(t)⟩+ η2∥∇L(p(t))∥2

)
≤ ∥p(t)∥ − η

∥p(t)∥ ⟨∇L(p(t)),p(t)⟩+ η2∥∇L(p(t))∥2.

(A.82b)

Hence, using (A.81)

∥p(t+ 1)∥
∥p(t)∥ ≤ 1− η

∥p(t)∥

〈
∇L(p(t)), p(t)

∥p(t)∥

〉
+ η2
∥∇L(p(t))∥2
∥p(t)∥

≤ 1− η

(1− ϵ)∥p(t)∥

〈
∇L(p(t)), pmm

∥pmm∥

〉
+ η2
∥∇L(p(t))∥2
∥p(t)∥

= 1 +
ηρ(t)

∥p(t)∥ +
η2∥∇L(p(t))∥2
∥p(t)∥ =: C1(ρ(t), η).

(A.82c)

Here, the second inequality follows from (A.81).
Now, it follows from (A.82a) and (A.82c) that〈

p(t+ 1)

∥p(t+ 1)∥ ,
pmm

∥pmm∥

〉
≥ 1

C1(ρ(t), η)

(
1− µ+

ηρ(t)(1− ϵ)
∥p(t)∥

)
= 1− µ+

1

C1(ρ(t), η)

(
(1− µ)(1− C1(ρ(t), η)) +

ηρ(t)(1− ϵ)
∥p(t)∥

)
= 1− µ+

η

C1(ρ(t), η)

(
(µ− 1)(

ρ(t)

∥p(t)∥ +
η∥∇L(p(t))∥2
∥p(t)∥ ) +

ρ(t)(1− ϵ)
∥p(t)∥

)
= 1− µ+

η

C1(ρ(t), η)

(
ρ(t)(µ− ϵ)
∥p(t)∥ − η(1− µ)∥∇L(p(t))∥

2

∥p(t)∥

)
≥ 1− µ,

(A.83)

where the last inequality uses our choice of stepsize η ≤ 1/Lp in Theorem 2.3’s statement.
Specifically, we need η to be small to ensure the last inequality. We will guarantee this
by choosing a proper Rϵ in Lemma A.7. Specifically, Lemma A.7 leaves the choice of C0

in Rϵ lower bound of (A.78) open (it can always be chosen larger). Here, by choosing C0

sufficiently large, we ensure η ≤ 1/Lp works well.
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To proceed, we have that

(µ− ϵ)
1− µ

ρ(t)

∥∇L(p(t))∥2 ≥
µ− ϵ
1− µ

1

1− ϵ
c

Ĉ

Θ

A

1

AĈT
eR

0
µΘ/2

≥ µ

2(1− µ)(1− µ
2
)

c

Ĉ

Θ

A

1

ACT
eR

0
µΘ/2 ≥ η.

(A.84)

Here, the second inequality uses our choice of ϵ ∈ (0, µ/2) (see Step 2), and the first
inequality is obtained from Lemma A.6 since

ρ(t)

∥∇L(p(t))∥ = − 1

1− ϵ

〈 ∇L(p(t))
∥∇L(p(t))∥ ,

pmm

∥pmm∥

〉
≥ 1

1− ϵ
c

Ĉ

Θ

A
,

1

∥∇L(p(t))∥ ≥
1

AĈ 1
n

∑
i∈I (1− siαi

)
≥ 1

AĈTe−R
0
µΘ/2

for some dataset-dependent positive constants C, Ĉ, and c in (A.27); and A, Θ defined in
(A.21).

Next, we will demonstrate that the choice of η in (A.84) does indeed meet our step size
condition as stated in the theorem, i.e., η ≤ 1/Lp. Recall that 1/(1 + π) = 1 − ϵ, which
implies that π = ϵ/(1− ϵ). Combining this with (A.72b), we obtain:

Rπ ≥
max(2, δ−1)

Θ
log

(
C0TΓA

πγgap
min

)
, where C0 ≥ 64π,

⇒ Rϵ ≥
max(2, δ−1)

Θ
log

(
(1− ϵ)C0TΓA

ϵγgap
min

)
, where C0 ≥ 64

ϵ

1− ϵ.

On the other hand, at the initialization, we have ϵ = µ/2 which implies that

R0
µ ≥

max(2, δ−1)

Θ
log

(
(2− µ)C0TΓA

µγgap
min

)
, where C0 ≥ 64

µ

(2− µ) . (A.85)

In the following, we will determine a lower bound on C0 such that our step size condition in
Theorem 2.3’s statement, i.e., η ≤ 1/Lp, is satisfied. Note that for the choice of η in (A.84)
to meet the condition η ≤ 1/Lp, the following condition must hold:

1

Lp
≤ µ

(2− µ)
1

C2T
eR

0
µΘ/2 ⇒ R0

µ ≥
2

Θ
log

(
1

Lp

(2− µ)
µ

C2T

)
, (A.86)

where C2 = (1− µ) Ā2C2

Θc
.
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This together with (A.85) implies that for sufficiently large

R0
µ ≥

max(2, δ−1)

Θ
log

(
(2− µ)C3T

µ

)
, where C3 =

C0ΓA

γgap
min

∨ C2

Lp
,

the step size bound in (A.84) ensures that η ≤ 1/Lp guarantees (A.83). Hence, p(t + 1)

remains within the cone, i.e., p(t+ 1) ∈ Cµ,Rϵ(p
mm).

Step 4: The correlation of p(t) and pmm increases over t. The remainder is similar
to the proof of Theorem 2.2. From Step 3, we have that all iterates remain within the
initial conic set i.e. p(t) ∈ Cµ,R0

µ
(pmm) for all t ≥ 0. Note that it follows from Lemma A.6

that ⟨∇L(p),pmm/∥pmm∥⟩ < 0, for any finite p ∈ Cµ,R0
µ
(pmm). Hence, there are no finite

critical points p ∈ Cµ,R0
µ
(pmm), for which ∇L(p) = 0. Now, based on Lemma A.4, which

guarantees that ∇L(p(t))→ 0, this implies that ∥p (t)∥ → ∞. Consequently, for any choice
of ϵ ∈ (0, µ/2) there is a time tϵ such that, for all t ≥ tϵ, p(t) ∈ Cµ,Rϵ(p

mm). Once within
Cµ,Rϵ(p

mm), following similar steps in (A.79) and (A.80), for any t ≥ tϵ,〈
p(t)

∥p(t)∥ ,
pmm

∥pmm∥

〉
≥ 1− ϵ+ C2(ϵ, η)

∥p(t)∥ , p(t) ∈ Cµ,Rϵ(p
mm),

for some finite constant C2(ϵ, η). Consequently,

lim inf
t→∞

〈
p(t)

∥p(t)∥ ,
pmm

∥pmm∥

〉
≥ 1− ϵ, where p(t) ∈ Cµ,Rϵ(p

mm).

Since the choice of ϵ ∈ (0, µ/2) is arbitrary, we obtain p(t)/∥p(t)∥ → pmm/∥pmm∥.

A.2.6 Proof of Theorem 2.4

A.2.6.1 Supporting Lemma

We present a lemma that will aid in simplifying our analysis. We begin with a definition.

Definition A.1 Let q ∈ Rd−{0} and (yi,Ki,Xi)
n
i=1 be our dataset. We define the (possibly

non-unique) selected-tokens of q as follows:2

αi ∈ argmax
t∈[T ]

k⊤
itq. (A.87)

Next, we define the margin and directional-neighbors for q as the minimum margin tokens
2If αi is unique for all i ∈ [n], let us call it, unique selected tokens.
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to the selected-tokens, i.e.,

Γq = min
i∈[n],t̸=αi

(kiαi
− kit)

⊤q, (A.88)

Mq =
{
(i, t)

∣∣ (kiαi
− kit)

⊤q = Γq

}
. (A.89)

Finally, we say that q is neighbor-optimal if the scores of its directional-neighbors are strictly
less than the corresponding selected-token. Concretely, for all (i, t) ∈Mq, we require that

γit = yi · x⊤
itv < γiαi

= yi · x⊤
iαi

v.

Lemma A.8 (When does one direction dominate another?) Suppose q,p ∈ Rd be
two unit Euclidean norm vectors with identical selected tokens. Specifically, for each i ∈ [n],
there exists unique αi ∈ [T ] such that αi = argmaxt∈[T ] k

⊤
itq = argmaxt∈[T ] k

⊤
itp. Suppose

directional margins obey Γq < Γp and set δΓ = Γp − Γq.

• Suppose q and p are both neighbor-optimal. Then, for some R(δΓ) and all R > R(δΓ),
we have that L(R · p) < L(R · q).

• Suppose q has a unique directional-neighbor and is not neighbor-optimal (i.e. this neigh-
bor has higher score). Let δq be the margin difference between unique directional-
neighbor and the second-most minimum-margin neighbor (i.e. the one after the unique
one, see (A.93)) of q. Then, for some R(δΓ ∧ δq) and all R > R(δΓ ∧ δq), we have that
L(R · q) < L(R · p).

Proof. We prove these two statements in order. First define the directional risk baseline
induced by letting R→∞ and purely selecting the tokens α = (αi)

n
i=1. This is given by

L⋆ :=
1

n

n∑
i=1

ℓ
(
yi · v⊤xiαi

)
.

We evaluate q,p with respect to L⋆. To proceed, let si = S(RKiq). Define Γitq = k⊤
iαi

q−k⊤
itq.

Note that, the smallest value for t ̸= αi is achieved for Γq. For sufficiently large R ≳

O(log(T )/Γq), observe that, for t ̸= αi

e−RΓit
q ≥ sit =

eRk⊤
itq∑

t∈[T ] e
Rk⊤

itq
≥ 0.5e−RΓit

q . (A.90)

Recalling the score definition and let M+,M− be the upper and lower bounds on −ℓ′ over
its bounded domain that scores fall on, respectively. Note that, for some intermediate
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M+ ≥Mi ≥M− values, we have

L(Rq)− L⋆ =
1

n

n∑
i=1

ℓ(
∑
t∈[T ]

sitγit)− ℓ(γiαi
)

=
1

n

n∑
i=1

Mi

∑
t̸=αi

sit(γiαi
− γit).

Now, using (A.90) for a refreshed M+ ≥Mit ≥ 0.5M− values, we can write

L(Rq)− L⋆ =
1

n

n∑
i=1

∑
t̸=αi

Mite
−RΓit

q (γiαi
− γit). (A.91)

The same bound also applies to p with some M ′
it, multipliers

L(Rp)− L⋆ =
1

n

n∑
i=1

∑
t̸=αi

M ′
ite

−RΓit
p (γiαi

− γit). (A.92)

We can now proceed with the proof.
Case 1: q and p are both neighbor-optimal. This means that γiαi

− γit > 0 for all
i ∈ [n], t ̸= αi. Let K+ > K− > 0 be upper and lower bounds on γiαi

− γit values. We can
now upper bound the right hand side of (A.91) via

M+K+Te
−RΓq ≥ L(Rq)− L⋆ ≥

1

2n
M−K−e

−RΓq .

Consequently, L(Rq) > L(Rp) as soon as 1
2n
M−K−e

−RΓq > M+K+Te
−RΓp . Since

M+, K+, n, T are global constants, this happens under the stated condition on the margin
gap Γp − Γq.

Case 2: q has a unique directional-neighbor and is not neighbor-optimal. In
this scenario, L(Rq)−L⋆ is actually negative for large R. To proceed, define the maximum
score difference K+ = supi,t ̸=αi

|γiαi
− γit|. Also let (j, β) be the unique directional neigh-

bor achieving the minimum margin Γq. Then, δq – the margin difference between unique
directional-neighbor and the second minimum-margin neighbor (i.e. the one after the unique
one) of q – is defined as

δq = min
i∈[n], t̸=αi, (i,t)̸=(j,β)

Γitq − Γq. (A.93)

To proceed, we can write
L(Rp)− L⋆ ≥ −M+K+Te

−RΓp .

204



On the other hand, setting κ = γjβ − γjαj
> 0, we can bound

L(Rq)− L⋆ = −
1

n
Mjβe

−RΓqκ+
1

n

∑
i∈[n], t̸=αi, (i,t)̸=(j,β)

Mite
−RΓit

q (γiαi
− γit)

≤ − 1

n
M−e

−RΓqκ+M+K+Te
−R(Γq+δq).

Consequently, we have found that L(Rp) > L(Rq) as soon as

1

n
M−e

−RΓqκ ≥M+K+T (e
−R(Γq+δq) + e−RΓp)

This happens when R ≳ 1
δq∧(Γp−Γq)

(up to logarithmic terms) establishing the desired state-
ment.

A.2.6.2 Proof of Theorem 2.4

Define the locally-optimal unit directions

Pmm =

{
pmm(α)

∥pmm(α)∥
∣∣ α is a locally-optimal set of indices

}
.

The theorem below shows that cone-restricted regularization paths can only directionally
converge to an element of this set.

Theorem A.1 (Non-LOMM Regularization Paths Fail) Fix a unit Euclidean norm
vector q ∈ Rd such that q ̸∈ Pmm. Assume that the token scores are distinct (i.e., γit ̸= γiτ

for t ̸= τ) and the key embeddings kit are in general position. Specifically, we require the
following conditions to hold 3:

• When m = d, all matrices K̄ ∈ Rm×d where each row of K̄ has the form kit−kiαi
for

a unique (i, αi, t ̸= αi) tuple, are full-rank.

• When m = d+1, the vector of all ones is not in the range space of any such K̄ matrix.

Fix arbitrary ϵ > 0, R0 > 0. Define the local regularization path of q as its (ϵ, R0)-conic
neighborhood:

p̄(R) = argmin
p∈Cϵ,R0

(q),∥p∥≤R
L(p), where Cϵ,R0(q) = coneϵ(q) ∩

{
p ∈ Rd

∣∣ ∥p∥ ≥ R0

}
. (A.94)

3This requirement holds for general data because it is guaranteed by adding arbitrarily small independent
gaussian perturbations to keys kit.
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Then, either limR→∞ ∥p̄(R)∥ < ∞ or lim
R→∞

p̄(R)/∥p̄(R)∥ ≠ q. In both scenarios
lim
R→∞

p̄(R)/R ̸= q.

Proof. We will prove the result by dividing the problem into distinct cases. In each case,
we will construct an alternative direction that achieves a strictly better objective than some
δ = δ(ϵ) > 0 neighborhood of q, thereby demonstrating the suboptimality of the q direction.
Let’s define the δ neighborhood as follows:

Nδ =
{
p
∣∣ ∥∥∥∥ p

∥p∥ − q

∥∥∥∥ ≤ δ and ∥p∥ ≥ R0

}
. (A.95)

Now, let’s recall a few more definitions based on Definition A.1. First, the tokens selected
by q are given by (A.87). To proceed, let’s initially consider the scenario where αi is unique
for all i ∈ [n], meaning that as we let c → ∞, c · q will choose a single token per input.
Later, we will revisit the setting when argmax is not a singleton, and q is allowed to select
multiple tokens.

Additionally, it’s important to note that ∥p̄(R)∥ is non-decreasing by definition. Sup-
pose it has a finite upper bound ∥p̄(R)∥ ≤ M for all R < ∞. In that scenario, we have
limR→∞

p̄(R)
R

= 0 ̸= q.
• (A) q selects a single token per input: Given that the indices α = (αi)

n
i=1 defined

in (A.87) are uniquely determined, we can conclude that the q direction eventually selects
tokens kiαi

. Recall the definition of the margin Γq from (A.88) and the set of directional
neighbors, which is defined as the indices that achieve Γq, as shown in (A.89). Let us refer
to q as neighbor-optimal if γit < γiαi

for all (i, t) ∈Mq.
We will consider two cases for this scenario: when q is neighbor-optimal and when q is

not neighbor-optimal.
⋄ (A1) q is neighbor-optimal. In this case, we will argue that max-margin direction

p̄mm := pmm(α)/∥pmm(α)∥ can be used to construct a strictly better objective than q.
Note that pmm(α) exists because q is already a viable separating direction for tokens α.
Specifically, consider the direction q′ = q+ϵp̄mm

∥q+ϵp̄mm∥ . Observe that, q′ lies within cone2ϵ(q),4

q⊤q′ ≥ 1− ϵ
1 + ϵ

≥ 1− 2ϵ.

We now argue that, there exists δ = δϵ > 0 such that for all R > Rϵ

min
Rϵ≤r≤R

L(r · q′) < min
p∈Nδ,Rϵ≤∥p∥≤R

L(p). (A.96)

4As a result, let us prove the result for ϵ← 2ϵ without losing generality.
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To prove this, we study the margin Γq′ induced by q′ and the maximum margin Γδ induced
within p ∈ Nδ. Concretely, we will show that Γq′ > Γδ and directly apply the first statement
of Lemma A.8 to conclude with (A.96).

Let Γ = 1/∥pmm(α)∥ be the margin induced by p̄mm. Note that Γ > Γq by the optimality
of pmm(α) and the fact that q ̸= pmm(α). Consequently, we can lower and upper bound the
margins via

Γq′ = min
i∈[n]

min
t̸=αi

(kiαi
− kit)

⊤q′ ≥ Γq + ϵΓ

1 + ϵ
≥ Γq +

ϵ

2
(Γ− Γq),

Γδ = max
p∈Nδ

min
i∈[n]

min
t̸=αi

(kiαi
− kit)

⊤p/∥p∥

≤ max
∥r∥≤1

min
i∈[n]

min
t̸=αi

(kiαi
− kit)

⊤(q + δr)

≤ Γq +Mδ,

where M = maxi,t,τ ∥kit − kiτ∥.
Consequently, setting δ = ϵ

4M
(Γ− Γq), we find that

Γq′ ≥ Γδ +
ϵ

4
(Γ− Γq).

Equipped with this inequality, we apply the first statement of Lemma A.8 which concludes
that5 for some Rϵ = R( ϵ

4
(Γ− Γq)) and all R > Rϵ, (A.96) holds. This in turn implies that,

within Cϵ, the optimal solution is

• either upper bounded by Rϵ in ℓ2 norm (i.e. limR→∞ ∥p̄(R)∥ <∞) or

• at least δ = δ(ϵ) > 0 away from q after ℓ2-normalization i.e. ∥ p̄(R)
∥p̄(R)∥ − q∥ ≥ δ.

In either scenario, we have proven that lim
R→∞

p̄(R)
R
̸= q.

⋄ (A2) q is not neighbor-optimal. In this scenario, we will prove that p̄(R) is finite
to obtain limR→∞ p̄(R)/R = 0 ̸= q. To start, assume that conic neighborhood ϵ of q is small
enough so that selected-tokens α remain unchanged within Cϵ. This is without generality
because if directional convergence fails in a small neighborhood of q, it will fail in the larger
neighborhood as well. Secondly, if limR→∞ ∥p̄(R)∥ → ∞ and p̄(R) ∈ Cϵ, since softmax will
eventually perfectly select α (i.e. assigning probability 1 on token indices (i, αi)), we would
have

lim
R→∞

L(p̄(R)) = L⋆ =
1

n

n∑
i=1

ℓ(γiαi
).

5Here, we apply this lemma to compare q′ against all p ∈ Nδ. We can do this uniform comparison because
the R requirement in Lemma A.8 only depends on the margin difference and global problem variables and
not the particular choice of p ∈ Nδ.
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Note that, this is simply by selection of α and regardless of p̄(R) directionally converges to
q. This means that, if there exists a finite p ∈ Cϵ such that L(p) < L⋆ (i.e. outperforming
the training loss of ∥p̄(R)∥ → ∞), then ∥p̄(R)∥ <∞. This would conclude the proof.

Thus, we will simply find such a p obeying L(p) < L⋆. To this aim, we first prove the
following lemma.

Lemma A.9 Given a fixed unit Euclidean norm vector p, if all directional neighbors of p
consistently have higher scores for their associated selected tokens, i.e., γiαi

< γiβ for all
(i, αi) and directional neighbor (i, β), then there exists R̄ such that for all R > R̄,

L(R · p) < L⋆ = lim
R→∞

L(R · p). (A.97)

Proof. Define the maximum score difference K+ = supi∈[n],t ̸=αi
|γiαi

− γit|. Also let Mp

be the set of directional neighbors achieving the minimum margin Γp; see (A.89). Define
Γit = k⊤

iαi
p− k⊤

itp. Define δp to be the margin difference between the directional-neighbors
and the second-most minimum-margin neighbors defined as

δp = min
i∈[n],t ̸=αi,(i,t)̸∈Mp

Γitp − Γp. (A.98)

To proceed, setting κ = min(j,β)∈Mp γjβ − γjαj
> 0 and using (A.91), we can bound

L(Rp)− L⋆ ≤ −
1

n

∑
(j,β)∈Mp

Mjβ e
−RΓpκ+

1

n

∑
i∈[n],t ̸=αi,(i,t)̸∈Mp

Mit e
−RΓit

p (γiαi
− γit)

≤ − 1

n
M−e

−RΓpκ+M+K+Te
−R(Γp+δp).

Consequently, we have found that L(Rp) < L⋆ as soon as

1

n
M−e

−RΓqκ ≥M+K+Te
−R(Γq+δq).

This happens when R ≳ 1/δq (up to logarithmic terms) establishing the desired statement.

Based on this lemma, what we need is constructing a perturbation to modify q’s direc-
tional neighbors and make sure all of them have strictly better scores than their associated
selected-tokens. Note that, once we construct a new candidate (say q0 = q + perturbation),
all sufficiently large scalings of q0 will achieve L(R · q0) < L⋆. Thus, we can find a strictly
better solution than L⋆ for any norm lower bound R0 – which is enforced within the definition
of Cϵ.
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Lemma A.10 There are at most d directional neighbors i.e. |Mq| ≤ d.

Proof. Directional neighbors are indices (i, t) obeying the inequality

(kiαi
− kit)

⊤q = Γq.

Declare D to be the matrix with rows obtained by these key differences kit−kiαi
. D ∈ RM×d

where M = |Mq|. We then obtain Dq = −Γq1M where 1M is the all ones vector. If M > d,
the equality Dq = −Γq1M cannot be satisfied because 1M is not in the range space of D
by our assumption of general key embedding positions.

To proceed, |Mq| ≤ d and let D be as defined in the lemma above. D is also full-rank by
our assumption of general key positions. We use D to construct a perturbation as follows.
Let M+

q ⊂ Mq be the set of directional neighbor with strictly higher scores than their
associated selected-tokens. In other words, all (j, β) ∈M+

q obeys

γjβ > γjαj
.

Define the score difference κ = min(j,β)∈M+
q
γjβ − γjαj

> 0. We know κ > 0 because α

is not neighbor-optimal. Finally, define the indicator vector of 1+ with same dimension as
cardinality |Mq|. 1+ is 1 for the rows of D corresponding toM+

q and is 0 otherwise. Finally,
set the perturbation as

q⊥ = D†1+.

where we used the full-rankness of D during pseudo-inversion. To proceed, for a small
ϵ0 > 0, consider the candidate direction q0 = q + ϵ0q

⊥. We pick ϵ0 = O(ϵ) sufficiently small
to ensure q0 ∈ Cϵ. To finalize, let us consider the margins of the tokens within q0. Similar to
Lemma A.9, set δq = mini∈[n],t̸=αi,(i,t) ̸∈Mq Γ

it
q − Γq > 0. Let ϵ̄0 = ∥q0∥ − 1 = ∥q + ϵ0q

⊥∥ − 1.
Using definition of q⊥, we have that

• For (i, t) ∈M+
q , we achieve a margin of

(kiαi
− kit)

⊤(q + ϵ0q
⊥)/(1 + ϵ̄0) =

Γq − ϵ0
1 + ϵ̄0

.

• For (i, t) ∈M+
q , we achieve a margin of Γq

1+ϵ̄0
.

• For (i, t) ̸∈ Mq, setting K = ∥q⊥∥ · supi,t,τ ∥kiαi
− kit∥, we achieve a margin of at most

(kiαi
− kit)

⊤(q + ϵ0q
⊥)/(1 + ϵ̄0) ≥

Γq + δq − ϵ0K
1 + ϵ̄0

.
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In short, since ϵ̄0 = O(ϵ0), setting ϵ0 sufficiently small guarantees that M+
q is the set of di-

rectional neighbors of q0. SinceM+
q has strictly higher scores than their associated selected-

tokens, applying Lemma A.9 on q0 shows that, L(R·q0) < L⋆ for sufficiently large R implying
∥p̄(R)∥ <∞.
• (B) q selects multiple tokens for some inputs i ∈ [n]: In this setting, we will

again construct a perturbation to create a scenario where q0 = q+ ϵq⊥ selects a single token
for each input i ∈ [n]. We will then employ margin analysis (first statement of Lemma A.8)
to conclude that q0 outperforms a δ ≪ ϵ neighborhood of q.

Let I ⊂ [n] be the set of inputs for which q selects multiple tokens. Specifically, for each
i ∈ I, there is Ti ⊂ [T ] such that |Ti| ≥ 2 and for any i ∈ I and θ ∈ Ti,

k⊤
iθq = argmax

t∈[T ]
k⊤
itq.

From these multiply-selected token indices let us select the highest score one, namely, βi =
argmaxθ∈Ti γiθ for i ∈ I. Now, define the unique optimal tokens for each input as α ∈ Rn

where αi := βi for i ∈ I and αi = argmaxt∈[T ] k
⊤
itq for i ̸∈ I. Define L⋆ = 1

n

∑n
i=1 ℓ(γiαi

) as
earlier.

Secondly, we construct a perturbation q⊥ to show that q0 = q+ ϵ0q
⊥ can select tokens α

asymptotically. To see this, define the matrix D where each (unique) row is given by kiαi
−kiθ

where θ ∈ Ti, θ ̸= αi, i ∈ I. Now note that, (kiαi
− kiθ)

⊤q = 0 for all θ ∈ Ti, θ ̸= αi, i ∈ I.
Since keys are in general positions, this implies that D has at most d − 1 rows and, thus,
its rows are linearly independent. Consequently, choose q⊥ = D†1 where † denotes pseudo-
inverse and 1 is the all ones vector. Also let Γq be the margin of directional margin of q
that is

Γq = min
i∈[n],t̸∈Ti

(kiαi
− kit)

⊤q.

With this choice and setting K = supi,t,τ ∥kiαi
− kit∥, we have that

• For θ ∈ Ti, θ ̸= αi: (kiαi
− kiθ)

⊤q0 = (kiαi
− kiθ)

⊤q⊥ = ϵ0.

• For all other (i, t) with t ̸= αi: (kiαi
− kit)

⊤q0 ≥ Γq −K∥q⊥∥ϵ0.

Choosing ϵ0 < Γq/(1 +K∥q⊥∥), together, these imply that,

• α = (αi)
n
i=1 is the selected-tokens of q0,

• q0 achieves a directional margin of

Γq0 =
ϵ0
∥q0∥

≥ ϵ0
1 + ϵ0∥q⊥∥ ,
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• q0 is neighbor-optimal because directional neighbors are θ ∈ Ti, θ ̸= αi and γiθ < γiαi
.

Note that, these conditions lay the groundwork for applying the first statement of Lemma
A.8 with p← q0. We next explore the optimal directions within Nδ and show that q0 strictly
outperform them in terms of training loss.

To proceed, given small δ ≪ ϵ0, let us study LR = minp∈Nδ,R≤∥p∥<∞ L(p). Here, recall
that p has a δ-small directional perturbation around q which can modify the token selections
by breaking the ties between the multiply-selected token indices by q. However, thanks to
the distinct token score assumption, for large R ≤ ∥p∥, the optimal p ∈ Nδ is guaranteed
to (uniquely) select indices αi ∈ Ti. Because all other p directions – which, asymptotically,
either select other tokens θ ∈ Ti, θ ̸= αi or split the probabilities equally across a subset of Ti
– achieve a larger loss. For instance, q will split the probabilities equally across Ti to achieve
an asymptotic loss of

Lq
⋆ := lim

R→∞
L(R · q) = 1

n

∑
i ̸∈I

ℓ(γiαi
) +

1

n

∑
i∈I

ℓ

(
1

|Ti|
∑
θ∈Ti

γiθ

)

Thus, Lq
⋆ > L⋆ because ℓ

(
1

|Ti|
∑

θ∈Ti γiθ

)
> ℓ (γiαi

) = ℓ(γiαi
) where αi has the highest score

i.e. γiαi
> 1

|Ti|
∑

θ∈Ti γiθ. Set p̃(R) = argminp∈Nδ,∥p∥≤R L(p). Consequently, there are two
scenarios are:

• limR→∞ ∥p̃(R)∥ is finite. This already proves the statement of the theorem as
p̃(R)/R→ 0 within δ < ϵ neighborhood of q.

• For sufficiently large R, the selected-tokens of p̃(R) are α = (αi)
n
i=1.

Proceeding with the second (remaining scenario), we study the directional margin of p̃(R).
More broadly, for any p ∈ Nδ and p̄ = p/∥p∥ with selected-tokens α, using the fact that
∥p̄− q∥ ≤ δ ≪ ϵ0, we can bound the directional margin as

• For θ ∈ Ti, θ ̸= αi: (kiαi
− kiθ)

⊤p̄ = (kiαi
− kiθ)

⊤(p̄− q) ≤ Kδ.

• For all other (i, t) with t ̸= αi: (kiαi
− kit)

⊤p̄ ≥ Γq −Kδ.

This means that, any such p̄ ∈ Nδ achieves a directional margin of at most

Γp̄ ≤ Kδ.

Applying Lemma A.8 and setting δ = O(ϵ0), this implies that for

R ≳
1

Γq0 − Γp̄

=
1

ϵ0
1+ϵ0∥q⊥∥ −Kδ

= O( 1
ϵ0
),
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we have that L(R ·q0) < min∥p∥=R,p∈Nδ
L(p). Since this holds for all R, (A.96) holds (similar

to Case (A1)) and we conclude that whenever ∥p̄(R)∥ → ∞, it doesn’t directionally converge
within Nδ (i.e. δ > 0 neighborhood of q) proving the advertised result.

A.2.7 Proof of Lemma 2.2

We prove a slightly general restatement where we require v ∈ range(W⊤) – instead of
full-rank W .

Lemma A.11 Suppose for all i ∈ [n] and t ̸= opti, yi = 1 and γit < γiopti. Also suppose
v ∈ range(W⊤). Then, pmm⋆ exists – i.e. (p-SVM) is feasible for optimal indices αi ← opti.

Proof. To establish the existence of pmm⋆, we only need to find a direction that demon-
strates the feasibility of (p-SVM), i.e. we need to find p that satisfies the margin constraints.
To begin, let’s define the minimum score difference:

γ = min
i∈[n],t̸=opti

γiopti − γit.

We then set p = γ−1(W⊤)†v where † denotes pseudo-inverse. By assumption W⊤p = γ−1v.
To conclude, observe that p is a feasible solution since kit = Wxit and for all i ∈ [n] and
t ̸= opti, we have that

(kiopti − kit)
⊤p = (xiopti − xit)

⊤W⊤p = γ−1(xiopti − xit)
⊤W⊤(W⊤)†v

= γ−1(xiopti − xit)
⊤v ≥ 1,

which together with the constraints in (p-SVM) completes the proof.

A.3 Proofs for Section 2.4

A.3.1 Proof of Theorem 2.5

Proof. Suppose the claim is incorrect and either pR/R or vr/r fails to converge as R, r
grows. Set Ξ = 1/∥pmm∥, Γ = 1/∥vmm∥, p̃mm = RΞpmm and ṽmm = rΓvmm. The proof
strategy is obtaining a contradiction by proving that (ṽmm, p̃mm) is a strictly better solution
compared to (vr,pR) for large R, r. Without losing generality, we will set αi = 1 for all
i ∈ [n] as the problem is invariant to tokens’ permutation. Define qpi = 1 − spi1 to be the
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amount of non-optimality (cumulative probability of non-first tokens) where spi = S(Kip) is
the softmax probabilities.
• Case 1: pR/R does not converge. Under this scenario there exists δ, γ = γ(δ) > 0

such that we can find arbitrarily large R with ∥pR/R− p̃mm/R∥ ≥ δ and margin induced
by pR/R is at most Ξ(1 − γ) (from strong convexity of (p-SVM)). Following qpi definition
above, set q̂max = supi∈[n] q

pR
i to be worst non-optimality in pR and q⋆max = supi∈[n] q

p̃mm

i to be
the same for p̃mm. Repeating the identical argument in Theorem 2.7 (specifically (A.111)),
we can bound the non-optimality amount qp̃

mm

i of p̃mm as

qp̃
mm

i =

∑
t̸=αi

exp(k⊤
it p̃

mm)∑
t∈[T ] exp(k

⊤
it p̃

mm)
≤
∑

t̸=αi
exp(k⊤

it p̃
mm)

exp(k⊤
iαi

p̃mm)
≤ T exp(−RΞ). (A.99)

Thus, q⋆max = maxi∈[n] q
p̃mm

i ≤ T exp(−RΞ). Next without losing generality, assume first
margin constraint is γ-violated by pR and mint̸=α1(k1α1 − k1t)

⊤pR ≤ ΞR(1 − γ). Denoting
the amount of non-optimality of the first input as qpR

1 , we find

qpR
1 =

∑
t̸=α1

exp(k⊤
1tpR)∑

t∈[T ] exp(k
⊤
1tpR)

≥ 1

T

∑
t̸=α1

exp(k⊤
1tpR)

exp(k⊤
1α1

pR)
≥ T−1 exp(−(1− γ)RΞ). (A.100)

We similarly have q⋆max ≥ T−1 exp(−RΞ) to find that

log(q̂max) ≥ −(1− γ)ΞR− log T,

−ΞR− log T ≤ log(q⋆max) ≤ −ΞR + log T. (A.101)

In words, p̃mm contains exponentially less non-optimality compared to pR as R grows. The
remainder of the proof differs from Theorem 2.7 as we need to upper/lower bound the logistic
loss of (ṽmm, p̃mm) and (vr,pR) respectively to conclude with the contradiction.

First, let us upper bound the logistic loss of (ṽmm, p̃mm). Set ri = X⊤
i S(Kip̃

mm). Observe
that if ∥ri − xi1∥ ≤ ϵi, we have that vmm satisfies the SVM constraints on ri with yi·r⊤

i v
mm ≥

1 − ϵi/Γ. Consequently, setting ϵmax = supi∈[n] ϵi, vmm achieves a label-margin of Γ − ϵmax

on the dataset (yi, ri)i∈[n]. With this, we upper bound the logistic loss of (ṽmm, p̃mm) as
follows. Let M = supi∈[n],t,τ∈[T ] ∥xit − xiτ∥. Let us recall the fact (A.101) that worst-case
perturbation is

ϵmax ≤M exp(−ΞR + log T ) =MT exp(−ΞR).
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This implies that

L(ṽmm, p̃mm) ≤ max
i∈[n]

log(1 + exp(−yir⊤
i ṽ

mm)).

≤ max
i∈[n]

exp(−yir⊤
i ṽ

mm)

≤ exp(−rΓ + rϵmax)

≤ erMT exp(−ΞR)e−rΓ. (A.102)

Conversely, we obtain a lower bound for (vr,pR). Set ri = X⊤
i S(KipR). Using Assumption

2.3, we find that solving (v-SVM) on (yi, ri)i∈[n] achieves at most Γ− νe−(1−γ)ΞR/T margin.
Consequently, we have

L(vr,pR) ≥
1

n
max
i∈[n]

log(1 + exp(−yir⊤
i vr))

≥ 1

2n
max
i∈[n]

exp(−yir⊤
i vr) ∧ log 2

≥ 1

2n
exp(−r(Γ− νe−(1−γ)ΞR/T )) ∧ log 2

≥ 1

2n
er(ν/T ) exp(−(1−γ)ΞR)e−rΓ ∧ log 2. (A.103)

Observe that this lower bound dominates the upper bound from (A.102) when R is large,
specifically when:

1

2n
exp (r(ν/T ) exp (−(1− γ)ΞR)) ≥ exp (rMT exp(−ΞR)) ,

− log(2n) + r(ν/T ) exp (−(1− γ)ΞR) ≥ rMT exp(−ΞR),
r exp (−(1− γ)ΞR)

( ν
T
−MT exp(−γΞR)

)
≥ log(2n).

As R gets larger,

r ≳
T log(2n)

ν
exp((1− γ)ΞR) = exp(O(R)).

Thus, we indeed obtain the desired contradiction since such large R is guaranteed to exist
when pR/R ̸→ pmm.
• Case 2: vr/r does not converge. This is the simpler scenario: There exists δ > 0 such
that we can find arbitrarily large r obeying ∥vr/r − vmm/∥vmm∥∥ ≥ δ. If ∥pR/R− Ξpmm∥ ̸→
0, then “Case 1” applies. Otherwise, we have ∥pR/R− Ξpmm∥ → 0, thus we can assume
∥pR/R− Ξpmm∥ ≤ ϵ for arbitrary choice of ϵ > 0.

On the other hand, due to the strong convexity of (v-SVM), for some γ := γ(δ) > 0,
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vr achieves a margin of at most (1 − γ)Γr on the dataset (yi,xi1)i∈[n]. Additionally, since
∥pR/R− Ξpmm∥ ≤ ϵ, pR strictly separates all optimal tokens (for small enough ϵ > 0) and
q̂max := f(ϵ) → 0 as R → ∞. Consequently, setting ri = X⊤

i S(KipR), for sufficiently large
R > 0 setting M = supi∈[n],t∈[T ] ∥xit∥, we have that

min
i∈[n]

yiv
⊤
r ri ≤ min

i∈[n]
yiv

⊤
r xi1 + sup

i∈[n]
|v⊤
r (ri − xi1)|

≤ (1− γ)Γr +Mf(ϵ)r

≤ (1− γ/2)Γr. (A.104)

This in turn implies that logistic loss is lower bounded by (following (A.103)),

L(vr,pR) ≥
1

2n
eγΓr/2e−Γr ∧ log 2.

Going back to (A.102), this exponentially dominates the upper bound of (p̃mm, ṽmm) when-
ever rMT exp(−ΞR) < rγΓ/2, (that is, whenever R, r are sufficiently large), again conclud-
ing the proof.

A.3.2 Proof of Theorem 2.6

We will prove this result in two steps. Our first claim restricts the optimization to the
particular quadrant induced by mint̸=αi

(kiαi
− kit)

⊤pR ≥ 0 under the theorem’s condition
S(KipR)αi

→ 1.

Lemma A.12 Suppose S(KipR)αi
→ 1. Then, there exists R0 such that for all R ≥ R0, we

have that,

min
t̸=αi

(kiαi
− kit)

⊤pR ≥ 0, for all i ∈ [n]. (A.105)

Proof. Suppose the claim does not hold. Set sRi = S(KipR). Fix R0 such that sRiαi
≥ 0.9 for

all R ≥ R0. On the other hand, there exists arbitrarily large R for which (kiαi
−kit)

⊤pR < 0

for some t ̸= αi ∈ [T ] and i ∈ [n]. At this (R, i, t) choices, we have that sRit ≥ sRiαi
. Since

sRit + sRiαi
≤ 1, we find sRiαi

< 0.5 which contradicts with sRiαi
≥ 0.9.

Let Q be the set of p satisfying the quadrant constraint (A.105) – i.e. indices (αi)
n
i=1 are

selected. Let hR be the solution of regularization path of (v,p) subject to the constraint
p ∈ Q. From Lemma A.12, we know that, for some R0 and all R ≥ R0, hR = pR. Thus, if
the limit exists, we have that limR→∞ hR/R = limR→∞ pR/R.
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To proceed, we will prove that limR→∞ hR/R exists and is equal to prelax/∥prelax∥ and
simultaneously establish vr/r → vmm/∥vmm∥.

Lemma A.13 limR→∞ hR/R = prelax/∥prelax∥ and limr→∞ vr/r = vmm/∥vmm∥.

Proof. The proof will be similar to that of Theorem 2.5. As usual, we aim to show that
SVM-solutions constitute the most competitive direction. Set Ξ = 1/∥prelax∥.
• Case 1: hR/R does not converge. Under this scenario there exists δ, γ = γ(δ) > 0 such
that we can find arbitrarily large R with ∥hR/R− Ξprelax∥ ≥ δ. This implies that margin
induced by hR/R is at most Ξ(1− γ) over the support vectors S (from strong convexity of
(2.11)). The reason is that, hR satisfies h⊤

R(kiαi
− kit) ≥ 0 for all t ̸= αi by construction as

hR ∈ Q. Thus, a constraint over the support vectors have to be violated (when normalized
to the same ℓ2 norm as ∥prelax∥ = 1/Ξ).

As usual, we will construct a solution strictly superior to hR and contradicts with its
optimality.

Construction of competitor: Rather than using prelax direction, we will choose a
slightly deviating direction that ensures the selection of the correct tokens over non-supports
S̄. Specifically, consider the solution of (2.11) where we tighten the non-support constraints
by arbitrarily small ϵ > 0.

pϵ-rlx = argmin
p
∥p∥ such that p⊤(kiαi

− kit) ≥

1 for all t ̸= αi, i ∈ S
ϵ for all t ̸= αi, i ∈ S̄

. (A.106)

Let pmm be the solution of (p-SVM) with α = (αi)
n
i=1 (which was assumed to be separable).

Observe that pmm
ϵ = ϵpmm+(1−ϵ)prelax satisfies the constraints of (A.106). Additionally, pmm

ϵ

would achieve a margin of 1
(1−ϵ)/Ξ+ϵ/∆ = ∆Ξ

∆+ϵ(Ξ−∆)
where ∆ = 1/∥pmm∥. Using optimality of

pϵ-rlx, this implies that the reduced margin Ξϵ = 1/∥pϵ-rlx∥ (by enforcing ϵ over non-support)
over the support vectors is a Lipschitz function of ϵ. That is Ξϵ ≥ Ξ− ϵM for some M ≥ 0.
To proceed, choose an ϵ > 0 such that, it is strictly superior to margin induced by hR, that
is,

Ξϵ ≥ Ξ
(
1− γ

2

)
.

To proceed, set p̃ϵ-rlx = RΞϵp
ϵ-rlx. Let us recall the following notation from the proof of

Theorem 2.5: spi = S(Kip) and qpi = 1 − siαi
. Set q̂max = maxi∈S q

hR
i to be worst non-

optimality of hR over support set. Similarly, define q⋆max = maxi∈S q
p̃ϵ-rlx

i to be the same
for p̃ϵ-rlx. Repeating the identical arguments to (A.99), (A.100), (A.101), and using the fact
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that pϵ-rlx achieves a margin Ξ(1− γ
2
) ≤ Ξϵ ≤ Ξ, we end up with the lines

log(q̂max) ≥ −(1− γ)ΞR− log T, (A.107a)

−ΞR− log T ≤ log(q⋆max) ≤ −Ξ(1− 0.5γ)R + log T. (A.107b)

In what follows, we will prove that p̃ϵ-rlx achieves a strictly smaller logistic loss contra-
dicting with the optimality of pR (whenever ∥hR/R− Ξprelax∥ ≥ δ).
Upper bounding logistic loss. Let us now upper bound the logistic loss of (ṽmm, p̃ϵ-rlx)

where ṽmm = rΓvmm with vmm being the solution of (v-SVM) with ri ← xiαi
and Γ =

1/∥vmm∥. Set ri = X⊤
i S(Kip̃

ϵ-rlx). Set υ = mini∈S̄ yi·x⊤
iαi

vmm−1 to be the additional margin
buffer that non-support vectors have access to. Also set M = supi∈[n],t,τ∈[T ] ∥xit − xiτ∥.
Observe that we can write

xiαi
− ri =

∑
t̸=αi

sit(xiαi
− xit) =⇒ ∥xiαi

− ri∥ ≤ qiM.

Non-supports achieve strong label-margin: Using above and (A.106) for all i ∈ S̄ and t ̸= αi,
we have that sit ≤ e−ϵΞϵRsiαi

≤ e−ϵΞ(1−γ/2)Rsiαi
. Consequently, whenever R ≥ R̄0 :=

(ϵΞ(1− γ/2))−1 log(TM
Γυ

),

qp̃
ϵ-rlx

i ≤
∑

t̸=αi
sit

siαi

≤ Te−ϵΞ(1−γ/2)R ≤ Γυ

M
.

This implies that, on i ∈ S̄

yi · r⊤
i v

mm ≥ 1 + υ + yi · (ri − xiαi
)⊤vmm ≥ 1 + υ − qiM∥vmm∥ ≥ 1. (A.108)

In words: Above a fixed R̄0 that only depends on γ = γ(δ), features ri induced by all
non-support indices i ∈ S̄ achieve margin at least 1. What remains is analyzing the margin
shrinkage over the support vectors as in Theorem 2.5.

Controlling support margin and combining bounds: Over S, suppose vmm satisfies the
SVM constraints on ri with yi · r⊤

i v
mm ≥ 1− ϵi/Γ. Consequently, setting ϵmax = supi∈[n] ϵi,

vmm achieves a label-margin of Γ − ϵmax on the dataset (yi, ri)i∈[n]. Next, we recall the
fact (A.107b) that worst-case perturbation is ϵmax ≤ M exp(−Ξ(1 − 0.5γ)R + log T ) =

MT exp(−Ξ(1 − 0.5γ)R). With this and (A.108), we upper bound the logistic loss of
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(ṽmm, p̃ϵ-rlx) as follows.

L(ṽmm, p̃mm) ≤ max
i∈[n]

log(1 + exp(−yir⊤
i ṽ

mm)).

≤ max
i∈[n]

exp(−yir⊤
i ṽ

mm)

≤ exp(−rΓ + rϵmax)

≤ erMT exp(−Ξ(1−0.5γ)R)e−rΓ. (A.109)

Conversely, we obtain a lower bound for (vr,hR). Set ri = X⊤
i S(KihR). Recall the lower

bound (A.107a) over the support vector set S. Combining this with our Assumption 2.3
over the support vectors of (v-SVM) implies that, solving (v-SVM) on (yi, ri)i∈[n] achieves
at most Γ− νe−(1−γ)ΞR/T margin. Consequently, we have

L(vr,hR) ≥
1

n
max
i∈[n]

log(1 + exp(−yir⊤
i vr))

≥ 1

2n
max
i∈[n]

exp(−yir⊤
i vr) ∧ log 2

≥ 1

2n
exp(−r(Γ− νe−(1−γ)ΞR/T )) ∧ log 2

≥ 1

2n
er(ν/T ) exp(−(1−γ)ΞR)e−rΓ ∧ log 2. (A.110)

Observe that, this lower bound dominates the previous upper bound when R is large, namely,
when (ignoring the multiplier 1/2n for brevity)

(ν/T )e−(1−γ)ΞR ≥MTe−Ξ(1−0.5γ)R ⇐⇒ R ≥ R0 :=
2

γΞ
log

(
MT 2

ν

)
.

Thus, we obtain the desired contradiction since p̃ϵ-rlx is a strictly better solution compared
to pR = hR (once R is sufficiently large).
• Case 2: vr/r does not converge. This is the simpler scenario: There exists δ > 0

such that we can find arbitrarily large r obeying ∥vr/r − vmm/∥vmm∥∥ ≥ δ. First, note
that, due to the strong convexity of (v-SVM), for some γ := γ(δ) > 0, vr achieves a margin
of at most (Γ − γ)r on the dataset (yi,xi1)i∈[n]. By theorem’s condition, we are provided
that S(KipR)αi

→ 1. This immediately implies that, for any choice of ϵ = γ/3 > 0, above
some sufficiently large (r0, R0), we have that ∥xpR

i − ri∥ ≤ ϵ. Following (A.109), this implies
that, choosing ṽmm = rvmm/∥vmm∥ achieves a logistic loss of at most erγ/3e−rΓ. Again using
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∥xpR
i − ri∥ ≤ ϵ, for sufficiently large (r, R) we have that

min
i∈[n]

yiv
⊤
r ri ≤ min

i∈[n]
yiv

⊤
r xi1 + sup

i∈[n]
|v⊤
r (ri − xi1)|

≤ (Γ− γ)r + ϵr

≤ (Γ− 2γ/3)r.

This in turn implies that logistic loss is lower bounded by (following (A.110)),

L(vr,pR) ≥
1

2n
e2γr/3e−rΓ ∧ log 2.

This dominates the above upper bound erγ/3e−rΓ of ṽmm whenever 1
2n
eγr/3 > 1 ⇐⇒ r >

3
γ
log(2n), (that is, when r is sufficiently large), again concluding the proof.

A.4 Regularization Path of Attention with Nonlinear

Head

A.4.1 Proof of Theorem 2.7

Proof. The key idea is showing that, thanks to the exponential tail of softmax-attention,
(harmful) contribution of the non-optimal token with the minimum margin can dominate
the contribution of all other tokens as R→∞. This high-level approach is similar to earlier
works on implicit bias of gradient descent with logistic loss [89, 177].

Pick pmm ∈ Gmm and set p⋆R = R pmm

∥pmm∥ . This will be the baseline model that pR has to
compete against. Also let p̄R = pR

ΞR
. Now suppose dist (p̄R,Gmm) ̸→ 0 as R → ∞. Then,

there exists δ > 0 such that, we can always find arbitrarily large R obeying dist (p̄R,Gmm) ≥
δ.

Since p̄R is δ > 0 bounded away from Gmm, and ∥p̄R∥ = ∥pmm∥, p̄R strictly violates at
least one of the inequality constraints in (p-SVM’). Otherwise, we would have p̄R ∈ Gmm.
Without losing generality, suppose p̄R violates the first margin constraint, that is, for some
γ := γ(δ) > 0, maxα∈R1 minβ∈R̄1

p̄⊤
R(k1α − k1β) ≤ 1 − γ. Now, we will argue that this will

lead to a contradiction as R → ∞ since we will show that L(p⋆R) < L(pR) for sufficiently
large R.

First, let us control L(p⋆R). We study s⋆i = S(Kip
⋆
R) and let αi ∈ Ri be the index α in

(p-SVM’) for which margini = maxα∈Ri
minβ∈R̄i

(kiα − kiβ)
⊤pmm ≥ 1 is attained. Then, we
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bound the non-optimality amount q⋆i of p⋆R as

q⋆i =

∑
t∈R̄i

exp(k⊤
itp

⋆
R)∑

t∈[T ] exp(k
⊤
itp

⋆
R)
≤
∑

t∈R̄i
exp(k⊤

itp
⋆
R)

exp(k⊤
iαi

p⋆R)
≤ T exp(−ΞR).

Thus, q⋆max = maxi∈[n] q
⋆
i ≤ T exp(−ΞR). Secondly, we wish to control L(pR) by lower

bounding the non-optimality in pR. Focusing on the first margin constraint, let α ∈ R1

be the index in (p-SVM’) for which margin1 ≤ 1 − γ is attained. Denoting the amount of
non-optimality of the first input as q̂1, we find6

q̂1 =

∑
t∈R̄1

exp(k⊤
1tpR)∑

t∈[T ] exp(k
⊤
1tpR)

≥ 1

T

∑
t∈R̄1

exp(k⊤
1tpR)

exp(k⊤
1αpR)

≥ T−1 exp(−ΞR(1− γ)).

We similarly have q⋆max ≥ T−1 exp(−ΞR). In conclusion, for pR,p
⋆
R, denoting maximum

non-optimality by q̂max ≥ q̂1 and q⋆max, we respectively obtained

log(q̂max) ≥ −(1− γ)(ΞR)− log T,

−(ΞR)− log T ≤ log(q⋆max) ≤ −(ΞR) + log T. (A.111)

The above inequalities satisfy Assumption 2.4 as follows where p ← p⋆R and p′ ← pR: Set
R0 = 3γ−1Ξ−1 log T so that log T = γΞR0

3
. Secondly, set ρ0 = −ΞR0 − log T . This way,

ρ0 ≥ log(q⋆max) implies R ≥ R0 and log T ≤ γΞR
3

. Using the latter inequality, we bound the
log T terms to obtain

• log(q̂max) ≥ −(1− 2γ/3)(ΞR), and

• log(q⋆max) ≤ −(1− γ/3)(ΞR).

To proceed, we pick 1 + ∆ = 1−γ/3
1−2γ/3

implying ∆ := γ
3−2γ

. Finally, for this ∆, there exists
ρ(∆) which we need to ensure log(q̂max) ≤ ρ(∆). This can be guaranteed by picking suffi-
ciently large R that ensures log(q⋆max) ≤ −(1 − γ/3)(ΞR) ≤ ρ(∆) to satisfy all conditions
of Assumption 2.4. Since such large R exists by initial assumption dist (p̄R,Gmm) ̸→ 0,
Assumption 2.4 in turn implies that L(p⋆R) < L(pR) contradicting with the optimality of pR
in (2.12).

6Here, we assumed margin is non-negative i.e. k⊤
1αpR ≥ supt∈R̄1

k⊤
1tpR. Otherwise, supt∈[T ] k

⊤
1tpR is

attained in R̄1 which implies q̂1 ≥ T−1. Thus, we can still use the identical inequality (A.111) with the
choice γ = 1.
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A.4.2 Application to Linearly-mixed Labels

The following example shows that if non-optimal tokens result in reduced score (in terms of
the alignment of prediction and label), Assumption 2.4 holds. The high-level idea behind
this lemma is that, if the optimal risk is achieved by setting qpmax = 0, then, Assumption 2.4
will hold.

Lemma A.14 (Linear label mixing) Recall qpi =
∑

t∈R̄t
spit from Assumption 2.4. Sup-

pose yi ∈ {−1, 1} and
yi · ψ(X⊤

i s
p
i ) = νi(1− qpi ) + Zi,

for some (νi)
n
i=1 > 0. Here Zi = Zi(p) is the contribution of non-optimal tokens to prediction.

For some C, ϵ > 0 and for all p ∈ Rd, assume

−Cqpmax ≤ Zi ≤ (1− ϵ)νiqpi . (A.112)

Then, Assumption 2.4 holds for L(p) = 1
n

∑n
i=1 ℓ(yi · ψ(X⊤

i s
p
i )) when ℓ(·) is a strictly de-

creasing loss function with continuous derivative.

Proof. Recall the assumption yi ·ψ(X⊤
i s

p
i ) = νi(1− qpi )+Zi with Zi obeying (A.112). Let

us also write the loss function

L(p) = 1

n

n∑
i=1

ℓ(νi(1− spi ) + Zi).

Define qpmax = supi≤[n] q
p
i . Let M be the maximum absolute value of score over tokens. Let

B = max
|x|≤M

−ℓ′(x) ≥ A = min
|x|≤M

−ℓ′(x) > 0.

Through Taylor’s Theorem (integral remainder), we have that

B(qpi νi − Zi) ≥ ℓ(νi(1− qpi ) + Zi)− ℓ(νi) ≥ A(qpi νi − Zi) ≥ ϵAνiq
p
i .

Set L⋆ = 1
n

∑n
i=1 ℓ(νi). Set C+ = B(C + maxi∈[n] νi) and C− = n−1Aϵmini∈[n] νi. This also

implies

C+q
p
max ≥

1

n

∑
i∈[n]

B(qpi νi − Zi) ≥ L(p)− L⋆ ≥
1

n

∑
i∈[n]

A(qpi νi − Zi)

≥ 1

n

∑
i∈[n]

ϵAνiq
p
i ≥ C−q

p
max.
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Thus, to prove L(p′) > L(p), we simply need to establish the stronger statement C−q
p′
max >

C+q
p
max.

Going back to the condition of Assumption 2.4, any log(qpmax) ≤ (1 + ∆) log(qp
′

max) obeys
qpmax ≤ (qp

′
max)

1+∆ i.e. qp′
max ≥ (qpmax)

(1+∆)−1 . Following above, we wish to ensure qp′
max > Θqpmax

for such (p,p′) pairs where Θ = C+/C− > 1. This is guaranteed by

(qpmax)
(1+∆)−1−1 > Θ ⇐⇒ ∆

1 +∆
log(qpmax) < − log(Θ).

The above is satisfied by choosing a ρ(∆) := −2(1 + ∆−1) log(Θ) in Assumption 2.4. Thus,
all p,p′ with log(qpmax) ≤ ρ = ρ(∆) satisfies the condition of Assumption 2.4 finishing the
proof.

A.5 Experimental Details

In this section, we provide additional implementation details for the experiments.
• We build one attention layer using PyTorch. During training, we use SGD optimizer with
learning rate 0.1 and train the model for 1000 iterations. To better visualize the convergence
path, we normalize the gradient of p (and v) at each iteration.
• Next, given the gradient solution p, we determine locally-optimal indices to be those with
the highest softmax scores. Using these optimal indices, we utilize python package cvxopt

to build and solve (p-SVM), and then get solution pmm. After obtaining pmm, we also verify
that these indices satisfy our local-optimal definition. The examples we use in the paper are
all trivial to verify (by construction).
• In Figures 2.4a and 2.4b, vmm (blue dashed) is solved using python package sklearn.svm

via (v-SVM) based on the given label information, and red dashed line represents prelax

direction instead, which is the solution of (2.11). Note that in both figures, vmm/∥vmm∥ =
[0, 1]. Therefore, in Figure 2.4a all optimal tokens are support vectors and prelax = pmm.
Whereas in Figure 2.4b, yellow ⋆ is not a support vector and only needs to satisfy positive
correlation with p. Gray dashed line displays the pmm direction.
Failure of gradient descent’s global convergence when n ≥ 2 (refer to Theo-
rem 2.2). Figure A.1 provides a counter-example demonstrating that the n = 1 restriction
is indeed necessary and tight to guarantee global convergence of the gradient descent iterates
p(t+1) = p(t)−η∇L(p(t)) on (ERM). For this example, we use logistic loss in (ERM). We
set n = T = d = 2, implying that there is only one non-optimal token, thus Assumption 2.2
is satisfied. The red and blue lines represent GMM and LMM solutions, respectively. We note
that the green star and teal square indicate the locally-optimal tokens. Specifically, referring
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Figure A.1: The convergence behavior
of the gradient descent on the attention
weights p using the logistic loss in (ERM)
with n = T = d = 2.
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Figure A.2: Cumulative prob. of the gap
γ := mini∈[n],t∈Ti γiαi

− γit in Figure 2.3b.

to the local optimality definition (Definition 2.2), for LMM solution (pmm) represented by the
blue line, the square teal token does not have any SVM-neighbors. The arrows indicate
the two trajectories originating from different initializations. This demonstrates that the
gradient descent iterates p(t+1) = p(t)−η∇L(p(t)) on (ERM) with two different initializa-
tions converge to two different SVM solutions (GMM and LMM). Results validate the necessity
of n = 1 in Theorem 2.2 to provide the gradient descent convergence to pmm⋆ from any
initialization.
• In Figure 2.3, we again applied normalized gradient descent with a learning rate equal
to 1. Each trial involved randomly generated data and training for 1000 iterations as
discussed in Theorem 2.4. The tokens selected by p were denoted as (αi)

n
i=1, where

αi = argmaxt∈[T ] S(Xip)t. The averaged softmax probabilities were calculated as s̄ :=
1
n

∑n
i=1 S(Xip)αi

(same as Figure 2.4c). The red bars in Figure 2.3b represent the values of
P(s̄ ≤ 1−10−5) for each choice of d. Figure A.2 displays the cumulative probability distribu-
tion of γ from Figure 2.3b, with the gray dashed line indicating γ = 0. From this figure, we
observe that the minimal score gap exhibit a sharp transition at zero (<1% of the instances
have γ < 0), demonstrating that, in most random problem instances with ∥p∥ → ∞ (s̄→ 1),
problem directionally converges to an LMM i.e. p(t)/∥p(t)∥ → pmm/∥pmm∥. We believe the
rare occurrence of a negative score gap is due to small score differences (so that optimal token
is not clearly distinguished) and finite number of gradient iterations we run. Interestingly,
even in the negative score gap scenarios, gradient descent is aligned with pmm(α) (even if
pmm(α) is not LMM) which can be predicted from our Section A.4 which handles the scenario
where there are multiple optimal tokens per input.
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APPENDIX B

Appendix for Chapter 3

B.1 Proof of Theorem 3.1: Separability Under Mild

Over-Parameterization

Proof. We denote Kronecker product of two matrices via ⊗. Additionally, given W ∈
Rd×d, let us denote its vectorization w = vec(W ) ∈ Rd2 . We first note that separation
is implied by the linear independence of the constraints. Specifically, we are interested in
guaranteeing

⟨w,fit⟩ ≥ 1 for all i ∈ [n], t ̸= αi, where fit := (xiαi
− xit)⊗ zi.

Note that, the inequality constraints above are feasible as soon as fit’s are linearly indepen-
dent. Thus, we will instead prove linear independence of the vectors (fit)i∈[n],t̸=αi

. Also note
that, since there are finitely many α choices, if we show almost sure separation for a fixed
but arbitrary α choice, through union bound, we recover the result for all α. Thus, we prove
the result for a fixed α choice.

We will prove this result inductively. Let Mn−1 ∈ R(n−1)(T−1)×d2 denote the matrix whose
rows are given by the features (fit)i∈[n−1],t̸=αi

. Suppose the result is correct for n− 1, thus,
Mn−1 is full row-rank almost surely (post random Gaussian perturbation). Now, fix Mn−1

and, conditioned on Mn−1 being full row-rank, let us show that Mn is also full row-rank
almost surely. To prove this, consider the n’th example (Xn, zn). Let (gt)

T
t=1,h ∈ Rd be

random vectors with i.i.d. N (0, σ2) entries. Consider the perturbed input X ′
n ∈ RT×d with

tokens x′
nt = xnt + gt and z′

n = zn + h. Note that for self-attention, we set zn = xn1

and h = g1. From these, create the matrix M̃n ∈ R(T−1)×d2 with rows (f ′
nt)t̸=αn where

f ′
nt = (x′

nαn
−x′

nt)⊗ z′
n. Observe that Mn =

[
M̃n

Mn−1

]
. To conclude with the result, we will

apply Lemma B.1. To apply this lemma, we have two claims.
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Claim 1: Let z̄n be the projection of z′
n on the orthogonal complement of (zi)n−1

i=1 . Consider
the matrix M̄n with rows f̄nt = (x′

nαn
− x′

nt) ⊗ z̄n for t ̸= αn. M̄n is rank T − 1 almost
surely whenever d ≥ max(T − 1, n).

To see this claim, first denote the orthogonal complement of the span of the vectors
(zi)

n−1
i=1 by Zn−1. The span of the vectors (zi)

n−1
i=1 is at most n − 1 dimensional and, since

d ≥ n, dim(Zn−1) ≥ 1. Consequently, z̄n ̸= 0 almost surely because the Gaussian variable
zn + h will have nonzero projection on Zn−1 almost surely. Secondly, let X̄ ∈ R(T−1)×d

be the matrix whose rows are equal to x′
nαn
− x′

nt for t ̸= αn. X̄ is full row-rank almost
surely, this is because conditioned on gαn , the matrix X̄ is written as X̄ = X̃ +G where
X̃ is deterministic and G is i.i.d. Gaussian. The latter perturbation ensures full row-rank
almost surely whenever T − 1 ≤ d. Finally, note that M̄n = X̄ ⊗ z̄n. Since the rank of the
Kronecker product is multiplicative, we conclude with the claim.
Claim 2: Let Sn−1 ⊂ Rd2 be the null space of Mn−1. There exists a subspace P ⊆ Sn−1

such that rows of M̄n are projections of the rows of Mn on P , that is, f̄nt = ΠP (f
′
nt) where

Π denotes set projection.
To show this claim, let us consider the matrix forms of the vectorized features i.e. let us

work with Rd×d rather than Rd2 . Denote the notation change as Fit = (xiαi
− xit)z

⊤
i ↔

fit = (xiαi
− xit) ⊗ zi. Recall that Zn−1 denotes the orthogonal complement of (zi)

n−1
i=1 .

Define Q to be the set of matrices in Rd×d whose column space lies in Zn−1 and P to be the
vectorization of Q. We first show that P is a subset of the null space of Sn−1. To see this,
fix any matrix A ∈ P and a row fit from Mn−1. Matricized fit can be written as Fit = az⊤

i

for zi ∈ Z⊥
n−1. Since A ∈ Q, this implies ⟨Fit,A⟩ = a⊤Azi = 0 as Azi = 0. This holds for

all Fit, thus, vectorized(A) ∈ null(Sn−1).
Next, we need to show that f̄nt is the projection of f ′

nt on P . To see this, we will show
that f̄nt ∈ P whereas f ′

nt − f̄nt ∈ P⊥ for all t. Write F ′
nt = matricized(f ′

nt) = az′⊤
n . We

have that F̄nt = matricized(f̄nt) = az̄⊤
n where z̄n = ΠZn−1(z

′
n). This implies F̄nt ∈ Q and

f̄nt ∈ P . Similarly, since z′
n − z̄n ∈ Z⊥

n−1 which implies F ′
nt − F̄nt ∈ Q⊥.

To conclude with the proof, observe that, through Claims 1 and 2, Mn =

[
M̃n

Mn−1

]
satisfies

the requirements of Lemma B.1 almost surely, namely, projection of M̃n onto a subset of
the null space of Mn−1 being full rank. Thus, Mn is full rank almost surely.

Lemma B.1 Let A ∈ Rn×p,B ∈ Rm×p. Suppose n+m ≤ p and A is full row-rank. Denote
the null space of A by S⊥

A. Let P be a subspace that is its subset i.e. P ⊆ S⊥
A. Let B′ be the

matrix obtained by projecting each of row of B on P and suppose B′ is full rank. Then, the
concatenation C = [A;B] is full row-rank.
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Proof. Let (ai)
n
i=1, (bi)mi=1, (b′i)mi=1 be the rows of A,B,B′, respectively. Suppose the set

of rows of A and B are linearly dependent. Then, for some (ci)
n
i=1, (c

′
i)
m
i=1 (which are not

all-zeros), we have that

n∑
i=1

ciai +
m∑
i=1

c′ibi = 0. (B.1)

We now rewrite this as follows to decouple P and P⊥:

n∑
i=1

ciai +
m∑
i=1

c′ib
′
i +

m∑
i=1

c′i(b
′
i − bi) = 0.

Projecting above inequality to P , we find that
∑m

i=1 c
′
ib

′
i = 0. Since (b′i)

m
i=1 are linearly

independent, we find c′i = 0 for all i ∈ [m]. This implies
∑n

i=1 ciai = 0. Since (ai)
n
i=1 are

linearly independent, this implies ci = 0 for all i ∈ [n]. Thus, (B.1) can only hold if all
coefficients are zero which is a contradiction.

B.2 Auxiliary Lemmas

B.2.1 Proof of Lemma 3.1

Let Wmm
⋄ denote either solution of (W-SVM) or (W-SVM⋆). We claim that Wmm

⋄ is at
most rank n. Suppose the claim is wrong and row space of Wmm

⋄ does not lie within
S = span({zi}ni=1). Let W = ΠS(W

mm
⋄ ) denote the matrix obtained by projecting the

rows of Wmm
⋄ on S. Observe that W satisfies all SVM constraints since Wzi = Wmm

⋄ zi

for all i ∈ [n]. For Frobenius norm, using Wmm
⋄ ̸= W , we obtain a contradiction

via ∥Wmm
⋄ ∥2F = ∥W ∥2F + ∥Wmm

⋄ −W ∥2F > ∥W ∥2F . For nuclear norm, we can write
W = UΣV ⊤ with Σ ∈ Rr×r where r is dimension of S and column_span(V ) = S.
To proceed, we split the problem into two scenarios.
Scenario 1: Let U⊥,V⊥ be orthogonal complements of U ,V – viewing matrices with
orthonormal columns as subspaces. Suppose U⊤

⊥W
mm
⋄ V⊥ ̸= 0. Then, singular value in-

equalities (which were also used in earlier works on nuclear norm analysis [167, 147, 148])
guarantee that ∥Wmm

⋄ ∥⋆ ≥ ∥U⊤Wmm
⋄ V ∥⋆ + ∥U⊤

⊥W
mm
⋄ V⊥∥⋆ > ∥W ∥⋆.

Scenario 2: Now suppose U⊤
⊥W

mm
⋄ V⊥ = 0. Since Wmm

⋄ V⊥ ̸= 0, this implies U⊤Wmm
⋄ V⊥ ̸=

0. Let W ′ = UU⊤Wmm
⋄ which is a rank-r matrix. Since W ′ is a subspace projection, we

have ∥W ′∥⋆ ≤ ∥Wmm
⋄ ∥⋆. Next, observe that ∥W ∥⋆ = trace(U⊤WV ) = trace(U⊤W ′V ).

On the other hand, trace(U⊤W ′V ) < ∥W ′∥⋆ because the equality in von Neumann’s
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trace inequality happens if and only if the two matrices we are inner-producting, namely
(W ′,UV ⊤), share a joint set of singular vectors [28]. However, this is not true as the
row space of Wmm

⋄ does not lie within S. Thus, we obtain ∥W ∥⋆ < ∥W ′∥⋆ ≤ ∥Wmm
⋄ ∥⋆

concluding the proof via contradiction. ■

B.2.2 Proof of Lemma 3.2

We first show that L(W ) > L⋆ = 1
n

∑n
i=1 ℓ(γiopti). The token at the output of the attention

layer is given by ai = X⊤
i si, where S(XiWzi) = si. Here, ai can be written as ai =∑

t∈[T ] sitxit, where sit ≥ 0 and
∑

t∈[T ] sit = 1. To proceed, using the linearity of h(x) = v⊤x,
we find that

L(W ) =
1

n

n∑
i=1

ℓ(yi · h(ai)) =
1

n

n∑
i=1

ℓ(yi ·
∑
t∈[T ]

sith(xit))

≥ 1

n

n∑
i=1

ℓ(yi · h(xiopti)) =
1

n

n∑
i=1

ℓ(γiopti) = L⋆. (B.2)

Here, the inequality follows since γit = yi · h(xit) = yi · v⊤xit ≤ γiopti by Definition 3.1 and
strictly-decreasing nature of the loss ℓ due to Assumption 3.1.

On the other hand, since not all tokens are optimal, there exists a token index (i, t) for
which yi · h(xit) < yi · h(xiopti). Since all softmax entries obey sit > 0 for finite W , this
implies the strict inequality ℓ(yi ·h(ai)) > ℓ(yi ·h(xiopti)). This leads to the desired conclusion
L(W ) > L⋆.

Next, we show that if (W-SVM) is feasible i.e. there exists a W separating some optimal
indices (opti)ni=1 from the other tokens, then limR→∞ L(R · W ) = L⋆. Note that, this
assumption does not exclude the existence of other optimal indices. This implies that,
letting limR→∞ S(Xi(R ·W )zi) saturates the softmax and will be equal to the indicator
function at opti for all inputs i ∈ [n]. Thus, sit → 0 for t ̸= opti and sit → 1 for t = opti.
Using M1-Lipschitzness of ℓ, we can write

∣∣ℓ(yi · h(xiopti))− ℓ(yi · h(ai))
∣∣ ≤M1

∣∣h(ai)− h(xiopti)
∣∣ .

Since h is linear, it is ∥v∥-Lipschitz implying

∣∣ℓ(yi · h(xiopti))− ℓ(yi · h(ai))
∣∣ ≤M1∥v∥ · ∥ai − xiopti∥.

Since ai → xiopti as R→∞, (B.2) gives limR→∞ L(R ·W ) = L⋆. ■
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B.2.3 Proof of Lemma 3.4

Proof. Let
γi = yi ·Xiv, hi = XiWzi.

From Assumption 3.1, ℓ : R → R is differentiable. Hence, the gradient evaluated at W is
given by

∇L(W ) =
1

n

n∑
i=1

ℓ′
(
γ⊤i S(hi)

)
·X⊤

i S′(hi)γiz
⊤
i , (B.3)

where
S′(h) = diag (S(h))− S(h)S(h)⊤ ∈ RT×T . (B.4)

Note that
∥S′(h)∥ ≤ ∥S′(h)∥F ≤ 1. (B.5)

Hence, for any W , Ẇ ∈ Rd×d, i ∈ [n], we have∥∥∥S(hi)− S(ḣi)
∥∥∥ ≤ ∥∥∥hi − ḣi

∥∥∥ ≤ ∥Xi∥ ∥zi∥
∥∥∥W − Ẇ

∥∥∥
F
, (B.6a)

where ḣi = XiẆzi.
Similarly,∥∥∥S′(hi)− S′(ḣi)

∥∥∥
F
≤
∥∥∥S(hi)− S(ḣi)

∥∥∥+ ∥∥∥S(hi)S(hi)⊤ − S(ḣi)S(ḣi)⊤
∥∥∥
F

≤ 3∥Xi∥ ∥zi∥
∥∥∥W − Ẇ

∥∥∥
F
. (B.6b)

Next, for any W , Ẇ ∈ Rd×d, we get

∥∥∥∇L(W )−∇L(Ẇ )
∥∥∥
F
≤ 1

n

n∑
i=1

∥∥∥ℓ′ (γ⊤i S(hi)) · ziγ⊤i S′(hi)Xi − ℓ′
(
γ⊤i S(ḣi)

)
· ziγ⊤i S′(ḣi)Xi

∥∥∥
F

≤ 1

n

n∑
i=1

∥∥∥ziγ⊤i S′(ḣi)Xi

∥∥∥
F

∣∣∣ℓ′ (γ⊤i S(hi))− ℓ′ (γ⊤i S(ḣi))∣∣∣
+

1

n

n∑
i=1

∣∣ℓ′ (γ⊤i S(hi))∣∣ ∥∥∥ziγ⊤i S′(hi)Xi − ziγ
⊤
i S′(ḣi)Xi

∥∥∥
F

≤ 1

n

n∑
i=1

M0 ∥γi∥2 ∥zi∥ ∥Xi∥
∥∥∥S(hi)− S(ḣi)

∥∥∥
+

1

n

n∑
i=1

M1 ∥γi∥ ∥zi∥ ∥Xi∥
∥∥∥S′(hi)− S′(ḣi)

∥∥∥
F
, (B.7)
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where the second inequality follows from the fact that |ab− cd| ≤ |d||a− c|+ |a||b− d| and
the third inequality uses Assumption 3.1 and (B.5).

Substituting (B.6a) and (B.6b) into (B.7), we get

∥∥∥∇L(W )−∇L(Ẇ )
∥∥∥
F
≤ 1

n

n∑
i=1

(
M0 ∥γi∥2∥zi∥2∥Xi∥2 + 3M1∥γi∥ ∥zi∥2 ∥Xi∥2

)
∥W − Ẇ ∥F

≤ 1

n

n∑
i=1

(
M0 ∥v∥2∥zi∥2∥Xi∥4 + 3M1∥v∥ ∥zi∥2 ∥Xi∥3

)
∥W − Ẇ ∥F

≤ LW ∥W − Ẇ ∥F ,

where LW is defined in (3.3).
Let gi = XiWkW

⊤
q zi. We have

∇Wk
L(Wk,Wq) =

1

n

n∑
i=1

ℓ′
(
γ⊤i S(gi)

)
· ziγ⊤i S′(gi)XiWq, (B.8a)

∇WqL(Wk,Wq) =
1

n

n∑
i=1

ℓ′
(
γ⊤i S(gi)

)
·X⊤

i S′(gi)γiz
⊤
i Wk. (B.8b)

By the similar argument as in (B.7), for any Wq and Ẇq ∈ Rd×m, we have∥∥∥∇WqL(Wk,Wq)−∇WqL(Wk, Ẇq)
∥∥∥
F

≤ ∥Wk∥
n

n∑
i=1

∥∥∥ℓ′ (γ⊤i S(hi)) · ziγ⊤i S′(hi)Xi − ℓ′
(
γ⊤i S(ḣi)

)
· ziγ⊤i S′(ḣi)Xi

∥∥∥
F

≤ LW ∥Wk∥ ∥Wq − Ẇq∥F . (B.9)

Similarly, for any Wk, Ẇk ∈ Rd×m, we get∥∥∥∇Wk
L(Wk,Wq)−∇Wk

L(Ẇk,Wq)
∥∥∥
F
≤ LW ∥Wq∥ ∥Wk − Ẇk∥F .
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B.2.4 A useful lemma for gradient descent analysis

Lemma B.2 For any X ∈ RT×d, W ,V ∈ Rd×d and z,v ∈ Rd, let a = XV z, s =

S(XWz), and γ = Xv. Set

Γ = sup
t,τ∈[T ]

|γt − γτ | and A = sup
t∈[T ]
∥at∥.

We have that∣∣∣∣∣a⊤diag(s)γ − a⊤ss⊤γ −
T∑
t≥2

(a1 − at)st(γ1 − γt)
∣∣∣∣∣ ≤ 2ΓA(1− s1)

2.

Proof. The proof is similar to [186, Lemma 4], but for the sake of completeness, we provide
it here. Set γ̄ =

∑T
t=1 γtst. We have

γ1 − γ̄ =
T∑
t≥2

(γ1 − γt)st, and |γ1 − γ̄| ≤ Γ(1− s1).

Then,

a⊤diag(s)γ − a⊤ss⊤γ =
T∑
t=1

atγtst −
T∑
t=1

atst

T∑
t=1

γtst

= a1s1(γ1 − γ̄)−
T∑
t≥2

atst(γ̄ − γt).

Since ∣∣∣∣∣
T∑
t≥2

atst(γ̄ − γt)−
T∑
t≥2

atst(γ1 − γt)
∣∣∣∣∣ ≤ AΓ(1− s1)

2,
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we obtain1

a⊤diag(s)γ − a⊤ss⊤γ = a1s1(γ1 − γ̄)−
T∑
t≥2

atst(γ1 − γt)± AΓ(1− s1)
2

= a1s1

T∑
t≥2

(γ1 − γt)st −
T∑
t≥2

atst(γ1 − γt)± AΓ(1− s1)
2

=
T∑
t≥2

(a1s1 − at)st(γ1 − γt)± AΓ(1− s1)
2

=
T∑
t≥2

(a1 − at)st(γ1 − γt)± 2AΓ(1− s1)
2.

Here, ± on the right handside uses the fact that∣∣∣∣∣
T∑
t≥2

(a1s1 − a1)st(γ1 − γt)
∣∣∣∣∣ ≤ (1− s1)AΓ

T∑
t≥2

st = (1− s1)
2AΓ.

B.3 Global Convergence of Gradient Descent

B.3.1 Divergence of norm of the iterates

The next lemma establishes the descent property of gradient descent for L(W ) under As-
sumption 3.1.

Lemma B.3 (Descent Lemma) Under Assumption 3.1, if η ≤ 1/LW , then for any ini-
tialization W (0), Algorithm W-GD satisfies:

L(W (k + 1))− L(W (k)) ≤ −η
2
∥∇L(W (k))∥2F , (B.10)

for all k ≥ 0. Additionally, it holds that
∑∞

k=0 ∥∇L (W (k))∥2F < ∞, and
limk→∞ ∥∇L (W (k))∥2F = 0.

Proof. The proof is similar to [186, Lemma 6].

1For simplicity, we use ± on the right hand side to denote the upper and lower bounds.
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B.3.1.1 Proof of Theorem 3.3

Proof of T1. Let

h̄i = XiW
mmzi, γi = yi ·Xiv, and hi = XiWzi. (B.11)

Let us recall the gradient evaluated at W which is given by

∇L(W ) =
1

n

n∑
i=1

ℓ′
(
γ⊤i S(hi)

)
·X⊤

i S′(hi)γiz
⊤
i , (B.12)

which implies that

⟨∇L(W ),Wmm⟩ = 1

n

n∑
i=1

ℓ′
(
γ⊤i S(hi)

)
·
〈
X⊤

i S′(hi)γiz
⊤
i ,W

mm〉
=

1

n

n∑
i=1

ℓ′i · tr
(
(Wmm)⊤X⊤

i S′(hi)γiz
⊤
i

)
=

1

n

n∑
i=1

ℓ′i · h̄⊤
i S′(hi)γi

=
1

n

n∑
i=1

ℓ′i ·
(
h̄⊤
i diag(si)γi − h̄⊤

i sis
⊤
i γi
)
.

(B.13)

Here, let ℓ′i := ℓ′(γ⊤i S(hi)), si = S(hi) and the third equality uses tr
(
ba⊤) = a⊤b.

In order to move forward, we will establish the following result, with a focus on the
equal score condition (Assumption A2): Let γ = γt≥2 be a constant, and let γ1 and h̄1

represent the largest indices of vectors γ and h̄ respectively. For any vector s that satisfies∑
t∈[T ] st = 1 and st > 0, we aim to prove that h̄⊤diag(s)γ − h̄⊤ss⊤γ > 0. To demonstrate
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this, we proceed by writing the following:

h̄⊤diag(s)γ − h̄⊤ss⊤γ =
T∑
t=1

h̄tγtst −
T∑
t=1

h̄tst

T∑
t=1

γtst

=

(
h̄1γ1s1 + γ

T∑
t≥2

h̄tst

)
−
(
γ1s1 + γ(1− s1)

)(
h̄1s1 +

T∑
t≥2

h̄tst

)

= h̄1(γ1 − γ)s1(1− s1)− (γ1 − γ)s1
T∑
t≥2

h̄tst

= (γ1 − γ)(1− s1)s1

[
h̄1 −

∑T
t≥2 h̄tst∑T
t≥2 st

]
≥ (γ1 − γ)(1− s1)s1(h̄1 −max

t≥2
h̄t).

(B.14)

To proceed, define

γigap = γiopti − max
t̸=opti

γit and h̄igap = h̄iopti − max
t̸=opti

h̄it.

With these, we obtain

h̄⊤
i diag(si)γi − h̄⊤

i sis
⊤
i γi ≥ γigaph̄

i
gap(1− siopti)siopti . (B.15)

Note that

h̄igap = min
t̸=opti

(xiopti − xit)
⊤Wmmzi ≥ 1,

γigap = min
t̸=opti

γiopti − γit > 0,

siopti(1− siopti) > 0.

Hence,

min
i∈[n]

{(
min
t̸=opti

(xiopti − xit)
⊤Wmmzi

)
·
(
min
t̸=opti

γiopti − γit
)
· siopti(1− siopti)

}
> 0. (B.16)

It follows from (B.15) and (B.16) that

min
i∈[n]

{
h̄⊤
i diag(si)γi − h̄⊤

i sis
⊤
i γi
}
> 0. (B.17)

Further, by Assumption 3.1, ℓ′i < 0, ℓ′ is continuous and the domain is bounded, the maxi-
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mum is attained and negative, and thus

max
x

ℓ′(x) < 0. (B.18)

Hence, using (B.17) and (B.18) in (B.13), we obtain

⟨∇L(W ),Wmm⟩ < 0. (B.19)

In the scenario that Assumption A1 holds (all tokens are support), h̄t = x⊤
itW

mmzi is
constant for all t ≥ 2. Hence, following similar steps as in (B.14) completes the proof.
Proof of T2. It follows from Lemma B.3 that under Assumption 3.1, η ≤ 1/LW , and for
any initialization W (0), the gradient descent sequence W (k + 1) = W (k) − η∇L(W (k))

satisfies limk→∞ ∥∇L (W (k))∥2F = 0.
Further, it follows from T1 that ⟨∇L(W ),Wmm⟩ < 0 for all W ∈ Rd×d. Hence, for

any finite W , ⟨∇L(W ),Wmm⟩ cannot be equal to zero. Therefore, there are no finite
critical points W , for which ∇L(W ) = 0 which contradicts Lemma B.3. This implies that
∥W (k)∥ → ∞.

■

B.3.2 Global convergence under good initial gradient

To ensure global convergence, we identify an assumption that prevents GD from getting
trapped at suboptimal tokens that offer no scoring advantage compared to other choices. To
establish a foundation for providing the convergence of GD to the globally optimal solution
Wmm, we present the following definitions. For parameters µ ∈ (0, 1) and R > 0, consider
the following subset of the sphere and its associated cone:

S̄µ(Wmm) :=

{
W ∈ Rd×d

∣∣∣ 〈(xiopti − xit)z
⊤
i ,

W

∥W ∥F

〉
≥ µ

∥Wmm∥F
∀t ̸= opti, i ∈ [n]

}
,

(B.20a)

C̄µ,R(Wmm) :=
{
W ∈ S̄µ(Wmm)

∣∣∣ ∥W ∥F ≥ R
}
. (B.20b)

Note that the C̄µ,R(Wmm) definition is equivalent to the C̄µ,R definition in (3.8) with a change
of variable µ← ∥Wmm∥F · µ.
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Throughout this section, we will use the following notations:

Θ =
1

∥Wmm∥F
, (B.21a)

A = max

{
max

i∈[n],t,τ∈[T ]

(∥xit∥ ∨ ∥xit − xiτ∥) · ∥zi∥
Θ

, 1

}
. (B.21b)

We will use the following notations: Recall scores γit = yi ·v⊤xit. We define the global scalar

Γ = sup
i∈[n],t,τ∈[T ]

|γit − γiτ |. (B.22a)

We also define the score gaps over i ∈ I and support indices:

γgap
i = γiopti − max

t̸=opti
γit, γ̄gap

i = γiopti − min
t̸=opti

γit,

γgap
min = min

i∈[n]
γgap
i , and γ̄gap

max = max
i∈[n]

γ̄gap
i . (B.22b)

Lemma B.4 Suppose that Assumption 3.1 on the loss function ℓ holds. Let opt = (opti)ni=1

be the unique globally optimal indices (as defined in Definition 3.1), and let Wmm denote
the solution to the optimization problem in (W-SVM). There exists a positive scalar µ

such that for sufficiently large R̄µ: For all V ∈ S̄µ(Wmm) with ∥V ∥F = ∥Wmm∥F and
W ∈ C̄µ,R̄µ

(Wmm), there exist dataset dependent constants C, Ĉ, c > 0 such that

C · 1
n

n∑
i=1

(
1− siopti

)
≥ −

〈
∇L(W ),V

〉
≥ c · µ · 1

n

n∑
i=1

(
1− siopti

)
> 0, (B.23a)

∥∇L(W )∥F ≤ ĀĈ · 1
n

n∑
i=1

(
1− siopti

)
, (B.23b)

−
〈

V

∥V ∥F
,
∇L(W )

∥∇L(W )∥F

〉
≥ c

Ĉ
· Θ
Ā
> 0. (B.23c)

Here, siopti = (S(XiWzi))opti, Ā = maxi∈[n],t,τ∈[T ] ∥xit − xiτ∥ ∥zi∥, and Θ = 1/∥Wmm∥F .

Proof. Let R = ∥W ∥F ,

ℓ′i = ℓ′(yi · v⊤X⊤
i S(h̃i)), hi = XiV zi, h̃i = XiWzi, si = S(h̃i). (B.24)

The following inequalities hold for all V ∈ S̄µ, ∥V ∥F = ∥Wmm∥F and all i ∈ [n], t ̸= opti:

A ≥ (xiopti − xit)
⊤V zi ≥ µ. (B.25)
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To proceed, we write the gradient correlation following (B.3) and (B.13)

⟨∇L(W ),V ⟩ = 1

n

n∑
i=1

ℓ′i ·
〈
hi,S′(h̃i)γi

〉
, (B.26)

where we denoted ℓ′i = ℓ′(yi · v⊤X⊤
i S(h̃i)), hi = XiV zi, h̃i = XiWzi, si = S(h̃i).

It follows from (B.21a) that

max
i∈[n],t∈[T ]

{|hit|} = max
i∈[n],t∈[T ]

{|x⊤
itV zi|} = max

i∈[n],t∈[T ]
{|⟨xitz⊤

i ,V ⟩|}

≤ max
i∈[n],t∈[T ]

{
∥V ∥F ∥xitz⊤

i ∥
}
≤ A. (B.27)

Using (B.25), we can bound the softmax probabilities si = S(h̃i) as follows, for all i ∈ [n]:

Si :=
∑
τ ̸=opti

siτ ≤ Te−RµΘsiopti ≤ Te−RµΘ. (B.28)

Let us focus on a fixed datapoint i ∈ [n], assume (without losing generality) opti = 1, and
drop subscripts i. Directly applying Lemma B.2, we obtain

∣∣h⊤diag(s)γ − h⊤ss⊤γ −
T∑
t≥2

(h1 − ht)st(γ1 − γt)
∣∣ ≤ 2ΓA(1− s1)

2.

To proceed, let us upper/lower bound the gradient correlation. Since A ≥ h1 − ht ≥ µ > 0

from (B.25), setting S :=
∑

t̸=opti
st = 1− s1, we find

A · S · γ̄gap ≥
∑
t̸=opt

(h1 − ht)st(γ1 − γt) ≥ µ · S · γgap. (B.29)

Next we show that S = 1 − s1 dominates (1 − s1)
2 = S2 for large R. Specifically, we wish

for

µSγgap/2 ≥ 2ΓA(1− s1)
2 ⇐⇒ S ≥ 4

µ

ΓA

γgapS
2 ⇐⇒ S ≤ µγgap

4ΓA
. (B.30)

Using (B.28), what we wish is ensured for all i ∈ [n], by guaranteeing Te−RµΘ ≤ µγgap

4ΓA
. That

is, by choosing

R ≥ 1

µΘ
log

(
4TΓA

µγgap
min

)
, (B.31)
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where γgap
min = mini∈[n] γ

gap
i is the global scalar corresponding to the worst case score gap over

all inputs.
With the above choice of R, we guaranteed

2A(1− s1) · γ̄gap ≥ 2A · S · γ̄gap ≥
∑
t̸=opt

(h1 − ht)st(γ1 − γt) ≥
µ · S · γgap

2
≥ µ(1− s1)γ

gap

2
,

via (B.30) and (B.29).
Since this holds over all inputs, going back to the gradient correlation (B.26) and averaging

above over all inputs i ∈ [n] and plugging back the indices i, we obtain the advertised bound

2A

n

∑
i∈[n]

−ℓ′i · Si · γ̄gap
i ≥ −⟨∇L(W ),V ⟩ ≥ µ

2n

∑
i∈[n]

−ℓ′i · Si · γgap
i . (B.32)

Let −ℓ′min /max be the min/max values negative loss derivative admits over the ball [−A,A]
and note that maxi∈[n] γ̄

gap
i > 0 and mini∈[n] γ

gap
i > 0 are dataset dependent constants. Then,

we declare the constants C = −2Aℓ′max ·maxi∈[n] γ̄
gap
i > 0, c = −(1/2)ℓ′min ·mini∈[n] γ

gap
i > 0

to obtain the bound (B.23a).
The proof of (B.23c) and (B.23b) follows similarly as the proof of Lemma B.7.

The following lemma shows that as π approaches zero, the negative gradient of the loss
function at W ∈ C̄µ,R(Wmm) becomes more correlated with the max-margin solution (Wmm)
than with W itself.

Lemma B.5 Suppose Assumption 3.1 holds and let opt = (opti)ni=1 be the unique globally-
optimal indices with Wmm denoting the W-SVM solution. For any choice of π > 0, there
exists Rπ ≥ R̄µ such that, for any W ∈ C̄µ,R(Wmm), we have〈

∇L(W ),
W

∥W ∥F

〉
≥ (1 + π)

〈
∇L(W ),

Wmm

∥Wmm∥F

〉
.

Here, C̄µ,R(Wmm) is the cone defined at (B.20).

Proof. Let

W̄ = ∥Wmm∥FW /∥W ∥F , h̄i = XiW̄zi, h̃i = XiWzi,

hi = XiW
mmzi, si = S(h̃i), and ℓ′i = ℓ′(yi · v⊤X⊤

i S(h̃i)).
(B.33)

To establish the result, we will prove that, for any π > 0, there exists sufficiently large Rπ
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such that for any W ∈ Cµ,Rπ(W
mm):

〈
−∇L(W ), W̄

〉
= − 1

n

n∑
i=1

ℓ′i ·
〈
h̄i,S′(h̃i)γi

〉
≤ −1 + π

n

n∑
i=1

ℓ′i ·
〈
hi,S′(h̃i)γi

〉
= (1 + π) ⟨−∇L(W ),Wmm⟩ , (B.34)

or equivalently,

n∑
i=1

−ℓ′i ·
(
(1 + π)

(
h⊤
i diag(si)γi − h⊤

i sis
⊤
i γi
)
−
(
h̄⊤
i diag(si)γi − h̄isis

⊤
i γi
))
≥ 0. (B.35)

It follows from Lemma B.2 that for hi = XiW
mmzi and h̄i = XiW̄zi, we have:∣∣∣∣∣∣h⊤

i diag(si)γi − h⊤
i sis

⊤
i γi −

∑
t̸=opti

(hi1 − hit)sit(γi1 − γit)

∣∣∣∣∣∣ ≤ 2ΓA(1− si1)
2, (B.36a)

∣∣∣∣∣∣h̄⊤
i diag(si)γi − h̄⊤

i sis
⊤
i γi −

∑
t̸=opti

(h̄i1 − h̄it)sit(γi1 − γit)

∣∣∣∣∣∣ ≤ 2ΓA(1− si1)
2. (B.36b)

Using Lemma B.4 and its R̄µ constant, if Rπ > R̄µ, we just need to prove the statement for
0 < π < 1. In this case, using (B.36), (B.35) is implied by the following stronger inequality

n∑
i=1

(−ℓ′i) ·

(1 + π)
∑
t̸=opti

(hi1 − hit)sit(γi1 − γit)−
∑
t̸=opti

(h̄i1 − h̄it)sit(γi1 − γit)− 6ΓA(1− si1)
2

 ≥ 0.

Recalling hi1 − hit ≥ 1, we note that
∑

t̸=opti
sit(γi1 − γit) ≤

∑
t̸=opti

(hi1 − hit)sit(γi1 − γit).
Now plugging in h in the bound above and assuming π ≤ 1 (w.l.o.g.), (B.34) is implied by
the following stronger inequality

n∑
i=1

(−ℓ′i) ·

6ΓA(1− si1)
2 +

∑
t̸=opti

(hi1 − hit)sit(γi1 − γit)


≤ (1 + π)

n∑
i=1

(−ℓ′i) ·
∑
t̸=opti

(hi1 − hit)sit(γi1 − γit)

≤ (1 + π)
n∑
i=1

(−ℓ′i) ·
∑
t̸=opti

sit(γi1 − γit).

First, we claim that 0.5π
∑

t∈opti
sit(γi1 − γit) ≥ 6ΓA(1 − si1)

2 for all i ∈ [n]. The proof of

238



this claim directly follows the argument in Lemma B.4, (namely following (B.28), (B.30),
(B.31)) we have that 1− si1 ≤ Te−RµΘ and γi1 − γit ≥ γgap

min for all i ∈ [n]. This leads to the
choice

R ≥ 1

µΘ
log

(
12 · TΓA
πγgap

min

)
. (B.37)

Following this control over the perturbation term 6ΓA(1 − si1)
2, to conclude with the

result, what remains is proving the comparison

n∑
i=1

(−ℓ′i) ·
∑
t̸=opti

(hi1 − hit)sit(γi1 − γit) ≤ (1 + 0.5π)
n∑
i=1

(−ℓ′i) ·
∑
t̸=opti

sit(γi1 − γit). (B.38)

Scenario 1: ∥W̄ −Wmm∥F ≤ ϵ = π
4AΘ

for some ϵ > 0. In this scenario, for any t ̸= opti
and i ∈ [n], we have

|hit − hit| = |x⊤
it(W̄ −Wmm)zi| ≤ AΘϵ =

π

4
.

Consequently, we obtain

hi1 − hit ≤ hi1 − hit + 2AΘϵ = 1 + 0.5π.

Similarly, hi1 − hit ≥ 1 − 0.5π ≥ 0.5. Since all terms hi1 − hit, sit, γi1 − γit in (B.38) are
nonnegative, we obtain (B.38).
Scenario 2: ∥W̄ −Wmm∥F ≥ ϵ = π

4AΘ
. Since W̄ is not max-margin solution, in this

scenario, for some i ∈ [n], ν = ν(ϵ) > 0, and τ ̸= opti, we have that

hi1 − hiτ ≤ 1− 2ν.

Here τ = argmaxτ ̸=opti xiτW̄zi denotes the nearest point to hi1 (along the W̄ direc-
tion). Recall that s = S(R̄h), where R̄ = RΘ = ∥W ∥F/∥Wmm∥F . To proceed, let
hi := mint̸=opti hi1 − hit,

I := {i ∈ [n] : hi ≤ 1− 2ν} , [n]− I := {i ∈ [n] : 1− 2ν < hi} .
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For all i ∈ [n]− I,∑
t̸=opti

(hi1 − hit)sit(γi1 − γit)− (1 + 0.5π)
∑
t̸=opti

sit(γi1 − γit)

≤ (2A− (1 + 0.5π)) Γ
∑

t̸=opti, hi1−hit≥1+π
2

sit

≤ (2A− (1 + 0.5π)) ΓTe−R̄(1+π
2
)

≤ 2AΓTe−R̄(1+π
2
).

(B.39)

For all i ∈ I, split the tokens into two groups: Let Ni be the group of tokens obeying
hi1 − hit ≤ 1− ν and N̄i := [T ]− {opti} − Ni be the rest of the neighbors. Observe that∑

t∈N̄i
sit∑

t̸=opti
sit
≤ T

eνR̄

e2νR̄
= Te−R̄ν .

Using |hi1 − hit| ≤ 2A and γgap
min = mini∈[n] γ

gap
i = mini∈[n](γi1 −maxt̸=opti γit), observe that

∑
t∈N̄i

(hi1 − hit)sit(γi1 − γit) ≤
2ΓATe−R̄ν

γgap
min

∑
t̸=opti

sit(γi1 − γit).

Thus,∑
t̸=opti

(hi1 − hit)sit(γi1 − γit) =
∑
t∈Ni

(hi1 − hit)sit(γi1 − γit) +
∑
t∈N̄i

(hi1 − hit)sit(γi1 − γit)

≤
∑
t∈Ni

(1− ν)sit(γi1 − γit) +
2ΓATe−R̄ν

γgap
min

∑
t̸=opti

sit(γi1 − γit)

≤
(
1− ν + 2ΓATe−R̄ν

γgap
min

) ∑
t̸=opti

sit(γi1 − γit)

≤
(
1 +

2ΓATe−R̄ν

γgap
min

) ∑
t̸=opti

sit(γi1 − γit).

Hence, choosing

R ≥ 1

νΘ
log

(
8ΓAT

γgap
minπ

)
(B.40)
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results in that ∑
t̸=opti

(hi1 − hit)sit(γi1 − γit)−
(
1 +

π

2

) ∑
t̸=opti

sit(γi1 − γit)

≤
(
2ΓATe−R̄ν

γgap
min

− π

2

) ∑
t̸=opti

sit(γi1 − γit)

≤ −π
4

∑
t̸=opti

sit(γi1 − γit)

≤ − π

4T
γgap
mine

−R̄(1−2ν).

(B.41)

Here, the last inequality follows from the fact that

∑
t̸=opti

sit ≥ max
t̸=opti

sit ≥
e−R̄(1−2ν)∑T

t=1 e
−R̄(hi1−hit)

≥ 1

T
e−R̄(1−2ν).

From Assumption 3.1, we have cmin ≤ −ℓ′ ≤ cmax for some positive constants cmin and cmax.
It follows from (B.39) and (B.41) that

− 1

n

n∑
i

ℓ′i·

∑
t̸=opti

(hi1 − hit)sit(γi1 − γit)−
∑
t̸=opti

(1 + 0.5π)sit(γi1 − γit)


≤ cmax2AΓTΓe

−R̄(1+π
2
) − cmin

nT
· πγ

gap
min

4
e−R̄(1−2ν)

≤ 0.

Combing with (B.40), this is guaranteed by choosing

R ≥ Rπ = max

{
1

νΘ
log

(
C0ΓAT

γgap
minπ

)
,

1

(2ν + π/2)Θ
log

(
C0nΓAT

2cmax

cminγ
gap
minπ

)}
,

where ν = ν( π
4AΘ

) depends only on π and global problem variables. Combining this with the
prior R choice (B.37) (by taking the maximum), we shall choose C0 sufficiently large such
that Rπ ≥ R̄µ, where R̄µ is defined in Lemma B.4.

B.3.2.1 Proof of Theorem 3.4

The following theorem is a restatement of Theorem 3.4. Two minor differences are: (1) We
state with the change of variable µ ← ∥Wmm∥F · µ; see discussions below (B.20). (2) We
also include (L3.) in the statement of the theorem.
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Theorem B.1 Suppose Assumption 3.1 on the loss function ℓ and Assumption 3.3 on the
initial gradient hold.

L1. For any µ > 0, there exists R > 0 such that C̄µ,R(Wmm) defined in (B.20) does not
contain any stationary points.

L2. Fix any µ ∈ (0,min(1, ι∥Wmm∥F/∥∇L(0)∥F ). Consider GD iterations with W (0) = 0,
W (1) = −R∇L(0)/∥∇L(0)∥F , and W (k+1) = W (k)−η∇L(W (k)) for η ≤ 1/LW , k ≥ 1,
and R sufficiently large. If all iterates remain within C̄µ,R, then limk→∞ ∥W (k)∥F =∞ and
limk→∞

W (k)
∥W (k)∥F

= Wmm

∥Wmm∥F
.

L3. Assume η ≤ 1/LW and for all W ∈ C̄µ,R(Wmm) with sufficiently large R

min
i∈[n]

〈
(xiopti − xit)z

⊤
i ,W − η∇L(W )

〉
≥ min

i∈[n]

〈
(xiopti − xit)z

⊤
i ,W

〉
− 2ηµ

∥Wmm∥2F
⟨∇L(W ),Wmm⟩ ,

(B.42)

then all GD iterations remain within C̄µ,R(Wmm).

Proof. Note that L1. is a direct corollary of Lemma B.4. We proceed with the proof of
L2. and L3.. We provide the proof in four steps:
Step 1: C̄µ,R0

µ
(Wmm) construction. Let us denote the initialization lower bound as R0

µ :=

R, where R is given in the Theorem B.1’s statement. Consider an arbitrary value of ϵ ∈
(0, µ/2) and let 1/(1 + π) = 1 − ϵ. We additionally denote Rϵ ← Rπ ∨ 1/2 where Rπ was
defined in Lemma B.5. At initialization W (0), we set ϵ = µ/2 to obtain R0

µ = Rµ/2.
We proceed to show µ ∈ (0,min(1, ι∥Wmm∥F/∥∇L(0)∥F ). It follows from Assumption 3.3

and under zero initialization for GD (W (0) = 0) that

〈
(xiopti − xit)z

⊤
i ,−∇L(W (0))

〉
=
〈
(xiopti − xit)z

⊤
i ,−∇L(0)

〉
≥ ι > 0,

for some positive constant ι. Hence, for any initial step size η(0) > 0 and W (1) =

−η(0)∇L(0),〈
(xiopti − xit)z

⊤
i ,

W (1)

∥W (1)∥F

〉
=

η(0)

∥W (1)∥F
〈
(xiopti − xit)z

⊤
i ,−∇L(0)

〉
≥ ιη(0)

∥W (1)∥F
=

ι

∥∇L(0)∥F
≥ µ

∥Wmm∥F
.

(B.43)
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Here, the last inequality follows from our choice of µ in the theorem statement, i.e.

µ ∈
(
0,min

(
1,
ι∥Wmm∥F
∥∇L(0)∥F

))
. (B.44)

This µ choice induces the conic set C̄µ,R0
µ
(Wmm) with R0

µ = Rµ/2, where Rµ/2 was defined
in Lemma B.5. Now, given the parameter µ satisfying (B.44), we can choose η(0) such that
∥W (1)∥F ≥ R0

µ and W (1) ∈ C̄µ,R0
µ
(Wmm). To achieve this, since W (0) = 0, we obtain

η(0) =
R0
µ

∥∇L(0)∥F
. (B.45)

Since by our definition, R0
µ ← R, (B.45) gives W (1) in the theorem’s statement.

Step 2: There are no stationary points within C̄µ,R0
µ
(Wmm). This step follows from

L1.. Specifically, we can apply Lemma B.4 to find that: For all V ,W ∈ S̄µ(Wmm) with
∥W ∥F ̸= 0 and ∥W ∥F ≥ R0

µ, we have that −⟨V ,∇L(W )⟩ is strictly positive.
Gradient correlation holds for large parameter norm. It follows from Lemma B.5 that, there
exists Rϵ ≥ R̄µ ∨ 1/2 such that all W ∈ C̄µ,Rϵ(W

mm) satisfy〈
−∇L(W ),

Wmm

∥Wmm∥F

〉
≥ (1− ϵ)

〈
−∇L(W ),

W

∥W ∥F

〉
. (B.46)

The following argument applies to a general ϵ ∈ (0, µ/2). However, at initialization W (0) =

0, we have set ϵ = µ/2 and defined the initialization radius as R0
µ = Rµ/2. To proceed, we

will prove the main statements (L2.) and (L3.) as follows.

• Proving L3.: In Step 3, we will assume Condition (B.42) to prove that gradient
iterates remain within C̄µ,Rϵ(W

mm). Concretely, for any ϵ ∈ (0, µ/2), we will show that
after gradient descent enters the conic set C̄µ,Rϵ(W

mm) for the first time, it will never
leave the set under Condition (B.42) of the theorem statement and (B.46). In what
follows, let us denote kϵ to be the first time gradient descent enters C̄µ,Rϵ(W

mm). Note
that for ϵ← µ/2, kϵ = 0 i.e. the point of initialization.

• Proving L2.: In Step 4, assuming iterates within C̄µ,Rϵ(W
mm), we will prove that the

norm diverges (as a result such kϵ is guaranteed to exist) and, additionally, the gradient
updates asymptotically aligns with Wmm.

Step 3 (Proof of L3.): Updates remain inside the cone C̄µ,Rϵ(W
mm). Note that if

W (k) ∈ C̄µ,Rϵ(W
mm) for all k ≥ 1, the required condition in L2. holds, and we proceed to

Step 4. In this step, we show L3.. Specifically, we show that under Condition (B.42) and
using (B.46), all iterates W (k) ∈ C̄µ,Rϵ(W

mm) remain within C̄µ,Rϵ(W
mm).
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To proceed, by leveraging the results from Step 1 and Step 2, we demonstrate that the
gradient iterates, with an appropriate constant step size, starting from W (kϵ) ∈ C̄µ,Rϵ(W

mm),
remain within this set. We proceed by induction. Suppose that the claim holds up to iteration
k ≥ kϵ. This implies that W (k) ∈ C̄µ,Rϵ(W

mm). Hence, recalling C̄µ,Rϵ(W
mm) defined in

(B.20), there exists scalar µ = µ(α) ∈ (0, 1) and Rϵ such that ∥W (k)∥F ≥ Rϵ, and〈
(xiopti − xit)z

⊤
i ,

W (k)

∥W (k)∥F

〉
≥ µΘ,

where Θ = 1/∥Wmm∥F .
Let

1

1− ϵ

〈
Wmm

∥Wmm∥F
,−∇L(W (k))

〉
=: ρ(k) > 0. (B.47a)

Using (B.42), we have〈
(xiopti − xit)z

⊤
i ,

W (k + 1)

∥W (k)∥F

〉
=

〈
(xiopti − xit)z

⊤
i ,

W (k)

∥W (k)∥F
− η

∥W (k)∥F
∇L(W (k))

〉
≥ µΘ+

2η(1− ϵ)µΘρ(k)
∥W (k)∥F

.

(B.48)

From Lemma B.4, we have ⟨∇L(W (k)),W (k)⟩ < 0 which implies that ∥W (k + 1)∥F ≥
∥W (k)∥F . This together with Rϵ definition and ∥W (k)∥F ≥ 1/2 implies that

∥W (k + 1)∥F ≤
1

2∥W (k)∥F
(
∥W (k + 1)∥2F + ∥W (k)∥2F

)
=

1

2∥W (k)∥F
(
2∥W (k)∥2F − 2η ⟨∇L(W (k)),W (k)⟩+ η2∥∇L(W (k))∥2F

)
≤ ∥W (k)∥F −

η

∥W (k)∥F
⟨∇L(W (k)),W (k)⟩+ η2∥∇L(W (k))∥2F .

Thus,

∥W (k + 1)∥F
∥W (k)∥F

≤ 1− η

∥W (k)∥F

〈
∇L(W (k)),

W (k)

∥W (k)∥F

〉
+ η2
∥∇L(W (k))∥2F
∥W (k)∥F

≤ 1− η

(1− ϵ)∥W (k)∥F

〈
∇L(W (k)),

Wmm

∥Wmm∥F

〉
+ η2
∥∇L(W (k))∥2F
∥W (k)∥F

≤ 1 +
ηρ(k)

∥W (k)∥F
+
η2∥∇L(W (k))∥2F
∥W (k)∥F

=: C1(ρ(k), η).

(B.49)
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Here, the second inequality uses (B.46).
Now, it follows from (B.48) and (B.49) that

min
t̸=opti, i∈[n]

〈
(xiopti − xit)z

⊤
i ,

W (k + 1)

∥W (k + 1)∥F

〉
≥ 1

C1(ρ(k), η)

(
µΘ+

2η(1− ϵ)µΘρ(k)
∥W (k)∥F

)
= µΘ+

ηµΘ

C1(ρ(k), η)

((
2(1− ϵ)− 1

)
ρ(k)

∥W (k)∥F
− η∥∇L(W (k))∥2F

∥W (k)∥F

)

= µΘ+
ηµΘ

C1(ρ(k), η)

(
(1− 2ϵ)ρ(k)

∥W (k)∥F
− η∥∇L(W (k))∥2F

∥W (k)∥F

)
≥ µΘ,

(B.50)

where the last inequality uses our choice of stepsize η ≤ 1/LW in Theorem 3.4’s statement.
Specifically, we need η to be small to ensure the last inequality. This can be obtained by
following similar steps as in the proof of Theorem 3.5. We will guarantee this by choosing a
proper Rϵ in Lemma B.5. Hence, (B.50) implies (B.50) and W (k + 1) ∈ C̄µ,Rϵ(W

mm).
Step 4 (Proof of L2.): W (k) and Wmm perfectly align over time. By theorem
statement (alternatively via Step 3), we have that all iterates remain within the initial
conic set i.e. W (k) ∈ C̄µ,R0

µ
(Wmm) for all k ≥ 0. Note that it follows from Lemma B.4 that

⟨∇L(W ),Wmm/∥Wmm∥F ⟩ < 0, for any finite W ∈ C̄µ,R0
µ
(Wmm). Hence, there are no finite

critical points W ∈ C̄µ,R0
µ
(Wmm), for which ∇L(W ) = 0. Now, based on Lemma B.3, which

guarantees that ∇L(W (k)) → 0, this implies that ∥W (k)∥ → ∞. Consequently, for any
choice of ϵ ∈ (0, µ/2) there is an iteration kϵ such that, for all k ≥ kϵ, W (k) ∈ C̄µ,Rϵ(W

mm).
Once within C̄µ,Rϵ(W

mm), multiplying both sides of (B.46) by the stepsize η and using the
gradient descent update, we get〈

W (k + 1)−W (k),
Wmm

∥Wmm∥F

〉
≥ (1− ϵ)

〈
W (k + 1)−W (k),

W (k)

∥W (k)∥F

〉
=

(1− ϵ)
2∥W (k)∥F

(
∥W (k + 1)∥2F − ∥W (k)∥2F − ∥W (k + 1)−W (k)∥2F

)
≥ (1− ϵ)

(
1

2∥W (k)∥F
(
∥W (k + 1)∥2F − ∥W (k)∥2F

)
− ∥W (k + 1)−W (k)∥2F

)
≥ (1− ϵ)

(
∥W (k + 1)∥F − ∥W (k)∥F − ∥W (k + 1)−W (k)∥2F

)
≥ (1− ϵ)

(
∥W (k + 1)∥F − ∥W (k)∥F − 2η (L(W (k))− L(W (k + 1)))

)
.
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Here, the second inequality is obtained from ∥W (k)∥F ≥ 1/2; the third inequality follows
since for any a, b > 0, we have (a2 − b2)/(2b) − (a − b) ≥ 0; and the last inequality uses
Lemma B.3.

Summing the above inequality over k ≥ kϵ gives〈
W (k)

∥W (k)∥F
,

Wmm

∥Wmm∥F

〉
≥ 1− ϵ+ C(ϵ, η)

∥W (k)∥F
, W (k) ∈ C̄µ,Rϵ(W

mm),

where L⋆ ≤ L (W (k)) for all k ≥ kϵ, and

C(ϵ, η) =

〈
W (kϵ),

Wmm

∥Wmm∥F

〉
− (1− ϵ)∥W (kϵ)∥F − 2η(1− ϵ)(L(W (kϵ))− L⋆).

Consequently,

lim inf
k→∞

〈
W (k)

∥W (k)∥F
,

Wmm

∥Wmm∥F

〉
≥ 1− ϵ, W (k) ∈ C̄µ,Rϵ(W

mm).

Since ϵ ∈ (0, µ/2) is arbitrary, this implies W (k)/∥W (k)∥F →Wmm/∥Wmm∥F .

B.4 Local Convergence of Gradient Descent

To provide a basis for discussing local convergence of GD, we establish a cone centered
around Wmm

α using the following construction. For parameters µ ∈ (0, 1) and R > 0, we
define Cµ,R(Wmm

α ) as the set of matrices W ∈ Rd×d such that ∥W ∥F ≥ R and the correlation
coefficient between W and Wmm

α is at least 1− µ:

Sµ(Wmm
α ) :=

{
W ∈ Rd×d :

〈
W

∥W ∥F
,

Wmm
α

∥Wmm
α ∥F

〉
≥ 1− µ

}
, (B.51a)

Cµ,R(Wmm
α ) := Sµ(Wmm

α ) ∩
{
W ∈ Rd×d : ∥W ∥F ≥ R

}
. (B.51b)

Let (Ti)ni=1 be the set of all support indices per Definition 3.2. Let T̄i = [T ] − Ti − {αi}
be the non-support indices. Let I ⊆ [n] be the sample index set that contains samples
with support for locally optimal tokens as per Definition 3.2, and Ī be the sample index set
without support tokens, that is

I =
{
i ∈ [n]

∣∣∣ Ti ̸= ∅} , and Ī =
{
i ∈ [n]

∣∣∣ Ti = ∅} = [n]− I. (B.52)
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Throughout, we will use the following notations:

Θ =
1

∥Wmm∥F
, (B.53a)

δ = min

{
1

2
min
i∈[n]

min
τ∈T̄i

(
(xiαi

− xiτ )
⊤Wmmzi − 1

)
,
1

4

}
, (B.53b)

A = max

{
max

i∈[n],t,τ∈[T ]

(∥xit∥ ∨ ∥xit − xiτ∥) · ∥zi∥
Θ

, 1

}
, (B.53c)

µ(δ) =
δ2

32A2
. (B.53d)

When T̄i = ∅ for all i ∈ [n] (i.e. globally-optimal indices), we set δ =∞ as all non-neighbor
related terms will disappear. Recall scores γit = yi · v⊤xit. We define the global scalar

Γ = sup
i∈[n],t,τ∈[T ]

|γit − γiτ | . (B.54a)

We also define the score gaps over i ∈ I and support indices:

γgap
i = γiαi

−max
t∈Ti

γit, γ̄gap
i = γiαi

−min
t∈Ti

γit,

γgap
min = min

i∈I
γgap
i , and γ̄gap

max = max
i∈I

γ̄gap
i . (B.54b)

Furthermore, letting sit = (S(XiWzi))t, we define

Si :=
∑
t∈Ti

sit, and Qi :=
∑
τ∈T̄i

siτ . (B.55)

In the following lemma, we analyze the behaviors of the (W-SVM) constraint
(xit − xiτ )

⊤ V zi for all V ∈ Sµ(Wmm
α ) satisfying ∥V ∥F = ∥Wmm

α ∥F .

Lemma B.6 Let Wmm = Wmm
α denote the SVM solution obtained via (W-SVM) by replac-

ing (opti)ni=1 with α = (αi)
n
i=1 and let δ be defined in (B.53b). For any V ∈ coneµ(Wmm)

with ∥V ∥F = ∥Wmm∥F and µ ≤ µ(δ) (cf. (B.53d)), and for all i ∈ [n], t ∈ Ti, and τ ∈ T̄i,
we have

(xit − xiτ )
⊤ V zi ≥

3

2
δ > 0, (B.56a)

(xiαi
− xiτ )

⊤ V zi ≥ 1 +
3

2
δ, (B.56b)

1 +
1

2
δ ≥ (xiαi

− xit)
⊤ V zi ≥ 1− 1

2
δ. (B.56c)
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Proof. To show (B.56), we note that for any V ∈ coneµ(Wmm) such that ∥V ∥F =

∥Wmm∥F ,

∥V −Wmm∥F =
√

2∥Wmm∥2F − 2 ⟨V ,Wmm⟩

= ∥Wmm∥F

√
2− 2

〈
V

∥Wmm∥F
,

Wmm

∥Wmm∥F

〉
≤ 1

Θ

√
2− 2(1− µ)

≤ δ

4AΘ
. (B.57)

Here, the first inequality follows from (B.51a), and the last equality uses (B.53d).
We will proceed to show a bound on (xit1 − xit2)

⊤(V −Wmm)zi for any i ∈ [n] and any
token indices t1, t2 ∈ [T ]. For any token index t ∈ [T ], we have∣∣x⊤

it(V −Wmm)zi
∣∣ = ∣∣⟨V −Wmm,xitz

⊤
i ⟩
∣∣

≤ ∥V −Wmm∥F∥xitz⊤
i ∥F

≤ δ

4AΘ
· ∥xitz⊤

i ∥F

≤ δ

4AΘ
·ΘA

=
δ

4
.

(B.58)

Here, the first inequality uses Cauchy-Schwarz; the second inequality follows from (B.57);
and the third inequality is obtained from (B.53c).

Hence, it follows from (B.58) that

for all t1, t2 ∈ [T ] and any i ∈ [n],
∣∣∣(xit1 − xit2)

⊤ (V −Wmm) zi

∣∣∣ ≤ 1

2
δ. (B.59)

Note that Wmm = Wmm
α is the SVM solution obtained via (W-SVM) by replacing (opti)ni=1

with α = (αi)
n
i=1. Hence, from the definition of δ in (B.53b), we have for all i ∈ [n], t ∈ Ti

and τ ∈ T̄i that

δ ≤ 1

2

(
(xiαi

− xiτ )
⊤Wmmzi − 1

)
≤ 1

2
(xit − xiτ )

⊤Wmmzi.
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This together with (B.59) implies that for all t ∈ Ti and τ ∈ T̄i,

(xit − xiτ )
⊤ V zi ≥ (xit − xiτ )

⊤Wmmzi + (xit − xiτ )
⊤ (V −Wmm) zi

≥ 2δ − 1

2
δ =

3

2
δ,

(xiαi
− xiτ )

⊤V zi ≥ (xiαi
− xiτ )

⊤Wmmzi + (xiαi
− xiτ )

⊤(V −Wmm)zi

≥ 1 + 2δ − 1

2
δ = 1 +

3

2
δ,∣∣(xiαi

− xit)
⊤V zi − 1

∣∣ = ∣∣(xiαi
− xit)

⊤Wmmzi + (xiαi
− xit)

⊤(V −Wmm)zi − 1
∣∣

=
∣∣(xiαi

− xit)
⊤(V −Wmm)zi

∣∣ ≤ 1

2
δ.

This completes the proof.

Lemma B.7 Suppose Assumption 3.1 on the loss function ℓ holds, and let α = (αi)
n
i=1

be locally optimal tokens according to Definition 3.2. Let Wmm = Wmm
α denote the SVM

solution obtained via (W-SVM) by replacing (opti)ni=1 with α = (αi)
n
i=1. There exists a

positive scalar µ such that for sufficiently large R̄µ: For all V ∈ Sµ(Wmm) with ∥V ∥F =

∥Wmm∥F and W ∈ Cµ,R̄µ
(Wmm), there exist dataset dependent positive constants C, Ĉ, and

c such that

C · 1
n

∑
i∈I

(1− siαi
) ≥ −

〈
∇L(W ),V

〉
≥ c · 1

n

∑
i∈I

(1− siαi
) > 0, (B.60a)

∥∇L(W )∥F ≤ AĈ · 1
n

∑
i∈I

(1− siαi
) , (B.60b)

−
〈

V

∥V ∥F
,
∇L(W )

∥∇L(W )∥F

〉
≥ c

Ĉ
· Θ
A
> 0. (B.60c)

Here, siαi
= (S(XiWzi))αi

; I ⊆ [n] is defined in (B.52); and Θ, A are defined in (B.53).

Proof. Let R = ∥W ∥F ,

ℓ′i = ℓ′(yi · v⊤X⊤
i S(h̃i)), hi = XiV zi, h̃i = XiWzi, si = S(h̃i). (B.61)

Before the main proof of the lemma, we provide bounds for |hit|, Qi, Si, and Qi/Si

(cf. (B.55)). To proceed, recall scores γit = yi · v⊤xit. Not that using (B.53c), for all
V ∈ Rd×d with ∥V ∥F = ∥Wmm∥F , and for all i ∈ [n], t ∈ [T ], we have

|hit| = |x⊤
itV zi| = |⟨xitz⊤

i ,V ⟩| ≤ ∥V ∥F ∥xitz⊤
i ∥ ≤ A. (B.62)

249



Here, the last inequality uses (B.53c).
Let us assume (without losing generality) αi = 1 for all i ∈ [n]. Note that Ti can be empty

for some i ∈ [n]. In this case, we set Si = 0. Similarly, T̄i can also be empty for some i ∈ [n],
in which case we set Qi = 0 which satisfies (B.63a). Note also that for all W ∈ Sµ(Wmm),
∥Wmm∥FW /∥W ∥F satisfies the requirement of Lemma B.6. Hence, we can provide bounds
for Qi and Si in the following. If Qi is positive, for any W ∈ Sµ(Wmm) and with T̄i as the
set of all non-support indices, we have

Qi =

∑
t∈T̄i e

x⊤
itWzi∑T

t=1 e
x⊤
itWzi

≤
∑

t∈T̄i e
x⊤
itWzi

ex
⊤
i1Wzi

≤ Te−RΘ(1+ 3
2
δ). (B.63a)

Here, the last inequality uses our definition R = ∥W ∥F for all W ∈ Sµ(Wmm), Θ =

1/∥Wmm∥F , and (B.56b).
Similarly, in the case Si is positive, for any W ∈ Sµ(Wmm) and Ti as the set of all support

indices, we have

Si =

∑
t∈Ti e

x⊤
itWzi∑T

t=1 e
x⊤
itWzi

≥
∑

t∈Ti e
x⊤
itWzi

Tex
⊤
i1Wzi

≥ 1

T
e−RΘ(1+ 1

2
δ), (B.63b)

Si =

∑
t∈Ti e

x⊤
itWzi∑T

t=1 e
x⊤
itWzi

≤
∑

t∈Ti e
x⊤
itWz

ex
⊤
i1Wzi

≤ Te−RΘ(1− 1
2
δ). (B.63c)

Here, the last inequalities in (B.63b) and (B.63c) follow from (B.56c).
Further, for positive Si and any W ∈ Sµ(Wmm), from (B.56a), we have

Qi

Si
=

∑
t∈T̄i e

x⊤
itWzi∑

t∈Ti e
x⊤
itWzi

≤ Te−
3
2
RΘδ. (B.63d)

Proof of (B.60a):

To proceed, we write the gradient correlation following (B.3) and (B.14) as

−⟨∇L(W ),V ⟩ = 1

n

n∑
i=1

(−ℓ′i) · h⊤
i S′(h̃i)γi,

=
1

n

∑
i∈I

(−ℓ′i) · h⊤
i S′(h̃i)γi +

1

n

∑
i∈Ī

(−ℓ′i) · h⊤
i S′(h̃i)γi. (B.64)
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Note that to show (B.60a), intuitively, we will show that there exists R̄µ such that for any
R ≥ R̄µ, − 1

n

∑
i∈I ℓ

′
i·h⊤

i S′(h̃i)γi dominates− 1
n

∑
i∈Ī ℓ

′
i·h⊤

i S′(h̃i)γi. Directly applying Lemma
B.2, for any i ∈ [n], we obtain∣∣∣∣∣h⊤

i diag(si)γi − h⊤
i sis

⊤
i γi −

T∑
t≥2

(hi1 − hit)sit(γi1 − γit)
∣∣∣∣∣ ≤ 2ΓA(1− si1)

2. (B.65a)

To proceed, let us decouple the non-support indices within
∑T

t≥2(hi1 − hit)sit(γi1 − γit).
Recall T̄i is the set of all non-support indices per Definition 3.2. We have∣∣∣∣∣∣

∑
t∈T̄i

(hi1 − hit)sit(γi1 − γit)

∣∣∣∣∣∣ ≤ 2QiΓA. (B.65b)

It follows from (B.65a) and (B.65b) for Ti as the set of all support indices,∣∣∣∣∣h⊤
i diag(si)γi − h⊤

i sis
⊤
i γi −

∑
t∈Ti

(hi1 − hit)sit(γi1 − γit)
∣∣∣∣∣ ≤ 2ΓA

(
(1− si1)

2 +Qi

)
. (B.66)

In the following, we consider bounding (B.64) for samples from I and Ī separately.
Case 1: i ∈ I (Samples with support tokens). Recall hi1 − hit = (xi1 − xit)

⊤V zi for all
V ∈ Sµ(Wmm) with ∥V ∥F = ∥Wmm∥F . Hence, it follows from (B.56c) that(

1 +
δ

2

)∑
t∈Ti

sit(γi1 − γit) ≥
∑
t∈Ti

(hi1 − hit) sit (γi1 − γit) ≥
(
1− δ

2

)∑
t∈Ti

sit(γi1 − γit).

(B.67)

From (B.54b), we get(
1 +

δ

2

)
γ̄gap
i

∑
t∈Ti

sit ≥
∑
t∈Ti

(hi1 − hit)sit(γi1 − γit) ≥
(
1− δ

2

)
γgap
i

∑
t∈Ti

sit. (B.68)

Note that Si =
∑

t∈Ti sit. The above inequality together with (B.56) implies that

h⊤
i diag(si)γi − h⊤

i sis
⊤
i γi ≤

(
1 +

δ

2

)
Siγ̄

gap
i + 2ΓA

(
(1− si1)

2 +Qi

)
, (B.69a)

h⊤
i diag(si)γi − h⊤

i sis
⊤
i γi ≥

(
1− δ

2

)
Siγ

gap
i − 2ΓA

(
(1− si1)

2 +Qi

)
. (B.69b)

We claim that for each sample i ∈ I, Si dominates ((1− si1)
2+Qi) for large R. Specifically,
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we aim for(
1− δ

2

)
Si · γgap

i ≥ 8ΓAmax
(
(1− si1)

2, Qi

)
⇐⇒ Si ≥ 8

(
1− δ

2

)
ΓA

γgap
i

max
(
(1− si1)

2, Qi

)
.

(B.70)

It follows from (B.63d),

R ≥ R1 =
2 log(T )

3δΘ
, implies that Qi ≤ Si for all i ∈ I. (B.71)

Consequently,

(1− si1)
2 = (Qi + Si)

2 ≤ 4S2
i ≤ 4SiTe

−RΘ(1− 1
2
δ). (B.72)

Substituting (B.63d) and (B.72) into (B.70), we achieve our goal by ensuring that

Si ≥ 8

(
1− δ

2

)
ΓA

γgap
i

max
(
4SiTe

−RΘ(1− 1
2
δ), SiTe

−RΘ 3
2
δ
)
. (B.73)

Equivalently, using the fact that δ ≤ 1/4 by (B.53b), we achieve (B.70) by ensuring that

1 ≥ 32

(
1− δ

2

)
ΓA

γgap
i

Te−RΘ 3
2
δ.

This in turn is ensured for all inputs i ∈ I by choosing

R ≥ max(R1, R2), where R2 =
2

3δΘ
log

(
16 (2− δ)TΓA

γgap
min

)
. (B.74)

Here, R1 is defined in (B.71), and γgap
min = mini∈I γ

gap
i is defined in (B.54b) as the global scalar

which is the worst case score gap over all inputs.
With the choice of R in (B.74), we have ensured (B.70), which, together with (B.69),

implies that

2

(
1 +

δ

2

)
Siγ̄

gap
i ≥ h⊤

i diag(si)γi − h⊤
i sis

⊤
i γi ≥

1

2

(
1− δ

2

)
Siγ

gap
i . (B.75)

Let −ℓ′min and −ℓ′max be the min and max values negative loss derivative admits over
the ball [−A,A], respectively. Note that maxi∈I γ̄

gap
i > 0 and mini∈I γ

gap
i > 0 are dataset

dependent constants. Then, using (B.54b), (B.75), and the choice of R in (B.74), the first
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term in (B.64) can be bounded as

(−ℓ′max) ·
(2 + δ)γ̄gap

max

n

∑
i∈I

Si ≥ −
1

n

∑
i∈I

ℓ′i · h⊤
i S′(h̃i)γi ≥ (−ℓ′min) ·

(2− δ)γgap
min

4n

∑
i∈I

Si. (B.76)

Case 2: i ∈ Ī (Samples without support tokens). Note that if i ∈ Ī, then Si = 0 and it
follows from (B.69) that for all i ∈ Ī,
∣∣h⊤

i diag(si)γi − h⊤
i sis

⊤
i γi
∣∣ ≤ 2ΓA

(
(1− si1)

2 +Qi

)
= 2ΓA

(
Q2
i +Qi

)
≤ 4ΓAQi, (B.77)

where the last inequality uses (1− si1)
2 = (Qi + Si)

2 = Q2
i ≤ Qi.

Recall −ℓ′max be the max values negative loss derivative admits over the ball [−A,A].
Using (B.77) and (B.64) we have that

(−ℓ′max) ·
4ΓA

n

∑
i∈Ī

Qi ≥ −
1

n

∑
i∈Ī

ℓ′i · h⊤
i S′(h̃i)γi ≥ ℓ′max ·

4ΓA

n

∑
i∈Ī

Qi. (B.78)

Using (B.76) and (B.78), we will show that

(−ℓ′min) ·
(2− δ)γgap

min

8n

∑
i∈I

Si ≥ (−ℓ′max) ·
4ΓA

n

∑
i∈Ī

Qi. (B.79)

Using (B.63a) and (B.63b), the above inequality is implied by

−(2− δ)γgap
minℓ

′
min

8
|I| · 1

T
e−RΘ(1+ 1

2
δ) ≥ −4ΓAℓ′max|Ī| · Te−RΘ(1+ 3

2
δ).

This gives the following choice of R

R ≥ R3 =
1

δΘ
log

(
32|Ī|T 2ΓAℓ′max

(2− δ)|I|γgap
minℓ

′
min

)
. (B.80)

Hence, the above choice of R ensures that (B.78) holds.
Considering both Case 1 and Case 2, and combining (B.74) with (B.80), we can select

R ≥ max (R1, R2, R3) , (B.81)
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which, from (B.76) and (B.78), implies that

−2(2 + δ)γ̄gap
maxℓ

′
max

n

∑
i∈I

Si ≥ −
1

n

∑
i∈I

ℓ′i · h⊤
i S′(h̃i)γi −

1

n

∑
i∈Ī

ℓ′i · h⊤
i S′(h̃i)γi

≥ −(2− δ)γgap
minℓ

′
min

8n

∑
i∈I

Si.

The above inequality together with (B.64) implies that

−2(2 + δ)γ̄gap
maxℓ

′
max ·

1

n

∑
i∈I

(1− si1) ≥ ⟨−∇L(W ),V ⟩

≥ −(2− δ)γgap
minℓ

′
min

16
· 1
n

∑
i∈I

(1− si1). (B.82)

Here, the first inequality follows since (1− si1) ≥ Si and the last inequality is obtained from
the fact that (1− si1)/2 = (Qi + Si)/2 ≤ Si due to (B.63d) and the choice of R in (B.74).

Note that since −ℓ′min > 0 due to Assumption 3.1 and
∑

i∈I(1− si1) > 0, the right-hand
side of (B.82) is positive. Hence, by choosing R ≥ R̄µ, there is no stationary point within
Cµ,R̄µ

(Wmm). Finally, we declare the constants

C = 2(2 + δ)γ̄gap
max · (−ℓ′max) > 0, and c =

1

16
(2− δ)γgap

min · (−ℓ′min) > 0. (B.83)

This gives (B.60a).

Proof of (B.60b) and (B.60c):

Let ĥi = XiV̂ zi for all V̂ ∈ Rd×d with ∥V̂ ∥F = ∥Wmm∥F . Note that similar to
(B.62), we have for all i ∈ [n] and t ∈ [T ] that

|ĥit| ≤ ∥V̂ ∥ ∥xitz⊤
i ∥ ≤ A. (B.84)

Recall that si = S(XiWzi), with W ∈ Sµ(Wmm), as stated in Lemma B.7. Following
similar argument as in (B.65)–(B.66), we obtain∣∣∣∣∣ĥ⊤

i diag(si)γi − ĥ⊤
i sis

⊤
i γi −

∑
t∈Ti

(ĥi1 − ĥit)sit(γi1 − γit)
∣∣∣∣∣ ≤ 2ΓA

(
(1− si1)

2 +Qi

)
. (B.85)

Next, we consider bounding (B.69) with h replaced with ĥ for samples from I and Ī,
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separably.
Case A: i ∈ I (Samples with support tokens). Note that ĥi1 − ĥit = (xi1 − xit)

⊤V̂ zi for
all V̂ ∈ Rd×d with ∥V̂ ∥F = ∥Wmm∥F . Hence,

2A
∑
t∈Ti

sit(γi1 − γit) ≥
∑
t∈Ti

(
ĥi1 − ĥit

)
sit (γi1 − γit) . (B.86)

From (B.54b), we get

2Aγ̄gap
i

∑
t∈Ti

sit ≥
∑
t∈Ti

(ĥi1 − ĥit)sit(γi1 − γit). (B.87)

Using (B.85) and (B.87), we get

2Aγ̄gap
i Si + 2AΓ

(
(1− si1)

2 +Qi

)
≥ ĥ⊤

i diag(si)γi − ĥ⊤
i sis

⊤
i γi, for all i ∈ I. (B.88)

Since si = S(h̃i) with h̃i = XiWzi and W ∈ Sµ(Wmm), similar to (B.71), R ≥ R1 gives
Qi ≤ Si for all i ∈ I. Consequently, (1− si1)

2 = (Qi + Si)
2 ≤ 4S2

i ≤ 4Si. This, together
with (B.54b), implies that

(2Aγ̄gap
max + 10AΓ)Si ≥ ĥ⊤

i diag(si)γi − ĥ⊤
i sis

⊤
i γi, for all i ∈ I, (B.89)

Recall −ℓ′max > 0 be the max values negative loss derivative admits over the ball [−A,A]. It
follows from (B.89) that

(2Aγ̄gap
max + 10AΓ) · (−ℓ′max) ·

1

n

∑
i∈I

Si ≥ −
1

n

∑
i∈I

ℓ′i · ĥ⊤
i S′(h̃i)γi. (B.90a)

Case B: i ∈ Ī (Samples without support tokens). Since i ∈ Ī, we have Si = 0. Hence,
from (B.85), we obtain

2AΓQi ≥ ĥ⊤
i diag(si)γi − ĥ⊤

i sis
⊤
i γi, for all i ∈ Ī,

which implies that

2AΓ · (−ℓ′max) ·
1

n

∑
i∈Ī

Qi ≥ −
1

n

∑
i∈Ī

ℓ′i · ĥ⊤
i S′(h̃i)γi. (B.90b)
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In the following, we show that for a sufficiently large choice of R, we have∑
i∈Ī

Qi ≤
∑
i∈I

Si. (B.91)

To do so, using (B.63), the above inequality is guaranteed if, for δ defined in (B.53b), we
have

|Ī| · Te−RΘ(1+ 3
2
δ) ≤ |I| · 1

T
e−RΘ(1+ 1

2
δ).

This gives the following choice of R

R ≥ R4 =
1

δΘ
log

( |Ī|T 2

|I|

)
. (B.92)

Taking both Case 1 and Case 2, and combining (B.74) and (B.92), by choosing

R ≥ max (R1, R4) , (B.93)

we obtain

(2Aγ̄gap
max + 10AΓ + 2AΓ) · (−ℓ′max) ·

1

n

∑
i∈I

Si ≥ −
1

n

n∑
i=1

ℓ′i · ĥ⊤
i S′(h̃i)γi

= −
〈
∇L(W ), V̂

〉
. (B.94)

Recall Θ = 1/∥Wmm∥F . We declare the constant

Ĉ = 2Θ (γ̄gap
max + 5Γ + Γ · (−ℓ′max)) . (B.95)

Thus,

AĈ

nΘ

∑
i∈I

(1− siαi
) ≥ −

〈
∇L(W ), V̂

〉
. (B.96)

To proceed, since (B.96) holds for any V̂ ∈ Rd×d with ∥V̂ ∥F = ∥Wmm∥F , we replace it with
− ∥Wmm∥F

∥∇L(W )∥F
· ∇L(W ), to obtain

〈
∇L(W ),

∥Wmm∥F
∥∇L(W )∥F

· ∇L(W )

〉
= ∥∇L(W )∥F ∥Wmm∥F ≤

AĈ

Θn

∑
i∈I

(1− siαi
). (B.97a)
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Simplifying Θ = 1/∥Wmm∥F on both sides gives (B.60b).
On the other hand, it follows from (B.60a) for all V ∈ Sµ(Wmm) with ∥V ∥F = ∥Wmm∥F

and W ∈ Cµ,R̄µ
(Wmm) that

−
〈
∇L(W ),V

〉
≥ c

n

∑
i∈I

(1− siαi
) > 0. (B.97b)

Combining (B.97a) with (B.97b), we obtain (B.60c) for all V ,W ∈ Sµ(Wmm).
Finally, using (B.54) and (B.53), we have A ≥ 1 and Γ/γgap

min ≥ 1. Using (B.81), (B.92),
and (B.93), R̄µ in the statement of the lemma is defined as

R̄µ =
1

δΘ
log

(
32AT 2 · Γ

γgap
min

· ℓ
′
max

ℓ′min

· |Ī||I|

)
. (B.98)

Here, we assume that |Ī|/|I| is greater than or equal to 1 to simplify the expression. Oth-
erwise, one can replace it with 1.

Lemma B.8 Suppose Assumption 3.1 on the loss function ℓ holds, and let α = (αi)
n
i=1

be locally optimal tokens according to Definition 3.2. Let Wmm = Wmm
α denote the SVM

solution obtained via (W-SVM) by replacing (opti)ni=1 with α = (αi)
n
i=1. Let µ > 0 and R̄µ

be defined as in Lemma B.7. For any choice of π > 0, there exists Rπ ≥ R̄µ such that, for
any W ∈ Cµ,Rπ(W

mm), we have〈
∇L(W ),

W

∥W ∥F

〉
≥ (1 + π)

〈
∇L(W ),

Wmm

∥Wmm∥F

〉
.

Proof. Let

W̄ =
∥Wmm∥F
∥W ∥F

W , h̄i = XiW̄zi, h̃i = XiWzi, hi = XiW
mmzi,

si = S(h̃i), and ℓ′i = ℓ′(yi · v⊤X⊤
i S(h̃i)).

To establish the result, we will prove that, for any π > 0, there exists sufficiently large Rπ

such that for any W ∈ Cµ,Rπ(W
mm):

〈
−∇L(W ), W̄

〉
= − 1

n

n∑
i=1

ℓ′i ·
〈
h̄i,S′(h̃i)γi

〉
≤ −1 + π

n

n∑
i=1

ℓ′i ·
〈
hi,S′(h̃i)γi

〉
= (1 + π) ⟨−∇L(W ),Wmm⟩ . (B.99)

257



Using S′(h̃i) = diag(si)− sis
⊤
i , (B.99) is equivalent to

n∑
i=1

−ℓ′i ·
(
(1 + π)

(
h⊤
i diag(si)γi − h⊤

i sis
⊤
i γi
)
−
(
h̄⊤
i diag(si)γi − h̄isis

⊤
i γi
))
≥ 0. (B.100)

To proceed, recall T̄i is the set of all non-support indices per Definition 3.2, and Ti is the set
of support indices. It follows from (B.66) that∣∣∣∣∣h⊤

i diag(si)γi − h⊤
i sis

⊤
i γi −

∑
t∈Ti

(hi1 − hit)sit(γi1 − γit)
∣∣∣∣∣ ≤ 2ΓA

(
(1− si1)

2 +Qi

)
. (B.101)

Note that W̄ /∥W̄ ∥F = W /∥W ∥F . Hence, W̄ ∈ Sµ(Wmm) and ∥W̄ ∥F = ∥Wmm∥F which
together with (B.66) implies that∣∣∣∣∣h̄⊤

i diag(si)γi − h̄⊤
i sis

⊤
i γi −

∑
t∈Ti

(h̄i1 − h̄it)sit(γi1 − γit)
∣∣∣∣∣ ≤ 2ΓA

(
(1− si1)

2 +Qi

)
. (B.102)

Let us assume (without losing generality) αi = 1 for all i ∈ [n]. Using Lemma B.7 and its
R̄µ constant, if Rπ > R̄µ, we just need to prove the statement for 0 < π < 1. In this case,
using (B.101)–(B.102), (B.100) is implied by the following stronger inequality

n∑
i=1

−ℓ′i ·
(
(1 + π)

∑
t∈Ti

(hi1 − hit)sit(γi1 − γit)−
∑
t∈Ti

(h̄i1 − h̄it)sit(γi1 − γit)− 6ΓA
(
(1− si1)

2 +Qi

))
≥ 0.

Note that since hi1−hit = 1 for t ∈ Ti, using the above inequality, (B.100) is implied by the
following inequality

n∑
i=1

(−ℓ′i) ·
(
(1 + π)

∑
t∈Ti

sit(γi1 − γit)−
∑
t∈Ti

(h̄i1 − h̄it)sit(γi1 − γit)− 6ΓA
(
(1− si1)

2 +Qi

))
≥ 0. (B.103)

Recall from Lemma B.7 where we define I ⊆ [n] be the index set that contains samples
with support non-(locally) optimal tokens per Definition 3.2 and let Ī = [n]− I. For i ∈ I,
Ti = ∅. Therefore, (B.103) implies

∑
i∈I

(−ℓ′i) ·
(
(1 + π)

∑
t∈Ti

sit(γi1 − γit)−
∑
t∈Ti

(h̄i1 − h̄it)sit(γi1 − γit)
)
−

n∑
i=1

(−ℓ′i) · 6ΓA
(
(1− si1)

2 +Qi

)
≥ 0.
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In the following, we claim that

0.5π
∑
i∈I

∑
t∈Ti

(−ℓ′i) · sit(γi1 − γit)

≥
n∑
i=1

(−ℓ′i) · 6ΓA
(
(1− si1)

2 +Qi

)
=
∑
i∈I

(−ℓ′i) · 6ΓA
(
(1− si1)

2 +Qi

)
+
∑
i∈Ī

(−ℓ′i) · 6ΓA
(
Q2
i +Qi

)
.

We will prove the claim by showing

0.25π
∑
i∈I

∑
t∈Ti

(−ℓ′i) · sit(γi1 − γit) ≥
∑
i∈I

(−ℓ′i) · 6ΓA((1− si1)
2 +Qi), and (B.104a)

0.25π
∑
i∈I

∑
t∈Ti

(−ℓ′i) · sit(γi1 − γit) ≥
∑
i∈Ī

(−ℓ′i) · 6ΓA
(
Q2
i +Qi

)
. (B.104b)

Proof of (B.104a) directly follows the earlier argument, namely, following (B.70), (B.73),
and (B.74) which leads to the choice

R ≥ max(R1, R̂2), where R̂2 =
2

3δΘ
log

(
48 (2− δ)TΓA

πγgap
min

)
, (B.105a)

where R1 is defined in (B.71).
Additionally, (B.104b) follows (B.70), (B.77), (B.79), and (B.92), which leads to the choice

R ≥ hatR3 =
1

δΘ
log

(
96|Ī|T 2ΓAℓ′max

(2− δ)|I|πγgap
minℓ

′
min

)
. (B.105b)

To conclude with the result, what remains is proving the comparison

∑
i∈I

−ℓ′i ·
(∑
t∈Ti

(1 + 0.5π)sit(γi1 − γit)− (h̄i1 − h̄it)sit(γi1 − γit)
)
≥ 0. (B.106)

To proceed, we split the problem into two scenarios.
Scenario 1: ∥W̄ −Wmm∥F < ϵ = π

4AΘ
for some ϵ > 0. In this scenario, for the first token

(as an optimal token) and any t ∈ Ti and i ∈ [n], we have

|h̄it − hit| = |x⊤
it(W̄ −Wmm)zit| < AΘϵ =

π

4
.
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Note that hi1 − hit = 1 for t ∈ Ti. Consequently, we obtain

h̄i1 − h̄it = hi1 − hit + h̄i1 − hi1 − h̄it + hit < hi1 − hit + 2AΘϵ

= 1 + 0.5π.

Similarly, h̄i1 − h̄it > 1 − 0.5π ≥ 0.5. Since all terms h̄i1 − h̄it, sit, γi1 − γit in (B.106) are
nonnegative and (h̄i1 − h̄it)sit(γi1 − γit) < (1 + 0.5π)sit(γi1 − γit), above implies the desired
result in (B.106).

Scenario 2: ∥W̄ −Wmm∥F ≥ ϵ = π
4AΘ

. Since W̄ is not (locally) max-margin, in this
scenario, for some i ∈ [n], ν = ν(ϵ) > 0, and τ ∈ Ti, we have that

h̄i1 − h̄iτ ≤ 1− 2ν.

Here τ = argmaxτ∈Ti x
⊤
iτW̄zi denotes the nearest point to h̄i1 (along the W̄ direction).

Note that a non-neighbor t ∈ T̄i cannot be nearest because W̄ ∈ coneµ(pmm) and (B.56)
holds. Recall that si = S(R̄h̄i) where R̄ = ∥W ∥FΘ. To proceed, let h̄i := mint∈Ti h̄i1 − h̄it,

I1 :=
{
i ∈ I : h̄i ≤ 1− 2ν

}
, I − I1 :=

{
i ∈ I : 1− 2ν < h̄i

}
.

For all i ∈ I − I1,∑
t∈Ti

(h̄i1 − h̄it)sit(γi1 − γit)− (1 + 0.5π)
∑
t∈Ti

sit(γi1 − γit)

≤
∑

t∈Ti, h̄i1−h̄it≥1+π
2

(h̄i1 − h̄it)sit(γi1 − γit)

≤ 2AΓ
∑

t∈Ti, h̄i1−h̄it≥1+π
2

sit

≤ 2AΓTe−R̄(1+π
2
).

(B.107)

Here, the first inequality follows since sit > 0 and γi1−γit are non-negative; second inequality
is due to the definition of global scalar Γ = supi∈[n],t,τ∈[T ] |γit − γiτ |, (B.53c), and since
W̄ ∈ Sµ(Wmm) with ∥W̄ ∥F = ∥Wmm∥F and maxt∈[T ] |h̄t| = maxt∈[T ] |(XW̄z)t| ≤ A.

For all i ∈ I1, split the tokens into two groups: Let Ni be the group of tokens obeying
h̄i1 − h̄it ≤ 1− ν and Ti −Ni be the rest of the neighbors. Observe that∑

t∈Ti−Ni
sit∑

t∈Ti sit
≤ T

eνR̄

e2νR̄
= Te−R̄ν .
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Using |h̄i1 − h̄it| ≤ 2A and γgap
min = mini∈[n] γ

gap
i = mini∈[n](γi1 −maxt∈Ti γit), observe that

∑
t∈Ti−Ni

(h̄i1 − h̄it)sit(γi1 − γit) ≤
2ΓATe−R̄ν

γgap
min

∑
t∈Ti

sit(γi1 − γit).

Thus,∑
t∈Ti

(h̄i1 − h̄it)sit(γi1 − γit) =
∑
t∈Ni

(h̄i1 − h̄it)sit(γi1 − γit) +
∑

t∈Ti−Ni

(h̄i1 − h̄it)sit(γi1 − γit)

≤
∑
t∈Ni

(1− ν)sit(γi1 − γit) +
2ΓATe−R̄ν

γgap
min

∑
t∈Ti

sit(γi1 − γit)

≤
(
1− ν + 2ΓATe−R̄ν

γgap
min

)∑
t∈Ti

sit(γi1 − γit)

≤
(
1 +

2ΓATe−R̄ν

γgap
min

)∑
t∈Ti

sit(γi1 − γit).

Hence, choosing

R ≥ R̂4 =
1

νΘ
log

(
8ΓAT

γgap
minπ

)
(B.108)

results in that ∑
t∈Ti

(h̄i1 − h̄it)sit(γi1 − γit)−
(
1 +

π

2

)∑
t∈Ti

sit(γi1 − γit)

≤
(
2ΓATe−R̄ν

γgap
min

− π

2

)∑
t∈Ti

sit(γi1 − γit)

≤ −π
4

∑
t∈Ti

sit(γi1 − γit)

≤ − π

4T
γgap
mine

−R̄(1−2ν).

(B.109)

Here, the last inequality follows from the fact that for all i ∈ I1,

∑
t∈Ti

sit ≥ max
t∈Ti

sit ≥
e−R̄(1−2ν)∑T

t=1 e
−R̄(h̄i1−h̄it)

≥ e−R̄(1−2ν)

T
,

where si = S(R̄h̄i) and R̄ = ∥W ∥FΘ.
From Assumption 3.1, let −ℓ′min and −ℓ′max be the min and max values negative loss

derivative admits over the ball [−A,A], respectively. It follows from (B.107) and (B.109)
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that

−
∑
i∈I

ℓ′i·
(∑
t∈Ti

(h̄i1 − h̄it)sit(γi1 − γit)−
∑
t∈Ti

(1 + 0.5π)sit(γi1 − γit)
)

≤ (−ℓ′max)|I|2AΓTe−R̄(1+π
2
) − (−ℓ′min)

T
· πγ

gap
min

4
e−R̄(1−2ν)

≤ 0.

Here, the last inequality is obtained by using

R ≥ R̂5 =
1

(2ν + π/2)Θ
log

(
8|I|ΓAT 2ℓ′max

ℓ′minγ
gap
minπ

)
, (B.110)

Combing with (B.108), (B.106) is guaranteed by choosing

R ≥ max
{
R̂4, R̂5

}
,

where ν = ν( π
4AΘ

) depends only on π and global problem variables.
Combining this with the prior R choice (B.105), (B.108), and (B.110), i.e.,

max{R1, R̂2, . . . , R̂5}, gives

Rπ =
2

min(δ, ν, π)Θ
log

(
C0AT

2

π
· Γ

γgap
min

· ℓ
′
max

ℓ′min

· |Ī||I|

)
with C0 ≥ 96. (B.111)

Here, similar to (B.98), we assume that |Ī|/|I| is greater than or equal to 1 to simplify the
expression. Otherwise, one can replace |Ī|/|I| with 1 in (B.111).

B.4.1 Proof of Theorem 3.5

Proof. The proof of this theorem follows the proof of [186, Theorem 3]. Let us denote the
initialization lower bound as R0

µ := R, where R is given in the Theorem 3.5’s statement.
Consider an arbitrary value of ϵ ∈ (0, µ/2) and let 1/(1+π) = 1− ϵ. We additionally denote
Rϵ ← Rπ ∨ 1/2 where Rπ was defined in Lemma B.8. At initialization W (0), we set ϵ = µ/2

to obtain R0
µ = Rµ/2, and provide the proof in four steps:

Step 1: There are no stationary points within Cµ,R0
µ
(Wmm). We begin by proving

that there are no stationary points within Cµ,R0
µ
(Wmm). Let (Ti)ni=1 denote the sets of

support indices as defined in Definition 3.2. We define T̄i = [T ]−Ti−{αi} as the tokens that
are non-support indices. Additionally, let µ be defined as in (B.53). Then, since R0

µ ≥ R̄µ

per Lemma B.8, we can apply Lemma B.7 to find that: For all V ,W ∈ Sµ(Wmm) with
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∥W ∥F ̸= 0 and ∥W ∥F ≥ R0
µ, we have that −⟨V ,∇L(W )⟩ is strictly positive.

Step 2: It follows from Lemma B.8 that, there exists Rϵ ≥ R̄µ ∨ 1/2 such that all W ∈
Cµ,Rϵ(W

mm) satisfy〈
−∇L(W ),

Wmm

∥Wmm∥F

〉
≥ (1− ϵ)

〈
−∇L(W ),

W

∥W ∥F

〉
. (B.112)

The argument below applies to a general ϵ ∈ (0, µ/2). However, at initialization W (0), we
set ϵ = µ/2 and, recalling above, initialization lower bound was defined as R0

µ := Rµ/2. To
proceed, for any ϵ ∈ (0, µ/2), we will show that after gradient descent enters the conic set
Cµ,Rϵ(W

mm) for the first time, it will never leave the set. Let tϵ be the first time gradient
descent enters Cµ,Rϵ(W

mm). In Step 4, we will prove that such tϵ is guaranteed to exist.
Additionally, for ϵ← µ/2, note that tϵ = 0 i.e. the point of initialization.
Step 3: Updates remain inside the cone Cµ,Rϵ(W

mm). By leveraging the results from
Step 1 and Step 2, we demonstrate that the gradient iterates, with an appropriate constant
step size, starting from W (kϵ) ∈ Cµ,Rϵ(W

mm), remain within this cone.
We proceed by induction. Suppose that the claim holds up to iteration k ≥ kϵ. This

implies that W (k) ∈ Cµ,Rϵ(W
mm). Hence, recalling cone definition, there exists scalar

µ = µ(α) ∈ (0, 1) and R such that ∥W (k)∥F ≥ R, and〈
W (k)

∥W (k)∥F
,

Wmm

∥Wmm∥F

〉
≥ 1− µ.

For all k ≥ 1, let

ρ(k) := − 1

1− ϵ

〈
∇L(W (k)),

Wmm

∥Wmm∥F

〉
. (B.113)

Note that ρ(k) > 0 due to Step 1. This together with the gradient descent update rule
gives〈

W (k + 1)

∥W (k)∥F
,

Wmm

∥Wmm∥F

〉
=

〈
W (k)

∥W (k)∥F
− η

∥W (k)∥F
∇L(W (k)),

Wmm

∥Wmm∥F

〉
≥ 1− µ− η

∥W (k)∥F

〈
∇L(W (k)),

Wmm

∥Wmm∥F

〉
≥ 1− µ+

ηρ(k)(1− ϵ)
∥W (k)∥F

.

(B.114a)

Note that from Lemma B.7, we have ⟨∇L(W (k)),W (k)⟩ < 0 which implies that
∥W (k + 1)∥F ≥ ∥W (k)∥F . This together with Rϵ definition and ∥W (k)∥F ≥ 1/2 implies
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that

∥W (k + 1)∥F ≤
1

2∥W (k)∥F
(
∥W (k + 1)∥2F + ∥W (k)∥2F

)
=

1

2∥W (k)∥F
(
2∥W (k)∥2F − 2η ⟨∇L(W (k)),W (k)⟩+ η2∥∇L(W (k))∥2F

)
≤ ∥W (k)∥F −

η

∥W (k)∥F
⟨∇L(W (k)),W (k)⟩+ η2∥∇L(W (k))∥2F ,

which gives

∥W (k + 1)∥F
∥W (k)∥F

≤ 1− η

∥W (k)∥F

〈
∇L(W (k)),

W (k)

∥W (k)∥F

〉
+ η2
∥∇L(W (k))∥2
∥W (k)∥F

≤ 1− η

(1− ϵ)∥W (k)∥F

〈
∇L(W (k)),

Wmm

∥Wmm∥F

〉
+ η2
∥∇L(W (k))∥2
∥W (k)∥F

≤ 1 +
ηρ(k)

∥W (k)∥F
+
η2∥∇L(W (k))∥2
∥W (k)∥F

=: C1(ρ(k), η).

(B.114b)

Here, the second inequality follows from (B.112) and (B.113).
Now, it follows from (B.114a) and (B.114b) that〈

W (k + 1)

∥W (k + 1)∥ ,
Wmm

∥Wmm∥

〉
≥ 1

C1(ρ(k), η)

(
1− µ+

ηρ(k)(1− ϵ)
∥W (k)∥F

)
= 1− µ+

1

C1(ρ(k), η)

(
(1− µ)(1− C1(ρ(k), η)) +

ηρ(k)(1− ϵ)
∥W (k)∥F

)
= 1− µ+

η

C1(ρ(k), η)

(
(µ− 1)(

ρ(k)

∥W (k)∥F
+
η∥∇L(W (k))∥2
∥W (k)∥F

) +
ρ(k)(1− ϵ)
∥W (k)∥F

)
= 1− µ+

η

C1(ρ(k), η)

(
ρ(k)(µ− ϵ)
∥W (k)∥F

− η(1− µ)∥∇L(W (k))∥2
∥W (k)∥F

)
≥ 1− µ,

(B.115)

where the last inequality uses our choice of stepsize η ≤ 1/LW in Theorem 3.5’s statement.
Specifically, we need η to be small to ensure the last inequality. We will guarantee this by
choosing a proper Rϵ in Lemma B.8 as follows.
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Note that using Lemma B.7, and (B.63c), we have

ρ(k)

∥∇L(W (k))∥F
= − 1

1− ϵ

〈 ∇L(W (k))

∥∇L(W (k))∥F
,

Wmm

∥Wmm∥F

〉
≥ cΘ

(1− ϵ)ĈA
,

1

∥∇L(W (k))∥F
≥ 1

AĈ · 1
n

∑n
i=1 (1− siαi

)
≥ 1

AĈT
e

R0
µΘδ

2

for some dataset-dependent positive constants C, Ĉ, and c in (B.60); and A, Θ defined in
(B.53).

Hence, using our choice of ϵ ∈ (0, µ/2) (see Step 2), to ensure the last inequality in
(B.115), we have

η ≤ µcΘe
R0
µΘδ

2

2(1− µ)
(
1− µ

2

)
Ĉ2A2T

≤ (µ− ϵ)cΘe
R0
µΘδ

2

(1− µ)(1− ϵ)Ĉ2A2T

≤ (µ− ϵ)ρ(k)
(1− µ)∥∇L(W (k))∥2F

. (B.116)

We will demonstrate that the choice of η in (B.116) does indeed meet our step size condition
as stated in the theorem, i.e., η ≤ 1/LW . Recall that 1/(1 + π) = 1− ϵ, which implies that
π = ϵ/(1− ϵ). Combining this with (B.111), we obtain:

Rπ ≥
2

min(δ, ν, π)Θ
log

(
D0

π

)
(B.117)

which implies that

Rϵ ≥
2

min(δ, ν, π)Θ
log

(
D0(1− ϵ)

ϵ

)
with D0 =

C0AT
2Γℓ′max|Ī|

γgap
minℓ

′
min|I|

.

On the other hand, at the initialization, we have ϵ = µ/2 which implies that

R0
µ ≥

2

min(δ, ν, π)Θ
log

(
D0(2− µ)

µ

)
. (B.118)

In the following, we will determine a lower bound on D0 such that our step size condition
in Theorem 3.5’s statement, i.e., η ≤ 1/LW , is satisfied. Note that for the choice of η in
(B.116) to meet the condition η ≤ 1/LW , the following condition must hold:

1

LW

≤ µcΘe
R0
µΘδ

2

2(1− µ)
(
1− µ

2

)
Ĉ2A2T

(B.119)
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which implies that

R0
µ ≥

2

δΘ
log

(
D1(1− µ/2)

µ/2

)
, where D1 =

(1− µ)
LW

A2Ĉ2T

Θc
.

Hence, using (B.118) and since at the initialization, we have ϵ = µ/2, we need D0 ≥ D1

which implies that

C0 ≥
(1− µ)AĈ2γgap

minℓ
′
min|I|

LWΘcTΓℓ′max|Ī|
. (B.120)

Therefore, with this lower bound on C0, the step size bound in (B.116) is sufficiently large
to ensure that η ≤ 1/LW guarantees (B.115).

Hence, it follows from (B.115) that W (k + 1) ∈ Cµ,Rϵ(W
mm).

Step 4: The correlation of W (k) and Wmm increases over k. From Step 3, we
have that all iterates remain within the initial conic set i.e. W (k) ∈ Cµ,R0

µ
(Wmm) for all

k ≥ 0. Note that it follows from Lemma B.7 that ⟨∇L(W ),Wmm/∥Wmm∥F ⟩ < 0, for any
finite W ∈ Cµ,R0

µ
(Wmm). Hence, there are no finite critical points W ∈ Cµ,R0

µ
(Wmm), for

which ∇L(W ) = 0. Now, based on Lemma B.3, which guarantees that ∇L(W (k)) → 0,
this implies that ∥W (t)∥F → ∞. Consequently, for any choice of ϵ ∈ (0, µ/2) there is
an iteration kϵ such that, for all k ≥ kϵ, W (k) ∈ Cµ,Rϵ(W

mm). Once within Cµ,Rϵ(W
mm),

multiplying both sides (B.112) by the stepsize η and using the gradient descent update, we
get 〈

W (k + 1)−W (k),
Wmm

∥Wmm∥F

〉
≥ (1− ϵ)

〈
W (k + 1)−W (k),

W (k)

∥W (k)∥F

〉
=

(1− ϵ)
2∥W (k)∥F

(
∥W (k + 1)∥2F − ∥W (k)∥2F − ∥W (k + 1)−W (k)∥2F

)
≥ (1− ϵ)

(
1

2∥W (k)∥F
(
∥W (k + 1)∥2F − ∥W (k)∥2F

)
− ∥W (k + 1)−W (k)∥2F

)
≥ (1− ϵ)

(
∥W (k + 1)∥F − ∥W (k)∥F − ∥W (k + 1)−W (k)∥2F

)
≥ (1− ϵ)

(
∥W (k + 1)∥F − ∥W (k)∥F − 2η (L(W (k))− L(W (k + 1)))

)
.

Here, the second inequality is obtained from ∥W (k)∥F ≥ 1/2; the third inequality follows
since for any a, b > 0, we have (a2 − b2)/(2b) − (a − b) ≥ 0; and the last inequality uses
Lemma B.3.
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Summing the above inequality over k ≥ kϵ gives〈
W (k)

∥W (k)∥F
,

Wmm

∥Wmm∥F

〉
≥ 1− ϵ+ C(ϵ, η)

∥W (k)∥F
, W (k) ∈ Cµ,Rϵ(W

mm),

where L⋆ ≤ L (W (k)) for all k ≥ 0, and

C(ϵ, η) =

〈
W (kϵ),

Wmm

∥Wmm∥F

〉
− (1− ϵ)∥W (kϵ)∥F − 2η(1− ϵ)(L(W (kϵ))− L⋆).

Consequently, as k →∞

lim inf
k→∞

〈
W (k)

∥W (k)∥F
,

Wmm

∥Wmm∥F

〉
≥ 1− ϵ, W (k) ∈ Cµ,Rϵ(W

mm).

Since ϵ ∈ (0, µ/2) is arbitrary, we get W (k)/∥W (k)∥F →Wmm/∥Wmm∥F .

B.5 Convergence of Regularization Path for Sequence-

to-Sequence Setting

In this section, we provide proofs for the regularization path analysis. We first provide a
more general formulation of the optimization problem that allows for regressing multiple
token outputs. To distinguish from (W-ERM)&(KQ-ERM), let us call this more general
version Sequence Empirical Risk Minimization (SERM).
Problem definition: Rather than a single input sequence X, let us allow for two input
sequences X ∈ RT×d and Z ∈ RK×d with (xt)

T
t=1 and (zk)

K
k=1. The cross-attention admits

X,Z and outputs K tokens. We will also allow for K separate prediction heads (hk)Kk=1 for
individual cross attention outputs which strictly generalizes the setting where we used single
prediction head h(·). Denote the training labels associated to each token as y = (yik)

K
i=1.

Given n samples (yi,Xi,Zi)
n
i=1, for a decreasing loss function ℓ(·), minimize the empirical

risk by the prediction of first attention output either univariate (W ∈ Rd×d) or bivariate
(Wk,Wq ∈ Rd×m) fashion:

L(W ) =
1

n

n∑
i=1

K∑
k=1

ℓ(yik · hk(X⊤
i S(XiWzik))), (SERM-W)

L(Wk,Wq) =
1

n

n∑
i=1

ℓ(yik · hk(X⊤
i S(XiWkW

⊤
q zik))). (SERM-KQ)

In order to recover the single-output self-attention model, we can simply set K = 1 and
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zi1 ← xi1 and hk ← h. To proceed, we introduce the more general version of the (W-SVM)
problem, which we refer to as Sequential Cross-Attention SVM to preserve consistent phras-
ing. Suppose Wk,Wq ∈ Rd×m with m ≤ d and let Rm denote the set of rank-m matrices in
Rd×d. Given indices α = (αik)

(n,K)
ik=(1,1), consider the SVM with ⋄-norm constraint

Wmm
⋄,α ∈ arg min

W∈Rm

∥W ∥⋄ s.t. min
t̸=αik

(xiαik
− xit)

⊤Wzik ≥ 1 ∀ i ∈ [n], k ∈ [K].

(SAtt-SVM)
When solution is non-unique, we denote the solution set by Wmm(α). In what follows, we
denote Fikt := xitz

⊤
ik and given α, we denote xatt

ik = xiαik
and Fα

ik := xiαik
z⊤
ik. With this

notation, we can equivalently write

Wmm
⋄,α ∈ arg min

W∈Rm

∥W ∥⋄ s.t. min
t̸=αik

⟨Fα
ik − Fikt,W ⟩ ≥ 1 ∀ i ∈ [n], k ∈ [K].

(SAtt-SVM’)

Definition B.1 (Support Indices and Locally-Optimal Indices) Fix token indices
α = (αik)

(n,k)
ik=(1,1) for which (SAtt-SVM) is feasible to obtain Wmm

α := Wmm
⋄,α . Define to-

ken scores as
γikt = yik · hk(xit), γα

ik := γikαik
= yik · hk(xatt

ik ).

Consider tokens Tik ⊂ [T ] such that ⟨Fα
ik − Fikt,W

mm
α ⟩ = 1 for all t ∈ Tik. Tik is allowed to

be an empty set. We refer to Tik as support indices of Fα
ik = xatt

ik z
⊤
ik and define its complement

T̄ik = [T ]−Tik−{αik}. Additionally, token indices α = (αik)
(n,k)
ik=(1,1) are called locally-optimal

if for all i ∈ [n], k ∈ [K] and t ∈ Tik, token scores obey γα
ik > γikt. Associated Wmm

α is called
a locally-optimal direction. Finally, let optik ∈ argmaxt∈[T ] γikt be the optimal indices and
define the associated Wmm(opt) to be a globally-optimal direction.

Lemma B.9 (Mapping regularization path of (Wk,Wq) to W ) Let Wk,Wq ∈ Rd×m

and consider regularization path solutions of (SERM-W) and (SERM-KQ)

W̄ (R) ∈ argmin
W∈Rm:∥W ∥⋆≤R

L(W ) (B.121)

W̄k(R), W̄q(R) ∈ argmin
∥Wk∥2F+∥Wq∥2F≤2R

L(Wk,Wq). (B.122)

For all R ≥ 0, there is a one-to-one map between the set of solutions W̄ (R) of (B.121) and
W̄k(R)W̄q(R)

⊤ of (B.122).

Proof. To prove the mapping, first fix a W̄ (R) solution with rank m, set LF = L(W̄ (R))

and show the existence of Wk,Wq with WkW
⊤
q = W̄ (R) feasible for (B.122) and
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L(Wk,Wq) ≤ LF . Use the singular value decomposition W̄ (R) = UΣV ⊤ with Σ ∈ Rm×m

being diagonal matrix of singular values. Set Wk = U
√
Σ and Wq = V

√
Σ. Observe that

WkW
⊤
q = W and

∥Wk∥2F = ∥Wq∥2F =
m∑
i=1

√
Σii

2
= ∥W̄ (R)∥⋆ ≤ R.

Thus, Wk,Wq achieves L(Wk,Wq) = LF . Conversely, given W̄k(R), W̄q(R) with L⋆ =

L(W̄k(R), W̄q(R)), W = W̄k(R)W̄q(R)
⊤ obeys L(W ) = L⋆ and, using the standard nuclear

norm inequality, we have

∥W ∥⋆ = ∥W̄k(R)W̄q(R)
⊤∥⋆ ≤

1

2
(∥W̄k(R)∥2F + ∥W̄q(R)∥2F ) = R.

This shows W is feasible for (B.121). Combining the two findings above, we find that
optimal costs are equal (L⋆ = LF ) and for any (W̄k(R), W̄q(R)) solution there exists a
W̄ (R) solution and vice versa.

To proceed with our analysis, let us define the set of optimal solutions Wmm
α := Wmm

⋄,α to
(SAtt-SVM). Let us denote this set by Wmm

α := Wmm
⋄ (α). Note that, if the ⋄-norm is not

strongly-convex, Wmm
α may not be singleton.

B.5.1 Local regularization path and proof of Theorem 3.7

We first recall local regularization path which solves the ⋄-norm-constrained problem over
a conic slice C, namely W̄ (R) = min∥W ∥⋄≤R,W∈C L(W ). We will show that proper local
RP directionally converge to locally-optimal directions. Setting the cone to be the rank-m
manifold Rm (and more specifically the set of all matrices Rd×d), this will also establish the
convergence of global RP to the globally-optimal direction.

Our cone definition coneϵ(α) is induced by a token selection α = (αik)
(n,k)
ik=(1,1) and has a

simple interpretation: It prioritizes tokens with lower score than α over tokens with high-
score than α. This way lower score tokens create a barrier for α and prevents optimization
to move towards higher score tokens.

Definition B.2 (Low&High Score Tokens and Separating Cone) Given α ∈ [T ], in-
put sequence X with label y, h(·) : Rd → R, and score γt = y · h(xt) for all t ∈ [T ], define
the low and high score tokens as

lowα(X) =
{
t ∈ [T ]

∣∣ γt < γα}, highα(X) = {t ∈ [T ]− {α}
∣∣ γt ≥ γα

}
.
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For input Xik and index αik, we use the shorthand notations lowαik, high
α
ik. Finally define

coneϵ(α) as

coneϵ(α) =

{
W ∈ Rm

∣∣ min
i∈[n]

max
t∈lowαik

min
τ∈highαik

⟨Fikt − Fikτ ,W ⟩ ≥ ϵ∥W ∥F
}
. (B.123)

Lemma B.10 Consider the cone definition of (B.123) and suppose an SVM solution Wmm
α

exists. If indices α are locally-optimal, Wmm
α ∈ coneϵ(α) for all sufficiently small ϵ > 0.

Otherwise, Wmm
α ̸∈ coneϵ(α) for all ϵ > 0. Additionally, suppose optimal indices optik ∈

argmaxt∈[T ] γikt are unique. Then, coneϵ(opt) = Rm.

Proof. Suppose α is locally optimal. Observe that, thanks to local optimality, Wmm
α obeys

min
t∈Tik
⟨Fikt,Wmm

α ⟩ > max
τ ̸∈Tik∪{αik}

⟨Fikτ ,Wmm
α ⟩ ,

for all i ∈ [n]. Next, observe that Tik ⊆ lowαik and highαik ⊆ T̄ik = [T ] − Tik − {αik}. Thus,
the inequality (B.123) holds for small enough ϵ > 0.

Conversely, suppose α is not locally-optimal. Fix support index t ∈ Tik with t ∈ highαik.
Since t ∈ Tik, observe that

⟨Fikt,Wmm
α ⟩ ≥ max

τ ̸=αik

⟨Fikτ ,Wmm
α ⟩ .

In other words, for this i ∈ [n], we found

max
τ∈lowαik

⟨Fikτ − Fikt,W
mm
α ⟩ ≤ 0,

violating (B.123) definition for any ϵ > 0. To show the final claim, observe that, setting
α := opt, we have that highαik = ∅ for all i ∈ [n] as optik are unique optimal indices. Thus,
there is no constraint enforced on the cone definition in (B.123) making it equal to the
rank-m manifold Rm.

Our main assumption regarding prediction head is a monotonicity condition which is a
strict generalization of linearity: We ask for h to preserve the order of token scores under
convex combinations.

Assumption B.1 (h preserves the top score) The functions (hk)
K
k=1 are Lh-Lipschitz

in Euclidean distance. Given α = (αik)
(n,k)
ik=(1,1), there exists a scalar c := cα > 0 such

270



that for all i ∈ [n], k ∈ [K] the following holds: Consider any convex combination

x(s) =
∑

t∈lowαik∪{αik}

st · xit where
∑

t∈lowαik∪{αik}

st = 1, st ≥ 0.

We have that yik · hk(x(s)) ≤ γα
ik − c(1− sαik

) where γα
ik = yik · hk(xatt

ik ) is the score of αik.

This condition states that convex combinations of tokens with scores lower than αik

cannot achieve a score higher than αik. Here, 1− sαik
term denotes the total share of

non-optimal tokens. We require this condition to hold over the training dataset rather than
the full domain Rd. Crucially, it is a strict generalization of the linearity assumption: Any
linear hk satisfies Assumption B.1 by setting cα > 0 to be the difference between the score
of αik and the largest score within lowαik i.e.

cα := min
i∈[n],k∈[K]

{γα
ik − max

t∈lowαik
γikt} > 0. (B.124)

This can be seen by writing hk(x(s)) =
∑

t∈lowαik∪{αik} st · γikt = γα
ik +

∑
t∈lowαik

st · (γikt −
γα
ik) ≤ γα

ik − cα(1 − sαik
). To provide a nonlinear example, consider the setting all labels

are yik = 1 and h is an arbitrary convex function. Thanks to convexity, we can write
h(x(s)) ≤ ∑T

t=1 st · h(xt) =
∑

t∈lowαik∪{αik} st · γikt. Thus, we can use the same choice of cα
in (B.124).

We remark that, in Section 3.6, we derive formulae describing general inductive bias of
attention without enforcing any assumption on h. These formulae allow for arbitrary output
tokens generated by the transformer model trained by gradient descent. This includes the
setting where gradient descent selects and composes multiple tokens from each sequence
rather than a single token αik.

The following result is our main theorem regarding the convergence of regularization path
to locally-optimal directions when restricted over the cone coneϵ(α).

Theorem B.2 (Convergence of Local Regularization Path) Suppose (SAtt-SVM) is
feasible and α = (αik)

(n,k)
ik=(1,1) are locally-optimal token indices. Suppose Assumptions 3.1&B.1

hold. Recall coneϵ(α) of (B.123) and consider the norm-constrained cone

C⋄ϵ,R0
:= coneϵ(α)

⋂
{W

∣∣ ∥W ∥⋄ ≥ R0}.

Define the conic regularization path W̄ (R) = minC⋄
ϵ,R0

,∥W ∥⋄≤R L(W ). Let Wmm
α be its set of

minima and Ξ⋄ > 0 be the associated margin i.e. Ξ⋄ = 1/∥Wmm
α ∥⋄. For any sufficiently small

ϵ > 0 and sufficiently large R0 = O(1/ϵ) > 0, limR→∞ dist
(

W̄ (R)
RΞ⋄

,Wmm
α

)
= 0. Additionally,
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suppose optimal indices opt = (optik)
(n,k)
ik=(1,1) are unique and set α ← opt. Then, the same

RP convergence guarantee holds with C⋄ϵ,R0
= Rm.

Proof. We will prove that W̄ (R) is the optimal direction and also ∥W̄ (R)∥⋄ →∞. Define
the absolute constant

c⋄ = min
∥W ∥⋄=1

∥W ∥F .

This guarantees that for any W we have ∥W ∥F ≥ c⋄∥W ∥⋄. Also denote ε⋄ = c⋄ϵ. Let
us first determine the ϵ parameter: Fix Wmm

α ∈ Wmm
α . For general α, we can choose any

ϵ > 0 that is sufficiently small to guarantee Wmm
α ∈ coneϵ(α) based on Lemma B.10. For

α = opt, our analysis will entirely avoid using ϵ, specifically, observe that coneϵ(α) = Rm

based on Lemma B.10.
Step 1: Let us first prove that W̄ (R) achieves the optimal risk as R → ∞ – rather than
problem having finite optima. Define norm-normalized W̄mm = Ξ⋄W

mm
α . Note that Wmm

α

separates tokens α from rest of the tokens for each i, k ∈ [n]× [K]. Thus, we have that

lim
R→∞

L(W̄ (R)) ≤ lim
R→∞

L(R · W̄mm) := L⋆ =
1

n

n∑
i=1

K∑
k=1

ℓ(γα
ik). (B.125)

On the other hand, for any choice of W ∈ coneϵ(α), set xW
ik =

∑T
t=1 S(XiWzik)txt.

Set softmax probabilities s(ik) = S(XiWzik). Recalling lowαik, high
α
ik definitions, we can

decompose the attention features as

xW
ik = s(ik)αik

xatt
ik +

∑
t∈lowαik

s
(ik)
t xit +

∑
τ∈highαik

s(ik)τ xiτ . (B.126)

When α = opt, note that we simply have highαik = ∅. This will be important for setting
R0 = 0 and C⋄ϵ,R0

= Rm in the proof for opt indices.
Set γgap

ikt = γikt − γα
ik = yik · (hk(xit) − hk(x

att
ik )). Building on Lh-Lipschitzness of the

prediction head hk(·), we define

B := max
i∈[n],k∈[K]

max
t,τ∈[T ]

Lh · ∥xit − xiτ∥ ≥ |γgap
ikt |. (B.127)

Define P ik :=
∑

t∈lowαik
s
(ik)
t , Qik :=

∑
t∈highαik

s
(ik)
t , and γWik = yik · hk(xW

ik ). Also set tem-

porary variables x′ = (s
(ik)
αik + Qik)xatt

ik +
∑

t∈lowαik
s
(ik)
t xit and γ′ = yik · hk(xW

ik ). Using

Assumption B.1 on x′ and noticing P ik = 1− s
(ik)
αik −Qik, observe that

|γWik − γ′| ≤ BQik and γ′ ≤ γα
ik − cαP ik.
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Recall from (B.124) that, when hk are linear functions, cα can be chosen as

cα := min
i∈[n],k∈[K]

min
t∈lowαik

−γgap
ikt > 0.

To summarize, applying Assumption B.1, we obtain the following score inequalities

γWik ≤ γα
ik − cαP ik +BQik, (B.128)

|γWik − γα
ik| ≤ Lh∥xW

ik − xatt
ik ∥ ≤ Lh

∑
t̸=αik

s
(ik)
t ∥xikt − xatt

ik ∥ ≤ B(1− s(ik)αik
). (B.129)

We will use the γWik − γα
ik term in (B.128) to evaluate W against the reference loss (B.125).

Let a(ik) = XiWzik. Now since W ∈ coneϵ(α), there exists t ∈ lowαik obeying a
(ik)
t −

maxτ∈highαik a
(ik)
τ ≥ ϵ∥W ∥F ≥ ε⋄∥W ∥⋄. Denote Dik := (

∑
t∈[T ] e

a
(ik)
t )−1 to be the softmax

denominator i.e. sum of exponentials. We find that,

Qik =
∑

τ∈highαik

s(ik)τ = Dik
∑

τ∈highαik

ea
(ik)
τ ≤ DikTea

(ik)
t −ϵ∥W ∥F ≤ Te−ε⋄∥W ∥⋄P ik. (B.130)

Consequently, the score difference obeys

γWik − γα
ik ≤ BQik − cαP ik ≤ (BTe−ε⋄∥W ∥⋄ − cα)P ik.

Above, the right hand side is strictly negative as soon as ∥W ∥⋄ ≥ R0 :=
1
ε⋄
log BT

cα
. Note that,

this condition applies to all (i, k) ∈ [n]× [K] pairs uniformly for the same R0. Consequently,
for any ∥W ∥⋄ ≥ R0, for all i, k and W ∈ coneϵ(α), we have that γWik < γα

ik. Additionally,
when α = opt, note that Qik = 0 since highαik = ∅. Thus, R0 = 0 suffices to ensure
γWik < γα

ik. Using the strictly-decreasing nature of ℓ, we conclude with the fact that for all
(finite) W ∈ coneϵ(α),

L(W ) =
1

n

n∑
i=1

K∑
k=1

ℓ(γWik ) > L⋆ =
1

n

n∑
i=1

K∑
k=1

ℓ(γα
ik),

which implies ∥W̄ (R)∥⋄ →∞.
Step 2: To proceed, we show that W̄ (R) converges in direction toWmm

α . Suppose this is not
the case i.e. convergence fails. We will obtain a contradiction by showing that W̄mm(R) =

R · W̄mm achieves a strictly superior loss compared to W̄ (R). Also define the normalized
parameter W̄0(R) = W̄ (R)

RΞ⋄
and W ′ = W̄ (R)

∥W̄ (R)∥⋄Ξ⋄
. Note that W̄0(R) is obtained by scaling

down W ′ since ∥W̄ (R)∥⋄ ≤ R and W ′ obeys ∥W ′∥⋄ = ∥Wmm
α ∥⋄.
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Since W̄0(R) fails to converge to Wmm
α , for some δ > 0, there exists arbitrarily large

R > 0 such that dist
(
W̄0(R),Wmm

α

)
≥ δ. This translates to the suboptimality in

terms of margin constraints as follows: First, distance with respect to the ⋄-norm obeys
dist⋄

(
W̄0(R),Wmm

α

)
≥ δ for some updated δ ← c⋄δ. Secondly, using triangle inequality,

This implies that either ∥W̄0(R)∥⋄ ≤ ∥Wmm
α ∥⋄ − δ/2 or dist⋄ (W ′,Wmm

α ) ≥ δ/2.

In either scenario, W̄0(R) strictly violates one of the margin constraints of (SAtt-SVM): If
∥W̄0(R)∥⋄ ≤ ∥Wmm

α ∥⋄−δ/2, then, since the optimal SVM objective is ∥Wmm
α ∥⋄, there exists

a constraint (i, k) for which
〈
Fα
ik − Fikt, W̄0(R)

〉
≤ 1− δ

2∥Wmm
α ∥⋄ . If dist⋄ (W ′,Wmm

α ) ≥ δ/2,
then, W ′ has same SVM objective but it is strictly bounded away from the solution set.
Thus, for some ϵ := ϵ(δ) > 0, W ′ and its scaled down version W̄0(R) strictly violate an SVM
constraint achieving margin ≤ 1− ϵ. Without losing generality, suppose W̄0(R) violates the
first constraint. Thus, for a properly updated δ > 0 (that is function of the initial δ > 0)
and for (i, k) = (1, 1) and some support index τ ∈ T11,〈

Fα
11 − F11t, W̄0(R)

〉
≤ 1− δ. (B.131)

Now, we will argue that this will lead to a contradiction by proving L(W̄mm(R)) < L(W̄ (R))

for sufficiently large R.
To obtain the result, we establish a refined softmax probability control as in Step 1

by studying distance to L⋆. Following (B.128), denote the score function at W̄ (R) via
γRik = γ

W̄ (R)
ik as shorthand notation. Similarly, let sRik = S(aRik) with aRik = XiW̄ (R)zik. Set

the corresponding notation for the reference parameter W̄mm(R) as γ⋆ik, s⋆ik,a⋆ik.
Critically, recall the above inequalities (B.130) that applies to both W ∈

{W̄ (R), W̄mm(R)} ⊂ coneϵ(α) for an index (i, k) and support index t ∈ Tik

Qik =
∑

τ∈highαik

sikτ = Dik
∑

τ∈highαik

eaikτ

≤ DikTeaikt−ε⋄∥W ∥⋄ ≤ Te−ε⋄∥W ∥⋄P ik ≤ Te−ε⋄∥W ∥⋄(1− sikαik
), (B.132)

where P ik =
∑

τ∈lowαik
sikτ and P ik +Qik = 1− sikαik

.
Note that, setting R0 ≥ O(1/ε⋄) = O(1/ϵ), we guarantee that, for any (i, k) ∈ [n]× [K]

P ik ≥ Qik =⇒ P ik ≥ 0.5(1− sikαik
). (B.133)

Additionally, when α = opt, note that Qik = 0 since highαik = ∅. Thus, R0 = 0 suffices to
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ensure (B.133).
To proceed, recall that R ≥ ∥W̄ (R)∥⋄ ≥ R0 by definition since W̄ (R) ∈ C⋄ϵ,R0

and recall
Ξ⋄ := 1/∥Wmm

α ∥⋄. Equipped with these, we note the following softmax inequalities on the
selected tokens αik

s⋆ikαik
≥ 1

1 + Te−RΞ⋄
≥ 1− Te−RΞ⋄ for all (i, k) ∈ [n]× [K], (B.134)

sRikαik
≤ 1

1 + e−(1−δ)∥W̄ (R)∥⋄Ξ⋄
≤ 1

1 + e−(1−δ)RΞ⋄
for (i, k) = (1, 1).

The former inequality is thanks to Wmm
α achieving ≥ 1 margins on all tokens [T ]− αik and

the latter arises from the δ-margin violation of W̄ (R) at (i, k) = (1, 1) i.e. Eq. (B.131). Since
ℓ is strictly decreasing with Lipschitz gradient and the scores are upper/lower bounded by
an absolute constant (as tokens are bounded, (hk)

K
k=1 are Lipschitz, and both are fixed),

we know that cup ≥ −ℓ′(γWik ) ≥ cdn for some constants cup > cdn > 0. Thus, following
Eq. (B.127) and the score decomposition (B.128), and using (B.132),(B.133),(B.134) we can
write

L(W̄ (R))− L⋆ ≥
1

n
[ℓ(γ

W̄ (R)
11 )− ℓ(γα

11)] ≥
cdn
n
(γα

11 − γW̄ (R)
11 )

≥ cdn
n
(cαP

11
W̄ (R) −BQ11

W̄ (R)) (B.135)

≥ cdn
n
(1− sR11α11

)(0.5cα −BTe−ε⋄∥W̄ (R)∥⋄)

≥ cdn
n

1

1 + e(1−δ)RΞ⋄
(0.5cα −BTe−ε⋄R0).

Above, recalling the choice R0 ≥ O(1/ε⋄) = O(1/ϵ), R ≥ R0 implies BTe−ε⋄R0 ≤ cα/4 to
obtain

L(W̄ (R))− L⋆ ≥
cdn · cα
4n

1

1 + e(1−δ)RΞ⋄
. (B.136)

Additionally when α = opt, since Q11
W̄ (R)

= 0 in (B.135), the bound above holds with R0 = 0

by directly using (B.135).
Conversely, we upper bound the difference between L(W̄mm(R)) and L⋆ as follows. Define

the worst-case loss difference for W̄ (R) as (i′, k′) = argmaxi∈[n],k∈[K][ℓ(γ
⋆
ik)− ℓ(γα

ik)]. Using
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(B.129)&(B.134), we write

L(W̄mm(R))− L⋆ ≤ max
i∈[n],k∈[K]

[ℓ(γ⋆ik)− ℓ(γα
ik)] ≤ cup · (γα

i′k′ − γ⋆i′k′)

≤ cup · (1− s⋆i′k′αi′k′
)B

≤ cup · Te−RΞ⋄B.

(B.137)

Combining the last inequality and (B.136), we conclude that L(W̄mm(R)) < L(W̄ (R))

whenever

cupT · e−RΞ⋄B <
cdn · cα
4n

1

1 + e(1−δ)RΞ⋄
⇐⇒ eRΞ⋄

1 + e(1−δ)RΞ⋄
>

4cupTnB

cdncα
.

The left hand-side inequality holds for all sufficiently large R: Specifically, as soon as R
obeys R > 1

δΞ⋄
log(

8cupTnB

cdncα
). This completes the proof of the theorem via contradiction as we

obtained L(W̄ (R)) > L(W̄mm(R)).

B.5.2 Global regularization path

The following result is a direct corollary of Theorem B.2. Namely, we simply restate the
final line of this theorem that applies to optimal tokens.

Corollary B.1 (Global Convergence of Regularization Path) Suppose Assumptions
3.1&B.1 hold and the optimal indices optik = argmaxt∈[T ] γikt are unique. Consider the
global regularization path W̄⋄,R = minW∈Rm,∥W ∥⋄≤R L(W ). Let Wmm

⋄ be the non-empty so-
lution set of (SAtt-SVM) with α← opt normalized to have unit ⋄-norm. Then

lim
R→∞

dist
(
W̄⋄,R

R
,Wmm

⋄

)
The next corollary directly targets application to (SERM-W) and (SERM-KQ). This

corollary is also a strict generalization of Theorem 3.2. Specifically, we immediately recover
Theorem 3.2 by specializing this to the single-output setting K ← 1 and full-dimensional
parameterization m← d.

Corollary B.2 Suppose Assumptions 3.1&B.1 hold and the optimal indices optik =

argmaxt∈[T ] γikt are unique. Consider the regularization paths associated to (SERM-W) and
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(SERM-KQ):

W̄ (R) = argmin
W∈Rm,∥W ∥F≤R

L(W ) and W̄k(R), W̄q(R) = argmin
∥Wk∥2F+∥Wq∥2F≤2R

L(Wk,Wq)

(B.138)

Suppose (SAtt-SVM) is feasible for α ← opt. Let Wmm be the unique solution of
(SAtt-SVM) with Frobenius norm and Wmm

⋆ be the solution set of (SAtt-SVM) with nu-
clear norm and cost function ∥Wmm

⋆ ∥⋆. We have that

lim
R→∞

W̄ (R)

R
=

Wmm

∥Wmm∥F
, lim

R→∞
dist

(
W̄q(R)W̄k(R)

⊤

R
,
Wmm

⋆

∥Wmm
⋆ ∥⋆

)
= 0.

Proof. We directly apply Corollary B.1 with ⋄ = F and ⋄ = ⋆ respectively. To obtain the
result on W̄ (R), we note that Wmm is unique because Frobenius norm-squared is strongly
convex. To obtain the result on (W̄q(R), W̄k(R)), we use Lemma B.9 and observe that

W̄⋆,R := W̄q(R)W̄k(R)
⊤ ∈ argmin

W∈Rm,∥W ∥⋆≤R
L(W ).

We then apply Corollary B.1 with ⋄ = ⋆ to conclude with the convergence of the path W̄⋆,R.

B.5.2.1 Proof of Theorem 3.2

Corollary B.2 already proves Theorem 3.2 through the more general Theorem B.2. Below,
we provide a self contained proof of Theorem 3.2 for clarity.
Proof. Throughout ⋄ denotes either Frobenius norm or nuclear norm. We will prove that
W̄ (R) asymptotically aligns with the set of globally-optimal directions and also ∥W̄ (R)∥⋄ →
∞. Rm ⊆ Rd×d denote the manifold of rank ≤m matrices.
Step 1: Let us first prove that W̄ (R) achieves the optimal risk as R → ∞ – rather than
problem having finite optima. Define Ξ⋄ = 1/∥Wmm∥⋄ and norm-normalized W̄mm =

Ξ⋄W
mm. Note that Wmm separates tokens opt from rest of the tokens for each i ∈ [n].

Thus, we have that

lim
R→∞

L(W̄ (R)) ≤ lim
R→∞

L(R · W̄mm) := L⋆ =
1

n

n∑
i=1

ℓ(γopt
i ). (B.139)

On the other hand, for any W ∈ Rm, define the softmax probabilities s(i) = S(XiWzi) and
attention features xW

i =
∑T

t=1 s
(i)
t xt. Decompose xW

i as xW
i = s

(i)
optixiopti +

∑
t̸=opti

s
(i)
t xit.
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Set γgap
it = γopt

i − γit = yi · v⊤(xiopti − xit) > 0, and define

B := max
i∈[n]

max
t,τ∈[T ]

∥v∥ · ∥xit − xiτ∥ ≥ γgap
it . (B.140)

Define copt = mini∈[n],t̸=opti γ
gap
it > 0 and γWi = yi · v⊤xW

i . We obtain the following score
inequalities

γWi ≤ γopt
i − copt(1− s

(i)
opti) < γopt

i , (B.141)

|γWi − γopt
i | ≤ ∥v∥ · ∥xW

i − xatt
i ∥ ≤ ∥v∥

∑
t̸=opti

s
(i)
t ∥xit − xatt

i ∥ ≤ B(1− s
(i)
opti).

We will use the γWi − γopt
i term in (B.141) to evaluate W against the reference loss L⋆ of

(B.139). Using the strictly-decreasing nature of ℓ, we conclude with the fact that for all
(finite) W ∈ Rm,

L(W ) =
1

n

n∑
i=1

ℓ(γWi ) > L⋆ =
1

n

n∑
i=1

ℓ(γopt
i ),

which implies ∥W̄ (R)∥⋄ →∞ together with (B.139).
Step 2: To proceed, we show that W̄ (R) converges in direction toWmm, which denotes the
set of SVM minima. Suppose this is not the case and convergence fails. We will obtain a
contradiction by showing that W̄mm

R = R ·W̄mm achieves a strictly superior loss compared to
W̄ (R). Let us introduce the normalized parameters W̄0(R) =

W̄ (R)
RΞ⋄

and W ′ = W̄ (R)

∥W̄ (R)∥⋄Ξ⋄
.

Note that W̄0(R) is obtained by scaling down W ′ since ∥W̄ (R)∥⋄ ≤ R and W ′ obeys
∥W ′∥⋄ = ∥Wmm∥⋄. Since W̄0(R) fails to converge to Wmm, for some δ > 0, there exists
arbitrarily large R > 0 such that dist

(
W̄0(R),Wmm

)
≥ δ. This translates to the subop-

timality in terms of the margin constraints as follows: First, since nuclear norm dominates
Frobenius, distance with respect to the ⋄-norm obeys dist⋄

(
W̄0(R),Wmm

)
≥ δ. Secondly,

using triangle inequality,

this implies that either ∥W̄0(R)∥⋄ ≤ ∥Wmm∥⋄ − δ/2 or dist⋄ (W ′,Wmm) ≥ δ/2.

In either scenario, W̄0(R) strictly violates one of the margin constraints of (SAtt-SVM): If
∥W̄0(R)∥⋄ ≤ ∥Wmm∥⋄ − δ/2, then, since the optimal SVM objective is ∥Wmm∥⋄, there
exists a constraint i, t ̸= opti for which

〈
(xopt

i − xit)z
⊤
i , W̄0(R)

〉
≤ 1 − δ

2∥Wmm∥⋄ . If
dist⋄ (W ′,Wmm) ≥ δ/2, then, W ′ has the same SVM objective but it is strictly bounded
away from the solution set. Thus, for some ϵ := ϵ(δ) > 0, W ′ and its scaled down version
W̄0(R) strictly violate an SVM constraint achieving margin ≤ 1− ϵ. Without losing gener-
ality, suppose W̄0(R) violates the first constraint i = 1. Thus, for a properly updated δ > 0
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(that is function of the initial δ > 0) and for i = 1 and some support index τ ∈ T1,〈
(xopt

1 − x1t)z
⊤
1 , W̄0(R)

〉
≤ 1− δ. (B.142)

Now, we will argue that this leads to a contradiction by proving L(W̄mm
R ) < L(W̄ (R)) for

sufficiently large R.
To obtain the result, we establish a refined softmax probability control as in Step 1

by studying distance to L⋆. Following (B.141), denote the score function at W̄ (R) via
γRi := γ

W̄ (R)
i . Similarly, let sRi = S(aRi ) with aRi = XiW̄ (R)zi. Set the corresponding

notation for the reference parameter W̄mm
R as γ⋆i , s⋆i ,a⋆i . Recall that R ≥ ∥W̄ (R)∥⋄ and

Ξ⋄ := 1/∥Wmm∥⋄. We note the following softmax inequalities

s⋆iopti ≥
1

1 + Te−RΞ⋄
≥ 1− Te−RΞ⋄ for all i ∈ [n], (B.143)

sRiopti ≤
1

1 + e−(1−δ)∥W̄ (R)∥⋄Ξ⋄
≤ 1

1 + e−(1−δ)RΞ⋄
for i = 1.

The former inequality is thanks to Wmm achieving ≥1 margins on all tokens [T ]− opti and
the latter arises from the δ-margin violation of W̄ (R) at i = 1 i.e. Eq. (B.142). Since ℓ is
strictly decreasing with Lipschitz derivative and the scores are upper/lower bounded by an
absolute constant (as tokens are bounded and fixed), we have that cup ≥ −ℓ′(γWi ) ≥ cdn for
some constants cup > cdn > 0. Thus, following Eq. (B.140), the score decomposition (B.141),
and (B.143) we can write

L(W̄ (R))− L⋆ ≥
1

n
[ℓ(γ

W̄ (R)
1 )− ℓ(γopt

1 )] ≥ cdn
n
(γopt

1 − γW̄ (R)
1 ) (B.144)

≥ cdn
n
copt(1− sR1opt1).

≥ cdncopt

n

1

1 + e(1−δ)RΞ⋄
.

Conversely, we upper bound the difference between L(W̄mm
R ) and L⋆ as follows. De-

fine the worst-case loss difference for W̄ (R) as j = argmaxi∈[n][ℓ(γ
⋆
i ) − ℓ(γopt

i )]. Using
(B.141)&(B.143), we write

L(W̄mm
R )− L⋆ ≤ max

i∈[n]
[ℓ(γ⋆i )− ℓ(γopt

i )] ≤ cup · (γopt
j − γ⋆j )

≤ cup · (1− s⋆joptj)B

≤ cup · Te−RΞ⋄B.
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Figure B.1: Convergence behavior of GD when training attention weights (Wk,Wq) ∈ Rd×m

with random data and varying m. The misalignment between attention SVM and GD,
1−corr_coef(Wmm

⋆,α ,WkW
⊤
q ), is studied. Wmm

⋆,α is from (W-SVM⋆) with GD tokens α and
m = d. Subfigures with fixed n = 5 and T = 5 show that as m approaches or exceeds n,
WkW

⊤
q aligns more with Wmm

⋆,α .

Combining the last inequality and (B.144), we conclude that L(W̄mm
R ) < L(W̄ (R)) whenever

cupT · e−RΞ⋄B <
cdn · copt

n

1

1 + e(1−δ)RΞ⋄
⇐⇒ eRΞ⋄

1 + e(1−δ)RΞ⋄
>
cupTnB

cdncopt
.

The left hand-side inequality holds for all sufficiently large R: Specifically, as soon as R
obeys R > 1

δΞ⋄
log(

2cupTnB

cdncopt
). This completes the proof of the theorem by contradiction since

we obtained L(W̄ (R)) > L(W̄mm
R ).

B.6 Supporting Experiments

In this section, we introduce implementation details and additional experiments. Code is
available at

https://github.com/umich-sota/TF-as-SVM

We create a 1-layer self-attention using PyTorch, training it with the SGD optimizer and
a learning rate of η = 0.1. We apply normalized gradient descent to ensure divergence of
attention weights. The attention weight W is then updated through

W (k + 1) = W (k)− η ∇L(W (k))

∥∇L(W (k))∥F
.
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(a) Evolution of correlation under varying d
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Figure B.2: Behavior of GD with nonlinear nonconvex prediction head and multi-token
compositions. (a): Blue, green, red and teal curves represent the evolution of 1 −
corr_coef(W ,W SVMeq) for d = 4, 6, 8 and 10 respectively, which have been displayed in
Figure 3.9(upper). (b): Over the 500 random instances as discussed in Figure 3.9, we filter
different instances by constructing masked set with tokens whose softmax output < Γ and
vary Γ from 10−16 to 10−6. The corresponding results of 1 − corr_coef(W ,W SVMeq) are
displayed in blue, green, red and teal curves.

In the setting of (Wk,Wq)-parameterization, we noted that with extended training iterations,
the norm of the combined parameter WkW

⊤
q consistently rises, despite the gradient being

treated as zero due to computational limitations. To tackle this issue, we introduce a minor
regularization penalty to the loss function, ensuring that the norms of Wk and Wq remain
within reasonable bounds. This adjustment involves

L̃(Wk,Wq) = L(Wk,Wq) + λ(∥Wk∥2F + ∥Wq∥2F ).

Here, we set λ to be the the smallest representable number, e.g. computed as 1 + λ ̸= 1 in
Python, which is around 2.22×10−16. Therefore, Wk,Wq parameters are updated as follows.

Wk(k + 1) = Wk(k)− η
∇L̃Wk

(Wk(k),Wq(k))

∥∇L̃Wk
(Wk(k),Wq(k))∥F

, Wq(k + 1) = Wq(k)− η
∇L̃Wq(Wk(k),Wq(k))

∥∇L̃Wq(Wk(k),Wq(k))∥F
.

• As observed in previous work [186], and due to the exponential expression of softmax
nonlinearity and computation limitation, PyTorch has no guarantee to select optimal tokens
when the score gap is too small. Therefore in Figures 3.4 and 3.5, we generate random tokens
making sure that mini∈[n],t̸=opti γiopti − γit ≥ γ and we choose γ = 0.1 in our experiments.

Rank sensitivity of (Wk,Wq)-parameterization (Figure B.1). In Figure 3.3 and
Lemma 3.1, we have both theoretically and empirically established that the rank of the SVM
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Figure B.3: Behavior of GD when selecting multiple tokens.

solution, denoted as Wmm in (W-SVM) or Wmm
⋆ in (W-SVM⋆), is at most rank max(n, d).

Now, moving to Figure B.1, we delve into GD performance across various dimensions of
Wk,Wq ∈ Rd×m while keeping d = 20 fixed and varying m from 1 to 10. In the upper
subfigure, we maintain a constant n = 5 and vary T within {5, 10, 15}, while in the lower
subfigure, T is fixed at 5 and n changes within {5, 10, 15}. Results are depicted using blue,
green, and red dashed curves, with both y-axes representing 1 − corr_coef(W ,Wmm

⋆,α ),
where W represents the GD solution and Wmm

⋆,α is obtained from (W-SVM⋆) by employing
token indices α selected via GD and setting the rank limit to m = d. Observing both
subfigures, we note that a larger n necessitates a larger m for attention weights WkW

⊤
q

to accurately converge to the SVM solution (Figure B.1(lower)). Meanwhile, performances
remain consistent across varying T values (Figure B.1(upper)). This observation further
validates Lemma 3.1. Furthermore, the results demonstrate that W converges directionally
towards Wmm

⋆,α as long as m ≳ n, thereby confirming the assertion in our Theorem 3.5.

Behavior of GD with nonlinear nonconvex prediction head and multi-token com-
positions (Figure B.2). To better investigate how correlation changes with data dimen-
sion d, we collect the solid curves in Figure 3.9(upper) and construct as Figure B.2a. More-
over, Figure B.2b displays the average correlation of instances (refer to scatters in Figure 3.9
(lower)), considering masked tokens with softmax probability < Γ. Both findings highlight
that higher d enhances alignment. For d ≥ 8 or Γ ≤ 10−9, the GD solution W achieves a
correlation of > 0.99 with the SVM-equivalence W SVMeq, defined in Section 3.6.

Investigation of Lemma 3.6 over different τ selections (Figure B.3). Consider the
setting of Section 3.6.1 and Lemma 3.6. Figure 3.10 explores the influence of λ on the count
of tokens selected by GD-derived attention weights. As λ increases, the likelihood of selecting
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more tokens also increases. Shifting focus to Figure B.3, we examine the effect of τ . For
each outcome, we generate random λ values, retaining pairs (λ,X) satisfying τ constraints,
with averages derived from 100 successful trials. The results indicate a positive correlation
among τ , λ, and the number of selected tokens. Moreover, Figure B.3c provides a precise
distribution of selected token counts across various τ values (specifically τ ∈ {3, 5, 7, 9}).
The findings confirm that the number of selected tokens remains within the limit of τ , thus
validating the assertion made in Lemma 3.6.
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APPENDIX C

Appendix for Chapter 4

C.1 Auxiliary Results

C.1.1 Soft-composition Component

In Section 4.3, we have theoretically shown that when training a single-layer self-attention
model with gradient descent and log-loss function, once Wmm ̸= 0, the composed atten-
tion weight W (τ) will diverge in Frobenius norm and W (τ) converges towards direction
Wmm/∥Wmm∥F ; while in the subspace of Sfin, ΠSfin(W (τ)) converges to a finite W fin which
is the unique solution minimizing the training loss over subspace Sfin as described in The-
orem 4.2. Here, Wmm follows the solution of (Graph-SVM) and plays a role in separating
tokens from different SCCs within the same TPG. Specifically, nodes satisfy (i⇒ j) ∈ G(k).

As for the nodes contained within the same SCC (e.g., (i ≍ j)), to ensure that i and
j will not suppress each other, (Graph-SVM) solves the SVM problem with the constraint
(ei − ej)

⊤Wek = 0. This essentially disregards the influence of distinct tokens within the
same SCC. Consequently, Wmm does not truly capture the essence of the ERM solution.
In the following, we introduce cyclic subdataset and the so-called cyclic-component, and an
equivalence between the cyclic term and W fin can be established under mild assumptions.

Definition C.1 (Cyclic subdataset) Given any training sample (X, y) ∈ DSET, we ob-
tain the corresponding sample (X ′, y) ∈ DSET by removing all tokens in X that satisfy
(y ⇒ x) in the corresponding TPG.

In short, cyclic subdataset focuses on the input tokens that are part of the same SCC
as the label token. Fig. C.1(Right) presents the cyclic subdataset DSET of DSET given in
Fig. C.1(Left), which is the same as Fig. 4.3. In G(1), all nodes are separated into different
SCCs, and therefore, none of them is present in DSET; while in G(2), token e1, e2 and e3 are
reachable from each other, and then are utilized to construct DSET while e4 is removed from
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Figure C.1: Illustration of token-priority graph (TPG). Given the input sequences and labels
(next tokens), we construct the TPGs {G(k)}Kk=1 according to the last token. Left hand side:
Two TPGs G(1) and G(2) are constructed using the samples with e1 and e2 as the last tokens,
respectively. In each graph, directed edges (label→input token) are added, and based on the
token relations, each graph can be partitioned into different strongly-connected components
(SCCs, highlighted as dashed grey rectangles). Right hand side: We consider a cyclic
subdataset DSET by removing all the singleton SCCs, as well as their corresponding edges
(see Definition C.1). Then, DSET contains non-singleton SCCs only as shown on the right.

the dataset. Note that DSET provides a self-contained sub-problem that solely focuses on
intra-SCC edges.

Definition C.2 (Cyclic component) Wfin is obtained as the solution set of the ERM
problem over the cyclic subdataset DSET per Definition C.1. Concretely,

Wfin = arg min
W∈Sfin

L̄(W )

where L̄(W ) =
1

n

∑
(X,y)∈DSET

ℓ(c⊤y X
⊤S(XWx̄)).

Lemma C.1 Consider a dataset DSET and let Wmm be the corresponding SVM solution of
(Graph-SVM) with Wmm ̸= 0. Then we have Wmm ⊥ Sfin, and for any W̄ fin ̸= 0 ∈ Wfin,
W̄ fin and Wmm are orthogonal.

Lemma C.2 Let W ∈ Rd×d be an arbitrary matrix, then we have L̄(W ) = L̄(ΠSfin(W )).

Lemma C.3 Suppose Assumptions 4.1 and 4.2 hold, and loss function ℓ(u) = − log(u),
then for any finite W , L̃(W ) = L̄(W ) where L̃(W ) and L̄(W ) are defined in Theorem 4.2
and Definition C.2, respectively.
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C.1.2 Useful Notations

In this section, we introduce additional notations used in the subsequent proofs.

• Token index sets Oi, Ōi, Ri, R̄i, i ∈ [n]. Consider dataset DSET. Throughout, for any
sample (Xi, yi) ∈ DSET, i ∈ [n], we define

Oi :=
{
t
∣∣∣ xit = yi,∀t ∈ [Ti]

}
and Ōi = [Ti]−Oi, (C.1a)

Ri := Oi
⋃{

t
∣∣∣ (xit ≍ yi) ∈ G(x̄i),∀t ∈ [Ti]

}
and R̄i = [Ti]−Ri (C.1b)

where xit is the token ID of xit, Ti is the number of tokens in the input sequence Xi and
G(x̄i) is the corresponding token-priority graph (TPG) associated with the last/query token
of Xi. Concretely, Oi returns the token indices of i-th input that have the same token ID
as label yi, while Ri returns the token indices of i-th input that are included in the same
strongly-connected component (SCC) as label yi in the corresponding TPG. Then for any
t ∈ R̄i, we have (yi ⇒ xit) ∈ G(x̄i). Take the last input sequence in Figure C.1(left) as an
example, where O = {3} and R = {1, 3}.
• Datasets DSET, DSET and sample index set I, Ī. Recap the training dataset DSET =

(Xi, yi)
n
i=1. Based on the relationships between input tokens and label token, following

instructions in Section 4.2.1 we can construct the TPGs of dataset DSET. Then, let I ⊆ [n]

be the sample index set such that for any i ∈ I, Xi contains distinct tokens from the same
SCC as label yi in their corresponding TPG. Or equivalently,

I =
{
i
∣∣∣ Ri −Oi ̸= ∅, i ∈ [n]

}
and Ī = [n]− I. (C.2)

Then the cyclic subset defined in Definition C.1 can be written by

DSET = (X̄i, yi)i∈I , (C.3)

where X̄i is obtained by removing all input tokens of Xi that are in the different SCCs
from the label token yi, or equivalently, removing xit, t ∈ R̄i. Hence, for all i ∈ Ī, Xi only
contains input tokens (ignoring the ones with the same token ID as label) that have strictly
lower priority than its label token, i.e., (yi ⇒ xit) ∈ G(x̄i) for t ∈ Ōi. In Figure C.1(left), we
have I = {4, 5, 6, 7} and Ī = {1, 2, 3}.
• Token scores γi, i ∈ [n] and loss L(W ) under Assumption 4.1. Let γi = Xicyi be
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the token score vectors. Then under Assumption 4.1, we have

γit =

1, t ∈ Oi
0, t ∈ Ōi

for all i ∈ [n]. (C.4)

Additionally, letting sWi = S(XiWx̄i), we can rewrite the training risk as follows:

L(W ) =
1

n

n∑
i=1

ℓ

(∑
t∈Oi

sWit

)
. (C.5)

C.1.3 Proof of Lemma 4.1

Proof. Recap the constraints in (Graph-SVM) problem:

(ei − ej)
⊤Wek

= 0 ∀(i ≍ j) ∈ G(k)

≥ 1 ∀(i⇒ j) ∈ G(k)
for all k ∈ [K]. (C.6)

Since E = [e1 e2 · · · eK ]⊤ ∈ RK×d is full row rank, then K ≤ d and ek, k ∈ [K] are linearly
independent. Let Ē ∈ RK×d satisfying ĒE⊤ = I. Then for any W̄ ∈ RK×K , we get

(ei − ej)
⊤Ē⊤W̄ Ēek

= 0 ∀(i ≍ j) ∈ G(k)

≥ 1 ∀(i⇒ j) ∈ G(k)
for all k ∈ [K] (C.7)

and feasibility of (C.7) implies W ∈ Rd×d in (C.6) is feasible. Since we can set W = Ē⊤W̄ Ē.
Next let ui = Ēei i ∈ [K] be K-dimensional one-hot vectors. Then it remains to show that
there exists W̄ ∈ RK×K such that

(ui − uj)
⊤W̄uk

= 0 ∀(i ≍ j) ∈ G(k)

≥ 1 ∀(i⇒ j) ∈ G(k)
for all k ∈ [K] (C.8)

is feasible. Additionally, it is equivalent with showing that for any k ∈ [K], there exists
w ∈ RK , such that

(ui − uj)
⊤w

= 0 ∀(i ≍ j) ∈ G(k)

≥ 1 ∀(i⇒ j) ∈ G(k).
(C.9)

To start with, we first derive the priority order of each graph (referring to the topological
sorting of directed graph). Let Mi be the order of ui where Mi’s i ∈ [K] are positive integers.
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Then if (i ≍ j), Mi =Mj; if (i⇒ j), Mi > Mj. Then let w =
∑

i∈[K]Miui. We obtain that
for any k ∈ [K],

∀(i ≍ j) ∈ G(k), (ui − uj)
⊤w = (ui − uj)

⊤(Miui +Mjuj) =Mi −Mj = 0

∀(i⇒ j) ∈ G(k), (ui − uj)
⊤w = (ui − uj)

⊤(Miui +Mjuj) =Mi −Mj ≥ 1

which indicates that (C.9) is feasible for any k ∈ [K] and it completes the proof.

C.1.4 Proof of Lemma C.1

Proof. Recall from Definition 4.1 that Sfin is the span of all matrices (ei − ej)e
⊤
k for all

(i ≍ j) ∈ G(k) and k ∈ [K]. Then for any matrix W ∈ Sfin, there exist aijk’s satisfying

W =
∑
i,j,k

aijk(ei − ej)e
⊤
k

where (i ≍ j) ∈ G(k) and k ∈ [K]. Since Wmm is the solution of (Graph-SVM) that satisfies
the all “= 0” constraints, for any matrix W ∈ Sfin, we have

⟨Wmm,W ⟩ =
∑
i,j,k

aijk
〈
Wmm, (ei − ej)e

⊤
k

〉
= 0.

Therefore, Wmm ⊥ Sfin.

C.1.5 Proof of Lemma C.2

Proof. Recap the definition of L̄(W ) from Def. C.2 and I, X̄i from (C.2), (C.3). Then

L̄(W ) =
1

n

∑
i∈I

ℓ(c⊤yiX̄
⊤
i S(X̄iWx̄i)).

Let W⊥ = ΠS⊥
fin
(W ) and W ∥ = ΠSfin(W ). Then it remains to show that for any (X̄, y) ∈

DSET, S(X̄Wx̄) = S(X̄W ∥x̄).
For simplification, let x̄ = ek, and following the definition of TPG, SCC and DSET, we

have that all tokens x ∈ X̄ are in the same SCC and denote the token set as C(k). Then Sfin

spans the matrices (ei − ej)e
⊤
k for i, j ∈ C(k). For any i ∈ C(k), we get

e⊤
i Wek = e⊤

i W
∥ek + e⊤

i W
⊥ek.
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Next, let aik = e⊤
i W

⊥ek, i ∈ C(k). Since W⊥ ⊥ Sfin, and (ei − ej)e
⊤
k ∈ Sfin, we obtain

(ei − ej)
⊤W⊥ek = 0 (C.10)

=⇒ e⊤
i W

⊥ek − e⊤
j W

⊥ek = 0

=⇒ aik − ajk = 0

=⇒ aik = ajk =: āk.

Then we have that for any x ∈ X̄, x⊤W⊥x̄ = āk where āk is associated with the last/query
token x̄ and hence

X̄Wx̄ = X̄W ∥x̄+ X̄W⊥x̄ = X̄W ∥x̄+ āk1

S(X̄Wx̄) = S(X̄W ∥x̄+ āk1) = S(X̄W ∥x̄),

which completes the proof.

C.1.6 Proof of Lemma C.3

In the following, we present an additional lemma that incorporates Lemma C.3.

Lemma C.4 Suppose Assumptions 4.1 and 4.2 hold and loss function ℓ : R→ R is strictly
decreasing. For any finite W , once DSET ̸= DSET, we have that

L(W ) >
|Ī|
n
ℓ(1) + L̄(W ). (C.11)

Additionally, we have

min
W ′∈S⊥

fin

L(W ′ +W ) = L̃(W ) =
|Ī|
n
ℓ(1) + L̄(W ), (C.12a)

min
W
L(W ) = min

W
L̃(W ) =

|Ī|
n
ℓ(1) + min

W
L̄(W ). (C.12b)

Proof. We start with proving that for any finite W , L(W ) ≥ |Ī|
n
ℓ(1) + L̄(W ). Let

W⊥ = ΠS⊥
fin
(W ), W ∥ = ΠSfin(W ) where we have W = W⊥ + W ∥. Let ai = XiW

⊥x̄i,
bi = XiW

∥x̄i and si = S(XiWx̄i) = S(ai + bi). Following (C.5) and the definition of
L̄(W ), training losses obey

L(W ) =
1

n

n∑
i=1

ℓ

(∑
t∈Oi

sit

)
and L̄(W ) =

1

n

∑
i∈I

ℓ

(∑
t∈Oi

sit∑
t∈Ri

sit

)
.
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From proof of Lemma C.2 (more specifically (C.10)), we have that for any t ∈ Ri,

x⊤
itW

⊥x̄i = āi =⇒ ait = āi, ∀t ∈ Ri

where āi is some constant associated with W⊥. Then for any i ∈ [n], we get

∑
t∈Oi

sit =

∑
t∈Oi

eāi+bit∑
t∈Ri

eāi+bit +
∑

t∈R̄i
eait+bit

=

∑
t∈Oi

ebit∑
t∈Ri

ebit +
∑

t∈R̄i
ebit+ait−āi

≤
∑

t∈Oi
ebit∑

t∈Ri
ebit

,∑
t∈Oi

sit∑
t∈Ri

sit
=

∑
t∈Oi

eāi+bit∑
t∈Ri

eāi+bit
=

∑
t∈Oi

ebit∑
t∈Ri

ebit
.

Next following (C.2) we have that for i ∈ Ī, Ri = Oi and therefore∑
t∈Oi

sit∑
t∈Ri

sit
= 1 for all i ∈ Ī.

Note that since ait, bit are finite and DSET ̸= DSET, there exists i ∈ [n] such that
∑

t∈Oi
sit <∑

t∈Oi
sit∑

t∈Ri
sit

. Given strictly decreasing loss function ℓ and any finite W , the training risks obey

L(W ) =
1

n

n∑
i=1

ℓ

(∑
i∈Oi

sit

)
>

1

n

∑
i∈Ī

ℓ(1) +
1

n

∑
i∈I

ℓ

(∑
t∈Oi

sit∑
t∈Ri

sit

)
=
|Ī|
n
ℓ(1) + L̄(W ).

It completes the proof of (C.11).
We next show that

min
W ′∈S⊥

fin

L(W ′ +W ) = L̃(W ) =
|Ī|
n
ℓ(1) + L̄(W ).

Recap from Theorem 4.2 that L̃(W ) = limR→∞ L(W + R ·Wmm). Let W⊥ = ΠS⊥
fin
(W ),

W ∥ = ΠSfin(W ) where we have W = W⊥ + W ∥. Let ai = XiW
⊥x̄i, bi = XiW

∥x̄i,
ci = XiW

mmx̄i and sRi = S(Xi(R ·Wmm +W )x̄i) = S(ai + bi +R · ci). Similarly, for any
t ∈ Ri,

x⊤
itW

⊥x̄i = āi =⇒ ait = āi, ∀t ∈ Ri

where āi is some constant associated with W⊥. Additionally, since Wmm follows
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(Graph-SVM), we have

(xiτ − xit)
⊤Wmmx̄i

= 0 ∀t ∈ Ri

≥ 1 ∀t ∈ R̄i

, for all τ ∈ Ri =⇒

cit = c̄i, ∀t ∈ Ri,

cit ≤ c̄i − 1, ∀t ∈ R̄i.

(C.13)

Then for any i ∈ [n], we get

∑
t∈Oi

sRit =

∑
t∈Oi

eāi+bit+Rc̄i∑
t∈Ri

eāi+bit+Rc̄i +
∑

t∈R̄i
eait+bit+Rcit

=

∑
t∈Oi

ebit∑
t∈Ri

ebit +
∑

t∈R̄i
ebit+ait−āi+R(cit−c̄i)

≤
∑

t∈Oi
ebit∑

t∈Ri
ebit

.

Case 1: Wmm = 0. Then for all i ∈ [n], R̄i = ∅ and the equality holds for all i ∈ [n].
Case 2: Wmm ̸= 0. Since ait, bit are finite and cit − c̄i ≤ −1 for t ∈ R̄i following (C.13),
the equality holds when R→∞, and therefore we have for any i ∈ [n],

lim
R→∞

∑
t∈Oi

sRit =

∑
t∈Oi

ebit∑
t∈Ri

ebit

and

L̃(W ) = lim
R→∞

L(R ·Wmm +W ) = lim
R→∞

1

n

n∑
i=1

ℓ

(∑
i∈Oi

sRit

)

=
|Ī|
n
ℓ(1) +

1

n

∑
i∈I

ℓ

(∑
t∈Oi

ebit∑
t∈Ri

ebit

)

=
|Ī|
n
ℓ(1) + L̄(W ). (C.14)

Additionally, we have for any W ′ ∈ S⊥
fin,

L(W ′ +W ) ≥ |Ī|
n
ℓ(1) + L̄(W ′ +W ) =

|Ī|
n
ℓ(1) + L̄(W )

where the inequality uses (C.11) and the equality comes from Lemma C.2. Since bound is
achievable (by choosing W ′ = limR→∞R ·Wmm as in (C.14)), then combining it with (C.14)
completes the proof of (C.12a). (C.12b) is directly obtained from (C.12a).
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C.2 Global Convergence of Gradient Descent

C.2.1 Supporting Results under the Setting of Theorem 4.2

In this section, we introduce results useful for the main proof. Recap the setting of Theo-
rem 4.2 where ℓ(u) = − log(u). Therefore loss defined in (C.5) is

L(W ) = − 1

n

n∑
i=1

log

(∑
t∈Oi

sWit

)
(C.15)

where sWi = S(XiWx̄i) and Oi’s follow (C.1).

• ∇L(W ) under the setting of Theorem 4.2. For any W ∈ Rd×d, let hi = XiWx̄i, si =

S(hi), γi = Xicyi .

∇L(W ) =
1

n

n∑
i=1

ℓ′(γ⊤i si)X
⊤
i S′(hi)γix̄

⊤
i

=
1

n

n∑
i=1

− 1

γ⊤i si
X⊤

i (diag(si)− sis
⊤
i )γix̄

⊤
i

=
1

n

n∑
i=1

∑
t∈Ōi

sit(xit − eyi)x̄
⊤
i

(C.16)

where the last equation uses the fact that for any example (Xi, yi) ∈ DSET, i ∈ [n],

X⊤
i (diag(si)− sis

⊤
i )γi

γ⊤i si
=

X⊤
i diag(si)γi
γ⊤i si

−X⊤
i si

=

∑
t∈Oi

siteyi∑
t∈Oi

sit
−X⊤

i si

= eyi −X⊤
i si

=
∑
t∈Ōi

sit(eyi − xit).

Here, the second equality comes from (C.4).

• Lipschitzness of ∇L(W ) in (C.16). For any W , Ẇ ∈ Rd×d, let si = S(XiWx̄i) and
ṡi = S(XiẆ x̄i). Consider bounded tokens and let M := maxk∈[K] ∥ek∥. Following (C.16),
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we have:

∥∇L(W )−∇L(Ẇ )∥F = ∥ 1
n

n∑
i=1

∑
t∈Ōi

(sit − ṡit)(xit − eyi)x̄
⊤
i ∥F

≤ 1

n

n∑
i=1

∑
t∈Ōi

|sit − ṡit| ∥(xit − eyi)x̄
⊤
i ∥F

≤ 2M2

n

n∑
i=1

∑
t∈Ōi

|sit − ṡit|

≤ 2M2

n

n∑
i=1

∥si − ṡi∥1

≤ 2M2

n

n∑
i=1

√
Ti · ∥si − ṡi∥.

(C.17)

Next for any s, ṡ, we get

∥s− ṡ∥ = ∥S(XWx̄)− S(XẆx̄)∥
≤ ∥XWx̄−XẆx̄∥
≤M2∥W − Ẇ ∥F .

(C.18)

Combining results in that

∥∇L(W )−∇L(Ẇ )∥F ≤ 2M4
√
Tmax · ∥W − Ẇ ∥F (C.19)

where Tmax := maxi∈[n] Ti. Then let

L := 2M4
√
Tmax (C.20)

and ∇L(W ) is L-Lipschitz continuous.

C.2.2 Proof of Lemma 4.2

In this subsection, we provide and prove a general version of Lemma 4.2. To to that, we first
introduce the following new subspaces.

Definition C.3 Define the subspace Sactive as the span of all matrices (ei − ej)e
⊤
k for all

(i→ j) ∈ G(k) and k ∈ [K].

Definition C.4 (Cyclic subspace (Restated)) Define cyclic subspace Sfin as the span of
all matrices (ei − ej)e

⊤
k for all (i ≍ j) ∈ G(k) and k ∈ [K].
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Observe that Sfin is a subspace of Sactive. This is because if two nodes i, j ∈ G(k) and i ≍ j,
this also implies that i→ j and j → i.

Definition C.5 (SVM subspace) Define svm subspace Ssvm as the orthogonal complement
of the subspace Sfin inside the subspace Sactive.

Lemma C.5 We have the following:

(i) Recall the definition of Wmm in (Graph-SVM). Wmm ∈ Ssvm.

(ii) Let S⊥
active be the orthogonal complement of Sactive inside Rd×d. Then,

∥ΠS⊥
active

(∇L(W ))∥F = 0, ∀W ∈ Rd×d.

Proof.
• (i): Recall the definition of Wmm:

Wmm = argmin
W
∥W ∥F

s.t. (ei − ej)
⊤Wek

= 0 ∀(i ≍ j) ∈ G(k)

≥ 1 ∀(i⇒ j) ∈ G(k)
for all k ∈ [K].

Assume that the statement is not correct. Then, either ∥ΠSfin(W
mm)∥F > 0 or

∥ΠS⊥
active

(Wmm)∥F > 0.
By definition, ∥ΠSfin(W

mm)∥F = 0 since for all (i ≍ j) ∈ G(k), (ei − ej)
⊤Wmmek = 0.

On the other hand, if ∥ΠS⊥
active

(Wmm)∥F > 0, then Wmm −ΠS⊥
active

(Wmm) also satisfies
all of the constraints of (Graph-SVM), and

∥Wmm −ΠS⊥
active

(Wmm)∥F < ∥Wmm∥F ,

which is a contradiction. Therefore, Wmm ∈ Ssvm.
• (ii): From (C.16), we know that

∇L(W ) =
1

n

n∑
i=1

∑
t∈Ōi

sit(xit − eyi)x̄
⊤
i

where Ōi is given by (C.1). By definition of Sactive, ∥ΠS⊥
active

(xit − eyi)x̄
⊤
i ∥F = 0 for any

i ∈ [n] and t ∈ Ōi. As ∇L(W ) is the summation of these terms, the advertised result is
proved.

Now, we are ready to prove a stronger version of Lemma 4.2.
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Lemma C.6 (Stronger version of Lemma 4.2) Suppose Assumptions 4.1 and 4.2 hold
and consider the log-loss ℓ(u) = − log(u), then L(W ) is convex. Furthermore, L(W ) is
strictly convex on Sactive.

Proof. Let SK be the span of all eie⊤
j where i, j ∈ [K].

• First Case: W ∈ SK. Let g : SK −→ RK×K such that g(W ) = EWE⊤. By definition,
this function is linear. In addition to that, this function g is invertible by Assumption 4.1
and the domain of the function is SK . Note that Assumption 4.1 ensures rank(E) = K.

Let E′ = C ′ = Ik, (X ′
i, y

′
i) be a DSET such that y′i = yi and X ′

i = XiE
†. Then, for any

W ′ ∈ RK×K , we have the following:

L ◦ g−1(W ′) =
1

n

n∑
i=1

ℓ
(
(c′yi)

⊤(X ′
i)

⊤S(X ′
iW

′x̄i
′)
)

Using Lemma C.7 and C.8, we know that L◦g−1(W ′) is convex on RK×K and strictly convex
on g(Sactive). Using these two facts and Lemma C.7, we have L(W ) is convex on SK and
strictly convex on Sactive ∩ SK = Sactive.
• Second Case: W ̸∈ SK. By definition of loss function in (ERM), we have

L(W ) =
1

n

n∑
i=1

ℓ(c⊤yiX
⊤
i S(XiWx̄i)) =

1

n

n∑
i=1

ℓ(c⊤yiX
⊤
i S(XiΠSK

(W )x̄i)) = L(ΠSK
(W ))

(C.21)

Let W1,W2 ∈ Rd×d be arbitrary variables. For any 0 < λ < 1, we have the following:

L(λW1 + (1− λ)W2) = L(λΠSK
(W1) + λΠSK

(W2)) (C.22)

Then, using (C.21) and (C.22), we have the following:

λL(W1) + (1− λ)L(W2) = λL(ΠSK
(W1)) + (1− λ)L(ΠSK

(W2))

(a)

≥ L(λΠSK
(W1) + λΠSK

(W2)) = L(λW1 + (1− λ)W2)

where (a) follows from the convexity of L(W ) inside SK . This implies that L(W ) is convex
when W ̸∈ SK . Note that Sactive ⊂ SK , therefore we do not look at the strict convexity in
this case.

Lemma C.7 Let T : X −→ Y be an invertible linear map. If a function f : Y −→ R is
convex/strictly convex on Y, then f ◦ T (x) is a convex/strictly convex function on X .

295



Proof. Let x1 ̸= x2 ∈ X be arbitrary variables. Let y1 = T (x1) and y2 = T (x2). Since T
is an invertible map, y1 ̸= y2. Since T is a linear map, T (λx1 + (1− λ)x2) = λy1 + (1− λ)y2
for 0 < λ < 1. Then, we obtain the following

λ(f ◦ T (x1)) + (1− λ)(f ◦ T (x2)) = λf(y1) + (1− λ)f(y2)
(a)
> f(λy1 + (1− λ)y2)
= f ◦ T (λx1 + (1− λ)x2)

where (a) follows from the strict convexity of the function f . This implies that f ◦ T (x) is a
strictly convex function on X . Note that if y1 = y2, then we cannot achieve (a). Additionally,
if f is convex instead of strictly convex, then > in (a) is changed to ≥, and f ◦T (x) is convex.

Lemma C.8 Suppose that Assumption 4.2 holds and E = Id. Let f : Rd×d −→ Rd2 be a
linear transformation defined as f(W ) = v where vi×d+j = e⊤

i Wej. Then, L ◦ f−1(v) is
convex. Furthermore, L ◦ f−1(v) is strictly convex on f(Sactive), where Sactive is defined in
Definition C.3.

Proof. • We first prove that L ◦ f−1(v) is convex. Let ℓ̄ : Rd2 × RT×d × R −→ R be
defined as follows:

ℓ̄(v,X, y) := ℓ
(
c⊤y X

⊤S(X
(
f−1(v)

)
x̄)
)
.

Then, using (ERM), we have the following:

L ◦ f−1(v) =
1

n

n∑
i=1

ℓ
(
c⊤yiX

⊤
i S(Xi

(
f−1(v)

)
x̄i)
)
=

1

n

n∑
i=1

ℓ̄(v,Xi, yi). (C.23)

Note that the summation of convex functions is convex. Therefore, it is sufficient to prove the
convexity of L ◦ f−1(v) by proving the convexity of ℓ̄(v,X, y) for an arbitrary pair of input
sequence and label (X, y). For the simplicity of notation, we use ℓ̄(v) instead of ℓ̄(v,X, y).
Let mj be the number of token ID j inside input sequence X for j ∈ [K]. Let k be the last
token of X. By Assumption 4.1 and log-loss, we know that

ℓ̄(v) := ℓ̄(v,X, y) = − log

(
my · evy×d+k∑
j∈[K]mj · evj×d+k

)
= log

∑
j∈[K]

mj · evj×d+k

− log(my · evy×d+k).

Let z ∈ Rd2 be a vector such that the (j × d+ k)th element of z is zj×d+k = mj · evj×d+k for
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k ∈ [K], otherwise zi = 0. Then, the Hessian matrix of ℓ̄(v) is

∇2ℓ̄(v) =
1

(1⊤z)2
(
(1⊤z)diag(z)− zz⊤)

For any u ∈ Rd2 , we obtain that

u⊤∇2ℓ̄(v)u =
1

(1⊤z)2

( d2∑
j=1

zj

)(
d2∑
j=1

u2jzj

)
−
(

d2∑
j=1

ujzj

)2
 ≥ 0. (C.24)

Since zi ≥ 0, i ∈ [d2], (C.24) follows from the Cauchy-Schwarz inequality (α⊤α)(β⊤β) ≥
(α⊤β)2 applied to the vectors with αi = ui

√
zi and βi =

√
zi. The equality condition holds

kα = β for k ̸= 0. This means that ℓ̄(v) is convex.
• Next, we will show that L ◦ f−1(v) is strictly convex on f(Sactive). Assume that
L◦f−1(v) is not strictly convex on f(Sactive). Using the convexity of L◦f−1(v), this implies
that there exist u,v ∈ f(Sactive), ∥u∥2 > 0 such that

u⊤ (∇2L ◦ f−1(v)
)
u = 0

Using the convexity of ℓ̄(v) and (C.23), we have the following:

u⊤ (∇2ℓ̄(v,Xi,yi)
)
u = 0 ∀i ∈ [n] (C.25)

Now, we are going to prove that ∥u∥2 = 0 if (C.25) holds. As u ∈ f(Sactive), there exists
W ∈ Sactive such that f(W ) = u. As the function f preserves the norm, ∥W ∥F > 0. By
definition of Sactive, there exist ī, j̄, k̄ ∈ [K] and (Xn̄, yn̄) ∈ DSET such that ⟨(eī−ej̄)e⊤

k̄
,W ⟩ >

0, Xn̄ includes the j̄th token, the last token of Xn̄ is the k̄th token, and yn̄ = ī. On the other
hand, by Assumption 4.2, zī×d+k̄ and zj̄×d+k̄ in (C.24) are non-zero for this input sequence
Xn̄. Using the equality condition of Cauchy-Schwartz Inequality in (C.24), we obtain that
uī×d+k̄ − uj̄×d+k̄ = 0. This implies that

0 = uī×d+k̄ − uj̄×d+k̄
= e⊤

ī Wek̄ − e⊤
j̄ Wek̄

= (eī − ej̄)
⊤Wek̄ = ⟨(eī − ej̄)e

⊤
k̄ ,W ⟩

which contradicts with the fact that ∥u∥2 > 0. This completes the proof.
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C.2.3 Divergence of ∥ΠSsvm(W(τ))∥F
We first introduce the following lemmas establishing the descent property of gradient de-
scent for L(W ) (Lemma C.9) and the correlation between ∇L(W ) and the solution of
(Graph-SVM) Wmm (Lemma C.10) under the setting of Theorem 4.2. The proofs in this
section follow Appendix B.1 of [185].

Lemma C.9 (Descent Lemma) Consider the loss in (C.15) and choose step size η ≤ 1/L

where L is the Lipschitzness of ∇L(W ) defined in (C.20). Then from any initialization
W (0), Algorithm Algo-GD satisfies:

L(W (τ + 1))− L(W (τ)) ≤ −η
2
∥∇L(W (τ))∥2F

for all τ ≥ 0. Additionally, it holds that
∑∞

τ=0 ∥∇L(W (τ))∥2F < ∞, and
limτ→∞ ∥∇L(W (τ))∥2F = 0

Proof. From (Algo-GD), for τ ≥ 0, we have that W (τ +1) = W (τ)− η∇L(W (τ)). Since
L(W ) is L-smooth with L defined in (C.20), we get

L(W (τ + 1)) ≤ L(W (τ)) + ⟨∇L(W (τ)),W (τ + 1)−W (τ)⟩+ L

2
∥W (τ + 1)−W (τ)∥2F

= L(W (τ))− η · ∥∇L(W (τ))∥2F +
Lη2

2
∥∇L(W (τ))∥2F

= L(W (τ))− η
(
1− Lη

2

)
∥∇L(W (τ))∥2F

≤ L(W (τ))− η

2
∥∇L(W (τ))∥2F .

The inequality above also indicates that

∞∑
τ=0

∥∇L(W (τ))∥2F ≤
2

η
(L(W (0))− L∗) <∞, and lim

τ→∞
∥∇L(W (τ))∥2F = 0.

Lemma C.10 Let Wmm be the SVM solution of (Graph-SVM) and suppose Wmm ̸= 0. For
any W with ∥W ∥F < ∞, the training loss L(W ) in (C.15) obeys ⟨∇L(W ),Wmm⟩ < 0.
Equivalently, ⟨ΠSsvm(∇L(W )),Wmm⟩ < 0.

Proof. Recap Oi, Ōi,Ri, R̄i, i ∈ [n] in (C.1). From (C.16), for any W ∈ Rd×d, we obtain
the gradient

∇L(W ) =
1

n

n∑
i=1

∑
t∈Ōi

sit(xit − eyi)x̄
⊤
i .
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Then

⟨∇L(W ),Wmm⟩ = 1

n

∑
i∈[n]

∑
t∈Ōi

〈
sit(xit − eyi)x̄

⊤
i ,W

mm〉
=

1

n

∑
i∈[n]

∑
t∈Ōi

sit · trace
(
(Wmm)⊤(xit − eyi)x̄

⊤
i

)
=

1

n

∑
i∈[n]

∑
t∈Ōi

sit · (xit − eyi)
⊤Wmmx̄i.

From the (Graph-SVM) formulation, we have that (xit − eyi)
⊤Wmmx̄i = 0 for t ∈ Ri and

(xit − eyi)
⊤Wmmx̄i ≤ −1 for t ∈ R̄i. Then Wmm ̸= 0 ensures that there exists i ∈ [n] such

that R̄i ̸= ∅, which implies that

⟨∇L(W ),Wmm⟩ < 0.

Using the fact that Wmm ∈ Ssvm (Lemma C.1) completes the proof.

The next theorem proves the divergence of norm of the iterates W (τ).

Theorem C.1 Consider the same setting as in Theorem 4.2, then there is no finite W ∈
Rd×d satisfying ∇L(W ) = 0. Furthermore, Algorithm Algo-GD with the step size η ≤ 1/L

where L is the Lipschitzness of ∇L(W ) defined in (C.20) and any starting point W (0)

satisfies limτ→∞ ∥ΠSsvm(W (τ))∥F =∞.

Proof. Following Lemma C.9, when using log-loss ℓ(u) = − log(u), for any starting point
W (0), the Algorithm Algo-GD satisfies limτ→∞ ∥∇L(W (τ))∥2F = 0. Moreover, assume that
the first claim is wrong and that there is a finite critical point W that satisfies ∇L(W ) = 0.
We then have ⟨ΠSsvm(∇L(W )),Wmm⟩ = 0. This leads to a contradiction with Lemma
C.10 which says that for any finite W , ⟨ΠSsvm(∇L(W )),Wmm⟩ < 0. This implies that
∥ΠSsvm(W (τ))∥F →∞.

C.2.4 Uniqueness and Finiteness of Wfin

Lemma C.11 Consider the setting of Theorem 4.2. W fin defined in Theorem 4.2 is unique
and finite.

Proof. Following Lemma C.3, it is equivalent to show Wfin defined in Def. C.1 has
unique element W̄ fin and W̄ fin = W fin is unique and finite. To start with, recap the
definition of DSET (Definition C.1). Denote I ⊂ [n] as in (C.3), and let si = S(X̄iWx̄i)
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where (X̄i, yi) ∈ DSET. What’s more, recap the ERM loss from (C.15) and loss function
ℓ(u) = − log(u). Then we have

W̄ fin = arg min
W∈Sfin

L̄(W ) where L̄(W ) =
1

n

∑
i∈I

− log

(∑
t∈Oi

sit

)
. (C.26)

Different from (C.1), Oi for dataset DSET is defined as follows:

Oi :=
{
t | xit = yi, xit ∈ X̄i, t ∈ [T̄i]

}
,

where T̄i is the number of tokens – tokens that are in the same SCC as label token yi within
their corresponding TPG – in X̄i and if recap the notation of Ri in (C.1), here we have
|Ri| = T̄i.

We will first prove that W̄ fin is finite by contradiction. Specifically, we will show that
for any W ∈ Sfin with ∥W ∥F ̸= 0, limR→∞ L̄(R ·W ) = ∞ which implies that the optimal
solution W̄ fin has to be finite.

Let W ∈ Sfin be arbitrary attention weight. Following the definition of Sfin as in Def. 4.1,
we have that (ei − ej)e

⊤
k ∈ Sfin for all (i ≍ j) ∈ G(k) and k ∈ [K]. For any X̄, let O, Ō

correspond to the token index sets. Then we have

∑
t∈O

st =
|O|ee⊤y (R·W )ek

|O|ee⊤y (R·W )ek +
∑

t∈Ō e
e⊤t (R·W )ek

=
1

1 +
∑

t∈Ō e
(et−ey)⊤(R·W )ek/|O| .

Given the sample loss ℓ = − log
(∑

t∈O st
)

and to prevent it from divergence as R → ∞,
that is,

∑
t∈O st ̸→ 0, we have∑
t∈Ō

e(et−ey)⊤(R·W )ek ̸→ ∞ =⇒ (ey − et)
⊤Wek ≥ 0 for all t ∈ Ō

where ey is the label token and et is any other token in Ō. Recap from the construction
of TPG in Section 4.2.1, the directed edge y → t exists in the graph G(k). Since SCC is
bidirectionally reachable, which means there exists route from t to y, e.g., t → p1 → p2 →
· · · pm → y, similarly we have

(et − ep1)
⊤Wek, (ep1 − ep2)

⊤Wek, · · · , (epm − ey)
⊤Wek ≥ 0 =⇒ (et − ey)

⊤Wek ≥ 0.

Combining results in that (et − ey)
⊤Wek = 0. This implies that for all (i ≍ j) ∈ G(k) and

R→∞, to ensure the training loss L̄(R ·W ) finite, (ei − ej)
⊤Wek = 0, which contradicts
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the facts that W ∈ Sfin and W ̸= 0.
Next, we prove that there is at most one local minimum for L̄(W ) based on Lemma

4.2. Suppose to the contrary that we have two optimal solutions satisfying minW L̄(W ) =

L̄(W fin
1) = L̄(W fin

2),W
fin

1 ̸= W fin
2. From Lemma 4.2, since L(W ) is strictly convex over

subspace Sfin, for any W1,W2 ∈ Sfin, λ ∈ (0, 1), if W1 ̸= W2, we have

L̄((1− λ)W1 + λW2) < (1− λ)L̄(W1) + λL̄(W2) (C.27)

Substitute W1 = W fin
1,W2 = W fin

2, we get

L̄((1− λ)W fin
1 + λW fin

2) < (1− λ)L̄(W fin
1) + λL̄(W fin

2) = min
W
L̄(W ) (C.28)

which leads to a contradiction to the assumption that W fin
1 and W fin

2 are both optimal
solutions. Combining this with the fact that W fin is not attained at infinity, there exists one
unique and finite solution with W̄ fin = argminW∈Sfin L̄(W ).

C.2.5 Proof of Theorem 4.2

Lemma C.12 Consider the same setting of Theorem 4.2. Given any π > 0, there exists
Rπ > 0 such that for any W with ∥ΠSfin(W )∥F <∞ and ∥ΠS⊥

fin
(W )∥F > Rπ,

L(W ) ≥ L
(
(1 + π)

∥ΠS⊥
fin
(W )∥F

∥Wmm∥F
Wmm +ΠSfin(W )

)
.

Proof. Recap Oi, Ōi,Ri, R̄i, i ∈ [n] from (C.1) and recap from (C.15), we get that for any
W ,

L(W ) = − 1

n

n∑
i=1

log

(∑
t∈Oi

sit

)
where si = S(XiWx̄i).

To obtain the result, we establish a refined softmax probability control by studying the
distance to L̄(W ) as defined in Definition C.2. Let W ∥ = ΠSfin(W ), W⊥ = W −W ∥,
∥W⊥∥F = R, and Θ = 1/∥Wmm∥F . Let bi = XiW

∥x̄i, a⋆i = Xi((1 + π)RΘ ·Wmm)x̄i,
and s⋆i = S(Xi((1 + π)RΘ ·Wmm +W ∥)x̄i) = S(a⋆i + bi). Additionally, let ai = XiW

⊥x̄i,
si = S(XiWx̄i) = S(ai + bi), γ⋆i := c⊤yiX

⊤
i s

⋆
i , and γi := c⊤yiX

⊤
i si.

From proof of Lemma C.2 (more specifically (C.10)), we get for all t, t′ ∈ Ri

(xit − xit′)
⊤V x̄i = 0 for any V ⊥ Sfin =⇒ a⋆it − a⋆it′ = ait − ait′ = 0.

301



Additionally, since W
∥W ∥F

̸= ΘWmm, there exist i ∈ [n], t ∈ Oi, t′ ∈ R̄i such that (xit −
xit′)

⊤Wx̄i < RΘ. Then,

∑
t∈Oi

sit =

∑
t∈Oi

eait+bit∑
t∈[Ti] e

ait+bit
≤

∑
t∈Oi

ebit∑
t∈Ri

ebit + e−RΘ+bit′
≤ ci

di + e−RΘ−b̄ , ∃i ∈ [n]

∑
t∈Oi

s⋆it =

∑
t∈Oi

ea
⋆
it+bit∑

t∈[Ti] e
a⋆it+bit

≥
∑

t∈Oi
ebit∑

t∈Ri
ebit +

∑
t∈R̄i

e−(1+π)RΘ+bit
≥ ci

di + Te−(1+π)RΘ+b̄
, ∀i ∈ [n],

where ci =
∑

t∈Oi
ebit , di =

∑
t∈Ri

ebit , and b̄ := maxt∈R̄i,i∈[n] |bit|, and we have

L̄(W ) = L̄(W ∥) = − 1

n

∑
i∈I

log

(
ci
di

)
.

Then we obtain

L(W )− L̄(W ) ≥ − 1

n

(
log

(
ci

di + e−RΘ−b̄

)
− log

(
ci
di

))
≥ 1

n
log
(
1 + e−RΘ−b̄/di

)
and let j := argmaxi∈[n]

(
− log

(∑
t∈Oi

s⋆it
)
+ log

(
ci
di

))
. We can upper-bound the loss dif-

ference for (1 + π)RΘ ·Wmm +W ∥ as follows:

L((1 + π)RΘ ·Wmm +W ∥)− L̄(W ) ≤ max
i∈[n]

(
− log

(∑
t∈Oi

s⋆it

)
+ log

(
ci
di

))
= log

(
1 + Te−(1+π)RΘ+b̄/dj

)
.

Combining them together results in that, L(W ) > L((1 + π)RΘ ·Wmm +W ∥) whenever

1

n
log
(
1 + e−RΘ−b̄/di

)
≥ log

(
1 + Te−(1+π)RΘ+b̄/dj

)
.

Given that x/2 ≤ log(1+ x) for any 0 ≤ x ≤ 1, we get L(W ) > L((1+ π)RΘ ·Wmm +W ∥)

whenever

e−RΘ−b̄

2ndi
≥ Te−(1+π)RΘ+b̄

dj
when R ≥ − log(dj) + b̄

Θ

=⇒R > Rπ := max

{
1

πΘ
log

(
2nTdi
dj

)
+

2b̄

πΘ
,− log(dj) + b̄

Θ

}
. (C.29)
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Here, since ∥W ∥∥F <∞, di, dj, b̄ <∞.

Proof of Theorem 4.2. Now gathering all the results so far, we are ready to prove the
gradient descent convergence. The divergence of ∥W (τ)∥F as τ → ∞ has been proven by
Theorem C.1.

• We first show that ΠSfin(W (τ)) → W fin. Lemma C.3 has established the equiv-
alence between W̄ fin and W fin. Since L(W ) is convex following Lemma 4.2, we have
that L(W (τ)) → L⋆ := minW L(W ). Additionally, Lemma 4.2 shows that L(W ) is
strictly convex on Sfin and Lemma C.11 shows that W fin is the unique finite solution.
Suppose ΠSfin(W (τ)) ̸→ W fin. Let W be any matrix with ΠSfin(W ) ̸= W fin. Then
Lemma C.4 and Lemma C.2 give that L(W ) ≥ L̄(W ) = L̄(ΠSfin(W )) > L⋆ where
L⋆ = minW L(W ) = minW L̄(W ). Given that L⋆ is achievable, the proof is done by
contradiction and we have that ΠSfin(W (τ))→W fin.

•We next prove that when Wmm = 0, ΠS⊥
fin
(W (τ)) = ΠS⊥

fin
(W (0)). Recap the gradient

in (C.16) where

∇L(W ) =
1

n

n∑
i=1

∑
t∈Ōi

sit(xit − eyi)x̄
⊤
i .

Since Wmm = 0 implies that for all i ∈ [n], R̄i = ∅, then Ōi ⊆ Ri. Additionally, since
following definition of Sfin from Def. 4.1, for any t ∈ Ri, (xit−eyi)x̄

⊤
i ∈ Sfin. Then we obtain

ΠSfin(∇L(W )) =
1

n

n∑
i=1

∑
t∈Ōi

sitΠSfin

(
(xit − eyi)x̄

⊤
i

)
=

1

n

n∑
i=1

∑
t∈Ōi

sit(xit − eyi)x̄
⊤
i = ∇L(W ).

Therefore, ΠS⊥
fin
(∇L(W )) = 0 for any W , which completes the proof.

• Last, we show that when Wmm ̸= 0, W (τ)/∥W (τ)∥F →Wmm/∥Wmm∥F .
Consider any W ∈ Rd×d, and let W⊥ = ΠS⊥

fin
(W ), W ∥ = ΠSfin(W ), R = ∥W⊥∥F ,

and Θ = 1/∥Wmm∥F . Next, from Lemma C.9, for any τ ≥ 0, L(W (τ + 1)) ≤ L(W (τ)).
Let W⊥(τ) = ΠS⊥

fin
(W (τ)) and W ∥(τ) = ΠSfin(W (τ)). Following Lemma C.4, since loss

satisfies ℓ(1) = − log(1) = 0, we obtain

L(W (τ)) ≥ L̄(W ∥(τ)).

Since following Lemma C.11, the training risk L̄(W ∥(τ)) is infinite if ∥W ∥(τ)∥F →∞, which
implies ∥W ∥(τ)∥F <∞ for any τ ≥ 0. Additionally, Theorem C.1 proves the divergence of
W (τ) as τ →∞, hence we have ∥W⊥(τ)∥F →∞.

Applying Lemma C.12, as well as the fact that ∥W ∥(τ)∥F < ∞ and ∥W⊥(τ)∥F → ∞,
there exists sufficiently large Rπ as defined in (C.29) such that once ∥W⊥(τ)∥F = R > Rπ,
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L(W (τ))−L((1+π)RΘ ·Wmm+W ∥(τ)) ≥ 0. Since L(W ) is convex following Lemma 4.2,
we have that

L(W ) ≤ L((1 + π)RΘ ·Wmm +W ∥) +
〈
∇L(W ),W −

(
(1 + π)RΘ ·Wmm +W ∥)〉

= L((1 + π)RΘ ·Wmm +W ∥) +
〈
∇L(W ),

(
W⊥ − (1 + π)RΘ ·Wmm)〉

= L((1 + π)RΘ ·Wmm +W ∥) +
〈
ΠS⊥

fin
(∇L(W )),

(
W⊥ − (1 + π)RΘ ·Wmm)〉 .

(C.30)

Here, the first inequality uses the convexity of L(W ) and last equation is obtained from the
fact that Wmm ⊥ Sfin. It implies that once ∥W⊥(τ)∥F = R > Rπ,〈

ΠS⊥
fin
(∇L(W )),

(
W⊥ − (1 + π)RΘ ·Wmm)〉 ≥ 0.

Now we choose τ0 such that for all τ ≥ τ0, ∥W⊥(τ)∥F > Rπ. Then for τ > τ0, we get〈
W⊥(τ + 1)−W⊥(τ),

Wmm

∥Wmm∥F

〉
≥ 1

1 + π

〈
W⊥(τ + 1)−W⊥(τ),

W⊥(τ)

∥W⊥(τ)∥F

〉

(C.31)

where 〈
W⊥(τ + 1)−W⊥(τ),

W⊥(τ)

∥W⊥(τ)∥F

〉
=

1

2∥W⊥(τ)∥F
(
∥W⊥(τ + 1)∥2F − ∥W⊥(τ)∥2F − ∥W⊥(τ + 1)−W⊥(τ)∥2F

)
≥ ∥W

⊥(τ + 1)∥2F − ∥W⊥(τ)∥2F
2∥W⊥(τ)∥F

− ∥W⊥(τ + 1)−W⊥(τ)∥2F (C.32)

≥ ∥W⊥(τ + 1)∥F − ∥W⊥(τ)∥F − ∥W⊥(τ + 1)−W⊥(τ)∥2F (C.33)

≥ ∥W⊥(τ + 1)∥F − ∥W⊥(τ)∥F − ∥W (τ + 1)−W (τ)∥2F (C.34)

≥ ∥W⊥(τ + 1)∥F − ∥W⊥(τ)∥F + 2η (L(W (τ + 1))− L(W (τ))) . (C.35)

Here, (C.31) is obtained from (C.30) and holds for all τ > τ0; (C.32) comes from the fact
that ∥W⊥(τ)∥F > 0.5; (C.33) follows that for any a, b > 0, (a2 − b2)/2b > a − b; (C.34)
follows the projection property that ∥W (τ + 1)−W (τ)∥2F = ∥W⊥(τ + 1)−W⊥(τ)∥2F +

∥W ∥(τ + 1)−W ∥(τ)∥2F ; and (C.35) is obtained via Lemma C.9.
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Summing the above inequality over τ ≥ τ0 obtains〈
W⊥(τ)−W⊥(τ0),

Wmm

∥Wmm∥F

〉
≥ 1

1 + π

(
∥W⊥(τ)∥F − ∥W⊥(τ0)∥F + 2η (L(W (τ))− L(W (τ0)))

)

=⇒
〈

W⊥(τ)

∥W⊥(τ)∥F
,

Wmm

∥Wmm∥F

〉
≥ 1

1 + π

(
1 +

C

∥W⊥(τ)∥F

)
where

C :=

〈
W⊥(τ0),

Wmm

∥Wmm∥F

〉
− ∥W⊥(τ0)∥F + 2η (L(W (τ))− L(W (τ0))) .

Since ∥W⊥(τ)∥F →∞ and 0 < L(W (τ)) ≤ L(W (0)) <∞, we get

lim
τ→∞

〈
W⊥(τ)

∥W⊥(τ)∥F
,

Wmm

∥Wmm∥F

〉
≥ 1

1 + π
. (C.36)

Choosing π → 0 and combining (C.36) with the fact that limτ→∞ ∥W ∥(τ)∥F <∞ completes
the proof.

C.3 Global Convergence of Regularization Path

C.3.1 Proof of Theorem 4.3

Lemma C.13 Suppose Assumptions 4.1 and 4.2 hold. Additionally, assume loss ℓ : R→ R
is strictly decreasing and |ℓ′| is bounded. Define W̄⊥

R := W̄⊥
R (W ∥) ∈ S⊥

fin by

W̄⊥
R := arg min

W∈S⊥
fin,∥W ∥F≤R

L(W +W ∥). (C.37)

Let Wmm ̸= 0 denote the solution of (Graph-SVM). Then we have that for any W ∥ ∈ Sfin

with ∥W ∥∥F <∞
lim
R→∞

W̄⊥
R

R
=

Wmm

∥Wmm∥F
.

Proof. Recap Oi, Ōi,Ri, R̄i, i ∈ [n] from (C.1). Let γi = Xicyi where following Assump-
tion 4.1 we have

γit = x⊤
itcyi =

1, t ∈ Oi
0, t ∈ Ōi.
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Recap I, Ī from (C.2). To proceed, define γmax
i as follows:

• Consider i ∈ Ī. Given minW ℓ(c⊤yiX
⊤
i S(XiWx̄i)) ≥ ℓ(c⊤yieyi), we define the maximal

score γmax
i := c⊤yieyi = 1.

• Consider i ∈ I.

1. Assumption 4.1 ensures that all tokens, excluding the ones with token ID xit = yi,
return zero score, that is, c⊤yiek = 0 for k ̸= yi.

2. From proof of Lemma C.1, for any W⊥ ∈ S⊥
fin and t ∈ Ri, x⊤

it(W
⊥ +W ∥)x̄i =

x⊤
itW

∥x̄i + āi, where āi is some constant associated with W⊥ and remains the
same value within the same SCC. Let bi = XiW

∥x̄i. Then the probabilities for
t ∈ Ri (if denoted by sit) obey

sit∑
t′∈Ri

sit′
=

ebit+āi∑
t′∈Ri

ebit′+āi
=

ebit∑
t′∈Ri

ebit′
, (C.38)

which means that the probability distribution over set Ri remains the same with
varying W⊥.

Combining both, we define the maximal score as follows:

γmax
i := |Oi| · s̄i where s̄i =

ee
⊤
yi
W ∥x̄i∑

t′∈Ri
ebit′

.

Note that if consider the cyclic subdataset DSET as in (C.3). Let (X̄i, yi) ∈ DSET

where X̄i is the corresponding sequence by removing the tokens in R̄i. Then we have
γmax
i = c⊤yiX̄

⊤
i S(X̄iW

∥x̄i).

Hence, given bi = XiW
∥x̄i, we obtain

γmax
i =


1, i ∈ Ī
|Oi|e

e⊤yiW
∥x̄i∑

t′∈Ri
ebit′

, i ∈ I.

Then we define the optimal risk of (C.37) and its corresponding softmax probabilities smax()i,
i ∈ [n] as follows:

LW ∥

⋆ :=
1

n

n∑
i=1

ℓ(γmax
i ), and smax

it =

0, t ∈ R̄i

ebit∑
t′∈Ri

ebit′
, t ∈ Ri

for all i ∈ [n].
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Note that we also have

γmax
i = c⊤yiX

⊤
i smax()i =

∑
t∈Oi

smax
it =

∑
t∈Oi

ebit∑
t∈Ri

ebit
and LW ∥

⋆ =
1

n

∑
i∈Ī

ℓ(1) + L̄(W ∥) (C.39)

where L̄(W ∥) is the empirical risk over cyclic subdataset defined in Definition C.2.
In the following, we will complete the proof in three steps.

Step 1: We first show that limR→∞ L(R ·Wmm + W ∥) = LW ∥
⋆ . It can be easily proven

using Lemma C.4 and (C.39) by showing that for any W ∥ with ∥W ∥∥F <∞,

lim
R→∞

L(R ·Wmm +W ∥) = min
W∈S⊥

fin

L(W +W ∥) =
|Ī|
n
ℓ(1) + L̄(W ∥) = LW ∥

⋆ .

Step 2: Next, we will prove that for any W ∥ ∈ Sfin with ∥W ∥∥F < ∞, W̄⊥
R achieves the

optimal risk as R→∞ – rather than problem having finite optima. It is to show that there
is no finite R can achieve optimal risk. Consider any W ∈ S⊥

fin with ∥W ∥F < ∞. Let
si := S(Xi(W +W ∥)x̄i) and γWi := c⊤yiX

⊤
i si. Then we have that

γWi =
∑
t∈Oi

sit =
∑
t∈Oi

∑
t′∈Ri

sit′∑
t′∈[Ti] sit′

smax
it ≤

∑
t∈Oi

smax
it = γmax

i

where the equality holds when Ri = [Ti]. Since Wmm ̸= 0, then there exists some i ∈ [n]

such that γWi < γmax
i . Therefore, for any finite W ∈ Rd×d and W ∈ S⊥

fin, since loss function
is strictly decreasing

L(W +W ∥) =
1

n

n∑
i=1

ℓ(γWi ) >
1

n

n∑
i=1

ℓ(γmax) = LW ∥

⋆ .

Step 3: Now, it remains to show that W̄⊥
R converges in direction to Wmm. Suppose

convergence fails. We will obtain a contradiction by showing thatR·Wmm/∥Wmm∥F achieves
a strictly superior loss compared to W̄⊥

R given sufficiently large R. Since W̄⊥
R fails to converge

to Wmm, for some δ > 0, there exists arbitrarily large R > 0 such that

∥W̄⊥
R · ∥Wmm∥F/R−Wmm∥F ≥ δ.

Let W ′ = W̄⊥
R ·∥Wmm∥F/R where we have ∥W ′∥F ≤ ∥Wmm∥F and W ′ ̸= Wmm. Following

307



Definition 4.1, we obtain

(ei − ej)
⊤W ′ek = 0 where (i ≍ j) ∈ G(k).

Then for some ϵ := ϵ(δ), there exists i, j, k such that

(ei − ej)
⊤W ′ek ≤ 1− ϵ where (i⇒ j) ∈ G(k).

Now, we will argue that this leads to a contradiction by proving L(R ·Wmm/∥Wmm∥F +

W ∥) < L(W̄R +W ∥) for sufficiently large R. Let Θ = 1/∥Wmm∥F and we will show that
L(RΘ ·Wmm +W ∥) < L(RΘ ·W ′ +W ∥) for sufficiently large R.

To obtain the result, we establish a refined softmax probability control by studying the
distance to LW ∥

⋆ . Recap the definitions of γmax
i and smax()i, and let bi = XiW

∥x̄i, a⋆i =

Xi(RΘ ·Wmm)x̄i, s⋆i = S(Xi(RΘ ·Wmm + W ∥)x̄i) = S(a⋆i + bi), and γ⋆i := c⊤yiX
⊤
i s

⋆
i .

Additionally, let aRi = Xi(RΘ ·W ′)x̄i, sRi = S(Xi(RΘ ·W ′ + W ∥)x̄i) = S(aRi + bi), and
γRi := c⊤yiX

⊤
i s

R
i .

Following Definition 4.1, we get for all t, t′ ∈ Ri

(xit − xit′)
⊤Wx̄i = 0 for any W ⊥ Sfin =⇒ a⋆it − a⋆it′ = aRit − aRit′ = 0.

Then

∑
t∈Oi

sRit =

∑
t∈Oi

ea
R
it+bit∑

t∈[Ti] e
aRit+bit

≤
∑

t∈Oi
ebit∑

t∈Ri
ebit + e−(1−ϵ)RΘ−b̄ ≤

ci

di + e−(1−ϵ)RΘ−b̄ , ∃i ∈ [n]

∑
t∈Oi

s⋆it =

∑
t∈Oi

ea
⋆
it+bit∑

t∈[Ti] e
a⋆it+bit

≥
∑

t∈Oi
ebit∑

t∈Ri
ebit +

∑
t∈R̄i

e−RΘ+bit
≥ ci

di + Te−RΘ+b̄
, ∀i ∈ [n],

where ci =
∑

t∈Oi
ebit , di =

∑
t∈Ri

ebit , and b̄ := maxt∈Ri,i∈[n] |bit|, and we have γmax
i = ci/di.

Since ℓ is strictly decreasing and |ℓ′| is bounded, let cdn ≤ −ℓ′ ≤ cup for some constants
cdn, cup > 0. Note that cdn, cup are data-dependent. Then we have

L(RΘ ·W ′ +W ∥)− LW ∥

⋆ ≥ 1

n

(
ℓ(γRi )− ℓ(γmax

i )
)
≥ cdn

n

(
γmax
i − γRi

)
=
cdn

n

(
γmax
i −

∑
t∈Oi

sRit

)

≥ cdnγ
max
i

n

(
1− 1

1 + e−(1−ϵ)RΘ−b̄/di

)
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and let j := maxi∈[n] (ℓ(γ
⋆
i )− ℓ(γmax

i )). We can upper-bound the loss difference for RΘ ·
Wmm +W ∥ as follows:

L(RΘ ·Wmm +W ∥)− LW ∥

⋆ ≤ max
i∈[n]

(ℓ(γ⋆i )− ℓ(γmax
i )) ≤ cup

(
γmax
j − γ⋆j

)
= cup

γmax
j −

∑
t∈Oj

s⋆it


≤ cupγ

max
j

(
1− 1

1 + Te−RΘ+b̄/dj

)
≤ cupγ

max
j T

dj
e−RΘ+b̄.

Combining them together results in that, L(RΘ ·W ′+W ∥) > L(RΘ ·Wmm+W ∥) whenever

cdnγ
max
i

n

(
1− 1

1 + e−(1−ϵ)RΘ−b̄/di

)
>
cupγ

max
j T

dj
e−RΘ+b̄

=⇒ R > Rϵ :=
1

Θ ·min(ϵ, 1)
log

(
2nTcupγ

max
j ·max(di, 1)

cdnγmax
i dj

)
+

2b̄

Θ ·min(ϵ, 1)
. (C.40)

Note that since W ∥ is finite, bit for all i ∈ [n], t ∈ [Ti] are bounded and fixed, and therefore,
0 < di <∞, for all i ∈ [n] and b̄ <∞. (C.40) completes the proof by contradiction.

Now, gathering all the results we have obtained so far, we are ready to prove Theorem 4.3.
Proof of Theorem 4.3. Recap the dataset DSET = (Xi, yi)

n
i=1 and index sets

Oi, Ōi,Ri, R̄i, i ∈ [n] from (C.1). Let γi = Xicyi denote the score vector of i-th input.
Since Assumption 4.1 holds, then

γit = x⊤
itcyi =

1, t ∈ Oi
0, t ∈ Ōi.

Let sWi = S(XiWx̄i). The regularization path solution of the ERM problem is defined as
follows:

W̄R = arg min
∥W ∥F≤R

L(W ) where L(W ) =
1

n

n∑
i=1

ℓ(c⊤yiX
⊤
i S(XiWx̄i)) =

1

n

n∑
i=1

ℓ

(∑
t∈Oi

sWit

)
.

Additionally, let W⊥
R = ΠS⊥

fin
(W̄R) and W

∥
R = ΠSfin(W̄R). Lemma C.13 has shown that for
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any finite limR→∞W
∥
R,

lim
R→∞

W̄R

R
= lim

R→∞

W⊥
R√

R2 − ∥W ∥
R∥2F

= lim
R→∞

W⊥
R

∥W⊥
R ∥F

=
Wmm

∥Wmm∥F
.

Therefore it remains to prove that limR→∞ W
∥
R ∈ Wfin.

Suppose limR→∞W
∥
R := W ′ ̸∈ Wfin. Then for any W ∥ ∈ Wfin, applying Lemma C.4, we

obtain

min
W⊥∈S⊥

fin

L(W⊥ +W ′) > min
W⊥∈S⊥

fin

L(W⊥ +W ∥) = lim
R→∞

L(R ·Wmm +W ∥).

Therefore, W ′ does not achieve the minimal loss as R→∞.

C.3.2 Proof of Lemma 4.3

Proof. Let γi = Xicyi denote the score vector of i-th input and γit = x⊤
itcyi . Let

γmax
i = e⊤

yi
cyi = maxt∈[Ti] γit following Assumptions 4.2 and 4.3. What’s more, since loss ℓ is

strictly decreasing, we define the optimal loss as follows:

L⋆ :=
1

n

n∑
i=1

ℓ(γmax
i ).

For any W ∈ Rd×d, let si = XiWx̄i, i ∈ [n]. If ∥W ∥F < ∞, then mint∈[Ti],i∈[n] sit > 0 and
for any i ∈ [n]

s⊤i γi =

Ti∑
t=1

sitγit < γmax
i .

Since loss function ℓ is strictly decreasing, we get

L(W ) =
1

n

n∑
i=1

ℓ(s⊤i γi) >
1

n

n∑
i=1

ℓ(γmax
i ) = L⋆.

Let W be any attention weight satisfying all the “≥ 1” constraints in (Acyc-SVM). We next
prove that limR→∞ L(R ·W ) = L⋆. Recap Oi and Ōi from (C.1). Since token eyi is always
contained in Xi following Assumption 4.2, we have |Oi| ≥ 1, i ∈ [n], and Xi contains |Oi|
optimal tokens eyi . Note that under acyclic data setting, W separates tokens eyi from the
rest of the tokens within Xi. Then limR→∞ S(Xi(R ·W )x̄i) will output 1/|Oi| for t ∈ Oi and
zero for the left. Specifically, let sRi := S(Xi(R ·W )x̄i), and following the SVM objective
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(Acyc-SVM) for any i ∈ [n], we get

sRit =
ex

⊤
it(R·W )x̄i∑

t∈[Ti] e
x⊤
it(R·W )x̄i

=
1

|Oi|+
∑

t∈Ōi
e(xit−eyi )

⊤(R·W )x̄i
≥ 1

|Oi|+ e−R
for all t ∈ Oi

and then,
∑
t∈Oi

sRit =
|Oi|

|Oi|+
∑

t∈Ōi
e(xit−eyi )

⊤(R·W )x̄i
≥ 1

1 + e−R
.

Then limR→∞
∑

t∈Oi
sRit = 1 and therefore,

lim
R→∞

sRit = 1/|Oi| for t ∈ Oi, and lim
R→∞

sRit = 0 for t ∈ Ōi.

Hence we have
lim
R→∞

X⊤
i s

R
i =

∑
t∈Oi

1

|Oi|
eyi = eyi .

Since |ℓ′| is bounded, then limR→∞ L(R ·W ) = 1
n

∑n
i=1 ℓ(c

⊤
yi
eyi) =

1
n

∑n
i=1 ℓ(γ

max
i ) = L⋆.

C.3.3 Proof of Theorem 4.4

Proof. Recap the dataset DSET = (Xi, yi)
n
i=1. The regularization path solution of the ERM

problem (per Algo-RP and (ERM)) is defined as follows:

W̄R = arg min
∥W ∥F≤R

L(W ) where L(W ) =
1

n

n∑
i=1

ℓ(c⊤yiX
⊤
i S(XiWx̄i)).

The proof is similar to the proof of Theorem 2 in [185] by choosing opti = yi. However in
our work, we allow each sequence contains more than one optimal tokens, while [185] forces
that the optimal token is unique.

Following the proof in Lemma 4.3, let γi = Xicyi , γmax
i = e⊤

yi
cyi = maxt∈[Ti] γit, and the

optimal training risk

L⋆ :=
1

n

n∑
i=1

ℓ(γmax
i ).

From Lemma 4.3, we have that for any finite W , L(W ) < limR→∞ L(R ·Wmm) = L⋆.
Then the optimal risk L⋆ is achievable and to achieve the limit, R has to be infinite. Then
it remains to prove that W̄R converges in direction to Wmm.

Suppose convergence fails. We will obtain a contradiction by showing that R ·
Wmm/∥Wmm∥F achieves a strictly superior loss compared to W̄R. Suppose W̄R fails to
directionally converge towards Wmm. For some δ > 0, there exists arbitrarily large R > 0
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such that
∥W̄R · ∥Wmm∥F/R−Wmm∥F ≥ δ.

Let W ′ = W̄R · ∥Wmm∥F/R where we have ∥W ′∥F ≤ ∥Wmm∥F and W ′ ̸= Wmm. Since
Wmm is the min-norm solution of (Acyc-SVM), then for some ϵ := ϵ(δ), there exists i, j, k
such that

(ei − ej)
⊤W ′ek ≤ 1− ϵ where (i⇒ j) ∈ G(k).

Now, we will argue that this leads to a contradiction by proving L(R ·Wmm/∥Wmm∥F ) <
L(W̄R) for sufficiently large R. Let Θ = 1/∥Wmm∥F and we will show that L(RΘ ·Wmm) <

L(RΘ ·W ′) for sufficiently large R.
To obtain the result, we establish a refined softmax probability control as in the proof of

Theorem 4.3 by studying the distance to L⋆. Let a⋆i = Xi(RΘ ·Wmm)x̄i, aRi = Xi(RΘ ·
W ′)x̄i, s⋆i := S(a⋆i ), sRi := S(aRi ), γ⋆i := c⊤yiX

⊤
i s

⋆
i , and γRi := c⊤yiX

⊤
i s

R
i . Recap that

γmax
i = e⊤

yi
cyi . Then

∑
t∈Oi

sRit =

∑
t∈Oi

ea
R
it∑

t∈[Ti] e
aRit
≤ |Oi|
|Oi|+ e−(1−ϵ)RΘ

≤ 1

1 + e−(1−ϵ)RΘ/T
, ∃i ∈ [n] (C.41)

∑
t∈Oi

s⋆it =

∑
t∈Oi

ea
⋆
it∑

t∈[Ti] e
a⋆it
≥ |Oi|
|Oi|+ (T − |Oi|)e−RΘ

≥ 1

1 + Te−RΘ
, ∀i ∈ [n]. (C.42)

Since ℓ is strictly decreasing and |ℓ′| is bounded, let cdn ≤ −ℓ′ ≤ cup for some con-
stants cdn, cup > 0. Note that cdn, cup are data-dependent. Additionally, define the mini-
mal/maximal score gaps as

cmin = min
y,k∈[K],y ̸=k

(ey − ek)
⊤cy, cmax = max

y,k∈[K],y ̸=k
(ey − ek)

⊤cy

where cmax ≥ cmin > 0. Then we have that there exists i ∈ [n],

L(RΘ ·W ′)− L⋆ ≥
1

n

(
ℓ(γRi )− ℓ(γmax

i )
)
≥ cdn

n

(
γmax
i − γRi

)
≥ cdn

n
cmin

(
1−

∑
t∈Oi

sRit

)
≥ cdncmin

n

1

1 + Te(1−ϵ)RΘ
(C.43)

and letting j := argmaxi∈[n] (ℓ(γ
⋆
i )− ℓ(γmax

i )), we can upper-bound the loss difference for
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RΘ ·Wmm as follows:

L(RΘ ·Wmm)− L⋆ ≤ max
i∈[n]

(ℓ(γ⋆i )− ℓ(γmax
i )) ≤ cup

(
γmax
j − γ⋆j

)
≤ cupcmax

(
1−

∑
t∈Oi

s⋆it

)
≤ cupcmax

1

1 + eRΘ/T
≤ cupcmaxTe

−RΘ.

(C.44)

Combining them together results in that, L(RΘ ·W ′) > L(RΘ ·Wmm) whenever

cdncmin

n

1

1 + Te(1−ϵ)RΘ
> cupcmaxTe

−RΘ =⇒ R >
1

Θ ·min(ϵ, 1)
log

(
2nT 2cupcmax

cdncmin

)
.

This completes the proof by contradiction.

C.4 Implementation Details and Additional Experiments

C.4.1 Implementation Details

In all the experiments, we train single-layer self-attention layer models using PyTorch and
SGD optimizer. We conduct normalized gradient descent method to enhance the increasing
of the norm of attention weight, so that softmax can easily saturate. Specifically, at each
iteration τ , we update attention weight W via

W (τ + 1) = W (τ)− η ∇L(W (τ))

∥∇L(W (τ))∥F
.

All the results are averaged over 100 random trails and in each trail, we create the dataset
and its corresponding TPGs, SCCs as follows:

1. Given dimension d and vocabulary size K, generate random embedding table E =

[e1 · · · eK ]⊤ ∈ RK×d such that each e ∈ E is randomly sampled from unit sphere.

2. Given sample size n and sequence length T , create dataset DSET = (Xi, yi)
n
i=1 and

Xi = [xit · · · xiT ]⊤ ∈ RT×d where xit are randomly sampled from E. For acyclic
setting, label eyi is determined by the token in the Xi that has the highest priority
order; while for general cyclic setting, eyi are also randomly sampled from Xi.

3. Construct TPGs and apply Tarjan’s algorithm [184] to find SCCs of each TPG. For
global convergence experiments (Section 4.3), TPGs are created based on the token re-
lations between xit’s and eyi ’s in the dataset DSET; while for local convergence analysis
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(Section 4.5), we instead establish the token relations between xit’s and êyi ’s following
the instruction in Section 4.5, where êyi is determined by the GD solution.

4. DSET is created following Definition C.1 based on the SCCs of the corresponding TPGs.

Here, we set the sequence length to be the same for all the samples in DSET, and we emphasize
that though DSET contains inputs with same number of tokens, the randomness in sampling
xit and eyi will still result in a variety of TPGs and SCCs, and DSET may contain inputs
with varying sequence lengths (see Figure 4.3).

• Generating W fin and W̃ fin. Inspired by the convexity and finiteness of L̄(W ) per
Definition C.2 under the setting of Theorem 4.2, we can derive W fin via gradient descent.
Hence, to obtain W fin, we train separate models but with the same architecture from zero
initialization on the sub-dataset DSET. As for the experiments shown in Section 4.5, we
follow the same method as generating W fin. However, we emphasize that under the local
convergence setting, there is no guarantee that gradient descent will converge to the W̃ fin

solution as problem is more general, i.e., with nonconvex head, and dataset DSET might not
be enough to capture the performance of tokens within the same SCCs. Though, our results
in Figures 4.6 and 4.7 indicate that W̃ fin can predict the GD convergence performance better
than W fin which is drawn from the dataset-based TPGs. We defer a rigorous definition of
local W̃ fin and guarantees related to gradient descent for future exploration.

• Local convergence experiments (Figures 4.6 and 4.7). To evaluate our local con-
vergence conjecture, we conduct random experiments with more general head (satisfying As-
sumption 4.3) and, and consider squared loss ℓ(u) = (1−u)2 in Figure 4.6 and cross-entropy
loss in Figure 4.7. In both experiment, we create embedding tabels with K = 8, d = 8

and datasets with n = 4, T = 6. We choose step size η = 0.1 and also conduct normal-
ized gradient descent. Correlations are reported in Figs. 4.6a and 4.7a and the distance of
∥ΠS̃fin

(W (τ))− W̃ fin∥F are presented in the orange curves in Figs. 4.6b and 4.7b. In both
experiments, correlations between W (τ)

∥W (τ)∥F
and W̃ svm

∥W̃ svm∥F
end with > 0.99 values. Fig. 4.6b

achieves 0 distance error since employing squared loss, attention is inclined to select tokens
that appear mostly frequently in the labels of the dataset, resulting inRi = Oi for i ∈ [n] and
DSET = ∅. While in Fig. 4.7b, the global and local norm of difference is around 9.59 and 0.09

respectively, where DSET ̸= ∅. This implies that the distance of ΠS̃fin
(W (τ)) is much closer

to W̃ fin compared to the distance between ΠSfin(W (τ)) and W fin.
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Figure C.5: Feasibility of Wmm

C.4.2 Additional Experiments

Global convergence experiments on large K (Figures C.2 and C.3). Assump-
tion 4.1 in our work requires K ≤ d, which helps make the optimization landscape more
benign such that global convergence of GD is guaranteed. Unlike previous work [186, 185]
that relies on strong equal score conditions to induce global convergence, our assumption
is much less strict. Empirically, we argue that this constraint is not necessary as we can
apply a mask M ∈ Rn×K×T to directly collect the attention probability for each distinct
token from the attention map without explicitly calculating the linear head. Therefore, we
can still impose Assumption 4.1 when K > d, which aligns more closely with the real-world
setting. In Figs. C.2 and C.3, we repeat the global convergence experiments by setting
n = 16, T = 64, d = 128 and K = 10000. Results are averaged over 100 random instances.
The averaged correlation is ≈ 0.987 and the soft component error reaches 0.025. The results
again validate Theorem 4.2.
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SCC Structure on large n (Figure C.4). When we increase the sample size n and
fix others, more edges and cycles will be added to the graphs. Different SCCs can then be
merged into one. As illustrated in Fig. C.4, the graph eventually collapses to a single SCC.

Feasible condition of (Graph-SVM) (Figure C.5). To verify that (Graph-SVM) is
feasible when d ≥ K (Lemma 4.1), in Fig. C.5, we run experiments with fixed n = 16, T =

128, K = 512 and varying d from 2 to 512. Define Cy as the SCC that the label token
belongs to. We calculate the proportion of selected tokens that are in Cy to the size of Cy,
and (Graph-SVM) is feasible when the value reaches 1. The interpretation is that: When
d is small, the problem focuses on separating an optimally feasible subset of training data
from the others and the empirical SVM bias is captured by a relaxed Graph-SVM solution
with constraints based on the subset. As d grows, the exact Graph-SVM becomes feasible.
This is similar to the findings in [90].
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APPENDIX D

Appendix for Chapter 5

D.1 Equivalence among Gradient Descent, Attention,

and State-Space Models

In this section, we present the proofs related to Section 5.2. Recap that given data

X = [x1 · · · xn]⊤ ∈ Rn×d,

ξ = [ξ1 · · · ξn]⊤ ∈ Rn,

y = [y1 · · · yn]⊤ = Xβ + ξ ∈ Rn,

Z0 = [z1 . . . zn 0d+1]
⊤ =

[
x1 . . . xn 0d

y1 . . . yn 0

]⊤
∈ R(n+1)×(d+1),

and corresponding prediction functions

gpgd(Z) = x⊤WX⊤y, (D.1a)

gwpgd(Z) = x⊤WX⊤(ω ⊙ y), (D.1b)

gatt(Z) = (z⊤WqW
⊤
k Z⊤

0 )Z0Wvv, (D.1c)

gssm(Z) =
(
(z⊤Wq)

⊤ ⊙ ((Z0Wk ⊙Z0Wv) ∗ f)n+1

)
v, (D.1d)

we have objectives

min
W
Lpgd(W) where Lpgd(W) = E

[
(y − gpgd(Z))2

]
, (D.2a)

min
W ,ω
Lwpgd(W) where Lwpgd(W) = E

[
(y − gwpgd(Z))2

]
, (D.2b)

min
Wk,Wq ,Wv ,v

Latt(W) where Latt(W) = E
[
(y − gatt(Z))2

]
, (D.2c)

min
Wk,Wq ,Wv ,v,f

Lssm(W) where Lssm(W) = E
[
(y − gssm(Z))2

]
. (D.2d)

317



Here, the expectation is over the randomness in (xi, ξi)
n
i=1 and β, and the search space for

W is Rd×d, for ω is Rn, for Wk,Wq,Wv is R(d+1)×(d+1), for v is Rd+1, and for f is Rn+1.

D.1.1 Proof of Proposition 5.1

Consider the problem setting as discussed in Section 5.2, Proposition 5.1 can be proven by
the following two lemmas.

Lemma D.1 Suppose Assumptions 5.1 and 5.2 hold. Then, given the objectives (D.2a) and
(D.2c), we have

min
Wq ,Wk,Wv ,v

Latt(W) = min
W
Lpgd(W).

Proof. Recap the linear attention estimator from (D.1c) and denote

WqW
⊤
k =

[
W̄ w1

w⊤
2 w

]
and Wvv =

[
v1

v

]
,

where W̄ ∈ Rd×d, w1,w2,v1 ∈ Rd, and w, v ∈ R. Then we have

gatt(Z) = (z⊤WqW
⊤
k Z⊤

0 )Z0Wvv

= [x⊤ 0]

[
W̄ w1

w⊤
2 w

][
X⊤ 0d

y⊤ 0

][
X y

0⊤
d 0

][
v1

v

]
= (x⊤W̄X⊤ + x⊤w1y

⊤)(Xv1 + yv)

= x⊤(vW̄ )X⊤y + x⊤w1y
⊤Xv1 + x⊤ (W̄X⊤Xv1 + v∥y∥2w1

)
= x⊤(vW̄ +w1v

⊤
1 )X

⊤y + x⊤ (W̄X⊤Xv1 + v∥y∥2w1

)
= x⊤W̃X⊤y︸ ︷︷ ︸

g̃att(Z)

+ x⊤ (W̄X⊤Xv1 + v∥y∥2w1

)︸ ︷︷ ︸
ϵ

, (D.3)

where W̃ := vW̄ +w1v
⊤
1 .

We first show that for any given parameters Wk,Wq,Wv,v,

E
[
(gatt(Z)− y)2

]
≥ E

[
(g̃att(Z)− y)2

]
. (D.4)

To this goal, we have

E
[
(gatt(Z)− y)2

]
− E

[
(g̃att(Z)− y)2

]
= E

[
(g̃att(Z) + ϵ− y)2

]
− E

[
(g̃att(Z)− y)2

]
= E[ϵ2] + 2E[(g̃att(Z)− y)ϵ] (D.5)
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where we have decomposition

(g̃att(Z)− y)ϵ = (x⊤W̃X⊤y − y)x⊤ (W̄X⊤Xv1 + v∥y∥2w1

)
= y⊤XW̃⊤xx⊤ (W̄X⊤Xv1 + v∥y∥2w1

)
− yx⊤ (W̄X⊤Xv1 + v∥y∥2w1

)
= y⊤XW̃⊤xx⊤W̄X⊤Xv1︸ ︷︷ ︸

(a)

+ v∥y∥2y⊤XW̃⊤xx⊤w1︸ ︷︷ ︸
(b)

− yx⊤W̄X⊤Xv1︸ ︷︷ ︸
(c)

− vy∥y∥2x⊤w1︸ ︷︷ ︸
(d)

.

In the following, we consider the expectations of (a), (b), (c), (d) sequentially, which return
zeros under Assumptions 5.1 and 5.2. Note that since Assumption 5.1 holds, expectation of
any odd order of monomial of the entries of X,x,β returns zero, i.e., order of x⊤βx is 3
and therefore E[x⊤βx] = 0d.

(a) : E
[
y⊤XW̃⊤xx⊤W̄X⊤Xv1

]
= E

[
(Xβ + ξ)⊤XW̃⊤xx⊤W̄X⊤Xv1

]
= E

[
β⊤X⊤XW̃⊤xx⊤W̄X⊤Xv1

]
+ E

[
ξ⊤XW̃⊤xx⊤W̄X⊤Xv1

]
= 0.

(b) : E
[
v∥y∥2y⊤XW̃⊤xx⊤w1

]
= E

[
v(Xβ + ξ)⊤(Xβ + ξ)(Xβ + ξ)⊤XW̃⊤xx⊤w1

]
= E

[
v∥ξ∥2ξ⊤XW̃⊤xx⊤w1

]
= 0.

(c) : E
[
yx⊤W̄X⊤Xv1

]
= E

[
(x⊤β + ξ)x⊤W̄X⊤Xv1

]
= E

[
β⊤xx⊤W̄X⊤Xv1

]
+ E

[
ξx⊤W̄X⊤Xv1

]
= 0.
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(d) : E
[
vy∥y∥2x⊤w1

]
= v E

[
(β⊤x+ ξ)(Xβ + ξ)⊤(Xβ + ξ)x⊤w1

]
= v E

[
ξ∥ξ∥2x⊤w1

]
= 0.

Combining the results with (D.5) returns that

E
[
(gatt(Z)− y)2

]
− E

[
(g̃att(Z)− y)2

]
= E[ϵ2] ≥ 0 (D.6)

which completes the proof of (D.4). Therefore, we obtain

min
Wq ,Wk,Wv ,v

E
[
(gatt(Z)− y)2

]
≥ min

W̃
E
[
(g̃att(Z)− y)2

]
= min

W
E
[
(gpgd(Z)− y)2

]
.

We conclude the proof of this lemma by showing that for any W ∈ Rd×d in gpgd, there exist
Wk,Wq,Wv,v such that gatt(Z) = gpgd(Z). Let

Wk = Wv = Id+1, Wq =

[
W 0d

0⊤
d 0

]
, and v =

[
0d

1

]
.

Then we obtain

gatt(Z) = x⊤WX⊤y = gpgd(Z), (D.7)

which completes the proof.

Lemma D.2 Suppose Assumptions 5.1 and 5.2 hold. Then, given the objectives in (D.2),
we have

min
Wq ,Wk,Wv ,v,f

Lssm(W) = min
W ,ω
Lwpgd(W). (D.8)

Additionally, if the examples (xi, yi)
n
i=1 follow the same distribution and are conditionally

independent given x and β, then SSM/H3 can achieve the optimal loss using the all-ones
filter and

min
W ,ω
Lwpgd(W) = min

W
Lpgd(W). (D.9)
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Proof. Recap the SSM estimator from (D.1d) and let

Wq =
[
wq1 wq2 · · · wq,d+1

]
,

Wk =
[
wk1 wk2 · · · wk,d+1

]
,

Wv =
[
wv1 wv2 · · · wv,d+1

]
,

where wqj,wkj,wvj ∈ Rd+1 for j ≤ d+ 1, and let

v =


v1

v2

· · ·
vd+1

 , and f =


f0

f1

· · ·
fn

 .

Then we have

gssm(Z) =
(
(z⊤Wq)

⊤ ⊙ ((Z0Wk ⊙Z0Wv) ∗ f)n+1

)
v

=
n∑
i=1

fn+1−i · v⊤


 w⊤

q1z

· · ·
w⊤
q,d+1z

⊙
 w⊤

k1ziw
⊤
v1zi

· · ·
w⊤
k,d+1ziw

⊤
v,d+1zi




=
n∑
i=1

fn+1−i · v⊤

 w⊤
q1zw

⊤
k1ziw

⊤
v1zi

· · ·
w⊤
q,d+1zw

⊤
k,d+1ziw

⊤
v,d+1zi

 .
Next for all j ≤ d+ 1, let

wqj =

[
w̄qj

wqj

]
, wkj =

[
w̄kj

wkj

]
, wvj =

[
w̄vj

wvj

]

where w̄qj, w̄kj, w̄vj ∈ Rd and wqj, wkj, wvj ∈ R. Then we have

w⊤
qjzw

⊤
kjziw

⊤
vjzi =

(
w̄⊤
qjx
) (

w̄⊤
kjxi + wkjyi

) (
w̄⊤
vjxi + wvjyi

)
= x⊤w̄qj

(
wvjw̄

⊤
kj + wkjw̄

⊤
vj

)
xiyi +

(
w̄⊤
qjx
) (

w̄⊤
kjxi

) (
w̄⊤
vjxi

)
+
(
wkjwvjw̄

⊤
qjxy

2
i

)
= x⊤W ′

jxiyi + δj(x,xi,xi) +w′
j
⊤
xy2i
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where

W ′
j := w̄qj

(
wvjw̄

⊤
kj + wkjw̄

⊤
vj

)
∈ Rd×d,

w′
j := wkjwvjw̄qj ∈ Rd,

δj(x,xi,xi) :=
(
w̄⊤
qjx
) (

w̄⊤
kjxi

) (
w̄⊤
vjxi

)
∈ R.

Then

gssm(Z) =
n∑
i=1

fn+1−i ·
d+1∑
j=1

vj

(
x⊤W ′

jxiyi + δj(x,xi,xi) +w′
j
⊤
xy2i

)
= x⊤

(
d+1∑
j=1

vjW
′
j

)
X(y ⊙ f̃) +

n∑
i=1

fn+1−i ·
d+1∑
j=1

vj · δj(x,xi,xi)

+

(
d+1∑
j=1

vjw
′
j
⊤

)
xy⊤(y ⊙ f̃)

= x⊤W̃Xỹ︸ ︷︷ ︸
g̃ssm(Z)

+ δ̃(x,X,X)︸ ︷︷ ︸
ϵ1

+ w̃⊤xy⊤ỹ︸ ︷︷ ︸
ϵ2

.

where

f̃ := [fn · · · f1]⊤ ∈ Rn,

ỹ := y ⊙ f̃ ∈ Rn,

W̃ :=
d+1∑
j=1

vjW
′
j ∈ Rd×d,

w̃ :=
d+1∑
j=1

vjw
′
j ∈ Rd,

δ̃(x,X,X) :=
n∑
i=1

fn+1−i ·
d+1∑
j=1

vj · δj(x,xi,xi) ∈ R.

Next we will show that for any Wk,Wq,Wv,v,

E
[
(gssm(Z)− y)2

]
≥ E

[
(g̃ssm(Z)− y)2

]
.
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To start with, we obtain

E
[
(gssm(Z)− y)2

]
= E

[
(g̃ssm(Z) + ϵ1 + ϵ2 − y)2

]
= E

[
(g̃ssm(Z)− y)2

]
+ E

[
(ϵ1 + ϵ2)

2
]
+ 2E [(g̃ssm(Z)− y)(ϵ1 + ϵ2)]

(D.10)

where there is decomposition

(g̃ssm(Z)− y)(ϵ1 + ϵ2)

= δ̃(x,X,X) · x⊤W̃Xỹ︸ ︷︷ ︸
(a)

− δ̃(x,X,X)y︸ ︷︷ ︸
(b)

+ w̃⊤xy⊤ỹ · x⊤W̃Xỹ︸ ︷︷ ︸
(c)

− y · w̃⊤xy⊤ỹ︸ ︷︷ ︸
(d)

.

In the following, similar to the proof of Lemma D.1, we consider the expectations of
(a), (b), (c), (d) sequentially, which return zeros under Assumptions 5.1 and 5.2. Note that
δj(x,xi,xi)’s and δ̃(x,X,X) are summation of monomials of entries of (x,X,β) with or-
der 3, and entries of y and y are summation of monomials of entries of (x,X,β) with even
orders: e.g., y = x⊤β + ξ where ξ is of oder 0 and x⊤β is of order 2.

(a) : E
[
δ̃(x,X,X) · x⊤W̃Xỹ

]
= E

[
δ̃(x,X,X) · x⊤W̃X(Xβ ⊙ f̃)

]
+ E

[
δ̃(x,X,X) · x⊤W̃X(ξ ⊙ f̃)

]
= E

[
δ̃(x,X,X) · x⊤W̃X

]
E
[
ξ ⊙ f̃

]
= 0.

(b) : E
[
δ̃(x,X,X)y

]
= E

[
δ̃(x,X,X)(x⊤β + ξ)

]
= E

[
δ̃(x,X,X)x⊤β

]
+ E

[
δ̃(x,X,X)ξ

]
= 0.

(c) : E
[
w̃⊤xy⊤ỹ · x⊤W̃Xỹ

]
= E

[
w̃⊤x(Xβ + ξ)⊤(Xβ ⊙ f̃ + ξ ⊙ f̃) · x⊤W̃X(Xβ ⊙ f̃ + ξ ⊙ f̃)

]
= 0.
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(d) : E
[
y · w̃⊤xy⊤ỹ

]
= E

[
(x⊤β + ξ) · w̃⊤x(Xβ + ξ)⊤(Xβ ⊙ f̃ + ξ ⊙ f̃)

]
= 0.

Combining the results with (D.10) results that

E
[
(gssm(Z)− y)2

]
− E

[
(g̃ssm(Z)− y)2

]
= E

[
(ϵ1 + ϵ2)

2
]
≥ 0.

Therefore we obtain,

min
Wq ,Wk,Wv ,v,f

E
[
(gssm(Z)− y)2

]
≥ min

W̃ ,f̃
E
[
(g̃ssm(Z)− y)2

]
= min

W ,ω
E
[
(gwpgd(Z)− y)2

]
.

Next we show that for any choices of W and ω in gwpgd, there are Wq,k,v,v,f such that
gssm ≡ gwpgd. To this end, given ω = [ω1 . . . ωn]

⊤, let

Wq = Id+1, Wk =

[
W⊤ 0d

0⊤
d 0

]
, Wv =

[
0d×d 0d

1⊤
d 0

]
, v =

[
1d

0

]
and f =


0

ωn

· · ·
ω1

 .

Then we get

((Z0Wk ⊙Z0Wv) ∗ f)n+1 =

(([
XW⊤ 0n

0d 0

]
⊙
[
y1⊤

d 0n

0d 0

])
∗ f
)
n+1

=

[∑n
i=1 ωi · yiWxi

0

]

=

[
WX⊤(y ⊙ ω)

0

]
,

and therefore
gssm(Z) = x⊤WX⊤(y ⊙ ω) = gwpgd(Z),

which completes the proof of (D.8).
Next, to show (D.9), for any W ∈ Rd×d, let L(ω) = E

[(
x⊤WX⊤(y ⊙ ω)− y

)2]. Then
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we have

∂L(ω)

∂ωi
= E

[
2

(
x⊤W

n∑
j=1

ωjyjxj − y
)(

x⊤W yixi
)]

= 2
n∑
j=1

ωj E
[
(x⊤W yjxj)(x

⊤W yixi)
]
− 2E

[
yx⊤W yixi

]
.

Here since (xi, yi)
n
i=1 follow the same distribution and are conditionally independent

given x and β, for any i ̸= j ̸= j′, E
[
(x⊤W yixi)

2
]

= E
[
(x⊤W yjxj)

2
]

and
E
[
(x⊤W yjxj)(x

⊤W yixi)
]
= E

[
(x⊤W yj′xj′)(x

⊤W yixi)
]
. Then let

E
[
(x⊤W yjxj)(x

⊤W yixi)
]
=

c1, i ̸= j

c2, i = j
and E

[
yx⊤W yixi

]
= c3,

where (c1, c2, c3) := (c1(W ), c2(W ), c3(W )). We get

∂L(ω)

∂ωi
= 2c1ω

⊤1n + 2(c2 − c1)ωi − 2c3.

If c2 − c1 = 0, then ∂L(ω)
∂ωi
≡ 2c1ω

⊤1n − 2c3 for all i ≤ n and any ω ∈ Rn achieves the same
performance.

If c2 − c1 ̸= 0, setting ∂L(ω)
∂ωi

= 0 returns

ωi =
c3 − c1

∑n
j=1 ωj

c2 − c1
:= C for all i ≤ n.

Therefore the optimal loss is achieved via setting ω = C1n. Without loss of generality, we
can update W → CW . Then ω = 1n, and we obtain

min
W ,ω

E
[(
x⊤WX⊤(y ⊙ ω)− y

)2]
= min

W
E
[
(x⊤WX⊤y − y)2

]
which completes the proof of (D.9).
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D.1.2 Proof of Lemma 5.1

Proof. Recap the loss Lpgd(W) in (D.2a) and prediction gpgd(Z) in (D.1a), we have

Lpgd(W) (D.11)

= E[(y − gpgd(Z))2]

= E
[(
x⊤β + ξ − x⊤WX⊤(Xβ + ξ)

)2]
= E

[
(x⊤β − x⊤WX⊤Xβ)2 + 2(x⊤β − x⊤WX⊤Xβ)(ξ − x⊤WX⊤ξ) + (ξ − x⊤WX⊤ξ)2

]
= E

[
(x⊤β − x⊤WX⊤Xβ)2 + (ξ − x⊤WX⊤ξ)2

]
+ 2E[(x⊤β − x⊤WX⊤Xβ)(ξ − x⊤WX⊤ξ)]

= E
[
(x⊤β − x⊤WX⊤Xβ)2 + (ξ − x⊤WX⊤ξ)2

]
(D.12)

= E
[
(x⊤WX⊤Xβ)2 + (x⊤WX⊤ξ)2

]︸ ︷︷ ︸
f1(W )

−2E[β⊤xx⊤WX⊤Xβ + ξx⊤WX⊤ξ]︸ ︷︷ ︸
f2(W )

+ E[(x⊤β)2 + ξ2]︸ ︷︷ ︸
constant

where (D.12) follows Assumption 5.2. Since f2(W ) is convex, Lpgd(W) is strongly-convex if
and only if f1(W ) is strongly-convex, which completes the proof of strong convexity.

Next, (D.6) and (D.7) in the proof of Lemma D.1 demonstrate that the optimal loss is
achievable and is achieved at ϵ = 0. Subsequently, (D.3) indicates that g⋆att has the same
form as g⋆pgd. Under the strong convexity assumption, g⋆pgd is unique, which leads to the
conclusion that g⋆pgd = g⋆att.

D.1.3 Proof of Lemma 5.2

Proof. According to Lemma 5.1, Lpgd(W) is strongly-convex as long as either
E[(x⊤WX⊤Xβ)2] or E[(x⊤WX⊤ξ)2] is strongly-convex. Therefore, in this lemma, the
two claims correspond to the strong convexity of E[(x⊤WX⊤ξ)2] and E[(x⊤WX⊤Xβ)2]

terms, respectively.
Suppose the decomposition claim holds. Without losing generality, we may assume

(x1,β1,X1) are zero-mean because we can allocate the mean component to (x2,β2,X2)

without changing the covariance.
• Claim 1: Let Σ̄x = E[x1x

⊤
1 ], Σ̄β = E[β1β

⊤
1 ], and Σ̄X = E[X⊤

1 X1]. If the first claim
holds, using independence, observe that we can write

E[(x⊤WX⊤ξ)2] = E[(x⊤
1 WX⊤

1 ξ)
2] + E[(x⊤

1 WX⊤
2 ξ)

2] + E[(x⊤
2 WX⊤

1 ξ)
2] + E[(x⊤

2 WX⊤
2 ξ)

2],
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where the last three terms of the right hand side are convex and the first term obeys

E[(x⊤
1 WX⊤

1 ξ)
2] = σ2 E[x⊤

1 WX⊤
1 X1W

⊤x1]

= σ2tr
(
E[x1x

⊤
1 WX⊤

1 X1W
⊤]
)

= σ2tr
(
Σ̄xW Σ̄XW⊤)

= σ2∥
√
Σ̄xW

√
Σ̄X∥2F .

Since noise level σ > 0, using the full-rankness of covariance matrices Σ̄x and Σ̄X , we
conclude with strong convexity of E[(x⊤WX⊤ξ)2].
• Claim 2: Now recall that Σ̄X = E[X⊤

1 X1] and set A = X⊤
1 X1− Σ̄X and B = X⊤

2 X2 +

Σ̄X . Observe that E[A] = 0. If the second claim holds, E[X⊤X] = E[A + B]. Note
that (A,β1,x1) are independent of each other and (B,β2,x2). Using independence and
E[A] = 0, similarly write

E[(x⊤WX⊤Xβ)2] = E[(x⊤WAβ)2] + E[(x⊤WBβ)2].

Now using E[β1] = E[x1] = 0 and their independence from rest, these terms obeys

E[(x⊤WAβ)2] = E[(x⊤
1 WAβ1)

2] + E[(x⊤
1 WAβ2)

2] + E[(x⊤
2 WAβ1)

2] + E[(x⊤
2 WAβ2)

2]

E[(x⊤WBβ)2] = E[(x⊤
1 WBβ1)

2] + E[(x⊤
1 WBβ2)

2] + E[(x⊤
2 WBβ1)

2] + E[(x⊤
2 WBβ2)

2].

In both equations, the last three terms of the right hand side are convex. To proceed, we
focus on the first terms. Using independence and setting ΣX = E[X⊤X] ⪰ Σ̄X ≻ 0, we
note that

E[(x⊤
1 WAβ1)

2] + E[(x⊤
1 WBβ1)

2] = E[(x⊤
1 WX⊤Xβ1)

2]

where x1,β1,X are independent and full-rank covariance. To proceed, note that

E[(x⊤
1 WX⊤Xβ1)

2] = E[(x⊤
1 WΣXβ1)

2] + E[(x⊤
1 W (X⊤X −ΣX)β1)

2].

Observing the convexity of the right hand side and focusing on the first term, we get

E[(x⊤
1 WΣXβ1)

2] = tr
(
Σ̄xWΣXΣ̄βΣXW⊤) = ∥√Σ̄xWΣX

√
Σ̄β∥2F .

Using the fact that covariance matrices, Σ̄x,ΣX , Σ̄β, are full rank concludes the strong
convexity proof of E[(x⊤WX⊤Xβ)2].
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D.2 Analysis of General Data Distribution

In this section, we provide the proofs in Section 5.3, which focuses on solving Objective (5.5a).
For the sake of clean notation, let L(W ) := Lpgd(W) and g := gpgd in this section.

D.2.1 Supporting Results

We begin by deriving the even moments of random variables.
• 2n’th moment of a normally distributed variable: Let u ∼ N (0, σ2). Then we have

E[u2n] = σ2n(2n− 1)!!. (D.13)

• 4’th moment: Let u ∼ N (0, Id). Then for any W ,W ′ ∈ Rd×d, we have

E
[
(u⊤Wu)(u⊤W ′u)

]
= E

[(
d∑

i,j=1

Wijuiuj

)(
d∑

i,j=1

W ′
ijuiuj

)]

= E

[(
d∑
i=1

Wiiu
2
i

)(
d∑
i=1

W ′
iiu

2
i

)]
+ E

[(∑
i ̸=j

Wijuiuj

)(∑
i ̸=j

W ′
ijuiuj

)]

=
d∑
i=1

WiiW
′
ii E
[
u4i
]
+
∑
i ̸=j

WiiW
′
jj E[u2i ]E[u2j ] +

∑
i ̸=j

WijW
′
ij E[u2i ]E[u2j ] +

∑
i ̸=j

WijW
′
ji E[u2i ]E[u2j ]

= 3
d∑
i=1

WiiW
′
ii +

∑
i ̸=j

WiiW
′
jj +

∑
i ̸=j

WijW
′
ij +

∑
i ̸=j

WijW
′
ji

=
d∑

i,j=1

WiiW
′
jj +

d∑
i,j=1

WijW
′
ij +

d∑
i,j=1

WijW
′
ji

= tr (W ) tr (W ′) + tr
(
W ′W⊤)+ tr (WW ′) . (D.14)

• 4’th cross-moment: Let u,v ∼ N (0, Id) and for any W ∈ Rd×d, let ΛW = W ⊙ Id.
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Then we have

E
[
(u⊤Wvv⊤u)2

]
= E

( d∑
i,j=1

Wijuivj

)2( d∑
i=1

uivi

)2


= E

[(
d∑

i,j=1

W 2
iju

2
i v

2
j

)(
d∑
i=1

u2i v
2
i

)
+

(∑
i ̸=j

WijWjiu
2
iu

2
jv

2
i v

2
j

)]

= E

[(
d∑
i=1

W 2
iiu

2
i v

2
i +

∑
i ̸=j

W 2
iju

2
i v

2
j

)(
d∑
i=1

u2i v
2
i

)]
+
∑
i ̸=j

WijWji

= 9
d∑
i=1

W 2
ii + (d− 1)

d∑
i=1

W 2
ii + 6

∑
i ̸=j

W 2
ij + (d− 2)

∑
i ̸=j

W 2
ij +

∑
i ̸=j

WijWji

= 3
d∑
i=1

W 2
ii + (d+ 4)

d∑
i,j=1

W 2
ij +

d∑
i,j=1

WijWji

= 3tr
(
Λ2

W

)
+ (d+ 4)tr

(
WW⊤)+ tr

(
W 2

)
. (D.15)

• 6’th moment: Let u ∼ N (0, Id). Then for any W ,W ′ ∈ Rd×d, we have

E
[
(u⊤Wu)(u⊤W ′u)∥u∥2

]
= E

[(
d∑

i,j=1

Wijuiuj

)(
d∑

i,j=1

W ′
ijuiuj

)(
d∑
i=1

u2i

)]

= E

[(
d∑
i=1

Wiiu
2
i

)(
d∑
i=1

W ′
iiu

2
i

)(
d∑
i=1

u2i

)]
+ E

[(∑
i ̸=j

Wijuiuj

)(∑
i ̸=j

W ′
ijuiuj

)(
d∑
i=1

u2i

)]

=
d∑
i=1

WiiW
′
ii E

[
u4i

(
d∑

i′=1

u2i′

)]
+
∑
i ̸=j

WiiW
′
jj E

[
u2iu

2
j

(
d∑

i′=1

u2i′

)]

+
∑
i ̸=j

WijW
′
ij E

[
u2iu

2
j

(
d∑

i′=1

u2i′

)]
+
∑
i ̸=j

WijW
′
ji E

[
u2iu

2
j

(
d∑

i′=1

u2i′

)]

= (d+ 4)

(
3

d∑
i=1

WiiW
′
ii +

∑
i ̸=j

WiiW
′
jj +

∑
i ̸=j

WijW
′
ij +

∑
i ̸=j

WijW
′
ji

)
(D.16)

= (d+ 4)

(
d∑

i,j=1

WiiW
′
jj +

d∑
i,j=1

WijW
′
ij +

d∑
i,j=1

WijW
′
ji

)
= (d+ 4)

(
tr (W ) tr (W ′) + tr

(
W ′W⊤)+ tr (WW ′)

)
, (D.17)
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where (D.16) is obtained by following

E

[
u4i

(
d∑

i′=1

u2i′

)]
= E[u6] + (d− 1)E[u4]E[u2] = 3(d+ 4),

E

[
u2iu

2
j

(
d∑

i′=1

u2i′

)]
= 2E[u4]E[u2] + (d− 2)E[u2]E[u2]E[u2] = d+ 4.

• 8’th moment: Let u ∼ N (0, Id). Then for any W ,W ′ ∈ Rd×d, we have

E
[
(u⊤Wu)(u⊤W ′u)∥u∥4

]
= E

[(
d∑

i,j=1

Wijuiuj

)(
d∑

i,j=1

W ′
ijuiuj

)(
d∑

i,j=1

u2iu
2
j

)]

=
d∑
i=1

WiiW
′
ii E

[
u4i

(
d∑

i′=1

u4i′ +
∑
i′ ̸=j′

u2i′u
2
j′

)]
+
∑
i ̸=j

WiiW
′
jj E

[
u2iu

2
j

(
d∑

i′=1

u4i′ +
∑
i′ ̸=j′

u2i′u
2
j′

)]

+
∑
i ̸=j

WijW
′
ij E

[
u2iu

2
j

(
d∑

i′=1

u4i′ +
∑
i′ ̸=j′

u2i′u
2
j′

)]
+
∑
i ̸=j

WijW
′
ji E

[
u2iu

2
j

(
d∑

i′=1

u4i′ +
∑
i′ ̸=j′

u2i′u
2
j′

)]

= (d+ 4)(d+ 6)

(
3

d∑
i=1

WiiW
′
ii +

∑
i ̸=j

WiiW
′
jj +

∑
i ̸=j

WijW
′
ij +

∑
i ̸=j

WijW
′
ji

)
(D.18)

= (d+ 4)(d+ 6)

(
d∑

i,j=1

WiiW
′
jj +

d∑
i,j=1

WijW
′
ij +

d∑
i,j=1

WijW
′
ji

)
= (d+ 4)(d+ 6)

(
tr (W ) tr (W ′) + tr

(
W ′W⊤)+ tr (WW ′)

)
. (D.19)
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where (D.18) is obtained by following

E

[
u4i

(
d∑

i′=1

u4i′ +
∑
i′ ̸=j′

u2i′u
2
j′

)]
= E[u8] + (d− 1)E[u4]E[u4] + 2(d− 1)E[u6]E[u2] + (d− 1)(d− 2)E[u4]E[u2]E[u2]

= 105 + 9(d− 1) + 30(d− 1) + 3(d− 1)(d− 2)

= 3(d+ 4)(d+ 6),

E

[
u2iu

2
j

(
d∑

i′=1

u4i′ +
∑
i′ ̸=j′

u2i′u
2
j′

)]
= 2E[u6]E[u2] + (d− 2)E[u4](E[u2])2 + 2E[u4]E[u4]

+ 4(d− 2)E[u4](E[u2])2 + (d− 2)(d− 3)(E[u2])4

= 30 + 3(d− 2) + 18 + 12(d− 2) + (d− 2)(d− 3)

= (d+ 4)(d+ 6).

D.2.2 Independent Data with General Covariance

Proof of Theorem 5.1. Consider a general independent linear model as defined in (5.7)
where Σx and Σβ are full-rank feature and task convariance matrices and

x ∼ N (0,Σx), β ∼ N (0,Σβ), ξ ∼ N (0, σ2), and y = x⊤β + ξ.

Let
X = [x1 · · · xn]⊤, ξ = [ξ1 · · · ξn]⊤, and y = [y1 · · · yn]⊤ = Xβ + ξ.

To simplify and without loss of generality, let x̄ = Σ−1/2
x x, X̄ = XΣ−1/2

x , θ̄ = Σ1/2
x β

where we have
x̄ ∼ N (0, I), θ̄ ∼ N (0,Σ1/2

x ΣβΣ
1/2
x )

and
y = x̄⊤θ̄ + ξ, y = X̄θ̄ + ξ.

Then recap the loss from (5.5a), and we obtain

L(W ) = E
[
(y − g(Z))2

]
= E

[(
x⊤β + ξ − x⊤WX⊤(Xβ + ξ)

)2]
= E

[
(x⊤β − x⊤WX⊤Xβ)2

]
+ E

[
(x⊤WX⊤ξ)2

]
+ σ2, (D.20)
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where the last equality comes from the independence of label noise ξ, ξ.
We first consider the following term

E
[
(x⊤WX⊤ξ)2

]
= E

[
(x̄⊤(Σ1/2

x WΣ1/2
x )X̄⊤ξ)2

]
= nσ2 · tr

(
W̄W̄⊤)

where we define W̄ = Σ1/2
x WΣ1/2

x . Next, focus on the following

E
[
(x⊤β − x⊤WX⊤Xβ)2

]
= E

[
(x̄⊤θ̄ − x̄⊤W̄ X̄⊤X̄θ̄)2

]
= E

[(
x̄⊤ (I − W̄ X̄⊤X̄

)
θ̄
)2]

= tr
(
E
[(
I − W̄ X̄⊤X̄

)
Σ
(
I − W̄ X̄⊤X̄

)⊤])
= tr (Σ)− tr

(
Σ(W̄ + W̄⊤)E[X̄⊤X̄]

)
+ tr

(
W̄⊤W̄ E[X̄⊤X̄ΣX̄⊤X̄]

)
= tr (Σ)− 2n · tr

(
ΣW̄

)
+ tr

(
W̄⊤W̄ E[X̄⊤X̄ΣX̄⊤X̄]

)
,

where Σ := Σ1/2
x ΣβΣ

1/2
x .

Let x̄i ∈ Rn be the i’th column of X̄ and Σij be the (i, j)’th entry of Σ. Then the (i, j)

entry of matrix X̄⊤X̄ΣX̄⊤X̄ is

(X̄⊤X̄ΣX̄⊤X̄)ij =
d∑

k=1

d∑
p=1

Σkpx̄
⊤
i x̄kx̄

⊤
p x̄j.

Then we get

i ̸= j : E
[(
X̄⊤X̄ΣX̄⊤X̄

)
ij

]
= Σij E[x̄⊤

i x̄ix̄
⊤
j x̄j] +Σji E[x̄⊤

i x̄jx̄
⊤
i x̄j] = n2Σij + nΣji

i = j : E
[(
X̄⊤X̄ΣX̄⊤X̄

)
ii

]
= Σii E

[
x̄⊤
i x̄ix̄

⊤
i x̄i
]
+
∑
j ̸=i

Σjj E
[
x̄⊤
i x̄jx̄

⊤
j x̄i
]

= Σii E
[
(x2i1 + · · ·+ x2in)

2
]
+ n

∑
j ̸=i

Σjj

= Σii(3n+ n(n− 1)) + n
∑
j ̸=i

Σjj

= n

(
Σii(n+ 1) +

d∑
j=1

Σjj

)
= n (Σii(n+ 1) + tr (Σ)) .

Therefore
E[X̄⊤X̄ΣX̄⊤X̄] = n(n+ 1)Σ+ n · tr (Σ) I.
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Combining all together results in

L(W ) = tr (Σ)− 2ntr
(
ΣW̄

)
+ n(n+ 1)tr

(
ΣW̄⊤W̄

)
+ n(tr (Σ) + σ2)tr

(
W̄W̄⊤)+ σ2,

=M − 2ntr
(
ΣW̄

)
+ n(n+ 1)tr

(
ΣW̄⊤W̄

)
+ nMtr

(
W̄W̄⊤) , (D.21)

where M := tr (Σ) + σ2. Setting ∇W̄L(W ) = 0 returns

−2n ·Σ+ 2n(n+ 1) ·ΣW̄ + 2nMW̄ = 0 =⇒ W̄⋆ =
(
(n+ 1)I +MΣ−1

)−1
.

Then we have
W⋆ = Σ−1/2

x

(
(n+ 1)I +MΣ−1

)−1
Σ−1/2

x

and
L⋆ = L(W⋆) =M − ntr

(
((n+ 1)Σ−1 +MΣ−2)−1

)
.

D.2.3 Retrieval Augmented Generation with α Correlation

In this section, we consider the retrieval augmented generation (RAG) linear model similar
to (5.9), where we first draw the query vector x and task vector β via

x ∼ N (0, I) and β ∼ N (0, I).

We then draw data (xi)
n
i=1 to be used in-context according to the rule corr_coef(x,xi) ≥

α ≥ 0. Hence, for i ≤ n we sample

xi
∣∣ x ∼ N (αx, γ2I), ξi ∼ N (0, σ2) and yi = x⊤

i β + ξi, (D.22)

which results in (5.9) by setting γ2 = 1− α2.

Theorem D.1 (Extended version of Theorem 5.2) Consider linear model as defined
in (D.22). Recap the objective from (5.5a) and let W⋆ := argminW Lpgd(W ), and L⋆ =

Lpgd(W⋆). Then Wmm and L⋆ satisfy

W⋆ = cI and L⋆ = d+ σ2 − cnd(α2(d+ 2) + γ2) (D.23)
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where

c =
α2(d+ 2) + γ2

α4n(d+ 2)(d+ 4) + α2γ2(d+ 2)(d+ 2n+ 3) + γ4(d+ n+ 1) + σ2(α2(d+ 2) + γ2)
.

Suppose α = O(1/
√
d), d/n = O(1) and d is sufficiently large. Let κ = α2d + 1 and

γ2 = 1− α2. Then Wmm and L⋆ have approximate forms

W⋆ ≈
1

κn+ d+ σ2
I and L⋆ ≈ d+ σ2 − κnd

κn+ d+ σ2
. (D.24)

Proof. Here, for clean notation and without loss of generality, we define and rewrite (D.22)
via

gi ∼ N (0, I), ξi ∼ N (0, σ2) and xi = αx+ γgi, yi = (αx+ γgi)
⊤β + ξi.

Then we obtain

L(W ) = E
[
(y − g(Z))2

]
= E

[(
x⊤β + ξ − x⊤WX⊤(Xβ + ξ)

)2]
= E

[
(x⊤β − x⊤WX⊤Xβ)2

]
+ E

[
(x⊤WX⊤ξ)2

]
+ σ2. (D.25)

To begin with, let

N1 = tr (W )2 + tr
(
WW⊤)+ tr

(
W 2

)
, N2 = tr

(
WW⊤) , and N3 = tr (W ) .

We first focus on the second term in (D.25)

E
[
(x⊤WX⊤ξ)2

]
= E

( n∑
i=1

ξix
⊤W (αx+ γgi)

)2


= nσ2 E
[
x⊤W (αx+ γg)(αx+ γg)⊤W⊤x

]
= nσ2

(
α2 E[x⊤Wxx⊤W⊤x] + γ2 E[x⊤Wgg⊤W⊤x]

)
= nσ2

(
α2N1 + γ2N2

)
. (It follows (D.14) and independence of x, g.)

Next, the first term in (D.25) can be decomposed into

E
[
(x⊤β − x⊤WX⊤Xβ)2

]
= E

[
(x⊤β)2

]︸ ︷︷ ︸
(a)

+ E
[
(x⊤WX⊤Xβ)2

]︸ ︷︷ ︸
(b)

− 2E
[
x⊤βx⊤WX⊤Xβ

]︸ ︷︷ ︸
(c)

.
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In the following, we consider solving (a)-(c) sequentially.

(a) : E
[
(x⊤β)2

]
= d.

(b) : E
[
(x⊤WX⊤Xβ)2

]
= E

(x⊤W
n∑
i=1

(αx+ γgi)(αx+ γgi)
⊤β

)2


= E

( n∑
i=1

x⊤W (α2xx⊤ + γ2gig
⊤
i + αγxg⊤

i + αγgix
⊤)β

)2


=
(
α4n2(d+ 4) + α2γ2n(2n+ d+ 2)

)
N1 +

(
α2γ2n(d+ 2) + γ4n(d+ n+ 1)

)
N2

= A1N1 + A2N2.

(c) : E
[
x⊤βx⊤WX⊤Xβ

]
= E

[
n∑
i=1

x⊤βx⊤W (αx+ γgi)(αx+ γgi)
⊤β

]

= E

[
n∑
i=1

x⊤βx⊤W (α2xx⊤ + γ2gig
⊤
i + αγxg⊤

i + αγgix
⊤)β

]
= α2nE

[
x⊤βx⊤Wxx⊤β

]
+ γ2nE

[
x⊤βx⊤Wgg⊤β

]
= α2n(d+ 2)tr (W ) + γ2ntr (W )

=
(
α2n(d+ 2) + γ2n

)
N3

= A3N3.

Here, (b) utilizes the 4’th and 6’th moment results (D.14) and (D.17) and we define

A1 = α4n2(d+ 4) + α2γ2n(2n+ d+ 2)

A2 = α2γ2n(d+ 2) + γ4n(d+ n+ 1)

A3 = α2n(d+ 2) + γ2n.

Then combining all together results in

L(W ) = A1N1 + A2N2 − 2A3N3 + nσ2(α2N1 + γ2N2) + d+ σ2.
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To find the optimal solution, set ∇L(W ) = 0 and we obtain

A1∇N1 + A2∇N2 − 2A3∇N3 + nσ2(α2∇N1 + γ2∇N2) = 0. (D.26)

Note that we have

∇N1 = ∇
(
tr (W )2 + tr

(
WW⊤)+ tr

(
W 2

))
= 2tr (W ) I + 2W + 2W⊤

∇N2 = ∇tr
(
WW⊤) = 2W

∇N3 = ∇tr (W ) = I.

Therefore, (D.26) returns

2A1

(
tr (W ) I +W +W⊤)+ 2A2W − 2A3 + 2nσ2(α2(tr (W ) I +W +W⊤) + γ2W )I = 0,

(D.27)

which implies that the optimal solution W⋆ has the form of cI for some constant c. Then
suppose W⋆ = cI, we have tr (W ) = cd and (D.27) returns

2A1(d+ 2)cI + 2A2cI − 2A3I + 2nσ2(α2(d+ 2)cI + γ2cI) = 0

=⇒ c =
A3

A1(d+ 2) + A2 + nσ2(α2(d+ 2) + γ2)

=
α2(d+ 2) + γ2

α4n(d+ 2)(d+ 4) + α2γ2(d+ 2)(d+ 2n+ 3) + γ4(d+ n+ 1) + σ2(α2(d+ 2) + γ2)
.

Then the optimal loss is obtained by setting W⋆ = cI and

L⋆ = L(W⋆) = A1c
2d(d+ 2) + A2c

2d− 2A3cd+ nσ2c2d(α2(d+ 2) + γ2) + d+ σ2

= c2d
(
A1(d+ 2) + A2 + nσ2(α2(d+ 2) + γ2)

)
− 2A3cd+ d+ σ2

= d+ σ2 − A3cd.
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It completes the proof of (D.23). Now if assuming α = O(1/
√
d), d/n = O(1) and sufficiently

large dimension d, we have the approximate

c ≈ α2d+ 1

α4d2n+ α2d(d+ 2n) + (d+ n) + σ2(α2d+ 1)

=
α2d+ 1

(α2d+ 1)2n+ (α2d+ 1)d+ σ2(α2d+ 1)

=
1

(α2d+ 1)n+ d+ σ2

and

L⋆ ≈ d+ σ2 − (α2d+ 1)nd

(α2d+ 1)n+ d+ σ2
.

D.2.4 Task-feature Alignment with α Correlation

In this section, we consider the task-feature alignment data model similar to (5.11), where
we first draw task vector β via

β ∼ N (0, I).

Then we generate examples (xi, yi)
n+1
i=1 according to the rule corr_coef(xi,β) ≥ α ≥ 0 via

xi
∣∣ β ∼ N (αβ, I), ξi ∼ N (0, σ2) and yi = γ · x⊤

i β + ξi, (D.28)

which results in (5.11) by setting γ2 = 1/(α2d+ 1).

Theorem D.2 (Extended version of Theorem 5.3) Consider linear model as defined
in (D.28). Recap the objective from (5.5a) and let W⋆ := argminW Lpgd(W ), and L⋆ =

Lpgd(W⋆). Then W⋆ and L⋆ satisfy

W⋆ = cI and L⋆ = dγ2(∆0α
2 + 1) + σ2 − cndγ2(∆1α

4 + 2∆0α
2 + 1) (D.29)

where
c =

∆1α
4 + 2∆0α

2 + 1

∆2α6 +∆3α4 +∆4α2 + (d+ n+ 1) + σ2(∆0α4 + 2α2 + 1)/γ2
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and 

∆0 = d+ 2

∆1 = (d+ 2)(d+ 4)

∆2 = (d+ 2)(d+ 4)(d+ 6)n

∆3 = (d+ 2)(d+ 4)(3n+ 4)

∆4 = (d+ 2)(3n+ d+ 3) + (d+ 8).

Suppose α = O(1/
√
d), d/n = O(1) and d is sufficiently large. Let κ = α2d+1 and γ2 = 1/κ.

Then Wmm and L⋆ have approximate forms

W⋆ ≈
1

κn+ (d+ σ2)/κ
and L⋆ ≈ d+ σ2 − κnd

κn+ (d+ σ2)/κ
. (D.30)

Proof. Here, for clean notation and without loss of generality, we define and rewrite (D.28)
via

gi ∼ N (0, I), ξi ∼ N (0, σ2) and xi = αβ+gi, yi = γx⊤
i β+ ξi = γ · (αβ+gi)

⊤β+ ξi.

Recap the loss function from (5.5a), we obtain

L(W ) = E
[
(y − g(Z))2

]
= E

[(
γx⊤β + ξ − x⊤WX⊤(γXβ + ξ)

)2]
= γ2 E

[
(x⊤β − x⊤WX⊤Xβ)2

]
+ E

[
(x⊤WX⊤ξ)2

]
+ σ2. (D.31)

Similar to Appendix D.2.3, to begin with, let

N1 = tr (W )2 + tr
(
WW⊤)+ tr

(
W 2

)
, N2 = tr

(
WW⊤) , and N3 = tr (W ) ,

and additionally, given ΛW = W ⊙ I, let

N4 = 3tr
(
Λ2

W

)
+ (d+ 4)tr

(
WW⊤)+ tr

(
W 2

)
.
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We first focus on the second term in (D.31)

E
[
(x⊤WX⊤ξ)2

]
= E

((αβ + g)⊤W
n∑
i=1

ξi(αβ + gi)

)2


= nσ2 E
[(
(αβ + g)⊤W (αβ + g′)

)2]
= nσ2

(
α4 E

[
(β⊤Wβ)2

]
+ 2α2 E

[
(β⊤Wg′)2

]
+ E

[
(g⊤Wg′)2

])
= nσ2

(
α4
(
tr (W )2 + tr

(
W 2

)
+ tr

(
WW⊤))+ (2α2 + 1)tr

(
WW⊤))

= nσ2
(
α4N1 + (2α2 + 1)N2

)
.

(It follows (D.14) and independence of β, g, g′.)

Next, the first term of (D.31) (omitting γ2) returns the following decomposition:

E
[
(x⊤β − x⊤WX⊤Xβ)2

]
= E

[
((αβ + g)⊤(β −WX⊤Xβ))2

]
= E

[(
αβ⊤β − αβ⊤WX⊤Xβ + g⊤β − g⊤WX⊤Xβ

)2]
= α2d(d+ 2) + α2E[(β⊤WX⊤Xβ)2]︸ ︷︷ ︸

(a)

+ d+ E[(g⊤WX⊤Xβ)2]︸ ︷︷ ︸
(b)

− 2α2E[β⊤ββ⊤WX⊤Xβ]︸ ︷︷ ︸
(c)

− 2E[β⊤gg⊤WX⊤Xβ]︸ ︷︷ ︸
(d)

.

Consider solving (a)-(d) sequentially as follows:
To begin with, we use the following decomposition for all (a)-(d):

X⊤Xβ =
n∑
i=1

xix
⊤
i β

=
n∑
i=1

(αβ + gi)(αβ + gi)
⊤β

=
n∑
i=1

α2ββ⊤β + αβg⊤
i β + αgiβ

⊤β + gig
⊤
i β.
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Then, we have

(a) : E[(β⊤WX⊤Xβ)2]

= E

( n∑
i=1

α2β⊤Wββ⊤β + αβ⊤Wβg⊤
i β + αβ⊤Wgiβ

⊤β + β⊤Wgig
⊤
i β

)2


= α4n2(d+ 4)(d+ 6)N1 + α2n(d+ 4)N1 + α2n(d+ 2)(d+ 4)N2 (D.32)

+ n(n− 1)N1 + nN4 (D.33)

+ 2α2n2(d+ 4)N1 + 2α2n(d+ 4)N1 (D.34)

=
(
α2n(d+ 4)(α2n(d+ 6) + 2n+ 3) + n(n− 1)

)
N1 + α2n(d+ 2)(d+ 4)N2 + nN4

(D.35)

= B1N1 +B2N2 + nN4,

where (D.32) and (D.34) utilize (D.17) and (D.19), and (D.33) is obtained via

E

( n∑
i=1

β⊤Wgig
⊤
i β

)2


= nE
[(

β⊤Wg′g′⊤β
)2]

+ n(n− 1)E
[
β⊤Wg′g′⊤ββ⊤Wg′′g′′⊤β

]
= nN4 + n(n− 1)N1,

which follows (D.14) and (D.15).

(b) : E
[
(g⊤WX⊤Xβ)2

]
= E

( n∑
i=1

α2g⊤Wββ⊤β + αg⊤Wβg⊤
i β + αg⊤Wgiβ

⊤β + g⊤Wgig
⊤
i β

)2


= α4n2(d+ 2)(d+ 4)N2 + α2n(d+ 2)N2 + α2nd(d+ 2)N2 + n(d+ n+ 1)N2 (D.36)

+ 2α2n2(d+ 2)N2 + 2α2n(d+ 2)N2 (D.37)

=
(
α2n(d+ 2)(α2n(d+ 4) + 2n+ d+ 3) + n(d+ n− 1)

)
N2

= B3N2,
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where (D.36) and (D.37) are obtained using (D.14), (D.17) and

E

( n∑
i=1

g⊤Wgig
⊤
i β

)2


= nE
[(

g⊤Wg′g′⊤β
)2]

+ n(n− 1)E
[
g⊤Wg′g′⊤βg⊤Wg′′g′′⊤β

]
= n(d+ 2)N2 + n(n− 1)N2 = n(n+ d+ 1)N2.

(c) : E
[
β⊤ββ⊤WX⊤Xβ

]
= nE

[
β⊤ββ⊤W (αβ + g′)(αβ + g′)⊤β

]
= α2nE

[
β⊤ββ⊤Wββ⊤β

]
+ nE

[
β⊤ββ⊤Wg′g′⊤β

]
= α2n(d+ 2)(d+ 4)tr (W ) + n(d+ 2)tr (W )

=
(
α2n(d+ 2)(d+ 4) + n(d+ 2)

)
N3

= B4N3.

(d) : E
[
β⊤gg⊤WX⊤Xβ

]
= nE

[
β⊤gg⊤W (αβ + g′)(αβ + g′)⊤β

]
= α2nE

[
β⊤gg⊤Wββ⊤β

]
+ nE

[
β⊤gg⊤Wg′g′⊤β

]
= α2n(d+ 2)tr (W ) + ntr (W )

=
(
α2n(d+ 2) + n

)
N3

= B5N3.

Here we define

B1 = α2n(d+ 4)(α2n(d+ 6) + 2n+ 3) + n(n− 1)

B2 = α2n(d+ 2)(d+ 4)

B3 = α2n(d+ 2)(α2n(d+ 4) + 2n+ d+ 3) + n(d+ n− 1)

B4 = α2n(d+ 2)(d+ 4) + n(d+ 2)

B5 = α2n(d+ 2) + n.
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Then combining all together results in

L(W )

= γ2
(
α2d(d+ 2) + d+ α2(B1N1 +B2N2 + nN4) +B3N2 − 2α2B4N3 − 2B5N3

)
+ nσ2(α4N1 + (2α2 + 1)N2) + σ2

= γ2
(
α2B1N1 + (α2B2 +B3)N2 − 2(α2B4 +B5)N3 + α2nN4

)
+ nσ2(α4N1 + (2α2 + 1)N2) + γ2d

(
α2(d+ 2) + 1

)
+ σ2

and differentiating it results in

∇L(W ) = γ2
(
α2B1∇N1 + (α2B2 +B3)∇N2 − 2(α2B4 +B5)∇N3 + α2n∇N4

)
+ nσ2(α4∇N1 + (2α2 + 1)∇N2).

Similar to the proof in Appendix D.2.3, W⋆ has the form of W⋆ = cI and we have

∇N1 = ∇
(
tr (W )2 + tr

(
WW⊤)+ tr

(
W 2

))
= 2tr (W ) I + 2W + 2W⊤ = 2c(d+ 2)I

∇N2 = ∇tr
(
WW⊤) = 2W = 2cI

∇N3 = ∇tr (W ) = I

∇N4 = ∇
(
3tr

(
Λ2

W

)
+ (d+ 4)tr

(
WW⊤)+ tr

(
W 2

))
= 6 · diag(ΛW ) + 2(d+ 4)W + 2W⊤

= 2c(d+ 8)I.

Therefore, setting ∇L(W ) = 0 returns

γ2
(
2c(d+ 2)α2B1 + 2c(α2B2 +B3)− 2(α2B4 +B5) + 2c(d+ 8)α2n

)
+ 2cnσ2(α4(d+ 2) + 2α2 + 1) = 0

=⇒ c =
α2B4 +B5

(d+ 2)α2B1 + (α2B2 +B3) + (d+ 8)α2n+ nσ2(α4(d+ 2) + 2α2 + 1)/γ2

= α4(d+ 2)(d+ 4) + 2α2(d+ 2) + 1

α6n(d+ 2)(d+ 4)(d+ 6) + α4(d+ 2)(d+ 4)(3n+ 4) + α2((d+ 2)(3n+ d+ 3) + (d+ 8)) + (d+ n+ 1) + σ2(α4(d+ 2) + 2α2 + 1)/γ2
.

Then the optimal loss is obtained by setting W⋆ = cI and

L⋆ = L(W⋆) = γ2d(α2(d+ 2) + 1) + σ2 − γ2(α2B4 +B5)cd.

It completes the proof of (D.29). Now if assuming α = O(1/
√
d), d/n = O(1), γ2 = 1/(α2d+
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1) and sufficiently large dimension d, we have the approximate

c ≈ α4d2 + 2α2d+ 1

nα6d3 + 3nα4d2 + (3n+ d)α2d+ d+ n+ σ2(α4d+ 2α2 + 1)/γ2

≈ (α2d+ 1)2

n(α2d+ 1)3 + d(α2d+ 1) + σ2(α2d+ 1)

≈ 1

(α2d+ 1)n+ (d+ σ2)/(α2d+ 1)

and

L⋆ ≈ γ2d(α2d+ 1) + σ2 − γ2(α2d+ 1)2nd

(α2d+ 1)n+ (d+ σ2)/(α2d+ 1)

= d+ σ2 − (α2d+ 1)nd

(α2d+ 1)n+ (d+ σ2)/(α2d+ 1)
.

D.3 Analysis of Low-Rank Parameterization

D.3.1 Proof of Lemma 5.3

Proof. Recall the loss function from (D.21)

L(W ) =M − 2ntr
(
ΣW̄

)
+ n(n+ 1)tr

(
ΣW̄⊤W̄

)
+ nMtr

(
W̄W̄⊤)

where W̄ = Σ1/2
x WΣ1/2

x , Σ = Σ1/2
x ΣβΣ

1/2
x and M = tr (Σ) + σ2. For any W̄ , let us

parameterize W̄ = UEU⊤ where U ∈ Rd×r denotes the eigenvectors of W̄ and E ∈ Rr×r

is a symmetric square matrix. We will first treat U as fixed and optimize E. We will then
optimize U . Fixing U , setting Σ̄ = U⊤ΣU , we obtain

L(E) =M − 2ntr
(
Σ̄E

)
+ n(n+ 1)tr

(
Σ̄E2

)
+ nMtr

(
E2
)
.

Differentiating, we obtain

0.5n−1∇L(E) = −Σ̄+ (n+ 1)Σ̄E +ME.

Setting ∇L(E) = 0 returns

E⋆ = (MI + (n+ 1)Σ̄)−1Σ̄. (D.38)
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Figure D.1: Further comparison for linear attention and H3. In (a) and (b), given maximum
context lengths nmax, we train linear attention and H3 models to minimize the average loss
across all positions n from 1 to nmax. Averaged test risks are presented in (c). In (d), the task
vector β evolves gradually over the context positions i ≤ n via βi = (i/n)β1+(1−i/n)β2. In
both scenarios, H3 outperforms linear attention benefiting from its additional convolutional
filter (c.f. f in (5.2b)). Implementation details are discussed in Section 5.4.

Let λ̄i denote the i’th largest eigenvalue of Σ̄. Plugging in this value, we obtain the optimal
risk as a function of U is given by

L⋆(U) =M − n · tr
(
Σ̄E⋆

)
=M − n · tr

(
(MI + (n+ 1)Σ̄)−1Σ̄2

)
(D.39)

=M − n
r∑
i=1

λ̄2i
(n+ 1)λ̄i +M

=M − n
r∑
i=1

λ̄i

n+ 1 +Mλ̄−1
i

. (D.40)

Now observe that, the right hand side is strictly decreasing function of the eigenvalues λ̄i of
Σ̄ = U⊤ΣU . Thus, to minimize L⋆(U), we need to maximize

∑r
i=1

λ̄i
n+1+Mλ̄−1

i

. It follows
from Cauchy interlacing theorem that λ̄j ≤ λi where λi is the i’th largest eigenvalue of Σ
since Σ̄ is an orthogonal projection of Σ on U . Consequently, we find the desired bound
where

L⋆ =M − n
r∑
i=1

λi

n+ 1 +Mλ−1
i

.

The equality holds by setting U to be the top-r eigenvectors of Σ and E = E⋆(U ) to be the
diagonal matrix according to (D.38).

D.4 Additional Experiments

In this section, we present additional experiments demonstrating that the H3 model can
outperform the linear attention model under different training or data settings. The imple-
mentation details are consistent with those outlined in Section 5.4.
• H3 outperforms linear attention (Figure D.1). Until now, our analysis has estab-
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lished the equivalence between linear attention and H3 models in solving linear ICL problem.
Furthermore, we also investigate settings where H3 could outperform linear attention due to
its sample weighting ability. In Figs. D.1a and D.1b, instead of training separate models to
fit the different context lengths, we train a single model with fixed max-length nmax and loss
is evaluated as the average loss given samples from 1 to nmax. Such setting has been wildly
studied in the previous ICL work [59, 4, 113]. We generate data according to (5.7) with
Σx = Σβ = Id and σ = 0, and train 1-layer linear attention (Fig. D.1a) and H3 (Fig. D.1b)
models with different max-lengths nmax = 30, 50, 80. Comparison between Fig. D.1a and
D.1b shows that 1-layer attention and H3 implement different algorithms in solving the av-
eraged linear regression problem and H3 is more consistent in generalizing to longer context
lengths. In Fig. D.1c, we plot the averaged risks for each model and H3 outperforms linear
attention. Furthermore, in Fig. D.1d, we focus on the setting where in-context examples are
generated using evolving task vector β. Specifically, consider that each sequence corresponds
to two individual task parameters β(1) ∼ N (0, Id) and β(2) ∼ N (0, Id). Then the i’th sample
is generated via xi ∼ N (0, Id) and yi = β⊤

i xi where βi = λiβ
(1) +(1−λi)β(2) and λi = i/n.

The results are reported in Fig. D.1d which again shows that H3 achieves better performance
compared to linear attention, as H3 may benefit from the additional convolutional filter (c.f.
f in (5.2b)). Here, dotted curve represent the theoretical results under i.i.d. and noiseless
setting, derived from Corollary 5.1.
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APPENDIX E

Appendix for Chapter 6

E.1 Experimental setup

E.1.1 Implementation detail

Data generation. Consider ICL problem with input in the form of multi-task prompt as
described in Section 6.5.1. In the experiments, we set K = 2, dimensions d = 10 and p = 5,
uniform context length n1 = n2 = n̄ where we have n = Kn̄, and vary n̄ from 0 to 50. Let
(r1, r2) :=

(
E[β⊤

1 β]/d,E[β⊤
2 β]/d

)
denote the correlations between in-context tasks β1,β2

and query task β. We generate task vectors as follows:

β1,β2 ∼ N (0, Id), and β ∼ N (r1β1 + r2β2, (1− r21 − r22)Id).

Input features are randomly sampled ((xik)
n̄
i=1)

K
k=1,xn+1 ∼ N (0, Id), and we have yik =

β⊤
k xik (σ = 0), k ∈ {1, 2} and yn+1 = β⊤xn+1. Additionally, delimiters c̄0, · · · , c̄K are

randomly sampled from N (0, Ip).

Implementation setting. We train 1-layer linear attention and GLA models for solv-
ing multi-prompt ICL problem as described in Section 6.5.1. For GLA model, we consider
sigmoid-type gating function given by scalar gating: G(z) = ϕ(w⊤

g z)1(d+p+1)×(d+p+1), or
vector gating: G(z) = ϕ(Wgz)1

⊤
d+p+1 where ϕ(z) = (1 + e−z)−1 is the activation function.

Note that although the theoretical results are based on the model constructions (c.f. (6.9) and
(6.23)), we do not restrict the attention weights in our implementation. We train each model
for 10000 iterations with batch size 256 and Adam optimizer with learning rate 10−3. Similar
to the previous work [116], since our study focuses on the optimization landscape, ICL prob-
lems using linear attention/GLA models are non-convex, and experiments are implemented
via gradient descent, we repeat 10 model trainings from different model initialization and
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data sampling (e.g., different choice of delimiters) and results are presented as the minimal
test risk among those 10 trails. Results presented have been normalized by d.

Experimental results. Based on the experimental setting, we can obtain the correlation
matrix and vector following Definition 6.1

R =

[
1n̄1

⊤
n̄ 0

0 1n̄1
⊤
n̄

]
and r =

[
r11

⊤
n̄ r21

⊤
n̄

]⊤
.

Then dotted curves display our theoretical results derive using Σ = I and R, r above.
Specifically, in Figure 6.1, black dashed curves represent L⋆wpgd following (6.20) and blues
dashed curves represent L⋆gla following (6.27). We consider scenarios where (r1, r2) ∈
{(0, 1), (0.2, 0.8), (0.5, 0.5), (0.8, 0.2)} and results are presented in Figures (6.1a), (6.1b),
(6.1c) and (6.1d), respectively.

• GLA-wo achieves the worst performance among all the methods. We claim that it is due
to the randomness of input tokens as discussed in Section 6.5.1. Thanks to the introduction
of delimiters as described in (6.22), data and gating is decoupled and a task-dependent
weighting is learnt. Hence, GLA is able to achieve comparable performance to the optimal
one (L⋆wpgd, red dashed). Note that GLA-wo performs even worse than LinAtt. It comes from
the fact the weighting induced by GLA-wo varies over different input prompts and it can not
implement all ones weight.

• The alignments between LinAtt (blue solid) and blue dashed curves validate our Corol-
lary 6.3. In Figures 6.1a, 6.1b and 6.1c, the alignments between GLA (red solid) and Lwpgd

(black dashed) verify our Theorem 6.5, specifically, Equation 6.26. While in 6.1c and 6.1d,
GLA achieves the same performance as LinAtt. It is due to the fact that GLA can not weight
the history higher than its present. Then the equal-weighting, e.g., ω = 1, is the optimal
weighting given such constraint. What’s more, the alignment between GLA-vector (cyan
curves) and red dashed in Figure 6.1d validates our vector gating theorem in Theorem 6.6.

E.1.2 Multi-layer experiments

In this section, we present additional experiments on multi-layer GLA models. We adopt
the same experimental setup as described in Figure 6.1a and Appendix E.1, with parameters
setting to (r1, r2) = (0, 1). The results are displayed in Figure E.1, where the blue, red,
and green curves correspond to the performance of one-, two-, and three-layer GLA models,
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Figure E.1: Multi-layer GLA experiments with (r1, r2) = (0, 1).

respectively, with the y-axis presented in log-scale. According to Theorem 6.2, an L-layer
GLA performs L steps of WPGD, suggesting that deeper models should yield improved
predictive performance. The experimental findings in Figure E.1 align with the theoretical
predictions of Theorem 6.2.

E.2 GLA ⇔ WPGD

E.2.1 Proof of Theroem 6.1

Proof. Recap the problem settings from Section 6.2 where in-context samples are given by

Z = [z1 · · · zn zn+1]
⊤ =

[
x1 · · · xn xn+1

y1 · · · yn 0

]⊤

and let the value, key and query embeddings at time i be

vi = Wv
⊤zi, ki = Wk

⊤zi, and qi = Wq
⊤zi.

Then we can rewrite the GLA output (cf. (GLA)) as follows:

oi = Siqi and Si = Gi ⊙ Si−1 + vik
⊤
i

= Gi ⊙ · · ·G1 ⊙ v1k
⊤
1 + · · ·+Gi ⊙ vi−1k

⊤
i−1 + vik

⊤
i

=
i∑

j=1

Gj:i ⊙ vjk
⊤
j ,
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where we define

Gj:i = Gj+1 ⊙Gj+2 · · ·Gi, j < i, and Gi:i = 1(d+1)×(d+1).

Consider the prediction based on the last token, then we obtain

on+1 = Sn+1qn+1 and Sn+1 =
n+1∑
j=1

Gj:n+1 ⊙ vjk
⊤
j .

Construction 1: Recall the model construction from (6.9) where

Wk =

[
Pk 0

0 0

]
, Wq =

[
Pq 0

0 0

]
and Wv =

[
0d×d 0

0 1

]
. (E.1)

Then, given each token zi = [x⊤
i yi]

⊤, i ∈ [n], single-layer GLA returns

vi =

[
0

yi

]
, ki =

[
P⊤
k xi

0

]
, and qi =

[
P⊤
q xi

0

]
,

and we obtain

vik
⊤
i =

[
0d×d 0

yix
⊤
i Pk 0

]
, i ≤ n, and vn+1k

⊤
n+1 = 0(d+1)×(d+1).

Therefore, since only d entries in vik
⊤
i matrix are nonzero, given ⊙ as the Hadamard product,

only the corresponding d entries in all Gi matrices are useful. Based on this observation, let

Gi =

[
∗ ∗
g⊤
i ∗

]
and Gj:i =

[
∗ ∗
g⊤
j:i ∗,

]

where gj:i = gj+1 ⊙ gj+2 · · · gi ∈ Rd for j < i and gi:i = 1d.
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Combing all together, and letting X,y follow the definitions in (6.6), we obtain

on+1 = Sn+1qn+1

=

(
n+1∑
j=1

Gj:n+1 ⊙ vjk
⊤
j

)
qn+1

=

[
0d×d 0∑n

j=1 yjx
⊤
j Pk ⊙ g⊤

j:n+1 0

][
P⊤
q x

0

]

=

[
0

x⊤Pq (XPk ⊙Ω)⊤ y

]

where
Ω =

[
g1:n+1 g2:n+1 · · · gn:n+1

]
∈ Rn×d.

Then if taking the last entry of on+1 as final prediction, we get

fgla(Z) = x⊤Pq (XPk ⊙Ω)⊤ y

which completes the proof of Theorem 6.1.

Construction 2: Based on the construction given in (E.1), only d elements of Gi matrices
are useful. One might ask about the effect of other entries of Gi. Therefore, in the following,
we introduce an other model construction showing that different row of Gi implements
WPGD with different weighting. Similarly, let Wk,Wq be the same as (E.1) but with Wv

constructed by

Wv =
[
0(d+1)×d u

]⊤
where u = [u1 u2 · · · ud+1]

⊤ ∈ Rd+1.

Then, the value embeddings have the form of vi = yiu, which gives

vik
⊤
i = u

[
yix

⊤
i Pk 0

]
.

Next, let

Gi =


(g1

i )
⊤ ∗

(g2
i )

⊤ ∗
...

...
(gd+1

i )⊤ ∗

 , and Gj:i =


(g1

j:i)
⊤ ∗

(g2
j:i)

⊤ ∗
...

...
(gd+1

j:i )⊤ ∗

 ,
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where gi
′
i ∈ Rd corresponds to the i′-th row of Gi and gi

′
j:i = gi

′
j+1⊙ gi

′
j+1 · · · gi

′
i . Then we get

the output

on+1 =


∑n

j=1 u1yjx
⊤
j Pk ⊙ (g1

j:n+1)
⊤ 0∑n

j=1 u2yjx
⊤
j Pk ⊙ (g2

j:n+1)
⊤ 0

...∑n
j=1 ud+1yjx

⊤
j Pk ⊙ (gd+1

j:n+1)
⊤ 0


[
P⊤
q x

0

]
=


x⊤Pq (XPk ⊙Ω1)

⊤ y

x⊤Pq (XPk ⊙Ω2)
⊤ y

...
x⊤Pq (XPk ⊙Ωd+1)

⊤ y

 ,

where
Ωi = ui

[
gi1:n+1 gi2:n+1 · · · gin:n+1

]
∈ Rn×d, i ≤ d+ 1. (E.2)

Therefore, consider (d+1)-dimensional output on+1. Each entry implements a 1-step WPGD
with same preconditioners Pk,Pq and different weighting matrices Ω’s. The weighting matrix
of i’th entry is determined by the i’th row of all gating matrices. Note that if consider the
last entry of on+1 as prediction, it returns the same result as Construction 1 above, where
only last rows of Gi’s are useful.

Additionally, suppose that the final prediction is given after a linear head h, that is,
fgla(Z) = h⊤on+1, and let h = [h1 h2 · · · hd+1]

⊤ ∈ Rd+1. Then

fgla(Z) = h⊤on+1 = x⊤Pq

(
XPk ⊙ Ω̄

)⊤
y (E.3)

where

Ω̄ =
d+1∑
i=1

hiΩi =
d+1∑
i=1

hiui

[
gi1:n+1 gi2:n+1 · · · gin:n+1

]
∈ Rn×d. (E.4)

Then, single-layer GLA still returns one-step WPGD with updated weighting matrix.

E.2.2 Proof of Theorem 6.2

In this section, we first prove the following theorem, which differs from Theorem 6.2 only
in that Wq,ℓ is parameterized by Pq,ℓ instead of −Pq,ℓ. Theorem 6.2 can then be directly
obtained by setting Pq,ℓ to −Pq,ℓ.

Theorem E.1 Consider an L-layer GLA with residual connections, where each layer follows
the weight construction specified in (6.9). Let Wk,ℓ and Wq,ℓ in the ℓ’th layer parameterized
by Pk,ℓ,Pq,ℓ ∈ Rd×d, for ℓ ∈ [L]. Let the gating be a function of the features, e.g., Gi = G(xi),

and define Ω as in Theorem 6.1. Additionally, denote the masking as Mi =

[
Ii 0

0 0

]
∈ Rn×n,
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and let β̂0 =
⊗

i0 = 0 for all i ∈ [n].
Then, the last entry of the i’th token output at the ℓ’th layer (oi,ℓ) is:

• For all i ≤ n, oi,ℓ = yi − x⊤
i βi,ℓ, where βi,ℓ = βi,ℓ−1+Pq,ℓ (∇i,ℓ ⊘ gi:n+1),

• on+1,ℓ = −x⊤β̂ℓ, where β̂ℓ = (1 + αℓ)β̂ℓ−1 + Pq,ℓ (∇n,ℓ ⊘ gn+1), and αℓ = x⊤Pq,ℓP
⊤
k,ℓx.

Here, letting Bℓ = [
⊗

1ℓ · · · ⊗nℓ]⊤, Xℓ = XPk,ℓ ⊙Ω, and yℓ = diag(XB⊤
ℓ ), we define

∇i,ℓ = X⊤
ℓ Mi (yℓ − y) .

Proof. Suppose that the input prompt for ℓ’th layer is

Zℓ =

[
x̃1 . . . x̃n x̃n+1

ỹ1 . . . ỹn ỹn+1

]⊤
∈ R(n+1)×(d+1) (E.5)

and let ki,ℓ, qi,ℓ,vi,ℓ be their corresponding key, query and value embeddings. Recap the
model construction from (6.9) and follow the same analysis in Appendix E.2.1. Let Sℓ

i ,
i ∈ [n+ 1] be the corresponding states. We have

Sℓ
i =

i∑
j=1

Gℓ
j:i ⊙ vj,ℓk

⊤
j,ℓ

=

[
0d×d 0∑i

j=1 ỹjx̃
⊤
j Pk,ℓ ⊙ (gℓj:i)

⊤ 0

]

where

Gℓ
i = G(x̃i) =

[
∗ ∗

(gℓi )
⊤ ∗

]
and Gℓ

j:i =

[
∗ ∗

(gℓj:i)
⊤ ∗

]
.

Additionally, recap that we have Mi =

[
Ii 0

0 0

]
and ⊘ denotes Hadamard division. Let

Ωℓ =
[
gℓi:n+1 · · · gℓn:n+1

]
.

Then, defining

X̃ = [x̃1 x̃2 · · · x̃n]
⊤ ∈ Rn×d and ỹ = [ỹ1 ỹ2 · · · ỹn]

⊤ ∈ Rn,

and letting oi,ℓ, i ∈ [n+ 1] be their outputs, we get:
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• For i ≤ n,

i∑
j=1

ỹjP
⊤
k,ℓx̃j ⊙ gℓj:i =

(
i∑

j=1

ỹjP
⊤
k,ℓx̃j ⊙ gℓj:n+1

)
⊘ gℓi:n+1

= (X̃Pk,ℓ ⊙Ωℓ)⊤Miỹ ⊘ gℓi:n+1,

and

oi,ℓ = Sℓ
iqi,ℓ =

 0d×d 0(
(X̃Pk,ℓ ⊙Ωℓ)⊤Miỹ ⊘ gℓi:n+1

)⊤
0

[P⊤
q,ℓx̃i

0

]

=

[
0

x̃⊤
i Pq,ℓ

(
(X̃Pk,ℓ ⊙Ωℓ)⊤Miỹ ⊘ gℓi:n+1

)] . (E.6)

• For i = n+ 1,

n+1∑
j=1

ỹjP
⊤
k,ℓx̃j ⊙ gℓj:i = (X̃Pk,ℓ ⊙Ωℓ)⊤ỹ + ỹn+1P

⊤
k,ℓx̃n+1,

and

on+1,ℓ =

 0d×d 0(
(X̃Pk,ℓ ⊙Ωℓ)⊤ỹ + ỹn+1P

⊤
k,ℓx̃n+1

)⊤
0

[P⊤
q,ℓx̃n+1

0

]

=

[
0

x̃⊤
n+1Pq,ℓ

(
(X̃Pk,ℓ ⊙Ωℓ)⊤ỹ + ỹn+1P

⊤
k,ℓx̃n+1

)]

=

[
0

ỹn+1x̃
⊤
n+1Pq,ℓP

⊤
k,ℓx̃n+1 + x̃⊤

n+1Pq,ℓ

(
(X̃Pk,ℓ ⊙Ωℓ)⊤ỹ

)
.

]
(E.7)

From (E.6) and (E.7), the first d entries of all the (d + 1)-dimensional outputs (e.g, oi,ℓ,
i ∈ [n + 1]) are zero. Given the multi-layer GLA as formulated in (6.11) where residual
connections are applied, we have that the first d dimension of all the input tokens remain
the same. That is, x̃i ≡ xi. Additionally, since gating only depends on the feature xi, then
all the layers return the same gatings (e.g, Gℓ

i ≡ Gi).
Note that if the gating function varies across layers or depends on the entire token rather

than just the feature xi, each layer will have its own gating, leading to Gℓ
i ̸= Gi. In

this theorem, we assume identical gating matrices across layers for simplicity and clarity.
However, an extended version of this theorem, without this assumption, can be directly

353



derived.
Therefore, we obtain

oi,ℓ =

[
0

x⊤
i Pq,ℓ

(
X⊤

ℓ Miỹ ⊘ gi:n+1

)] , i ≤ n

on+1,ℓ =

[
0

ỹn+1x
⊤Pq,ℓP

⊤
k,ℓx+ x⊤Pq,ℓ

(
X⊤

ℓ ỹ ⊘ gn+1

)] .
where we define Xℓ := XPk,ℓ ⊙Ω.

Since we focus on the last/(d+ 1)’th entry of each token output, we have

oi,ℓ = x⊤
i Pq,ℓ

(
X⊤

ℓ Miỹ ⊘ gi:n+1

)
, i ≤ n,

on+1,ℓ = ỹn+1x
⊤Pq,ℓP

⊤
k,ℓx+ x⊤Pq,ℓ

(
X⊤

ℓ ỹ ⊘ gn+1

)
.

(E.8)

It remains to get the ỹi for each layer’s input. Let inputs of (ℓ− 1)’th and ℓ’th layer be

Zℓ−1 =

[
x1 . . . xn x

yℓ−1
1 . . . yℓ−1

n yℓ−1

]
and Zℓ =

[
x1 . . . xn x

yℓ1 . . . yℓn yℓ

]
.

Define
yℓ−1 := [yℓ−1

1 · · · yℓ−1
n ]⊤ ∈ Rn.

• For i ≤ n, from (E.8) and (6.11), we have

yℓi = yℓ−1
i + x⊤

i Pq,ℓ

(
X⊤

ℓ Miy
ℓ−1 ⊘ gi:n+1

)
=⇒ yℓi − yℓ−1

i = x⊤
i Pq,ℓ

(
X⊤

ℓ Miy
ℓ−1 ⊘ gi:n+1

)
.

Suppose that yi − yℓi = x⊤
i β

ℓ
i . Then

yℓ = y − [x⊤
1 β

ℓ
1 · · · x⊤

nβ
ℓ
n]

⊤ = y − diag(XB⊤) (E.9)

and

yi − x⊤
i β

ℓ
i − (yi − x⊤

i β
ℓ−1
i ) = x⊤

i Pq,ℓ

(
X⊤

ℓ Mi(y − diag(XB⊤))⊘ gi:n+1

)
=⇒x⊤

i β
ℓ
i = x⊤

i β
ℓ−1
i − x⊤

i Pq,ℓ

(
X⊤

ℓ Mi(y − diag(XB⊤))⊘ gi:n+1

)
.
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Hence,

yℓi = yi − x⊤
i β

ℓ
i where βℓi = βℓ−1

i − Pq,ℓ

(
X⊤

ℓ Mi(y − diag(XB⊤))⊘ gi:n+1

)
(E.10)

• For i = n+ 1, from (E.8) and (6.11), we have

yℓ = yℓ−1 + yℓ−1x⊤Pq,ℓP
⊤
k,ℓx+ x⊤Pq,ℓ

(
X⊤

ℓ y
ℓ−1 ⊘ gn+1

)
.

Setting αℓ = x⊤Pq,ℓP
⊤
k,ℓx and recalling yℓ from (E.9), we get

yℓ = (1 + αℓ)y
ℓ−1 + x⊤Pq,ℓ

(
X⊤

ℓ (y − diag(XB⊤)))⊘ gn+1

)
.

Additionally, let yℓ = −x⊤βℓ. Then,

−x⊤βℓ = −(1 + αℓ)x
⊤βℓ−1 + x⊤Pq,ℓ

(
X⊤

ℓ (y − diag(XB⊤)))⊘ gn+1

)
.

Hence,

yℓ = −x⊤βℓ where βℓ = (1 + αℓ)β
ℓ−1 − Pq,ℓ

(
X⊤

ℓ (y − diag(XB⊤)))⊘ gn+1

)
(E.11)

Combining (E.10) and (E.11) together completes the proof.

E.3 Optimization landscape of WPGD

We first provide the following Lemma.

Lemma E.1 (Existence of Fixed Point) Consider the functions h1(γ̄) and h2(γ) defined
in (6.15a) and (6.15b), respectively. The composite function h1(h2(γ)) + 1 has at least one
fixed point γ⋆ ≥ 1, i.e., there exists γ⋆ ≥ 1 such that h1(h2(γ⋆)) + 1 = γ⋆.

Proof. We prove existence using continuity and boundedness arguments along with the
intermediate value theorem. Note that h1(γ̄) and h2(γ) are continuous functions. Thus,
their composition f(γ) := h1(h2(γ)) + 1 is continuous for all γ ≥ 1.

We examine the behavior of f(γ) at the boundaries of its domain: At γ = 1, we have
h2(1) = c0 > 0, where c0 is a positive constant. Therefore, f(1) = h1(h2(1))+1 = h1(c0)+1 >
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0, which is finite and positive since h1 is positive for all non-negative inputs. As γ → ∞,
h2(γ)→ c∞ > 0, where c∞ is a positive constant.

For sufficiently large γ, we can establish that f(γ) < γ. To see this, note that we have
shown that h2(γ) → c∞ as γ → ∞, where c∞ is a fixed positive constant. Further, for any
fixed positive value γ̄, the function h1(γ̄) is bounded, i.e., h1(γ̄) ≤ max1≤i≤n λi, which follows
from the fact that h1(γ̄) is a weighted average of the λi values. Therefore, there exists a
constant K such that f(γ) ≤ K for all γ ≥ 1. Hence, it follows that for all γ > K, we have
f(γ) ≤ K < γ.

Now, consider the function f̄(γ) = f(γ) − γ, which is continuous on [1,∞) since both
f(γ) and γ are continuous. We have f̄(1) = f(1) − 1 = h1(c0) > 0 and for some γ1 > K,
we have f̄(γ1) = f(γ1) − γ1 < 0. Since f̄ is continuous and changes sign from positive to
negative on the interval [1, γ1], by the Intermediate Value Theorem, there exists at least one
γ⋆ ∈ (1, γ1) such that f̄(γ⋆) = 0. This implies f(γ⋆) − γ⋆ = 0, or equivalently, f(γ⋆) = γ⋆.
Therefore, there exists at least one fixed point γ⋆ ≥ 1 for the function h1(h2(γ)) + 1.

E.3.1 Proof of Theorem 6.3

Proof. Recapping the objective from (6.2) and following Definitions 6.1 and 6.2, we have

L(P ,ω) = E
[(
y − x⊤PX(ω ⊙ y)

)2]
= E

[
y2
]
− 2E

[
yx⊤PX(ω ⊙ y)

]
+ E

[(
x⊤PX(ω ⊙ y)

)2]
.

Let y = x⊤β + ξ and yi = x⊤
i βi + ξi, for all i ∈ [n], where ξ, ξi ∼ N (0, σ2) are i.i.d. Then,

E[y2] = E[(x⊤β + ξ)2] = tr (Σ) + σ2,

and

E
[
yx⊤PX(ω ⊙ y)

]
= E

[
(β⊤x+ ξ)x⊤P

n∑
i=1

ωixi(x
⊤
i βi + ξi)

]

= E

[
β⊤xx⊤P

n∑
i=1

ωixix
⊤
i βi

]

= tr

(
ΣPΣ

n∑
i=1

ωi E
[
βiβ

⊤])
= tr

(
Σ2P

)
ω⊤r.
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Here, the last equality comes from the fact that since βi − rijβj is independent of βj for
i, j ∈ [n + 1] following Definition 6.1, we have E

[
βiβ

⊤] = ri,n+1Id and
∑n

i=1 ωi E
[
βiβ

⊤]
returns ω⊤r · Id.

Hence,

E
[(
x⊤PX(ω ⊙ y)

)2]
= E

[
x⊤P

(
n∑
i=1

ωi(x
⊤
i βi + ξi)xi

)(
n∑
i=1

ωix
⊤
i (x

⊤
i βi + ξi)

)
P⊤x

]

= tr

(
P⊤ΣP E

[
n∑
i=1

ω2
i (x

⊤
i βi + ξi)

2xix
⊤
i

])

+ tr

(
P⊤ΣP E

[∑
i ̸=j

ωiωj(x
⊤
i βi + ξi)xix

⊤
j (x

⊤
j βj + ξj)

])
,

where

tr

(
P⊤ΣP E

[
n∑
i=1

ω2
i (x

⊤
i βi + ξi)

2xix
⊤
i

])

= tr

(
P⊤ΣP E

[
n∑
i=1

ω2
i (x

⊤
i βiβ

⊤
i xi + σ2)xix

⊤
i

])
= ∥ω∥2tr

(
P⊤ΣP

(
E
[
xx⊤xx⊤]+ σ2Σ

))
= ∥ω∥2

(
tr
(
ΣP⊤ΣP

) (
tr (Σ) + σ2

)
+ 2tr

(
Σ2P⊤ΣP

))
,

and

tr

(
P⊤ΣP E

[∑
i ̸=j

ωiωj(x
⊤
i βi + ξi)xix

⊤
j (x

⊤
j βj + ξj)

])

= tr

(
P⊤ΣP E

[∑
i ̸=j

ωiωjxix
⊤
i βiβ

⊤
j xjx

⊤
j

])
= tr

(
P⊤ΣP

)∑
i ̸=j

ωiωj E[β⊤
i βj]

= tr
(
Σ2P⊤ΣP

)
ω⊤(R− I)ω.
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Combining all together and letting M := tr (Σ) + σ2, we obtain

L(P ,ω) =M − 2tr
(
Σ2P

)
ω⊤r

+M∥ω∥2tr
(
ΣP⊤ΣP

)
+ (∥ω∥2 + ω⊤Rω)tr

(
Σ2P⊤ΣP

)
. (E.12)

For simplicity, and without loss of generality, let

P̃ =
√
ΣP
√
Σ. (E.13)

Then, we obtain

L(P̃ ,ω) =M − 2tr
(
ΣP̃

)
ω⊤r

+M∥ω∥2tr
(
P̃⊤P̃

)
+ (∥ω∥2 + ω⊤Rω)tr

(
ΣP̃⊤P̃

)
.

(E.14)

Further, the gradients can be written as

∇P̃L(P̃ ,ω) = −2ω⊤rΣ+ 2M∥ω∥2P̃ + 2(∥ω∥2 + ω⊤Rω)ΣP̃ , (E.15)

∇ωL(P̃ ,ω) = −2tr
(
ΣP̃

)
r + 2Mtr

(
P̃⊤P̃

)
ω + 2tr

(
ΣP̃⊤P̃

)
(In +R)ω. (E.16)

Using the first-order optimality condition, and setting ∇P̃L(P̃ ,ω) = 0 and ∇ωL(P̃ ,ω) = 0,
we obtain

P̃ =
(
M∥ω∥2I + (∥ω∥2 + ω⊤Rω)Σ

)−1
Σω⊤r

=
ω⊤r

M∥ω∥2
(∥ω∥2 + ω⊤Rω

M∥ω∥2 I +Σ−1

)−1

=
ω⊤r

M∥ω∥2
( γ
M
· I +Σ−1

)−1

,

(E.17a)

where

γ :=
ω⊤Rω

∥ω∥2 + 1.

Further,

ω =
((
Mtr

(
P̃⊤P̃

)
+ tr

(
ΣP̃⊤P̃

))
I + tr

(
ΣP̃⊤P̃

)
R
)−1

tr
(
ΣP̃

)
r

=
tr
(
ΣP̃

)
Mtr

(
P̃⊤P̃

)
+ tr

(
ΣP̃⊤P̃

)
I +

tr
(
ΣP̃⊤P̃

)
Mtr

(
P̃⊤P̃

)
+ tr

(
ΣP̃⊤P̃

)R
−1

r.
(E.17b)
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Let

Σγ :=
γ

M
· I +Σ−1.

Then, we get

tr
(
ΣP̃⊤P̃

)
Mtr

(
P̃⊤P̃

)
+ tr

(
ΣP̃⊤P̃

) =

1 +M
tr
(
P̃⊤P̃

)
tr
(
ΣP̃⊤P̃

)
−1

=

(
1 +M

tr
(
Σ−2
γ

)
tr
(
ΣΣ−2

γ

))−1

=

1 +M
d∑
i=1

s2i
(M + γsi)2

(
d∑
i=1

s3i
(M + γsi)2

)−1
−1

=: h2(γ).

Here, the last equality follows from eigen decomposition Σ = Udiag(s)U⊤ with s =

[s1, . . . , sd]
⊤ ∈ Rd

++.
Now, plugging P̃ defined in (E.17a) within ω given in (E.17b), we obtain

ω =
tr
(
ΣP̃

)
Mtr

(
P̃⊤P̃

)
+ tr

(
ΣP̃⊤P̃

) · (h2(γ) ·R+ I)−1 r. (E.18)

Using the above formulae for ω, we rewrite γ = ω⊤Rω/∥ω∥2 + 1 as

γ − 1 =
r⊤(h2(γ)R+ I)−1R(h2(γ)R+ I)−1r

r⊤(h2(γ)R+ I)−2r

=
n∑
i=1

λia
2
i

(1 + h2(γ)λi)
2

(
n∑
i=1

a2i
(1 + h2(γ)λi)

2

)−1

=: h1(h2(γ)),

(E.19)

where the second equality follows from Assumption 6.1 where r = Ea with a =

[a1, · · · , an]⊤ ∈ Rn, and the fact that R = Ediag(λ)E⊤ denotes the eigen decomposition of
R, with λ = [λ1, . . . , λn]

⊤ ∈ Rn
+.

It follows from Lemma E.1 that there exists γ⋆ ≥ 1 such that h1(h2(γ⋆)) + 1 = γ⋆. From
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(E.17a) and (E.18), we obtain

P̃ = C(r,ω,Σ) ·
(
γ⋆

M
· I +Σ−1

)−1

, and

ω = c(r,ω,Σ) · (h2(γ⋆) ·R+ I)−1 r.

(E.20)

for some C(r,ω,Σ) = ω⊤r
M∥ω∥2 and c(r,ω,Σ) =

tr(ΣP̃)
Mtr(P̃⊤P̃)+tr(ΣP̃⊤P̃)

.

Now, using the our definition P̃ =
√
ΣP
√
Σ, we obtain

P (γ⋆) = C(r,ω,Σ) ·Σ− 1
2

(
γ⋆

M
·Σ+ I

)−1

Σ− 1
2 , and

ω(γ⋆) = c(r,ω,Σ) ·
(
h2(γ

⋆) ·R+ I
)−1

r.

This completes the proof.

E.3.2 Proof of Theorem 6.4

We first provide the following Lemma.

Lemma E.2 Consider the functions h1(γ̄) and h2(γ) defined in (6.15a) and (6.15b), respec-
tively, where λi ≥ 0, ai ̸= 0 for at least one i, si > 0, and M = σ2 +

∑d
i=1 si > 0. Suppose

∆Σ · ∆R < M + smin, where ∆Σ and ∆R denote the effective spectral gaps of Σ and R,
respectively, as given in (6.14); and smin is the smallest eigenvalue of Σ. We have that∣∣∣∣∂h2∂γ

· ∂h1
∂h2

∣∣∣∣ ≤ ∆2
Σ ·∆2

R

(M + smin)2
< 1.

Proof. Let

B(γ) =
d∑
i=1

s3i
(M + γsi)

2 , C(γ) =
d∑
i=1

s2i
(M + γsi)

2 , A(γ) = 1 +M
C(γ)

B(γ)
.

The derivatives of B(γ) and C(γ) are

B′(γ) = −2
d∑
i=1

s4i
(M + γsi)

3 , C ′(γ) = −2
d∑
i=1

s3i
(M + γsi)

3 .
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The gradient of h2(γ) = A(γ)−1 is

∂h2
∂γ

= −M
(

1

A(γ)B(γ)

)2

(C ′(γ)B(γ)− C(γ)B′(γ)) . (E.21)

It can be seen that

(
1

A(γ)

)2

≤M−2

(
d∑
i=1

s3i
(M + γsi)

2

)2( d∑
i=1

s2i
(M + γsi)

2

)−2

,

which implies that

(
1

A(γ)B(γ)

)2

≤M−2

(
d∑
i=1

s2i
(M + γsi)

2

)−2

. (E.22a)

Further, we have

C ′(γ)B(γ)− C(γ)B′(γ) = −2
d∑
i=1

s3i
(M + γsi)3

d∑
i=1

s3i
(M + γsi)2

+ 2
d∑
i=1

s2i
(M + γsi)2

d∑
i=1

s4i
(M + γsi)3

=
d∑
i=1

d∑
j=1

Tij
(M + γsi)3(M + γsj)3

=M ·
d∑
i=1

d∑
j=1

s2i s
2
j(si − si)2

(M + γsi)3(M + γsj)3
,

(E.22b)

where

Tij = s2i (M + γsi)s
4
j + s4i s

2
j(M + γsj)

− s3i s3j(M + γsj)− s3i (M + γsi)s
3
j

= s2i s
2
j

(
M · (s2j + s2i − 2sisj) + γ(sis

2
j + s2i sj − sis2j − s2i sj)

)
.

(E.22c)

Thus, substituting (E.22a) and (E.22b) into (E.21), we obtain

∣∣∣∣∂h2∂γ

∣∣∣∣ ≤M ·M−1

(
d∑
i=1

s2i
(M + γsi)

2

)−2 d∑
i,j=1

s2i s
2
j(si − sj)2

(M + γsi)3(M + γsj)3
. (E.23)
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Next, we derive ∂h1
∂γ̄

. Let

D(γ̄) =
n∑
i=1

λia
2
i

(1 + γ̄λi)2
, E(γ̄) =

n∑
i=1

a2i
(1 + γ̄λi)2

.

We have

D′(γ̄) = −2
n∑
i=1

λ2i a
2
i

(1 + γ̄λi)3
, E ′(γ̄) = −2

n∑
i=1

λia
2
i

(1 + γ̄λi)3
.

The derivative of h1 with respect to γ̄ is given by

∂h1
∂γ̄

= −
(

1

E(γ̄)

)2

(E(γ̄)D′(γ̄)−D(γ̄)E ′(γ̄)) . (E.24)

Substituting into (E.24), we get

(
1

E(γ̄)

)2

=

(
n∑
i=1

a2i
(1 + γ̄λi)2

)−2

, (E.25a)

and

E(γ̄)D′(γ̄)−D(γ̄)E ′(γ̄) = 2
n∑
i=1

λ2i a
2
i

(1 + γ̄λi)3

n∑
i=1

a2i
(1 + γ̄λi)2

− 2
n∑
i=1

λia
2
i

(1 + γ̄λi)2

n∑
i=1

a2iλi
(1 + γ̄λi)3

=
n∑
i=1

n∑
j=1

T̄ij
(1 + γ̄λi)3(1 + γ̄λj)3

=
n∑
i=1

n∑
j=1

a2i a
2
j

(
λ2i + λ2j − 2λiλj

)
(1 + γ̄λi)3(1 + γ̄λj)3

.

(E.25b)

Here,

T̄ij = λ2i a
2
i a

2
j(1 + γ̄λj) + a2i (1 + γ̄λi)λ

2
ja

2
j

− λia2i (1 + γ̄λi)a
2
jλj − a2iλiλja2j(1 + γ̄λj)

= a2i a
2
j

(
λ2i (1 + γ̄λj) + (1 + γ̄λi)λ

2
j − λi(1 + γ̄λi)λj − λiλj(1 + γ̄λj)

)
.

(E.25c)
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Hence, substituting (E.25a) and (E.25b) into (E.24) gives

∂h1
∂γ̄

= −
(

n∑
i=1

a2i
(1 + γ̄λi)2

)−2 n∑
i,j=1

a2i a
2
j(λi − λj)2

(1 + γ̄λi)3(1 + γ̄λj)3
. (E.26)

Now, for the combined derivative, we have

∣∣∣∣∂h2∂γ
· ∂h1
∂γ̄

∣∣∣∣ ≤
(

d∑
i=1

s2i
(M + γsi)

2

)−2 d∑
i,j=1

s2i s
2
j(si − sj)2

(M + γsi)
3 (M + γsj)

3

·
(

n∑
i=1

a2i
(1 + γ̄λi)2

)−2 n∑
i,j=1

a2i a
2
j(λi − λj)2

(1 + γ̄λi)3(1 + γ̄λj)3
.

Note that M + γsi and 1 + γ̄λj are nonnegative for all i, j. Hence,

∣∣∣∣∂h2∂γ
· ∂h1
∂γ̄

∣∣∣∣ ≤
(

d∑
i=1

s2i (M + γsi)

(M + γsi)
3

)−2

·
d∑

i,j=1

s2i s
2
j ·∆1 · (M + γsj) (M + γsi)

(M + γsi)
3 (M + γsj)

3

·
(

n∑
i=1

a2i (1 + γ̄λi)

(1 + γ̄λi)3

)−2

·
d∑

i,j=1

a2i a
2
j ·∆2 · (1 + γ̄λi) (1 + γ̄λj)

(1 + γ̄λi)3 (1 + γ̄λj)
3 ,

where
∆1 := max

i,j∈S

(si − sj)2
(M + γsj) (M + γsi)

, ∆2 := max
i,j∈S

(λi − λj)2
(1 + γ̄λi)(1 + γ̄λj)

. (E.27)

Here, S = {i ∈ [n] | λi ̸= 0} ⊂ [n].
Finally, setting γ̄ = h2(γ), since γ ≥ 1 and by our assumption ∆Σ ·∆R < M + smin, we

obtain

|h′1(h2(γ)) · h′2(γ)| =
∣∣∣∣∂h2∂γ

· ∂h1
∂h2

∣∣∣∣ ≤ ∆1 ·∆2 ≤
∆2

Σ ·∆2
R

(M + smin)2
< 1.

where ∆Σ and ∆R are the spectral gaps of Σ and R; and smin is the smallest eigenvalue of
Σ; and M = σ2 +

∑d
i=1 si.

Proof. [Proof of Theorem 6.4] It follows from Lemma E.1 that there exists γ⋆ ≥ 1 such
that h1(h2(γ⋆)) + 1 = γ⋆. Further, Lemma E.2 establishes that the mapping h1(h2(γ)) + 1
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is a contraction mapping, since it satisfies |∂h1(h2(γ))/∂γ| < 1. Therefore, by the Banach
fixed-point theorem, there exists a unique fixed-point solution, denoted by γ⋆, satisfying
γ⋆ = h1(h2(γ

⋆)) + 1. This completes the proof of statement T1..
Next, we establish T2.. First, from Theorem 6.3, the stationary point (P ⋆,ω⋆), up to

rescaling, is defined as

P ⋆ = Σ− 1
2

(
γ⋆

M
·Σ+ I

)−1

Σ− 1
2 and ω⋆ = (h2(γ

⋆) ·R+ I)−1 r,

where γ⋆ is a fixed point of composite function h1(h2(γ)) + 1.
Given the coercive nature of the loss function L(P ,ω), a global minimum exists. Since

the global minimum must satisfy first-order optimality conditions, it must lie within the set
of stationary points characterized by Theorem 6.3.

Now, consider arbitrary global minimizers (P̂ , ω̂). Define scaling factors α, β > 0 and
write (P̂ , ω̂) = (αP ⋆, βω⋆). Substituting this scaling into the loss function gives:

L(αP ⋆, βω⋆) =M − 2αβtr
(
Σ2P ⋆

)
ω⋆⊤r +Mα2β2∥ω⋆∥2tr

(
ΣP ⋆⊤ΣP ⋆

)
+ α2β2(∥ω⋆∥2 + ω⋆⊤Rω⋆)tr

(
Σ2P ⋆⊤ΣP ⋆

)
. (E.28)

Differentiating this expression with respect to α and β and setting the derivatives equal to
zero, we obtain the equation

−2A+ 2αβ(MCB + (C +D)E) = 0, (E.29a)

where we define

A := tr
(
Σ2P ⋆

)
ω⋆⊤r, B := tr

(
ΣP ⋆⊤ΣP ⋆

)
,

C := ∥ω⋆∥2, D := ω⋆⊤Rω⋆, E := tr
(
Σ2P ⋆⊤ΣP ⋆

)
. (E.29b)

Equation (E.29) implies a unique constraint on the product αβ, ensuring no independent
rescaling beyond a fixed ratio can further minimize the loss. Hence, no distinct minimizers
exist other than scaling the original (P ⋆,ω⋆) pair. Thus, the stationary point (P ⋆,ω⋆) from
Theorem 6.3 is indeed a unique minimizer up to rescaling.
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E.3.3 Proof of Corollary 6.2

Proof. Since by assumption Σ = I, it follows from (6.15b) that

h2(γ
⋆) =

1 + (d+ σ2)
d∑
i=1

1

(d+ σ2 + γ⋆ + 1)2

(
d∑
i=1

1

(d+ σ2 + γ⋆ + 1)2

)−1
−1

=
1

d+ σ2 + 1
.

Substituting this into (6.16) gives

P ⋆ = I, and ω⋆ =
(
R+ (d+ σ2 + 1)I

)−1
r.

Now, recall that the objective function is given by

L(ω) =M − 2tr
(
Σ2P

)
ω⊤r +M∥ω∥2tr

(
ΣP⊤ΣP

)
+ (∥ω∥2 + ω⊤Rω)tr

(
Σ2P⊤ΣP

)
,

and, by assumption, M = σ2 + d.
Substituting P ⋆ = I and ω⋆ = (R+ (d+ σ2 + 1)I)

−1
r into the objective (E.12), and

using Σ = I, we get:

L(ω⋆) = (σ2 + d)− 2 · d · r⊤ω⋆ + (σ2 + d) · ∥ω⋆∥2d+ d
(
∥ω⋆∥2 + ω⋆⊤Rω⋆

)
.

The expression simplifies as

L(ω⋆) = (σ2+d)−2d ·r⊤ (R+ (d+ σ2 + 1)I
)−1

r+(σ2+d)d∥ω⋆∥2+d
(
∥ω⋆∥2 + ω⋆⊤Rω⋆

)
.

Next, we compute ∥ω⋆∥2 and ω⋆⊤Rω⋆. By definition, we have

∥ω⋆∥2 = r⊤ (R+ (d+ σ2 + 1)I
)−2

r,

and
ω⋆⊤Rω⋆ = r⊤ (R+ (d+ σ2 + 1)I

)−1
R
(
R+ (d+ σ2 + 1)I

)−1
r.

Thus,

(d+ σ2 + 1)∥ω⋆∥2 + ω⋆⊤Rω⋆

= r⊤ (R+ (d+ σ2 + 1)I
)−1 (

(d+ σ2 + 1)I +R
) (

R+ (d+ σ2 + 1)I
)−1

r

= r⊤ (R+ (d+ σ2 + 1)I
)−1

r.
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Substituting this result back into the objective function gives

L(ω⋆) = (σ2 + d)− d · r⊤ (R+ (d+ σ2 + 1)I
)−1

r.

E.4 Loss landscape of 1-layer GLA

E.4.1 Proof of Theorem 6.5

Proof.
We first prove that under Assumption 6.2, L⋆gla = minP∈Rd×d,ω∈W Lwpgd(P ,ω) where W

is the search space of weighting vector ω ∈ Rn defined as

W :=
{[
ω11

⊤
n1
· · · ωK1⊤

nK

]⊤ ∈ Rn
∣∣∣ 0 ≤ ωi ≤ ωj ≤ 1, ∀1 ≤ i ≤ j ≤ K

}
.

Step 1: Define a set W̄ :=
{
[ω1 · · · ωn]⊤ ∈ Rn

∣∣∣ 0 ≤ ωi ≤ ωj ≤ 1, ∀1 ≤ i ≤ j ≤ n
}

and

we haveW ∈ W̄ . Given scalar gating Gi =

[
∗ ∗

gi1
⊤ ∗

]
, following (6.12), the weighting vector

returns
ω := [g1:n+1 · · · gn:n+1]

⊤.

Since GLA with scalar gating valued in [0, 1] following Assumption 6.2, that is, gi ∈ [0, 1],
we have gi:n+1 ≤ gj:n+1 for 1 ≤ i ≤ j ≤ n. Therefore, any weighting vector ω implemented
by GLA gating should be inside W̄ .

Step 2: Next, we will show that

ω⋆ ∈ W where ω⋆ = arg min
P ,ω∈W̄

Lwpgd(P ,ω).

Define the weighting vector ω = [ω⊤
1 · · · ω⊤

K ]
⊤ ∈ Rn where we have ωk = [ω

(k)
1 · · · ω(k)

nk ]
⊤ ∈

Rnk . For any ω ̸∈ W , there exist (i, j, k) with i = j−1 such that ω(k)
i < ω

(k)
j . Given gradient

in (E.16), we have that

∇
ω
(k)
i
L −∇

ω
(k)
j
L = 2

(
Mtr

(
P̃⊤P̃

)
+ tr

(
ΣP̃⊤P̃

))
(ω

(k)
i − ω(k)

j ).
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Here, (E.17a) gives that (optimal) P̃ ̸= 0 and therefore, we have that(
Mtr

(
P̃⊤P̃

)
+ tr

(
ΣP̃⊤P̃

))
> 0 and ∇

ω
(k)
i
L < ∇

ω
(k)
j
L. Therefore either increasing

ω
(k)
i (if ∇

ω
(k)
i
L < 0) or decreasing ω(k)

j (if ∇
ω
(k)
j
L > 0) will reduce the loss. This results in

showing that the optimal weighting vector ω⋆ satisfies ω(k)
i = ω

(k)
j for any i, j ∈ [nk] and

k ∈ [K]. Hence, ω⋆ ∈ W .

Step 3: Finally, we will show that any ω ∈ W can be obtained via the GLA gating. Let
ω = [ω11

⊤
n1
· · · ωK1⊤

nK
]⊤ be any vector in W and assume that ωK = α < 1 without loss of

generality. Then such sample weighting can be achieved via the gating[
1⊤
n1

ω1

ω1:K
· · · 1⊤

nk

ωk

ωk:K
· · · 1⊤

nK

ωK

ωK:K

]⊤
.

Let ω′
k :=

ωk

ωk:K
and let wg be in the form of

wg =

[
0d+1

w̃g

]
∈ Rd+p+1.

Then, it remains to show that there exists w̃g satisfying

ϕ(w̃⊤
g c̄k) =

1, k = 0,

ω′
k, k ∈ [K].

The linear independence assumption in Assumption 6.2 implies that the problem is feasible,
which completes the proof of (6.25).

Proof of (6.26): Recap the optimal weighting from (6.16) which takes the form of

ω⋆ = (h2(γ
⋆) ·R+ I)−1 r,

where h2(γ⋆) > 0. Since Assumption 6.3 holds and n1 = n2 = · · · = nK := n̄, R is block
diagonal matrix, where each block is an all-ones matrix. That is

R =


1n̄×n̄ 0 · · · 0

0 1n̄×n̄ · · · 0
...

... . . . ...
0 0 · · · 1n̄×n̄

 .
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Therefore, we get

(h2(γ
⋆) ·R+ I)−1 = I − h2(γ

⋆)

h2(γ⋆) · n̄+ 1
R.

Since Rr = n̄r, then

ω⋆ =
1

h2(γ⋆) · n̄+ 1
r.

Therefore, the optimal weighting (up to a scalar) is inside the set W . Combining it with
(6.25) completes the proof.

E.4.2 Proof of Theorem 6.6

Proof. Following the similar proof of Theorem 6.5, and letting W̃ :={[
ω11

⊤
n1
· · · ωK1⊤

nK

]⊤ ∈ Rn
}

, we obtain

min
P∈Rd×d,ω∈W̃

Lwpgd(P ,ω) = min
P∈Rd×d,ω∈Rn

Lwpgd(P ,ω).

Therefore, it remains to show that any ω ∈ W̃ can be implemented via some gating function.
Let ω = [ω11

⊤
n1
· · · ωK1⊤

nK
]⊤ be arbitrary weighting in W̃ . Theorem 6.5 has shown that if

ω1 ≤ ω2 ≤ · · · ≤ ωK , GLA with scalar function can implement such increasing weighting.
Now, inspired from Appendix E.2, Construction 2 and (E.4) that all dimensions in the

output implement individual WPGD, the weighting can be a composition of up to d + 1

different weights (u is (d + 1)-dimensional). Therefore, for any ω1, · · · , ωK ∈ R, we can get
K separate weighting:

ω1 = ω1[1
⊤
n1
· · · 1⊤

nK
]⊤,

ω2 = (ω2 − ω1)[0
⊤
n1

1⊤
n2
· · · 1⊤

nK
]⊤,

ω3 = (ω3 − ω2)[0
⊤
n1

0⊤
n2

1⊤
n3
· · · 1⊤

nK
]⊤,

...

ωK = (ωK − ωK−1)[0
⊤
n1

0⊤
n2

0⊤
n3
· · · 0⊤

nK−1
1⊤
nK

]⊤.

Recap from Appendix E.2 and (E.4), and consider the construction W̃v =

[0(d+p+1)×d u 0(d+p+1)×p]
⊤. Assumption 6.2 implies that K ≤ p < d+ p+ 1.

From (E.3) and (E.4), let i’th dimension implements the weighting ωi for i ∈ [K]. Specif-
ically, let i’th row of each gating matrix Gi implement weighting [0⊤

n1
· · · 0⊤

ni−1
1⊤
ni
· · · 1⊤

nk
]

(which is feasible due to Theorem 6.5) and set uihi = ωi − ωi−1 with ω0 = 0. Then the
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composed weighting following (E.4) returns ω =
∑K

k=1 ωk, which completes the proof.

E.4.3 Proof of Corollary 6.3

Proof. Recap from (E.17a) that given Σ = I and ω = 1,

P ⋆ =
(
(d+ σ2)nI + (n+ 1⊤R1)I

)−1
1⊤r

=
1⊤r

n(d+ σ2 + 1) + 1⊤R1
I := cI.

Then taking it back to the loss function (c.f. (E.12)) obtains

L(P ⋆,ω = 1) = d+ σ2 − 2cd1⊤r + (d+ σ2)c2nd+ (n+ 1⊤R1)c2d

= d+ σ2 − cd1⊤r.

It completes the proof.
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APPENDIX F

Appendix for Chapter 7

F.1 Lemmas

Lemma F.1 Suppose X is a n × d matrix, each column of which is independently drawn
from a d-variate Gaussian distribution with zero mean:

X = [x1 . . . xn]
⊤, where xi ∼ N (0,Σx) ∈ Rd, i ∈ [n].

For a constant matrix A ∈ Rd×d, the following expectation can be determined by:

E
[
X⊤XAX⊤X

]
= ntr (ΣxA)Σx + n(n+ 1)ΣxAΣx.

Proof. We begin by expressing X⊤X as a sum over its columns:

X⊤X =
n∑
i=1

xix
⊤
i .

Therefore,

X⊤XAX⊤X =

(
n∑
i=1

xix
⊤
i

)
A

(
n∑
j=1

xjx
⊤
j

)
=

n∑
i=1

n∑
j=1

xix
⊤
i Axjx

⊤
j .

Taking expectations on both sides, we have:

E[X⊤XAX⊤X] =
n∑
i=1

n∑
j=1

E[xix⊤
i Axjx

⊤
j ].

Since the vectors xi are independent and identically distributed, we can split the sum into
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terms where i = j and i ̸= j:

E[X⊤XAX⊤X] =
n∑
i=1

E[xix⊤
i Axix

⊤
i ] +

∑
i ̸=j

E[xix⊤
i Axjx

⊤
j ].

For i ̸= j, independence implies:

E[xix⊤
i Axjx

⊤
j ] = E[xix⊤

i ]AE[xjx⊤
j ] = ΣxAΣx.

There are n(n− 1) such terms. For i = j, we compute:

E[xix⊤
i Axix

⊤
i ] = E[(x⊤

i Axi)xix
⊤
i ].

Using Isserlis’ theorem for zero-mean Gaussian vectors, we have:

E[(x⊤Ax)xx⊤] = tr (AΣx) Σx + 2ΣxAΣx.

Thus, summing over n terms:

n∑
i=1

E[xix⊤
i Axix

⊤
i ] = n (tr (AΣx) Σx + 2ΣxAΣx) .

Adding all terms together:

E[X⊤XAX⊤X] = n (tr (AΣx) Σx + 2ΣxAΣx) + n(n− 1)ΣxAΣx

= ntr (AΣx) Σx + (2n+ n(n− 1))ΣxAΣx

= ntr (AΣx) Σx + n(n+ 1)ΣxAΣx.

This completes the proof.

Lemma F.2 Suppose X is a n × d matrix, each column of which is independently drawn
from a d-variate Gaussian distribution with zero mean:

X = [x1 . . . xn]
⊤, where xi ∼ N (0,Σx) ∈ Rd, i ∈ [n].

For a zero-mean Gaussian variable sampled independently ξ ∼ N (0, σ2In) ∈ Rn, the follow-
ing expectation moment can be determined by:

E
[
X⊤ξξ⊤X

]
= nσ2Σx.
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Proof. Using the independence of X and the entries of ξ = [ξ1 · · · ξn]⊤, E[ξiξj] = σ2δij

(where δij is the Kronecker delta, equal to 1 if i = j and 0 otherwise):

E
[
X⊤ξξ⊤X

]
= E

[
n∑
i=1

n∑
j=1

ξiξjxix
⊤
j

]

=
n∑
i=1

E[ξiξi]E[xix⊤
i ]

= nσ2Σx.

Lemma F.3 Let W ∈ Rd×d, and A,B ∈ Rd×d be constant matrices. Then,

∂

∂W
tr
(
WAW⊤B

)
= B⊤WA⊤ +BWA.

Proof. We will compute the derivative ∂
∂W

tr
(
WAW⊤B

)
using an element-wise ap-

proach.
First, expand the trace function:

tr
(
WAW⊤B

)
=

d∑
i=1

(WAW⊤B)ii.

Using the definition of matrix multiplication, we have:

(WA)ij =
d∑

k=1

WikAkj,

(W⊤B)ji =
d∑
l=1

WljBli.

Therefore,

(WAW⊤B)ii =
d∑
j=1

(WA)ij(W
⊤B)ji =

d∑
j=1

(
d∑

k=1

WikAkj

)(
d∑
l=1

WljBli

)
.
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Thus, the trace becomes:

tr
(
WAW⊤B

)
=

d∑
i=1

d∑
j=1

d∑
k=1

d∑
l=1

WikAkjWljBli.

We need to compute the derivative with respect to Wpq:

∂

∂Wpq

tr
(
WAW⊤B

)
=

d∑
i=1

d∑
j=1

d∑
k=1

d∑
l=1

∂

∂Wpq

(WikAkjWljBli) .

Note that Akj and Bli are constants.
We have:

∂

∂Wpq

Wik = δipδkq,

∂

∂Wpq

Wlj = δlpδjq,

where δij is the Kronecker delta, equal to 1 if i = j and 0 otherwise.
Therefore,

∂

∂Wpq

(WikAkjWljBli) = (δipδkqWlj +Wikδlpδjq)AkjBli.

Then:

∂

∂Wpq

tr
(
WAW⊤B

)
=

d∑
i=1

d∑
j=1

d∑
k=1

d∑
l=1

∂

∂Wpq

(WikAkjWljBli)

=
d∑
i=1

d∑
j=1

d∑
k=1

d∑
l=1

(δipδkqWlj +Wikδlpδjq)AkjBli

=
d∑
j=1

d∑
l=1

WljAqjBlp +
d∑
i=1

d∑
k=1

WikAkqBpi

= (AW⊤B)qp + (BWA)pq

= (B⊤WA⊤ +BWA)pq

Since this holds for all elements (p, q), in matrix form, we have:

∂

∂W
tr
(
WAW⊤B

)
= B⊤WA⊤ +BWA.

Lemma F.4 (Reduced form) Denote the output sequence of the attention layer as att(Z).
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Then under Assumption 7.1, the output becomes

Proof.
ŷ = att(Z)(n+1,d+1) = e⊤

n+1att(Z)ed+1

= e⊤
n+1(ZWqW

⊤
k (Z)⊤)MZWved+1

= (e⊤
n+1Z) (WqW

⊤
k )︸ ︷︷ ︸

=A

(Z⊤MZ)Wved+1︸ ︷︷ ︸
=a

= (e⊤
n+1Z)A(Z⊤MZ)a

=

[
x

0

]⊤
A

[
X⊤X X⊤y

y⊤X y⊤y

]
a

Under Assumption 7.1

A =

[
Wd×d 0d×1

∗1×d ∗1×1

]
,a =

[
0d×1

11×1

]
,

The output finally reduced to

ŷ =

[
x

0

]⊤ [
W 0

∗ ∗

][
X⊤X X⊤y

y⊤X y⊤y

][
0

1

]
= x⊤WX⊤y.

F.2 Proofs for Section 7.3

We consider an in-context learning (ICL) problem with demonstrations (xi, yi)
n+1
i=1 , and the

input sequence Z is defined by removing yn+1 as follows:

Z = [z1 . . . zn z]⊤ =

[
x1 . . . xn x

y1 . . . yn 0

]⊤
=

[
X⊤ x

y⊤ 0

]⊤
∈ R(n+1)×(d+1). (F.1)

Here, z = [x⊤ 0]⊤ is the query token where x := xn+1, and X = [x1 · · · xn]⊤ ∈ Rn×d,
y = [y1 · · · yn]⊤ ∈ Rn. Then, we aim for a sequence model to predict the associated label
y := yn+1 of the given input sequence Z. In this work, we consider the following data
generation of (Z, y). We will refer to (X,y), x, and y as contexts, query feature and the
label to predict, respectively.

Definition F.1 (Single-task ICL) Given a task mean µ ∈ Rd, and covariances Σx,Σβ ≻
0 ∈ Rd×d. The input sequence and its associated label, i.e., (Z, y) with Z denoted in (F.1),
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are generated as follows:

• A task parameter β is generated from a Gaussian prior β ∼ N (µ,Σβ).

• Conditioned on β, for i ∈ [n + 1], (xi, yi) is generated by xi ∼ N (0,Σx) and yi ∼
N (x⊤

i β, σ
2).

Here, σ ≥ 0 is the noise level.
In a noisy label setting, the labels yi in the input sequence Z can be obtained by

yi = x⊤
i β + ξi, where ξi ∼ N (0, σ2), i ∈ [n+ 1].

Thus, the labels in the contexts and the label to predict can be obtained by:

y = Xβ + ξ, where ξ = [ξ1 · · · ξn]⊤ ∈ Rn,

y = x⊤β + ξn+1.

Definition F.2 (Multi-task ICL) Consider a multi-task ICL problem with K different
tasks. Each task generates (Z, y) ∼ Dk following Definition F.1 using shared feature distri-
bution xi ∼ N (0,Σx), i ∈ [n+1] but distinct task distributions βk ∼ N (µk,Σβk

) with mean
µk and covariance Σβk

for k ∈ [K].
Additionally, let {πk}Kk=1 be the probabilities of each task, satisfying

∑K
k=1 πk = 1 and

πk ≥ 0.

We consider a task-aware multi-task ICL setting. Specifically, when a task is selected
according to πk, its task index k is known. Let D̄ :=

∑K
k=1 πkDk be the mixture of distribu-

tions and given sequence model f : R(n+1)×(d+1) → R, we define the multi-task ICL objective
as follows:

L(f) = E(Z,y)∼D̄[(y − f(Z))2]. (F.2)

To start with, recap from Definition 7.2 where task k has probability πk and its task
vector follows distribution βk ∼ N (µk,Σβk

). Following (7.13) in the main paper, we define
the debiased and biased mixed-task covariances (variant with Σx prior) as follows:

Debiased: Σ̄β = Σx

K∑
k=1

πk E[(βk − µk)(βk − µk)
⊤]; (F.3a)

Biased: Σ̃β = Σx

K∑
k=1

πk E[βkβ⊤
k ]. (F.3b)
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Note that they satisfy Σ̄β = Σx

∑K
k=1 πkΣβk

and Σ̃β = Σx

∑K
k=1 πk(Σβk

+ µkµ
⊤
k ).

We first analyze the plain training setting where no additional task-specific parameters
are introduced, and all K tasks are mixed together.

Under Assumption 7.1 in the main paper, let the prompt token for task k be pk =

[
p̄k

1

]
.

The prediction of a single-layer linear attention model can then be written as:

f(Z(k)) = x⊤W
[
p̄k X⊤

] [1
y

]
= x⊤W (X⊤y + p̄k) := g(x,X,y;W , p̄k). (F.4)

Note that for the multi-task ICL with task-specific prompting, the optimization ob-
ject (F.2) can be denoted as:

L(f) =
K∑
k=1

πk E(Z,y)∼Dk

[
(y − f(Z(k)))2

]︸ ︷︷ ︸
Denoted as Lk(f)

=
K∑
k=1

πkLk(f) =
K∑
k=1

πk E(Z,y)∼Dk

[
(y − g(x,X,y;W , p̄k))

2
]
:=

K∑
k=1

πkLk(W , p̄k),

where Z =

[
X⊤ x

y⊤ 0

]⊤
∈ R(n+1)×(d+1),Z(k) =

[
p̄k X⊤ x

1 y⊤ 0

]⊤
∈ R(n+2)×(d+1).

Note that the multi-task ICL loss is equivalent to calculating the weighted sum of the
task-k ICL losses over all tasks k ∈ [K].

We begin by deriving the single-task ICL loss Lk(f) for task k, and then generalize it to the
multi-task ICL loss by taking a weighted sum. Since the derivation is similar for all tasks, the
task index k is omitted in the following derivation for simplicity. Unless otherwise specified,
Lk(W , p̄k) and L(W , p̄) will represent the same meaning. This convention similarly applies
to other task-specific parameters, e.g., Σβ ↔ Σβk

, µ↔ µk, etc.
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The loss on a certain task with a trainable prompt can be determined by:

L(W , p̄) = E
[
(y − g(x,X,y;W , p̄))2

]
= E

[(
x⊤WX⊤y + x⊤Wp̄− x⊤β − ξn+1

)2]
= E

[(
x⊤WX⊤(Xβ + ξ) + x⊤Wp̄− x⊤β − ξn+1

)2]
= E


x⊤ ((WX⊤X − I)(θ̄ + µ) +WX⊤ξ +Wp̄

)︸ ︷︷ ︸
Denoted as a (task-specific) vector c


2+ σ2

= E
[(
x⊤c

)2]
+ σ2 = tr

(
E[cc⊤]Σx

)
+ σ2, (F.5)

where θ̄ = β − µ ∼ N (0,Σβ) is a centralized variable.

F.2.1 Proof of Theorem 7.1

Theorem F.1 (Plain training) Consider training a single-layer linear attention model in
solving multi-task ICL problem with dataset defined in Definition 7.2 and model construction
as described in Assumption 7.1. Let the optimal solution W ⋆

pt (c.f. (7.10) in the main paper)
and the minimal plain training loss L⋆pt as defined in Section 7.2.3. Additionally, let Σ̃β be
defined in (7.14) in the main paper and W̄ ⋆

pt = ΣxW
⋆
pt.

Then the solution W̄ ⋆
pt and optimal loss L⋆pt satisfy

W̄ ⋆
pt = Σ̃β

(
(n+ 1)Σ̃β + (tr

(
Σ̃β

)
+ σ2)I

)−1

,

L⋆pt = tr
(
Σ̃β

)
+ σ2 − ntr

(
W̄ ⋆

ptΣ̃β

)
.

Proof. As previously stated, the following derivation applies to all tasks k ∈ [K]. Therefore,
for simplicity, we omit the index k in the notation unless otherwise specified.

In the plain training setting, p̄ = 0 for all tasks, and only the attention model, parame-
terized by W under Assumption 7.1, is updated. Hence, the loss in (F.5) is:

L(W , p̄ = 0) = tr
(
E[cc⊤]Σx

)
+ σ2, where c =

(
(WX⊤X − I)(θ̄ + µ) +WX⊤ξ

)
.
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The expansion of cc⊤ is (there are 3× 3 = 9 terms in total):

cc⊤ =
(
(WX⊤X − I)(θ̄ + µ) +WX⊤ξ

) (
(WX⊤X − I)(θ̄ + µ) +WX⊤ξ

)⊤
=
(
(WX⊤X)(θ̄ + µ)− (θ̄ + µ) +WX⊤ξ

) (
(WX⊤X)(θ̄ + µ)− (θ̄ + µ) +WX⊤ξ

)⊤
=
[
(WX⊤X)(θ̄ + µ)

] [
(WX⊤X)(θ̄ + µ)

]⊤
+
[
(WX⊤X)(θ̄ + µ)

] [
−(θ̄ + µ)

]⊤
+
[
(WX⊤X)(θ̄ + µ)

] [
WX⊤ξ

]⊤
+
[
−(θ̄ + µ)

] [
(WX⊤X)(θ̄ + µ)

]⊤
+
[
−(θ̄ + µ)

] [
−(θ̄ + µ)

]⊤
+
[
−(θ̄ + µ)

] [
WX⊤ξ

]⊤
+
[
WX⊤ξ

] [
(WX⊤X)(θ̄ + µ)

]⊤
+
[
WX⊤ξ

] [
−(θ̄ + µ)

]⊤
+
[
WX⊤ξ

] [
WX⊤ξ

]⊤
.

Take expectation of it,

E[cc⊤] =

W E[X⊤X(θ̄ + µ)(θ̄ + µ)⊤X⊤X]︸ ︷︷ ︸
Lemma F.1, denoted as a (task-specific) matrix C

W⊤

+
[
−nWΣx(Σβ + µµ⊤)

]
+ 0

+
[
−n(Σβ + µµ⊤)ΣxW

⊤]+ (Σβ + µµ⊤) + 0

+ 0 + 0 + nσ2WΣxW
⊤︸ ︷︷ ︸

Lemma F.2

= W (C + nσ2Σx)W
⊤ − nWΣx(Σβ + µµ⊤)− n(Σβ + µµ⊤)ΣxW

⊤ + (Σβ + µµ⊤),

where C = ntr
(
Σx(Σβ + µµ⊤)

)
Σx + n(n+ 1)Σx(Σβ + µµ⊤)Σx.

Substitute back into the loss L(W , p̄ = 0):

L(W , p̄ = 0) = tr
(
W (C + nσ2Σx)W

⊤Σx

)
− 2ntr

(
ΣxWΣx(Σβ + µµ⊤)

)
+ tr

(
Σx(Σβ + µµ⊤)

)
+ σ2.

Use the following definition:

Debiased: Σ̄β = Σx

K∑
k=1

πk E[(βk − µk)(βk − µk)
⊤] = Σx

K∑
k=1

πkΣβk
;

Biased: Σ̃β = Σx

K∑
k=1

πk E[βkβ⊤
k ] = Σx

K∑
k=1

πk(Σβk
+ µkµ

⊤
k ).

Denote

C̄ =
K∑
k=1

πkCk = ntr
(
Σ̃β

)
Σx + n(n+ 1)Σ̃βΣx.
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The weighted sum of the k-th task plain training loss over all tasks k ∈ [K] is:

Lpt(W ,P = 0) =
K∑
k=1

πkLk(W , p̄k = 0)

= tr
(
W (C̄ + nσ2Σx)W

⊤Σx

)
− 2ntr

(
W Σ̃βΣx

)
+ tr

(
Σ̃β

)
+ σ2.

Take derivative w.r.t. W , using Lemma F.3. Since C is symmetric

∂Lpt(W ,P = 0)

∂W
= 2ΣxW (C̄ + nσ2Σx)− 2nΣ̃βΣx

Let W̄ ⋆
pt = ΣxW

⋆
pt, and set the derivative to zero:

W̄ ⋆
pt = nΣ̃βΣx(C̄ + nσ2Σx)

−1

= Σ̃βΣx

(
(tr
(
Σ̃β

)
+ σ2)Σx + (n+ 1)Σ̃βΣx

)−1

= Σ̃β

(
(n+ 1)Σ̃β + (tr

(
Σ̃β

)
+ σ2)I

)−1

.

Substitute back into Lpt(W ,P = 0):

L⋆pt = tr
(
Σ̃β

)
+ σ2 − ntr

(
W̄ ⋆

ptΣ̃β

)
.

F.2.2 Proof of Theorem 7.2

Theorem F.2 (Fine-tuning) Suppose a pretrained model as described in Theorem 7.1 is
given with W ⋆

pt being its optimal solution. Consider fine-tuning this model with task-specific
prompts as defined in Definition 7.3, and let the optimal prompt matrix P ⋆

ft (c.f. (7.11) in the
main paper) and the minimal fine-tuning loss L⋆ft be defined in Section 7.2.3. Additionally,
let Σ̄β, Σ̃β be defined in (7.14) in the main paper and W̄ ⋆

pt = ΣxW
⋆
pt, and define the mean

matrix
Mµ = [µ1 · · · µK ]

⊤ ∈ RK×d.

Then the solution P ⋆
ft and optimal loss L⋆ft satisfy
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P ⋆
ft = Mµ

(
(W̄ ⋆

pt)
−1 − nI

)
Σx,

L⋆ft = L⋆pt − tr
(
(Σ̃β − Σ̄β)(nW̄

⋆
pt − I)⊤(nW̄ ⋆

pt − I)
)
.

Proof. As previously stated, the following derivation applies to all tasks k ∈ [K]. Therefore,
for simplicity, we omit the index k in the notation unless otherwise specified.

1. Determining the optimal task-specific prompts
In the fine-tuning setting, the attention model is pretrained and parameterized by a fixed

W = W ⋆
pt, and only the task-specific prompts are fine-tuned. Then recap from (F.5):

L(W , p̄) = tr
(
E[cc⊤]Σx

)
+ σ2,

where c =
(
(WX⊤X − I)(θ̄ + µ) +WX⊤ξ +Wp̄

)
.

The optimal task-specific prompt is determined by taking the derivative and setting it to
zero:

∂L(W , p̄)

∂p̄
= 2E

[
∂c

∂p̄

⊤
Σxc

]
= 2W⊤Σx E[c] = 2W⊤Σx [(nWΣx − I)µ+Wp̄] = 0,

⇒ p̄⋆ =
(
W−1 − nΣx

)
µ,

which is equivalent to (by substituting W = W ⋆
pt):

P ⋆
ft = Mµ

(
(W̄ ⋆

pt)
−1 − nΣx

)
.

2. Determining the fine-tuning loss
Substituting back p̄⋆ = (W−1 − nΣx)µ:

L(W , p̄) = tr
(
E[cc⊤]Σx

)
+ σ2,

where c =
(
(WX⊤X − I)(θ̄ + µ) +WX⊤ξ +Wp̄

)
= WX⊤X(θ̄ + µ)− θ̄ +WX⊤ξ − nWΣxµ.
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The expansion of cc⊤ is (there are 4× 4 = 16 terms in total):

cc⊤ =
[
WX⊤X(θ̄ + µ)− θ̄ +WX⊤ξ − nWΣxµ

] [
WX⊤X(θ̄ + µ)− θ̄ +WX⊤ξ − nWΣxµ

]⊤
=
[
WX⊤X(θ̄ + µ)

] [
WX⊤X(θ̄ + µ)

]⊤
+
[
WX⊤X(θ̄ + µ)

] [
−θ̄
]⊤

+
[
WX⊤X(θ̄ + µ)

] [
WX⊤ξ

]⊤
+
[
WX⊤X(θ̄ + µ)

]
[−nWΣxµ]

⊤

+
[
−θ̄
] [

WX⊤X(θ̄ + µ)
]⊤

+
[
−θ̄
] [
−θ̄
]⊤

+
[
−θ̄
] [
WX⊤ξ

]⊤
+

[
−θ̄
]
[−nWΣxµ]

⊤

+
[
WX⊤ξ

] [
WX⊤X(θ̄ + µ)

]⊤
+
[
WX⊤ξ

] [
−θ̄
]⊤

+
[
WX⊤ξ

] [
WX⊤ξ

]⊤
+
[
WX⊤ξ

]
[−nWΣxµ]

⊤

+[−nWΣxµ]
[
WX⊤X(θ̄ + µ)

]⊤
+ [−nWΣxµ]

[
−θ̄
]⊤

+ [−nWΣxµ]
[
WX⊤ξ

]⊤
+ [−nWΣxµ] [−nWΣxµ]

⊤.

Take expectation of it,

E[cc⊤] =

W E[X⊤X(θ̄ + µ)(θ̄ + µ)⊤X⊤X]︸ ︷︷ ︸
Lemma F.1, denoted as a (task-specific) matrix C

W⊤

+ [−nWΣxΣβ]

+ 0 +
[
−n2WΣxµµ

⊤ΣxW
⊤]

+
[
−nΣβΣxW

⊤] + Σβ + 0 + 0

+ 0 + 0 + nσ2WΣxW
⊤︸ ︷︷ ︸

Lemma F.2

+ 0

+
[
−n2WΣxµµ

⊤ΣxW
⊤]+ 0 + 0 +

[
n2WΣxµµ

⊤ΣxW
⊤]

=W (C + nσ2Σx − n2Σxµµ
⊤Σx)W

⊤ − nWΣxΣβ − nΣβΣxW
⊤ +Σβ

where C = ntr
(
Σx(Σβ + µµ⊤)

)
Σx + n(n+ 1)Σx(Σβ + µµ⊤)Σx.

Substitute back into the loss L(W , p̄⋆(W )):

L(W , p̄⋆(W ))

= tr
(
E[cc⊤]Σx

)
+ σ2

= tr
(
W (C + nσ2Σx − n2Σxµµ

⊤Σx)W
⊤Σx

)
− 2ntr (WΣxΣβΣx) + tr (ΣβΣx) + σ2

Use the following definition:

Debiased: Σ̄β = Σx

K∑
k=1

πk E[(βk − µk)(βk − µk)
⊤] = Σx

K∑
k=1

πkΣβk
;

Biased: Σ̃β = Σx

K∑
k=1

πk E[βkβ⊤
k ] = Σx

K∑
k=1

πk(Σβk
+ µkµ

⊤
k ).
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Denote:

C̄ =
K∑
k=1

πkCk = ntr
(
Σ̃β

)
Σx + n(n+ 1)Σ̃βΣx.

The weighted sum of the k-th task fine-tuning loss over all tasks k ∈ [K] is:

Lft(W ,P ⋆
ft(W )) = tr

(
W
(
C̄ + nσ2Σx − n2(Σ̃β − Σ̄β)Σx

)
W⊤Σx

)
− 2ntr

(
W Σ̄βΣx

)
+ tr

(
Σ̄β

)
+ σ2

Note that for plain training,

Lpt(W ,P = 0) = tr
(
W (C̄ + nσ2Σx)W

⊤Σx

)
− 2ntr

(
W Σ̃βΣx

)
+ tr

(
Σ̃β

)
+ σ2,

and their optimal loss share the same attention weight parameterization W = W ⋆
pt. Let

W̄ ⋆
pt = ΣxW

⋆
pt,

L⋆ft = L⋆pt − tr
(
Σ̃β − Σ̄β

)
+ 2ntr

(
W̄ ⋆

pt(Σ̃β − Σ̄β)
)
− n2tr

(
W̄ ⋆

pt(Σ̃β − Σ̄β)W̄
⋆⊤
pt

)
= L⋆pt − tr

(
(Σ̃β − Σ̄β)(nW̄

⋆
pt − I)⊤(nW̄ ⋆

pt − I)
)
.

F.2.3 Proof of Theorem 7.3

Theorem F.3 (Joint training) Consider training a single-layer linear attention model in
solving multi-task ICL problem with dataset defined in Definition 7.2 and model construction
as described in Assumption 7.1 in the main paper. Let W ⋆

jt ,P
⋆
jt (c.f. (7.12) in the main paper)

be the optimal solutions and L⋆jt is the optimal joint training loss defined in Section 7.2.3.
Additionally, let Σ̄β, Σ̃β,Mµ follow the same definitions as in Theorem 7.2 and define W̄ ⋆

jt =

ΣxW
⋆
jt . Then the solution (W ⋆

jt ,P
⋆
jt) and optimal loss L⋆jt satisfy

W̄ ⋆
jt = Σ̄β

(
(n+ 1)Σ̄β + (tr

(
Σ̃β

)
+ σ2)I +Σx

K∑
k=1

πkµkµ
⊤
k

)−1

,

P ⋆
jt = Mµ

(
(W̄ ⋆

jt)
−1 − nI

)
Σx,

L⋆jt = tr
(
Σ̄β

)
+ σ2 − ntr

(
W̄ ⋆

jtΣ̄β

)
.

Here, Σx

∑K
k=1 πkµkµ

⊤
k ∼ O(1) is a d× d-sized constant matrix.

Proof. As previously stated, the following derivation applies to all tasks k ∈ [K]. Therefore,
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for simplicity, we omit the index k in the notation unless otherwise specified.
1. Determining the optimal task-specific prompts
In the joint training setting, the attention model is pretrained and parameterized by a

trainable W , and the task-specific prompts are fine-tuned accordingly (see (F.5)):

L(W , p̄) = tr
(
E[cc⊤]Σx

)
+ σ2,

where c = (WX⊤X − I)(θ̄ + µ) +WX⊤ξ +Wp̄.

The optimal task-specific prompt is determined by taking the derivative and setting it to
zero:

∂L(W , p̄)

∂p̄
= 2E

[
∂c

∂p̄

⊤
Σxc

]
= 2W⊤Σx E[c] = 2W⊤Σx [(nWΣx − I)µ+Wp̄] = 0,

⇒ p̄⋆ =
(
W−1 − nΣx

)
µ,

which is equivalent to:
P ⋆

jt = Mµ

(
(W̄ ⋆

jt)
−1 − nI

)
Σx.

2. Determining the fine-tuning loss
It is worth noting that fine-tuning and joint training share a functional relationship be-

tween the tuned prompts p̄⋆ and the current attention model parameterization W . Thus,
substituting the tuned prompt back into the joint training loss will result in the same ex-
pression as the fine-tuning loss:

L(W , p̄⋆(W ))

= tr
(
E[cc⊤]Σx

)
+ σ2

= tr
(
W (C + nσ2Σx − n2Σxµµ

⊤Σx)W
⊤Σx

)
− 2ntr (WΣxΣβΣx) + tr (ΣβΣx)

Use the following definition:

Debiased: Σ̄β = Σx

K∑
k=1

πk E[(βk − µk)(βk − µk)
⊤] = Σx

K∑
k=1

πkΣβk
;

Biased: Σ̃β = Σx

K∑
k=1

πk E[βkβ⊤
k ] = Σx

K∑
k=1

πk(Σβk
+ µkµ

⊤
k ).

Denote:

C̄ =
K∑
k=1

πkCk = ntr
(
Σ̃β

)
Σx + n(n+ 1)Σ̃βΣx.
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The weighted sum of the k-th task fine-tuning loss over all tasks k ∈ [K] is:

Ljt(W ,P ⋆
jt(W )) = tr

(
W
(
C̄ + nσ2Σx − n2(Σ̃β − Σ̄β)Σx

)
W⊤Σx

)
− 2ntr

(
W Σ̄βΣx

)
+ tr

(
Σ̄β

)
+ σ2.

In joint training, the attention model parameterization W is no longer fixed (as it is in the
fine-tuning setting), but is instead optimized. Due to the functional relationship between
the tuned prompts and parameterization p̄⋆ = p̄⋆(W ), they will be optimized jointly until
reaching their optimal values.

Take derivative w.r.t. W , using Lemma F.3:

∂Ljt(W ,P ⋆
jt(W ))

∂W
= 2ΣxW

(
C̄ + nσ2Σx − n2(Σ̃β − Σ̄β)Σx

)
− 2nΣ̄βΣx

Let W̄ ⋆
jt = ΣxW

⋆
jt, and set the derivative to zero (note that

∑K
k=1µkµ

⊤
k ∼ O(1)):

W̄ ⋆
jt = nΣ̄βΣx

(
C̄ + nσ2Σx − n2(Σ̃β − Σ̄β)Σx)

)−1

= Σ̄βΣx

(
(tr
(
Σ̃β

)
+ σ2)Σx − n(Σ̃β − Σ̄β)Σx + (n+ 1)Σ̃βΣx

)−1

= Σ̄β

(
(tr
(
Σ̃β

)
+ σ2)I + (n+ 1)Σ̄β + (Σ̃β − Σ̄β)

)−1

= Σ̄β

(
(n+ 1)Σ̄β + (tr

(
Σ̃β

)
+ σ2)I +Σx

K∑
k=1

πkµkµ
⊤
k

)−1

.

Substitute back into Ljt(W ,P ⋆(W )):

L⋆jt = tr
(
Σ̄β

)
+ σ2 − ntr

(
W̄ ⋆

jtΣ̄β

)
.

F.2.4 Proof of Corollary 7.1

Corollary F.1 Let L∗
pt, L∗

ft, and L∗
jt denote the optimal losses for plain training, fine-tuning,

and joint training, as described in Theorems 1, 2 and 3, respectively. These losses satisfy:

L∗
jt ≤ L∗

ft ≤ L∗
pt. (F.6)

The equalities hold if and only if Σ̄β = Σ̃β (c.f. (14)), which occurs when all task means
µk = 0 for k ∈ [K]. Furthermore, the loss gaps satisfy the following:
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1. The loss gaps scale quadratically with task mean:
L∗

pt − L∗
ft ∼ O

(
1
n2

)
∥∆∥F , L∗

ft − L∗
jt ∼ O

(
1
n

)
∥∆∥F , where ∆ := Σ̃β − Σ̄β =

Σx

∑K
k=1 πkµkµ

⊤
k .

2. The ratio between gaps is:
L∗

pt−L∗
ft

L∗
ft−L∗

jt
∼ O

(
1
n

)
, indicating that fine-tuning provides most

of the benefit in few-shot regimes (small n), while joint training benefits more for larger
n.

Proof. 1. L⋆ft ≤ L⋆pt:
From Theorem 7.2, we have:

L⋆ft = L⋆pt − tr
(
(Σ̃β − Σ̄β)(nW̄

⋆
pt − I)⊤(nW̄ ⋆

pt − I)
)
.

Use the following definition:

Debiased: Σ̄β = Σx

K∑
k=1

πk E[(βk − µk)(βk − µk)
⊤] = Σx

K∑
k=1

πkΣβk
;

Biased: Σ̃β = Σx

K∑
k=1

πk E[βkβ⊤
k ] = Σx

K∑
k=1

πk(Σβk
+ µkµ

⊤
k ).

We define an auxiliray variable:

Σ̃β − Σ̄β = Σx

K∑
k=1

πkµkµ
⊤
k = ∆

It can be seen that (Σ̃β − Σ̄β) = Σx(
∑K

k=1 πkµkµ
⊤
k ) ⪰ 0, (nW̄ ⋆

pt − I)⊤(nW̄ ⋆
pt − I) ≻ 0,

which leads to

tr
(
(Σ̃β − Σ̄β)(nW̄

⋆
pt − I)⊤(nW̄ ⋆

pt − I)
)
≥ 0⇒ L⋆ft ≤ L⋆pt.

The equality holds if and only if µk = 0, k ∈ [K] ⇐⇒ Σ̄β = Σ̃β.

The loss gap between L⋆ft and L⋆pt can be written as:

L⋆pt − L⋆ft = tr
(
∆(nW̄ ⋆

pt − I)⊤(nW̄ ⋆
pt − I)

)
To analyze the asymptotic behavior of the gap, we need to analyze the asymptotic behavior
of:

W̄ ⋆
pt = Σ̃β((n+ 1)Σ̃β + tr

(
Σ̃β

)
I)−1.
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First, for large n, we can factor out n from the inverse term:

W̄ ⋆
pt =

1

n
Σ̃β

Σ̃β

(
1 +

1

n

)
+

tr
(
Σ̃β

)
n

I

−1

Using a matrix Taylor expansion, with A = Σ̃β and B =
tr(Σ̃β)

n
I + 1

n
Σ̃β:

(A+B)−1 = A−1 −A−1BA−1 +O(∥B∥2)

Applying this to our expression:Σ̃β

(
1 +

1

n

)
+

tr
(
Σ̃β

)
n

I

−1

= Σ̃−1
β −

1

n
Σ̃−1

β

(
Σ̃β + tr

(
Σ̃β

)
I
)
Σ̃−1

β +O
(

1

n2

)

Therefore:
W̄ ⋆

pt =
1

n
I − 1

n2

(
I + tr

(
Σ̃β

)
Σ̃−1

β

)
+O

(
1

n3

)
The omittedO( 1

n3 ) terms include higher-order expansion terms from the matrix Taylor series.
These terms involve powers of Σ̃β and its inverse. They grow increasingly small as n increases
and don’t affect the dominant O( 1

n2 ) behavior of the loss gap.
Using the result above:

nW̄ ⋆
pt − I = n

(
1

n
I − 1

n2

(
I + tr

(
Σ̃β

)
Σ̃−1

β

)
+O

(
1

n3

))
− I

nW̄ ⋆
pt − I = I − 1

n

(
I + tr

(
Σ̃β

)
Σ̃−1

β

)
+O

(
1

n2

)
− I

nW̄ ⋆
pt − I = − 1

n

(
I + tr

(
Σ̃β

)
Σ̃−1

β

)
+O

(
1

n2

)
The omitted terms at order O( 1

n2 ) include additional matrix products that become negligible
for large n.

Therefore:
∥nW̄ ⋆

pt − I∥F ∼ O
(
1

n

)
Now, substituting this into the expression for the gap:

L⋆pt − L⋆ft = tr
(
∆(nW̄ ⋆

pt − I)⊤(nW̄ ⋆
pt − I)

)
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L⋆pt − L⋆ft ∼ tr
(
∆ · O

(
1

n2

))

L⋆pt − L⋆ft ∼ O
(

1

n2

)
∥∆∥F

Given that ∥∆∥F ≤M2
∑K

k=1 π
2
k · λmax(Σx), we have:

L⋆pt − L⋆ft ∼ O
(

1

n2

)
M2

K∑
k=1

π2
k · λmax(Σx)

2. L⋆jt ≤ L⋆ft:
From the proof of Theorem 7.3, it can be seen that joint training and fine-tuning shares

a functional relationship between L and W :

Ljt(W ,P ⋆
jt(W )) = Lft(W ,P ⋆

ft(W ))

However, the only minimizer of this funtion is derived from ∂Ljt(W ,P ⋆(W ))

∂W
= 0⇒W ⋆

jt, which
leads to:

L⋆jt ≤ L⋆ft.

The equality holds if and only if W ⋆
pt = W ⋆

jt ⇐⇒ µk = 0, k ∈ [K] ⇐⇒ Σ̄β = Σ̃β.

Recall that W̄ ⋆
jt is given by:

W̄ ⋆
jt = Σ̄β((n+ 1)Σ̄β + tr

(
Σ̃β

)
I +Σx

K∑
k=1

πkµkµ
⊤
k )

−1

Note that we denote ∆ = Σx

∑K
k=1 πkµkµ

⊤
k , so:

W̄ ⋆
jt = Σ̄β((n+ 1)Σ̄β + tr

(
Σ̄β +∆

)
I +∆)−1

= Σ̄β((n+ 1)Σ̄β + tr
(
Σ̄β

)
I + tr (∆) I +∆)−1

First, we rewrite this for large n:

W̄ ⋆
jt =

1

n
Σ̄β

(
Σ̄β

(
1 +

1

n

)
+

tr
(
Σ̄β

)
n

I +
tr (∆)

n
I +

∆

n

)−1

Let A = Σ̄β and B = 1
n
Σ̄β +

tr(Σ̄β)
n

I + tr(∆)
n

I + ∆
n
.
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Using the matrix Taylor expansion for (A+B)−1:

(A+B)−1 = A−1 −A−1BA−1 +A−1BA−1BA−1 +O(∥B∥3)

Applying this to our expression and noting that ∥B∥ = O(1/n):(
Σ̄β

(
1 +

1

n

)
+

tr
(
Σ̄β

)
n

I +
tr (∆)

n
I +

∆

n

)−1

= Σ̄−1
β −

1

n
Σ̄−1

β

(
Σ̄β + tr

(
Σ̄β

)
I + tr (∆) I +∆

)
Σ̄−1

β +O
(

1

n2

)
Therefore:

W̄ ⋆
jt =

1

n
I − 1

n2

(
I + tr

(
Σ̄β

)
Σ̄−1

β + tr (∆) Σ̄−1
β + Σ̄−1

β ∆
)
+O

(
1

n3

)
The omitted O( 1

n3 ) terms include higher-order matrix products involving powers of Σ̄β, ∆,
and their inverses. These become negligible as n grows.

Using the result above:

nW̄ ⋆
jt − I = n

(
1

n
I − 1

n2

(
I + tr

(
Σ̄β

)
Σ̄−1

β + tr (∆) Σ̄−1
β + Σ̄−1

β ∆
)
+O

(
1

n3

))
− I

= − 1

n

(
I + tr

(
Σ̄β

)
Σ̄−1

β + tr (∆) Σ̄−1
β + Σ̄−1

β ∆
)
+O

(
1

n2

)
Therefore:

∥nW̄ ⋆
jt − I∥F = O

(
1

n

)
Recall that:

W̄ ⋆
pt =

1

n
I − 1

n2

(
I + tr

(
Σ̃β

)
Σ̃−1

β

)
+O

(
1

n3

)

W̄ ⋆
jt =

1

n
I − 1

n2

(
I + tr

(
Σ̄β

)
Σ̄−1

β + tr (∆) Σ̄−1
β + Σ̄−1

β ∆
)
+O

(
1

n3

)
The leading terms (1/n)I cancel, and the difference appears in the second-order terms:

W̄ ⋆
pt − W̄ ⋆

jt =
1

n2
C +O

(
1

n3

)
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Where C is a matrix that depends on Σ̄β and ∆. Therefore:

∥W̄ ⋆
pt − W̄ ⋆

jt∥F ∼ O
(

1

n2

)
∥∆∥F

Starting from the loss function definition:

L(W ) = tr
(
Σ̄β

)
− ntr

(
W Σ̄β

)
The loss gap becomes:

L⋆ft − L⋆jt = n∥tr
(
(W̄ ⋆

pt − W̄ ⋆
jt)Σ̄β

)
∥

This gives us:

L⋆ft − L⋆jt ∼ O
(
1

n

)
M2

K∑
k=1

π2
k · λmax(Σx)

3. Comparative Analysis

1. Plain Training vs Fine-tuning:

L⋆pt − L⋆ft ∼ O
(

1

n2

)
M2

K∑
k=1

π2
k · λmax(Σx)

2. Fine-tuning vs Joint Training:

L⋆ft − L⋆jt ∼ O
(
1

n

)
M2

K∑
k=1

π2
k · λmax(Σx)

3. Ratio of gaps:
L⋆pt − L⋆ft
L⋆ft − L⋆jt

∼ O
(
1

n

)
This aligns with our experimental results in Section 6, indicating that for few-shot multi-
task in-context learning settings (e.g., when n = 1), fine-tuning task-specific prompts alone
is sufficiently effective at improving performance. However, for many-shot (large n) settings,
joint training of both the attention weight and task-specific prompts is necessary to achieve
further performance improvements.
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F.3 Proofs for Section 7.4

F.3.1 Proof of Proposition 7.1

Proposition F.1 Consider the multi-task ICL data as described in Definition 7.2 and let
L̃⋆att and L̃⋆pgd be the optimal linear attention and debiased preconditioned gradient descent
losses as presented in (7.18) and (7.19) in the main paper, respectively. Then, L̃⋆att = L̃⋆pgd.

Proof. To begin with, let attention weights be

WqW
⊤
k =

[
W̄1 w1

∗ ∗

]
and Wv =

[
W̄2 w2

w⊤
3 w

]
,

where W̄1,2 ∈ Rd×d,w1,2,3 ∈ Rd and w ∈ R. Additionally, let task-specific prompts and
heads be

pk =

[
p̄k

pk

]
and hk =

[
h̄k

hk

]
for k ∈ [K],

where p̄k, h̄k ∈ Rd and pk, hk ∈ R. Recapping the prediction from (7.17) in the main paper
and input sequence Z(k) from (7.5) in the main paper, we obtain

f̃att(Z
(k)) = (z⊤WqW

⊤
k (Z(k))⊤)MZ(k)Wvhk

=
[
x⊤W̄1 x⊤w1

]([p̄kp̄⊤
k pkp̄k

pkp̄
⊤
k p2k

]
+

[
X⊤X X⊤y

y⊤X ∥y∥2

])[
W̄2h̄k + hkw2

w⊤
3 h̄k + hkw

]
.

Recap the task distribution from Definition 7.2. Let y0 = y −Xµk. For cleaner notation
and without loss of generality, we remove the subscription k and set[

W̄2h̄k + hkw2

w⊤
3 h̄k + hkw

]
=

[
v

v

]
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where v ∈ Rd and v ∈ R.

f̃att(Z
(k)) =

[
x⊤W̄1 x⊤w1

]([p̄p̄⊤ pp̄

pp̄⊤ p2

]
+

[
X⊤X X⊤y

y⊤X ∥y∥2

])[
v

v

]

=
[
x⊤W̄1 x⊤w1

] [p̄p̄⊤ pp̄

pp̄⊤ p2

][
v

v

]
+
[
x⊤W̄1 x⊤w1

] [X⊤X X⊤y

y⊤X ∥y∥2

][
v

v

]
= x⊤p̃+ x⊤ (W̄1X

⊤Xv + (w1v
⊤ + vW̄1)X

⊤y + v∥y∥2w1

)
= x⊤W̃X⊤y0 + x⊤p̃+ x⊤

(
W̄1X

⊤Xv + (W̃ − vw1µ
⊤)X⊤Xµ+ vw1∥y0∥2

)
︸ ︷︷ ︸

ϵ(X,y0)

where

p̃ := W̄1p̄p̄
⊤v + pw1p̄

⊤v + pvW̄1p̄+ p2vw1

W̃ := w1v
⊤ + vW1 + 2vw1µ

⊤.

Then letting y0 = y − x⊤µk, the expected risk of task k obeys

EZ,y∼Dk
[(f̃att(Z

(k))− y)2] = E
[(

x⊤W̃X⊤y0 − y0 + x⊤p̃− x⊤µ+ x⊤ϵ(X,y0)
)2]

= E
[(

x⊤W̃X⊤y0 − y0
)2]

+ E
[(
x⊤p̃− x⊤µ+ x⊤ϵ(X,y0)

)2]
+ 2E

[(
x⊤W̃X⊤y0 − y0

) (
x⊤p̃− x⊤µ+ x⊤ϵ(X,y0)

)]
Note that, letting β0 = β−µk, we have y0 = Xβ0+ξ, y = x⊤β0+ξn+1 and β0 ∼ N (0,Σβk

).
Therefore,

E
[(

x⊤W̃X⊤y0 − y0
) (

x⊤p̃− x⊤µ+ x⊤ϵ(X,y0)
)]

= E
[
x⊤
(
W̃X⊤Xβ0 − β0

)
(p̃− µ+ ϵ(X,y0))

⊤ x
]

= E
[
x⊤
(
W̃X⊤X − I

)
β0 ϵ(X,y0)

⊤x
]

= E
[
x⊤
(
W̃X⊤X − I

)
β0

(
v∥Xβ0∥2

)
w⊤

1 x
]

= 0.
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Then the risk satisfies

EZ,y∼Dk
[(f̃att(Z

(k))− y)2] = E
[(

x⊤W̃X⊤y0 − y0
)2]

+ E
[(
x⊤p̃− x⊤µ+ x⊤ϵ(X,y0)

)2]
≥ E

[(
x⊤W̃X⊤y0 − y0

)2]
.

We next prove that the equality is achievable for any W̃ . Consider the following construc-
tions:

WqW
⊤
k =

[
W 0

0⊤ 0

]
, Wv = I, pk =

[
W−1µk

µ⊤
kW

−⊤µk + 1

]
and hk =

[
−µk

1

]
.

Then [
v

v

]
=

[
−µk

1

]
, p̃ = µk, and W̃ = W .

Using above construction, we obtain that for any W ∈ Rd×d, there exist pk’s and hk’s such
that

EZ,y∼Dk

[(
x⊤p̃− x⊤µ+ x⊤ϵ(X,y0)

)2]
= 0

and hence,
EZ,y∼Dk

[(f̃att(Z
(k))− y)2] = E

[(
x⊤WX⊤y0 − y0

)2]
.

Next, consider the preconditioned gradient descent problem defined in (7.19) in the main
paper. Recapping the PGD prediction where we have

f̃pgd(Z
(k)) = x⊤WX⊤(y −Xµk) + x⊤µk.

Then

EZ,y∼Dk
[(f̃pgd(Z

(k))− y)2] = EZ,y∼Dk
[(x⊤WX⊤(y −Xµk) + x⊤µk − y)2]

= EZ,y∼Dk
[(x⊤WX⊤y0 − y0)2].

Combining the results together completes the proof.

F.3.2 Proof of Theorem 7.4

Theorem F.4 Consider the multi-task ICL problem with dataset defined in Definition 7.2.
Let W ⋆

pgd := argminW L(f̃pgd) following (7.19) in the main paper. Define Σ̄β in (7.14) in
the main paper and let W̄ ⋆

pgd = ΣxW
⋆
pgd. Then the solution W̄ ⋆

pgd and optimal loss L̃⋆pgd
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(c.f. (7.19) in the main paper) satisfy

W̄ ⋆
pgd = Σ̄β

(
(n+ 1)Σ̄β + (tr

(
Σ̄β

)
+ σ2)I

)−1
,

L̃⋆pgd = tr
(
Σ̄β

)
− ntr

(
W̄ ⋆

pgdΣ̄β

)
.

Proof. From the proof of Proposition 7.1, it can be seen that the optimal multi-task ICL
learning performance of a 1-layer linear attention model can be rigorously calculated as:
L̃⋆att = L̃⋆pgd. Moreover, in this case, with the help of task-specific heads hk, the optimal loss
L̃⋆pgd is equivalent to the optimal plain training loss in a zero task mean multi-task ICL
setting.

By applying Theorem 7.1 with all task means µk = 0 for k ∈ [K], Theorem 7.4 can be
proven.
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APPENDIX G

Appendix for Chapter 8

G.1 Analysis of Single-layer Linear Attention

G.1.1 Supporting Lemmas

Recap the SPI estimator from (SPI). Given a semi-supervised dataset (xi, yi)ni=1 as described
in Section 8.2.1, let I denote the token indices set corresponding to the labeled demonstra-
tions, that is, we have

yi =

yci , i ∈ I
0, otherwise.

(G.1)

Then, the SPI estimates the task mean via

µ̂s =
1

|I|
∑
i∈I

yixi.

Let W ∈ Rd×d be the preconditioning matrix. We define the following objective:

W ⋆ := arg min
W∈Rd×d

L̃(W ) where L̃(W ) = E

(x⊤W
∑
i∈I

yixi − y
)2
 . (G.2)

Here, we set (x, y) to be the query feature and its corresponding true label. The expectation
subsumes the randomness in (xi, yi), (x, y) as described in Section 8.2.1.

In the following, we provide a lemma that establishes equivalence between optimizing
Latt-1(W(1),h) (cf. (8.7) and choosing L = 1) and L̃(W ).

Lemma G.1 Consider ICL problem described in Section 8.2.2 with prompt defined in (8.3).
Consider training a single-layer linear attention with squared loss, that is, L = 1 and ℓ(y, ŷ) =
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(y− ŷ)2. Recall the objectives from (8.7) and (G.2), and let L⋆att-1 and L̃⋆ := L̃(W ⋆) be their
corresponding optimal losses where W ⋆ is defined in (G.2). Then, we have

L⋆att-1 = L̃⋆. (G.3)

Additionally, let f ⋆att-1 : R(n+1)×(d+1) → R denote the optimal prediction (associated with the
optimal loss L⋆att-1). We have that f ⋆att-1 is unique and for any prompt Z (cf. (8.3))

f ⋆att-1(Z) = x⊤W ⋆
∑
i∈I

yixi. (G.4)

Proof. Recap the single-layer linear attention model and its prediction from (8.4) and
(8.6). We have

fatt-1(Z) = h⊤att(Z;W)[n+1] where att(Z;W) = (ZWqW
⊤
k Z⊤)MZWv (G.5)

withW := {Wq,Wk,Wv} being the set of the query, key and value matrices of the attention.
Since W and h are tunable parameters, without loss of generality and for simplicity, let

W := WqW
⊤
k and h̄ := Wvh.

Following the proof of 116, Proposition 1, similarly, we denote

W =

[
W̄ w1

w⊤
2 w

]
and h̄ =

[
h1

h

]
,

where W̄ ∈ Rd×d, w1,w2,h1 ∈ Rd, and w, h ∈ R.
Additionally, let I denote the token indices set corresponding to the labeled demonstra-

tions (cf. (G.1)). Recall the prompt Z from (8.3), and X = [x1 · · · xn]
⊤ ∈ Rn×d and

y = [y1 · · · yn]⊤ ∈ Rn from (8.10). Then we get

Z =

[
x1 x2 · · · xn x

y1 y2 · · · yn 0

]⊤
=

[
X⊤ x

y⊤ 0

]⊤
∈ R(n+1)×(d+1). (G.6)
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Combining (G.5) and (G.6) together, we can rewrite the one-layer linear prediction as

fatt-1(Z) = [x⊤ 0]WZ⊤MZh̄

= [x⊤ 0]

[
W̄ w1

w⊤
2 w

][
X⊤ x

y⊤ 0

][
In 0

0 0

][
X⊤ x

y⊤ 0

]⊤ [
h1

h

]

= [x⊤W̄ x⊤w1]

[
X⊤X X⊤y

y⊤X y⊤y

][
h1

h

]

= [x⊤W̄ x⊤w1]

[
X⊤Xh1 + hX⊤y

y⊤Xh1 + hy⊤y

]
= x⊤W̄ (X⊤Xh1 + hX⊤y) + x⊤w1(y

⊤Xh1 + hy⊤y)

= x⊤(hW̄ +w1h
⊤
1 )X

⊤y + x⊤(W̄X⊤Xh1 + hy⊤yw1)

= x⊤W̃X⊤y + x⊤(W̄X⊤Xh1 +mhw1)

where W̃ := hW̄ +w1h
⊤
1 and we define m := |I|.

Next, recall the loss from (8.7) and consider the squared loss function, ℓ(y, ŷ) = (y− ŷ)2.
We have

Latt-1(W(1),h) = E
[
(fatt-1(Z)− y)2

]
= E

[(
x⊤W̃Xy + x⊤ (W̄X⊤Xh1 +mhw1

)
− y
)2]

= E
[(
yx⊤W̃Xy + yx⊤ (W̄X⊤Xh1 +mhw1

)
− 1
)2]

.

For simplicity and without loss of generality, we omit y and use x to represent yx. Note
that the distribution of (updated) x is not conditioned on its class and given mean vector
µ, it follows x ∼ N (µ, σ2I). Similarly, let xi represent ycixi. We can then write

Latt-1(W(1),h) = E

(x⊤W̃
∑
i∈I

xi + x⊤ (W̄X⊤Xh1 +mhw1

)
− 1

)2
 (G.7)

= E

(x⊤W̃
∑
i∈I

xi − 1

)2
+ E

[(
x⊤ (W̄X⊤Xh1 +mhw1

))2]

+ 2E

[(
x⊤W̃

∑
i∈I

xi − 1

)(
x⊤ (W̄X⊤Xh1 +mhw1

))]
.

We start with showing that for any given parameters W ∈ R(d+1)×(d+1),h ∈ Rd+1, the
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component E[(x⊤W̃
∑

i∈I xi − 1)(x⊤(W̄X⊤Xh1 + mhw1))] = 0. To prove it, we first
expand

(x⊤W̃
∑
i∈I

xi − 1)(x⊤(W̄X⊤Xh1 +mhw1))

= (x⊤W̃
∑
i∈I

xi)(x
⊤W̄X⊤Xh1)︸ ︷︷ ︸

(a)

− x⊤W̄X⊤Xh1︸ ︷︷ ︸
(b)

+ (x⊤W̃
∑
i∈I

xi)(mhx
⊤w1)︸ ︷︷ ︸

(c)

−mhx⊤w1︸ ︷︷ ︸
(d)

.

In the following, we consider the expectations of (a), (b), (c), (d) sequentially, all of which
take the value zero. First note that since µ ∼ Unif(Sd−1) and (ξi)

n
i=1, ξ ∼ N (0, σ2I), the

odd moments of µ, ξ and ξi, i ∈ [n] are all zeros.

(a) : E

[
(x⊤W̃

∑
i∈I

xi)(x
⊤W̄X⊤Xh1)

]

= E

(µ+ ξ)⊤W̃
∑
i∈I

(µ+ ξi)(µ+ ξ)⊤W̄
∑
i∈[n]

(µ+ ξi)(µ+ ξi)
⊤h1


=
∑
i∈I

∑
j∈[n]

E
[
(µ+ ξ)⊤W̃ (µ+ ξi)(µ+ ξ)⊤W̄ (µ+ ξj)(µ+ ξj)

⊤h1

]
=
∑
i∈I

∑
j∈[n]

E
[
µ⊤W̃µµ⊤W̄ (µµ⊤ + ξjξ

⊤
j )h1 + ξ⊤W̃µξ⊤W̄ (µµ⊤ + ξjξ

⊤
j )h1

]
= 0,

(b) : E
[
x⊤W̄X⊤Xh1

]
= E

(µ+ ξ)⊤W̄
∑
i∈[n]

(µ+ ξi)(µ+ ξi)
⊤h1


= E

µ⊤W̄
∑
i∈[n]

(µµ⊤ + ξiξ
⊤
i )h1


= 0,

397



(c) : E

[
(x⊤W̃

∑
i∈I

xi)(mhx
⊤w1)

]

= mhE

[
(µ+ ξ)⊤W̃

∑
i∈I

(µ+ ξi)(µ+ ξ)⊤w1

]
= mh

∑
i∈I

E
[
(µ+ ξ)⊤W̃µ(µ+ ξ)⊤w1

]
= mh

∑
i∈I

E
[
µ⊤W̃µµ⊤w1 + ξ⊤W̃µξ⊤w1

]
= 0,

(d) : E
[
mhx⊤w1

]
= 0.

Therefore, loss in (G.7) returns

Latt-1(W(1),h) = E

(x⊤W̃
∑
i∈I

xi − 1

)2


︸ ︷︷ ︸
L̃(W̃ )

+ E
[(
x⊤(W̄X⊤Xh1 +mhw1)

)2]
.

Here, the first term E[(x⊤W̃
∑

i∈I xi − 1)2] = L̃(W̃ ) where L̃(W̃ ) is defined in (G.2).
Recall that W̃ = hW̄ + w1h

⊤
1 . Then for any W̃ ∈ Rd×d, setting h1 = w1 = 0d and

h = 1 returns E
[(
x⊤ (W̄X⊤Xh1 +mhw1

))2]
= 0, and then

Latt-1(W(1),h) = E

(x⊤W̄
∑
i∈I

xi − 1

)2


Therefore, optimizing Latt-1(W(1),h) returns the same minima as optimizing L̃(W ), which
completes the proof of (G.3). Note that optimal loss L⋆att-1 depends on the labeled data i ∈ I
only.

Furthermore, since L̃(W ) is strongly convex (see (G.8)), W ⋆ exists and is unique. There-
fore, (G.3) and uniqueness of W ⋆ leads to the conclusion (G.4).

Lemma G.2 Consider the objective defined in (G.2) with semi-supervised data following
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Section 8.2. Then the optimal solution W ⋆ satisfies

W ⋆ = cI

for some c > 0.

Proof. Recap the Objective (G.2) and its optimal solution W ⋆. Let I be the index set
corresponding the labeled in-context examples, and |I| = m. Note that, m is also a random
variable, independent of xi, yci ,x, y.

As in the proof of Lemma G.1, we use x to represent yx and xi to represent ycixi for
simplicity, where (updated) xi,x ∼ N (µ, σ2I). Letting ξ′, ξ, ξi ∼ N (0, σ2I) be independent,
we obtain

L̃(W ) = E

[
(x⊤W

∑
i∈I

xi − 1)2

]
(G.8)

= E

[
((µ+ ξ)⊤W

∑
i∈I

(µ+ ξi)− 1)2

]
= E

[
((µ+ ξ)⊤W (mµ+

√
mξ′)− 1)2

]
= E

[
m2(µ⊤Wµ)2 +m(µ⊤Wξ′)2 +m2(ξ⊤Wµ)2 +m(ξ⊤Wξ′)2 + 1

]
− 2E

[
mµ⊤Wµ

]
=

E[m2]

d(d+ 2)
(tr (W )2 + tr

(
WW⊤)+ tr

(
W 2

)
) +

E[m+m2]

d
σ2tr

(
WW⊤)

+ E[m]σ4tr
(
WW⊤)+ 1− 2E[m]

d
tr (W ) .

Differentiating it results in

∇W L̃(W ) =
2E[m2]

d(d+ 2)
(tr (W ) I +W +W⊤) +

2E[m+m2]σ2

d
W + 2E[m]σ4W − 2E[m]

d
I.

Setting ∇W L̃(W ) = 0, we obtain the optimal W ⋆

W ⋆ =
1

(1 + σ2)E[m2]/E[m] + σ2 + σ4d
I,

which leads to the conclusion that W ⋆ = cI, for c = 1
(1+σ2)E[m2]/E[m]+σ2+σ4d

> 0. It completes
the proof.
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G.1.2 Proof of Theorem 8.1

Proof. Note that (8.8) can be easily proven using Lemmas G.1 and G.2. Then, we focus
on proving (8.9).

Given that (8.8) holds, we can rewrite its classification error as

P(y⋆att-1(Z) ̸= y) = P(sgn(x⊤µ̂s) ̸= y) = P(sgn(yx⊤µ̂s) ̸= 1) (G.9)

where µ̂s = 1
|I|
∑

i∈I yixi defined in (SPI) and I is the index set of labeled samples. Let
m = |I|.

Recall from Section 8.2.1 where x ∼ N (y · µ, σ2I). We can rewrite

yx = µ+ σg1 where g1 ∼ N (0, I).

Then for any given µ, µ̂s, we get

P
(
sgn(yx⊤µ̂s) ̸= 1

∣∣ µ, µ̂s

)
= P

(
(µ+ σg1)

⊤ µ̂s < 0
∣∣ µ, µ̂s

)
= P

(
µ⊤µ̂s < σg⊤

1 µ̂s

∣∣ µ, µ̂s

)
= Q

(
µ⊤µ̂s

σ∥µ̂s∥

)
. (G.10)

Here Q-function is the tail distribution function of the standard normal distribution.
Next, similarly, given that xi ∼ N (yi · µ, σ2I) for i ∈ I, we can rewrite

µ̂s =
1

m

∑
i∈I

yixi = µ+
σ√
m
g2 where g2 ∼ N (0, I).

Then combining (G.9) and (G.10), we have

P(y⋆att-1(Z) ̸= y) = Eµ,g2

[
Q

(
µ⊤µ̂s

σ∥µ̂s∥

)]
= Eµ,g2

[
Q

(
µ⊤(µ+ σ√

m
g2)

σ∥µ+ σ√
m
g2∥

)]

= Eµ,g2

Q
 1 + σ√

m
µ⊤g2

σ
√

1 + 2 σ√
m
µ⊤g2 +

σ2

m
∥g2∥2

 .
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Note that for any µ with ∥µ∥ = 1, we have µ⊤g2 ∼ N (0, 1). Therefore, we can write

µ⊤g2 = g where g ∼ N (0, 1),

and let U ∈ Rd×d be a unitary matrix with first row being µ. We can write

∥g2∥2 = ∥Ug2∥2 = g2 + h where h ∼ X 2
d−1.

Here, X 2
d−1 denotes chi-squared distribution with (d− 1) degrees of freedom. Then, we get

P(y⋆att-1(Z) ̸= y) = Eg,h

Q
 1 + σ√

m
g

σ
√

1 + 2 σ√
m
g + σ2

m
(g2 + h)


= Eg,h

Q
 1 + σ√

m
g

σ
√

(1 + σ√
m
g)2 + σ2

m
h

 ,
= Eg,h

[
Q

(
1 + ϵσg

σ
√
(1 + ϵσg)2 + ϵ2σh

)]
,

where ϵσ := σ/
√
m. It completes the proof of (8.9).

Next, we derive an upper bound for P(y⋆att-1(Z) ̸= y). Let c := ϵ−1
σ . Then we have

P(y⋆att-1(Z) ̸= y) = Eg,h

[
Q

(
c+ g

σ
√

(c+ g)2 + h

)]

= Eg≥− c
2
,h

[
Q

(
c+ g

σ
√

(c+ g)2 + h

)]
+ Eg<− c

2
,h

[
Q

(
c+ g

σ
√

(c+ g)2 + h

)]

≤ Eg≥− c
2
,h

[
Q

(
c+ g

σ
√

(c+ g)2 + h

)]
+Q(c/2)

= Eg≥− c
2
,h

[
Q

(
1

σ
√

1 + h/(c+ g)2

)]
+Q(c/2), (G.11)

where the inequality comes from the fact that P(g ≤ −c/2) = Q(c/2) and Q(x) ≤ 1 for any
x ∈ R. Next, we have

1√
1 + h/(c+ g)2

≥ 1− 1

2

h

(c+ g)2
≥ 1− 2h

c2
.

Here the first inequality comes from that 1√
1+x
≥ 1− 1

2
x and the second utilizes that g ≥ − c

2
.
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Since h ∼ X 2
d−1, from the Laurent-Massart inequality [101], we have that

P
(
h ≥ d− 1 + 2

√
(d− 1)t1 + 2t1

)
≤ e−t1 .

Therefore, we have that with probability at least 1− e−t1

1√
1 + h/(c+ g)2

≥ 1− 2(d− 1 + 2
√

(d− 1)t1 + 2t1)

c2
.

Setting t1 = d, we get with probability at least 1− e−d

1√
1 + h/(c+ g)2

≥ 1− 10d

c2
.

Combining the result with (G.11), since Q(x) ≤ 1 for x ∈ R and Q(x) ≤ e−x
2/2 for x > 1,

we get that

P(y⋆att-1(Z) ̸= y) ≤ e−d +Q(c/2) +Q

(
1

σ

(
1− 10d

c2

))
≤ e−d + e−1/8ϵ2σ +Q

(
1

σ

(
1− 10dϵ2σ

))
.

It completes the proof.

G.2 Analysis of Multi-layer Linear Attention

G.2.1 Proof of Proposition 8.1

Proof. We consider the following model constructions for the attention matrices in the ℓth
layer, ℓ ∈ [L] and the final linear prediction head:

ℓth layer: WqℓW
⊤
kℓ =

[
Id 0

0 0

]
and Wvℓ =

[
aℓId 0

0 bℓ

]
;

Prediction head: h =

[
0d

c

]
.

(G.12)
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Suppose the input to ℓth layer is

Zℓ =

[
Xℓ yℓ

x⊤
ℓ yℓ

]
∈ R(n+1)×(d+1) where Z1 = Z =

[
X y

x⊤ 0

]
.

Recapping the model construction from (G.12), the ℓth layer output returns

(
ZℓWqℓW

⊤
kℓZ

⊤
ℓ M

)
ZℓWvℓ =

[
Xℓ yℓ

x⊤
ℓ yℓ

][
Id 0

0 0

][
X⊤

ℓ xℓ

y⊤
ℓ yℓ

]
M

[
Xℓ yℓ

x⊤
ℓ yℓ

][
aℓId 0

0 bℓ

]

=

[
XℓX

⊤
ℓ Xℓxℓ

x⊤
ℓ X

⊤
ℓ x⊤

ℓ xℓ

][
In 0

0 0

][
aℓXℓ bℓyℓ

aℓx
⊤
ℓ bℓyℓ

]

=

[
aℓXℓX

⊤
ℓ Xℓ bℓXℓX

⊤
ℓ yℓ

aℓx
⊤
ℓ X

⊤
ℓ Xℓ bℓx

⊤
ℓ X

⊤
ℓ yℓ

]
. (G.13)

Therefore, following (8.5), the input of (ℓ+ 1)th layer is

Zℓ+1 = Zℓ +

[
aℓXℓX

⊤
ℓ Xℓ bℓXℓX

⊤
ℓ yℓ

aℓx
⊤
ℓ X

⊤
ℓ Xℓ bℓx

⊤
ℓ X

⊤
ℓ yℓ

]

=

[
Xℓ + aℓXℓX

⊤
ℓ Xℓ yℓ + bℓXℓX

⊤
ℓ yℓ

x⊤
ℓ + aℓx

⊤
ℓ X

⊤
ℓ Xℓ yℓ + bℓx

⊤
ℓ X

⊤
ℓ yℓ

]
∈ R(n+1)×(d+1). (G.14)

• Label propagation: We first focus on deriving label propagation results. Suppose that
we have

aℓ = 0 for ℓ ∈ [L].

Then following (G.13), the output of ℓ’th layer takes the following form:

(
ZℓWqℓW

⊤
kℓZ

⊤
ℓ M

)
ZℓWvℓ =

[
0 bℓXℓX

⊤
ℓ yℓ

0 bℓx
⊤
ℓ X

⊤
ℓ yℓ

]
.

Here, the first d coordinates of each token’s output are zeros, and therefore, the corresponding
input coordinates remain unchanged, and we have

Xℓ ≡X and xℓ ≡ x for ℓ ∈ [L].
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The prediction (based on the last token output and after applying prediction head) is given
by

fall-L(Z) = cbLx
⊤X⊤yL. (G.15)

We next focus on obtaining yL. From (G.14), we have

yℓ+1 = yℓ + bℓXX⊤yℓ = (I + bℓXX⊤)yℓ.

Therefore,

yL =
L−1∏
ℓ=1

(I + bℓXX⊤)y.

Combining with (G.15) results in

fall-L(Z) = cbLx
⊤X⊤

L−1∏
ℓ=1

(I + bℓXX⊤)y = cbLx
⊤
L−1∏
ℓ=1

(I + bℓX
⊤X)X⊤y.

It completes the proof.

• Feature propagation: We now focus on the feature propagation setting. In contrast to
the label propagation, let us assume that

aℓ →∞ and bℓ → 0+ for ℓ ∈ [L].

The prediction (following (G.13), based on the last token output and after applying predic-
tion head) is given by

fall-L(Z) = cbLx
⊤
LX

⊤
L yL. (G.16)

We first obtain yL. From (G.14) (since bℓ → 0), we have

yℓ+1 = yℓ + bℓXX⊤yℓ = yℓ.

Therefore,

yℓ ≡ y for ℓ ∈ [L].
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Next, we focus on XL,xL. From (G.14), as aℓ →∞, we have

Xℓ+1 = Xℓ + aℓXℓX
⊤
ℓ Xℓ = Xℓ(I + aℓX

⊤
ℓ Xℓ) = aℓXℓX

⊤
ℓ Xℓ;

x⊤
ℓ+1 = x⊤

ℓ + aℓx
⊤
ℓ X

⊤
ℓ Xℓ = x⊤

ℓ (I + aℓX
⊤
ℓ Xℓ) = aℓx

⊤
ℓ X

⊤
ℓ Xℓ.

Therefore,

XL = aL−1XL−1(X
⊤
L−1XL−1)

= aL−1a
3
L−2XL−2(X

⊤
L−2XL−2)

32−1
2

= aL−1a
3
L−2a

32

L−3XL−3(X
⊤
L−3XL−3)

33−1
2

= · · ·

= aL−1a
3
L−2a

32

L−3...a
3L−2

1 X(X⊤X)
3L−1−1

2 ,

and

x⊤
L = aL−1x

⊤
L−1(X

⊤
L−1XL−1)

= aL−1a
3
L−2x

⊤
L−2(X

⊤
L−2XL−2)

32−1
2

= aL−1a
3
L−2a

32

L−3x
⊤
L−3(X

⊤
L−3XL−3)

33−1
2

= · · ·

= aL−1a
3
L−2a

32

L−3...a
3L−2

1 x⊤(X⊤X)
3L−1−1

2 .

Combining all together with (G.16), we have that

fall-L(Z) = cbLx
⊤
LX

⊤
L yL

= cbL

(
L−1∏
ℓ=1

a3
L−1−ℓ

ℓ

)2

x⊤(X⊤X)3
L−1−1X⊤y.

It completes the proof.

G.2.2 Proof of Proposition 8.2

Proof. The proof follows directly by adopting the same model construction and proof
strategy as in Proposition 8.1, under the additional assumption that

aℓ = a and bℓ = b for ℓ ∈ [L].
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G.2.3 Proof of Lemma 8.1

Proof. In the proof of Proposition 8.1, we showed how to derive the label and feature
propagation results by restricting the construction to either aℓ ≡ 0 (for label propagation)
or (aℓ → ∞, bℓ → 0) (for feature propagation). Here, we consider a propagation process
without imposing restrictions on the choices of (aℓ, bℓ), and study the form of the final
prediction returned by the model.

To avoid the notation conflict, we express the matrix A in (8.12) as

A =
K∑
k=0

ek(X
⊤X)k

and let e = [e0 e2 · · · e(3L−3)/2]
⊤ ∈ RK+1.

Recall the same model construction used in the proof of Proposition 8.1, defined in (G.12).
From (G.13), we have that

fatt-L(Z) = cbLx
⊤
LX

⊤
L yL

where following (G.14), we have

Xℓ+1 = Xℓ(I + aℓX
⊤
ℓ Xℓ),

x⊤
ℓ+1 = x⊤

ℓ (I + aℓX
⊤
ℓ Xℓ),

yℓ+1 = (I + bℓXℓX
⊤
ℓ )yℓ.

At each layer, the operations performed are linear combinations and multiplications involving
X⊤

ℓ Xℓ and identity matrices scaled by the parameters (aℓ, bℓ). Thus, each coefficient ek of
(X⊤X)k depends smoothly on the scalar parameters (aℓ, bℓ).

From (G.13) and (G.14), we have that

fatt-L(Z) = cbLx
⊤
LX

⊤
L yL (G.17)

= cbL · x⊤
L−1(I + aL−1X

⊤
L−1XL−1)

2(I + bL−1X
⊤
L−1XL−1)X

⊤
L−1yL−1

= · · ·

That is, in the final fatt-L(Z) expression, the coefficients corresponding to different degrees
of (X⊤X)k depend on the model parameters cbL and (aℓ, bℓ)

L−1
ℓ=1 , which together have at
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most 2L− 1 degrees of freedom. Let c = [cbL a1 · · · aL−1 b1 · · · bL−1]
⊤. This means there

exists a smooth function g : R2L−1 → RK such that: e = g(c).
It remains to show that an L-layer linear attention model can produce terms involving

powers of X⊤X up to degree (3L − 3)/2.
Let f(Z) be a function that contains terms of the form x⊤(X⊤X)kX⊤y for various

powers k. Define P(f(Z)) as the projection that extracts the highest degree k present in
f(Z). For example, P

(
x⊤(I + (X⊤X)2)X⊤y

)
= 2. Then from (G.17), we have

P(fatt-L(Z)) = P(x⊤
LX

⊤
L yL)

= P(x⊤
L−1(X

⊤
L−1XL−1)

3X⊤
L−1yL−1)

= P(x⊤
L−2(X

⊤
L−2XL−2)(X

⊤
L−2XL−2)

32(X⊤
L−2XL−2)

2X⊤
L−2yL−2)

= P(x⊤
L−2(X

⊤
L−2XL−2)

32+3X⊤
L−2yL−2)

= P(x⊤
L−3(X

⊤
L−3XL−3)(X

⊤
L−3XL−3)

33+32(X⊤
L−3XL−3)

2X⊤
L−3yL−3)

= P(x⊤
L−3(X

⊤
L−3XL−3)

33+32+3X⊤
L−3yL−3)

= . . .

= P(x⊤(X⊤X)3
L−1+···+32+3X⊤y)

= 3L−1 + · · ·+ 32 + 3 =
3L − 3

2
.

It completes the proof.

G.2.4 Proof of Theorem 8.2

Proof. Let ξ ∼ N (0, I) and rewrite yx = µ+σξ. For any matrix A ∈ Rd×d, the prediction
error of ŷA = sgn(x⊤Aµ̂s) given µ̂s returns

P(ŷA ̸= y
∣∣ µ̂s) = P(yx⊤Aµ̂s < 0

∣∣ µ̂s)

= P((µ+ σξ)⊤Aµ̂s < 0
∣∣ µ̂s)

= Q

(
µ⊤Aµ̂s

σ∥Aµ̂s∥

)
. (G.18)

For any A ∈ Rd×d, we can decompose it as

A =
d∑
i=1

λiuiv
⊤
i
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where u1 = µ, ∥ui∥ = 1 and u⊤
i uj = 0 for any i ̸= j. Let λ1 > 0. Then, we get

µ⊤Aµ̂s = µ⊤(
d∑
i=1

λiuiv
⊤
i )µ̂s

=
d∑
i=1

λiµ
⊤uiv

⊤
i µ̂s

= λ1µ
⊤u1v

⊤
1 µ̂s

= λ1v
⊤
1 µ̂s. (G.19)

Now consider ∥Aµ̂s∥ where we have

Aµ̂s =
d∑
i=1

λiuiv
⊤
i µ̂s

= λ1µv
⊤
1 µ̂s +

d∑
i=2

λiuiv
⊤
i µ̂s.

Since ui, i ̸= 1 is orthogonal to µ, λ1µv⊤
1 µ̂s is orthogonal to

∑d
i=2 λiuiv

⊤
i µ̂s. Therefore,

given ∥ui∥ = 1 for all i ∈ [d], it obeys

∥Aµ̂s∥2 = ∥λ1µv⊤
1 µ̂s∥2 +

d∑
i=2

∥λiuiv⊤
i µ̂s∥2 = (λ1v

⊤
1 µ̂s)

2 + λ21

d∑
i=2

(λ−1
1 λiv

⊤
i µ̂s)

2. (G.20)

For simplicity, define

∆(µ̂s) =
d∑
i=2

(λ−1
1 λiv

⊤
i µ̂s)

2

where ∆(·) is a function of λ1 and (λi,vi)’s for i ≥ 2, and we have

∆(µ̂s) ≥ 0 and ∆(−µ̂s) = ∆(µ̂s).

Recall that µ̂s is the SPI estimator (cf. (SPI)). Let |I| = m. We can write µ̂s = µ+ ξ′/
√
m

where ξ′ ∼ N (0, σ2I).
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Using (G.18), (G.19) and (G.20), the classification error becomes

P(ŷA ̸= y) = Eµ̂s

[
Q

(
µ⊤Aµ̂s

σ∥Aµ̂s∥

)]
= Eµ̂s

[
Q

(
v⊤
1 µ̂s

σ
√

(v⊤
1 µ̂s)

2 +∆(µ̂s)

)]

= Ev⊤
1 µ̂s<0

[
Q

(
v⊤
1 µ̂s

σ
√
(v⊤

1 µ̂s)
2 +∆(µ̂s)

)]
+ Ev⊤

1 µ̂s≥0

[
Q

(
v⊤
1 µ̂s

σ
√

(v⊤
1 µ̂s)

2 +∆(µ̂s)

)]
.

First, note that for any x > 0, Q(x) < 0.5 < Q(−x). Therefore, the optimal choice of
v1 ∈ Rd that minimizes P(ŷA ̸= y) is contained within the set of v1 values that maximize
P(v⊤

1 µ̂s > 0). Let v⋆1 := argmaxv1∈Rd P(v⊤
1 µ̂s > 0). Given that µ̂s ∼ N (µ, σ2/mI), we have

that v⋆1 = cµ for c > 0. Let c = 1 and therefore, v⋆1 = µ without loss of generality (since λ1
can be any positive scalar). Then we obtain

min
A∈Rd×d

P(ŷA ̸= y) = min
∆

Eµ̂s

[
Q

(
µ⊤µ̂s

σ
√

(µ⊤µ̂s)
2 +∆(µ̂s)

)]
.

Let f(µ̂s) be the probability density function of µ̂s. Since µ̂s ∼ N (µ, σ2/mI), then it
satisfies

f(µ̂s) ≥ f(−µ̂s) for any µ⊤µ̂s > 0. (G.21)

Therefore, the classification error becomes

P(ŷA ̸= y
∣∣ v1 = µ)

=

∫
µ̂s

f(µ̂s)Q

(
µ⊤µ̂s

σ
√

(µ⊤µ̂s)
2 +∆(µ̂s)

)
dµ̂s

=

∫
µ⊤µ̂s>0

f(µ̂s)Q

(
µ⊤µ̂s

σ
√
(µ⊤µ̂s)

2 +∆(µ̂s)

)
+ f(−µ̂s)Q

(
−µ⊤µ̂s

σ
√
(µ⊤µ̂s)

2 +∆(µ̂s)

)
dµ̂s

=

∫
µ⊤µ̂s>0

(f(µ̂s)− f(−µ̂s))Q

(
µ⊤µ̂s

σ
√
(µ⊤µ̂s)

2 +∆(µ̂s)

)
+ f(−µ̂s)dµ̂s.

Following (G.21), to minimize the error, we need minimize Q
(

µ⊤µ̂s

σ
√

(µ⊤µ̂s)
2+∆(µ̂s)

)
for µ⊤µ̂s >

0, which can be easily done by choosing λi = 0 for i ≥ 2. Then we get ∆(µ̂s) ≡ 0. Therefore,
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the optimal solution set A⋆ defined in Theorem 8.2 satisfies:

A⋆ =
{
λ1µµ

⊤ ∣∣ λ1 > 0
}
.

Combining all together, we obtain

min
A∈Rd×d

P(ŷA ̸= y) =

∫
µ⊤µ̂s>0

(f(µ̂s)− f(−µ̂))Q
(
1

σ

)
+ f(−µ̂s)dµ̂s

=

∫
µ⊤µ̂s>0

f(µ̂s)dµ̂s ·Q
(
1

σ

)
+

∫
µ⊤µ̂s<0

f(µ̂s)dµ̂s ·
(
1−Q

(
1

σ

))
= Q

(
−
√
m

σ

)
Q

(
1

σ

)
+Q

(√
m

σ

)(
1−Q

(
1

σ

))
=

(
1−Q

(√
m

σ

))
Q

(
1

σ

)
+Q

(√
m

σ

)(
1−Q

(
1

σ

))
= Q

(
1

σ

)
+Q

(√
m

σ

)
− 2Q

(√
m

σ

)
Q

(
1

σ

)
.

It completes the proof.

G.2.5 Proof of Theorem 8.4

Proof. Recap from Proposition 8.1. For any L-layer attention model with L ≥ 2, it can
output

fatt-L(Z) = x⊤(X⊤X/n− σ2I)µ̂s. (G.22)

Let
ŷ = sgn(fatt-L(Z))

with fatt-L(Z) defined in (G.22). Then we have

P(y⋆att-L(Z) ̸= y) ≤ P(ŷ ̸= y).

Therefore, in the following, we focus on upper-bounding the classification error P(ŷ ̸= y)

corresponding to (G.22). Given that the optimal prediction under the form sgn(x⊤Aµ̂s) is
given by ŷµµ⊤ := sgn(x⊤µµ⊤µ̂s) (cf. Theorem 8.2), with its corresponding error presented
in (8.13). To analyze the performance of ŷ, we study its difference from the prediction ŷµµ⊤ .

To begin with, let gi = ξi/σ ∼ N (0, I) and g =
∑n

i=1 ξi/σ
√
n ∼ N (0, I). For simplicity,
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let A := X⊤X/n− σ2I. We get

A =
1

n
X⊤X − σ2I

=
1

n

(
n∑
i=1

µµ⊤ + µξ⊤i + ξiµ
⊤ + ξiξ

⊤
i

)
− σ2I

= µµ⊤ +
σ√
n
(µg⊤ + gµ⊤) + σ2

(∑n
i=1 gig

⊤
i

n
− I

)
.

Recall (G.18) from the proof of Theorem 8.2. Our goal is to bound

P(ŷ ̸= y) = Eµ̂

[
Q

(
µ⊤Aµ̂s

σ∥Aµ̂s∥

)]
.

Define

∆ := A− µµ⊤ =
σ√
n
(µg⊤ + gµ⊤) + σ2

(∑n
i=1 gig

⊤
i

n
− I

)
. (G.23)

From the Laurent-Massart inequality [101], we have that with probability at least 1 − e−t1
(assuming t1 ≥ d), the first term of (G.23) can be bounded by

1√
n

∥∥µg⊤ + gµ⊤∥∥ ≤ 2∥g∥√
n
≤ 6

√
t1
n
. (G.24)

Additionally, from [141], we have that with probability at least 1 − e−t2 (assuming t2 ≥ d),
the second term of ∆ (cf. (G.23)) is bounded by (with a universal constant C > 0)∥∥∥∥∑n

i=1 gig
⊤
i

n
− I

∥∥∥∥ ≤ C ·
√
t2
n
. (G.25)

Combining (G.24) and (G.25), we get with probability at least 1− 2e−t (for t ≥ d)

∥∆∥ ≤ C1

√
t

n
where C1 := 6σ + Cσ2.

We also bound ∥µ̂s∥ as follows. Let µ̂s = µ+ σ/
√
mg′ ∼ N (µ, σ2mI), similar to (G.24),

with probability at least 1− e−t3 (assuming 2d ≤ t3 ≤ m/4σ2), we can bound

∥µ̂s∥ ≤ 1 +
σ√
m
∥g′∥ ≤ 1 + 3σ

√
t3
m
≤ 3.

Then consider a significantly large n (to ensure that ∥∆∥ ≤ 1/12, e.g., n ≥ (12C1)
2t). With
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probability at least 1− 3e−min(t,t3) and suppose that µ⊤µ̂s > 0.5, we can bound∣∣∣∣µ⊤Aµ̂s

∥Aµ̂s∥
− µ⊤µµ⊤µ̂s

∥µµ⊤µ̂s∥

∣∣∣∣ = ∣∣∣∣µ⊤(∆+ µµ⊤)µ̂s

∥(∆+ µµ⊤)µ̂s∥
− µ⊤µµ⊤µ̂s

∥µµ⊤µ̂s∥

∣∣∣∣
≤
∣∣∣∣ µ⊤∆µ̂s

min(∥(∆+ µµ⊤)µ̂s∥, ∥µµ⊤µ̂s∥)

∣∣∣∣
≤ ∥∆∥ · ∥µ̂s∥

µ⊤µ̂s − ∥∆∥ · ∥µ̂s∥
≤ 4∥∆∥ · ∥µ̂s∥

≤ C2

√
t

n
where C2 := 12C1.

Now, we are ready to bound the classification error, where we get

P (ŷ ̸= y) = Eµ̂

[
Q

(
µ⊤Aµ̂s

σ∥Aµ̂s∥

)]
= Eµ̂

[
Q

(
1

σ
+

1

σ

(
µ⊤Aµ̂s

∥Aµ̂s∥
− µ⊤µµ⊤µ̂s

∥µµ⊤µ̂s∥

))]
≤ P(µ⊤µ̂s > 0.5)

(
Q

(
1− C2

√
t/n

σ

)
+ 3e−min(t,t3)

)
+ P(µ⊤µ̂s < 0.5)

≤ Q

(
1− C2

√
t/n

σ

)
+ 3e−min(t,t3) +Q

(√
m

2σ

)
.

Choosing t = t3 = 2d, since m/4σ2 ≥ 2d, we obtain

P (ŷ ̸= y) ≤ Q

(
1− C2

√
2d/n

σ

)
+ 3e−2d + 0.5e−d

≤ Q

(
1− C2

√
2d/n

σ

)
+ e−d.

It completes the proof.
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APPENDIX H

Appendix for Chapter 9

H.1 Stability of Transformer-based ICL

Lemma H.1 Let x, ϵ ∈ Rn be vectors obeying ∥x∥ℓ∞ , ∥x+ ϵ∥ℓ∞ ≤ c. Then, there exists a
constant C = C(c), such that

∥S(x)∥ℓ∞ ≤ e2c/n and ∥S(x)− S(x+ ϵ)∥ℓ1 ≤ e2c∥ϵ∥ℓ1/n.

Proof. Without losing generality, assume the first coordinate is the largest. Using mono-
tonicity of softmax, we obtain ∥S(x)∥ℓ∞ ≤ ec

ec+
∑n

i=2 e
−c ≤ e2c

n
. Say ∥ϵ∥ = ϵ. As ϵ → 0, we

have
lim
ϵ→0

[S(x+ ϵ)− S(x)]/ϵ = [diag(S(x))− S(x)S(x)⊤]ϵ/ϵ

∥[diag(S(x))− S(x)S(x)⊤]ϵ∥ℓ1 ≤ e2c∥ϵ∥ℓ1/n. Integrating the derivative along ϵ, we obtain
the result.

For a matrix A, let ∥A∥2,p denote the ℓp norm of the vector obtained by the ℓ2 norms of
its rows.

Lemma H.2 Let X = [x1 . . . xn]
⊤ and E = [ϵ1 . . . ϵn]

⊤ be the input and per-
turbation matrices respectively. Assume that the tokens (xi,xi + ϵi) lie in unit ball
i.e. ∥X∥2,∞, ∥X +E∥2,∞ ≤ 1. Let Wv,W ∈ Rd×d be the weights of the self-attention layer
obeying ∥Wv∥ ≤ 1 and ∥W ∥ ≤ Γ. Define the attention outputs A = S(XWX⊤)XWv and
Ā = S(X̄WX̄⊤)X̄Wv. We have that

∥A∥2,∞, ∥Ā∥2,∞ ≤ 1, ∥A− Ā∥2,1 ≤ (2Γ + 1)e2Γ∥E∥2,1.

Proof. First observe that Wv preserves norms i.e. XWv obeys ∥XWv∥2,∞ ≤ ∥X∥2,∞ ≤ 1

and ∥EWv∥2,1 ≤ ∥E∥2,1.
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Next, set X̄ = X + E and define attention outputs A = S(XWX⊤)XWv,
Ā = S(X̄WX̄⊤)X̄Wv. Observe that, since softmax applies row-wise to the similarities
(e.g. XWX⊤), we preserve the feature norms i.e. ∥A∥2,∞, ∥Ā∥2,∞ ≤ 1 as advertised.

Now, consider the attention output difference P = Ā−A

P = [S(X̄WX̄⊤)− S(XWX⊤)]XWv + S(X̄WX̄⊤)EWv.

For any pairs of tokens, we have |x⊤
i Wxj| ≤ Γ. Using Lemma H.1

∥P2∥2,1 = ∥S(X̄WX̄⊤)EWv∥2,1 ≤ n∥S(X̄WX̄⊤)∥∞∥E∥2,1 ≤ e2Γ∥E∥2,1.

Secondly, set P1 = [S(X̄WX̄⊤)− S(XWX⊤)]XWv. We have that

∥P1∥2,1 ≤ ∥S(X̄WX̄⊤)− S(XWX⊤)∥ℓ1∥XWv∥2,∞
≤ ∥S(X̄WX̄⊤)− S(XWX⊤)∥ℓ1 .

To proceed, let us control the derivative by letting the perturbation E → 0 and then integrate
the derivative along E. Clearly, as E → 0, the quadratic-terms involving E disappear and
∥S(X̄WX̄⊤)− S(XWX⊤)∥ℓ1

≤ ∥S(X̄WX⊤)− S(XWX⊤)∥ℓ1 + ∥S(XWX̄⊤)− S(XWX⊤)∥ℓ1 .

To bound the latter, consider each row individually, namely pick a row from X,X+E each
denoted by the pair (x,x+ ϵ). Note that for any cross-product, we are guaranteed to have
|(x + ϵ)⊤Wxi|, |x⊤Wxi| ≤ Γ, ∥ϵ⊤WX∥ℓ1 ≤ Γn∥ϵ∥, ∥x⊤WE⊤∥ℓ1 ≤ Γ∥E∥2,1. Applying
perturbation bound of Lemma H.1, we get

∥S((x+ ϵ)⊤WX⊤)− S(x⊤WX⊤)∥ℓ1 ≤ Γe2Γ∥ϵ∥ℓ1 (H.1)

∥S(x⊤W (X +E)⊤)− S(x⊤WX⊤)∥ℓ1 ≤ Γe2Γ∥E∥2,1/n. (H.2)

Adding up all n rows, we obtain (denoting ϵ = ∥E∥)

lim
ϵ→0
∥S(X̄WX̄⊤)− S(XWX⊤)∥ℓ1/ϵ ≤ 2Γe2Γ∥E∥2,1/ϵ.

Integrating the derivative along E, we obtain ∥P1∥2,1 ≤ 2Γe2Γ∥E∥2,1. Cumulatively, we
obtain the main claim ∥P ∥2,1 ≤ (2Γ + 1)e2Γ∥E∥2,1.

Lemma H.3 (Single-layer transformer stability) Consider the setup of Lemma H.2.
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Let ϕ be a 1-Lipschitz activation function with ϕ(0) = 0 (e.g. ReLU or Identity). Let
(Mi)

n
i=1 ∈ Rd×d be weights of the parallel MLPs following self-attention. Suppose ∥Mi∥ ≤ 1

and denote the MLP outputs associated to A, Ā by B,B. We have that

∥B∥2,∞, ∥B∥2,∞ ≤ 1, ∥B −B∥2,1 ≤ (2Γ + 1)e2Γ∥E∥2,1.

Proof. First note that each row of B is given by bi = ϕ(Miai) thus ∥bi∥ ≤ ∥ϕ(Miai)∥ ≤
∥Miai∥ ≤ ∥ai∥ ≤ 1. Secondly, we can write ∥bi − b̄i∥ ≤ ∥ϕ(Miai)− ϕ(Miāi)∥ ≤
∥Mi(ai − āi)∥ ≤ ∥ai − āi∥. Thus, ∥B −B∥2,1 ≤ ∥A − Ā∥2,1 and we conclude via Lemma
H.2.

Theorem H.1 Consider a transformer composed of L layers with (1) output weights:
H ∈ Rm×d, (2) self-attention weights: combined key-query weights (Wi)

L
i=1 ∈ Rd×d and

value weights (Wvi)
L
i=1 ∈ Rd×d, (3) MLP weights: (M

(i)
j )L,mi=1,j=1 ∈ Rd×d and activation

ϕ ∈ {ReLU, Identity}. For some Γ > 0, assume ∥Wvi∥ ≤ 1, ∥M (i)
j ∥ ≤ 1, ∥Wi∥ ≤ Γ/2 and

∥H∥2,∞ ≤ c/m. Suppose input space is S = [z1 z2 . . . zm]
⊤ with ∥zi∥ ≤ 1. The model

prediction is given as follows

• S(0) = S. Layer i outputs S(i) = Parallel_MLPM (i)(AttWi,Wvi
(S(i−1)))). Here the self-

attention layer is given by AttWi,Wvi
(S) = S(SWiS⊤)SWv and Parallel_MLP applies

f(x) = ϕ(M
(i)
j x) on jth token of the Att output.

• TF(S) =
〈
H ,S(L)

〉
.

First, this model is properly normalized in the sense that it can attain TF(S) = ±c. Second,
this model obeys the stability guarantee

|TF(S)− TF(S ′)| ≤ c

m
((1 + Γ)eΓ)L∥S − S ′∥2,1.

Proof. To see the first claim, let us set Wvi = Mi,l = I and set all tokens zi to be identical
i.e. S = 1nz

⊤. Additionally choose a z with ∥z∥ = 1 and nonnegative entries. Observe
that, thanks to the softmax structure, regardless of Wi, we have that S = AttWi,Wvi

(S) =
S(SWiS⊤)S. After attention, MLPs again preserves the tokens i.e. ϕ(Mi,lzi) = z for ϕ ∈
{ReLU, Identity}. Thus, after proceeding L layers of this, we find that TF(S) = ⟨H ,S⟩ =∑n

i=1 h
⊤
i z. To conclude, by setting all tokens hi = cz/m or hi = −cz/m, we obtain the

claim. Note that, in general S can be arbitrary (they don’t have to be all same tokens): We
can let W → ∞ (by allowing a larger Γ). This way the attention matrix S(SWS⊤) → I

so that we end up with the same argument of S being (almost perfectly) transmitted across
the layers and we obtain ±c output by setting H = S/m.
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To show the stability guarantee, we use Lemmas H.2 and H.3. Specifically, Lemma H.3
guarantees that

• After each layer we are guaranteed to have ∥S(i)∥2,∞, ∥S ′
(i)∥2,∞ ≤ 1.

• After each layer we are guaranteed to have ∥S(i)−S ′
(i)∥2,1 ≤ (1+Γ)eΓ∥S(i−1)−S ′

(i−1)∥2,1.

This means that, at the end of the final layer, we have

∥S(L) − S ′
(L)∥2,1 ≤ ((1 + Γ)eΓ)L∥S − S ′∥2,1.

Collapsing these by the linear H , we find that |TF(S ′) − TF(S)| ≤
〈
H ,S(L) − S ′

(L)

〉
≤

∥H∥2,∞∥S(L) − S ′
(L)∥2,1 concluding the proof.

H.1.1 Proof of Theorem 9.1

Proof. We need to specialize Theorem H.1 to obtain the result. Observe that when
prompts differ only at the inputs zj = (xj, yj) with z′

j = (x′
j, y

′
j), we have that ∥Xprompt −

X ′
prompt∥2,1 ≤ 2. This implies that |TF(Xprompt) − TF(X ′

prompt)| ≤ 2
2m−1

((1 + Γ)eΓ)D for a
depth D transformer. Finally, since the loss function ℓ is L-Lipschitz, we obtain the result
K = 2L((1 + Γ)eΓ)D.

H.2 Proofs and Supplementary Results for Sec-

tions 9.3,9.4,9.5

H.2.1 Proof of Theorem 9.2

Theorem H.2 (Theorem 9.2 restated) Suppose Assumption 9.1 holds and assume loss
function ℓ(y, ŷ) is L-Lipschitz for all y ∈ Y and takes values in [0, B]. Let α̂ be the empirical
solution of (ICL-ERM) and N (A, ρ, u) be the covering number of the algorithm space A
following Definition 9.1&9.2. Then with probability at least 1 − 2δ, the excess MTL risk in
(MTL-risk) obeys

RMTL(α̂) ≤ inf
ϵ>0

{
4Lϵ+ 2(B +K log n)

√
log(N (A, ρ, ϵ)/δ)

cnT

}
.

416



Additionally, set D := supα,α′∈A ρ(α,α
′) and assume D < ∞. With probability at least

1− 4δ,

RMTL(α̂) ≤ inf
ϵ>0

8Lϵ+ 8(2L+K log n)

∫ D/2

ϵ

√
log
(
log D

ϵ
· N (A, ρ, u)/δ

)
c′nT

du


+ 2(B +K log n)

√
log(1/δ)

cnT
.

Proof. Recall the MTL problem setting of independent (input, label) pairs in Section 9.2:
There are T tasks each with n in-context training samples denoted by (St)Tt=1

i.i.d.∼ (Dt)Tt=1

where St = {(xti,yti)}ni=1, and let Sall =
⋃T
t=1 St. We use A to denote the algorithm set.

For a α ∈ A, we define the training risk L̂Sall(α) = 1
nT

∑T
t=1

∑n
i=1 ℓ(yti, f

α

S(i−1)
t

(xti)), and

the test risk LMTL(α) = E[L̂Sall(α)]. Define empirical risk minima α̂ = argminα∈A L̂Sall(α)

and population minima α⋆ = argminα∈A LMTL(α). For cleaner exposition, in the following
discussion, we drop the subscripts MTL and Sall. The excess MTL risk is decomposed as
follows:

RMTL(α̂) = L(α̂)− L(α⋆)

= L(α̂)− L̂(α̂)︸ ︷︷ ︸
a

+ L̂(α̂)− L̂(α⋆)︸ ︷︷ ︸
b

+ L̂(α⋆)− L(α⋆)︸ ︷︷ ︸
c

.

Since α̂ is the minimizer of empirical risk, we have b ≤ 0. To proceed, we consider the
concentration problem of upper bounding supα∈A |L(α)− L̂(α)|.
Step 1: We start with a concentration bound |L(α) − L̂(α)| for a fixed α ∈ A.
Recall that we define the test/train risks of each task as follows:

L̂t(α) :=
1

n

n∑
i=1

ℓ(yti, f
α

S(i−1)
t

(xti)), and

Lt(α) := ESt

[
L̂t(α)

]
= ESt

[
1

n

n∑
i=1

ℓ(yti, f
α

S(i−1)
t

(xti))

]
, ∀t ∈ [T ].

Define the random variables Xt,i = E[L̂t(α)|S(i)
t ] for i ∈ [n] and t ∈ [T ], that is, Xt,i is

the expectation over L̂t(α) given training sequence S(i)
t = {(xtj,ytj)}ij=1 (which are the

filtrations). With this, we have that Xt,n = E[L̂t(α)|S(n)
t ] = L̂t(α) and Xt,0 = E[L̂t(α)] =

Lt(α). More generally, (Xt,0, Xt,1, . . . , Xt,n) is a martingale sequence since, for every t in [T ],
we have that E[Xt,i|S(i−1)

t ] = Xt,i−1.
For notational simplicitly, in the following discussion, we omit the subscript t from x,y
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and Z as they will be clear from left hand-side variable Xt,i. We have that

Xt,i = E
[
1

n

n∑
j=1

ℓ(yj, f
α
S(j−1)(xj))

∣∣∣∣S(i)

]

=
1

n

i∑
j=1

ℓ(yj, f
α
S(j−1)(xj)) +

1

n

n∑
j=i+1

E
[
ℓ(yj, f

α
S(j−1)(xj))

∣∣∣∣S(i)

]

Next, we wish to upper bound the martingale increments i.e. the difference of neighbors. Let
S(i:i) = S(i) − S(i−1) denote the i’th element.

|Xt,i −Xt,i−1| =
∣∣∣∣∣E
[
1

n

n∑
j=1

ℓ(yj, f
α
S(j−1)(xj))

∣∣∣∣S(i)

]
− E

[
1

n

n∑
j=1

ℓ(yj, f
α
S(j−1)(xj))

∣∣∣∣S(i−1)

]∣∣∣∣∣
≤ 1

n

n∑
j=i

∣∣∣∣E [ℓ(yj, fα
S(j−1)(xj))

∣∣∣∣S(i)

]
− E

[
ℓ(yj, f

α
S(j−1)(xj))

∣∣∣∣S(i−1)

]∣∣∣∣
(a)

≤ B

n
+

1

n

n∑
j=i+1

∣∣∣∣E [ℓ(yj, fα
S(j−1)(xj))

∣∣∣∣S(i)

]
− E

[
ℓ(yj, f

α
S(j−1)(xj))

∣∣∣∣S(i−1)

]∣∣∣∣.
Here, (a) follows from the fact that loss function ℓ(·, ·) is bounded by B. To proceed, call
the right side terms Dj := |E[ℓ(yj, fα

S(j−1)(xj))
∣∣S(i)]−E[ℓ(yj, fα

S(j−1)(xj))
∣∣S(i−1)]|. Denote z′

ℓ

to be the realized values of zℓ = (yℓ,xℓ) given S(i). Let S := (z′
1, . . . ,z

′
i, zi+1, . . . ,zj) and

S ′ := (z′
1, . . . ,z

′
i−1, zi, . . . ,zj). Observe that, S ′ and S differs in only at ith index and i < j,

thus, utilizing Assumption 9.1,

Dj := |E[ℓ(yj, fα
S (xj))]− E[ℓ(yj, fα

S′(xj))]| ≤
K

j
. (H.3)

Combining above, for any n ≥ i ≥ 1, we obtain

|Xt,i −Xt,i−1| ≤
B

n
+

n∑
j=i+1

K

jn
≤ B +K log n

n
.

Recall that |Lt(α)−L̂t(α)| = |Xt,0−Xt,n| and for every t ∈ [T ], we have
∑n

i=1 |Xt,i−Xt,i−1|2 ≤
(B+K logn)2

n
. As a result, applying Azuma-Hoeffding’s inequality, we obtain

P(|Lt(α)− L̂t(α)| ≥ τ) ≤ 2e
− nτ2

2(B+K logn)2 , ∀t ∈ [T ]. (H.4)

Let us consider Yt := Lt(α) − L̂t(α) for t ∈ [T ]. Then, (Yt)Tt=1 are i.i.d. zero mean sub-
Gaussian random variables. There exists an absolute constant c1 > 0 such that, the sub-
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gaussian norm, denoted by ∥·∥ψ2 , obeys ∥Yt∥2ψ2
< c1(B+K logn)2

n
by [195, Proposition 2.5.2].

Applying Hoeffding’s inequality, we derive

P

(∣∣∣∣ 1T
T∑
t=1

Yt

∣∣∣∣ ≥ τ

)
≤ 2e

− cnTτ2

(B+K logn)2 =⇒ P(|L̂(α)− L(α)| ≥ τ) ≤ 2e
− cnTτ2

(B+K logn)2 (H.5)

where c > 0 is an absolute constant. Therefore, we have that for any α ∈ A, with probability
at least 1− 2δ,

|L̂(α)− L(α)| ≤ (B +K log n)

√
log(1/δ)

cnT
. (H.6)

Step 2: Next, we turn to bound supα∈A |L(α)− L̂(α)| where A is assumed to be a
continuous search space. To start with, set g(α) := L(α)− L̂(α) and we aim to bound
supα∈A |g(α)|. Following Definition 9.2, for ϵ > 0, let Aϵ be a minimal ϵ-cover of A in terms
of distance metric ρ. Therefore, Aϵ is a discrete set with cardinality |Aϵ| := N (A, ρ, ϵ).
Then, we have

sup
α∈A
|L(α)− L̂(α)| ≤ sup

α∈A
min
α′∈Aϵ

|g(α)− g(α′)|+ max
α∈Aϵ

|g(α)| .

• We start by bounding supα∈Aminα′∈Aϵ |g(α)− g(α′)|. We will utilize that loss function
ℓ(·, ·) is L-Lipschitz. For any α ∈ A, let α′ ∈ Aϵ be its neighbor following Definition 9.2.
We have that

∣∣∣L̂(α)− L̂(α′)
∣∣∣ = ∣∣∣∣∣ 1

nT

T∑
t=1

n∑
i=1

(
ℓ(yti, f

α

S(i−1)
t

(xti))− ℓ(yti, fα′

S(i−1)
t

(xti))
)∣∣∣∣∣

≤ L

nT

T∑
t=1

n∑
i=1

∥∥∥fα

S(i−1)
t

(xti)− fα′

S(i−1)
t

(xti)
∥∥∥
ℓ2

≤ Lϵ.

Since the same bound applies to all data-sequences, we also obtain that for any α ∈ A,

|L(α)− L(α′)| ≤ Lϵ.

Therefore,

sup
α∈A

min
α′∈Aϵ

|g(α)− g(α′)| ≤ sup
α∈A

min
α′∈Aϵ

∣∣∣L̂(α)− L̂(α′)
∣∣∣+ |L(α)− L(α′)| ≤ 2Lϵ. (H.7)
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• Next, we turn to bound the second term maxα∈Aϵ |g(α)|. Applying union bound directly
on Aϵ and combining it with (H.6), then we will have that with probability at least 1− 2δ,

max
α∈Aϵ

|g(α)| ≤ (B +K log n)

√
log(N (A, ρ, ϵ)/δ)

cnT
. (H.8)

Proof of Eq. (9.4): Combining the upper bound above with the perturbation bound (H.7),
we obtain that

max
α∈A
|g(α)| ≤ 2Lϵ+ (B +K log n)

√
log(N (A, ρ, ϵ)/δ)

cnT
.

This in turn concludes the proof of (9.4) since RMTL(α̂) ≤ 2 supα∈A |L(α)− L̂(α)|.
Proof of Eq. (9.5): To conclude, we aim to establish (9.5). To this end, we will bound
maxα∈Aϵ |g(α)| via successive ϵ-covers which is the chaining argument. Following Def-
inition 9.2, let D := supα,α′∈A ρ(α,α

′). Define M := min{m : 2mϵ ≥ D}, and for
any m ∈ [M ], let Um denote the minimal 2mϵ-cover of Um−1, where U0 := Aϵ. Since
UM ⊆ UM−1 · · · ⊆ U0 ⊂ A, we have |Um| = N (Um−1, ρ, 2

mϵ) ≤ N (A, ρ, 2mϵ) and
|UM | ≤ N (A, ρ,D) = 1. Let αM ∈ UM denote the unique algorithm hypothesis in UM .
We have that

max
α∈Aϵ

|g(α)| ≤ max
α∈U0

∣∣g(α)− g(αM)
∣∣+ ∣∣g(αM)

∣∣
≤

M−1∑
m=0

max
α∈Um

min
α′∈Um+1

|g(α)− g(α′)|+
∣∣g(αM)

∣∣ . (H.9)

In what follows, we will prove that for any α,α′ satisfying ρ(α,α′) ≤ u (u > 0), with
high probability, |g(α)− g(α′)| is bounded by u√

nT
up to logarithmic terms.

Apply similar martingale sequence analysis as in Step 1. This time, we set Xt,i =

E[L̂t(α) − L̂t(α′)|S(i)
t ] where we assume ρ(α,α′) ≤ u. Similarly, we have that Xt,n =

L̂t(α) − L̂t(α′), and Xt,0 = E[L̂t(α) − L̂t(α′)] = Lt(α) − Lt(α′). Therefore, the sequences
{Xt,0, . . . , Xt,n}, t ∈ [T ] are Martingale sequences with respect to E[Xt,i|S(i−1)

t ] = Xt,i−1. We
again omit the subscript t for x,y and S in the following and try to bound the difference of
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neighbors.

|Xt,i −Xt,i−1| =
∣∣∣∣E [L̂t(α)− L̂t(α′)

∣∣∣∣S(i)

]
− E

[
L̂t(α)− L̂t(α′)

∣∣∣∣S(i−1)

]∣∣∣∣
≤ 1

n

n∑
j=i

∣∣∣∣∣E
[
ℓ(yj, f

α
S(j−1)(xj))− ℓ(yj, fα′

S(j−1)(xj))

∣∣∣∣S(i)

]

− E
[
ℓ(yj, f

α
S(j−1)(xj))− ℓ(yj, fα′

S(j−1)(xj))

∣∣∣∣S(i−1)

] ∣∣∣∣∣
(d)

≤ 2Lu

n
+

1

n

n∑
j=i+1

∣∣∣∣∣E
[
ℓ(yj, f

α
S(j−1)(xj))− ℓ(yj, fα′

S(j−1)(xj))

∣∣∣∣S(i)

]
(H.10)

− E
[
ℓ(yj, f

α
S(j−1)(xj))− ℓ(yj, fα′

S(j−1)(xj))

∣∣∣∣S(i−1)

] ∣∣∣∣∣
(e)

≤ 2Lu

n
+

1

n

n∑
j=i+1

Ku

j
<

2Lu+Ku log n

n
.

for i < n. Here, (d) is from the facts that loss function ℓ(·, ·) is L-Lipschitzness and ρ(α,α′) ≤
u by following the same analysis in deriving (H.7), and (e) follows the Assumption 9.1. Then
we have

|Xt,n −Xt,n−1| ≤
2Lu

n
<

2Lu+Ku log n

n
.

Note that |Lt(α)−Lt(α′)− (L̂t(α)− L̂t(α′))| = |Xt,0−Xt,n| and for every t ∈ [T ], we have∑n
i=1 |Xt,i −Xt,i−1|2 ≤ u2(2L+K logn)2

n
. As a result of applying Azuma-Hoeffding’s inequality,

we obtain

P(|Lt(α)− Lt(α′)− (L̂t(α)− L̂t(α′))| ≥ τ) ≤ 2e
− nτ2

2u2(2L+K logn)2 , ∀t ∈ [T ].

Now let us instead consider Yt := g(α)− g(α′) for t ∈ [T ]. Then following proof as in Step
1, we derive

P

(∣∣∣∣ 1T
T∑
t=1

Yt

∣∣∣∣ ≥ τ

)
< 2e

− c′nTτ2

u2(2L+K logn)2 =⇒ P(|g(α)− g(α′)| ≥ τ) ≤ 2e
− c′nTτ2

u2(2L+K logn)2

where c′ > 0 is an absolute constant. Consider the discrete set Um with cardinality |Um| =
N (Um, ρ, 2mϵ) ≤ N (A, ρ, 2mϵ) and its 2m+1ϵ-cover Um+1. Applying union bound over Um,
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we have that with probability at least 1− 2δ,

max
α∈Um

min
α′∈Um+1

|g(α)− g(α′)| ≤ 2m+1ϵ(2L+K log n)

√
log(N (A, ρ, 2mϵ)/δ)

c′nT
.

Now by again applying union bound, with probability at least 1− 2δ, the first term in (H.9)
is bounded by

M−1∑
m=0

max
α∈Um

min
α′∈Um+1

|g(α)− g(α′)| (H.11)

≤ (2L+K log n)
M−1∑
m=0

2m+1ϵ

√
log(M · N (A, ρ, 2mϵ)/δ)

c′nT

≤ 4(2L+K log n)

∫ D/2

ϵ/2

√
log(M · N (A, ρ, u)/δ)

c′nT
du. (H.12)

Now combining the results of (H.6), (H.9) and (H.12), and following the evidence that
αM ∈ UM is unique, we bound supα∈Aϵ

|g(α)| as follows, that with probability at least 1−4δ

sup
α∈Aϵ

|g(α)| ≤ 4(2L+K log n)

∫ D/2

ϵ/2

√
log(M · N (A, ρ, u)/δ)

c′nT
du+ (B +K log n)

√
log(1/δ)

cnT
.

(H.13)

Here D := supα,α′∈A ρ(α,α
′) and M := min{m : 2mϵ ≥ D}.

• Combining (H.7) and (H.13), we obtain that with probability at least 1− 4δ,

sup
α∈A

∣∣∣L(α)− L̂(α)
∣∣∣ (H.14)

≤ inf
ϵ>0

{
4Lϵ+ 4(2L+K log n)

∫ D/2

ϵ

√
log(M · N (A, ρ, u)/δ)

c′nT
du+ (B +K log n)

√
log(1/δ)

cnT

}
,

where D := supα,α′∈A ρ(α,α
′) and M := min{m : 2m+1ϵ ≥ D} ≤ log D

ϵ
.

Applying RMTL(α̂) ≤ 2 supα∈A

∣∣∣L(α)− L̂(α)
∣∣∣ completes the proof.

Till now, we consider the setting where each task is trained with only one trajectory. In
the following, we also consider the case where each task contains multiple trajectories. To
start with, we define the following objective function as an extension of (ICL-ERM) to the
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multi-trajectory setting.

α̂ = argmin
α∈A
L̂Sall(α) :=

1

TM

T∑
t=1

M∑
m=1

L̂t,m(α) (H.15)

where L̂t,m(α) =
1

n

n∑
i=1

ℓ(ytmi, f
α

S(i−1)
t

(xtmi)).

Here, we assume each task t ∈ [T ] contains M trajectories, and Sall = {{St,m}Mm=1}Tt=1 where
St,m = {(xtmi,ytmi)}ni=1 and (xtmi,ytmi)

i.i.d.∼ Dt. Then the following theorem states a more
general version of Theorem 9.2.

Theorem H.3 Suppose the same assumptions as in Theorem 9.2 hold and let α̂ be the
empirical solution of (H.15). Then, with the same probability, we obtain identical bounds to
Theorem 9.2 by updating T with TM in Equations (9.4) and (9.5).

Choosing M = 1 results in the exactly same bound as in Theorem 9.2.
Proof. Following the same proof steps, and then we derive similar result as (H.4):

P(|Lt,m(α)− L̂t,m(α)| ≥ τ) ≤ 2e
− nτ2

2(B+K logn)2 , ∀t ∈ [T ],m ∈ [M ]. (H.16)

Let Yt,m := Lt,m(α)−L̂t,m(α). Since in-context samples are independent, ((Yt,m)Mm=1)
T
t=1 are

independent zero mean sub-Gaussian random variables, with norm ∥Yt,m∥ψ2 <
c1(B+K logn)2

n
.

Applying Hoeffding’s inequality, we derive

P(|L̂(α)− L(α)| ≥ τ) ≤ 2e
− cnMTτ2

(B+K logn)2 (H.17)

where c > 0 is an absolute constant. Therefore, we have that for any α ∈ A, with probability
at least 1− 2δ,

|L̂(α)− L(α)| ≤ (B +K log n)

√
log(1/δ)

cnMT
. (H.18)

The result is simply replacing T with MT in (H.6). It is from the fact that trajectories
are all independent no matter they are from the same task or not. By applying the similar
analysis, the proof is competed.

H.2.2 Transfer Discussion from the Lens of Task Diversity

In Section 9.4, we motivated the fact that transfer risk is controlled in terms of MTL risk
and an additive term that captures the distributional distance i.e. LT (α) ≤ LMTL(α) +
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dist(T , (Dt)Tt=1). The following definition is a generalization of this relation which can be
used to formally control the transfer risk in terms of MTL risk.

Definition H.1 (Task diversity) Following Section 9.2, we say that task T is (ν, ϵ)-
diverse over the T source tasks if for any α,α′ ∈ A,

LT (α)− LT (α
′) ≤

(
1

T

T∑
t=1

(Lt(α)− Lt(α′))

)
/ν + ϵ.

Now let us discuss transferability in light of this assumption and Thm 9.2. Consider the
scenario where n is small and T →∞. The excess MTL risk will be small thanks to infinitely
many tasks. The transfer risk would also be small because larger T results in higher diversity
covering the task space. However, if the target task uses a different/longer prompt length,
transfer may fail since the model never saw prompts longer than n. Conversely, if we let
n→∞ and T to be small, although the MTL risk is again zero, due to lack of diversity, it
may not benefit transfer learning strongly. Task diversity assumption leads to the following
lemma that bounds transfer learning in terms of MTL risk.

Lemma H.4 Consider the setting of Theorem 9.2. Let α̂ be the solution of (ICL-ERM) and
assume that target task T is (ν, ϵ)-diverse over T source tasks. Then with the same probability
as in Theorem 9.2, the excess transfer learning risk RT (α̂) = LT (α̂)−minα∈A LT (α) obeys
RT (α̂) ≤ RMTL(α̂)

ν
+ 2ϵ.

Here we emphasize that the statement holds for arbitrary source and target tasks; however
the challenge is verifying the assumption which is left as an interesting and challenging
future direction. On the bright side, as illustrated in Figures 9.4&9.5, we indeed observe
that, transfer learning can work with reasonably small T and it works better if the target
task is closer to the source tasks.
Proof. Let α̂,α⋆ be the empirical and population solutions of (ICL-ERM) and let α† :=

argmin
α∈A

LT (α). Then the transfer learning excess test risk of given algorithm α̂ ∈ A is

formulated as

RT (α̂) = LT (α̂)− LT (α
†)

= LT (α̂)− LT (α
⋆) + LT (α

⋆)− LT (α
†).

Since target task T is (ν, ϵ)-diverse over source tasks, following Definition H.1, we derive
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that

LT (α̂)− LT (α
⋆) ≤ LMTL(α̂)− LMTL(α

⋆)

ν
+ ϵ =

RMTL(α̂)

ν
+ ϵ

LT (α
⋆)− LT (α

†) ≤ LMTL(α
⋆)− LMTL(α

†)

ν
+ ϵ ≤ ϵ.

Here, since α⋆ is the minimizer of LMTL(α), LMTL(α
⋆)−LMTL(α

†) ≤ 0. Then, Lemma H.4
is easily proved by combining the above two inequalities.

H.2.3 Transfer Learning Bound with i.i.d. Tasks

Following training with (ICL-ERM), suppose source tasks are i.i.d. sampled from a task
distribution Dtask, and let α̂ be the empirical MTL solution. We consider the following
transfer learning problem. Concretely, assume a target task T with a distribution T ∼ Dtask

and training sequence ST = (zi)
n
i=1 ∼ DT . Define the empirical and population risks on T

as L̂T (α) = 1
n

∑n
i=1 ℓ(yi, f

α

S(i−1)
T

(xi)) and LT (α) = EST [L̂T (α)]. Then the expected excess

transfer risk following (ICL-ERM) is defined as

ET [RT (α̂)] = ET [LT (α̂)]− argmin
α∈A

ET [LT (α)]. (H.19)

Theorem H.4 Consider the setting of Theorem 9.2 and assume the source tasks are inde-
pendently drawn from task distribution Dtask. Let α̂ be the empirical solution of (ICL-ERM)
and T ∼ Dtask. Then with probability at least 1 − 2δ, the expected excess transfer learning
risk (H.19) obeys

ET [RT (α̂)] ≤ min
ϵ≥0

{
4Lϵ+B

√
2 log(N (A, ρ, ϵ)/δ)

T

}
. (H.20)

Proof. Recap the problem setting in Section 9.2 and let α† = argminα∈A ET [LT (α)]. The
expected transfer learning excess test risk of given algorithm α̂ ∈ A is formulated as

ET [RT (α̂)] (H.21)

= ET [LT (α̂)]− ET [LT (α
†)] (H.22)

= ET [LT (α̂)]− L̂Sall(α̂)︸ ︷︷ ︸
a

+ L̂Sall(α̂)− L̂Sall(α
†)︸ ︷︷ ︸

b

+ L̂Sall(α
†)− ET [LT (α

†)]︸ ︷︷ ︸
c

. (H.23)
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Here since α̂ is the minimizer of training risk, b < 0. Then we obtain

ET [RT (α̂)] ≤ 2 sup
α∈A

∣∣∣∣∣ET [LT (α)]− 1

T

T∑
t=1

L̂t(α)

∣∣∣∣∣ . (H.24)

For any α ∈ A, let Xt = L̂t(α) and we observe that

Et∼Dtask [Xt] = Et∼Dtask [L̂t(α)] = Et∼Dtask [Lt(α)] = ET [LT (α)].

Since Xt, t ∈ [T ] are independent, and 0 ≤ Xt ≤ B, applying Hoeffding’s inequality obeys

P

(∣∣∣∣∣ET [LT (α)]− 1

T

T∑
t=1

L̂t(α)

∣∣∣∣∣ ≥ τ

)
≤ 2e−

2Tτ2

B2 . (H.25)

Then with probability at least 1− 2δ, we have that for any α ∈ A,∣∣∣∣∣ET [LT (α)]− 1

T

T∑
t=1

L̂t(α)

∣∣∣∣∣ ≤ B

√
log(1/δ)

2T
. (H.26)

Next, let Aϵ be the minimal ϵ-cover of A following Definition 9.1, which implies that for any
task T ∼ Dtask, and any α ∈ A, there exists α′ ∈ Aϵ

|LT (α)− LT (α
′)|, |L̂T (α)− L̂T (α

′)| ≤ Lϵ.

Since the distance metric following Definition 9.2 is defined by the worst-case datasets, then
there exists α′ ∈ Aϵ such that∣∣∣∣∣ET [LT (α)]− 1

T

T∑
t=1

L̂t(α)

∣∣∣∣∣ ≤ 2Lϵ. (H.27)

Let N (A, ρ, ϵ) = |Aϵ| be the ϵ-covering number. Combining the above inequalities ((H.24),
(H.26) and (H.27)), and applying union bound, we have that with probability at least 1−2δ,

ET [RT (α̂)] ≤ min
ϵ≥0

{
4Lϵ+B

√
2 log(N (A, ρ, ϵ)/δ)

T

}
.
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H.2.4 Model Selection and Approximation Error Analysis

To proceed with our analysis, we need to make assumptions about what kind of algorithms
are realizable by transformers. Given ERM is the work-horse of modern machine learning
with general hypothesis classes, we assume that transformers can approximately perform
in-context ERM. Hypothesis 9.1 states that the algorithms induced by the transformer can
compete with empirical risk minimization over a family of hypothesis classes.

With this hypothesis, instead of searching over the entire hypothesis space Fall :=
⋃H
i=1Fi,

given prompt length m we search over the hypothesis space Fhm only, and comp(Fm) ≤
comp(Fall) where comp(·) captures the complexity of a hypothesis class.

In Hypothesis 9.1, we assume that F is a family of countable hypothesis classes with
|F | = H. As stated in Section 9.5, F is not necessary to be discrete. The following provides
some examples of F, where the first three correspond to discrete model selection whereas the
left are continuous.

• Fsparse = {Fs : s-sparse linear model},

• FNN = {Fs : 2-layer neural net with width s},

• FRF = {Fs : Random forest with s trees},

• Fridge = {Fλ : Linear model with parameter bounded by ∥β∥ ≤ λ} (akin to ridge
regression)

• Fweighted = {FΣ : Linear model with covariance-prior Σ, β⊤Σ−1β ≤ 1} (akin to
weighted ridge).

To proceed, let us introduce the following classical result that controls the test risk of an
ERM solution in terms of the Rademacher complexity [133, 131].

Theorem H.5 Let F : X → Y be a hypothesis set and let S = (xi,yi)
n
i=1 ∈ X × Y be a

dataset sampled i.i.d. from distribution D. Let ℓ(y, ŷ) be a loss function takes values in
[0, B]. Here ℓ(y, ·) is L-Lipschitz in terms of Euclidean norm for all y ∈ Y. Consider a
learning problem that

f̂ := argmin
f∈F

1

n

n∑
i=1

ℓ(yi, f(xi)). (H.28)

Let L⋆ = minf∈F L(f) where L(f) = E[ℓ(y, f(x))]. Then we have that with probability at
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least 1− 2δ, the excess test risk obeys

L(f̂)− L⋆ ≤ 8LRn(F) + 4B

√
log 1

δ

n
,

where Rn(F) = ES Eσi
[supf∈F

1
n

∑n
i=1 σ

⊤
i f(xi)] is the Rademacher complexity of F [133]

and σi’s are vectors with Rademacher random variable in each entry.

Lemma H.5 (Formal version of Observation 9.1) Let L⋆T := minα∈A LT (α) be the op-
timal target risk as stated in Section 9.2. Assume that Hypothesis 9.1 holds, then the ap-
proximation error obeys

L⋆T ≤
1

n

n−1∑
m=1

min
h∈[H]

{
L⋆h + 8LRm(Fh) + ϵh,mTF

}
+
cB√
n
, (H.29)

where Rm(F) is the Rademacher complexity over data distribution DT , and L⋆h =

minf∈Fh
E[ℓ(y, f(x))].

Proof. Let us assume Hypothesis 9.1 holds for algorithm Ãlg ∈ A. Since L⋆T is the minimal
test loss, we have that

L⋆T ≤ LT (Ãlg) = EST

[
1

n

n∑
i=1

ℓ(yi, f
Ãlg
S(i−1)(xi))

]
=

1

n

n∑
i=1

E(x,y,S(i−1))

[
ℓ(y, f ÃlgS(i−1)(x))

]
.

Then by directly applying Hypothesis 9.1 we have that

L⋆T ≤
1

n
E(x,y)

[
ℓ(y, f ÃlgS(0)(x))

]
+

1

n

n−1∑
i=1

E(x,y,S(i))

[
ℓ(y, f ÃlgS(i)(x))

]
(H.30)

≤ B

n
+

1

n

n−1∑
m=1

min
h∈[H]

{
risk(h,m) + ϵh,mTF

}
. (H.31)

Here the first term in (H.31) comes from the fact that loss function is bounded by B, and we
assume S(0) = ∅, and the second term follows the Hypothesis 9.1. Next, we turn to bound
risk(h,m). To proceed, let Xh,m := E(x,y)

[
ℓ(y, f̂

(h)

S(m)(x))
]

be the random variables, where
we have |Xh,m| ≤ B. Following Theorem H.5, we have that for any m ∈ [n], h ∈ [H]

P
(
Xh,m − L⋆h − 8LRm(Fh) ≥ τ

)
≤ 2e−

mτ2

16B2 .

The upper-tail bound of the last line implies that there exists an absolute constant c > 0
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such that

risk(h,m) = ES(m)

[
Xh,m

]
≤ L⋆h + 8LRm(Fh) +

cB√
m
.

Combining it with (H.31) and following the evidence
∑n

m=1
1√
m
≤ 2
√
n complete the proof.

H.3 Proof of Theorem 9.3

Lemma H.6 Let S(m) = (xi)
m
i=1 be any dataset with m ≥ 1 and S(m)

j be the dataset
such that starting with the j’th sample until the m’th sample from S(m) is replaced by
(x′

j,x
′
j+1, . . . ,x

′
m). Then, for any dataset S(m), (x′

i)
m
i=j ∈ X , and j ∈ [m], we have the

following:∣∣∣∣Exm+1

[
ℓ(xm+1, f

α
S(m)(xm))

]
− Exm+1

[
ℓ(xm+1, f

α

S(m)
j

(xm))

]∣∣∣∣ ≤ K

m

m∑
i=j

∥xi − x′
i∥2 . (H.32)

The proof of Lemma H.6 is obtained by applying Assumption 9.3 in a chained way.

Lemma H.7 Suppose Assumptions 9.2 and 9.3 hold. Assume input and noise spaces
X ,W are bounded by x̄, w̄. Let W = (w1, . . . ,wj,wj+1, . . . ,wm) and W ′ =

(w1, . . . ,wj−1,w
′
j,wj+1, . . . ,wm) be two arbitrary sequences and the only difference between

W and W ′ is the j’th term of the sequence. Then, for any f ∈ F , α ∈ A, W , W ′, m, and
j < m, we have the following:∣∣∣∣∣Exm+1

[
ℓ(xm+1, f

α
S(m)(xm))

]
− Exm+1

[
ℓ(xm+1, f

α

S(m)
j

(x′
m))

] ∣∣∣∣∣ < K

m

2C̄ρw̄

1− ρ̄ .

Additionally, focusing on the sequences that differ only at their initial states, for any x0,x
′
0 ∈

X , we have∣∣∣∣∣Exm+1

[
ℓ(xm+1, f

α
S(m)(xm))

]
− Exm+1

[
ℓ(xm+1, f

α

S(m)
j

(x′
m))

] ∣∣∣∣∣ < K

m

2C̄ρx̄

1− ρ̄ .

Proof. First, let us bound ∥xi − x′
i∥2 for every i = j, . . . , n. For i = j, sinceW is bounded

by w̄, we have

∥∥xj − x′
j

∥∥
2
=
∥∥f(xj−1) +wj − f(xj−1)−w′

j

∥∥
2
≤ 2w̄.
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For i > j, we have the following from Assumption 9.2:

∥xi − x′
i∥2 ≤ C̄ρρ̄

(i−j) ∥∥xj − x′
j

∥∥
2
≤ 2C̄ρρ̄

(i−j)w̄.

Finally, using Assumption 9.3, we obtain∣∣∣∣∣E(xm+1)

[
ℓ(xm+1, f

α
S(m)(xm))

]
−E(xm+1)

[
ℓ(xm+1, f

α

S(m)
j

(x′
m))

] ∣∣∣∣∣
≤ K

m

m∑
i=j

∥xi − x′
i∥2

≤ K

m
2C̄ρw̄

m∑
i=j

ρ̄i−j <
K

m

2C̄ρw̄

1− ρ̄ .

To prove the second part of the lemma, similarly we have

∥x0 − x′
0∥2 ≤ 2x̄ and then, ∥xi − x′

i∥2 ≤ 2C̄ρρ̄
ix̄.

Again using Assumption 9.3, we obtain∣∣∣∣∣E(xm+1)

[
ℓ(xm+1, f

α
S(m)(xm))

]
−E(xm+1)

[
ℓ(xm+1, f

α

S(m)
j

(x′
m))

] ∣∣∣∣∣
≤ K

m

m∑
i=0

∥xi − x′
i∥2

≤ K

m
2C̄ρx̄

m∑
i=0

ρ̄i <
K

m

2C̄ρx̄

1− ρ̄ .

Theorem H.6 (Theorem 9.3 restated) Suppose Assumptions 9.2 and 9.3 hold and as-
sume loss function ℓ(x, x̂) : X × X → [0, B] is an L-Lipschitz function for all x ∈ X . Let
α̂ be the empirical solutions of (ICL-ERM) under dynamical setting as described in Sec-
tion 9.2&9.6. Then with probability at least 1 − 2δ, the excess MTL test risk (MTL-risk)
obeys

RMTL(α̂) ≤ inf
ϵ>0

{
4Lϵ+ 2(B + K̄ log n)

√
log(N (A, ρ, ϵ)/δ)

cnT

}
.

where K̄ = 2K C̄ρ

1−ρ̄(w̄ + x̄/
√
n).

Proof. We follow the similar strategy as in the proof of Theorem 9.2. The main difference
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is that we need to consider the dynamical system setting. Therefore, to start with, let us
recap the dynamical problem setting in Sections 9.2&9.6. Suppose there are T independent
trajectories generated by T dynamical systems, denoted by St = (xt0,xt1, · · · ,xtn), t ∈ [T ]

where xti = ft(xt,i−1) +wti. Here, we consider the prediction function fα
S(i) : X → X , and

denote the previously observed sequences with S(i)
t := (xt0, · · · ,xti). The objective function

in (ICL-ERM) can be rewritten as follows:

α̂ = argmin
α∈A
L̂Sall(α) :=

1

T

T∑
t=1

L̂t(α) (H.33)

where L̂t(α) =
1

n

n∑
i=1

ℓ(xti, f
α

S(i−1)
t

(xt,i−1)).

Following the same argument as in the proof of Theorem 9.2, excess MTL risk is bounded
by:

RMTL(α̂) ≤ 2 sup
α∈A
|L(α)− L̂(α)|.

Step 1: We start with the concentration bound |L(α) − L̂(α)| for any α ∈ A.
Define the random variables Xt,i = E[L̂t(α)|xt0, (wtk)

i
k=1] for i ∈ [n] and t ∈ [T ], that is,

Xt,i is the expectation over L̂t(α) given the filtration of xt0 and (wtk)
i
k=1. Then, we have

that Xt,n = E[L̂t(α)|xt0, (wtk)
n
k=1] = L̂t(α). Let Xt,0 = E[L̂t(α)]. Then, for every t in

[T ], the sequences {Xt,0, Xt,1, . . . , Xt,n} are Martingale sequences. Here we emphasize that
Xt,0 = E[Xt,1|xt0,wt1]. For the sake of simplicity, in the following notation, we omit the
subscript t for x,w and S, and look at the difference of neighbors for 1 < i < n. Here,
observe that “given Fi := {x0, (wk)

i
k=1}” implies {x0, · · · ,xi} are known with respect to

this filtration.

|Xt,i −Xt,i−1| (H.34)

=

∣∣∣∣∣E
[
1

n

n∑
j=1

ℓ(xj, f
α
S(j−1)(xj−1))

∣∣∣∣x0, (wk)
i
k=1

]
− E

[
1

n

n∑
j=1

ℓ(xj, f
α
S(j−1)(xj−1))

∣∣∣∣x0, (wk)
i−1
k=1

]∣∣∣∣∣
≤ 1

n

n∑
j=i

∣∣∣∣E [ℓ(xj, fα
S(j−1)(xj−1))

∣∣∣∣x0, (wk)
i
k=1

]
− E

[
ℓ(xj, f

α
S(j−1)(xj−1))

∣∣∣∣x0, (wk)
i−1
k=1

]∣∣∣∣
(a)

≤ B

n
+

1

n

n∑
j=i+1

∣∣∣∣E [ℓ(xj, fα
S(j−1)(xj−1))

∣∣∣∣x0, (wk)
i
k=1

]
− E

[
ℓ(xj, f

α
S(j−1)(xj−1))

∣∣∣∣x0, (wk)
i−1
k=1

]∣∣∣∣.
Here, (a) follows from the fact that loss function ℓ(·, ·) is bounded by B. To
proceed, call the right side terms Dj := |E[ℓ(xj, fα

S(j−1)(xj−1))
∣∣x0, (wk)

i
k=1] −
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E[ℓ(xj, fα
S(j−1)(xj−1))

∣∣x0, (wk)
i−1
k=1]|. For an arbitrary sequence of (w′

k)
n
k=i+1, we obtain using

the first part of Lemma H.7 that∣∣∣∣E[ℓ(xj, fα
S(j−1)(xj−1))

∣∣x0, (wk)
i
k=1, (wk)

n
k=i+1 = (w

′

k)
n
k=i+1]

− E[ℓ(xj, fα
S(j−1)(xj−1))

∣∣x0, (wk)
i−1
k=1, (wk)

n
k=i+1 = (w

′

k)
n
k=i+1]

∣∣∣∣ ≤ K

j − 1

2C̄ρw̄

1− ρ̄ .

Since that is valid for every realization of (wk)
n
k=i+1, we have

Dj ≤
K

j − 1

2C̄ρw̄

1− ρ̄ .

Combining above, for any n > i > 1, we obtain

|Xt,i −Xt,i−1| ≤
B

n
+

1

n

n∑
j=i+1

K

j − 1

2C̄ρw̄

1− ρ̄ <
B

n
+
K log n

n

2C̄ρw̄

1− ρ̄ .

If we apply the same step above and use the second part of Lemma H.7, we obtain the
following bound for |Xt,1 −Xt,0|:

|Xt,1 −Xt,0| <
B

n
+
K log n

n

2C̄ρ(w̄ + x̄)

1− ρ̄ .

Moreover, as the loss function is bounded by B, we have

|Xt,n −Xt,n−1| ≤
B

n
<
B

n
+
K log n

n

2C̄ρw̄

1− ρ̄ .

Note that |Lt(α)− L̂t(α)| = |Xt,0 −Xt,n| and for every t ∈ [T ], we obtain

n∑
i=1

|Xt,i −Xt,i−1|2 ≤
(n− 1)

(
B +K log n2C̄ρw̄

1−ρ̄

)2
+
(
B +K log n2C̄ρ(w̄+x̄)

1−ρ̄

)2
n2

≤

(
B +K log n2C̄ρ(w̄+x̄/

√
n)

1−ρ̄

)2

n
.

Then the equivalent result in the Step 1 of the proof of Theorem 9.2 is obtained by updating
K to be K̄ = 2K C̄ρ

1−ρ̄(w̄ + x̄/
√
n).

Step 2: Next, we turn to bound supα∈A |L(α) − L̂(α)| where A is assumed to
be a continuous search space. Following the identical analysis as in Step 2 of proof of
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Theorem 9.2, by applying a covering argument, we conclude with the the result.

H.4 Additional Experiments for Section 9.4
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Figure H.1: We display the perfor-
mance of the idealized transfer and
MTL algorithms described in Sec-
tion 9.4. Unlike ICL experiments,
these require T ≲ d tasks.

In Section 9.4, we discussed how transfer risk seems to
require T ∝ d2 source tasks. In contrast, constructing
the empirical covariance Σ̂ = 1

T

∑T
i=1 βiβ

⊤
i can make

sure that Σ̂-weighted LS performs O(1)-close to Σ-
weighted LS whenever ∥Σ− Σ̂∥/λmin(Σ) ≤ O(1). In
Figure H.1, MTL-ridge curves with circle markers are
referring to the Σ̂-weighted ridge regression. As sus-
pected, T = 3d is already sufficient to get very close per-
formance to the optimal weighting with true Σ (black
curve). We remark that in Figure H.1 d = 20, noise
variance obeys σ2 = 0.1, and linear task vectors β are
uniformly sampled over the sphere.

For MTL, Section 9.4 introduces the following simple greedy algorithm to predict a prompt
that belong to one of the T source tasks (aka MTL risk): Evaluate each source task parameter
(βt)

T
t=1 on the prompt and select the parameter with the minimum risk. Since there are T

choices, this greedy algorithm will determine the optimal task in n ≲ log(T ) samples1.
The experiments of this algorithm is provided under Greedy MTL legend (square markers).
It can be seen that as T varies (d, 2d, 3d), there is almost no difference in the MTL risk,
likely due to the log(T ) dependence. In short, these experiments highlight the contrast

Multitask risk
Transfer risk

Figure H.2: Comparing MTL
and transfer risks when each
task has single trajectory (M =
1).

between ideal/greedy algorithms and ICL algorithm imple-
mented within the transformer model.

In Section 9.4, we also exclusively focused on the set-
ting M → ∞ i.e. MTL tasks are thoroughly trained. In
Figure H.2 we consider the other extreme where each task
is trained with a single trajectory M = 1, which is closer
to the spirit of Theorem 9.2. We set d = 5, n = 10 and
M = 1, and vary the number of linear regression tasks
T from 2000 to 50000. Not surprisingly, the results show
that increasing T helps in reducing the MTL risk. The
more interesting observation is that transfer risk and MTL

1Note that, this dependence can be even better if the problem is noiseless, in fact, that is why we added
label noise in these experiments.
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risk are almost perfectly aligned. We believe that this is due to the small M,n choices which
would make it difficult to overfit to the MTL tasks. Thus, when M = 1, the gap between
transfer and MTL risk seems to vanish and Theorem 9.2 becomes directly informative for
the transfer risk. In contrast, as M grows, training process can overfit to the MTL tasks
which leads to the split between MTL and transfer risks as in Figure 9.4.
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APPENDIX I

Appendix for Chapter 10

I.1 Construction

I.1.1 The Transformer Architecture

For the purpose of this proof, we consider encoder-based transformer architectures and as-
sume that the positional encodings are appended to the input1. We also consider that the
heads are added and each one has each own key, query and value weight matrices. Formally,
we have

att(X) = X +
H∑
h=1

W h
v XS((W h

k X)⊤W h
q X) (I.1)

TF(X) = att(X) +W2(W1att(X) + v11n)+ + v21n (I.2)

where X ∈ Rd×n, H is the number of heads used and f(x) = (x)+ is the ReLU activation.
We also make use of the temperature λ, which is a parameter of the softmax. Specifically,
S(x) = {eλxi/∑j e

λxj}i. Notice that as λ → ∞ we have S(x) → maxi xi. We also assume
that the inputs are bounded; we denote with Nmax the maximum sequence length of the
model.

Assumption I.1 Each entry is bounded by some constant c, which implies that ∥X∥ ≤
c′, for some large c′ that depends on the maximum sequence length and the width of the
transformer.

1We note here that in terms of our construction adding the encodings or appending them to the input
can be viewed in a similar manner. Specifically, we can consider that the up-projection step projects the
input to zero padded vectors, while the encodings are orthogonal to that projection in the sense that the
have zero in the non-zero coordinates of the input. In that case adding the positional encodings corresponds
to appending them to the input.
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I.1.2 Positional Encodings

In the constructions below we use a combination of the binary representation of each position,
as well as some additional information (e.g. 0-1 bits) as described in the following sections.
The binary representations and in general encodings we construct, require only logarithmic
space with respect to the sequence length. Notice that binary representation of the positions
satisfy the following two conditions:

1. Let ri be the binary representation of the i-th position, then there exists ε > 0 such
that r⊤

i ri > r⊤
i rj + ε for all j ̸= i.

2. There exists a one layer transformer that can implement the addition of two pointers
(see Lemma I.2 ).

I.1.3 Constructing Some Useful “Black-box” Functions

We follow the construction of previous work [62] and use the following individual implemen-
tations as they do. We repeat the statements here for convenience. The first lemma is also
similar to [4], we however follow a slightly different proof.

Lemma I.1 A transformer with one layer, two heads, and embedding dimension of O(log n+
d), where d is the input dimension and n is the sequence length, can copy any block of the
input to any other block of the input with error ε arbitrarily small.

Proof. Consider an input of the following form

X =


x1 x2 . . . xn

y1 y2 . . . yn

r1 r2 . . . rn

rk r2 . . . rn

 (I.3)

where xi,yi ∈ Rd are column vectors for all i = 1, . . . , n. We present how we can move a
block of data from the (d+ 1 : 2d, k) position block to the (1 : d, 1) position block, meaning
to move the point yk to the position of the point x1. It is straightforward to generalize the
proof that follows to move blocks from (i : i+ k, j) to (i′ : i′ + k, j′) for arbitrary i, i′, j, j′, k.

Let in Eq. I.1 W 1
k =

[
0 0 I 0

]
and W 1

q =
[
0 0 0 I

]
and W 2

k =
[
0 0 0 I

]
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and W 2
q =

[
0 0 0 I

]
then we have

(W 1
kX)⊤(W 1

qX) =



r⊤
1 rk r⊤

1 r2 . . . r⊤
1 rk . . . r⊤

1 rn

r⊤
2 rk r⊤

2 r2 . . . r⊤
2 rk . . . r⊤

2 rn
...

... . . . ... . . . ...
r⊤
k rk r⊤

k r2 . . . r⊤
k rk . . . r⊤

k rn
...

... . . . ... . . . ...
r⊤
n rk r⊤

n r2 . . . r⊤
n rk . . . r⊤

n rn


(I.4)

As λ → ∞ and after the application of the softmax operator the above matrix becomes
equal to

[
ek e2 . . . ek . . . en

]
+ ϵM , where ei is the one-hot vector with 1 in the k-th

position, ∥M∥ ≤ 1 and ϵ is controllable by the temperature parameter and can be arbitrary

small. Let finally W 1
v =

[
0 I 0 0

0 0 0 0

]
we get that

W 1
vXS((W 1

kX)⊤(W 1
qX)) =

[
yk x2 . . . xn

0 0 . . . 0

]
+ ϵM (I.5)

By repeating the exact same steps for the second head and letting W 2
v =

[
−I 0 0 0

0 0 0 0

]
and adding back the residual we get the desired result.

A slightly different implementation can be found in [62], in which the ReLU layers are also
used, together with indicator vectors that define whether a position should be updated or
not.

Lemma I.2 There exists a 1-hidden layer feedforward, ReLU network, with 8d activations in
the hidden layer and d neurons in the output layer that when given two d-dimensional binary
vectors representing two non-negative integers, can output the binary vector representation
of their sum, as long as the sum is less than 2d+1.

Lemma I.3 Let A ∈ Rd×m and B ∈ Rd×n. Then for any ϵ > 0 there exists a transformer-
based function block with 2 layers, 1 head and width r = O(d) that outputs the multiplication
A⊤B + ϵM , for some ∥M∥ ≤ 1 .

Remark I.1 Notice that based on the proof of this lemma, the matrices/scalars/vectors
need to be in the same rows, i.e., Q =

[
A B

]
. By also appending the appropriate binary
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encodings we can move the output at any specific place we choose as in Lemma I.1. Also,
following the proof of the paper the input matrix is

X =


Q 0 0

0 11⊤ 0

I 0 0

r(1)

r(2)


where r(1), r(2) are chosen as to specify the position of the result.

I.1.4 Results on Filtering

Lemma I.4 Assume that the input to a transformer layer is of the following form

X =


x1 x2 . . . xn−1 xn

0 0 . . . 0 0

b1 b2 . . . bn−1 bn

b′1 b′2 . . . b′n−1 bn

 (I.6)

where bi, b′i ∈ {0, 1}, with zero indicating that the corresponding point should be ignored. Then
there exists a transformer TF consisting only of a ReLU layer that performs this filtering,
i.e.,

TF(X) =


1{b1 ̸= 0}x1 1{b2 ̸= 0}x2 . . . 1{bn−1 ̸= 0}xn−1 1{bn ̸= 0}xn
1{b′1 ̸= 0}x1 1{b′2 ̸= 0}x2 . . . 1{b′n−1 ̸= 0}xn−1 1{b′n ̸= 0}xn

b1 b2 . . . bn−1 bn

b′1 b′2 . . . b′n−1 bn

 (I.7)

Proof. The layer is the following:

TF(xi) = xi + (−Cbi − xi)+ − (−Cbi + xi)+ (I.8)

for some large constant C. Notice that if bi = 1 the output is just xi. But if bi = 0 then the
output is zero. For the second set instead of using the bits bi, we use the b′i.

Remark I.2 Notice that if some bi is instead of 1, 1± ε, ε < c/C. Then the output of the
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above layer would be

TF(xi) = xi + (−C ± Cε− xi)− (−C ± Cε+ xi) (I.9)

= xi (I.10)

while if some bi = ±ε instead of zero, and assuming that xi > c > 0 or xi < −c < 0 the
output would be

TF(xi) = xi + (−Cε− xi)+ − (−Cbi + xi)+ (I.11)

= xi ± Cε− xi (I.12)

≤ c (I.13)

If |xi| ≤ c, again the output would be less than or equal to c, where c can be arbitrarily small.

Our target is to create these binary tokens, as to perform the filtering. We now describe for
clarity how next word prediction is performed. An d×N -dimensional input is given to the
transformer architecture, which is up-projected using the embedding layer; the positional
encodings are also added/appended to the input. At the last layer, the last token predicted
is appended to the initial input to the transformer architecture. The only difference of the
new input including the positional encodings ( the input for the next iteration ) is the n+1-th
token. This is a property that our construction maintains, i.e., the positional encodings used
are oblivious to the prediction step performed and are always the same for each individual
token. We consider encoder-based architectures in all of our lemmas below.

In the subsequent lemma we construct an automated process that works along those
guidelines. To do so we assume that the input to the transformer contains the following
information:

1. An enumeration of the tokens from 1 to N .

2. The ln of the above enumeration.

3. Zeros for the tokens that correspond to the data points, 1 for each token that is the
xtest or it is a prediction based on it.

4. An enumeration 1 to L for each one of the data points provided. For example, if we
are given three sets of data we would have : 1 . . . L 1 . . . L 1 . . . L.

5. Some extra information that is needed to implement a multiplication step as described
in Lemma I.3 and to move things to the correct place.
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The above information can be viewed as part of the encodings that are appended to the
input of the transformer. Formally, we have

Lemma I.5 Consider that a prompt with n in-context samples is given and the ℓ − 1-th
prediction has been made, and the transformer is to predict the ℓ-th one. Assume the input
to the transformer is:

X =



x1 . . . sℓ−1
1 sℓ1 . . . sℓ−1

2 sℓ2 . . . sLn xtest . . . ŝℓ−1

0 . . . 0 0 . . . 0 0 . . . 0 0 . . . 0

1 . . . ℓ ℓ+ 1 . . . ℓ ℓ+ 1 . . . L+ 1 1 . . . ℓ

1 . . . ℓ ℓ+ 1 . . . ℓ ℓ+ 1 . . . L+ 1 1 . . . ℓ

1 . . . ℓ ℓ+ 1 . . . L+ ℓ+ 1 L+ ℓ+ 2 . . . n(L+ 1) n(L+ 1) + 1 . . . N

ln(1) . . . ln(ℓ) ln(ℓ+ 1) . . . ln(L+ ℓ+ 1) ln(L+ ℓ+ 2) . . . ln(n(L+ 1)) ln(n(L+ 1) + 1) . . . ln(N)

0 . . . 0 0 . . . 0 0 . . . 0 1 . . . 1

1 . . . 1 1 . . . 1 1 . . . 1 1 . . . 1

m1 . . . mℓ mℓ+1 . . . mL+ℓ+1 mL+ℓ+2 . . . mn(L+1) mn(L+1)+1 . . . mN


where (ŝi)ℓ−1

i=1 denote the first ℓ − 1 recurrent outputs of TF and for simplicity, let N :=

n(L+1)+ℓ denote the total number of tokens. Then there exists a transformer TF consisting
of 7 layers that has as output

TF(X) =



0 . . . sℓ−1
1 0 . . . sℓ−1

2 0 . . . 0 0 . . . ŝℓ−1

0 . . . 0 sℓ1 . . . 0 sℓ2 . . . 0 0 . . . 0

0 . . . 1 0 . . . 1 0 . . . 0 0 . . . 1

0 . . . 0 1 . . . 0 1 . . . 0 0 . . . 0

1 . . . ℓ ℓ+ 1 . . . L+ ℓ+ 1 L+ ℓ+ 2 . . . n(L+ 1) n(L+ 1) + 1 . . . N

ln(1) . . . ln(ℓ) ln(ℓ+ 1) . . . ln(L+ ℓ+ 1) ln(L+ ℓ+ 2) . . . ln(n(L+ 1)) ln(n(L+ 1) + 1) . . . ln(N)

0 . . . 0 0 . . . 0 0 . . . 0 1 . . . 1

1 . . . 1 1 . . . 1 1 . . . 1 1 . . . 1

m1 . . . mℓ mℓ+1 . . . mL+ℓ+1 mL+ℓ+2 . . . mn(L+1) mn(L+1)+1 . . . mN


with error up to δM , where ∥M∥ ≤ 1 and δ > 0 is a constant that is controlled and can be
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arbitrarily small.

Proof.
Step 1: Extract the sequence length (1 layer). Let

Wk =
[
0 0 0 0 0 1 0 0 0

]
Wq =

[
0 0 0 0 0 0 0 0 1 0

]
(I.14)

and thus

(WkX)⊤(WqX) =


ln(1) ln(1) . . . ln(1)

ln(2) ln(2) . . . ln(2)
...

... . . . ...
ln(N) ln(N) . . . ln(N)

 . (I.15)

So after the softmax is applied we have

S((WkX)⊤(WqX)) =



1∑N
i=1 i

1∑N
i=1 i

. . .
1∑N
i=1 i

2∑N
i=1 i

2∑N
i=1 i

. . .
2∑N
i=1 i...

... . . . ...
N∑N
i=1 i

N∑N
i=1 i

. . .
N∑N
i=1 i


. (I.16)

We then set the weight value matrix as to zero-out all lines except for one line as follows

WvX =

0 0 . . . 0

1 2 . . . N
0 0 . . . 0

 . (I.17)

After adding the residual and using an extra head where the softmax returns identity matrix
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and the value weight matrix is minus the identity, we get attention output



x1 . . . sℓ−1
1 sℓ1 . . . sℓ−1

2 sℓ2 . . . sLn xtest . . . ŝℓ−1

0 . . . 0 0 . . . 0 0 . . . 0 0 . . . 0

1 . . . ℓ ℓ+ 1 . . . ℓ ℓ+ 1 . . . L+ 1 1 . . . ℓ

1 . . . ℓ ℓ+ 1 . . . ℓ ℓ+ 1 . . . L+ 1 1 . . . ℓ∑N
i=1 i

2∑N
i=1 i

. . .

∑N
i=1 i

2∑N
i=1 i

∑N
i=1 i

2∑N
i=1 i

. . .

∑N
i=1 i

2∑N
i=1 i

∑N
i=1 i

2∑N
i=1 i

. . .

∑N
i=1 i

2∑N
i=1 i

∑N
i=1 i

2∑N
i=1 i

. . .

∑N
i=1 i

2∑N
i=1 i

ln(1) . . . ln(ℓ) ln(ℓ+ 1) . . . ln(L+ ℓ+ 1) ln(L+ ℓ+ 2) . . . ln(n(L+ 1)) ln(n(L+ 1) + 1) . . . ln(N)

0 . . . 0 0 . . . 0 0 . . . 0 1 . . . 1

1 . . . 1 1 . . . 1 1 . . . 1 1 . . . 1

m1 . . . mℓ mℓ+1 . . . mL+ℓ+1 mL+ℓ+2 . . . mn(L+1) mn(L+1)+1 . . . mN



.

Notice that
∑N

i=1 i
2∑N

i=1 i
=

2N(N + 1)(2N + 1)

6N(N + 1)
=

2N + 1

3
. We then use the ReLU layer as to

multiply with 3/2 and subtract 1 from this column. This results to attention output

x1 . . . sℓ−1
1 sℓ1 . . . sℓ−1

2 sℓ2 . . . sLn xtest . . . ŝℓ−1

0 . . . 0 0 . . . 0 0 . . . 0 0 . . . 0

1 . . . ℓ ℓ+ 1 . . . ℓ ℓ+ 1 . . . L+ 1 1 . . . ℓ

1 . . . ℓ ℓ+ 1 . . . ℓ ℓ+ 1 . . . L+ 1 1 . . . ℓ

N . . . N N . . . N N . . . N N . . . N

ln(1) . . . ln(ℓ) ln(ℓ+ 1) . . . ln(L+ ℓ+ 1) ln(L+ ℓ+ 2) . . . ln(n(L+ 1)) ln(n(L+ 1) + 1) . . . ln(N)

0 . . . 0 0 . . . 0 0 . . . 0 1 . . . 1

1 . . . 1 1 . . . 1 1 . . . 1 1 . . . 1

m1 . . . mℓ mℓ+1 . . . mL+ℓ+1 mL+ℓ+2 . . . mn(L+1) mn(L+1)+1 . . . mN


Notice that this step does not involve any error.

Step 2: Extract the identifier of the prediction to be made ℓ (3 layers). Now,
by setting the key and query weight matrices of the attention as to just keep the all ones
row, we get a matrix that attends equally to all tokens. Then the value weight matrix keeps
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the row that contains ℓ ones and thus we get the number
ℓ

N
, propagated in all the sequence

length. Then the attention output is as follows:

x1 . . . s
ℓ−1
1 sℓ1 . . . sℓ−1

2 sℓ2 . . . sLn xtest . . . ŝℓ−1

0 . . . 0 0 . . . 0 0 . . . 0 0 . . . 0

1 . . . ℓ ℓ+ 1 . . . ℓ ℓ+ 1 . . . L+ 1 1 . . . ℓ

1 . . . ℓ ℓ+ 1 . . . ℓ ℓ+ 1 . . . L+ 1 1 . . . ℓ

N . . . N N . . . N N . . . N N . . . N
ℓ

N
. . .

ℓ

N
ℓ

N
. . .

ℓ

N
ℓ

N
. . .

ℓ

N
ℓ

N
. . .

ℓ

N
0 . . . 0 0 . . . 0 0 . . . 0 1 . . . 1

1 . . . 1 1 . . . 1 1 . . . 1 1 . . . 1

m1 . . . mℓ mℓ+1 . . .mL+ℓ+1 mL+ℓ+2 . . .mn(L+1) mn(L+1)+1 . . . mN



. (I.18)

So far this step does not involve any error. As described in Lemma I.3 to implement multipli-
cation of two values up to any error ϵ, we need 1) have the two numbers to be multiplied next
to each other and an extra structure (some constants, which we consider that are encoded
in the last rows of the matrix mi) and 2) the corresponding structure presented in Lemma

I.3 . So we need to make the following transformation in the rows containing N and
ℓ

NN N . . . N
ℓ

N
ℓ

N
. . .

ℓ

N

→
N

ℓ

N
. . . N

ℓ

N
ℓ

N
. . .

ℓ

N

 (I.19)

→

ℓ ∗ . . . ∗

∗ ∗ . . . ∗

 (I.20)

→

ℓ ℓ . . . ℓ

∗ ∗ . . . ∗

 (I.21)

where ∗ denotes inconsequential values. For the first step we assume that we have the
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necessary binary representations 2 and then we use Lemma I.1 which shows how we can
perform the operation of copy/paste. This step involves an error and the current output
would be X̃1 = X∗ + ε1M1, where ε1 is controlled and we will determine it in the sequence,
∥M1∥ ≤ 1 and X∗

1 is the desired output. For the second step now we use Lemma I.3 to
perform the multiplication, this will affect some of the other values. To analyze the error of
this step, we know that given X∗

1 we will get the desired output X∗
2+ε2M2, where ∥M2∥ ≤ 1

and ε2 is to be determined. However, are given X̃1 in the multiplication procedure3 which
results in the following output X̃2 = (X̃1)

⊤X̃1+ε2M2 = X∗
1
⊤X∗

1 +ε1M
⊤
1 X

∗
1 +ε1M

⊤
1 M1+

ε2M2. Thus by choosing ε1, ε2 to be of order O(δ)we get that X̃2 = X∗
2 +

δ
C
∥M∥ for some

C chosen to be large enough. Then for the last step consider the follow (sub-)rows of the
matrix X 

ℓ ∗ ∗ . . . ∗

r1 r1 r1 . . . r1

r1 r2 r3 . . . rN

 (I.22)

where ri is the binary representation of position i. By choosing Wk,Wq as to

WkX =

[
r1 r2 . . . rN

]
, WqX =

[
r1 r1 . . . r1

]
(I.23)

2the size that we need will be 2 logNmax + 1, where Nmax is the maximum sequence length
3Note that the true error is even smaller since the operation performed only affects one row.
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and consider WvX =

ℓ ∗ . . . ∗

0 0 . . . 0

 we have that

att(X) = X +WvXS((WkX)⊤WqX)

= X +

ℓ ∗ . . . ∗

0 0 . . . 0

S





r⊤
1 r1 r⊤

1 r1 . . . r⊤
1 r1

r⊤
1 r2 r⊤

1 r2 . . . r⊤
1 r2

...
... . . . ...

r⊤
1 rN r⊤

1 rN . . . r⊤
1 rN





= X +

ℓ ∗ . . . ∗

0 0 . . . 0





1 1 . . . 1

0 0 . . . 0

...
... . . .

...

0 0 . . . 0


+ ε3M3

By subtracting one identity head for the first that we focus on as described in Lemma I.1
we have that att(X) results in the desired matrix. We output this result and overwrite ℓ/N,
thus we have

x1 . . . s
ℓ−1
1 sℓ1 . . . sℓ−1

2 sℓ2 . . . sLn xtest . . . ŝℓ−1

0 . . . 0 0 . . . 0 0 . . . 0 0 . . . 0

1 . . . ℓ ℓ+ 1 . . . ℓ ℓ+ 1 . . . L+ 1 1 . . . ℓ

1 . . . ℓ ℓ+ 1 . . . ℓ ℓ+ 1 . . . L+ 1 1 . . . ℓ

N . . . N N . . . N N . . . N N . . . N

ℓ . . . ℓ ℓ . . . ℓ ℓ . . . ℓ ℓ . . . ℓ

0 . . . 0 0 . . . 0 0 . . . 0 1 . . . 1

1 . . . 1 1 . . . 1 1 . . . 1 1 . . . 1

m1 . . . mℓ mℓ+1 . . .mL+ℓ+1 mL+ℓ+2 . . .mn(L+1) mn(L+1)+1 . . . mN



(I.24)
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The new error introduced by this operation is again controlled as to be ε3M3 =
δ

C
, with

∥M3∥ ≤ 1.

Step 3: Create ℓ + 1 (0 layer). We first copy the row with ℓ to the row with N , this
can trivially be done with a ReLU layer that outputs zero everywhere else except for the row
of Ns that output (ℓ)+ − (N)+ to account also for the residual. We now use one of the bias
terms (notice that ℓ is always positive) and set to one in one of the two rows that contain
the ℓ, again we account for the residual as before; everything else remains unchanged. Thus,
we have

x1 . . . sℓ−1
1 sℓ1 . . . sℓ−1

2 sℓ2 . . . sLn xtest . . . ŝℓ−1

0 . . . 0 0 . . . 0 0 . . . 0 0 . . . 0

1 . . . ℓ ℓ+ 1 . . . ℓ ℓ+ 1 . . . L+ 1 1 . . . ℓ

1 . . . ℓ ℓ+ 1 . . . ℓ ℓ+ 1 . . . L+ 1 1 . . . ℓ

ℓ+ 1 . . . ℓ+ 1 ℓ+ 1 . . . ℓ+ 1 ℓ+ 1 . . . ℓ+ 1 ℓ+ 1 . . . ℓ+ 1

ℓ . . . ℓ ℓ . . . ℓ ℓ . . . ℓ ℓ . . . ℓ

0 . . . 0 0 . . . 0 0 . . . 0 1 . . . 1

1 . . . 1 1 . . . 1 1 . . . 1 1 . . . 1

m1 . . . mℓ mℓ+1 . . .mL+ℓ+1 mL+ℓ+2 . . .mn(L+1) mn(L+1)+1 . . . mN



(I.25)

This operation can collectively be implemented (add the bias + copy the row) in the ReLU
layer of the previous transformer layer that was not used in the previous step.

Step 4: Create the binary bits (2 layers). We will now use the information extracted
in the previous steps, to create the binary indicators/bit to identify which tokens we want to
filter. This can be easily implemented with one layer of transformer and especially the ReLU
part of it. Notice that if we subtract the row that contains the tokens that have already been
predicted, i.e., [ℓ ℓ . . . ℓ] from the row that contains [1 2 . . . L 1 2 . . . L . . . L] we will get zero
only in the positions that we want to filter out and some non-zero quantity in the rest. This
is trivially implemented with one ReLU layer. So, we need to implement an if..then type of
operation. Basically, if the quantity at hand is zero we want to set the bit to one, while if it
non-zero to set it to be zero. This can be implemented with the following ReLU part of a
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transformer layer

TF(xi) = 1− (xi)+ − (−xi)+ + (xi − 1)+ + (−xi − 1)+ − ((xi)+ − (−xi)+) (I.26)

the last two terms are to account for the residual. Again the rest of the rows do not change
and are zeroed-out.

Step 5: Implement the filtering (1 layer). We now apply Lemma I.4 and our proof
is completed. In this step as in Lemma I.4, the error remains of the order of the error of the
previous step. Thus, by fine-tuning the constants appropriately, depending on 1) the bound
on the input as of Assumption I.1, the targeted error δ and the constant used in Lemma I.4
we achieve that the error has the target upped bound.

Theorem I.1 (Theorem 10.1 restated) Consider a prompt pn(f) generated from an
L-layer MLP f(·) as described in Definition 10.1, and assume given test example
(xtest, s

1
test, . . . s

L
test). For any resolution ϵ > 0, there exists δ = δ(ϵ), iteration choice

T = O(κ2max log(1/ϵ)), and a backend transformer construction TFBE such that the concate-
nated transformer TF = TFLR◦TFBE implements the following: Let (ŝi)ℓ−1

i=1 denote the first ℓ−1
CoT-I/O outputs of TF and set p[ℓ] = (pn(f),xtest, ŝ

1 . . . ŝℓ−1). At step ℓ, TF implements

1. Filtering. Define the filtered prompt with input/output features of layer ℓ,

pfilter
n =

(
. . .0, sℓ−1

1 , 0 . . . 0, sℓ−1
n , 0 . . . 0, ŝℓ−1

. . .0, 0, sℓ1 . . . 0, 0, sℓn . . . 0, 0

)
.

There exists a fixed projection matrix Π that applies individually on tokens such that
the backend output obeys ∥Π(TFBE(p[ℓ]))− pfilter

n ∥ ≤ δ.

2. Gradient descent. The combined model obeys ∥TF(p[ℓ])− sℓtest∥ ≤ ℓ · ϵ/L.

TFBE has constant number of layers independent of T and n. Consequently, after L rounds
of CoT-I/O, TFoutputs f(xtest) up to ϵ accuracy.

Proof. We apply Lemma I.5 from which it is clear that there exists a projection such that
the result stated in (1. Filtering) holds, and it is independent to T , n and ℓ. Next we turn
to prove (2. Gradient descent). In Definition 10.1, we assume that the network’s activation
function is leaky-ReLU, i.e.,

ϕ(x) =

{
x, if x ≥ 0

αx, otherwise.
(I.27)
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Thus, as a first step we construct the inverse of leaky-ReLU and apply it in the second row
of pfilter

n where the inverse of leaky-ReLU is

ϕ−1(y) =

{
y, if y ≥ 0

y/α, otherwise.
(I.28)

This can be implemented with the following activation function (denoted by σ(·)) using
ReLUs:

σ(x) = (x)+ − 1/α(−x)+. (I.29)

After it, it remains TFLR to solve linear regression problems. Taking ℓth layer, first neu-
ron prediction as an example, and letting x′

i := sℓ−1
i , y′i := ϕ−1(sℓi [0]) and w = Wℓ[0],

linear regression has form of y′i = w⊤x′
i for i ∈ [n]. Notice that the extra zeros do not

contribute in the update performed by gradient descent, and after gradient descent has
been performed, we apply back the leaky ReLU. Then following Assumption 10.1, since we
assume TFLR performs the same as gradient descent optimizer, given matrix condition as
described in Definition 10.1, after running T iterations of gradient descend on the linear
regression problem and considering each layer prediction with resolution ϵ/L, we can get
that ∥TFLR(p[ℓ])− s̄ℓ∥ ≤ ϵ/L, where s̄ℓ = ϕ(Wℓŝ

ℓ−1) is the correct prediction if taking ŝℓ−1

as input. Then we have

∥TFLR(p[ℓ]− sℓtest)∥ ≤ ∥TFLR(p[ℓ])− s̄ℓ∥+ ∥Wℓ(ŝ
ℓ−1− sℓ−1

test )∥ ≲ ϵ/L+ ∥TFLR(p[ℓ− 1]− sℓ−1
test )∥.

Let TFLR(p[0]) returns xtest and therefore ∥TFLR(p[0]) − xtest∥ = 0. Combing results in that
∥TFLR(p[ℓ] − sℓtest)∥ ≲ ℓ · ϵ/L. Since from Lemma I.5 we have that we can choose δ to be
arbitrary. Let δ = ϵ/L, where L is the total predictions we will make. Then it will result in
∥TF(p[ℓ]− sℓtest)∥ ≲ ℓ · ϵ/L, which completes the proof.

I.2 Experimental Details

In this section, we provide the implementation details of our experiments.

I.2.1 Model Evaluation

Recap the same setting as in Section 10.2.3 and assume we have pretrained models with
parameters β̂CoT-I and β̂CoT-I/O. Next we make predictions following Section 10.2.2. Letting
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ℓ(·, ·) : Y × Y → R be loss function, we can define test risks as follows.

LCoT-I(n) = E(xi)ni=1,(fℓ)
L
ℓ=1

[ℓ(ŷn, f(xn))] where ŷn = TF(pn(f),xn; β̂CoT-I)

and

LCoT-I/O(n) = E(xi)ni=1,(fℓ)
L
ℓ=1

[ℓ(ŷn, f(xn))] where ŷn = TF(pn(f),xn, ŝ1 · · · , ŝL−1; β̂CoT-I/O).

Here, we use L(n) to define the test risk when given prompt with n in-context samples. Then,
results shown in Figures 10.3&10.4&10.5&10.6&10.7a are test risks L(n) given n ∈ [N ].
Following model training and evaluation, we can see that once loss function is the same
for both training and predicting, CoT-I (as well as ICL) accepts training risk LCoT-I

train =
1
N

∑N
n=1 LCoT-I(n).

I.2.2 Implementation

All the transformer experiments use the GPT-2 model [164] and our codebase is based
on prior works [59, 206]. Specifically, the model is trained using the Adam optimizer with
learning rate 0.0001 and batch size 64, and we train 500k iterations in total for all ICL,
CoT-I and CoT-I/O methods. Each iteration randomly samples inputs xs and functions fs.
We also apply curriculum learning over the prompt n as [59] did for 2-layer random MLPs
(Sec. 10.4.2). For both training and testing, we use the squared error as the loss function,
i.e., ℓ(ŷ,y) = ∥ŷ − y∥2 (or ℓ(ŷ, y) = (ŷ − y)2 for scalar).

I.3 Additional Experimental Results

I.3.1 Out-of-distribution Experiments

While our primary focus lies in in-distribution scenarios, wherein the test examples are
presumed to follow the same distribution as the training data, this subsection extends our
analysis to out-of-distribution (OOD) settings.

To provide a clearer understanding of our model’s behavior under distribution shifts and
to quantitatively assess the impact on test risk, we conduct experiments with varying levels
of distribution shift. Specifically, we evaluate the test risk when the prompt is supplemented
with 100 in-context examples. The results of these experiments are depicted in Figure I.1,
which serves to illustrate how our model’s performance is affected under these OOD condi-
tions. In Fig. I.1a, we analyze noisy in-context samples during testing. The solid and dashed
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Figure I.1: We implement robustness experiments under different distribution shift levels.
In Fig. I.1a we add noise to the label y (solid) or input features x (dashed). In Fig. I.1b, we
in-context learn an MLP with k ∈ [8] hidden nodes whereas transformer is trained for MLPs
with 8 hidden nodes. In Fig. I.1b, we consider misspecification of input dimension: TF is
trained with d = 10 but we feed a neural net with d ≤ 10.

curves represent the test risks, corresponding to the noisy in-context samples whose (input,
output) takes the form of either (x, y + noise) or (x + noise, y), respectively. The results
indicate that CoT exhibits greater robustness compared to ICL, and the test risks increase
linearly with the noise level, with attributed to the randomized MLPs setting. Additionally,
in Figs. I.1b&I.1c, we instead explore out-of-distribution test tasks where test MLPs differ
in (d, k) from the training phase. For both subfigures, we firstly train small GPT-2 using
2-layer MLPs with d = 10, k = 8. In Fig. I.1b, we fix d = 10 and vary k from 1 to 8, whereas
in Fig. I.1c, we fix k = 8 and vary d from 1 to 10. In both instances, the findings reveal that
CoT’s performance remains almost consistent when k ≥ 4 or d ≥ 6, and ICL is unable to
surpass it. The improved performance of ICL with smaller values of d or k again reinforces
our central assertion that ICL requires O(dk) samples for in-context learning of the 2-layer
random MLP, and reducing either d or k helps in improving the performance. Given that
we employ the ReLU activation function, smaller values of d or k can lead to significant bias
in the intermediate feature. Consequently, CoT cannot derive substantial benefits from this
scenario, resulting in a decline in performance.

I.3.2 Further Evidence of Model Expressivity

There are two determinants of model learnability in in-context tasks: sample complexity
and model expressivity. Sample complexity pertains to the number of samples needed to
precisely solve a problem. However, when the transformer model is small, even with a
sufficiently large number of samples, due to its lack of expressivity, ICL cannot achieve zero
test risk. This contrasts with CoT, which decomposes complex tasks into simpler sub-tasks,

450



0 25 50 75 100 125 150 175 200
# in-context samples

0.0

0.1

0.2

0.3

0.4

Te
st

 ri
sk

CoT-I/O
CoT-I
ICL

CoT-I/O
CoT-I
ICL

(a) Small GPT-2, d = 10, k = 4
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Figure I.2: We train ICL with more in-context examples. The main conclusion is that: For
small GPT, ICL can indeed not approximate the neural net even with many examples (unlike
CoT) whereas, for large GPT, ICL can do so (although much less efficient). This is in line
with our theoretical intuitions on the expressivity benefits of CoT.
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(a) Test filtering on first layer prediction
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(b) CoT-I/O: composed risk (same as Fig. 10.3a)

Figure I.3: Fig. I.3a presents a filtering evidence of 2-layer MLPs. Given a 2-layer MLP
in-context example (x, s, y), CoT admits (x, s, y) as test sample; while test samples of CoT-
zero and CoT-random are formed by (x, s, 0) and (x, s, z) where z ∼ N (0, d). Fig. I.3b is
directly cloned form Fig. 10.3a with error bar for better comparison with results in Fig. I.4.

thereby requiring smaller models for expression. Figure 10.5 has illustrated the expressivity
of different GPT-2 architectures, showing that the tiny GPT-2 model is too small to express
even a single layer of 2-layer MLPs. Additionally, we have run more experiments, and the
results are shown in Figure I.2. Both Figures I.2a and I.2b detail training models with MLP
tasks of dimensions d = 10 and k = 4. In Fig. I.2a, we use a small GPT-2 model, and
the results show that the test risk stops decreasing even with more in-context examples. In
Fig. I.2b, we train a larger model, and the results demonstrate that the standard GPT-2 is
sufficient to express a 2-layer MLP with d = 10 and k = 4.
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(a) CoT-I/O: 1st layer
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(c) CoT-I/O: 2nd layer
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Figure I.4: We compare the performance of filtered CoT and ICL. In Fig. I.4a&I.4c, we
decouple the composed risk of predicting 2-layer MLPs into risks of individual layers (fol-
lowing Section 10.4.1), which shows the filtered CoT results. In Fig. I.4b&I.4d, we train two
additional models using ICL method taking (x, s) and (s, y) as inputs.

I.3.3 Filtering Evidence in 2-layer MLPs

Section 10.5 has demonstrated the occurrence of filtering in the linear deep MLPs setting
(black dotted curves in Fig. 10.8b). In this section, we present further empirical evidence
based on the 2-layer MLPs setting discussed in Section 10.4.2.

Follow the same setting as Figure 10.3a and choose d = 10 and k = 8. Assume we
have a model pretrained using CoT-I/O method. As described in Section 10.4.2, during
training, the prompt consists of in-context samples in the form of (x, s, y) where s = (Wx)+

and y = v⊤s. To investigate filtering, we make three different predictions to evaluate the
intermediate output, whose test prompts have in-context examples with the following forms:

CoT: (x, s, y), CoT-zero: (x, s, 0), CoT-random: (x, s, z),

where z ∼ N (0, d). The results are displayed in Figure I.3a where blue, orange and green
curves represent first layer prediction results using CoT, CoT-zero and CoT-random prompts,
respectively. From this figure, we observe that the three curves are well aligned, indicating
that when making a prediction for input x, TF will attend only to (x, s) and ignore y.
Therefore filling the positions of y with any random values (or zero) will not change the
performance of first layer prediction.

I.3.4 Comparison of Filtered CoT with ICL

Until now, many experimental results have shown that CoT-I/O provides benefits in terms
of sample complexity and model expressivity compared to ICL. As an interpretation, we
state that CoT can be decoupled into two phases: Filtering and ICL, and theoretical results
have been provided to prove this statement. As for the empirical evidence, Sections 10.5
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Figure I.5: To further investigate how model architectures impact the prediction perfor-
mance, we fix the number of heads and embedding dimension in Fig. I.5a and change the
layer number in {3, 6, 12}. Similarly for Fig. I.5b&I.5c but instead, change number of heads
(in {2, 4, 8}) and embedding dimensions (in {64, 128, 256}).

and I.3.3 precisely show that filtering does occur in practice. In this section, we provide
additional experiments to demonstrate that, after filtering, CoT performs similarly to ICL.

For convenience and easier comparison, we repeat the same results as Fig. 10.3a in
Fig. I.3b, where d ∈ {10, 20}, k ∈ {4, 8, 16}, and train with a small GPT-2. We again
recap the data setting for the 2-layer MLP, where the in-context examples of CoT prompt
are in the form of (x, s, y). Given that filtering happens, we make first and second layer
predictions following Section 10.4.1 and results are presented in Fig. I.4a and Fig. I.4c, re-
spectively. These results show the performances of the filtered CoT prompts. Next, we need
to compare the performance with separate ICL training. To achieve this goal, we train a
small GPT-2 model using ICL method with prompt containing (x, s) pairs (first layer). The
test results are shown in Fig. I.4b. Additionally, in Fig. I.4d, we train another small GPT-2
model using ICL but with prompts containing (s, y) pairs (second layer). By comparing
Fig. I.4a and I.4b, as well as Fig. I.4c and I.4d, we observe that after filtering, CoT-I/O
achieves similar performance as individually training a single-step problem through the ICL
phase.

I.3.5 CoT across Different Sizes of GPT-2

In Figure 10.5, we have demonstrated that larger models help in improving performance
due to their ability of solving more complex function sets. However, since tiny, small and
standard GPT-2 models scale the layer number, head number and embedding dimension
simultaneously, it is difficult to determine which component has the greatest impact on per-
formance. Therefore in this section, we investigate how different components of transformer
model affect the resulting performance by run CoT-I/O on various GPT-2 architectures.
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Figure I.6: Fig. I.6a: compare transformer results (solid) with gradient descent optimizer
(dashed) when solving first layer of 2-layer MLPs; Fig. I.6b: compare transformer result
(solid) with least squares optimizer (dashed) when solving the second layer of 2-layer MLPs.

We maintain the same setting as in Section 10.4.2, fix d = 10 and k = 8, and consider
a base GPT-2 model (small GPT-2) with 6 attention layers, 4 heads in each layer and 128-
dimensional embeddings. In Fig. I.5a, we fix the number of heads at 4 and the embedding
dimension at 128, while varying the number of layers in {3, 6, 12}. Similarly, we explore dif-
ferent models with different numbers of heads and embedding dimensions, and the results are
respectively presented in Fig. I.5b and I.5c. Comparing them, we can observe the following:
1) once the problem is sufficiently solved, increasing the model size does not significantly
improve the prediction performance (see Fig. I.5b&I.5c); 2) the number of layers influences
model expressivity, particularly for small GPT-2 architecture (see Fig. I.5a).

I.3.6 Comparison of Transformer Prediction and Linear Regression

We also provide experimental findings to verify Assumption 10.1 in this section. Previous
work [62, 4] has theoretically proven that TF can perform similar to gradient descent, and
empirical evidence from [39, 59, 113] suggests that TF can even be competitive with Bayes
optimizer in certain scenario. To this end, we first repeat the same first/layer predictions from
Figure 10.4 in Figure I.6, where d = 10 and blue, orange and green solid curves represent
the performances of k = 4, 16, 64 using pretrained small GPT-2 models. We also display
the evaluations of gradient descent/least square solutions in dashed curves. Specifically, in
Fig. I.6a , we solve problem

ŵn = argmin
w

1

n

n∑
i=1

∥(w⊤xi)+ − yi∥2 where xi ∼ N (0, Id), yi = (w⋆⊤xi)+
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for some w⋆ ∼ N (0, 2Id) and n is the training sample size. Then the normalized test risks
are computed by L(n) = Ew⋆,x[∥(ŵ⊤

nx)+ − y∥2]/d, and we show point-to-point results for
n ∈ [N ] in black dashed curve in Fig. I.6a4. As for the second layer, we solve least squares
problems as follows

v̂n = S†y where S ∈ Rn×k, S[i] = (W ⋆xi)+, y[i] = v⋆⊤S[i], xi ∈ N (0, Id)

for some W ⋆ ∈ Rk×d ∼ N (0, 2/k) and v⋆ ∼ N (0, Ik). Here, † represents the pseudo-
inverse operator. Then we calculate the normalized test risk of least square solution (given n
training samples) as L(n) = EW ⋆,v⋆,x[∥v̂⊤

n s− y∥2]/d where s = (W ⋆x)+ and y = v⋆⊤s. The
results are presented in Fig. I.6b where blue, orange and green dashed curves correspond
to solving the problem using different values of k ∈ {4, 16, 64}. In this figure, the curves
for k = 4, 16 are aligned with GPT-2 risk curves, which indicates that TF can efficiently
solve linear regression as a least squares optimizer. However, the curve for k = 64 does not
align, which can be attributed to the increased complexity of the function set with higher
dimensionality (k = 64). Learning such complex functions requires a larger TF model.

4To mitigate the bias introduced by ReLU activation, we subtract the mean value during prediction, i.e.,
L(n) = Ew⋆,x[∥(ŵ⊤

n x)+ − y − (Ex[(ŵ
⊤
n x)+ − y])∥2]/d.
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