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ABSTRACT

Automated evaluation of textual information is central across the Al lifecycle, from col-
lecting training data to benchmarking model outputs. The core goal is alignment with
underlying quality: a higher score should mean a genuinely better report. In this disserta-
tion, the quality of interest is semantic informativeness—whether a report conveys useful,
truthful, task-relevant information.

Achieving this goal requires two forms of alignment. Statistical alignment means that

scores correlate with human-annotated quality ratings, a property often studied in natural

language generation (NLG) evaluation. Strategic alignment means that untruthful or low-

effort reports receive lower expected scores than truthful, informative ones, a property often
studied in information elicitation.

Conventional reference-based scoring pursues alignment by comparing a candidate re-
sponse to a gold-standard reference—a trusted answer, expert judgment, or canonical out-
put. Yet many important tasks lack such references. In open-ended settings like academic
peer review, free-form explanation, and subjective judgment, gold-standard references may
be unavailable or prohibitively expensive to obtain at scale.

This dissertation studies how to elicit and evaluate textual information without gold-
standard references. Its central claim is that aligned elicitation and evaluation without
references requires strategic and statistical alignment to be developed jointly—a metric that
correlates with human judgments but can be gamed is unreliable, and a mechanism that
discourages bad strategies but whose ex-post scores do not track quality is not an adequate
evaluator. The dissertation therefore combines ideas from information elicitation, informa-
tion theory, and large language models to design aligned metrics and mechanisms for text
when gold-standard references are unavailable.

The dissertation makes four contributions. First, I introduce Spot Check Equivalence

(SCE), an interpretable metric for comparing information-elicitation mechanisms. Using
SCE, I show that strategic and statistical alignment are often closely coupled: in some set-
tings, high statistical alignment implies high strategic alignment. Second, I extend peer

prediction from categorical and numerical signals to text, proposing the Generative Peer

Prediction Mechanism (GPPM)—a strategically aligned mechanism for eliciting truthful
textual information. Third, I adapt GPPM into the Generative Estimator for Mutual

Xiil



Information (GEM), an NLG evaluation metric in which a targeted modification improves

statistical alignment while preserving strategic alignment. Building on GEM, I propose
GRE-bench, which benchmarks LLMs’ ability to write peer reviews using a continuously
refreshed stream of open-access review data, helping mitigate data contamination. Fourth,
generalizing these mechanisms, I develop a systematic design-and-test framework for aligned
text evaluation metrics based on f-mutual information. The design framework unifies prior
methods and reveals a broader design space, while the test framework evaluates metrics
across multiple principles and tasks, enabling controlled factorial comparison of existing and
new methods.

Together, these contributions bridge information-elicitation theory and modern language-
model evaluation, showing how automated text evaluation can be made more reliable when

gold-standard references are unavailable.
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CHAPTER 1

Introduction

Automated evaluation of information quality is becoming a central challenge for modern
Al Across the Al lifecycle, from collecting training data, to training models, to benchmarking
model outputs, researchers and practitioners need ways to assess whether the textual infor-
mation they rely on is actually informative and reliable. When such assessment is missing
or noisy, systems may be trained on poor data, models may appear strong on paper while
failing in practice, and downstream scientific, business, or policy decisions may be based on
unreliable signals.

This problem has become more important with the rise of large language models (LLMs).
Synthetic LLM-generated text makes simple filters and heuristic quality checks far less
effective for data collection. Recent work shows that training on recursively generated or
low-quality data may lead to model degradation [Shumailov et al., 2024]. At the same time,
Al development is increasingly expensive and high-stakes, so evaluation procedures must be
not only accurate, but also resistant to gaming once they become optimization targets.

A central obstacle is that, in many important settings, gold-standard references do not
exist or are prohibitively expensive to obtain. One can ask crowd workers to label data or
judge model outputs, but ensuring the reliability of those judgments is itself a problem of
ensuring data quality. Moreover, many tasks are inherently non-verifiable: there may be
no single correct answer for a reference to capture, as in open-ended explanation, creative
generation, or academic peer review.

This dissertation studies how to elicit and evaluate textual information without gold-
standard references. The central objective is to align evaluation scores with underlying
quality, where quality, throughout this dissertation, is understood in terms of semantic
informativeness, i.e., whether a report conveys useful, truthful, task-relevant information.

Two research traditions have approached this problem from different directions, each

emphasizing a different notion of alignment:



o Strategic alignment. The information-elicitation literature designs peer-prediction
and related mechanisms in which truthful reporting is incentivized even when ground
truth is unavailable [Miller et al., 2005, Dasgupta and Ghosh, 2013, Kong and
Schoenebeck, 2019, Kong, 2020, 2024b]. The core idea is to use correlations among peer
reports to reward informative, truthful reports and reduce incentives to manipulate. In

this dissertation, I use the term strategic alignment to emphasize that the scoring rule

aligns participants’ incentives with honest and effortful reporting. Some mechanisms
provide truthfulness in equilibrium, while later work establishes stronger dominant-
truthfulness guarantees: any untruthful strategy, which is less preferred, yields a lower
expected score [Kong, 2020, 2024b].

 Statistical alignment. The natural language generation (NLG) evaluation literature
develops metrics intended to agree with human judgments on benchmark datasets, and

I refer to this property as statistical alignment. In this sense, a metric is statistically

aligned when it tracks human ratings on observed data samples.

Although these traditions address closely related problems, interestingly, they have largely
remained separate. As Burrell and Schoenebeck [2021] point out, the information elicitation
literature has focused primarily on strategic alignment, with far less attention to the statistical
alignment of the resulting scores, despite its importance for fairness. Conversely, in NLG
evaluation, high correlation on a fixed benchmark is insufficient: it does not guarantee
robustness under distribution shift or strategic behavior. Recent evidence demonstrates
that LLM-as-a-Judge can be gamed: applying superficial tricks can inflate scores without
improving underlying quality [Xu et al., 2025, Raina et al., 2024]. While LLMs themselves
are non-strategic entities, the benchmarks provide quantitative targets that create incentives
for engineers developing new models. This dynamic exemplifies Goodhart’s Law: “When a
measure becomes a target, it ceases to be a good measure.”

Strategic alignment also connects to the core question of generalization in machine learning:
alignment should persist when the distribution shifts. The phenomenon of shortcut learning
[Geirhos et al., 2020] provides a compelling example, models that exploit spurious correlations
in training data fail to generalize, analogous to how agents might exploit loopholes in
evaluation metrics that lack strategic alignment.

A further challenge is that existing information-elicitation mechanisms do not directly
generalize to textual reports. Classical peer prediction mechanisms rely on the joint distribu-
tion of agents and peers’ private signals. However, previous methods to estimate this joint
distribution, such as learning the joint distribution from multiple tasks [Shnayder et al., 2016]

or directly eliciting second-order predictions [Prelec, 2004], only work on structured categori-



cal or numerical responses. Text, by contrast, is rich, high-dimensional, and semantically

nuanced, which creates new challenges for information elicitation and evaluation.

Thesis statement. This dissertation argues that strategic and statistical alignment should
not be treated in isolation. Aligned elicitation or evaluation of textual information without
gold-standard references requires both: scores should encourage honest, informative behavior,
and they should also track underlying quality in the data distributions that matter. To this
end, I develop methods that combine ideas from information elicitation theory with tools
from large language models to assess semantic informativeness in settings where references

are missing, noisy, or themselves of unverified quality.

Scope and relationship to broader evaluation goals. The form of quality studied

in this dissertation is what I call semantic informativeness: whether an evaluation score

faithfully reflects how much useful, truthful, task-relevant information a report conveys.
Semantic informativeness is only one dimension of evaluation, not a complete account of all
socially important properties of Al systems.

Recent work emphasizes broader desiderata: Holistic evaluation frameworks consider
dimensions such as accuracy, calibration, robustness, fairness, bias, toxicity, and efficiency
[Liang et al., 2022]. Alignment research on general-purpose assistants emphasizes helpfulness,
honesty, and harmlessness [Askell et al., 2021]. Truthfulness benchmarks focus specifically
on factual honesty [Lin et al., 2022]. Fairness research shows that fairness is not a single
property, but a family of desiderata tied to different harms, affected groups, and deployment
contexts [Gallegos et al., 2024]. Pluralism asks whether a model can represent, preserve, or be
calibrated to multiple legitimate human perspectives rather than collapsing them into a single
consensus [Sorensen et al., 2024]. All these concerns are important, and this dissertation does
not aim to provide a universal metric for all of them.

The narrower focus on semantic informativeness is nonetheless one of the foundational
targets. For many knowledge-intensive tasks, informativeness is a precondition for usefulness:
a response cannot be genuinely helpful if it carries little or no task-relevant signal. Likewise,
mechanisms that strategically reward truthful, effortful reporting can help discourage random
guessing and some forms of hallucination [Wu and Hartline, 2024]. At the same time, pluralism
reminds us that disagreement is not always noise, especially in open-ended tasks such as peer
review, where different stakeholders may reasonably prioritize different values. The methods
in this dissertation therefore address a specific core property while leaving room for future

integration with broader evaluation goals.



1.1 Contributions

This dissertation makes four main contributions.

Contribution 1: Interpretable metric for information elicitation mechanisms.
First, I study statistical alignment within the general information elicitation setting. I
propose an interpretable metric for information elicitation mechanisms, named Spot Check
Equivalence (SCE), which measures the performance of a mechanism by comparing it to spot
checking (random verification against ground truth).

Beyond truthfulness, previous literature has proposed at least three metrics to compare
the performances of information elicitation mechanisms [Zhang and Schoenebeck, 2023b, Gao
et al., 2016, Burrell and Schoenebeck, 2021]. However, different metrics lead to divergent and
even contradictory results in various contexts. By introducing Spot Check Equivalence, I
harmonize these divergent stories, showing that two of these metrics, sensitivity (related to
the payment efficiency) [Zhang and Schoenebeck, 2023b] and measurement integrity (related
to ex-post fairness) [Burrell and Schoenebeck, 2021], are actually the same within certain
contexts, both capturing different aspects of the impact of statistical alignment. Furthermore,

I explain why the third metric [Gao et al., 2016] diverges.

Contribution 2: Strategically-aligned mechanism for textual information elicita-
tion. Second, I design strategically-aligned (i.e., truthful) information elicitation mechanisms
specifically for textual information. I introduce two mechanisms: the Generative Peer Predic-
tion Mechanism (GPPM) and the Generative Synopsis Peer Prediction Mechanism (GSPPM).
These mechanisms utilize LLMs as predictors, mapping from one agent’s report to a prediction
of their peer’s report.

Theoretically, I show that when the LLM prediction is sufficiently accurate, the mechanisms
can incentivize high effort and truth-telling as an (approximate) Bayesian Nash equilibrium.
Empirically, I confirm the efficacy of the mechanisms through experiments conducted on two

real datasets: the Yelp review dataset and the ICLR OpenReview dataset.

Contribution 3: Dual-aligned evaluation metrics for NLG evaluation. Third,
I design evaluation metrics for NLG evaluation to achieve both strategic and statistical
alignment without requiring gold-standard references. Building upon GPPM, which already
ensures strategic alignment, I introduce a simple but necessary modification to improve
statistical alignment as well, making it more suitable for NLG evaluation problems.

I propose GEM (Generative Estimator for Mutual Information), which uses a generative

model to estimate mutual information between candidate and reference responses. In

4



experiments on a human-annotated dataset, GEM demonstrates competitive correlations
with human scores compared to GPT-40-as-a-Judge, and outperforms all other baselines.
Additionally, GEM is more robust against strategic manipulations, such as rephrasing or
elongation, which can artificially inflate scores under a GPT-40-as-a-Judge.

GEM broadens the scenarios where people can benchmark LLM generation performance,
extending from traditional tasks like machine translation and summarization (where gold
standards are readily available) to subjective tasks without clear gold standards, such as
academic peer review. I present GRE-bench (Generating Review Evaluation Benchmark),
which evaluates LLMs based on how well they generate high-quality peer reviews for academic
research papers. Because GRE-bench is built upon GEM, it inherits its alignment properties.
Additionally, GRE-bench circumvents data contamination problems (or data leakage) by
leveraging the continuous influx of new open-access research papers and peer reviews each

year.

Contribution 4: Systematic design and test framework for aligned text evaluation
metrics with f-mutual information. Fourth, I study how aligned text evaluation
metrics should be constructed and validated systematically. Existing mutual-information-
based metrics for text evaluation, such as GPPM, GEM, and TVD-MI [Robertson and Koyejo,
2025], were proposed for overlapping goals but evaluated on different datasets and with
different criteria, making direct comparison difficult. To address this, I introduce a systematic
test framework organized around three test principles: correlation with human judgments,
degradation sensitivity, and manipulation resistance.

I also develop a unified f-mutual-information design framework for constructing aligned
text evaluation metrics. In this framework, each metric is specified by a design triple consisting
of the information measure, the estimation method, and the text distribution model together
with its scoring granularity. This decomposition recovers prior methods such as GEM, GPPM,
and TVD-MI as special cases, while revealing a broader design space for new metrics.

Combining the test and design framework, I conduct controlled factorial experiments
across peer review, summarization, and question answering tasks to isolate how individual

design choices affect human correlation, degradation sensitivity, and manipulation resistance.



CHAPTER 2

Spot Check Equivalence: An Interpretable Metric for
Information Elicitation Mechanisms

2.1 Introduction

Eliciting precise and valuable information from individuals is becoming paramount, especially
with the rising demands for data labeling in the realms of Al and machine learning. Recent
advancements, such as Large Language Models (LLMs), have proven the value of high-
quality human-labeled data. For example, Meta is estimated to have invested upward of
25 million dollars in collecting preference data from human labelers to align Llama 2 with
human preferences [Lambert, 2023]. This raises a pressing question: How can human agents
be incentivized to provide high-quality information. E.g., without the proper incentives,
human labelers for LLM alignment may not exert effort to distinguish between truthful
LLM responses and merely authoritative-sounding responses (i.e. hallucinations), even when
truthfulness is important for the task at hand.

Research from Amazon reveals that monetary compensation is the principal motivator
for Amazon Mechanical Turk workers Chen et al. [2011], and indeed the primary solution
is to monetarily reward agents in exchange for effortful and truthful labeling. Two distinct
compensation strategies, spot-checking Jurca and Faltings [2005] and peer prediction Miller
et al. [2005], each rate the quality of user feedback with a score. This score can then be
transformed into a payment for an agent.

Spot-checking mechanisms reward agents by comparing their reports with the ground
truth on a small fraction of gold standard questions. When the ground truth information
is expensive or even infeasible to obtain, peer prediction mechanisms are proposed, which
reward an agent based on the correlation between her reports and the reports of other agents.

To understand and compare the performance of mechanisms developed from these
paradigms, there is a need for standard metrics similar to accuracy, recall, and F1 score used

in supervised learning. Notice that all these metrics range from 0 to 1 where 1 is good/perfect



and 0 is bad. While several studies have proposed methods for comparing these mechanisms
[Zhang and Schoenebeck, 2023b, Burrell and Schoenebeck, 2021, Gao et al., 2016], there
remains a conspicuous gap for both a unified understanding of how these metrics relate, and,
if possible, a unified interpretable metric.

To this end, we introduce the concept of Spot Check Equivalence (SCE), which uses a spot-

checking mechanism as a benchmark to quantify the motivational proficiency of an arbitrary

incentive mechanism. As introduced in Zhang and Schoenebeck [2023b], the motivational
proficiency is the minimum cost of budget to induce a desired effort level in a symmetric
equilibrium. Then, a SCE of 1 will indicate that a mechanism does as well as a certain
spot-checking mechanism does when the spot-checking mechanism has access to the ground
truth of every task. A SCE of 0 will indicate that a mechanism does as well as this same
spot-checking mechanism when it has no access to the ground truth of any task (essentially,
it is paying agents randomly). Note that accessing the ground truth might be costly, e.g.,
hiring an expert to get the ground truth might be much more expensive than hiring several
non-expert crowd workers. Thus, SCE can quantify the considerable cost savings that might
be achieved by employing a peer prediction mechanism over a straightforward spot-checking
mechanism.

By sufficiently harshly punishing the agents for the checked low-quality reports, spot-
checking mechanisms can effectively motivate effort, even when only a small fraction of the
tasks are checked. However, in most real applications, the payoff should be non-negative
which precludes this approach.

Gao et al. [2016, 2019] study a peer grading setting where agents are modeled as having a
binary choice for the effort to exert: low versus high. In their setting, the goal is to minimize
the fraction of random questions that must be spot-checked to incentivize agents to exert
high effort (make choosing high effort a Nash equilibrium). They find that, in their model,
combining spot-checking with peer prediction does not help reduce the spot-checking ratio
required to achieve the desired incentive properties, i.e. peer prediction makes things worse.
However, their results rest on several assumptions, which we will discuss later in Section 2.6.

Burrell and Schoenebeck [2021] propose a metric called Measurement Integrity to quantify
the ex-post fairness of a peer prediction mechanism. Mechanisms with high Measurement
Integrity can produce payments that are strongly correlated with the quality of the agents’
reports. Their motivation and definitions look beyond incentives to fairness. They do not
study spot-checking mechanisms, but it is clear that the more agents are spot-checked the
more accurately their scores will reflect their true quality. For example, with ground truth for
all the tasks, an agent’s score could exactly reflect the true quality of her responses. Moreover,

they model continuous effort but do not establish a clear link between Measurement Integrity



and the ability to incentivize effort.

Zhang and Schoenebeck [2023b] study incentivizing effort in a crowdsourcing setting
where agents can choose their effort from a continuum. Their goal is to maximize the
motivational proficiency by rescaling the scores output by the incentive mechanism into
practical payments. They suggest a tournament-based payment scheme: first rank the agents
based on their scores output by an incentive mechanism, and then pay a predetermined
reward for each ranking. Under the tournament setting, they further propose a sufficient
statistic of a mechanism’s motivational proficiency, called the Sensitivity. Intuitively, the
Sensitivity measures how responsive a score is to changes in an agent’s effort. For example, a
spot-checking mechanism that checks a larger fraction of tasks is more sensitive to changes
in an agent’s effort (intuitively, it has more chances to detect a change), and thus has a
larger motivational proficiency. However, there is a lack of discussions on how to estimate
Sensitivity in practice.

An apparent contradiction arises. Zhang and Schoenebeck [2023b] empirically show that
when agents exert a reasonably high effort, peer prediction mechanisms have Sensitivity
competitive with spot-checking mechanisms that randomly check 20% of the tasks. However,
the aforementioned implication of Gao et al. [2016, 2019] would seem to predict that the

spot-checking mechanisms are always superior to peer-prediction mechanisms.

Our contributions. First, we propose Spot Check Equivalence which uses the equivalent
spot-checking ratio as an interpretable way to measure an information elicitation mechanism’s
performance under specified information elicitation contexts. We study the Spot Check
Equivalence based on Measurement Integrity and Sensitivity, and demonstrate its effectiveness
as a metric for motivational proficiency both theoretically and empirically.

Second, we unify Measurement Integrity (the metric for ex-post fairness) and Sensitivity
(the metric that serves as a proxy for motivational proficiency). In particular, we prove
that Spot Check Equivalence based on Measurement Integrity and Sensitivity are sometimes
exactly the same. We also show why these results differ so much from Gao et al. [2016, 2019,
and thus refute, or at least qualify, the titular statement that “Peer-prediction makes things
worse."

Third, we present two approaches to compute Spot Check Equivalence, which are suitable
for settings with and without ground truth data, respectively. Our method enables the
comparison of the motivational proficiency of different mechanisms across various information
elicitation contexts. Furthermore, our simulation results show that both approaches result in

similar estimations of SCE, which implies the robustness of our methods.



2.2 Model

In this section, we will give a formal definition of the information elicitation context (Fig-

ure 2.1), and then formally define the Spot Check Equivalence.
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I
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Figure 2.1: Information Elicitation Context
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2.2.1 Information Elicitation Context

Formally, as shown in Figure 2.1, an information elicitation context (IEC) is defined as a
tuple:
Information Elicitation Context (I EC) := (Agent, App, Mech)

where Agent = (I, ¢, e) represents the agents and their properties, App = (J,GT,w, %, D)
represents an information elicitation application abstraction, and Mech = (M, P) represents
a mechanism. We assume that the information elicitation context is common knowledge for

all the agents.

Agent In Agent = (I,c,e): I is the set of agents; e = [e;]icr € [0, 1]/! represents all agents’
effort levels; the cost function ¢ : [0,1] — R™ U {0} maps an effort level to a non-negative,

increasing, and convex cost. Notice agents are homogeneous and share the same cost function.

Application Abstraction App = (J,GT,w, X, D) comprises the task set J, the ground
truth space GT, the prior of the ground truth w = Agy, the signal space ¥, and the

data-generating process D = (Dqssign, Dsignat)-



Dssign describes how the tasks are assigned to the agents.
Dassign . Ag

where G represents the space over G, and G = (I U J, Eg) represents a bipartite graph
between [ and J, indicating how the tasks are assigned to the agents.
Dyignar describes how the signals are generated: the distribution of agent 4’s signal on task
J conditioned on the effort e; € [0, 1] and task j’s ground truth g; € GT, given the edge
(i,7) € Eg:
Dyignar : [0,1] x GT — AX

Agents’ Report We assume agents truthfully report the signals they obtain from the
application abstraction conditioned on their effort levels. Further discussion will be provided

in Appendix 2.7.1. And we denote the agent i’s report on task j as r;; € X.
Application Instance With the specified Agent = (I,¢c,e) and App = (J,GT,w, %, D),
we can generate an instance representing a realized information elicitation application:
 For the given I, J, we sample an assignment graph G according to Dgssign.
« For each task j € J, we independently sample its ground truth g; from the prior w.

» For each pair (7, j) € Eg, we independently sample agent i’s signal on task j from the

distribution Dy;gnai(e;, g;), denoted as o;; € 3.
« For each pair (4, j) € Eq, as we assumed, the agent i’s report r;; = 0;;.
The mechanism, introduced presently, takes the application instance as input.
Performance Measurement The performance measurement M is a component of the
mechanism Mech = (M, P). It maps the agents’ reports to their performance scores.

Formally,
(Peer Prediction) M : weel — o RHI

(Spot-checking) M : $1Eel x G llenecieal R

Note that the spot-checking performance measurement can access the ground truth of the
checked tasks Jepecked € J.
We use s; € R to denote agent i’s score, and s = [s;];e; to denote the vector of all agents’

Scores.
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Payment Scheme The payment scheme P is the other component of the mechanism. It
maps the agents’ performance scores to the payoffs, which are directly related to their utilities.
Formally,

(Payment Scheme) P : Rl — (R* U {o})"

We use p; € R* U {0} to denote payoff of agent i, and 5 = > ,c;p; to denote the total
payment among all the agents. And we denote the vector of all the agents’ payoffs as
P = [pilier-

For intuition, we give two examples of payment schemes:

Definition 2.1 (Linear Payment Scheme). A linear payment scheme pays a payoff p; = a-s;+b

to each agent i, where a,b are the constant parameters.

Definition 2.2 (Tournament Payment Scheme). A tournament payment scheme first ranks
the agents according to their scores and then pays the i-th ranked agent p;, where py, pa, ..., pj1|
are constant parameters that monotonically decrease, i.e., p; > py when 1 < i'. Without loss

of generality, we assume s; > sy > ... > 8|1, and thus p; = p;.

Report quality. Given an instance, we can define the quality of an agent’s report. The

quality function @) for one report is a deterministic loss function:
(Quality Function) @ : ¥ x GT — R

Agent i’s overall report quality ¢; is defined as the average of her reports’ qualities, i.e.

¢ = Xjijec @(rij, gj). We denote the vector of all the agents’ qualities as q = [gi]ic;-

w9 S Quality g; = Q)

(l\w\"'d‘E
. randomness
o randomness randomness
A.t i é | > Scores; > Payoffp;
gentt Effort e Performance Measurement Payment
M(ry, r-;, G) Scheme

Report rj = {r;;}

Utility u; = p; — c(e;)

Best response

Figure 2.2: An Agent’s Perspective of an Information Elicitation Context

Equilibrium We assume that the agents choose their effort level according to the following

equilibrium.
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Definition 2.3 (Symmetric local equilibrium). Given an IEC where all the agents exert
effort e; = € and E[X;crpi] > |I| - ¢(§) (Individual Rationality is satisfied), we say it is a

symmetric local equilibrium if the derivative of every agent’s utility is 0, i.e.

0
%U(ei, e_i =¢)

ei=§ — 0

Note that, at this equilibrium, a%u(ei, e; = &)

being a Nash equilibrium. Zhang and Schoenebeck [2023b] show empirical evidence that a

e;=¢ = 0 is a necessary condition for {

local equilibrium is very likely to be a Nash equilibrium in the model we mainly discuss in

our paper. In the rest of our paper, our discussion will focus on this equilibrium.

2.2.2 Motivational Proficiency

The motivational proficiency of a component (a mechanism, a performance measurement, or
a payment scheme) within an information elicitation context I EC represents its ability to
incentivize effort. To quantify it, we fix all the other components of the I EC' and quantify
the expected total payment for eliciting a fixed effort level at the equilibrium (Definition 2.3),

lower expected total payment implies higher motivational proficiency.

Definition 2.4 (Motivational proficiency). We define the motivational proficiency of a
component (Mech, M, or P) within an information elicitation context IEC where all the
agents exert effort level & as the negative expected total payment needed to realize the symmetric
local equilibrium (Definition 2.3) at effort level & when substituting the component into the

information elicitation context.

As we discussed in the introduction, Zhang and Schoenebeck [2023b] show that tournament
payment schemes have higher motivational proficiency compared to linear payment schemes
in certain settings where limited liability is needed. Therefore, in the following discussion,
we will focus on the motivational proficiency of performance measurements in information
elicitation contexts with a tournament payment scheme. In Section 2.5, we quantify the total
payment in an information elicitation context with tournament payment.

We provide a simple example that illustrates the calculation of expected total payment in
an information elicitation context with a winner-take-all tournament payment scheme. In
the next section, we then demonstrate the Sensitivity and the Measurement Integrity in this

example.

Example 2.5. Consider a simple case where there are two agents (1 and 2) working on a

large number of tasks. FEach agenti € {1,2} can choose to exert a non-negative effort level e;,
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which incurs a cost c(e;). And we use a quadratic cost function, c(e;) = €2, which is one of
the simplest functions that satisfies all the properties of a cost function.

Since the signals are independent conditioning on an agent’s effort level and the spot-
checking performance measurement checks each task w.a.r., we use normal distributions to
approximate the quality and performance score: Agent i’s report quality is q; ~ N(e;, 1),
and the performance score is s; ~ N(q;,0%), where o is monotonically decreasing with the
spot-checking ratio. Consequently, we have that s; ~ N(e;, 0% + 1)

The expected utility of agent i is

u;(e;) = Pr[i wins the tournament] - payoff —c(e;)

Pr[i wins the tournament] = Pr[s; — s_; > 0], where —i denotes the other agent. Notice
that (s; — s_;) ~ N(e; — e_;,20% + 2) because the difference of two normal random variables

is also a normal random variable where the variances add. Therefore, we have
Pr[i wins the tournament] = CDFy(c_, 252+2)(€;)

where CDFy(c_, 20242) @5 the cumulative distribution function of the mormal distribution
N(e_;,20% +2).
To achieve the symmetric local equilibrium at effort level &, we set the derivative of agent

1’s expected utility at e; = & equal to 0.

0

afguz(f) = Pdi(§,202+2) (f) - payoff —2§ =0

where pdfeao2+2) is the probability density function of normal distribution N(&,20% + 2),

which is the derivative of Pr[i wins the tournament| at e; = £. By simplification, we get,
1

PAf N (e 20242) () = Pyt Solving for the payoff, we have

payoff = 4¢ - y/m - (62 + 1)

In addition, we need to keep Individual Rationality, i.e. the expected utility for each agent
should not be negative so that rational agents will not leave, which implies the total payoff to
all agents should cover the total cost of all agents, i.e., payoff > 2¢(£) = 262, Putting these
together, the payoff should be

payoff = max (2{2, dy/m- (62 +1) - 5)
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In the above example, we note that, o monotonically decreases with the spot-checking
ratio, and the total payoff monotonically increases with o when IR is not binding. Therefore,
we can see that a higher spot-checking ratio leads to a lower total payment when IR is not

binding, and consequently, a higher motivational proficiency.

2.2.3 Measure of Performance Measurements

In addition to motivational proficiency, there are other measures of performance measurements,
as we discussed in the introduction, including Sensitivity [Zhang and Schoenebeck, 2023b] and
Measurement Integrity [Burrell and Schoenebeck, 2021]. We propose the general definition of

a measure of performance measurement M.

Definition 2.6 (Measure of Performance Measurement). A measure f of performance
measurement M within information elicitation context IEC maps the IEC with M to a
real number, denoted as f(IEC < M) € R, where the leftarrow means we apply M in the

information elicitation context [EC.

We now show the two examples of measure f, Sensitivity [Zhang and Schoenebeck, 2023b]
and Measurement Integrity [Burrell and Schoenebeck, 2021].

Sensitivity Zhang and Schoenebeck [2023b] propose the Sensitivity as a proxy of the
motivational proficiency of a performance measurement. They show that the motivational
proficiency highly depends on the Sensitivity (Definition 2.7, Lemma 2.8), which measures
how an agent’s performance score changes when she deviates from the equilibrium effort level
¢. When all other agents exert effort £, we denote the mean of agent i’s score as ps(e;), and

the standard deviation as o4(e;).

Definition 2.7 (Sensitivity Zhang and Schoenebeck [2023b]). The Sensitivity of a performance
measurement within an information elicitation context IEC at equilibrium effort level £ is
defined as

a%i/v%(ei) e;=¢

0s(£)
Lemma 2.8 (Proposition 4.8 in Zhang and Schoenebeck [2023b]). If the agent i’s score s;
follows a normal distribution N(us(e;),os(e;)?), the expected total payment to elicit effort &

Sensitivity (I EC < M) = §(§) =

will (weakly) decrease in the Sensitivity 0(£) in a specific information elicitation context with

any tournament payment scheme.
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To illustrate, we show the Sensitivity (&) in Example 2.5.

0
Ao 1
5(5) - 0'5<§> - 0_2 + 1

We find that the total payment in Example 2.5, max (252, dy/m- (02 +1)- f), is inversely
proportional to the Sensitivity when IR is not binding, which aligns with the Lemma 2.8.

Measurement Integrity To measure the ex-post fairness of a performance measurement,
Burrell and Schoenebeck [2021] propose the Measurement Integrity, which is defined as the

expected correlation between the quality of the agents’ reports and their performance scores.

Definition 2.9 (Measurement Integrity). Formally, the Measurement Integrity of a perfor-
mance measurement M with respect to a quality function QQ and a correlation function corr,

within an information elicitation context IEC is

MI (IEC <+ M) = Erpc [corr (s, q)]

Q,corr

In Example 2.5, we can see that the motivational proficiency highly depends on how an
agent’s performance score correlates with her report quality. In the example, the Pearson
correlation coefficient between the agent i’s report quality and score is as follows.

Elg; - si] — E[g:|E[s:] 1

iy Si) = -
p(ai, 5:) P o)

Note that the total payment is also inversely proportional to the Pearson correlation
coefficient! And the Sensitivity has the same form as the correlation in this example.

This example intuitively shows that the correlation between the agents’ report qualities
and scores can be a proxy for a performance measurement’s motivational proficiency. And
both the report quality and score are accessible in real data.

Therefore, we can employ both Sensitivity [Zhang and Schoenebeck, 2023b] and Measure-
ment Integrity [Burrell and Schoenebeck, 2021] as our proxy for motivational proficiency. In

Section 2.3, we further formally unify these two proxies within our model.

2.2.4 Using Spot-checking as a Reference: Spot Check Equivalence

Even though we have metrics which can compare two performance measurements, there is
still a need for a metric for a performance measurement whose value is per se. Our idea is to

take any metric of performance measurements, f, and convert it to an interpretable metric
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as follows: instead of using the actual value of f applied to some performance measurement,
instead use the checking ratio of the spot-checking performance measurement who, when also
evaluated by f, yields a value equivalent to that of the performance measurement.

First, we adopt the definition of spot-checking performance measurement from Gao et al.
[2016], and assume it can access the ground truth, thus, it is an idealized spot-checking.
Given that we exclusively focus on this particular spot-checking, we might omit the term

"idealized’ in subsequent discussions for brevity.

Definition 2.10 (Spot-checking performance measurement (idealized)). An (idealized) spot-
checking performance measurement is denoted as a tuple SC := (X, S,C), which checks X
percent of all the tasks u.a.r.; then scores the agent i with S(r;;,g;) for each checked task j,
and score C' € R for each of the unchecked tasks.

Intuitively, a higher checking ratio leads to less noise, so high effort is easier to notice,
which is beneficial for both motivational proficiency and ex-post fairness. Thus, we can use
the equivalent spot-checking ratio as a metric for both motivational proficiency and ex-post
fairness of a performance measurement.

Formally, we can define the Spot Check Equivalence as follows.

Definition 2.11 (Spot Check Equivalence). For a performance measurement M within an
information elicitation context IEC' = (Agent, App, Mech), at the symmetric local equilibrium
e =&, given a measure of performance measurements f (Definition 2.6), we define the Spot

Check Equivalence SCE of M, with respect to a spot-checking mechanism SC' as
SCE(IEC < M) =supx{f(IEC <+ M) > f(IEC «+ SC(X, S,C))}

In our following discussion, to make the spot-checking mechanism SC(X, S, C') non-trivial®,
we use a quality function to score the agents for checked tasks, i.e. S = (). And since we will
apply a payment scheme after the performance measurement, the value of the constant score
C' for unchecked tasks does not matter, thus, we set C' = 0. We then use SC(X) to denote
SC(X,8=Q,C=0).

In the next section, we will theoretically prove the unification of Sensitivity and Mea-
surement Integrity in certain settings, and consequently, we can show that the Spot Check
Equivalence based on the Sensitivity or Measurement Integrity can be used as an interpretable
metric for the motivation proficiency of an information elicitation performance measurement.
We will show more empirical evidence in our agent-based model simulations (Section 2.5)

when relaxing the theoretical assumptions.

!An example of a trivial spot-checking mechanism is S(r;;,g;) = 0 and C = 0.
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2.3 Unification of Sensitivity and Measurement Integrity

In this section, we formally prove that the Spot Check Equivalence based on Sensitivity
or Measurement Integrity can be used as a proxy for Spot Check Equivalence based on
motivational proficiency in certain settings. Given that computing these three measures has
different requirements, the unification allows us to compute Spot Check Equivalence and
consequently, measure the motivational proficiency in more scenarios.

We formally propose and prove the unification of Measurement Integrity and Sensitivity
in our main theorem (Theorem 2.15). Recall that Zhang and Schoenebeck [2023b] have
shown that, within certain settings, high Sensitivity leads to low expected total payment
(Lemma 2.8) when applying a tournament payment scheme. Putting these together, we
have that the Spot Check Equivalence based on motivational proficiency, Sensitivity, and

Measurement Integrity are equal.

Theorem 3.4 (Main Theorem)

P

Measurement Sensitivit Expected Total
Integrity Y Payment

L 2.7
{ Spot Check ] cnma

. [Zhang and Schoenebeck, 2022]
Equivalence

Figure 2.3: Theoretical Analysis Overview: Spot Check Equivalence based on Measurement
Integrity, Sensitivity and motivational proficiency (negative expected total payment) are
equivalent.

Since the Sensitivity relies on the distribution of the performance score, we make the
following assumptions about the distributions of the quantities in our model, similar to prior

work [Zhang and Schoenebeck, 2023b].

Assumption 2.12 (The Gaussian assumption for the quality). Given effort level e;, the quality

g follows a normal distribution N (e;,04(e;)?). And we further assume that o) (e;) << oq(e;).

Assumption 2.13 (The Gaussian assumption for the score). Given the report quality q;, the

score s; follows a normal distribution N (jis4(q:), 0514(q:)?)-

Zhang and Schoenebeck [2023b] show empirical evidence that the performance score
roughly follows a normal distribution, here, we further make this assumption for the quality,
a quantity that did not exist in the prior work [Zhang and Schoenebeck, 2023b]. When the
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number of agents and the number of tasks per agent grows large, it is reasonable to assume
the quality is normal distributed because it can typically be seen as the sum of many i.i.d.
random variables.

Note g is different from the p, in the definition of Sensitivity, in particular,
pe(e) = [ (@) Prlgle] da

Assumption 2.14 (Independence assumption for scores). When all agents have the same
effort level e; = & and the number of agents |I| goes to infinity, the agents’ performance scores

are independent.

Note that different agents’ qualities ¢; are independent. When we apply a spot-checking
performance measurement, the scores are naturally independent. When we apply a peer-
sensitive performance measurement (e.g. peer prediction), an agent’s performance score
depends on her report quality as well as other agents’ report quality. However, as the number
of agents grows large, the amount that one agent’s reports can impact another agents’ scores
will go to zero. Thus, we assume that the scores are independent when the number of agents

goes to infinity (Assumption 2.14).

Theorem 2.15 (Main Theorem). For a given performance measurement M within an infor-
mation elicitation context I EC where every agent ezerts effort level £, when Assumption 2.12
2.18 and 2.14 are satisfied, there exists a linear bijection between the Mlg corn(IEC < M)
and the Sensitivity 0(€), where corr is the sample Pearson correlation coefficient and the

number of agents goes to infinity.

The proof of Theorem 2.15 is provided in Appendix A.1.

Note that our main theorem (Theorem 2.15) relies on Assumption 2.12, 2.13, and 2.14, thus,
it is important to examine whether the unification of motivational proficiency, Sensitivity,
and Measurement Integrity is still true with real scores calculated by various performance
measurements. In Section 2.5, we will demonstrate some positive evidence from our agent-

based model experiment, where Assumption 2.12, 2.13, and 2.14 are relaxed.

2.4 Computing Spot Check Equivalence

Given the unification of Sensitivity and Measurement Integrity, if we can compute the
Sensitivity or Measurement Integrity of a performance measurement, we can get the Sensitivity-
based or Measurement Integrity-based Spot Check Equivalence respectively, and consequently,

we can get an interpretable metric for motivational proficiency.
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If the measure f(I/EC < SC(X)) is monotonic with respect to X, we can use a binary
search algorithm (Algorithm 1) to compute the Spot Check Equivalence.

ALGORITHM 1: Binary Search algorithm for SCE
Input: Information Elicitation Context [ EC, Performance Measurement M, step
size €
Output: Spot Check Equivalence SC'E
Function BinarySearchSCE(M, f):
low = 0, high = | 100/¢|
while low < high do

mid — {lowghith
if f(UEC + SC(X =midxe¢)) < fUEC + M) then
ans = mid
low = mid + 1
end
else
| high = mid — 1
end

end
return ans

Furthermore, a linear combination of the two spot-checking ratios which has adjacent

measure f may be applied for a better approximation.

fUEC <~ M) — f(IEC «+ SC(ans))

SCFE = ans + € - f(IEC « SC(ans +¢€)) — f(IEC + SC(ans))

2.4.1 Computation with Ground Truth

We first propose a workflow to compute the Spot Check Equivalence with the ground
truth of the tasks. The Spot Check Equivalence is like accuracy, recall, and F1 score in
machine learning, which can only be calculated on training or testing datasets rather than
real applications. Similarly, it is reasonable to create datasets to evaluate the information
elicitation performance measurements, get a good sense of their motivational proficiency, and
then decide which performance measurement to apply in real applications.

With the ground truth of the tasks, we can calculate the quality of the reports, and then,
use the correlation between the agents’ scores and qualities to estimate the measurement
integrity of the performance measurement M and SC(X).

Intuitively, as more tasks are checked, the score s; will be more correlated to the quality g;.

Our agent-based model experiment also shows that the Measurement Integrity monotonically
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increases with the spot-checking ratio (Section 2.5.2). Therefore, we can apply Algorithm 1

to estimate the Spot Check Equivalence based on Measurement Integrity.

2.4.2 Computation without Ground Truth

Considering the current lack of information elicitation dataset, we propose another method
to estimate the Spot Check Equivalence without the ground truth.

Recall the definition of Sensitivity (Definition 2.7), both the derivative of the performance
score a%iﬂs(@z‘ﬂei:& and the standard deviation o,(§) do not require access to the ground

truth. The standard deviation o4(§) can be estimated by the standard deviation of {s;}

given that all the agents are homogeneous. However, in real data, to estimate %us(ei) =€
is tricky because the score after deviating from £ is not accessible.

We adopt the idea of bootstrap sampling: we randomly select an agent ¢, and if we know
how the effort impacts the report, we can randomly manipulate her report as an intentional
degradation of her effort by some . We then compute the mean difference between all

selected agents’ scores before and after the manipulation, denoted as Au. Note that the

mean difference Ap can be regarded as an estimation of ¢ - a% phs(€i)|e;=¢, and consequently,
Ap/os is proportional to the Sensitivity. For example, if decreasing the effort brings uniform
noise, we get the Algorithm 2. In Section 2.5.3, we present evidence demonstrating that

Algorithm 2 works in our agent-based model simulation.

2.5 Effectiveness of the Spot Check Equivalence: Agent-
Based Model Experiment

In this section, we present the results of agent-based model (ABM) experiments to evaluate the
effectiveness of the Spot Check Equivalence based on Measurement Integrity and Sensitivity in
measuring the motivational proficiency, without the assumptions we made in our theoretical
proof. We then further compare different peer prediction performance measurements with

spot-checking performance measurements in different information elicitation contexts.

2.5.1 Setup

In this subsection, we introduce our agent-based model setup. According to the formal
definition of the information elicitation context in Section 2.2, our agent-based model contains

the following components:
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ALGORITHM 2: Estimate SCE without Ground Truth
Input: Information Elicitation Context I EC', Performance Measurement M,

Iteration Times T
Output: Spot Check Equivalence SCFE
Function Estimate Au(IEC < M):
Ap =0
fort=1to 7T do
Choose i € I u.a.r.
Compute score s; with M
for (i,j) € G do
if random(0,1) > ¢ then
‘ Choose 7;; € GT u.a.r.
end

end

Compute score s; with M
Ap = Ap+(s;—s:)/T
end

return Ay

SCFE = BinarySearchSCE(M, f = Au/oy)

2.5.1.1 Agents

We consider a population of |/| = 50 agents.

Effort and Cost. Each agent i has an effort level e; € [0, 1] with an associated cost function

c(e;) = e?.

2.5.1.2 Data-generating Process (for Application Instance)

Tasks. To show the effectiveness of Spot Check Equivalence, we consider an information
elicitation application with |J| = 500 tasks. To compare the Spot Check Equivalence of

different performance measurements in various contexts, we vary |J| according to Table 2.1.

Assignment graph. The data-generating process D will randomly generate a bipartite
graph between [ and J: To show the effectiveness of Spot Check Equivalence, each agent
is assigned to 50 tasks, while each task is assigned to 5 agents. To compare the Spot
Check Equivalence of different performance measurements in various contexts, we vary the

parameters according to Table 2.1.
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Table 2.1: TEC parameter setups for ABM simulations

# agents # tasks # tasks per agent # agents per task

50 50 5 5
50 100 10 5
50 50 x K 5 x K 5

where K € {3,4,5,6,7,8,9,10}

Ground truth and signals. For generating the ground truth and signals, we will apply
the generalized Dawid-Skene model from previous work [Dawid and Skene, 1979, Zhang and
Schoenebeck, 2023b], in which:

Each task j € J has a ground truth g; € G7 where G7 is a finite set including all possible
ground truths. Since G7T is finite, we can use a vector to represent the prior distribution of
the ground truth w, whose 7th item represents the probability of ith possible ground truth.
For convenience, we also denote that vector as w.

In our experiment, we use the w learned from a dataset of a crowdsourcing task on Amazon
Mechanical Turk [Zhang and Schoenebeck, 2023b, VENANTZI et al., 2015].

w A~ [0.196,0.241,0.247,0.316]

The agent 7 will receive a signal o;; € ¥ on task j given her effort level and the task’s
ground truth. In our experiment, we assume that ¥ = G7. Then, we can define two |GT | x |2
confusion matrices, I'yorp and Tgpirp. The (row, col) entry of T'yore and Tgpp represents the
probability of getting the col-th signal conditioned on the row-th ground truth when the
agent exerts effort level 1 and 0 respectively.

When the agent i exert e; effort, the confusion matrix is
Fi = €; * Fwork + (1 - ei) * Fshirk

where the confusion matrix T'ye, is also learned from the above dataset [Zhang and
Schoenebeck, 2023b, VENANZI et al., 2015, and we set [y, as a matrix where each

row represents a uniform distribution.

0.771 0.122 0.084 0.024
0.091 0.735 0.130 0.044
0.033 0.062 0.866 0.039
0.068 0.164 0.099 0.669

Fwork ~
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2.5.1.3 Performance Measurement

We consider several performance measurements M to evaluate the effectiveness of the Spot
Check Equivalence. We implement several peer prediction mechanisms, which yield different

Spot Check Equivalences within the above information elicitation context.

Output Agreement (OA) [Von Ahn and Dabbish, 2004, 2008, Waggoner and
Chen, 2014] In the OA mechanism, we pair the agents who work on the same task, and
compare their reports. If the reports match, both agents receive a score of 1, and if they
don’t, the score is 0. One agent’s total score is the summation of the scores on all the tasks

assigned to him.

Peer Truth Serum (PTS) [Faltings et al., 2017] Similar to OA, we pair the agents
who work on the same task, and compare their reports. Instead of scoring 1 for agreement, we
score the inverse of the frequency of the agent’s report, which means, intuitively, we reward

more for the agreement of the uncommon reports.

Correlated Agreement (CA) [Shnayder et al., 2016] The CA mechanism is an
extension of Dasgupta and Ghosh [2013]’s mechanism for multi-signal information elicitation.
Without loss of generality, we denote the signal (report) space as ¥ = [1, 2, ...,n]. Given two
agents 1 and 2, let r; and ry denote the random variables of agent 1 and 2’s report on all

their tasks respectively. Then, we define an n x n delta matrix A as
Ayow ol = Prlry = row, ry = col] — Pr[ry = row] Pr[ry = col]

We score the agent according to the agreement on positively correlated reports, i.e. we

score agent 1 and agent 2 the following value.

Z A7“ow,col : ]l[Arow,col > 0]
row,col
f-Mutual Information (f-MI) [Kong and Schoenebeck, 2018b, 2019] The f-MI
mechanism scores the agent with the mutual information between her and her peer’s reports,
the intuition is that any manipulation on the two random variables will decrease the mutual
information between them. We define the f-Mutual Information between agent 1 and 2’s

report as:

f-MI= Y Pr[ry =row,ry = col|f

row,col

Pr[ry = row] Pr[ry = col]
Pr[ry = row, ry = col|
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Table 2.2: f-Mutual Information

f(z) f-divergence Notation
—log(z) KL-divergence KL
|z — 1|  Total Variation Distance ~ TVD
(VT —1)* Squared Hellinger H?
where f is a convex function and f(1) = 0. For example, when we take f(x) = —log(z),

then f-MI is the Shannon Mutual Information. Note that the f-Mutual Information could
be regarded as the f-divergence (D =Y, p(x)f (%)) [Ali and Silvey, 1966] of the joint
distribution and the product of the marginal distributions of the agents’ reports.

We list all the f-Mutual Informations we will use in our simulations in Table 2.2. Note
that when applying a Total Variation Distance divergence, the f-MI mechanism is almost
equivalent to the CA mechanism, thus, we only show the result of the CA mechanism in our

simulations.

Determinant-based Mutual Information (DMI) [Kong, 2020] Kong [2020] generalize
the Shannon Mutual Information to the Determinant-based Mutual Information (DMI). Let
an n X n matrix Uxy denote the joint distribution of two random variables, the DMI of
these two random variables are defined as DMI(X;Y) = |det(Uxy)]|.

Then, given two agents 1 and 2, the score of the DMI mechanism is defined as the product
of the DMI of the two agents’ reports on two disjoint partitions of all the tasks. Specifically,
we divide all the common tasks of 1 and 2 into two parts, calculate their DMI in these two
parts respectively, and score each agent with the product of the two DMI.

However, even though DMI demonstrates impressive theoretical properties, it does not

perform well in our simulation due to the considerable noise of its performance score (Fig-
ure 2.7).

Spot-checking In addition, to calculate the Spot Check Equivalence, we also implement
a spot-checking performance measurement (Definition 2.10) as a benchmark, in which we
use accuracy as the quality function, i.e. Q(r,g) = 1[r = g]. We denote this spot-checking
performance measurement as SC(X) where X is the checking percentage.

2.5.1.4 Payment Scheme

We now introduce the tournament payment scheme we use in our simulation.
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Borda-count payment scheme. A very intuitive way to pay an agent according to her
ranking is to pay her how many agents she beats. When there is a draw, we split the payoff

evenly. Formally, we have

pi=C - #beaten=C > <l[si > sy] + ;]l[si = 31"])

eI, i #i

where C' is a constant parameter and the total payment is C' x (lg‘).

To calculate the total payment? in the Borda-count scheme for a specific performance
measurement M for the symmetric local equilibrium where every agent exerts e; = £ effort,
we set the derivative of agent i’s expected payoff equal to 0, which implies the parameter C'

should be

_ %E[#beaten\ei, e_i = &||e;=¢

gerc(ei)le—

Note that to guarantee Individual Rationality (The agents’ expected utility is non-negative),
when the calculated optimal payment is less than the total cost of all the agents, we set the
total payment as the total cost. We assume that if a payment scheme can incentivize effort
level ¢ using the optimal payment, it can also incentivize the same effort when the total

payment is greater than the optimal payment.

2.5.2 Measurement-Integrity-based Spot Check Equivalence.

We examine whether the Spot Check Equivalence based on Measurement Integrity can
indicate a performance measurement’s motivational proficiency. Recall that the motivational
proficiency of a performance measurement could be quantified by the amount of the expected
total payment we need to elicit a fixed effort level in an information elicitation context. Thus,
in the experiment examining the effectiveness, we mainly investigate the relationship between
the Measurement Integrity and the expected total payment.

For several fixed effort levels, we apply all the performance measurements and estimate
their Measurement Integrity and the total payment needed to elicit that equilibrium with the
Borda-count payment scheme by iterating the data-generating process 5000 times. Detailed
implementation is shown in Appendix A.2.

Recall that to satisfy Individual Rationality, the total payment needs to be at least the
agents’ cost to exert the effort. Since the minimal payment is the same for all performance

measurements when the effort level is the same, we visualize that as a horizontal line in our

2Note that the total payment of Borda-count is deterministic, thus, we use “total payment” in the rest of
this section instead of “expected total payment”.
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Figure 2.4: Measurement Integrity v.s Total Payment of Borda-count payment scheme: the
xr-axis is the Measurement Integrity and the y-axis is the total payment needed to elicit
that equilibrium within the tournament payment scheme. The horizontal line shows the
agents’ cost to exert the effort level, which implies the minimal payment to satisfy Individual
Rationality.

With the results in Figure 2.4, we can observe that:
1. The Measurement Integrity monotonically increases with the spot-checking ratio.

2. The Measurement Integrity and the total payment are significantly negatively correlated.

This implies that, at a symmetric equilibrium, if a performance measurement M has
Measurement Integrity equal to spot-checking SC E%, then it has a similar motivational

proficiency, i.e. similar total payment, to that spot-checking performance measurement within
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a tournament payment scheme. Therefore, a higher Spot Check Equivalence indicates higher
motivational proficiency.

Note that, even if considering IR, the motivational proficiency is still monotonically
increasing with the Spot Check Equivalence, however, when IR is binding, more spot-checking

does not further decrease the total payment.

2.5.2.1 Measurement Integrity is a computationally efficient proxy.

In addition, we find that the Measurement Integrity converges significantly faster than the
total payment. Figure 2.5 illustrates the variation in both the Measurement Integrity and

total payment as the number of iterations goes up.

=
o]
S

=
1
ot
'
1
1
!
w
Q
=
=)
o
i

o
L
=}
o
o=

o

v

<

o

ot
1

----------------------------- — EMI(KI)
£-MI(H?)

<

=N

S
I
™)
=]

<
o
=

—
o0

Estimated Measurement Integrity
Estimated Total Payment

=
i
=
L
—
o

0 1000 2000 3000 4000 5000 0 1000 2000 3000 1000 5000
#Samples #Samples
(a) Measurement Integrity (b) Total payment of Borda-count

Figure 2.5: Convergence speed of the Measurement Integrity and the total payment: the
z-axis is the number of the samples, and the y-axis is the estimated Measurement Integrity
and the estimated total payment of the Borda-count payment scheme at effort level £ = 0.6
respectively.

In the previous results of Figure 2.4 (b), we find that when eliciting effort level of £ = 0.6,
the f-MI(kl), f-MI(H?) and CA performance measurements have a little less motivational
proficiency comparable to 50% spot-checking. Meanwhile, the OA and PTS performance
measurements are better than 60% spot-checking.

Figure 2.5 demonstrates that achieving the same outcome requires significantly fewer
iterations for the calculation of Measurement Integrity compared to the total payment. This
suggests that even when it’s possible to compute the expected total payment (e.g. with
agent-based model simulation), utilizing Measurement Integrity as a proxy offers better

computational efficiency.
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2.5.3 Sensitivity-based Spot Check Equivalence

We now examine the effectiveness of the Spot Check Equivalence based on Sensitivity as a
metric of motivational proficiency. Here, when estimating Ay /o (which is proportional to
the Sensitivity), we consider a more realistic scenario where there is only one sample from
the data generating process and no ground truth. We estimate Apu/o for each performance
measurement according to Algorithm 2 with 7" = 5000 iterations. We then compare the
Ap/o with the total payment estimated in the same way as in the previous subsection. The

results are shown in Figure 2.6.

26

-~ 2 28 4 .
EMI(H7) - MI(k]) Cost (Minimal Payment) %C(40) Cost (Minimal Payment)
s¢30)
24 A 26 |
£MI(H?) $CeY
229 SC(40) =4d
: ¢ g m[l(klf%A
2 20 A 5
23 SC(50) %22 (6
& s ®p1g ‘E ¢
;Z ®a Scn) ézo— PTS o4
16 .SC({D) 184 %C(TO)
SC(30)
4 () SC(80)
14 ®
16 4 SC(QO).
020 025 030 035 040 045 050 055 0.4 0.5 0.6 0.7 0.8
Ap/o, (Sensitivity) Apfo, (Sensitivity)
(a) effort level 0.5 (b) effort level 0.6
["&cC0
28| C0 C(60) Cost (Minimal Payment) 395 .SC(SO) Cost (Minimal Payment)
26 £MI(H?) SC(60)
° 30.01 ®
= £-MI(kl) CA 4 SC(70)
22y e EIN. .
s seqm) £275 -MI(H?)
~ PTS o CA
322 oAy Z 250 eMikl® @ SC(80)
= Sciso) = PToA
20 SC(90 5
€0 225 SC(00)
e
187 SC(100) 2001 SC(100)
() (]
06 0.7 08 09 10 11 07 08 09 10 11 12 13
Aptje, (Sensitivity) Apfo, (Sensitivity)
(c) effort level 0.7 (d) effort level 0.8

Figure 2.6: Sensitivity v.s Total Payment of Borda-count payment scheme: the x-axis is
the Ap/o and the y-axis is the total payment needed to elicit that equilibrium within the
tournament payment scheme. The horizontal line shows the agents’ cost to exert the effort
level, which implies the minimal payment to satisfy the Individual Rationality.

Similarly, with the results in Figure 2.6, we can observe that: (1) The Sensitivity monoton-

ically increases with the spot-checking ratio. (2) The Sensitivity and the total payment are
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significantly negatively correlated. This observation implies that the Spot Check Equivalence

based on Sensitivity can be used as a metric of motivational proficiency

2.5.4 Spot Check Equivalence of Peer Prediction

2.5.4.1 Peer Prediction works better to elicit high effort.

We apply the workflow in our agent-based model experiment to further compare the Spot
Check Equivalence of different performance measurements in various contexts. Previous
works [Zhang and Schoenebeck, 2023b, Burrell and Schoenebeck, 2021, Gao et al., 2016]
conduct comparisons of certain metrics in specific contexts. To further study the motivational
proficiency of the performance measurements, we calculate the Spot Check Equivalence across
various information elicitation contexts.

We then enumerate the effort levels and calculate the Spot Check Equivalence via the

Measurement Integrity of each performance measurement (Figure 2.7).
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Figure 2.7: Spot Check Equivalence on different effort levels

We find that when eliciting a low-effort equilibrium, the Spot Check Equivalence of peer
prediction performance metrics is low, however, the relative motivational proficiency of peer
prediction increases fast. That is because a peer prediction performance measurement scores
an agent according to the correlation between her report and her peers’, when every agent

exerts a low effort, her peers’ reports are noisy so the score is quite noisy.
2.5.4.2 Mutual-information-based mechanisms work better when #tasks per
agent increases.

As the number of tasks per agent increases, the SCE of OA and PTS remains the same,

while for the mutual-information-based mechanisms (CA, f-MI), the Spot Check Equivalence
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significantly increases. As the #tasks per agent increases, the estimation of the joint
distribution of two agents’ reports will be more accurate, which leads to a more accurate

score.
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Figure 2.8: #tasks per agent vs. the Spot Check Equivalence based on Measurement Integrity:
the z-axis is the number of tasks assigned to each agent and the y-axis is the Spot Check
Equivalence calculated by Measurement Integrity.

2.6 Does Peer Prediction Make Things Worse?

In this section, we provide a detailed discussion about why Gao et al. [2016, 2019] have the
result that “peer prediction makes things worse” which contradicts the other literature Zhang
and Schoenebeck [2023b] and our main results that show peer-prediction mechanisms can
have non-zero Spot Check Equivalence.

We first introduce the Information Elicitation Context in their paper.

Agent Agent = (I,c,e). The agent can choose a binary effort e € {0, 1}, where exerting

high effort has a cost ¢(1) = ¢ and exerting no effort has a cost ¢(0) = 0.

Application Abstraction In App = (J,GT,w,3, D), they also model signal generation
as a random function:

Dygignar - {0,1} x GT — AX

however, importantly, the signals of agents are not i.i.d. across agents. When the agent exerts
high effort, she will get a high-quality signal, which is drawn from a distribution conditional
on the task’s ground truth. When the agent exerts no effort, she will get a low-quality signal
that is uncorrelated with the task’s ground truth, but, crucially, the no-effort signals are

perfectly correlated across no-effort agents—they all receive the same signal.
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Performance Measurement Firstly, they assume that the scoring function in the spot-
checking performance measurement (Definition 2.10) can effectively incentivize high effort,
ie.

E [S (Dsignai(1, ;) 95)] — ¢ > E[S (Dsignar(0, g5), 95)]

In addition to the spot-checking performance measurement (Definition 2.10), they propose
a spot-checking peer-prediction performance measurement, where for the unchecked tasks,

they apply a peer-prediction performance measurement to score the agents.

Payment Scheme They fix a function f: GT7 x ¥ — R*. The payment scheme is additive
across tasks and pays agents according to f for answering spot-checked tasks, and according

to a peer-prediction mechanism for tasks that are not spot-checked.
Agent reports They allow the agents to strategically report their signals.

Equilibrium They focus on two possible equilibria. In the no-effort equilibrium, each agent
exerts no effort and uses the same strategy to report her signal. In the truthful equilibrium,

each agent exerts high effort and truthfully reports her signal.

2.6.1 Comparing Spot-checking Mechanisms and Spot-checking

Peer-prediction Mechanisms

Notice that, by assumption, with enough spot-checking, you will get the truthful equilibrium.
They use the minimum spot-checking ratio that ensures the truthful strategy profile is an
equilibrium as a measure of the mechanisms’ performance. Formally, they use ppgreto t0
denote the minimum spot-checking ratio where the truthful equilibrium Pareto dominates
the no-effort equilibrium when applying the hybrid peer-prediction/spot-checking mechanism.
They use pgs to denote the minimum spot-checking ratio where the truthful strategy profile
is a dominant strategy in spot-checking mechanism.

Then they propose a theorem for comparing the spot-checking mechanism and the spot-

checking peer-prediction mechanism:

Theorem 2.16 (Section 5 Theorem 3 in Gao et al. [2016]). For any spot-checking peer-
prediction mechanism, if the no-effort equilibrium exists and Pareto dominates the truthful
equilibrium when the cost of effort is 0 (c¥ = 0) and no task is checked (p = 0), then

PPareto = Dds fOT any c¥? > 0.
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There are three differences between the models in Gao et al. [2016] and Zhang and
Schoenebeck [2023b] that account for this stark difference.

The most obvious difference is that the payments in Gao et al. [2016] are restricted to
be additive across tasks. This is rather similar to assuming a linear payment rule when the
score is additive across tasks. However, Zhang and Schoenebeck [2023b] use tournaments,
which are not linear and typically have much better motivational proficiency.

Second, Gao et al. [2016]’s assumption of a fixed payment function f is extremely restrictive.
As we discussed in Section 2.1, when the spot-checking ratio decreases, it is possible to maintain
the same incentive properties by simply scaling up the payment function. Thus, if we scale
up f, we can make pgs arbitrarily small, and, conversely, by scaling down f, we can make pgs
arbitrarily close to 1. On the other hand, in Zhang and Schoenebeck [2023b] the mechanism
is defined as a performance measurement and a payment scheme, and the payment scheme is
optimized to work with the scoring function, rather than being artificially fixed.

Finally, Gao et al. [2016] make a key assumption on the no-effort signals being perfectly
correlated. For example, in peer grading, the writing and formatting quality is a signal that
can be accessed with very little effort while assessing the correctness both requires more effort
and will likely lead to less agreement.

Notice that the premise of Theorem 2.16 is that when the cost of effort is 0 (¢ = 0) and
no task is checked (p = 0), the equilibrium where agents exert no effort Pareto dominates the
truthful equilibrium.

Let’s zoom in on this. First, consider the case where the cost of the high effort signal
c? = 0. Notice that any spot-checking mechanism that checks any positive ratio of tasks will
have the high-effort profile as an equilibrium because agents will receive some positive payoff,
but have 0 cost.

Next, consider a peer-prediction mechanism (e.g. a hybrid peer-prediction/spot-checking
mechanism with spot-checking ratio 0). Again, the theorem is vacuously true, unless the
profile in which no agent exerts effort Pareto dominates the high-effort equilibrium because,
in the former, all agents agree and receive a maximal payoff®, but, in the latter, they do not
all agree.

Together, this shows that any peer prediction mechanisms will have a Spot Check Equiva-
lence of 0, since in this case, any spot-checking ratio that is greater than 0 will inevitably
lead to the truthful equilibrium given that the effort cost is nonexistent.

Because having a Spot Check Equivalence of 0 is an assumption of the theorem, it is no
wonder that such peer-prediction mechanisms do not help!

However, this still potentially makes for a very strong critique of peer-prediction mech-

3They are assuming here that complete agreement brings a maximum payoff.
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anisms because in many real-world settings, there exist cheap signals. For example, as
mentioned in the introduction, when humans are labeling LLM responses, it is much easier
to judge them on how authoritative-sounding the responses are than on how truthful the
responses are. However, such labels may encourage hallucinations.

Indeed, Gao et al. [2016] led to several papers trying to create peer-prediction mechanisms
that are robust against “cheap” signals (i.e. the no-effort/low-effort signals that can bring
higher agreement than the high-effort signals).

Kong and Schoenebeck [2018a] propose a peer prediction mechanism called Hierarchical
Mutual Information Paradigm (HMIP), assuming a hierarchical information structure where
high-effort (or higher expertise) agents have access to the information of low-effort (or lower
expertise) agents. HMIP encourages agents to invest effort and incentivizes truthful reporting
by paying the high-effort agents for correctly predicting the “cheap” signals from the low-effort
agents. Additionally, a human subject experiment [Kong et al., 2022] shows evidence of a

hierarchical information structure among the participants.

2.7 Related Work

Besides the theoretical literature discussing peer prediction mechanisms, as highlighted
in Section 2.5, there are empirical studies that validate these mechanisms. For instance,
Radanovic et al. [2016] experimentally tested their peer prediction mechanism in both
peer grading and crowdsourcing scenarios to validate its theoretical properties. Similarly,
Shnayder et al. [2016] employed peer grading data from the edX MOOC platform to assess
the performance of their proposed mechanisms. Spot checking in peer grading scenarios has
already been empirically examined in works such as Zarkoob et al. [2019], Wright et al. [2015].
Additionally, Goel and Faltings [2019] study combining peer prediction and spot-checking,
and introduce the Deep Bayesian Trust Mechanism that utilizes peer reports to reduce the
need for spot-checking.

Furthermore, in forecasting contexts where agents are rewarded afterward based on the
agreement between their forecasts and the outcomes, i.e. the ground truth is accessible
for little or no cost, Hartline et al. [2022], Li et al. [2022], Neyman et al. [2021] study how
to optimize proper scoring rules to incentivize effort, and consequently, elicit high-quality
information. These works suggest the possibility of optimizing the spot-checking mechanisms
by scoring the checked tasks according to the optimal proper score rules, which indicates

possible direction for future research.
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2.7.1 Discussion of the truthful report assumption.

In our Section 2.2, we assume that the agents will truthfully report their signal. This
assumption is reasonable when applying a linear payment scheme given the performance
measurement is truthful under certain settings. In particular, Dasgupta and Ghosh [2013]
propose the first multi-task peer prediction mechanism. Later on, the CA mechanism
Shnayder et al. [2016] and f-MI mechanism Kong and Schoenebeck [2019] are proposed
to generalize Dasgupta and Ghosh [2013]’s mechanism from binary signal space to finite
signal space, the MA mechanism Zhang and Schoenebeck [2023a] generalizes CA to address
task-dependent strategies, the DMI mechanism Kong aims to reduce the required number of
tasks, Schoenebeck and Yu [2020] handle continuous signals with a learning-based mechanism,
Agarwal et al. [2017] deal with the heterogeneous agents, and Schoenebeck et al. [2021]
address adversarial attacks in peer prediction.

Furthermore, Burrell and Schoenebeck [2021] examine the robustness of the truth-telling
equilibrium with agent-based model experiments. However, when applying a non-linear
payment scheme, e.g. winner-take-all, the agents may have the incentive to strategically
report their signal, e.g. increasing the variance of their score to get a higher probability
of being the winner. Zhang and Schoenebeck [2023b] propose a truthful winner-take-all
payment scheme by adding noise to the agents’ score which may hurt the incentive for effort.
However, further study needs to be conducted to study the robustness of different performance
measurements against strategic reports with other non-linear payment schemes. This gap

indicates another potential future direction of our research.

2.8 Conclusion and Discussion

In summary, our research provides a methodology for understanding the performance, espe-
cially motivational proficiency, of information elicitation mechanisms in various contexts, the
Spot Check Equivalence, and consequently offers valuable insights for the design of effective
and efficient incentive mechanisms that promote the acquisition of high-quality information.

Future research might be conducted to investigate motivational proficiency in a non-
monetary setting, e.g. in peer grading, we care about how to elicit agents’ effort with the
bounded individual payoff, since the students’ grades could only be A, B, C, F, etc. Another
future direction might be to study motivational proficiency in a more sophisticated model

where the agents have heterogeneous cost functions.
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CHAPTER 3

Eliciting Informative Text Evaluations with Large Language
Models

3.1 Introduction

Consider the following review for an academic paper:

“I didn’t get much out of reading this paper. Their methods do not seem very

rigorous. I don’t think the conclusions are supported very well.”

The above review is not very informative: its initial critique is too general, and the issues
with the methods and conclusions should have been explained more thoroughly. If the peer
review process only gathers reviews of this quality, it will struggle to make useful and fair
publication decisions. The problem has been exacerbated by large language models (LLMs),
which greatly reduce the cost of generating reviews that closely mimic human-written reviews
but often lack substantial insight Liang et al. [2023].

Here are two reviews of a randomly selected paper submitted to the ICLR' 2020. An
interesting exercise is to determine which was generated by an LLM and which was written
by a human.

Due to LLMs, it is no longer possible to filter out low-quality reviews by their length,
lack of any relation to the paper at hand, or poor grammatical constructions. In the above
example, we can observe that the Al-generated review looks informative and effectively
summarizes the paper. However, it lacks the depth and insight of the expert human review.

The need to obtain high-quality subjective human evaluation extends beyond academia to
other domains, including business, the arts, and more. For example, if customer feedback on

Amazon and Yelp is inundated with shallow reviews or those generated by LLMs, consumers

!The International Conference on Learning Representations (ICLR), a top-tier machine learning conference,
makes all of its peer review data openly accessible on OpenReview (https://openreview.net).
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The paper makes a valuable theo-
retical contribution to the understand-

I lean towards rejecting this paper ] T
ing of neural network initialization, par-

however, because I am not convinced

of the results’ significance. We already tlculquy b e cont.e}.ct ot sy.mmfetrl(':
. . functions. The empirical validation is a
know how to learn symmetric functions

(see Exercise 3.26 in Mohri et al., 2018). strong point, although the experiments
’ could be expanded to provide a more

comprehensive evaluation. The paper’s
focus on a single hidden layer network is
both a strength, in terms of theoretical
tractability, and a weakness, in terms of
practical relevance. To move forward,
the authors should consider extending
their analysis to more complex architec-
tures and providing a broader empirical
evaluation. ...

The authors’ results show that we can
inject this knowledge into a neural net-
work at initialization, and then run
SGD without making things too much
worse. [ do not see how these ideas
might apply to more substantial learn-
ing problems where our prior knowledge
is less precise. ...

Figure 3.1: An example from our study: Two reviews of a submission at ICLR2020, the left
one by a human reviewer, and the right one by GPT-4.

will struggle with making well-informed decisions Resnick et al. [2000], Tadelis [2016]. The
problem of incentivizing high-quality reviews is more important and daunting than ever.

One approach is to provide well-designed incentives for the reviewer that, in particular,
reward high-quality reviews more than low-quality reviews Srinivasan and Morgenstern [2021].
However, because reviews are subjective, their correctness cannot be directly verified. This
inherent challenge complicates the evaluation of review quality.

One straightforward idea is to ask other people to judge the quality of the reviews. But
then we face a new challenge: how to motivate these new judges? Moreover, an automated
approach that does not introduce additional participants and procedures is preferable.

Prior work has proposed the peer prediction mechanism, a powerful tool to elicit subjective
information [Miller et al., 2005]. The high-level idea is to determine the reward of a person
according to the “correlation” between her report and a peer’s report. The underlying
intuition is that better, more insightful reports will naturally align more closely with one
another. In their setting, when a person puts in the effort to understand a task, she gains a
private signal such as “good” or “bad”. She can then choose whether to report this signal
honestly. Miller et al. [2005] prove that in their setting, truth-telling is an equilibrium—if a
participant believes other people will invest effort and tell the truth, she should also do this.

However, implementing the above mechanism requires knowledge of the prior: the joint
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distribution of the private signals. In the original peer prediction mechanism Miller et al.
[2005], agents are asked to report their private signals such as “good” or “bad”. The mechanism
then predicts a peer’s report, such as 70% “good”, by getting a posterior based on an agent’s
report and the prior. The agent is then rewarded for the accuracy of this posterior prediction.
Assuming the mechanism has perfect knowledge of the prior, this incentivizes truth-telling
because only an honest report can lead to the optimal posterior.

The mechanism’s required knowledge of the prior has been seen as a major impediment to
real-world implementation of peer-prediction mechanisms. Significant advances, that follow
two main approaches, have enabled overcoming this limitation in several settings. Both these
approaches circumvented the requirement of knowing the prior by learning, not the prior
itself, but a proxy, usually the relationship between the agent reports, from agent reports
themselves.

The first approach, often called the multitask setting, involves assigning agents to multiple a
priori similar tasks. This allows learning the structure of agent reports and enables measuring
the amount of information in common between agent responses [Dasgupta and Ghosh, 2013,
Shnayder et al., 2016, Kong and Schoenebeck, 2019, Liu et al., 2023, Zhang and Schoenebeck,
2023a]. In certain settings such as multiple choice questions, even a small number of tasks
may suffice Schoenebeck and Yu [2020], Burrell and Schoenebeck [2021], Kong [2024a]. The
second approach called the signal-prediction framework, pioneered by Prelec [2004], involves
eliciting second-order predictions, that is asking how they believe other agents will respond,
for example, “I think 70% of my peers will answer ‘good’ ” [Radanovic and Faltings, 2014,
Witkowski and Parkes, 2012, Schoenebeck and Yu, 2023b, Chen et al., 2021].

However, because both these approaches rely on learning from agent responses or predic-
tions, they work better when the space is simple—either categorical (such as a multi-choice
question) or numerical (such as a rating between 0 and 10). Otherwise, the structure is
too involved to learn in the multitask setting, and the forecasts can not be communicated
efficiently for forecast elicitation.

However, reducing to such a simple space often loses the rich information within the
textual judgments. For example, in peer review, the decision of the editor/area chair often
relies more on the arguments and justifications in the textual reviews rather than merely on
numerical ratings. Furthermore, on online platforms, the inflation of ratings makes them
less reliable and distinguishable, while textual reviews tend to be more stable Filippas et al.
[2018].

Given these limitations and the recent success of large language models (LLMs), our
research question is: can we develop automated mechanisms that effectively in-

centivize high-quality, informative textual feedback by rewarding it more than
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generic or low-quality content?

Intuitively, eliciting textual feedback is inherently more difficult than eliciting numerical
or categorical responses. However, the recent rise of powerful Large Language Models (LLMs)
has surprisingly flipped this script. LLMs, more or less, estimate the probability distribution
of the entirety of human language. Thus, our goal is to instead run the original peer-prediction
mechanism by using LLMs to gain access to the prior. We use the LLM’s ability to analyze
the structure of textual responses and predict the probability of one text given another
text (LLM-prediction). This directly addresses the “knowing prior” problem and eliminates
the need for multiple tasks or second-order predictions (common for categorical /numerical
responses). It is somewhat paradoxical that moving to this much more complex domain
actually may make the entire task easier! In essence, LLMs make eliciting textual responses
easier than simpler formats, as textual responses offer more complexity that LLMs can
leverage, while simpler formats lack this richness.

Directly employing LLMs may reward superficial similarities, such as matching speaking
styles, or reviews that offer no more than a reiteration of the paper’s abstract, which may
benefit LLM-generated reviews. Ultimately, the goal is to encourage reviewers to delve deeper,
providing unique perspectives. A related question is can we distinguish the valuable,
unique human expert reviews from the coherent yet potentially superficial reviews
generated by AI?

To answer the above research question and not reward superficial similarities, when using
LLMs to compute the correlation, it is important to effectively condition out “shortcut”
information such as language styles and information contained in any synopsis of the reviewed
item. We borrow the term from “shortcut learning”, where a machine learning algorithm
learns the undesired information from data that is strongly correlated with labels on the
training data but lacks generality Geirhos et al. [2020]. In our setting, for example, a
human-written review can have a high correlation with an LLM-generated review because
they mentioned several particular terms in the paper. However, such “shortcut” information
may lead to unintended rewards for shallow reviews (e.g., LLM-generated reviews) and noise
caused by different language styles. By conditioning out “shortcut” information, we aim to
filter out these superficial aspects and focus on rewarding reviews that demonstrate a deeper

level of engagement.

3.1.1 Our Contribution

We apply the LLM-prediction to peer prediction and propose two mechanisms—the GENER-
ATIVE PEER PREDICTION MECHANISM (GPPM) and the GENERATIVE SYNOPSIS PEER
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PREDICTION MECHANISM (GSPPM). At a high level, the former rewards a review based on
how much it helps predict the contents of another review. The latter, however, rewards a
review based on how much more it helps predict the contents of another review than a mere
synopsis of the item to be reviewed, such as the abstract of a paper, thereby conditioning out
the "shortcut" information derived from superficial information contained in the synopsis.

We first use theory to present the main idea of our method, where we consider a model
with three layers of effort: high, low, and no effort. We show that when the LLM prediction
is sufficiently accurate, both mechanisms can incentivize high effort and truth-telling as an
(approximate) Bayesian Nash equilibrium. By conditioning on a synopsis of the item to
be reviewed, GSPPM can further shrink the gap of expected scores between low-effort and
no-effort reporting while preserving the gap between high-effort and low-effort reporting.

We then propose two heuristic implementations for getting the LLM-prediction—TOKEN
and JUDGMENT. We highlight that for a robust implementation, it is necessary to preprocess
the responses. We propose a straightforward yet effective heuristic preprocessing method.
This involves using an LLM to rephrase and summarize the initial responses, aiming to
standardize the language style and remove superficial content, and consequently, mitigate the
impact of the “shortcut”

Moreover, we conduct experiments on the mechanisms using an ICLR dataset and a Yelp

review dataset and observed the following results:

Result 1: GPPM can effectively penalize report degradations. We apply three
report degradation methods, which degrade the information of an agent’s report. In
both ICLR and Yelp datasets, we observe that the expected score computed by the
GPPM significantly decreases after all degradations.

Result 2: Both GPPM and GSPPM can differentiate three quality levels—human,
GPT-4, and GPT-3.5. In the ICLR dataset, we replace an agent’s review with a
GPT-4-generated review and a GPT-3.5-generated review respectively, representing a
decreasing level of effort. We observe that the expected scores computed by both GPPM
and GSPPM significantly decrease. Furthermore, the decrease of the GPT-3.5-generated

review is larger than that of the GPT-4-generated review.

Result 3: GSPPM penalizes LLM-generated peer review more than GPPM. We
find that the GSPPM applies a more significant expected score penalty on the LLM-
generated peer reviews, including both GPT-4 and GPT3.5, compared to GPPM, which
indicates its improved capacity to distinguish high-quality reports from low-quality

reports.
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We further note that our mechanisms can serve not only to assess the quality of reviews
which can inform decision-making, but also to incentivize effort from agents. This can be
interpreted by considering GPT-3.5, GPT-4, and human-written reviews as representing
three levels of effort. Thus, by rescaling the scores of the mechanisms into payments, we can

reward high-effort reviews much more than low-effort reviews.

3.2 Related Work

Peer prediction mechanisms The idea of peer prediction, introduced by Miller et al.
[2005], proposes a mechanism that induces truth-telling as an equilibrium, assuming the
mechanism knows the joint distribution of agents’ signals and this knowledge is common
knowledge among agents. This fundamental assumption, however, might be challenged in
many settings. There have been two primary research directions that can mitigate it.

One primary direction is to generalize peer prediction to a multi-task setting, making it
possible to estimate (implicitly or explicitly) the joint distribution between the reports with
multiple tasks Dasgupta and Ghosh [2013], Shnayder et al. [2016], Kong and Schoenebeck
[2019], Schoenebeck and Yu [2020], Zhang and Schoenebeck [2023a], Kong [2020], Agarwal
et al. [2017], Schoenebeck et al. [2021], Zhang et al. [2026]. The other direction follows
another mechanism, the Bayesian Truth Serum (BTS) Prelec [2004], which also seeks to
incentivize truthful reporting as an equilibrium. It directly solicits predictions from agents,
i.e., each agent predicts the reports of their peers, bypassing the need for prior knowledge of
distributions. Subsequent research has extended the BTS, enhancing its efficacy in diverse
scenarios Witkowski and Parkes [2012], Radanovic and Faltings [2013], Zhang and Chen
[2014], Schoenebeck and Yu [2023a).

Our contribution markedly diverges from these established approaches in several ways.
First, we focus on incentivizing text-based human responses, which entails a highly complex
response space, where both estimating the joint distribution and directly eliciting predictions
from agents are no longer practical. Second, we introduce the first peer prediction mechanism
that employs a Large Language Model (LLM) as an oracle, which is presumed to effectively
approximate the joint distribution of responses. As LLM capabilities enhance, our mechanism
naturally improves, benefiting from more accurate oracle estimations of joint response
distributions. Overall, our approach enables the deployment of peer prediction mechanisms
in single-task settings without the necessity of directly soliciting predictions or possessing

prior distribution knowledge.

Shortcuts in information elicitation Geirhos et al. [2020] use “shortcut learning” to
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describe a machine learning algorithm’s reliance on unintended, simpler features rather than
learning the intended, complex representations. For example, a deep neural network might
only identify cows accurately within grassy scenes, mistaking “grass” for “cows” Beery et al.
[2018]. Niven and Kao [2019] show that a language model, BERT Devlin et al. [2018], might
seem to understand reasoning but actually relies on spurious statistical cues in the dataset,
particularly the presence of specific words, failing when these cues are absent.

This phenomenon not only exists in artificial intelligent agents but also in human agents.
As accessing and processing the information may cost agents a considerable amount of effort,
human agents also rely on shortcuts or heuristics. A case in point is peer review processes,
where reviewers might focus primarily on assessing the story-telling in the introduction as a
shortcut, instead of providing a deeper, more insightful evaluation of the work’s merits.

To address this issue and elicit high-quality information rather than superficial shortcuts,
researchers have proposed several approaches. Li et al. [2022] propose optimal scoring rules
that maximize the marginal expected payoff increase of an agent who exerts a higher level
of effort. Zhang and Schoenebeck [2023b] suggest that paying the agents according to a
tournament based on their scores could also help the efficiency to elicit high effort. When
applying peer prediction mechanisms in a peer grading setting, Gao et al. [2016] finds a
Pareto-optimal Nash equilibrium where all agents exploit a low-effort shortcut. To address
this problem, Kong and Schoenebeck [2018a] propose a peer prediction mechanism robust
against such shortcuts, by explicitly eliciting both the intended response and the shortcut, and
then conditioning the shortcut out. Our GSPPM is inspired by Kong and Schoenebeck [2018a]
but focuses on text-based responses and does not require eliciting additional information
from the agents.

Additionally, how to robustly aggregate information when there exists (implicitly or
explicitly) a shortcut is also widely studied Prelec et al. [2017], Pan et al. [2023], Chen et al.
[2021], Guo et al. [2024], Arieli et al. [2018], Palley and Soll [2019], Lu and Kong [2024], Kong
et al. [2022]. A well-known task is “Is Philadelphia the capital of Pennsylvania?” where
the majority will take the shortcut that Philadelphia is a famous big city and big cities are
usually the capital, thus making mistakes in this question. Prelec et al. [2017] provide a
solution to this by eliciting the agents’ prediction and aggregating the “surprisingly popular”

choice.

LLM applications in peer review The core of our experiments relies on using LLMs
to analyze peer review data on ICLR and customer review data on Yelp. Recent works
claim that LLMs have great potential to support publication Gao et al. [2022], Salvagno

et al. [2023] and review practices Liang et al. [2023] if properly used. In a survey, it is shown
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that GPT-generated reviews are appreciated by over 50% of participants, and over 80% of
participants found them more beneficial than feedback from at least some human reviewers
Liang et al. [2023]. More evidence exists showing that LLMs can be used to handle easy
evaluation tasks in peer review, such as summarizing methodologies and assessing writing
styles Donker [2023], detecting gender bias Verharen [2023], and verifying author checklists
Liu and Shah [2023]. However, other work expresses concerns about the ability of LLMs to
handle more complicated reviewing tasks. For example, hallucination occurs when LLMs
are asked to provide suggestions for specific improvements Donker [2023], and LLMs tend to
perform poorly on distinguishing clearly “better” papers Liu and Shah [2023]. Hosseini and
Horbach [2023] provide some recommendations for the proper use of LLMs to support review
or editorial processes.

Our work is largely orthogonal to these concerns. Rather than using LLMs to generate
reviews directly, our paper focuses on using LLMs as a tool to design automated mechanisms
that incentivize high-quality reviews. If the quality of LLM reviews dominated the quality
of high-effort human reviews, our work would largely be superfluous, but LLMs cannot yet
do this. While LLM-generated reviews may provide additional feedback, for the moment,

subjective high-quality human reviews are still essential.

3.3 Preliminaries

This section introduces the classic information elicitation model and the preliminaries that

guide the design of our method.

3.3.1 Model

In our setting, a set of items (e.g., papers or restaurants) are reviewed by a set of agents,
where each item is assigned to multiple agents for review. We reduce the problem to the
setting where there is only one item to be reviewed by two agents and emphasize that our
method can be applied to any item and any pair of agents. Let I = {1,2} be the set of agents

reviewing the same item.

Item and Signal Agents’ judgments of the item are influenced by the inherent character-
istics of the item and other related background knowledge used to generate the judgment.
Let Z € Z denote an item such that observing Z = z is sufficient for an agent to form her
judgments about the item. Suppose Z is sampled from an unknown common prior 7.
Given an item Z = z, each agent receives a subjective signal X; € X when evaluating

the item. We use x; to denote a potential value for X;. Similar to prior literature Miller
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Figure 3.2: An Overview of Our Information Elicitation Model

et al. [2005], Dasgupta and Ghosh [2013], we adopt the common assumption that signals are
i.i.d. conditioned on the item, i.e., Pr[X; | Z = z| is identical for any agent i. Furthermore,
when agents evaluate the same item, their signals are expected to be related in some meaningful
way. We thus adopt the following assumption, which is required to guarantee that truthful

information is elicitable Crémer and McLean [1985].

Assumption 3.1 (Stochastic Relevance). For any x;,x; € X such that x; # x}, there ezists
x; € X such that
PI'[Xj =Tj | Xz = .Tl] # PI'[Xj =Tj | Xz = .T{L]

Reporting Strategy We assume the report of agent i, denoted as X; € X, shares the
same domain as the signal. Agents can truthfully report their signals or manipulate their
signals as reports. However, only reports (not signals) are observable to the mechanism. Let
0; 1 X — Ay denote the reporting strategy of agent i so that X; = 0;(X;). Let 7 denote the
truthful reporting strategy such that 7(X;) = X, for any signal.
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Figure 3.3: An Example of the Three-Level Effort Model

Effort Model We assume that agents can obtain signals with different qualities if they

exert different levels of effort. We focus on a three-level effort model: exerting no effort with
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a cost of 0, low effort with a cost of ¢; > 0, and high effort with a cost of ¢; > ¢;. We use ¢;
to denote the agent ¢’s cost.

For each agent 1, if she exerts high effort, she observes a high-quality signal X; = z;. If she
exerts low effort, she observes a low-quality signal X! = f(x;), which is part of the high-quality
signal. Here, f is a deterministic function, so Pr[X! = f(z;) | X; = z;] = 1. However, given
X! the high-quality signal X; is uncertain. If an agent exerts no effort, they observe an
uninformative signal NULL all the time. In this case, Pr[X =z | NULL] = Pr[X = z] for all
random variables X. The above model implies that the conditional entropy? H(X! | X;) =0,
and H(X; | X}) > 0.

This effort model, called the hierarchical effort model Kong and Schoenebeck [2018a],
suggests that the high-effort signals are strictly more informative than the low-effort signals.
For example, in the setting of peer review, a low-effort reviewer might focus solely on surface-
level aspects such as the writing quality of the paper. In contrast, a high-effort reviewer can
assess not only the writing quality but also other aspects, such as the novelty of the idea, the
soundness of the method, and the validity of the experiments.

Note that our model can also capture a binary effort setting which is assumed in some
previous work Miller et al. [2005], Gao et al. [2016], by assuming X! = f(x;) = NULL for any

x; € X. In this setting, the agent either receives an informative signal or a NULL signal.

Synopsis In some applications, we are able to find a commonly known synopsis © = 6 of
the item z. We use ¥ to denote the space of the synopsis. The synopsis may determine the
low-effort signals. For example, in peer review, when a low-effort reviewer writes a review
based solely on the introduction of the paper, the paper introduction can be regarded as a

commonly known synopsis that fully determines the low-effort signal.

Definition 3.2 (Synopsis-determined Low-effort Signals). We say the low-effort signal is
synopsis-determined if X! = g(0) where g is a deterministic function that maps the synopsis
to the low-effort signal (Figure 3.4).

In some cases, the low-effort signal X! may contain more information about X; than the
synopsis 0, and the synopsis  does not reveal more information about X; than X!. In the
peer review example, a low-effort reviewer may write a review based on the whole introduction

and a glance at the rest of the paper.

Definition 3.3 (Synopsis-covering Low-effort Signals). We say the low-effort signal is
synopsis-covering if Pr[X; =z | X! = 21,0 = 0] = Pr[X; = 2 | X! = 2] for any v € X.

%

2The conditional entropy H(X | V') measures the average amount of uncertainty in X € X given the value

of another random variable Y € Y, ie., H(X | Y) = =30 > oy P(z,y)log (P;fyﬂ)).
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Figure 3.4: An Example of the Synopsis-determined Low-effort Signals

Note that Synopsis-determined and Synopsis-covering are not mutually exclusive. We
will use these definitions in Corollary 3.16, but Propositions 3.12, 3.13, 3.14 and 3.15 do not

require them.

Peer Prediction Mechanism and Agents’ Incentive A peer prediction mechanism

M : X" — RUI takes all agents’ reports as input and outputs a performance score s; to

each agent i, i.e., s; = M(Xi,f(j). Then, agent 7 is paid according to a linear function
p; = a - s; + 3, where a > 0 and 3 are constant parameters. We assume that the utility of
agent ¢ is the difference between her payment and her cost of effort, i.e., u; = a-s; + 5 — ¢;.

Given an item and a mechanism, each agent aims to maximize her expected utility by
choosing a reporting strategy o; and an effort ¢;. Note that we focus on pure effort strategy,
but the reporting strategy o; can be randomized. Let (o;,¢;) be agent i’s strategy and let
{(04,¢) }ier be the strategy profile of all agents. Under a peer prediction mechanism, an
agent’s performance score and utility depend on the other agents’ strategy. Therefore, we

sometimes write agent i’s expected utility as a function of the strategy profile of both agents,
i.e., U;((O'Z‘7 Ci)7 (O'j, Cj)).

3.3.2 Mechanism Design Goal

We first define the solution concept.

Definition 3.4. A strategy profile {(0;, ¢;) Yier is an e-BNE if, for any agent i and for any

alternative strategies (o, c,), we have:

Ui<<0i7 Ci)? (0-]'7 Cj)) > Uz((O';, C;), (Uj7 Cj)) — ¢

In other words, no agent can gain more than € in expected utility by unilaterally deviating

from her strategy in an e-BNE.
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At a high level, our goal is to design a mechanism that (approximately) maximizes an
agent’s expected performance score if she exerts high effort and reports truthfully. We call

such a mechanism (e-)potent.

Definition 3.5 (Potent Mechanism). A peer prediction mechanism M is e-potent if there
exists a linear payment scheme with parameters o, 3, such that exerting high effort (c¢; = cp,)

and reporting truthfully (o; = 1) is an e-Bayesian Nash equilibrium.

3.3.3 Miller et al. [2005]’s Peer Prediction Mechanism

Miller et al. [2005] propose the first peer prediction mechanism. We refer to this as the
original peer prediction mechanism. The original mechanism scores an agent based on how
well her report predicts a randomly selected peer’s report. They use the log scoring rule
(LSR) Cooke [1991] to quantify the quality of the prediction.

Definition 3.6 (Log Scoring Rule (LSR)). Given a set of outcomes, ), and a prediction over
the outcomes p € AY, the log scoring rule maps the prediction and an outcome y € Y to a
score LSR(p, y) = log(p(y)). Furthermore, for ¢ € AY, let LSR(p,q) = >,y q(y) LSR(p,y)

denote the expected log score when the outcome is sampled from the distribution q.

The Log Scoring Rule is strictly proper Selten [1998], Gneiting and Raftery [2007], i.e.,

LSR(p,q) < LSR(p,p), ¥p,q € AY and p # ¢,

meaning that reporting the true belief of the outcome maximized the score. The idea of
Miller et al. [2005]’s peer prediction mechanism is thus very straightforward: scoring agent i
based on how well her report can predict her peer’s report according to a proper scoring rule

(such as the Log Scoring Rule).

Definition 3.7 (Original Peer Prediction Mechanism). Given agent i’s report &;, and the

peer agent j’s report T;. The performance score of agent i is
Proposition 3.8 (Proposition 1 of Miller et al. [2005]). In the binary effort model, if the
common prior m and Pr[X; | Z = z] are known, the above mechanism is potent.

Intuitively, this mechanism incentivizes effort and truth-telling because only the prediction
induced by the informative true signal can maximize the expected score under a strictly

proper scoring rule.
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3.4 Peer Prediction Mechanisms for Textual Signals

As discussed, the original peer prediction mechanism requires knowledge about the prior
distribution over the items and signals. However, the conditional distribution over signals
Pr(X; = z; | X; = ;] can often be complex and difficult to learn from historical data,
especially when eliciting textual signals. To address the textual settings, we propose leveraging
Large Language Models (LLMs) to create an estimator of this distribution. We design
two new mechanisms — the GENERATIVE PEER PREDICTION MECHANISM (GPPM) and
GENERATIVE SYNOPSIS PEER PREDICTION MECHANISM (GSPPM). Assuming a sufficiently
accurate LLM estimator, we theoretically prove that both mechanisms are (approximately)
potent and show that GSPPM can better differentiate exerting high effort from exerting low

effort by reducing the difference between exerting low effort and exerting no effort.

3.4.1 Main Assumption: the LLM-Prediction

We first integrate LLMs into the information elicitation model and discuss the key assumption
that builds the theoretical foundations of our mechanisms. Given a prompt ) and a response
Z, a pre-trained LLM can produce a prediction indicating the likelihood of the response
being . We denote the distribution of responses generated by an LLM with a prompt ¢ as
Priiwve) and refer to it as the LLM-prediction. Thus, Pripmy)[Z] denotes the probability
that response 7 is predicted by LLM via prompt .

Sometimes, the prompt itself depends on some input y (e.g., the review from a different
agent), in which case we write the prompt as ¥ (y). If the input to the prompt itself is a random
variable Y | (which it often is as in Figure 3.5), to be consistent with the classic information
elicitation model, we use Prpmey)[X; = - | Y = y] to denote the LLM-prediction Pripapy))[-]-
We are particularly interested in two predictions. First, Prypmy) (X; =2, | X; = ;] is the
LLM-prediction of agent j’s report while integrating agent i’s report into the prompt. Second,
Priom)[X; = Z; | Xi = #;,© = 0] is the LLM-prediction of agent j’s report given agent 4’s
report Z; and a commonly known synopsis 6.

Our theoretical results require the following (strong) assumption about the fidelity of the
LLM-prediction to that of the model:

Assumption 3.9 (LLM-Prediction). We assume that for an information elicitation task of
interest, there exist sets of prompts {¢(x)}rex, {'(x,0)}rexoex, and €, > 0 such that for
any pair of signal x; € X and synopsis 0 € X:

Pr [X]:|XZ:ZEZ] SE,

DKL PI‘[Xj = - | Xz = CL’Z] ‘ LLM ()
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DKL PI‘[Xj = | Xz :l’i,@ 20]

Pr [XJZ|XZ:JI“®:0] §€,7
LLM(¢")

where D[P || Q] denotes the KL-divergence® between two distributions. Furthermore, this

fact is common knowledge for all agents.

Assumption 3.9 implies that the prediction of an (idealized) LLM can accurately estimate
the underlying information structure of the high-effort signals, allowing us to leverage the
vast knowledge embedded within LLMs to predict the probability of a new review z; given an
existing review x;. Such an LLM provides a data-driven way of computing this distribution.

In Section 3.5, we will detail various implementations for computing an approximation to

PILiv@(e:)-
We now turn toward defining our two mechanisms by assuming that we have access to

some way of computing the LLM-prediction.

3.4.2 The Generative Peer Prediction Mechanism (GPPM)

To define our GENERATIVE PEER PREDICTION MECHANISM (GPPM), we combine the

idea of an LLM prediction with Miller et al’s mechanism in the textual setting.

Definition 3.10 (GENERATIVE PEER PREDICTION MECHANISM (GPPM)). Given the
peer’s report X, the performance score of agent i with report ¥; is
LSR(, br w)[Xj | Xi = 7], 7;) = log Y w)[Xj =7; | X; = I}

If Assumption 3.9 holds and the peer’s report Z; is of high effort and truthful, GPPM will
be able to successfully differentiate between different effort levels. We defer the formal theory
to Section 3.4.4 while providing the high-level intuitions of why GPPM is potent here.

First, GPPM should be able to reward an effortful signal more than a no-effort signal. This
is because even a low-effort signal X! helps predict some of the terms in X;. For example, if
X! merely makes it clear that the reviewed paper proposes a new machine learning algorithm,
then the words “loss function” and “training” will (correctly) be much more likely.

In addition, we anticipate that the GPPM should be able to reward a high-effort signal
more than a low-effort signal. Intuitively, this is because some insights/critiques can only
be predicted by high-effort signals. Consider the peer review example again, a low-effort

signal may report common features of a machine learning paper but could overlook specific

3The KL-divergence between two distributions over the same probability space is Dkr(P||Q) =

2., P()log (P(2)/Q(x)) .
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details of the particular paper such as an elegant proof and a potential broader impact of the
method.

3.4.3 The Generative Synopsis Peer Prediction Mechanism
(GSPPM)

Intuitively, the above GPPM pays both high and low-effort signals. However, in some
applications where low-effort signals may be easily generated by LLMs, such as academic
peer review shown in fig. 3.1, we only want the high-effort signals. This raises the question:
Is it possible to further penalize the reporting of low-effort cheap signals?

We propose the GENERATIVE SYNOPSIS PEER PREDICTION MECHANISM (GSPPM).
The idea is to condition the LLM-prediction on the commonly known synopsis, such as a
summary of the reviewed item. As the low-effort signal can be fully characterized by the
synopsis, reporting the low-effort signal brings no extra information on predicting agent j’s
report when the synopsis is conditioned out. In the above peer review example, if the abstract
of the reviewed paper has already been inputted into the LLM as prompts, then a low-effort

signal simply reiterating the abstract’s contents would be redundant.

Definition 3.11 (Generative Synopsis Peer Prediction Mechanism (GSPPM)). Suppose we
have a synopsis 6 of the item being reviewed. Given the peer’s report being Z;, the performance

score for agent i with report T; is

LLAl

In practice, we hypothesize that GSPPM can generally decrease the scores of low-effort
signals to that of no-effort signals. This is because the low-effort signal is unlikely to offer
additional insights beyond those already present in the synopsis.

For the same reason, we hypothesize that GSPPM can outperform GPPM in distinguishing
between low-effort and high-effort signals. Because the scores of low-effort signals are pushed
closer to the baseline of no-effort, the reduction in entropy by providing more specific insights
that appear in both X; and X; should be more salient. In other words, we hypothesize that
it will improve the signal-to-noise ratio by making insights more prominent and vocabulary
alignment less important.

This intuition is very similar to that in Kong and Schoenebeck [2018a], which also used

conditioning to motivate high-effort signals above low-effort signals.
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3.4.4 Theoretical Results: GPPM and GSPPM are s-Potent

Here, we provide formal theoretical guarantees of our mechanisms under Assumption 3.9. We
first present several important notations before introducing our propositions.

We use I(X;; X;) to denote the Shannon mutual information Shannon [1948] between two
signals, X; and X;. It provides a quantitative measure of the information shared between
them.

I(X:X;) = Y PriXi =, X; = ;) log PEELX_ ;]““Pi& jﬂj]

Tq,L;€EX

Furthermore, we use I(X;; X; | X}) to denote the conditional mutual information.

(X3 X5 | X)) = > Pr[X] =1
Xlex
Pr[Xj = $jaXi = X | Xll = xﬁ]

Pr[X;, =z, X; =z, | X! = 2!]lo
L Py =y [ X =allos g T X, = 2, | X =]

:L‘i,ijX

Then, we have the following propositions for GPPM and GSPPM respectively.

Proposition 3.12. For the GENERATIVE PEER PREDICTION MECHANISM (GPPM),
when Assumption 3.9 holds with parameter ¢ > 0, for any agent i, given the peer agent j
exerting high effort and reporting truthfully, any untruthful reporting strategy & # T or effort
c; € {0,¢} (no-effort or low-effort) implying signal NULL or X! won’t bring more than e

score increase. Specifically, we have

E[GPPM(7(X;), X;)] — E[GPPM(6(X;), X;)] > —e.
(High effort, truthful v.s. High effort, untruthful)
E[GPPM(r(X,), X;)] ~ EIGPPM(o(X"), X;)] = I(X;; X; | X!) -
(High effort, truthful v.s. Low effort, either truthful or untruthful)
E[GPPM(7(X;), X;)] — E[GPPM(o(NuLL), X;)] > I(X;; X;) — €
(High effort, truthful v.s. No effort, either truthful or untruthful)

Note that the mutual information 1(X;; X; | X!) and 1(X;; X;) are non-negative.

Proposition 3.13. For the GENERATIVE SYNOPSIS PEER PREDICTION MECHANISM
(GSPPM), when Assumption 3.9 holds with parameter € > 0, for any agent i, given the peer
agent j exerting high effort and reporting truthfully, any untruthful reporting strateqy & # T
or effort ¢; € {0, ¢} (no-effort or low-effort) implying signal NULL or X! won’t bring more
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than € score increase. Specifically, we have

E[GSPPM(7(X;), X;)] — E[GSPPM(6(X;), X;)] > —¢".
(High effort, truthful v.s. High effort, untruthful)
E[GSPPM(7(X;), X;)] — E[GSPPM(o(X}), X;)] > I(X;; X; | ©,X]) — €.
(High effort, truthful v.s. Low effort, either truthful or untruthful)
E[GSPPM(7(X;), X;)] — Ef{GSPPM(o(NuLL), X;)] > I(X;; X; | ©) — €.
(High effort, truthful v.s. No effort, either truthful or untruthful)

Note that the mutual information 1(X; X; | ©,X}) and 1(X;; X; | ©) are non-negative.

To prove the above results, we analyze agent i’s expected scores obtained by each strategy,
given that agent j exerts high effort and reports truthfully. When agent 7 exerts a high
effort and reports truthfully, we provide a lower bound of her expected score based on the
LLM-Prediction Assumption (Assumption 3.9), which is the negative entropy of agent j’s
high-effort signal, conditioning on agent ¢’s high-effort signal. For other strategies, we provide
an upper bound of agent i’s expected score based on the fact that the log scoring rule is
proper. The expected score will be at most the negative entropy of agent j’s high-effort signal,
conditioning on agent i’s signal. Finally, because the high-effort signal is more informative
than the low-effort signal, we prove that exerting high effort and reporting truthfully provides
approximately the highest expected score. The gap between the negative conditional entropy
can be interpreted as mutual information, as stated in the propositions. We defer the proof
to Section C.1.

We now discuss the potent properties of the GPPM and GSPPM. Intuitively, if a mech-
anism can lead to a positive gap between the performance scores, by linearly rescaling
the performance scores as payments with parameters « and [, it can motivate effort and
truth-telling as long as the gap between exerting high effort and exerting low (or zero) effort
overcomes the gap between the cost of effort, and consequently, it is potent.

Formally, for the approximately potent properties, we have the following propositions.

Again, we defer the proof to Section C.1.

Proposition 3.14. For the GENERATIVE PEER PREDICTION MECHANISM (GPPM), when
Assumption 3.9 holds with parameter e > 0. When I(X;; X; | X!) > 0, GPPM is ae-potent,

where

Chp — (] Ch
a = max )
I(X3 X5 | XD 1(X3; X;)
When e =0, GPPM 1is potent.
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Proposition 3.15. For the GENERATIVE SYNOPSIS PEER PREDICTION MECHANISM
(GSPPM), when Assumption 3.9 holds with parameter € > 0. When I(X;; X; | ©,X}) >0,
GSPPM is ae'-potent, where

Ch — C Ch
a = max :
(X5 X;10,X]) 1(Xi; X; | ©)
When ¢ =0, GSPPM is potent.

These two propositions show that better LLM-prediction approximations will lead to
better incentive properties. On the other hand, to achieve any desired incentive property,
there’s a corresponding threshold for the error of the LLM-prediction approximation.

Additionally, we compare GPPM and GSPPM. Let Gap(h, () denote the difference in the
expected score of agent ¢ between exerting high effort and exerting low effort while both
agents report truthfully. Let Gap(h, Null) be the analogous notation for the gap between
exerting high effort and exerting no effort. Combining proposition 3.12 and proposition 3.13

together, we have the following corollary.

Corollary 3.16. If the low-effort signals are synopsis-determined (definition 3.2) and
synopsis-covering (3.3), and € = €, Gap(h,l) has the same lower bound, 1(X;; X; | ©) — e,
in both GPPM and GSPPM. In contrast, Gap(h, Null) has a smaller lower bound I(X;; X; |
©) —e < I(X;; X;) — € in GSPPM than in GPPM.

Corollary 3.16 suggests that compared with GPPM, GSPPM shrinks the gap between
no-effort and low-effort, while preserving the gap between low-effort and high-effort. This
property of GSPPM offers two advantages over GPPM: 1) in practice, it is harder for agents
to “cheat” the mechanism by submitting a low-effort signal and getting a partial payoff,
which consequently further incentivizes high-effort signals; 2) it reduces the noise caused by
low-effort signals and produces more reliable scores, better differentiating between low-effort
and high-effort.

Although this comparison concerns the lower bounds of the gaps, we will confirm this
theoretical insight by empirically showing that GSPPM can distinguish low-effort and high-
effort reports better. We demonstrate this by using GSPPM and GPPM to score human-

written and LLM-generated reviews in Section 3.7.4.

3.5 Estimating the Posterior Prediction via LLMs

Although our mechanisms, at this point, may appear to be straightforward generalizations from

prior work, implementing them in practice with textual reports presents distinct challenges.
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In this section, we present the implementations of our mechanisms, which crucially involve
estimating the underlying distribution Pr[X; = #, | X; = ;] via LLMs. We introduce two
heuristic implementation methods, each leveraging the capabilities of the LLM in different

ways and degrees.

o The first implementation, denoted as TOKEN, leverages the LLM by directly accessing
its output layer to obtain the log probability feedback of the next token, which requires
access to the neural network (NN) of the LLM. It has two variants:

— TOKEN-RAW: We directly use the log probability to predict agents’ raw reports.

— TOKEN-PREPROCESS: We first use the LLM to preprocess agents’ reports and use
the log probability to predict the pre-processed reports. The goal is to standardize

the language styles and extract essential information.

o The second implementation, denoted as JUDGMENT, uses the LLM to first distill each
report into a set of “judgments” and further apply the LLM chatbot to estimate the
likelihood of each judgment with textual response. This implementation is partic-
ularly useful when it is hard to access the output layer of the LLM, since logprob
feedback usually cannot be obtained from commercial LLM APIs, such as GPT-4 Chat

Completion.

Note that both implementations can be used for zero-shot estimation, meaning that
estimating Pr[X; = Z; | X; = Z;] only requires #; and #; without any historical data. We
alternatively offer a non-zero-shot implementation that estimates judgment distributions by
clustering historical data. We primarily focus on the zero-shot implementations in the main
body, while we defer the discussions of the clustering implementation to Section B.3. The

full implementations and results are available online.

Table 3.1: A high-level comparison of three implementations.

Implementation Require NN access LLM usage
TOKEN-RAW Yes Generate log-probability
TOKEN-PREPROCESS Yes Preprocess, generate log-probability
JUDGMENT No Distill report into judgments, predict judgments

3.5.1 Token: Implementation by LLM Token-Prediction

As discussed, the idea of TOKEN is to use the log-probability (logprob) feedback of an LLM

to predict a given report Z;. This is possible because LLMs are fundamentally designed to

53



estimate the likelihood of a subsequent token in a sequence based on a distribution induced
by the prompt. This inherent capability is deeply embedded in their pre-training datasets.
Consequently, with access to an open-source LLM, such as Llama-2 Touvron et al. [2023]
or ChatGLM Du et al. [2022], Zeng et al. [2023], it becomes feasible to compel the LLM to

generate a specific output and report the logprob for each output token.

Prompt ¢(z;): You are the second reviewer for a scientific paper. You
are given a peer review from the other reviewer: [Review Z;] Your task
is to provide your own judgments of the paper based on the given materi-
als.

Response: [Predicted Review 7]

Logprob = log Priinw [ X; = 75 | Xi = 2]

Figure 3.5: A simplified example of a prompt for TOKEN in academic peer review scenario.
In Appendix B.4, we present all exact prompts used in our experiment.

Formally, we view the textual signal X = {X (k)}ké[n] as a sequence of n tokens, where
X®) denotes the k-th token within X. Again, we use 2 to denote the value of the k-th
token in a report.

Given a prompt ¢ and the first k—1 tokens, an open-source LLM can provide the conditional
distribution for the subsequent token via logprob feedback, denoted as Pry iy [X (k) | X 0 =
D vl e{1,2,...,k—1}]. With Bayes’ rule, we can write the probability of the occurrence
of a given report T as:

Rr X =3 = P (X0 =0

X ﬁ Pr [X“f) =70 | XO =70 vie{1,2,... k- 1}] .

i LLM(3)

3.5.1.1 Token-Raw

The most straightforward idea is to integrate the raw report of agent ¢ into the prompt
Ytoken (Z;) and compute Priin(yy . @)X = Z;] with the log probability output by the LLM.
We view this probability as an approximation for Pr[X; = Z; | X; = Z;]. Finally, agent i’s

performance score is

TOKEN-RAW(Z;, T;) = log LLM(d}Pll: (j'))[X = 7|
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3.5.1.2 Token-Preprocess

In practice, agents’ raw reports can vary significantly in language style, such as vocabulary us-
age, sentence structure, and grammatical errors. Additionally, reports may contain superficial
information, such as a summary of the paper, in cases of peer review.

Note that even low-quality reviews can be well correlated with superficial information
or language style. However, we aim to reward agents based on the quality of the reports’
semantics, rather than the correlation on superficial information or language style. Such
information may provide “shortcuts” that confound the LLM predictions and consequently
lead to unintended rewards. Therefore, we filter out the shortcut information, including
language style and superficial information, before applying LLMs to predict the responses.

To address these issues, we propose a simple yet effective preprocessing technique that
involves employing a uniform LLM (It may be the same as or different from the LLM generating
logprob) to rephrase the text signal into a pre-set format. Note that the preprocessing step
should be tailored for different tasks, considering the trade-off between retaining details and
distilling the essential information. The details of our preprocessing prompt are presented in
Section B.4.1 for reference.

Formally, the performance score of agent ¢ using the implementation TOKEN-PREPROCESS

can be defined as:
TOKEN-PREPROCESS(Z;, ;) = TOKEN-RAW(PREPROCESS(Z;), PREPROCESS(Z;)).

We will provide evidence comparing TOKEN-RAW and TOKEN-PREPROCESS and discuss
this further in Section B.2.1. Generally, we find that TOKEN-PREPROCESS is likely to
effectively filter out such shortcut information and provide scores according to the semantic

quality. Therefore, our main paper will mainly discuss the variant TOKEN-PREPROCESS.

3.5.2 Judgment: Implementation by LLM Judgment-Prediction

Accessing the output layer of an LLM can sometimes be impossible, especially when the
LLM is not open-source. For example, the popular OpenAl GPT-4 chat completion API can
only output sampled textual responses rather than the probability of tokens. We propose an
alternative method that uses an LLM as a black box. Our idea is to first summarize each
report as a set of judgments and then predict the peer’s report by predicting the probability
of each of its judgments and taking the product.

Formally, suppose the set of all possible judgments is J = {wy, ws, ..., w,,}. Suppose each

signal x (and report Z) is a subset of judgments, i.e., z C J. We assume that the event of
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whether each judgment belongs to a report is independent, thus, we have

In the zero-shot setting, it is hard to access the full universe of judgments J, mak-
ing it infeasible to estimate the probability Pr [w €z | X; = jz} Therefore, we use
[yex, Pr [w cX;| Xi= jz} as a heuristic predictor of Pr[X; = 7, | X; = &).

Furthermore, we discretize the prediction space for LLMs’ responses. In particular, given
a review I; and a target judgment w, we ask the LLM to score how much w contradicts or
supports Z; with the score ranging from —3 (strong contradiction) to 3 (strong support). We
provide exact prompts used in our experiment in Appendix B.4. We view this score as the
gain in log probability, i.e., log Pr [w € Xj | X, = j’:z} — log Pr [w € X]}

By taking the sum over the judgments in Z;, we obtain an estimate of the conditional log

probability, which we use as the performance score, i.e.
JUDGMENT(@@ i’]) = log PY[XJ = .i'] ‘ Xz = i’l] — lOg PI'[X] = .i']]

Note that the performance score is not exactly the log of the conditional probability (the
first term) as defined in definition 3.10. However, subtracting the second term which is
independent of agent ¢’s strategy will not disturb the incentive of agent 1.

We emphasize that this method is not an accurate estimate of the goal probability
Pr[X; = #; | X; = %;] in general. However, it is a plausible and feasible solution given
a black-box LLM. As we will see in the experiments, this heuristic simplification can still
capture key information within agents’ reports. We note that the performance of our method
may be improved with future versions of LLMs that can output more calibrated and accurate

predictions.

3.6 Evaluation

This section presents the methods we use to empirically evaluate the efficacy of our mechanisms.
We are primarily interested in testing whether replacing the original high-quality reports with
less informative low-quality reports leads to an expected performance score decrease with
our mechanisms. We hypothesize that these low-quality reports can be viewed as reports by
low-effort agents, and thus, a decrease in performance scores would indicate the empirical
effectiveness of our mechanisms in eliciting high effort.

Toward this goal, we first introduce a general workflow and then propose several methods
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to create low-quality reports, including degrading the original reports and replacing the
original reports with LLM-generated fictitious reports, which are regarded as lower quality
than the original human expert reports. Note that these methods generating low-quality
reports are not necessarily to be restricted in the effort model in Section 3.3.1 as we focus on
testing the efficacy in a realistic scenario without relying on the theoretical assumptions. We
finally introduce the statistical metrics used to measure the significance.

Specifically, let z represent an item randomly selected from the dataset. We randomly draw
two reports related to z, denoted as Z; and ;. Given the mechanism M, the computed score
of agent i is s := M(%;, ;). We then replace #; with a low-quality report 7! and recalculate
the score s_ := M (&}, %;). Our hypothesis is that the score will decrease in expectation.
To test this, we apply a t-test to evaluate whether the decrease in score from s, to s_ is
statistically significant, thereby confirming the sensitivity of our methods to manipulations.

Formally, we describe the implementation of the above workflow in Algorithm 3.

ALGORITHM 3: Evaluation Workflow
Input: A dataset with items and associated text reports. A mechanism M computing
the peer prediction scores. A low-quality report generation process D.
Output: Lists s; and s_ and the statistics metrics.

for k=1to K do
Draw an item z u.a.r. from all the items;
Draw two text reports ; and «; u.a.r. from all reports related to z ;

Compute sf) = M(z;,7;);
Replace the text report #; with &;! according to process D;
Compute s® = M (%, %;);

end

Add the computed values to lists s = {s}, s_ = {s®}
Compute the statistics metrics based on lists s, and s_;

3.6.1 Reports Degradations

We regard the original responses from human agents as truthful and high-effort reports and
create three degradation methods, which obviously degrade the information within agents’
reports and, consequently, should lead to lower scores. We use these degradations as a “sanity
check”, implying that any mechanisms that fail to penalize these degradations are unlikely to

be useful in practice.
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Random Report Replacement: We replace a report z; with a new report Z;/, which is
randomly selected from a different randomly selected item z’. This process is denoted as
7! = Zy. Note that 7y can also be viewed as a zero-effort signal as the information is likely to
be irrelevant. For example, this method corresponds to the behaviors of malicious customers

who upload irrelevant reviews in exchange for a restaurant’s discount rewards.

Sentence-Level Degradation: We degrade the original reports by deleting every other

sentence.

Judgment-Level Degradation: We degrade the list of judgments by deleting every other
judgment. This can only be performed with the TOKEN-PREPROCESS and JUDGMENT
implementations, as the preprocessing step has already provided a well-structured list of the
judgments.

The sentence-level and judgment-level degradation methods only depend on the agent’s
report. Thus, they can be viewed as not only creating a low-effort signal but also untruthfully
reporting a high-effort signal. The same experiments here (Section 3.7.2) can also be used to

test whether they can incentivize truth-telling.

3.6.2 LLM-generated Reviews.

Furthermore, we employ the LLMs to create synthetic text reports based on a given item,
simulating the scenario of the creation of fictitious academic peer reviews. We conduct the
experiment on the ICLR2020 OpenReview dataset*. Specifically, we provide the paper z as
input to both GPT-3.5 and GPT-4 [Achiam et al., 2023, Brown et al., 2020], requesting them
to generate comprehensive reviews following Liang et al. [2023]’s method. The prompt for
this task is presented in Section B.4.4.

We compare three types of reviews: the human-written review, the GPT-4-generated
review, and the GPT-3.5-generated review. Given that GPT-4 is commonly considered a
stronger Al than GPT-3.5, and both models are considered worse than human expert reviewers,
we hypothesize that we can utilize the LLM-generated reviews to simulate low-quality human
reviews, thereby simulating three levels of quality.

It is worth noting that, unlike the degradations discussed in section 3.6.1, the LLM-
generated review does not only depend on the agent’s signal x; since the reviewed paper

is input into the LLMs to create reviews. It can not be regarded as untruthfully reporting

4As in 2020, the generative Al is not as widely used as now, we assume all the academic peer reviews in
the dataset are written by humans.
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the original signal. Thus, our focus remains on assessing the effectiveness of differentiating

various quality levels of reports across different mechanisms.

3.6.3 Statistics Metrics

The principal criterion for our method’s effectiveness is a statistically significant decrease
in scores following the degradations. To empirically validate this criterion, we conduct
statistical tests on the samples of scores computed with the original reports (s;) and the
degraded /LLM-generated reports (s_). Specifically, we employ the t-test, which is able
to identify whether there is a significant decrease in scores from s, to s_. Our empirical
distributions (Section 3.7.5) show that the measured differences (s; — s_) are approximately
normally distributed, confirming our data is suitable for the t-test. Below, we introduce the

detailed implementation of the t-test.

Paired Difference t-test For each pair of scores (s.,s_), we use the paired difference
t-test to verify if the mean of their difference is greater than 0. Let dj. := sglf) — s(_k), and d
denote the mean of the differences di. Formally, the hypotheses for the Paired Difference

t-test are:

« Null Hypothesis (Hy): The mean difference d is equal to 0.

o Alternative Hypothesis (H,): The mean difference d is greater than 0.

The test statistic for the Paired Difference t-test is calculated as follows:

. d
- Ud/\/F

t

where o, is the standard deviation of the differences {d;}, and K is the number of pairs.
Furthermore, we denote SE(d) = &, which is the standard error of the mean difference.
The p-value is obtained by p = Pr[X > t], where X is a random variable following the
t-distribution with the calculated degrees of freedom K — 1, and ¢ is the calculated t-statistic
above. Typically, a p-value threshold of 0.05 is used, where a p-value lower than 0.05 leads to

the rejection of the null hypothesis, indicating that there’s a statistically significant difference.

3.7 Experiments

This section presents the setup of our experiments and the empirical results.
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3.7.1 Experiment Setup

3.7.1.1 Datasets

We use two datasets for our experiment.

Yelp Online Review Data (Yelp) is publicly available online review data from Yelp. The
restaurants featured on Yelp are interpreted as the “items” in our model, and customer
reviews for each restaurant are interpreted as the “text reports” for our model. We
construct our dataset by randomly sampling 1000 items (restaurants) from the entire
dataset. For these 1000 items, we have 198,444 text reports (customer reviews) in total,

i.e., averaged about 200 reviews per restaurant.

ICLR Peer Review Data (ICLR) includes peer review data from the International Con-
ference on Learning Representations (ICLR) 2020, accessed via the OpenReview APL?
In this dataset, the “items” are the submitted papers, and the “text reports” are the
peer reviews they received. Given the typically longer and more informative nature of
ICLR reviews compared to Yelp reviews, we choose a smaller sample size for the ICLR
dataset to manage computational demands efficiently. Thus, we construct our dataset
by randomly sampling 300 items (papers) from the entire dataset. For these 300 items,

we have 911 text reports (peer reviews) in total, i.e., averaged about 3 reviews per

paper.

The Yelp dataset represents a crowdsourcing setting where reviews are completed by the
public. On the other hand, the ICLR dataset can be viewed as an example of expert sourcing,

involving reviews provided by experts in a highly specialized field.

3.7.1.2 LLMs

GPT-4 /| GPT-3.5 We employ the gpt-4-1106-preview [Achiam et al., 2023] model for
preprocessing the reports on the ICLR dataset and the gpt-3.5-turbo-1106 [Brown et al.,
2020] model for preprocessing the reports on the Yelp dataset.® For the JUDGMENT

implementation, we use gpt-4-1106-preview to predict judgments.

5The reason for using the ICLR 2020 dataset is to exclude the chance that reviewers use LLMs to generate
their reports, as we discussed in Section 3.6, in 2020, Al-generated reviews were rare.

6This selection is based on the nature of the texts in each dataset: Yelp reviews tend to be shorter and less
complex, thus not requiring the advanced capabilities of a more powerful language model. In contrast, ICLR
reviews are more intricate, justifying the use of the higher-capacity gpt-4-1106-preview model for effective
rephrasing.
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Llama-2 For the TOKEN implementations, including both TOKEN-PREPROCESS and
TOKEN-RAW (As discussed in Section 3.5.1, we defer the results for TOKEN-RAW to
Section B.2.1), we use the llama-2-70b-chat [Touvron et al., 2023] model with 4-bit
quantization to calculate log probabilities for token prediction. The open-source nature
of Llama-2 allows for local execution and access to the log probability for each token in

a text report.

Table 3.2: Table illustrating the use of different LLM models in various tasks

Task LLM Usage Notes
Preprocessing églgRggtp— gt_lla%%_g;\ch Discussed in footnote®
TOKEN implementations llama-2-70b-chat Open source LLM
JUDGMENT implementation gpt-4-1106-preview /

gpt-3.5-1106-preview

apt-4-1106-preview Discussed in Section 3.6.2

Generating LLM reviews

We provide all prompts used, along with example inputs and outputs, in Section B.4.

3.7.1.3 Mechanisms

GPPM. We test the GPPM on both the Yelp and the ICLR datasets with TOKEN-
PREPROCESS and JUDGMENT implementations. We perform the report degradation

evaluation (Section 3.6.1) and LLM-generated-review evaluation (Section 3.6.2).

GSPPM. We test the GSPPM on the ICLR dataset. This is because the Yelp dataset we
use lacks detailed features of the items (restaurants) and thus we do not have access to
a suitable synopsis of each item. For the ICLR dataset, we consider the abstract of
a paper as the commonly-known synopsis. Conditional on this, we apply the LSR to
calculate the score in the GSPPM.

We only apply the TOKEN-PREPROCESS implementation for two reasons: First, when
we have access to a neural network of an LLM, TOKEN-PREPROCESS implementation
is more time- and cost-efficient than JUDGMENT, given there is no need for API calls.
Second, the results in GPPM indicate that TOKEN-PREPROCESS generally works better
than JUDGMENT on the ICLR dataset.

We are primarily interested in comparing its performance differentiating high-quality
and low-quality reports. Thus, we only perform the LLM-generated-review evaluation
(Section 3.6.2) to test the GSPPM.
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Baseline. Additionally, we present a baseline mechanism (Definition 3.7) that uses only the
numerical ratings from reports. This approach rebuilds the joint distribution of two
ratings’ based on historical data and assigns a log scoring rule to agent ¢ based on her
rating compared to agent j’s rating. Since it is not clear how to degrade numerical
scores to the same degree as sentence/judgment-level degradations, this baseline is only

applicable to the experiment of Random Report Replacement.

3.7.2 Result 1: GPPM Effectively Penalizes Report Degradations.

We now delve into our main results. We first describe the results of evaluating the GPPM
with three report degradations defined in Section 3.6.1. We apply sample sizes of K = 500
and K = 1000 for the experiments on the ICLR and the Yelp datasets respectively. We use
both TOKEN-PREPROCESS and JUDGMENT to compute the estimated conditional probability.
We visualize the p-values in Figure 3.6 and defer the comprehensive statistics metrics to
Section B.2 (Table B.2, B.3 and B.4).

GPPM significantly outperforms the baseline. We observe a positive d in all experi-
ments: for three degradation methods, two datasets, and two implementations. Moreover,
in the case of “random report replacement”, although all tested mechanisms, including the
baseline, exhibit a significance score (— log;,(p-value)) well above the threshold of 1.30 (equiv-
alent to p-values < 0.05), the significance score associated with the GPPM are significantly
higher compared with the baseline. This observation matches our intuition that there exists a
substantially larger amount of information within agents’ textual responses, and our GPPM

— with either implementation — can successfully extract it.

Token outperforms Judgment on the ICLR dataset. Compared with the JUDGMENT
implementation, we observe a higher significance score (equivalent to lower p-values) of
TOKEN-PREPROCESS implementations on the ICLR dataset. However, TOKEN-PREPROCESS
does not perform well on the “judgment-level degradation” test conducted on the Yelp dataset.

Additionally, one may be interested in the performance of JUDGMENT with Llama-2. As
GPT-4 has better inference capacity than Llama-2, the performance of JUDGMENT with
Llama-2 is worse than JUDGMENT with GPT-4. We provide detailed results in Section B.2.
Hence, the TOKEN-PREPROCESS implementation can be considered superior to JUDGMENT,
as it consistently outperforms JUDGMENT when both are applied with the same LLM model.
However, JUDGMENT is still valuable when there is no access to the LLM’s log probability
feedback.

"There are 4 possible ratings in ICLR dataset and 5 possible ratings in Yelp dataset.
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Figure 3.6: Report Degradation Evaluation Result for GPPM with TOKEN-PREPROCESS and
JUDGMENT Implementations, as well as the Baseline Mechanism: Significance (— log;,(p-
value)) of the expected score difference d > 0, higher is better. Typically, a significance score
—log,,(p-value) > 1.3 (equivalent to p-value < 0.05) is regarded as significant difference.

3.7.3 Result 2: Both GPPM and GSPPM Differentiate Three
Quality Levels — human, GPT-4, and GPT-3.5

We now show the results of testing the GPPM and GSPPM with LLM-generated reviews
introduced in Section 3.6.2. We focus on the ICLR dataset and use the TOKEN-PREPROCESS
implementation, given that the previous section shows that it is more efficient and performs
better than JUDGMENT on the ICLR dataset. We apply a sample size of K = 500. We
visualize the p-values in Figure 3.7 and provide the statistics metrics in Table 3.3.

In Table 3.3, we observe that, with both mechanisms and the TOKEN-PREPROCESS
implementation, replacing human-written reviews with either GPT-3.5 or GPT-4-generated
reviews leads to a statistically significant decrease in scores, as the significance score are all
more than the threshold of 1.30 indicating p-values are all less than the threshold of 0.05.

Comparing the first row and the second row of Table 3.3, the scores are on the same scale

as they are computed by the same mechanism. Thus, we observe that while the standard
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Table 3.3: Statistics Metrics of LLM-Generated Review Evaluation for GPPM/GSPPM
implemented with TOKEN-PREPROCESS. d represents the mean of the score differences, o(d)
represents the standard deviation of the score differences, and SE(d) = o(d)/v'K represents
the standard error of the mean difference.

Mechanism Review-Gen. LLM d o(d) SE(d) t-statistic p-value —log;q(p-value)
GPPM GPT-3.5 10.020 19.290 0.863 11.603 5.0e-28 27.297
GPT-4 2.904 20.489 0.916 3.166 8.2e-04 3.086
GPT-3.5 9.197 14.173 0.634 14.495 2.7e-40 39.562
GSPPM
GPT-4 5.357 14.716  0.658 8.131 1.7e-15 14.770

GPT-3.5-Generated Review GPT-4-Generated Review
39.6
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Figure 3.7: LLM-generated Review Evaluation Result for GPPM and GSPPM with TOKEN-
PREPROCESS Implementation: Significance (— log,,(p-value)) of the expected score difference
d > 0, higher is better. Typically, a significance score — log,,(p-value) > 1.30 (equivalent to
p-value < 0.05) is regarded as significant difference.

deviation o(d) remains similar, replacing the human-written reviews with GPT-3.5-generated
reviews leads to a greater reduction in the expected score, d, than replacing with GPT-4-
generated signals. Similarly, comparing the third row and the fourth row, we have the same
observation.

Therefore, with both GPPM and GSPPM, we can observe three score levels, from high to
low: human-written, GPT-4-generated, and GPT-3.5-generated. This observation suggests
that both our mechanisms can effectively differentiate among these three quality levels.
Furthermore, as hypothesized in Section 3.6.2, GPT-generated reviews can be viewed as
low-effort responses. As GPT-4 generates higher-quality reviews than GPT-3.5, we can
thus infer three effort levels: high (human-written), medium (GPT-4-generated), and low
(GPT-3.5-generated). Therefore, our results also show the effectiveness of our mechanisms in

differentiating various effort levels.
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3.7.4 Result 3: GSPPM Penalizes LLM-Generated Peer Review
More than GPPM.

We compare the efficacy of GSPPM and GPPM in differentiating between human-written
and LLM-generated reviews. As shown in Corollary 3.16, we expect that the GSPPM can do
a better job than the GPPM.

Note that the performance scores are no longer on the same scale. Therefore, we focus on
the significance scores in Figure 3.7. We observe that the GSPPM has higher significance scores
(lower p-values) in differentiating both GPT-3.5 and GPT-4-generated reviews, indicating
its better performance at penalizing the LLM-generated reviews. Furthermore, note that
the GPPM merely obtains a p-value of 8.2e-04 for the GPT-4-generated reviews, which is
much larger than the GSPPM’s p-value under the same condition, indicating a much lower
significance.

Therefore, GSPPM has more significant score gaps among these three quality levels—
human, GPT-4, and GPT-3.5. This is because much of the superficial information in the
LLM-generated reviews is already contained in the synopsis (abstract). Therefore, GSPPM
mitigates the ability of the LLMs to obtain a high score. Consequently, the more informative
signals that require high effort to access but are necessary for a high-quality report tend to
have a higher impact on the score computed by the GSPPM. As mentioned above, we take
this as evidence that GSPPM can likely better differentiate high versus low-effort signals and
thus better elicit high-effort reports than GPPM in the peer review scenario.

3.7.5 Empirical Distribution of the Performance Score Change

So far, we have been focused on the expected performance scores. However, in practice, the
distribution of the performance matters. For example, risk-averse agents may be concerned
with the frequency of receiving negative scores, and the variance in performance scores often
reflects the fairness of the mechanism.

Here, we use kernel density estimation (KDE)® to visualize the empirical distribution of
d = s, — s_, the change of the performance score after applying the degradation. We observe
that the score change follows a bell-shaped distribution. Furthermore, although the score
changes are predominantly positive in all the cases, the probability sometimes approaches
half, especially in the Yelp dataset. We hypothesize that this is because Yelp reviews tend to
be shorter, more diverse, and less standardized, which greatly decreases the quality of the
LLM predictions.

8We use seaborn.kdeplot (seaborn.pydata.org/generated /seaborn.kdeplot.html) with default parameters to
plot the KDEs.
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We emphasize that a positive score change in expectation is sufficient to incentivize
high-quality reports. However, future research may seek to use the performance score as
a metric for assessing data quality, in which case it is crucial to minimize the probability
of getting a negative score change. We note that fine-tuning an existing LLM (which is

not zero-shot) and the development of more advanced language models may contribute to

potential improvements.
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Figure 3.8: Empirical Distribution of the Performance Score Change of Random Signal
Replacement Evaluation.
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Figure 3.9: Empirical Distribution of the Performance Score Change of Sentence-Level
Degradation Evaluation.

3.8 Limitation, Future Work, and Conclusion

Limitations As the first paper, to our best knowledge, exploring eliciting subjective textual

data with LLMs, our work has several limitations, and each of them may lead to a future

direction.
First, the theoretical effectiveness of the GPPM and GSPPM highly depends on how

well the LLM prediction estimates the real underlying distribution (Assumption 3.9). The

quality of this prediction can be influenced by many factors, including prompt engineering,
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Degradation Evaluation.
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Figure 3.11: Empirical Distribution of the Performance Score Change of LLM-Generated
Review Evaluation. This result corresponds to Table 3.3.

the capacity of the LLMs, etc. The LLM predictions generated by state-of-the-art models like
GPT-4 and Llama-2 may not offer perfect estimates. Nonetheless, we anticipate improvements
in the efficacy of our mechanisms in the future, considering the rapid advancements in LLM
technology.

Second, our empirical findings confirm that the GPPM and GSPPM can effectively
penalize several degradations of the quality of agents’ reports. However, the performance of
our mechanisms in addressing more sophisticated manipulation strategies or even malicious
strategies remains unstudied. Therefore, how to model and understand human agents’
strategies in the textual world is an open question.

Third, we primarily focused on integrating LLMs with Miller et al. [2005)’s mechanism.
Future directions may involve applying our method to a broader set of classic peer prediction
mechanisms, especially in the multi-task setting Dasgupta and Ghosh [2013], Shnayder et al.
[2016], Kong and Schoenebeck [2019], Schoenebeck and Yu [2020], Zhang and Schoenebeck
[2023a], Kong [2020], Agarwal et al. [2017], Schoenebeck et al. [2021]. It might be interesting
to test whether the properties of these mechanisms in the classic setting can be generalized to

the textual setting. Additionally, fine-tuning LLMs to learn the structure of agent responses
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in multi-task scenarios might be another promising approach.

Yet another approach is to further explore ways to use LLMs to map text into smaller
dimensions. Independent work [Wu and Hartline, 2024], explores using known high-quality
texts to determine such a mapping. Their approach shares a similar intuition to our
JUDGMENT implementation.

Furthermore, in addition to the potent property, prior work has investigated other desider-
ata, including fairness Burrell and Schoenebeck [2021] and efficiency Zhang and Schoenebeck
[2023b], Xu et al. [2024]. We view the comparisons of different text-elicitation mechanisms in

terms of these properties as an interesting future work.

Future Work in Benchmarking LLMs with Peer Review Tasks Building on our
current research, there is significant potential for benchmarking LLMs in peer review tasks
to mitigate data contamination and data leakage.

Evaluating LLMs on various benchmarks has become crucial in natural language pro-
cessing (NLP) research. However, several studies have highlighted potential issues of data
contamination and data leakage, where the testing data may have been inadvertently included
in the training data for LLMs Sainz et al. [2023], Deng et al. [2023]. These issues question
the validity of current benchmarks and necessitate the exploration of alternative approaches.

One potential benchmark that mitigates data contamination is to evaluate LLMs on
creating peer reviews for the latest research papers. With thousands of new research papers
published annually across various fields, these papers are unlikely to appear in the pre-training
data, providing a large number of novel test cases. While previous studies have evaluated
LLMs’ ability to generate new content, such as writing stories Chakrabarty et al. [2024],
generating crowdsourcing responses Boussioux et al. [2023], and summarizing news articles
Zhang et al. [2024], a common limitation has been the reliance on human evaluators to assess
the LLM-generated content. This reliance on manual evaluation can be time-consuming,
expensive, and potentially subjective, hindering the scalability and generalizability of these
benchmarks.

In the context of academic peer review, existing approaches have focused on analyzing
the fraction of common opinions among human and LLM-generated reviews Liang et al.
[2023] or studying the correlation between LLM review scores and human scores Thelwall
[2024]. However, a more sophisticated benchmark is needed to comprehensively evaluate
LLM performance in this domain.

To address this need, our proposed mechanism provides an automated scoring method
for the quality of LLM-generated academic peer reviews. By demonstrating the ability to

differentiate between reviews from humans, GPT-4, and GPT-3.5, this mechanism shows
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the potential to serve as an automated benchmark for peer review tasks. This approach
offers several advantages, including efficient and scalable evaluation, mitigation of subjectivity
associated with human evaluation, and a more standardized and reproducible framework for

comparing LLM performance.

Conclusion In summary, our research introduces a pioneering framework for eliciting high-
quality textual judgment. To the best of our knowledge, our work is the first to design peer
prediction mechanisms for eliciting high-quality textual reports. We propose two mechanisms,
GPPM and GSPPM, which utilize the LLM-derived prediction, two implementations for
estimating the LLM-derived prediction, and an evaluation workflow. The use of LLM
prediction could extend to other peer prediction mechanisms, given that prediction is the
foundation of most peer prediction mechanisms. Our empirical results demonstrate the
potential of the GPPM and GSPPM to motivate quality human-written reviews over LLM-

generated reviews.
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CHAPTER 4

Benchmarking LLMs’ Judgments with No Gold Standard

4.1 Introduction

High-quality and reliable Large Language Model (LLM) benchmarks can effectively guide
research, encourage innovation, monitor their advancement, and inform users of which
model to use for their purpose. The importance of the final goal is underscored by the
over 900k models currently available on Hugging Face, an online platform for open-source
LLMs!. Various benchmarks are proposed for evaluating LLMs’ ability in different aspects,
including ARC [Chollet, 2019], HellaSwag [Zellers et al., 2019], Massive Multitask Language
Understanding (MMLU) [Hendrycks et al., 2020], MT Bench [Zheng et al., 2023a], GSM8K
[Cobbe et al., 2021], Truthful QA [Lin et al., 2022], Natural Questions [Kwiatkowski et al.,
2019], etc.

Most benchmarks are based on multiple-choice questions or other questions with objective
gold standard answers, since it is easy to verify the LLMs’ outputs. While they provide
valuable evaluation for LLMs, open-ended tasks, e.g. providing judgment about a research
paper, encompass a broader array of skills and require both objective and subjective reasoning.
In addition, concern has been raised about data contamination (also called data leakage),
where the training data contains information about the tasks in the benchmarks, as the LLMs
are pre-trained on massive online data, which is also the source of some of the benchmark
tasks. LLMs can show unreliably good performance due to data contamination [Sainz et al.,
2023, Golchin and Surdeanu, 2023, Oren et al., 2023]. In contrast, with open-ended questions,
LLMs can be asked to provide judgments about newly created content, e.g. the latest
academic papers, for which LLMs have yet to index human evaluations or responses.

However, it is not clear how to automate the evaluation of subjective response quality. An

added challenge is that there is no gold standard quality response with which to compare.

Thttps://huggingface.co/docs/hub/en/index
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We would like an evaluator to have two properties. First, it should be accurate and be
sensitive to the semantic content of the response. As current LLMs have already shown strong
language ability, we want to focus on evaluating the semantic informativeness of candidate
responses instead of their syntax or style. Second, the evaluator should be manipulation-
resistant-we should not be able to manipulate a response in a trivial fashion to consistently
increase evaluation scores. This is important because otherwise one cannot determine whether
a high evaluation score indicates that the LLM output a high-quality response or merely
results from manipulation designed to achieve an artificially inflated score.

Given these gaps in previous research, our research question is: Can we develop accurate,
manipulation-resistant, and automated evaluation metrics for textual responses
with no gold standard reference to compare with?

A straightforward approach may involve utilizing an alternative LLM as an oracle examiner
to directly provide the evaluation, which has demonstrated efficacy in evaluating open-
response QA [Bai et al., 2024], chatbot [Zheng et al., 2023b], etc. However, LLM examiners
are susceptible to certain manipulations. In our experiments, elongating all responses by
adding the same fixed sentences can significantly increase the GPT-40 LM examiner’s score.
Interestingly, previous research has shown that even human evaluations can be manipulated
by adding meaningless text [Goldberg et al., 2023]. Meanwhile, other automated natural
language generation (NLG) evaluation metrics, including BLEU [Papineni et al., 2002],
ROUGE [Lin, 2004], BERTScore [Zhang et al., 2019], BARTScore [Yuan et al., 2021] and
GPTScore [Fu et al., 2023], rely on comparison with a gold standard reference.

4.1.1 Owur Contributions

We propose the Generative Estimator for Mutual information (GEM) which uses the estimated
Shannon mutual information (MI) between a set of candidate responses and a set of peer
reference responses, which need not be of gold standard quality. The mutual information
measures the amount of information revealed about the reference responses by obtaining
the candidate responses. By artificially removing stylistic and syntactical information, our
approach measures how much semantic information the candidate responses can reveal about
the reference responses, which is related to the concept of semantic coverage [Yuan et al.,
2021, Nenkova and Passonneau, 2004]. We additionally propose a variant of our method,
Generative Estimator for Mutual Information with Synopsis (GEM-S), which estimates the
mutual information conditional on a synopsis of the task, e.g. the abstract of the paper.
This prevents a candidate response from receiving a high score based solely on superficial

information. Consequently, the score emphasizes the additional semantic information gained
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from the candidate responses.

For implementation, we utilize a generative language model to estimate the conditional
distribution between two text responses. Thus, the GEM can be categorized as an LLM-
probability-based metric, with techniques similar to BARTScore [Yuan et al., 2021] and
GPTScore [Fu et al., 2023], from which our metric inherits the effectiveness of evaluating
objective tasks with a gold standard.

Our work establishes a bridge between the information theoretical framework in the
literature of information elicitation without verification [Kong and Schoenebeck, 2019, Lu
et al., 2024] and the NLG evaluation problem. Though GEM and GEM-S resemble the
GPPM and GSPPM mechanisms in Lu et al. [2024], with manipulation resistance aligned to
their incentive compatibility, we make a necessary change to make the score more suitable for
the NLG evaluation problem. Specifically, for incentive compatibility, the score can rely solely
on accuracy of predicting the peer reference, while we use mutual information to capture the

gain in that accuracy for evaluation purposes.

Results Overview The results of experiments validate GEM’s accuracy and resistance to

manipulation, and compare it with many different NLG evaluation metrics.

1. Positive Correlation with Human Annotation (Section 4.4.1) On a human-
annotated dataset, the GEM metrics, especially GEM-S, achieve a significant positive
correlation with human-labeled quality scores and demonstrate competitive performance

with GPT4-0 Examiner while outperforming all other baseline metrics.

2. Better Sensitivity to Degradations (Section 4.4.2) Compared to various baseline
metrics, GEM and GEM-S are the only metrics that demonstrate significant sensitivity
to all semantic degradations in our experiment, by effectively penalizing degraded

responses.

3. Better Robustness against Manipulations (Section 4.4.3) GEM and GEM-S are
the only metrics that exhibit no significant score increases after meaningless elongation
(Figure 4.4) and GPT-40/Llama-3.1 rephrase, whereas LMExaminer show vulnerabilities

by significantly increasing scores after all manipulations.

Building on GEM and GEM-S, we introduce the GRE-bench (Generating Review
Evaluation Benchmark) to evaluate LLMs’ peer review capabilities with data from open-
access research papers and peer reviews. With the continuous influx of new data each year,
GRE-bench can mitigate data contamination issues. In addition, since GRE-bench is based

on GEM or GEM-S, it inherits their nice properties demonstrated in the experiments above.
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We run GRE-bench for various state-of-the-art LLMs on the ICLR 2023 dataset, and
present the results in Section 4.5. We find a strong correlation between parameter size and
GRE-bench score within LLM families, which further validates the effectiveness of GEM and
GEM-S.

4.1.2 Related Work

LLMs in academic peer review. Given the success of LLMs, they have the potential to
assist with peer reviews when used appropriately [Robertson, 2023, Kuznetsov et al., 2024].
Liang et al. [2023] use a survey to evaluate GPT-4-generated reviews, and find that the
GPT-generated reviews are thought helpful by more than 50% of participants. However, there
have been concerns regarding issues such as hallucinations [Donker, 2023] and inconsistent
performance Liu and Shah [2023]. While our study uses the peer review scenario to evaluate
LLM capabilities, it also provides a quantitative comparison for the effectiveness of various

LLMs in generating informative reviews.

Information Elicitation. Both information elicitation and machine learning employ
a principal-agent model [Ali and Silvey, 1966]. Specifically, the principal aims to elicit
information from the agent, e.g. the probability of rain tomorrow. To incentivize the agent
to provide truthful and informative reports, payment mechanisms are employed that reward
truthful and informative reports more than untruthful or uninformative ones.

When the information is verifiable, e.g., we will eventually know whether it rains tomorrow,
proper scoring rules [Good, 1952, Brier, 1950, Hendrickson and Buehler, 1971] can be applied,
which are similar to the loss functions in supervised learning. When the information is
subjective and unverifiable, Miller et al. [2005] propose the peer prediction mechanism,
suggesting rewarding data by how well it predicts a peer’s subjective report which is judged
by a proper scoring rule. Prelec [2004] propose the Bayesian Truth Serum mechanism. Kong
and Schoenebeck [2019] propose an information-theoretic framework, suggesting paying the
agents according to the f-mutual information between their reports. The framework provides
a unified theoretical view of previous mechanisms in Dasgupta and Ghosh [2013], and Prelec
[2004]. Lu et al. [2024] first generalize the peer prediction to elicit informative textual
responses with LLMs, providing the foundation for our GEM metrics.

Most information elicitation mechanisms theoretically ensure that truthful and informative
reports yield higher expected scores. However, high ex-post correlation between scores and
report qualities is critical for practical application, as highlighted by Burrell and Schoenebeck
[2021], Xu et al. [2024]. In our study, to validate GEM’s effectiveness in evaluating textual
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reports, we measure both the ex-post correlation with human-annotated quality scores and

expected score change after several degradation and manipulation strategies.

Estimation of Mutual Information. Kong and Schoenebeck [2018b] bridges information
elicitation without verification and co-training, by formulating an optimization problem that
maximizes the mutual information between two Bayesian predictors with two data sources.
Cao et al. [2019], Xu et al. [2019] apply this information theoretical approach in co-training
and de-noising respectively. Concurrently and independently, Belghazi et al. [2018] and Hjelm
et al. [2018] propose neural network-based methods for estimating mutual information, which

can be used as an optimization goal in unsupervised and self-supervised learning settings.

4.2 Preliminaries

In this section, we first introduce our model for benchmarking LLMs’ judgments with no
gold standard and then present Shannon mutual information (MI) and pointwise mutual

information (PMI) as an unbiased estimator of MI.

Model We consider a scenario with a candidate under evaluation and a peer reference
working on the same tasks. We denote W as the space of all tasks, with an underlying
distribution over it, denoted as AW. Given a sample task W ~ AW, both the candidate and
the reference generate a response, represented by the random variable X and Y respectively.
The response space for both X and Y is denoted by . The tuple (W, X,Y") follows an
underlying distribution D := A(W x %2). Note that the reference’s responses do not need to
be gold standard. We assume that X and Y are independent conditioning on the task W.

Signal X;, X; € X

e Report )71)7] EX

O
M Mechanism
M: M > R

Performance score s;,s; € R

Figure 4.1: Our model

Empirically, in a dataset D, we have a list of sampled tasks w = {wq,- -+ ,w,}, and a list

of corresponding reference responses y = {41, -+ ,y,}. Let the candidate generate a list of
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responses x = {x1,--- ,x,} to the corresponding tasks. We adopt a common assumption

that all the samples (w;, z;,y;) are generated i.i.d. following the underlying distribution D.

Benchmarking the candidate The evaluation metric f : W x ¥? — R maps a tuple
(w,z,y) to a score S. Note that some evaluation metrics only utilize one or two of the items
in the tuple. If the evaluation metric utilizes a language model to compute the score, we
call the model used as the evaluation-LM. Different evaluation-LMs may lead to different
evaluation results. A nice property of our GRE-bench is the consistency over evaluation-LMs,
i.e., using a smaller evaluation-LM will not significantly change the evaluation results, we
will discuss it in Section 4.5. Given a dataset D and an evaluation metric f, we can estimate
Ew,xvy~p[f(W,X,Y)], by using the average of the evaluation metrics over all samples, which

is named the benchmark.

Shannon Mutual Information Ideally, we aim to score the candidate according to
the informativeness of her responses, thus, Shannon Mutual Information (MI) [Shannon,
1948] is a suitable metric. The MI between two random variables, X and Y, provides a
quantitative measure of the information shared between them. Specifically, it assesses how
much knowing one variable can inform us about the other. This is formally defined as:
[(X;Y) = X,,Pr[X = 2,V = y]log %. The conditional mutual information
I(X;Y | Z) measures the mutual information between X and Y, conditioned on a random
variable Z:

Pr[X =2,V =y|Z = 2]
r[X =z|Z =2|Pr]Y =y|Z = 2]

I(X;Y|Z) = ZPr z]ZPr[X:x,Y:y]Z:z]logP

In an academic peer review scenario, Z can be some superficial information of a paper (e.g.
the abstract), the conditional MI measures how much information is revealed beyond the

abstract and emphasizes the MI gained from the semantics judgment.

Point-wise Mutual Information as an Estimator To estimate the MI with samples, we
employ Point-wise Mutual Information (PMI) [Fano and Hawkins, 1961, Church and Hanks,
1990], an unbiased estimator of the MI. Formally, the PMI between realization x and y is
defined as

B Pr[X =z, =y
PMI(z;y) :=log Pr[X = z] Pr[Y =y

=logPr[Y =y | X =z] —logPr[Y = y].
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Similarly, the PMI between x and y conditional on z is defined as

PMI(z;y | z) =logPr[Y =y | X =2,Z = z] —logPr]Y =y | Z = 2.

4.3 Generative Estimator for Mutual Information (GEM)

In this section, we propose the Generative Estimator for Mutual Information (GEM), prove
its theoretical effectiveness even if the reference’s responses are not gold standard under
certain assumptions, and discuss its empirical practice.

As discussed in Section 4.2, we use the mean of sample PMIs as an unbiased estimator
of the MI. Given a sampled tuple with a task w;, a candidate response z; and a reference
response y;, we aim to compute PMI(x;;y;) = log Pr[Y =y | X = ] — log Pr[Y = y].

Following Yuan et al. [2021], Fu et al. [2023], Lu et al. [2024], we use a generative language
model to estimate the probability distribution of the reference response conditional on the
candidate’s output, denoted by Prppm[Y =y | X = z], and the marginal distribution, denoted
by Prorm[Y = 9]

Specifically, we use the LLMs’ inherent token prediction function. We tokenize y as
y = yWy@ ... and then integrate 2 into the prompt. Given any length-k pre-
fix yMy@ ...y®  we use the LLM to predict Prppy[Y*FD = 4k+b) | y@ ..y =
y . yB) X = x]. By the chain rule of probability, multiplying over k, we have

ly|
PrlY=y|X=2a]= H LFL){/[[Y(HU = ¢+ | YOy ® — MR X — z].
k=0

LLM
Similarly, we can estimate the marginal distribution log Prpv[Y = y]. Thus, we have the
estimated PMI, denoted as P/Ml(xi; y;) = logPripm[Y =y | X = z] — log Prppu[Y = y], and
consequently, the estimated MI over dataset D is [(X;Y) = Ly, PMI(z;; ).

4.3.1 Theoretical Guarantees: Benchmarking LLMs with No Gold
Standard

We now show that even when the reference is not gold standard, the estimated MI can
still be a benchmark where better candidates achieve higher scores theoretically. We adopt
a widely-used model in decision-making theory [Blackwell, 1951, 1953]. The candidate’s
response follows an information structure, a mapping o : W — AXY, where X is the response
space. It represents the distribution of responses conditional on the task.

Within this model, Blackwell’s order [Blackwell, 1951, 1953] provides a partial order of
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the informativeness of information structures. Consider two candidates, H and L, whose
responses Xy and X follow information structures oy and oy, respectively. Information
structure oy is more informative than oy, in the sense of Blackwell order if there exists a
stochastic mapping I', such that oy = I'oy. Intuitively, the information structure with a
lower Blackwell order is more noisy, and thus, can be regarded as lower quality.

We now show that higher Blackwell order information leads to (approximately) higher

GEM scores when the LLM can provide a “good” estimation. Formally, we have

Proposition 4.1. When the KL-divergence® between the LLM estimated distribution and the

underlying distribution satisfies
Dgr, LPLII\'/I[Y = - | X = .CCH]HPI'[Y =- ‘ Xy = QIH] <€, Vry.

For the two candidates H and L discussed above, the information structure of H Blackwell
dominates L’s, when the size of dataset n goes to infinity, we have I(Xy;Y) > I(X1;Y) — €.

The proof is provided in Appendix C.1, following previous information elicitation literature
[Lu et al., 2024]. It mainly relies on the data processing inequality [Shannon, 1948, Cover
and Thomas, 1999]. Additionally, we provide a similar proposition for conditional MI in
Appendix C.1.

We highlight that while this theoretical result requires a strong assumption, it gives
intuitions of why and how our GEM scores could work. In the next several sections, we

present our experiment validating the effectiveness of GEM with real data.

4.3.2 Filtering Out Shortcuts

Textual data is inherently high-dimensional, encompassing various aspects. For example, peer
reviews may have a hierarchical information structure, including language style, the topic of
the paper, and critical judgments, as shown in Figure 4.2. While each of these dimensions
influences LLM predictions and consequently contributes to the mutual information, they are
not equally important when assessing the quality of LLM-generated responses, particularly
in the context of peer reviews.

Empirically, the correlation between superficial information can act as “shortcuts” [Geirhos
et al., 2020] confounding LLM predictions, cause unintended bias in the estimated mutual
information, and consequently distort the evaluation metric towards superficial correlations

rather than thorough judgments. Since we focus on the semantic quality of these responses,

2The KL-divergence between two distributions over the same probability space is Dki(P||Q) =

2., P(z)log (P(z)/Q(x)) .
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we aim to filter out dimensions like language styles that could skew the evaluation metric by

offering “shortcuts” in LLM predictions.

Thorough
Critical
GEM-S (ASSW): PMI(X; ¥ |0 aps, Oassw) Judgments
Author-stated strengths
GEM-S (abstract): PMI(X; ¥|6,ps) & weaknesses (ASSW)
o4 Topic, Keywords ...
GEM: PMI(X; Y) covered in abstract
GEM-raw: PMI(X; Y) / Language style, Format \ Superficial

Figure 4.2: Example of Hierarchical Information Structure in Peer Reviews

Preprocessing A straightforward yet effective method proposed by Lu et al. [2024], is
preprocessing responses using a specific LLM to rephrase and summarize the content. This
preprocessing step standardizes language style and eliminates superficial information, thereby
reducing the influence of irrelevant dimensions. We denote the preprocessed versions of

responses x; and y; as z; and g; respectively.
Dataset D Preprocessing Tokenization LLM Prediction
Candidate Standardly PPN PN ) N o o
\fResponse x; - Rephrased ¥; — =505 .. 5" Pr [ yl | xl ]

LLM
= pr 5“5 .57, 2]

I
______ ~ 7| Reference |_: * 5 Standardly s Ji = 5 W5@ 507D - ) (1) (ke
. lResponse ¥i :‘/ Rephrased ¥; E Te= e ! LE;;,[yi ] =TIl lerM[J’i( )D’i( ) ---J’i( )]

&

. 1o oo oy 1 P -
Estimated MI: GEM(D) = ;Zi PMI(X;, 7;) = ;Zi logLEII;I[yi | %;] — log L%rw[yi]

=

Figure 4.3: An Overview of Our Generative Estimator for Mutual Information

We have now outlined all steps of our Generative Estimator for Mutual Information (GEM)
framework, as illustrated in Figure 4.3. The GEM metric between a candidate response x;

and a reference response y; is defined as follows:
GEM(z;,y;) == PMI(d;, 3:).

By taking the arithmetic average of all GEM(z;,y;) over the dataset D, we have an

estimated mutual information between random variables X and Y, as shown in Figure 4.3.
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For comparison, we also introduce the GEM-raw metric calculated without preprocessing

as follows: GEM-raw(z;, y;) := PMI(z;,y;), which serves as a baseline.

GEM-S: conditioning out the synopsis Kong and Schoenebeck [2018a] suggest surface-
level information can inflate mutual information through simple correlations, reducing the
mutual information’s effectiveness in reflecting semantic informativeness, especially when
the responses have a hierarchical information structure as shown in Figure 4.2. As some
superficial information can be contained in a synopsis of the task, e.g. the abstract of the
paper to be reviewed, conditional mutual information can be used to distill the semantic
informativeness [Lu et al., 2024].

The GEM-S metric is designed to mitigate this issue by conditioning out the synopsis of
the task, denoted as f(w;). The GEM-S metric is formally defined as:

GEM-S(0(w;), zi,y:) = PMI(£:, §; | 6(w;)).

With the conditional formulation above, only the additional, non-trivial mutual information
is measured, thereby offering a more accurate assessment of the candidate’s performance in
providing information beyond superficial content.

Moreover, we can adjust the granularity of the synopsis to make the GEM-S metric focus on
evaluating different aspects of the candidate LLMs’ ability. In the example of Figure 4.2, the
standard GEM measures the general ability to produce relevant reviews. By conditioning on
the abstract, GEM-S (abstract) evaluates the LLM’s ability to generate judgments, including
retrieving author-stated strengths and weaknesses (ASSW) and providing critical feedback.
By further conditioning on a summary of these author-stated strengths and weaknesses,
GEM-S (ASSW) narrows the focus to the LLM’s capacity for critical thinking and delivering

constructive feedback.

4.4 Experiment: Validating GEM’s Effectiveness

In this section, we provide our experiment setup to validate the effectiveness of the GEM

metric in benchmarking LLMs without gold-standard references, and show the results.

GEM setup We present the empirical setup of the GEM metric and its variants. In
the validation experiment in this section, Llama-3.1 8B is used as the evaluation-LM to
estimate log Prppm[Y =y | X = z] and log Prppm[Y = y]. After confirming the effectiveness

of GEM metrics using the small model, for even better performance, we scaled up to a larger,
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70B-parameter version of Llama-3.1 for computing the GRE-bench on the ICLR 2023 dataset
in Section 4.5, where we also show the correlation between results of the smaller (8B) and
larger (70B) models, to ensure consistency of our approach.

For text preprocessing, we employ GPT-40. We also present the results with Llama-3.2
90B preprocessing in Appendix C.4.3, and demonstrate the robustness of GEM metrics with
various preprocessing models. For GEM-S, without further indication, we use the abstract
of the paper as the synopsis in this section. The prompts for probability estimation and

preprocessing can be found in Appendix C.2.

Baselines We compare the performance of GEM and its variants with the following
established evaluation metrics commonly used in NLG evaluation, including two metrics from
the pre-LLM era, BLEU [Papineni et al., 2002] and ROUGE-L [Lin, 2004], and an embedding-
based metric, BERTScore [Zhang et al., 2019], a probability-based metric BARTScore [Yuan
et al., 2021], and a GPT-based metric LMEzaminer (Language Model as Examiner) [Bai
et al., 2024]. Here, we mainly discuss the LLM-based metrics, the detailed implementation of
all baselines is provided in Appendix C.3.1.

BERTScore [Zhang et al., 2019] evaluates generated text by measuring the cosine similarity
between token embeddings from a pre-trained language model. Instead of BERT, we use
a recent model stella__en_400M_ v5 [Zhang, 2024] as the evaluation-LM for better token
embedding performance.

BARTScore [Yuan et al., 2021] is a probability-based metric. It has three variants,
precision, recall, and F1-score. Instead of BART, we use the state-of-the-art Llama3.1-8b as
the evaluation-LM for estimating the probability, which is the same as our GEM metrics.

LMEzaminer [Bai et al., 2024] is one of the recently popular methods where a language
model (LM) is used to evaluate the quality of generated text based on specific evaluation
criteria, serving as an examiner. With empirical evidence suggesting that GPT-4 outperforms
open-source models and even finetuned models of pointwise grading on AlignBench [Ke
et al., 2023], we use GPT-40 as a baseline in our experiment. For peer review tasks, our
prompt adopts criteria based on Review Quality Indicators (RQIs) [Goldberg et al., 2023,
Van Rooyen et al., 1999, Superchi et al., 2019] including four aspects, understanding, coverage,

substantiation, constructiveness.

4.4.1 Result 1: Positive Correlation with Human Annotation

In this section, we show the experiment results utilizing a human-annotated dataset to

validate how well the GEM metrics correlate with human-labeled quality scores compared to
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various baselines. A higher correlation indicates that the evaluation metric better aligns with
human preference.

Note that, a perfect correlation can be impossible to achieve for several reasons: Human
annotations are inherently noisy [Goldberg et al., 2023], evaluation of individual responses
can also be noisy due to subjectivity, and there is no gold-standard reference. Nonetheless,
our goal is to demonstrate systematic-level positive correlation.

Score. For task w; with corresponding responses x; = {z;;}, where z;; is the j-th response,
the score of response x;; is computed by ﬁ >kzj f(wi, T, v) where f is the evaluation
metric.

Human-Annotated Peer Grading Dataset. This dataset contains 30 student project
proposals in a graduate-level class on machine learning and about 180 peer evaluations of the
proposals. We use GPT-40 to generate a short abstract for each proposal. Each proposal has
at least 4 reviews, and each review contains an overall score and textual feedback, including
“Strengths of the project”, “Weaknesses of the project/likely roadblocks”, and “Ideas for
improvement or specific directions”. According to the quality of students’ textual feedback,

an instructor manually grades the reviews with grade A, B, or C.

Evaluation Metric p p-value Evaluation Metric p p-value
BLE 02 779 BARTScore-recall 0.164 0.036
rOLEY 008 o LMExaminer ~ 0.537 Lle-13
BERTScore -0.061  0.439 GEM- 0.300 9.2¢-05
BARTScore-F1  -0.237  0.002 GEM 0431 75000
BARTScore-prec.  -0.511  2.3e-12 GEM-S 0.479 7.4e-11

Table 4.1: Spearman’s correlation coefficient (p) and p-values between various evaluation
metrics and instructor-annotated grades. Significant positive correlations (p < 0.05) are

bolded.

Statistics Metric and Results. Table 4.1 shows Spearman’s correlation coefficient p
between the scores of various evaluation metrics and the instructors’ grades. All variants
of our GEM metrics show a significant positive correlation. The GEM-S has the highest
correlation over all three GEM variants, implying the effectiveness of filtering out shortcuts. It
also shows competitive performance compared to GPT-40 LMExaminer which has the highest
correlation. All other baselines perform worse than GEM, and only BARTScore-Recall has a
significant positive correlation. In later sections, we provide further comparisons between
GEM and LMExaminer.

81



4.4.2 Result 2: Better Sensitivity to Degradation

We now compare how sensitive the evaluation metrics are to degradations that obviously
reduce the semantic informativeness of the responses. A statistically significant score de-
crease indicates the sensitivity of the metric. We first introduce our validation workflow in
Algorithm 4, the ICLR peer review dataset, and then introduce several degradation strategies.
The workflow and dataset will also be used in the robustness check against manipulation

strategies in Section 4.4.3.

ALGORITHM 4: Validation Workflow
Input: A dataset D with n tuples of tasks and associated text responses. An

evaluation metric f computing the scores. A degradation/manipulation
strategy M.
Output: Statistics metrics.

for : =1 to n do
Get the ¢-th tuple from the dataset: task w;, candidate response z;, and reference

response v; ;
Compute s; := f(wy, i, y;);

Replace the response z; with 2/ according to degradation/manipulation strategy
M;
Compute s := f(w;, 2}, y;);

end
Compute the means j,p' and standard deviations o,0” of {s;}icin) and {8 }icpy
respectively.

Note that the evaluation metrics that we compare are in different scales, thus, instead of
comparing the mean difference, we standardize the scores with pooled standard deviation
Tpooled ‘= 1/ (02 4+ 0?)/2, and compare the standardized mean difference (SMD) d := G’:;:l‘:d
[Andrade, 2020]. This form of SMD is also known as Cohen’s d [Cohen, 1988].

ICLR Dataset. We use the ICLR 2023% peer review data publicly available on OpenRe-

view. We randomly select 300 papers as our dataset, and for each paper, we randomly select

3 original human reviews: one review to serve as a human candidate, and the other two as
reference responses.

Degradation Strategies. We introduce three degradation strategies as follows. Note that
the degraded responses after Sentence Deletion or Deletion € Completion can be regarded as

Blackwell-dominated by the original one. The detailed setup is provided in Appendix C.3.3.

1. Sentence Deletion. We delete every other sentence of x; to get a degraded response .

3At the time of our experiment, ICLR 2024 review data was not yet available through the OpenReview
APIL
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2. Deletion € Completion. After deletion, we use GPT-40 to complete the deleted sentence
with consistent language style and semantics to the original response, which provides

an informatively degraded response x; but with a similar length to the original one.

3. Abstract-only Review. We use Claude-3-sonnet? to create a fictitious review z; with

only the abstract of the paper, and use z, to replace ;.

Statistics and Results. We compare the standardized mean differences (SMD) of
evaluation metrics in Table 4.2: GEM and GEM-S are only two metrics that consistently
have significant negative SMD on all three degradations. The LMExaminer shows the highest
effectiveness on Sentence Deletion and Deletion & Completion, but failed to penalize reviews

only based on the abstract.

Table 4.2: Standardized Mean Differences (SMD) d := (1 — 1)/ Tpooled Of scores after degrada-
tions and manipulations of various evaluation metrics. Significant score decreases (p < 0.05)
after degradations are highlighted in bold green, implying the evaluation metric can effectively
penalize the degradation. Significant score increases (p < 0.05) after manipulations are
highlighted in bold red, implying the evaluation metric is not robust against the manipulation.
We provide 95% confidence interval of SMD values in Appendix C.4.1.

Evaluation Sentence Deletion & Abstract-only GPT-40 Llama3.1 Meaningless

Metric Deletion Completion Review Rephrase Rephrase Elongation
BLEU -0.282 0.016 -0.692 -0.975 -0.920 -0.165
ROUGE-L -0.073 0.091 0.022 0.028 0.120 -0.196
BERTScore -0.100 -0.188 0.840 0.134 0.063 0.064
BARTS.-F1 0.401 0.201 0.394 0.130 0.332 -0.304
BARTS.-prec. 0.627 0.317 0.617 0.218 0.541 -0.439
BARTS.-recall -0.017 -0.016 0.004 -0.027 -0.028 0.004
LMExaminer -1.290 -0.417 0.715 0.187 0.104 0.105
GEM-raw -0.123 -0.126 0.020 -0.123 -0.126 0.020
GEM -0.401 -0.308 -0.191 -0.058 -0.107 -0.063
GEM-S -0.409 -0.206 -0.566 -0.046 -0.114 -0.070

4.4.3 Result 3: Better Robustness against Manipulation

Evidence has been found that the LLM evaluators, and even humans, are not robust against
specific manipulation strategies, they may rely on language style or length as shortcuts instead
of providing an evaluation based on semantic quality [Panickssery et al., 2024, Bai et al.,
2024, Goldberg et al., 2023], thus, it is important to further check our metric’s robustness

against several manipulations.

4We intentionally use a different LLM from Deletion & Completion to make sure the effect of score decrease
is not caused only by the LM.
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Specifically, we employ two manipulation strategies, which do not significantly change
the semantics, but may change the language style or add meaningless starting sentences.
After manipulation, if the score significantly increases, the evaluation metric fails to pass the
robustness check. We use the same workflow and dataset introduced in Section 4.4.2.

Manipulation Strategies. We now introduce the manipulation strategies. The detailed

setup, including the prompts and examples, is provided in Appendix C.3.4.
1. GPT-4o/Llama-3.1 Rephrase. Following Bai et al. [2024], we use GPT-40 and Llama-3.1

to rephrase the response x; while trying to keep the semantics unchanged. We test
whether the evaluation metrics have preference towards GPT-40 or Llama-3.1 generated

language.

2. Meaningless Elongation. We adopt a meaningless elongation method similar to Goldberg
et al. [2023]’s human subject experiment where a set of fixed meaningless sentences is

added to each section of all the reviews as shown in Figure 4.4.
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Figure 4.4: Meaningless Elongation

Statistics and Results. The SMDs shown in Table 4.2 demonstrate that LMexaminer
has significant score increases after all three manipulations, indicating its lack of manipulation-
resistance. In contrast, GEM and GEM-S exhibit no significant score increase across these
manipulations. Furthermore, comparing SMDs after degradations and manipulations in
Table 4.2, we observe that the scores of GEM and GEM-S decrease less after manipulations
compared to degradations, indicating that manipulations result in less information loss than

degradations.

4.5 GRE-bench: Benchmarking LLMs with GEM

After validating our evaluation metrics GEM and GEM-S in Section 4.4.1, 4.4.2, and 4.4.3,

we now show the results of GRE-bench (Generating Review Evaluation Benchmark) based
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on GEM and GEM-S. We use the same ICLR 2023 peer review dataset introduced in
Section 4.4.2.

We prompt LLMs to generate detailed reviews for each paper in the dataset, with the
prompt inspired by Liang et al. [2023], which covers various aspects, including paper summary,
strengths, weaknesses, questions, etc. Details of the prompts are provided in Appendix C.2.3.

We then use GEM and GEM-S to score the LLM-generated reviews. Specifically, as
discussed in Section 4.3.2, we use GEM-S (abstract) and GEM-S (ASSW), where the synopsis
consists of an abstract for GEM-S (abstract), and an abstract supplemented with a summary
of author-stated strengths and weaknesses (ASSW) for GEM-S (ASSW). We prompt GPT-40
to get the ASSW summary of each paper, the prompt is shown in Appendix C.2.4. We
visualize the results of the GRE-bench based on GEM, GEM-S (abstract), and GEM-S
(ASSW) respectively in Figure 4.5. More detailed numerical results are provided in Table C.4
of Appendix C.4.2.

Claude-3-opus
Claude-3-sonnet
Claude-3-haiku
Claude-2
Gemini-pro-1.5
Gemini-pro-1

1012

GPT-40
GPT-3.5-turbo
GPT-40-mini
Deepseek-v3
Deepseek-rl
Llama-3.1-70b
Llama-3.1-8b
Llama-3-70b

1011

Parameter Size

Llama-3-8b
Mistral-large
Mistral-small

Mistral-tiny

Mixtral-8x22b
Mixtral-8x7b

1010

10 15 20 25 3 6 9 2 6
GEM GEM-S (abstract) GEM-S (ASSW)

12 4

Figure 4.5: Results of GRE-bench based on three evaluation metrics with 90% confidence
intervals vs. model parameter sizes’indicated by color. The grey line represents the average
human baseline, with the 90% confidence interval shaded in grey.

Figure 4.5 shows that, within each LLM family, such as the Llama-3 or Claude series,
models with larger parameter sizes tend to perform better. Moreover, newer versions tend
to outperform their predecessors with similar model sizes, as seen in comparisons between
Llama-3.1 and Llama-3. These observations further validate the effectiveness of our GEM
and GEM-S metrics in accurately evaluating LLMs.

Notably, several models with large parameter sizes surpass the human baseline (gray line)
when using GEM and GEM-S (abstract) metrics. We hypothesize this is because strong
LLMs like Claude-3 opus can effectively retrieve contributions and limitations stated by the

authors, and will include that in their reviews. In contrast, human reviewers tend to omit
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judgments that are less important or already stated by the authors due to writing costs,
resulting in a loss of mutual information. This hypothesis is supported by the observation
that, when we condition out the author-stated strengths and weaknesses, the human reviewer
has the highest GRE-bench score based on GEM-S (ASSW).

This observation further validates the hierarchical information structure discussed in
Section 4.3.2. By conditioning out different levels of information, the benchmark captures
subtly different abilities. GEM-S (ASSW) emphasizes the quality of critical judgment, while
GEM and GEM-S (abstract) focus more on evaluating LLMs’ foundational abilities, including
retrieving useful information from the paper, which is especially valuable for differentiating

LLMs with smaller parameter size.

GRE-bench vs. Other benchmarks The ability to generate informative reviews relies on
several key factors, including logical reasoning, critical thinking, and fact-checking. Various
widely used benchmarks measure different aspects of LLM performance. To better understand
which abilities are most critical for generating high-quality reviews, in the sense of GRE-bench
scores, we compared our results with several other benchmarks.

We present the Spearman’s correlation coefficients between the GRE-bench scores of all the
models and their corresponding scores on other benchmarks® in Table 4.3 in Appendix C.4.2,
providing insights into which factors most strongly influence review generation quality.
Notably, GRE-bench highly correlates with HellaSWAG and ARC-C which measures reasoning
ability, and less correlates with benchmarks for coding ability (HumanEval) or math ability
(MATH, GSMSK).

Table 4.3: Spearman’s correlation coefficients between GRE-bench and other popular bench-
marks.

Base Metric MMLU ARC-C HellaSwag GSMS8K MATH HumanEval GPQA

GEM 0.55 0.68 0.74 0.58 0.37 0.36 0.60
GEM-S (abstract) 0.66 0.70 0.82 0.73 0.43 0.43 0.67
GEM-S (ASSW) 0.68 0.78 0.84 0.73 0.43 0.48 0.71

Consistent results over various Evaluation LMs. The Spearman’s correlation coeffi-

cients between the GRE-bench scores based on GEM metric computed using Llama-3.1 8B

5In Figure 4.5, the parameter sizes of closed-source models are estimated from unofficial sources. This
information is only to provide context, and none of our conclusions or key findings depend on these estimates.

6We collect benchmark data from online sources, such as technical reports of language models. Since some
models have missing results for specific benchmarks, we exclude those entries when computing correlation.
For more details, please refer to our code repository.
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and that same score computed with Llama-3.1 70B is 0.93. This indicates that the score is
largely robust with respect to the specific evaluation LM used. The analogous coefficient for
the GRE-bench scores based on GEM-S (abstract) and GEM-S (ASSW) are 0.92 and 0.90
respectively. We further provide the comprehensive results of GRE-bench with Llama-3.1
8B in Table C.5 in Appendix C.4.2. This consistency shows that with our metrics, a small
model with 8B parameters that can be deployed on a single NVIDIA L4 GPU, plus proper
preprocessing, is still effective in evaluating the quality of judgments generated by much

larger models, though larger evaluation LM may have better evaluation performance.

4.6 Conclusion and Discussion

In conclusion, we introduce GEM and GEM-S, two metrics for evaluating LLMs on tasks
without gold-standard references. They have proved to be accurate and manipulation-resistant,
outperforming other metrics in the experiment. Based on GEM and GEM-S, we present
GRE-bench for assessing LLMs’ peer review capabilities while minimizing the risk of data
contamination.

Our approach has certain limitations. First, although our experiments demonstrate its
effectiveness, the theoretical results depend on the accurate estimation of the underlying
distribution by the LLM, which may not always be reliable. With ongoing advancements
in LLM technology, we hope that these estimations will become more accurate over time.
Second, while our method does not require gold-standard references, it requires reference that
includes original human-generated information. If all reviewers submit solely LLM-generated
reviews—such as those only from GPT-40—the mutual information-based approach may
unfairly assign the highest score to GPT-40. This echoes recent research demonstrating that
the absence of original human-generated data in Al evaluation can result in model collapse
[Shumailov et al., 2024].

More generally, when reference reviews contain LLM-generated or LLM-assisted text, LLM
candidate scores may be inflated due to correlation between the candidate review and the
LLM-generated component of the reference reviews. For example, candidate LLMs may share
similar prior knowledge, phrasing patterns, or review opinions with the LLMs used by human
reviewers. GEM-S can mitigate this issue by conditioning on task-level information, such
as the abstract or author-stated strengths and weaknesses. As discussed in the Section 4.5,
this helps distinguish superficial information from critical judgment. If the LLM-generated
portion of a reference mainly restates superficial or author-provided information, GEM-S can
reduce the resulting inflation. However, GRE-bench relies on references preserving sufficient

(conditionally) independent judgment. Its effectiveness therefore depends on the choice of
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synopsis, which remains an open question for future work.

For future work, we can use new open-access peer review data to update GRE-bench every
year and observe how the evaluation evolves over time, to monitor any improvements in LLMs’
peer review capabilities. This will also ensure the benchmark stays current and minimizes
data contamination. Additionally, exploring GEM’s potential to evaluate subjective content
in other scenarios, such as book reviews and movie reviews, could broaden its applicability
and further demonstrate its versatility. We provide initial results in validating GEM on a

Yelp restaurant review dataset in Appendix C.4.4.
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CHAPTER 5

Beyond Correlation: Systematically Designing and Testing
Aligned Text Evaluation Metrics with f-Mutual Information

5.1 Introduction

Reference-based evaluation metrics are essential for scalable assessment of natural language
generation systems, especially in the era of large language models. Given a candidate response
and one or more reference responses for the same task, such metrics assign a score intended
to reflect the quality, informativeness, or correctness of the candidate. Human evaluation
remains the gold standard, but it is too slow and expensive at large scale. In practice,
reference-based metrics are used not only to compare systems after training, but increasingly
to guide development and optimization itself. As their role expands from measurement to
optimization, we need to understand not only whether their scores correlate with human
judgments, but also what incentives these scores create.

Most standard reference-based metrics are designed to approximate human judgments.
Following the dissertation-wide terminology introduced earlier, this corresponds to statistical
alignment: a useful metric should track human assessments of text quality. However, once a
metric is used as an optimization objective, correlation with human judgments is not enough.
The metric also shapes the behavior of systems and people optimizing against it.

The complementary requirement is strategic alignment: a metric should be robust
to score-seeking perturbations of the text. Recent work proposes evaluation metrics with
improved robustness to such strategic behavior [Lu et al., 2024, Xu et al., 2025, Robertson
and Koyejo, 2025, Wu and Hartline, 2024]. These works show that evaluation metrics must
be judged not only by their statistical correlation with human ratings, but also by whether

they remain reliable under strategic perturbations.

Contribution 1: Test Principles Existing metrics are introduced for different goals and

tested on different datasets with different criteria, making head-to-head comparison difficult.
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As a result, it remains unclear how evaluation metrics should be systematically validated when
the goal is not only statistical alignment with human ratings, but also strategic alignment
under score-seeking behavior.

In this chapter, we address this validation gap by introducing unified test principles for
reference-based evaluation metrics. Generalized from previous studies [Wu and Hartline, 2024,
Xu et al., 2025, Lu et al., 2024, Robertson and Koyejo, 2025], we propose three complementary
principles for comparing metrics. The first principle is correlation with human preference: a
metric should agree with human judgments under ordinary, non-adversarial conditions. This
principle corresponds to statistical alignment and captures the standard desideratum in NLG
evaluation.

The second and third principles evaluate strategic alignment from two complementary

perspectives. The second principle is degradation sensitivity: when a text is deliberately

degraded by removing or corrupting task-relevant information, the metric score should strictly
decrease. This tests whether the metric discourages low-effort reports, which save effort by
providing strictly less information while attempting to receive similar credit.

The third principle is manipulation robustness: when a text is strategically modified to

inflate the metric score without adding genuine content, the metric should not increase. This
tests whether the metric discourages untruthful reports, which exploit superficial features
of the evaluation procedure. Unlike degradation, manipulation need not strictly reduce the
information content of the text. It may only weakly decrease it or preserve much of the
original content while changing style, format, or wording to obtain a higher score. Together,
these three principles provide a common standard for evaluating both prior and new metrics

on equal footing.

Contribution 2: Metric Design Framework Having introduced a unified test framework,
we now turn to the complementary construction question: how should one design metrics that
pass these tests? The two principles under strategic alignment point to mutual information
(MI) as a natural basis for manipulation-resistant evaluation metric design. Both degradation
and manipulation reduce the informativeness of the text: degradation strictly reduces
information, whereas manipulation weakly reduces information to exploit the metric. Thus,
a well-behaved metric should obey the information-monotonicity principle: transformations
that weakly decrease information should not increase the expected score. MI-based metrics
are designed precisely around this principle. They score a candidate by estimating the mutual
information it shares with an independent reference for the same task. The strategic alignment
guarantee thus follows from the information monotonicity of the mutual information. Recent
methods instantiate this idea in different forms: GEM [Xu et al., 2025] and GPPM [Lu et al.,
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2024] use KL-based pointwise mutual information estimated from token-level autoregressive
probabilities or LLM support judgments, while TVD-MI [Robertson and Koyejo, 2025] uses
an LLM critic to estimate a total-variation MI objective through same-task versus cross-task
classification. These works demonstrate the promise of information-theoretic scoring for
semantic informativeness and manipulation resistance.

However, there is no unified framework for constructing strategically aligned metrics.
Previous papers are developed as separate methods rather than as instances of a common
design principle. They differ in the choice of the MI measure, estimator, representation
granularity, and prediction model, and these choices are usually evaluated in isolation.

We propose a unified design framework for constructing MI-based evaluation metrics. Our
framework decomposes every MI-based metric into four elements: an information measure
(MI), an MI estimation method, a representation of a text, and a prediction mechanism. This
decomposition recovers existing methods such as GEM, GPPM, and TVD-MI as special cases,
while also exposing a broader design space of new metrics. The framework therefore gives a
principled recipe for constructing new metrics and for analyzing which design components
drive desirable behavior.

Our empirical results support a central takeaway: statistical alignment alone is not enough
to certify an evaluation metric as a reliable scoring rule. Across peer review, summarization,
and question answering, we find that LLM-as-a-Judge achieves the strongest correlations with
human ratings, yet are vulnerable to manipulations. In contrast, MI-based metrics provide
stronger strategic alignment. In particular, the statement-level TV f-variational metric, a
new design exposed by our framework, is the most reliable overall.

Together, our two contributions provide a unified perspective on aligned text evaluation
beyond simple human correlation. The test principles explain how evaluation metrics should
be validated, while the design framework explains how MI-based metrics can be constructed
and varied. Combining the two allows us to compare existing methods fairly, explore new
points in the design space, and identify which combinations of information measure, estimator,

and distribution model lead to the most reliable evaluation behavior across domains.

5.2 Problem Setup

We evaluate a scoring metric S. Let W denote a task. We consider a candidate report X
and a reference report Y, both belonging to the text space V=F over a vocabulary V with
maximum length L. The candidate X is the random variable of the response under evaluation,
while Y is the random variable of a reference independently produced for the same task. We

write (z,y) as the realized value of a candidate-reference pair.
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A standard reference-based metric is a function S(z,y) that maps a candidate-reference
pair to a scalar score. The most general form of the metric is given additional optional negative
reference for contrastive scoring, y~ € V=L U {0}, drawn from the marginal distribution Py-.
For example, a reference sampled from another task.

Given these inputs, we write the general form of a metric as a contrastive scoring function

S(z,y,y7)

Intuitively, given optional input y—, this contrastive formulation allows the metric to score
agreement with the matched reference y while penalizing patterns that are common under

the marginal distribution Py.

5.3 Test Principles

We compare evaluation metrics along statistical alignment and strategic alignment, under our
test principles, generalized from previous work [Wu and Hartline, 2024, Lu et al., 2024, Xu
et al., 2025, Robertson and Koyejo, 2025]. Specifically, for statistical alignment, we test the
statistical correlation with human quality ratings; for strategic alignment, we use degradation
strategies to simulate low-effort reporting and manipulation strategies to simulate untruthful

reporting. We test whether the metrics can penalize degradations and resist manipulations.

Statistic alignment test: Correlation with human ratings. For datasets providing
absolute human scores, let h; denote the human rating on candidate response z;, and s;
denote the corresponding score assigned by an evaluation metric. We measure statistical

alignment using Spearman’s rank correlation,

p = Spearman({si}?zl, {hz}:ﬁ:l) :

When multiple annotators are available, we average their scores at the item level before

computing p.

Strategic alignment test 1: Sensitivity to degradation A degradation reduces the
semantic informativeness of a candidate by deleting evidence, restricting context, or forcing
low-effort responses; a well-behaved metric should assign strictly lower scores to degraded
variants. Degradation tests are perturbations that reduce the task-relevant information,

coverage, or specificity of a candidate.
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For each candidate report x;, we apply a degradation strategy M to produce a perturbed
report M and compute scores s; and sM for the original and perturbed report respectively.
Table D.1 lists 6 strategies used in our experiments in Section 5.5.

For each strategy M, we compute the paired score change

_ 1>

AM =M g AMD = Z5TAMD,
"=

To compare metrics’ effect size on different numerical scales, we report Cohen’s d (standardized

mean difference):
Uy —
(03 +0)/2

dy =

where (u, o) and (par, opr) are the empirical mean and standard deviation of the clean and
perturbed scores respectively. This scale-normalized reporting is adapted from Xu et al.
[2025]. For degradations, desirable behavior is AM) < 0 and dj; < 0.

Strategic alignment test 2: Manipulation Resistance A manipulation is designed
to inflate the score by exploiting metric shortcuts, such as verbosity, stylistic regularity,
or prior-hugging generic content, without introducing new task-specific evidence; a robust
metric should be insensitive to such perturbations. Manipulation tests are perturbations
that attempt to increase a score by exploiting information already available to the evaluator,
without introducing new task-specific evidence.

As with the degradation tests, for each candidate report x;, we apply a manipulation
strategy M to produce a perturbed report z}. Table D.2 lists 6 strategies used in our
experiments in Section 5.5.

We compute the paired score change AEM) and Cohen’s dj; using the same formulas
established for degradations. For manipulations, the desirable behavior is A®) < 0 together

with a small absolute effect size.

5.4 f-MI Metric Design Framework

We introduce an f-MI metric design framework that separates the design space into two

conceptually distinct parts. The first part consists of theoretical design choices: which

information measure is being estimated, and which estimator is used. The second part consists

of empirical design choices: how reports are represented, and how predictive quantities are

obtained from those representations.
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Definition 5.1 (Design tuple). An f-MI evaluation metric is specified by a tuple
S=(RIIFE),

where:

(1) Information measure F: the choice of f-divergence defining the objective 1;(X;Y).
(it) Estimation method E: the method used to estimate the chosen objective I;(X;Y).
(iii) Representation R: a map from the text space to a representation space, R : V<L — U.
(iv) Prediction I1: a mechanism that maps represented candidate-reference pairs to predic-

tive quantities used in the estimation method.

Intuitively, the representation R and prediction procedure Il determine what quantities
can be estimated from text, while the information measure F' and estimator E determine
how those quantities are assembled into an f-MI score.

Given a dataset of n tasks {w;}!" ,, each task w; has an associated candidate report z;,
a positive reference report y;, an optional negative reference report y; sampled from the
marginal distribution Py, and an optional superficial context z;. For a fixed design tuple

(F, E, R,II), the metric assigns each item a sample-level score

Seeru(Ti, v,y ), or Seperu(Ti, i,y ;%)

The construction of a reference-based metric applies the framework above. To score a
single item, we take the chosen MI estimation method and replace each expectation with
an empirical average over the sampled positive and negative references. Averaging these
per-item scores across the dataset then yields an estimator of the corresponding f-MI quantity
determined by F', E, R, and II:

E [SF,ER,H(%,%%_)] = fl(vE’Rm (X;Y), or E [SF,ER,H(%,%%_;ZE)} = A}E’R’H)(X;Y | Z).

The rest of this section describes the definition of f-MI, the methods for MI estimation,
representation, and prediction. Section 5.4.5 presents prior work under our decomposition.
Section D.2 shows the approximate manipulation robustness of the metrics as a result of the

information monotonicity, but under estimation errors.

5.4.1 f-Mutual Information

We first present the definition of the f-mutual information (f-MI).
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Definition 5.2 (f-divergence and f-mutual information). Let P and Q) be probability distri-
butions on a finite space X, and let f: Ry — R be conver with f(1) = 0. The f-divergence
biz)
x
PPl x;cq <Q( )) '
For jointly distributed random variables (X,Y') ~ Pxy, the f-mutual information is defined
as the f-divergence between the joint distribution and the product distribution of X and Y :

I;(X;Y) = Dy(Pxy || Px ® Py).

Thus, [;(X;Y) measures how far the true joint distribution is from independence. When
f(t) =tlogt, the f-MI recovers Shannon mutual information [Cover and Thomas, 1999].
The information monotonicity is instantiated by the information-processing inequality of
an MI. This provides the information-theoretic foundation of our framework: degradations
and manipulations can be viewed as post-processing a report, so a score built upon f-mutual

information ideally should not increase under information-losing perturbations.

Proposition 5.3 (Information-Processing Inequality). For any mapping o : X — X',
It(o(X)Y) < I;(X3Y).

As mentioned above, we will also use the conditional mutual information when the scoring
metric uses a context z. Conditioning on Z removes dependence already explained by the
shared context and isolates the residual information between the candidate and the reference.

The conditional f-mutual information is defined as
If(X,Y | Z) = ]EZ {Df(PXY|Z || PX|Z & Py|2)} .

The central object underlying all f-MI computation is the density ratio between the joint

and product-of-marginals distributions r(z,y).

Pxy (z,y) _ Pyix(y | x) _ Pxy(z | y)
Px(z) Pr(y) Py (y) Px(x)

r(z,y) =
The population quantity I;(X;Y) can be computed exactly from r:

I{(X;Y) = Epgen, | f(r(X,Y)]. (5.1)
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5.4.2 MI Estimation

Since the vast combinatorial space of text prevents the explicit expression of joint distributions,
I cannot be computed in closed form. To circumvent this, we explore two families of
estimators: direct density ratio estimation and f-variational estimation. The main difference
lies in whether the method requires estimating the density ratio r(z,y) directly. For MI
defined by the commonly used KL and TV divergences, direct density ratio estimation requires

estimating r(x,y), while the f-variational requirement is weaker.

5.4.2.1 Direct Density Ratio Estimation

By the density ratio formulation of MI in Equation (5.1), if the density ratio r is known,
MI can be calculated via a Monte Carlo estimator by averaging f(r(z,y)) over samples
(z,y) ~ Px ® Py.

For KL, f(t) = tlogt, so

[(X;Y) = Epgar, [r(X, V) logr(X,Y)| = Ep,, [logr(X,Y)].

The quantity PMI(z;y) = logr(z,y) = logp(y | ) — logp(y) is the pointwise mutual

information; its expectation under the joint distribution recovers the Shannon mutual infor-

mation.
Direct estimation is also available for TVD-MI, where f(t) = |t — 1], so we have
1 1
Inv(X;Y) = SEpgar, [Ir(X,Y) = 1] = 5 3 |P(x,y) = P(a)P(y)].
z,yeVsL
This can also be written as Itv(X;Y) = 1Ep,, [|1 - ﬁﬂ, providing two approaches of

Monte Carlo estimation.

5.4.2.2 f-Variational Estimation

Another commonly used estimator in the literature is the f-variational estimator, constructed

via the Fenchel conjugate f*:
[H(X;Y) = Epy, [T*(X, V)] = Epyor, [f/(T°(X,Y))], (5.2)

where T*(z) € 0f (%) is defined by the subgradient of f. Every f-divergence admits this

variational lower bound.
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Definition 5.4 (Variational representation). Let f* denote the Fenchel conjugate of f,

f*(v) = sup{vt — f(t)}.

t>0

Then
Dy(PI|Q) = sup {Ep[T(X)] - Eq|f*(T(X))] }

where the supremum is over functions T such that f*(T(x)) < oo for all x with Q(x) > 0.

Here T is a critic: a scalar scoring function that tries to assign higher values to samples

from P than to samples from ). We write 7™ for the population-optimal critic. When f is

differentiable,
oy _ o (P()
re -7 (55)

and in general

T"(2) € 0f <§8) ,

where Jf denotes the subdifferential of f.

The f-mutual information also admits the variational form
[(X;Y) = sup {Epy, [T(X,Y)] = Epcor, [[7(T(X,Y))]}-

At the population optimum, equality is attained when T'(x,y) = T*(z,y).

In our setting, we can write T'(z,y) for a critic on candidate-reference pairs and T™(x, y)
for the population-optimal critic. The optimal critic is determined by the chosen generator f
through

T*(z,y) € 0f (r(z,y)).

As Table 5.1 shows, different choices of f induce different optimal critics and different
conjugate penalty terms. We refer back to this table when instantiating KL-based and

TV-based evaluation metrics.

Estimator Here joint samples Pxy are candidate-reference pairs from the same task, while
marginal samples Py ® Py are pairs drawn across different tasks. Recall that the optimum
is attained by a critic satisfying T*(z,y) € Of (r(x,y)) For common choices of f, the
corresponding forms of 7*(x,y) and f*(T*(x,y)) are listed in Table 5.1.
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Table 5.1: Common f-divergences, along with a convenient population-optimal critic 7*(z, y)
and the corresponding conjugate term f*(7*(x,y)), written in terms of the density ratio

r(z,y).

f-divergence f(t) T (x,y) (T (2,y))
Total variation Ht—1] ssign(r(z,y) — 1)  isign(r(z,y) —1)
KL divergence tlogt 1+logr(z,y) r(z,y)
Reverse KL —logt —le) —1+logr(z,y)
Pearson x? (t—1)2 2(r(z,y) — 1) r(x,y)? —1

: 12 o L _
Squared Hellinger (vt —1)% 1 NaEm) Vr(z,y) —1

For KL, the variational estimation yields the NWJ objective:

[<X7 Y) = Sup{EPXY [T(Xa Y)] - eilEPx®PY [eT(X,Y)} }
T

=1+ Epy, [logr(X,Y)| = Epgop, [r(X,Y)].
For total variation, the estimator reduces to

Iv(X:Y) = s {Eng [T(X,Y)] = Encon [T(X.Y)]

IT[l0<1/2

:;]EPXY [sign(r(X, Y) — 1)} — ;EPXQQPY [sign(r(X, Y) — 1)},

where the optimal critic sign(r(X,Y) —1) is equivalent to a binary classifier that distinguishes
same-task pairs from cross-task pairs.

The f-variational estimator is computed given a task w;, candidate x;, positive reference
y;, and negative reference y; ~ Py. The estimator is an unbiased estimator S(z;, v;,y; ), a
sample-level score. S(x;,y;,y; ) estimates the population expectations in Equation (5.2) by
replacing the joint expectation over Pxy with computation over (x;,y;), and the marginal

expectation over Px ® Py with (x;,y; ).

5.4.2.3 Examples

Table 5.2 summarizes the four cases and makes explicit the sample-level score S(x;, yi, y; )
that the distribution-model component D needs to estimate. Averaging S over the n tasks
then estimates the corresponding population f-MI, as required by the design of Definition 5.1.

Note that KL-direct and TV-direct both require estimating the density ratio r(z,y), while
the variational estimators only require a critic 7*(x,y). In particular, TV-variational only

needs a bounded classifier for whether r(z,y) is above or below 1.
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Table 5.2: Sample-level score and quantity to estimate for each (F, F) pair.

F E Sample-level score Quantity to estimate

KL  Direct log r(x;, yi) log (x4, ;)

KL  f-variational T*(z;,1;) — e @i )1 T*(xi,y:) = 1+ logr(zs, vi)

TV Direct % ]1 — r(:ci,yi)_ll or % ‘T(xi,yi_) - 1‘ r(zi,yi) or r(ziy; )

TV  f-variational T*(x;,vy;) — T (x4, y; ) T (wi,y:) = % sign(r(zi, yi) — 1)

Producing these estimators from text requires two further choices: a representation R

that fixes the granularity at which the report is processed (Section 5.4.3), and a prediction

mechanism II that maps represented pairs to the required predictive quantities (Section 5.4.4).

5.4.3 Representation

The representation R : V< — U fixes the units at which a report is processed by the

downstream predictor. We consider three natural granularities.

Token. At the finest granularity, a report y is represented by its token sequence
(y1,--.,yr). This preserves all information in the text and exposes the autoregressive
factorization of language models, p(y | ) = [T}—, p(v: | y<t, ), so that report-level
conditional probabilities can be assembled from per-token factors. Token representation
is only meaningful in combination with a predictor that consumes token-level signals,

such as an autoregressive language model with logit access.

In practice, prior work [Xu et al., 2025, Lu et al., 2024] reports that style-normalization
pre-processing is important when using token representations, since autoregressive
language models can be confounded by superficial features of the text such as writing

style.

Full-Report. At the coarsest granularity, a report is treated as an atomic unit,
R(y) = y. Predictive quantities are obtained holistically from the candidate-reference
pair (x,y): a single conditional likelihood p(y | z), or a single oracle judgment about

the pair (e.g., “do these two reports describe the same item?”).

Statement. An intermediate granularity decomposes a report into its atomic claims.
Let

U(y) = {¢1W), - xw®)]

denote the statement decomposition of y, where each ¥(y) € V=l is an atomic

statement, typically obtained via a separate LLM call. Statement-level representation
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naturally loses information by the data-processing inequality (Proposition 5.3). In
practice, however, isolating individual claims often improves the predictor’s performance,
especially for an LLM-oracle, which tends to reason more reliably about single facts than
about long passages. With statement-level decomposition, the estimation quality may

even improve. We compare these tradeoffs empirically in Section 5.3 and Section 5.5.2.

5.4.4 Prediction Mechanism

The prediction mechanism II maps a represented candidate-reference pair to the predictive
quantities in the representation space, as required by the chosen estimator E. See Table 5.2

for examples of required predictive quantities. We describe two prediction mechanisms below.

5.4.4.1 Autoregression

An autoregressive language model with parameters ¢ assigns a probability to any token

sequence via the chain rule. For a candidate report x in the prompt, we obtain

T
ps(y | @) = [T Po(ve | y<i, @),
t=1
where each factor is read off the softmax over output logits. Autoregression interacts with
the token-level representation. It also requires logit access, which some commercial APIs do
not expose, and inherits any miscalibration of the underlying language model.
For the example of KL-based MI estimation, substituting a null report for = yields a

marginal estimate py(y). The following PMI is thus obtained for direct KL estimation:

PMI(z;y) = logr(z,y) = log ps(y | =) — log ps(y).

Exponentiating gives a density-ratio estimate that feeds any of the four (F,FE) pairs in
Table 5.2.

5.4.4.2 LLM-Oracle

When token-level probabilities are unavailable, an LLM can be prompted for a prediction
about a represented pair. The prediction is then used as inputs to the estimators as required.

LLM-oracle prediction composes with the whole-report and statement representations.
At the whole-report level, the prompt simply contains x and y and the oracle returns a

single prediction. At the statement level, the candidate report z is paired with each ¥y (y),
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and the resulting per-statement quantities are combined into a report-level prediction by an
aggregation rule A : Ugs; R — R.

The following two regimes of an LLM oracle cover the cases in Table 5.2.

o Critic-style prediction fits naturally into the f-variational framework: a scalar or

categorical LLM is prompted to directly output a critic used as T*(x,y). For example,
Robertson and Koyejo [2025] shows that the TVD-MI is especially convenient. The
T* required in Equation (5.2) for TVD-MI can be implemented as a binary classifier
distinguishing same-task from cross-task pairs. A simple prompt, e.g., “Do these two

reports describe the same item?” implements this 7™ for TVD-MI.

o Likelihood-style prediction supports direct estimation. The LLM is asked, for instance,

how strongly the candidate x supports the reference y, using a small set of ordered
probability or support bins [Lu et al., 2024]. Mapping the selected bin to a numeric
value yields a coarse surrogate for logp(y | ) — logp(y), and hence for the density
ratio 7(z,y). Such direct LLM-oracle estimators are typically biased. Their outputs are
discretized and often poorly calibrated. But they provide a workable approximation

when only API access is available.

5.4.5 Prior Work as Instances of the Framework

Combining the preceding components, a complete design tuple (F, E, R, IT) specifies a concrete

reference-based metric. Table 5.3 shows how existing methods instantiate this framework.

Table 5.3: Existing methods as instances of the design tuple (F, E, R, II).

Method F E R IT

GEM [Xu et al., 2025] / GPPM-token [Lu et al., 2024] KL Direct (PMI) Token Autoregression
GPPM-judgment [Lu et al., 2024] KL Direct (PMI) Statement LLM-oracle
TVD-MI [Robertson and Koyejo, 2025] TV  f-variational ~Whole-report LLM-oracle

A practical benefit of this decomposition is that it makes unexplored combinations easy
to identify. Cells of the tuple (F, E, R,IT) that Table 5.3 leaves blank correspond to metrics
that are implementable in principle but have not been studied. In Section 5.5, we empirically
study several such metrics, as shown in Table 5.5. We also provide a formal definition of
the (FF =TV, E = f-variational, R = Statement, Il = LLM-oracle) metric as an example in
Appendix D.3.
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5.5 Experiment

We compare scoring methods in a controlled way under our test principles (Section 5.3); the

design space is laid out in Section 5.5.1.

Research Question. To keep the analysis focused, we frame the experiments around the
decision a practitioner actually faces. The predictor II and representation R are typically
dictated by task and deployment constraints, e.g., whether logit access is available, and
whether atomic statements can be reliably extracted, while the information measure F' and
estimator E are under the researcher’s direct control. We therefore ask:

Given a fixed predictor and representation pair (II, R), which information measure and

estimator (F, E) yields the best-behaved evaluation metric?

Other reference-based baselines. We also compare against popular reference-based
metrics as baselines, including ROUGE-L, BLEU, BERTScore (based on roberta-large), and
LLM-as-a-Judge (based on various models). These baselines test whether accuracy and
manipulation-resistance gains from the MI framework go beyond lexical overlap, embedding

similarity, or direct LLM judging.

Datasets. We evaluate metrics across three domains that stress different aspects of reference-
based text evaluation: peer review, summarization, and question answering. In peer review,
the task input is a paper or essay and the candidate reports are full reviews; in summarization,
the task input is a source document and the reports are summaries; in question answering,
the task input is a question and the reports are answers. Across these domains, reports differ
substantially in length, structure, subjectivity, and semantic complexity. Our evaluation
includes seven datasets: three peer-review datasets, two summarization datasets, and two
question-answering datasets. Four datasets provide item-level human quality annotations
and are used to measure human-rating correlation; all datasets are used for degradation and
manipulation tests. When multiple independent reports are available for the same task, we
treat them as positive references. Table 5.4 summarizes the datasets.! Note that not all
datasets carry human quality annotations; those that do are used for alignment evaluation,
while the remainder are used only for degradation, manipulation, and model-differentiation

tests.

IPeer grading-WH [Wu and Hartline, 2024] and Peer grading-XLSK [Xu et al., 2025] are not publicly
accessible while the others are public datasets.
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Table 5.4: Overview of evaluation datasets. n is the number of candidate reports; #ref is the
typical number of positive references per task. “Human rating” indicates whether item-level
human quality annotations are available for candidate reports.

Domain Dataset n Ref Human rating Reference
ICLR 2026 300*  peer No OpenReview
Peer review Peer grading-WH 534  GT Numerical Wu and Hartline [2024]
Peer grading-XLSK 165  peer Numerical Xu et al. [2025]
L. SummEval 800* GT Numerical Fabbri et al. [2021]
Summarization
SPACE 50 GT No Angelidis et al. [2021]
QA LFQA-E 320" GT Pairwise Fan et al. [2026]
MedAESQA 400*  GT Numerical Gupta et al. [2025]

* Down-sampled from the whole dataset for a more trackable test scale.

5.5.1 Experiment Design

To compare scoring methods in a controlled way, we organize our experiments around the
design space induced by Definition 5.1. Each scoring method corresponds to a choice along

four axes:
(i) the information measure F' € {KL, TV},
(ii) the estimator E € {Direct, f-variational};
(iii) the representation R € {Token, Whole-report, Statement };
(iv) the predictor IT € {Autoregression, LLM-oracle}.

The predictor and representation do not vary independently: autoregression composes
only with token-level representation, while the LLM-oracle composes with whole-report or
statement-level representation (Section 5.4.4). The joint (II, R) axis therefore has three valid
settings, yielding a 2 x 2 x 3 = 12-cell factorial design (Table 5.5). Of the 12 cells, three
correspond to previously proposed methods (GEM, GPPM-Judgment, and TVD-MI). By
holding three axes fixed and varying one, we can isolate the marginal effect of each design

choice on alignment, degradation sensitivity, and manipulation resistance.

5.5.2 Results

Table 5.6 reports Spearman correlation with human ratings on the four datasets carrying

item-level numerical annotations: Peer Grading-WH [Wu and Hartline, 2024], Peer Grading-
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Table 5.5: Coverage of the design space. Each cell is labeled by the name of the corresponding
scoring method, where applicable. NEW denotes combinations introduced or evaluated in this
work.

Autoregression LLM-oracle
F E Token-representation Report-representation Statement-representation
KL Direct GEM NEW GPPM-J
f-variational NEW NEW NEW
Direct NEW NEW NEW
TV
f-variational NEW TVD-MI NEW

XLSK [Xu et al., 2025], SummEval [Fabbri et al., 2021], and MedAESQA [Gupta et al., 2025].
Rows are grouped by the representation and predictor pair (R,II); within each block, the
four rows sweep (F, E) € {KL, TV} x {Direct, f-var.}. Bold marks the best method within
each block; underlines mark the best f-MI metric and the best overall metric per dataset.
For degradation and manipulation tests, a full sweep of all configurations across every
perturbation strategy and dataset is computationally prohibitive. We therefore carry for-
ward the best f-MI configurations from each representation-prediction block in Table 5.6:
(KL, Direct) with token-level autoregression, corresponding to GEM; and (TV, f-var.) with
an LLM-oracle at both report and statement levels. This selection deliberately favors the
correlation winners and asks whether they remain reliable under strategic perturbations. For
large datasets, we down-sample to roughly 200 candidate reports per setting. We report

result overviews in Tables 5.7 and 5.8, and detailed Cohen’s d statistics in Section D.5.

Key takeaways. The results show a separation between statistical and strategic alignment.

e LLM-as-a-Judge is strongest on human-rating correlation, but collapses
under manipulation. Among the non-MI baselines, LLM-as-a-Judge achieves the
strongest correlations with human ratings. By the standard statistical alignment alone,
it appears to be the best metric. However, across the four judge models, manipulations
succeed in 18 to 26 of the 30 tests.

o The best f-MI design depends on the representation and predictor. Under
token-level autoregression, (KL, Direct) (GEM) leads its block on three of four datasets
and is the best f-MI metric overall on both peer-review datasets. Under an LLM-

oracle, statement-level representation is substantially more effective: statement-level
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Table 5.6: Human-rating correlation results. Rows are scoring methods, grouped by distribu-
tion model D and its granularity; within each group, rows sweep the information measure
F € {KL, TV} and estimator F € {Direct, f-var.}. Columns are datasets; entries are Spear-
man rank correlations with human ratings. For SummEval we report the mean over all
dimensions. Best result within each group is bolded; best among f-MI metrics per column
and best overall per column are underlined.

Evaluation Metric Peer review Summarization QA
(FE) PG-WH PG-XLSK SummkEval MedAESQA
Autoregression, Token-representation

(KL, Direct) (GEM) 0.460 0.475 0.138 0.113
(KL, f-var.) -0.218 -0.355 0.059 0.051
(TV, Direct) 0.312 0.380 0.095 -0.025
(TV, f-var.) -0.053 -0.036 0.085 0.129
LLM-oracle, Report-representation

(KL, Direct) 0.235 0.367 0.031 0.163
(KL, f-var.) 0.252 0.419 0.031 0.162
(TV, Direct) -0.231 -0.350 0.017 -0.238
(TV, f-var.) (TVD-MI) 0.286 0.042 0.140 0.110
LLM-oracle, Statement-representation

(KL, Direct) (GPPM-J) 0.254 0.307 0.073 0.041
(KL, f-var.) 0.281 0.251 0.075 0.064
(TV, Direct) -0.292 -0.396 -0.043 -0.129
(TV, f-var.) 0.201 0.468 0.208 0.228
Non-MI baselines

ROUGE-L -0.244 0.167 0.111 0.151
BLEU -0.332 0.256 0.102 0.127
BERTScore -0.133 -0.063 0.252 0.166
LLM-as-Judge / Claude-Haiku-4.5 0.462 0.569 0.400 0.315
LLM-as-Judge / Claude-Sonnet-4.5 0.512 0.622 0.450 0.301
LLM-as-Judge / GPT-5-mini 0.539 0.631 0.477 0.256
LLM-as-Judge / GPT-40-mini 0.492 0.528 0.452 0.208
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Table 5.7: Sensitivity to degradation. For each (metric, dataset) pair, we apply m degradation
strategies (header) and count those on which the metric fails to produce a significant score
decrease at p < 0.05; lower is better. A v marks zero failures; otherwise, letter codes mark
the strategies the metric missed (legend below).

Evaluation Metric Peer review Summarization QA total
(F,E, R,1I) PG-WH PG-XLSK ICLR26 SummEval SPACE LFQA-E MedAESQA fail
m=>5 m=6 m==6 m=5 m=5 m=>5 m=5 m =237

MI-based Mechanisms

(KL, Direct, Token, Autoregression) v P v v PU PU 5
(TV, f-var, Report, LLM-oracle) DSU O OPU PU v PU DSPU 15
(TV, f-var, Statement, LLM-oracle) v v v P v P P 3
Non-MI baselines

LLM-as-Judge / Claude-Haiku-4.5 v v P P v P DP 5
LLM-as-Judge / Claude-Sonnet-4.5 v v P P v P P 4
LLM-as-Judge / GPT-40-mini D DOR DORP P D P P 12
LLM-as-Judge / GPT-5-mini v v P P v P DP 5

Codes: D=deletion and completion; O=opinion flip; R=random replacement.
Codes: S=sentence deletion; P=surface report; U=ultra concise compression.
Codes mark failed degradation criteria.

Table 5.8: Manipulation resistance. For each (metric, dataset) pair, we apply m manipulation
strategies (header) and count those the metric fails to resist, i.e., that produce a significant
score increase at p < 0.05; lower is better. A v’ marks zero failures; otherwise, letter codes
flag the strategies the metric failed to resist (legend below).

Evaluation Metric Peer review Summarization QA total
(F,E, R, PG-WH PG-XLSK ICLR26 SummEval SPACE LFQA-E MedAESQA fail
m =6 m =6 m =6 m=2 m=2 m =4 m=4 m=230

MI-based Mechanisms

(KL, Direct, Token, Autoregression) v S NHPSR v v v v 6
(TV, f-var, Report, LLM-oracle) v v v v v v v 0
(TV, f-var, Statement, LLM-oracle) v v v v v v v 0
Non-MI baselines

LLM-as-Judge / Claude-Haiku-4.5 MNHSR HPSR HSR R R HSR HSR 20
LLM-as-Judge / Claude-Sonnet-4.5 MNHSR HPSR MHPSR R v HS H 18
LLM-as-Judge / GPT-40-mini MNHPSR MNHPSR MNHPSR R R HSR HSR 26
LLM-as-Judge / GPT-5-mini NHSR MNHPSR HPSR v v HSR HS 19

Codes: M=meaningless elongation; N=negative opinion shift; H=hedged opinion shift.
Codes: P=positive opinion shift; S=strong opinion shift; R=rephrase.
Codes mark failed manipulation criteria.
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(TV, f-var.) outperforms report-level TVD-MI on three of four datasets and is the best
f-MI metric overall on SummEval and MedAESQA.

e The unified design framework identifies a dominating new metric. The
statement-level (TV, f-var.) metric is not present in prior work, but is exposed by our
design framework. Its strong performance suggests that decomposing references into
atomic claims can make the oracle prediction task easier, enough to compensate for the
information loss introduced by statement extraction. The (TV, f-var.) metric is the
most reliable on degradation sensitivity and manipulation robustness. It fails only 3 of
37 degradation tests, compared with 5 failures for GEM and 15 failures for report-level
(TV, f-var.) / TVD-MI It has 0 failures out of 30 manipulation tests, meaning that no

tested manipulation produces a significant score increase.

« Robustness of MI-based metrics comes from the design, not merely from
the model. Since Claude-Haiku-4.5 is vulnerable as an absolute LLM judge but
robust when used inside the TV f-variational metric, the improvement comes from the

MI-based formulation.

It is worth to notice that no single axis of (F, E, R, II) dominates in isolation; rather, the
design choices interact. Token-level autoregression favors KL-direct estimation, while LLM-
oracle prediction benefits from the TV f-variational formulation, especially with statement-
level representations. MI-based metrics also appear stronger on peer-review tasks than on
summarization and QA, where the evaluation target can be more complex or subjective.

ROUGE-L, BLEU, and BERTScore are generally weaker baselines, and they fail to obtain
positive correlation on all datasets, especially in peer review. This suggests that lexical overlap

and embedding similarity are insufficient for evaluating richer, more subjective reports.

Additional discussion. On ICLR2026, GEM fails the rephrase manipulation test, which
appears to contrast with the original GEM results [Xu et al., 2025], where rephrasing did not
produce a significant score increase on ICLR2023. A likely explanation is that our rephrase
manipulation is stronger. Whereas Xu et al. [2025] primarily prompt the model to improve
language quality, our prompt also permits the model to reorganize the review. Although it
prohibits adding new facts or changing the reviewer’s stance, this reorganization can make
the candidate review easier for the metric to match with the reference. The result therefore
suggests that GEM retains some sensitivity to presentation quality. However, the effect size
(Cohen’s d) for GEM remains relatively small (+0.18 £ 0.14, 95% CI), especially compared
with direct LLM judging, even for the two most robust judge models: Claude-Sonnet-4.5
(+0.38 £ 0.14, 95% CI) and GPT-5-mini (+0.24 4+ 0.14, 95% CI), as shown in Appendix D.5.
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This observation reinforces the value of the MI-based formulation, and further motivates the
new statement-level (TV, f-var.) metric, which remains robust to this stronger rephrasing
test.

We also noticed that surface-report degradation is a strong test because the degraded
reports are still fluent and task-specific, generated from weak but informative context such
as a news lead, question, or paper abstract, by Claude-4.5-Haiku. Thus, they can remain
plausible even while sometimes omitting important task-relevant information.

Under this test, MI-based metrics also compare favorably with the most robust LLM judges.
The desired Cohen’s d is significantly negative. MI-based metrics consistently pass more
tests than LLM judges. Moreover, as shown in Appendix D.5, all MI-based metrics either
significantly decrease on surface reports or remain close to insensitive, with no significant
positive failures. By contrast, even the strongest LLM judges can not penalize but reward
surface reports: Claude-Sonnet-4.5 gives d = +0.2640.14 (95% CI) on SummEval, +0.60+0.15
on LFQA-E, and 4+0.83 + 0.16 on MedAESQA, while GPT-5-mini gives +0.09 + 0.14,
+0.51 £ 0.15, and 4+0.75 £ 0.16 on the same datasets. Thus, surface reports expose a hard
case for all metrics, but the failure mode differs: MI-based metrics can sometimes be under-
sensitive, whereas LLM judges can directionally fail by rewarding plausible surface-level

reports.

5.6 Related Work

NLG Evaluation Evaluation of Al systems spans many dimensions. Holistic frameworks
consider accuracy, robustness, fairness, and toxicity [Liang et al., 2022]; alignment research
emphasizes helpfulness, honesty, and harmlessness [Askell et al., 2021]; and a growing body
of work targets truthfulness [Lin et al., 2022], the multi-faceted nature of fairness [Gallegos
et al., 2024], and pluralism over legitimate human perspectives [Sorensen et al., 2024].

Our framework instead targets a complementary and foundational property, semantic

informativeness: whether an evaluation score faithfully reflects how much useful, truthful,

task-relevant information a report conveys. A response cannot be genuinely helpful if it
carries little task-relevant signal, and mechanisms that reward truthful, informative reporting

can discourage guessing and some forms of hallucination [Wu and Hartline, 2024].

Mutual Information Estimation Machine learning has produced sample-based MI
estimators built on the variational representation of f-divergences via Fenchel duality [Nguyen
et al., 2010], and neural network estimators such as MINE [Belghazi et al., 2018], Deep
InfoMax [Hjelm et al., 2018], and InfoNCE [van den Oord et al., 2018].
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In information elicitation without verification, MI plays a different role: Kong and
Schoenebeck [2019] score each agent a measure of MI between her report and a peer’s reference,
using the data-processing inequality to make truthful reporting an equilibrium. This echoes
the same strategic-alignment principle behind our MI-based metrics (Proposition 5.3). Kong
and Schoenebeck [2018b] extends the same MI-maximization principle to co-training, where
two Bayesian predictors over distinct views of the data play the role of the two agents.

Closest to our setting are pre-trained language model approaches to MI estimation:
Padmakumar and He [2021] compute pointwise MI between extractive summaries and source
articles, while Xu et al. [2025], Lu et al. [2024], Robertson and Koyejo [2025] develop reference-
based MI metrics for NLG evaluation, which can be recovered as specific instances by our

design framework.
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CHAPTER 6

Conclusion and Future Directions

This dissertation studies how to elicit and evaluate textual information when gold-standard
references are unavailable or prohibitively expensive. Its central claim is that strategic align-
ment and statistical alignment should not be developed in isolation. A useful evaluation must
do more than correlate with human ratings on a fixed dataset: it should also reward truthful,
effortful, and informative reports over low-effort, superficial, or strategically manipulated
ones. Throughout, I focus on semantic informativeness as the target property: whether a
report conveys useful, truthful, and task-relevant information.

The dissertation makes four main contributions. First, it introduces Spot Check Equiv-
alence as an interpretable way to compare information-elicitation mechanisms, clarifying
how statistical alignment relates to strategic alignment. Second, it extends peer prediction
from text through GPPM and GSPPM, showing that LLM-based prediction can be used to
elicit informative textual reports even without gold-standard references. Third, it develops
GEM and GEM-S as evaluation metrics that retain the strategic alignment of GPPM and
GSPPM while improving statistical alignment for evaluation, and uses them to construct
GRE-bench for benchmarking LLM-generated peer reviews. Fourth, it proposes a systematic
design-and-test framework for aligned text evaluation metrics based on f-mutual information,
enabling controlled comparison of existing and new metrics across human rating correlation,
degradation sensitivity, and manipulation resistance.

Taken together, these contributions bridge information elicitation, information theory,
and language model evaluation. More broadly, they suggest that automated text evaluation
should be understood as an alignment problem rather than only a correlation problem. A
useful evaluator should agree with human judgments, penalize degraded or low-effort reports,
and resist manipulations that inflate scores without adding genuine information. The methods
developed here do not solve this problem completely, but they show that meaningful progress
is possible even in open-ended settings where trusted references are weak or unavailable.

As large language models play a growing role in everyday life, the need for reliable evaluation
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will only become more important. I hope this dissertation helps move toward evaluation
metrics and information elicitation mechanisms that are more robust, more interpretable, and
better aligned with the information we actually want to reward. The next section outlines

several directions in which this research can be extended.

6.1 Future Directions

Finer-grained alignment of informativeness. A natural next question is not only
whether a report is informative, but also what kind of information it contributes. Future
work could investigate which judgments, statements, or tokens are most closely related to
semantic informativeness and to alignment with human quality judgments.

More broadly, the conditioning ideas behind GEM-S suggest that score changes may reflect
different layers of content, such as information already contained in a synopsis, information
that repeats author-stated claims, and genuinely new judgment. At present, however, these
distinctions remain heuristic. A more general direction would be to project reports into a
decision-relevant space and study informativeness there. Many reports ultimately support
a downstream decision, for example, peer reviews contribute to paper acceptance decisions.
This raises a natural question: can evaluation focus on the information a report provides
about the decision itself, and can mutual-information-based methods be adapted to measure

alignment in that space?

Hybrid evaluation under limited verification. A second direction is to study how
automated evaluation should be combined with selective spot-checking. In many applications,
trusted evaluation by human experts is too expensive to deploy at scale, while purely
automated metrics such as LLM-as-Judge remain vulnerable to gaming. A natural hybrid is
to use human experts to spot-check for strategic manipulation, keeping the distribution of
reports within the regime where the automated judge is known to perform well. This raises
several open questions: under a fixed budget or limited-liability constraint, can a hybrid
mechanism be designed that provably preserves both statistical and strategic alignment? if

so, how much spot-checking is enough? How should spot-checks be allocated across reports?

Strategic behavior in real text settings. The current experiments show that the
proposed mechanisms respond to degradations and several manipulations, but richer forms
of strategic behavior remain open. In practice, users may rely on LLM assistance, style
transfer, prompt engineering, or other strategies that are harder to capture through synthetic

perturbations alone. Understanding such behavior is important for evaluating whether an
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aligned metric remains robust once it becomes a target of optimization.

A useful next step would therefore be to study strategic behavior in naturalistic text
settings rather than only in simulated ones. For example, one could conduct classroom or
peer-assessment experiments in which LLM-as-a-Judge is used as part of the grading or
feedback process, and participants are given incentives to improve their scores. Such a setting
would make it possible to observe how people actually try to game automated evaluation,
and to test which mechanisms remain robust when strategic behavior is observed in practice

rather than approximated in advance.
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APPENDIX A

Proofs for Spot Check Equivalence

A.1 Proof of Main Theorem

Theorem 2.15 (Main Theorem). For a given performance measurement M within an infor-
mation elicitation context I EC where every agent exerts effort level £, when Assumptions 2.12,
2.13, and 2.14 are satisfied, there exists a linear bijection between the Mlg corn(IEC < M)
and the Sensitivity 0(&), where corr is the sample Pearson correlation coefficient and the

number of agents goes to infinity.

Proof. Recall the definition of Measurement Integrity, we have that

MI (IEC + M) = Erpc [corr (s, q)]

Q,corr
where s, q represents the vector of all agents’ performance scores and report qualities respec-
tively.
In the above definition, we apply the sample Pearson correlation coefficient to corr, i.e.,

cort(s, q) = r(s, q) = >i(si—3) (g —q)

VEi(si = 9°VEi (0 - 0)°
where s = ﬁ > Si (the average performance score); and analogously for g.

Recall that, by Assumption 2.14, we have both that, when the number of agents is large,
the agents’ qualities are independent and the performance scores of the agents are independent.
Thus, we can regard each agent’s quality and performance score pair as a sample from a joint

distribution. In addition, the sample correlation coefficient r is a consistent estimator of the

population Pearson correlation coefficient p as the sample size grows large, which is defined as

COV (s, q)

corr(s, q) = p(s,q) = ——
s 0q
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where s, ¢ are random variables representing the score and quality of one agent respectively.

Therefore, we have the following proposition.

Proposition A.1.
lim E[r(s,q)] = p(s,q)

[I|—+o0

where s,q are random variables representing the score and quality of one agent respectively.

We then show that there exists a bijection between p(s, ¢) and 6(§). Recall the definition

of Sensitivity
%Ms (€:) |6i:§
s(§)

in both the Sensitivity 6(£) and correlation coefficient p(s, q),

0(&) =

We can find that there is - (5

so we only need to find a bijection between %q(sq) and ;2 Fe: s (€3)le;

=
In the following discussion, since bias does not affect the correlation coefficient, we can

assume & = () without loss of generality.

A.1.0.1 From the MI side

Here, every probability is conditioned on e = £.
COV(s,q) =E[s - q] — E[s] - E[q]

= [ s-q-Pr[s,qldsdq (Elg] =¢§=0)

q?s

=/ s-q-Prslg]- Prigldsdq
q,S

_/qq - Pr[q] (/Ss - Pr[s|q] ds) dq

— 4+ Prla] - a0 da
q
A.1.0.2 From Sensitivity side

0
de ﬂ's a /,us|q Pr[Q| ]

/usm Pr [qle] dq

Here, since ¢ follows a normal distribution with mean e and standard deviation o,, we
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have that
0 0 1 (g —e)?
“p = _

Oe tlale de2mo, P 20,(e)?

I SN V0 oy DR VoA )
T Vamogep L 20,(e)? (“ 0 )

1
== Pr[q|e] (Assumption 2.12)
q

Thus, by combining the above two equations, we have

de ,Us /ﬂ’s\q “q- Pr[ql ]

zag/qq : Pr[czle] * Hslq(q) dq
q

Letting e = &, we have

0 1
%us(e) —Jgqu?r[q!e =¢] - psjg(q) dg
COV (s,q)
o

Therefore, we get the linear bijection between Sensitivity and correlation is

d = corr(s,q)/o,.

A.2 Simulation Details

To show the effectiveness of the Measurement-Integrity-based Spot Check Equivalence, we
can plug different performance measurements in the information elicitation context described
in the previous subsection, then calculate the Measurement Integrity (which implies the Spot
Check Equivalence) and the motivational proficiency (i.e. the total payment) respectively,
and finally, observe the correlation between the Spot Check Equivalence and the motivational
proficiency.

For a given information elicitation context and a target equilibrium effort level &, we

propose the following workflow for one sample:
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1. Set all the agents’ effort levels at €.

(a) Generate a sample for the application abstraction according to the data-generating

process D.
(b) Use the performance measurement M to produce all the agents’ scores s.

(¢) Use the quality function @ to calculate the quality of the agents’ report, and then

calculate the Pearson correlation coeflicient.
2. Change agent 1’s effort level to e; =& — ¢

(a) Generate another sample for the application abstraction according to the data-

generating process D.

(b) Use the performance measurement M to produce all the agents’ scores s'.

Calculating the Measurement Integrity. We sample 5000 times and use the mean of the
Pearson correlation coefficient in the samples' as the Measurement Integrity of performance
measurement M. We apply the same workflow to all the performance measurements in
Section 2.5.1.3, as well as spot-checking performance measurements with different checking

ratios.

Calculating the total payment. We sample 5000 times and use the agents’ scores s
and s’ to estimate the (%_]E[#beaten]ei, e_; = &]|e;=¢, which can be used to compute the total

payment for the Borda-count payment schemes.

Tt is a consistent estimator of the Measurement Integrity.
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APPENDIX B

Appendix for Generative Peer Prediction

B.1 Omitted Proofs

Proposition 3.12. For the GENERATIVE PEER PREDICTION MECHANISM (GPPM),
when Assumption 3.9 holds with parameter ¢ > 0, for any agent i, given the peer agent j
exerting high effort and reporting truthfully, any untruthful reporting strategy 6 # T or effort
ci € {0,¢1} (no-effort or low-effort) implying signal NULL or X! won’t bring more than €

score increase. Specifically, we have

E[GPPM(r(X), X;)] — E[GPPM(5(X,), X;)] > —c.
(High effort, truthful v.s. High effort, untruthful)
E[GPPM(7(X;), X;)] — E[GPPM(0(X;), X;)] > I(X;; X; | Xj) —e.
(High effort, truthful v.s. Low effort, either truthful or untruthful)
E[GPPM((X,), X;)] — E[GPPM(s(NuLL), X;)] > I(Xi; X;) — .
(High effort, truthful v.s. No effort, either truthful or untruthful)
Note that the mutual information 1(X; X; | X!) and I(X;; X;) are non-negative.

Proof of Proposition 3.12. For agent i, we analyze her expected score under each strategy
given that agent j exerts high effort and reports truthfully.

If agent ¢ also exerts high effort and reports truthfully, her expected score is

> PriX; =u; | X; = ] log LLE/Ir(w)[Xj =z | Xi =z (Assumption 3.9)

Z ZPI‘[X] =T;j | Xz = fL’Z] IOgPI‘[Xj =T; | Xz = I‘Z] — €
:—H(X]|Xz:ﬂfl>—€,
Taking the expectation of X;, her expected score is
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> Pr[X; = z;] (Z PriX; =z, | Xi = x;]logPr[X; = 2; | X; = x;] — 6)

(Assumption 3.9)
= Pr[X; =, X; = x;]logPr[X; =2, | X; = 2] — €

:_H(Xj|Xi)_€7

where H(X; | X;) is the conditional entropy.
If agent i exerts high effort but reports non-truthfully o # 7, her expected score is

> PriX; =z, | X; = ;] logLLE/II@)[Xj =z, | Xi = o(x;)]

<> Pr[X; =ux; | X; = x]log Pr(X; = z; | X; = (Log scoring rule is proper.)

With the stochastic relevance assumption and the fact that LSR is strictly proper, the
inequality is strict when x; # o(z;). Notice that there must exist x; such that x; # o(x;)
with positive probability as o # 7. Therefore, taking the expectation of X; and o(X;), her
expected score is strictly less than —H (X, | X;). Thus, if agent i also exerts high effort,
reporting truthfully will be at least —e better than reporting non-truthfully.

If agent i exerts low effort and observes X!, and she reports truthfully or non-truthfully

with o(X}), then with an analogous derivation, her expected score is

ZPT[Xf = 2] Y Pr[Xj = z; | Xj = ] log Pr [Xj=w;]Xi= o(x))] < —H(X; | X}).

al z;

This inequality is based on the fact that Log scoring rule is proper.

Notice that according to our hierarchical effort model, H(X; | X!) < H(X; | X;) as X! is
determined by X;. Therefore, the difference in the expected scores between exerting high
effort and reporting truthfully compared to exerting low effort is at least H (X, | X})— H(X; |
X)) —e=I(X; X, | X} —e

With analogous analyses, the difference in the expected scores from investing in no-effort

compared to high-effort is at least I(X;; X;) —e = H(X;) — H(X; | X;) —e > H(X; |
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Xz‘l)_H(Xj|Xi)_€:](Xi§Xj|X£)_€'
O

Proposition 3.13. For the GENERATIVE SYNOPSIS PEER PREDICTION MECHANISM
(GSPPM), when Assumption 3.9 holds with parameter € > 0, for any agent i, given the peer
agent j exerting high effort and reporting truthfully, any untruthful reporting strategy & # T
or effort c; € {0, ¢} (no-effort or low-effort) implying signal NULL or X! won’t bring more

than € score increase. Specifically, we have

E[GSPPM(7(X;), X;)] — E[GSPPM(6(X;), X;)] > —¢€.
(High effort, truthful v.s. High effort, untruthful)
E[GSPPM(7(X;), X;)] — E[GSPPM(c(X!), X;)] > I(X;; X; | ©,X]) — €.
(High effort, truthful v.s. Low effort, either truthful or untruthful)
E[GSPPM(7(X;), X;)] — ElGSPPM(c(NuLL), X;)] > I(X;; X; | ©) — €.
(High effort, truthful v.s. No effort, either truthful or untruthful)

Note that the mutual information I(X; X; | ©,X!) and 1(X;; X; | ©) are non-negative.

Proof of Proposition 3.15. In GSPPM, with analogous analyses, if agent i also exerts high
effort and reports truthfully, her expected score is at least —H(X; | X; = 2;,0 = 60) — €.
Taking the expectation over X; and ©, the expected score is —H(X; | X;,0) — €. If agent
1 also exerts high effort and reports non-truthfully, her expected score is strictly less than
—H(X; | X; = x;,0 = ). Taking the expectation over X; and O, the expected score is
strictly less than —H (X | X;, ©).

If agent i exerts low effort and observes X!, and she reports truthfully or non-truthfully
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with o(X!) her expected score is
ZPr[Xf = xﬁ] ZPr[@ = 0|Xf = xi]
xl 0
X ;Pr[Xj =z | X! =20 =0 logLLE’/[r(w)[Xj =z | Xi=o0(z}),0 = 0]

J
=Y Pr[X! =2},0 =0
Lo

XY PriXj=u; | X] =a},0 = 0] IOgLLlif(w)[Xj =z | X; = o(x}),0 = 0]

J
<> PrXj=1,0=40

zt.0
K2

X ZPr[Xj =z | X! =2},0 =0)logPr[X; = 2, | X! = z},0 = 0]
zj
= - H(X; | X],0)

The inequality is based on the fact that LSR is proper.

Thus, if agent 4 also exerts low effort, her expected score is at most —H(X; | X!, ©).
Therefore, the difference in the expected scores between exerting high-effort compared to
low-effort is at least H(X; | X!,0) — H(X; | X;,0) — ¢ = I(X;; X; | ©,X]) — €.

With analogous analyses, the difference in the expected scores from investing in no-effort
compared to high-effort is at least I(X;; X; | ©) —¢ = H(X; | ©) — H(X, | X;,0) —€¢ >
H(X; | XL,0)-H(X;|X;,0)—€¢=1(X;; X;|0,X})—¢.

Therefore, whenever I(X;; X; | ©) > €, exerting high effort and reporting truthfully is an
¢’-Bayesian Nash equilibrium in GSPPM. O]

Proposition 3.14. For the GENERATIVE PEER PREDICTION MECHANISM (GPPM), when
Assumption 3.9 holds with parameter e > 0. When I(X;; X; | X!) > 0, GPPM is ae-potent,

where

o = ma Ch —C Ch

= X .
I(X3 X5 | XD 1(X3; X;)

When e =0, GPPM 1is potent.

Proof of Proposition 3.14. Proposition 3.12 lower bounds the gap of the expected

performance score between (truth-telling, high effort) and any strategy of an agent in three

cases. To prove that the mechanism is d-potent, we have to show that there exist constants

a > 0, § such that the gap of agent’s expected utility between (truth-telling, high effort) and

any strategy in the above three cases is always lower-bounded by —4.
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» Suppose agent i plays (oy, ¢;) where o; is an arbitrary reporting strategy. In this case,

Ui((Tv Ch)a (Ta Ch)) - Ui((aiv Ch)a (7-7 Ch))
=a (E[GPPM(X;, X;)] — E[GPPM(c(X;), X;)])
> — ae. (Proposition 3.12)

« Suppose agent i plays (0;,¢;). In this case,

Ui((T7 Ch)v (7-7 Ch)) - Ui(<02'7 Cl)? (T7 Ch))
=a (E[GPPM(X;, X;)] - E[GPPM(a(X]), X;)]) = cn + ¢
>al (X Xj | XD — ae — (cn — ). (Proposition 3.12)

» Suppose agent ¢ plays (0;,0). In this case,

Ui((Tv Ch)’ (7_7 Ch)) - Ui((giv O)’ (T’ Ch))
=a (E[GPPM(X;, X;)] — E[GPPM(c(NULL), X;)]) — ¢4
>al (X X;) — ae — cp. (Proposition 3.12)

Ch—Cl Ch
I(XX5|1XD I(X;X;

Take these together, we have that when o = max{ )} we can obtain a
unified lower bound § = ae. This completes the proof.

O

Proposition 3.15. For the GENERATIVE SYNOPSIS PEER PREDICTION MECHANISM
(GSPPM), when Assumption 3.9 holds with parameter ¢ > 0. When I(X;; X; | ©,X}) > 0,
GSPPM is ae'-potent, where

Chp — C Ch
a = max .
(X3 X510, X)) I(X3; X5 | ©)
When € =0, GSPPM is potent.

Proof of Proposition 3.15. With analogous analyses of proof of Proposition 3.14, we have
Proposition 3.15. O

Corollary 3.16. If the low-effort signals are synopsis-determined (definition 3.2) and
synopsis-covering (3.3), and € =€, Gap(h,l) has the same lower bound, I(X;; X; | ©) — €,
in both GPPM and GSPPM. In contrast, Gap(h, Null) has a smaller lower bound I(X;; X; |
©) —e < I(X;; X;) — € in GSPPM than in GPPM.
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Proof of Corollary 3.16. When X! = le- = ¢g(©), ¢ = ¢, given the fact that X! and le-
contain partial information of X; and X respectively, and the assumption that the synopsis
does not reveal more information about X; than X! and X Jl-, the statements of the formulas

for Gaps in Proposition 3.12 and Proposition 3.13 directly imply the results. O]

B.2 Additional Results

In this section, we demonstrate the additional results of our experiments, which are omitted

in the main text.

B.2.1 Token-Raw v.s. Token-Preprocess

In this subsection, we delve into the effectiveness of preprocessing by contrasting the per-
formance of TOKEN-RAW and TOKEN-PREPROCESS. Intuitively, TOKEN-PREPROCESS
provides scores reflecting the semantic quality better since it removes “shortcut” information
confounding the LLM prediction, such as the paper summary or the reviewer’s language style.
We present and explain our observations as follows.

First, we observe that TOKEN-RAW outperforms TOKEN-PREPROCESS on two degradation
tasks (Figure B.1). We conjecture that the success of TOKEN-RAW relies on the superficial
information commonly found in different reviews of the same item. One example is the paper
summary, which most reviewers write before considering the pros and cons. When we use one
review to predict tokens in another review of the same item, such common superficial informa-
tion can significantly increase the performance score. Therefore, as the random replacement
degradation and sentence-level degradation remove or reduce the superficial information,
TOKEN-RAW can capture such a change more effectively than TOKEN-PREPROCESS, since
the latter removes the superficial information in both reviews.

Our conjecture is further confirmed by the fact that the performance of GPPM implemented
with TOKEN-RAW significantly drops when facing more complex tasks like distinguishing
GPT reviews from human reviews, especially for GPT-4 generated reviews (Figure B.2a). As
GPT can successfully generate reviews with plausible superficial information, we conjecture
this is because the superficial information can successfully fool TOKEN-RAW.

Furthermore, when we condition on the synopsis (papers’ abstract) using GSPPM, TOKEN-
PREPROCESS can again successfully distinguish GPT-generated reviews from human-written
reviews. This is because the superficial information is primarily included in the synopsis,
conditioned out by the mechanism. However, in Table B.1, we observe that replacing human

reviews with GPT-3.5 or GPT-4 reviews leads to a similar expected score decrease, indicating
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Figure B.1: Report Degradation Evaluation Result for GPPM with TOKEN-RAW and TOKEN-
PREPROCESS Implementations: Significance (— log;,(p-value)) of the expected score difference
d > 0, higher is better. Typically, a significance score — log,(p-value) > 1.30 (equivalent to
p-value < 0.05) is regarded as significant difference. We defer the comprehensive statistics
metrics to Table B.2 and Table B.3.
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Figure B.2: Evaluation Result for GPPM and GSPPM with TOKEN-RAW and TOKEN-
PREPROCESS Implementations in LLM-generated Review: Significance (— log;q(p-value))
of the expected score difference d > 0, higher is better. Typically, a significance score
—log,,(p-value) > 1.30 (equivalent to p-value < 0.05) is regarded as significant difference.
The comprehensive statistics metrics are in Table 3.3 and Table B.1.

that GSPPM with TOKEN-RAW cannot distinguish GPT-3.5 reviews from GPT-4 reviews
as effectively as GSPPM with TOKEN-PREPROCESS (as shown in Sections 3.7.3 and 3.7.4).
We conjecture this is because the language style greatly influences LLMs’ predictions on raw
reviews.! As GPT-3.5 and GPT-4 have similar language styles but are very different from
human reviewers, TOKEN-RAW fails to separate the two types of GPT-written reviews well

though it succeeds in separating GPT reviews from human reviews.

B.2.2 Statistics Metrics of Evaluations

In this subsection, we provide all statistics metrics omitted in the main text (Tables B.2
to B.4).

!Previous prompt engineering studies have provided evidence that the language style in the prompt can
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Table B.1: Statistics Metrics of LLM-Generated Review Evaluation for GPPM/GSPPM
implemented with TOKEN-RAW. Note that GPPM with TOKEN-RAW has a p-value 0.64 >
0.05, indicating a failure in differentiating GPT-4-generated review from human-written
review.

Mechanism Review-Gen. LLM d o(d) SE(d) t-statistic p-value —log;q(p-value)
GPPM GPT-3.5 8.074 31.891 1.426 5.656 1.3e-08 7.884
GPT-4 -0.511  31.689 1.417 -0.360 6.4e-01 0.193
GSPPM GPT-3.5 13.776  23.687  1.059 12.992 9.5e-34 33.024
GPT-4 12,912  23.557 1.054 12.244 1.3e-30 29.898

Table B.2: Statistics Metrics of Random Report Replacement Evaluation for GPPM. d
represents the mean of the score differences, o(d) represents the standard deviation of the

score differences, and SE(d) represents the standard error of the mean difference.

Dataset Implementation d o(d) SE(d) t-statistic p-value —logq(p-value)

TOKEN-RAW 55.444 31.736  1.419 39.026  5.0e-154 153.305

ICLR TOKEN-PREPROCESS 20.784 20.483 0.916 22.666 5.0e-79 78.298
JUDGMENT 4.522 8.813 0.394 11.462 1.8e-27 26.735

baseline 0.207  0.613  0.027 7.532 1.2e-13 12.928

TOKEN-RAW 9.975 15323 0.485 20.576 5.2e-79 78.284

Yelp TOKEN-PREPROCESS  5.007 10.915 0.345 14.500 1.1e-43 42.955
JUDGMENT 1.055 5.438 0.172 6.131 6.3e-10 9.202
baseline 0.018 0.195 0.006 2.982 1.5e-03 2.834

Table B.3: Statistics Metrics of Sentence-Level Degradation Evaluation for GPPM.

Dataset Implementation d o(d) SE(d) t-statistic p-value —logyq(p-value)
TOKEN-RAW 11.192 17.337  0.775 14421  5.8e-40 39.233

ICLR  Token-PREPROCESS 5.117 15.261  0.683 7.490  1.6e-13 12.803
JUDGMENT 1.662  5.396  0.241 6.880  9.0e-12 11.046
TOKEN-RAW 1.778  7.873  0.249 7137 9.2e-13 12.038

Yelp  Token-PrREPROCESS 0.497  7.316  0.231 2.146  1.6e-02 1.794
JUDGMENT 0.148  3.131  0.099 1494  6.8¢-02 1.169

Table B.4: Statistics Metrics of Judgment-Level Degradation Evaluation for GPPM.

Dataset Implementation d o(d) SE(d) t-statistic p-value —log;q(p-value)
ICLR TOKEN-PREPROCESS 8.860 10.487  0.469 18.872 1.2e-60 59.928
JUDGMENT 2.150 5.133  0.230 9.357 1.4e-19 18.857
Yelp TOKEN-PREPROCESS 0.399  5.606  0.177 2.252 1.2e-02 1.911
JUDGMENT 0.362 2.524  0.080 4.534 3.2e-06 5.489
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B.2.3 Evaluation Results of Implementation Judgment with Llama-
2

As we discussed in Section 3.7.2, here we present the evaluation results for the implementation
JUDGMENT with Llama-2 (referred to as JUDGEMENT-LLAMA-2), detailed in Tables B.5
and B.6. Since Llama-2 is a weaker model compared to GPT-4 and exhibits issues with
adherence to prompt instructions, the results are as expected that JUDGEMENT-LLAMA-2

yields worse results in both evaluations.

Table B.5: Statistics Metrics of Random Report Replacement Evaluation (JUDGEMENT-
LLAMA-2)

Dataset Implementation d o(d) SE(d) t-statistic p-value —logyq(p-value)
ICLR  JUDGEMENT-LLAMA-2 0.815 10.634 0.336 2.422 7.9e-03 2.103
Yelp JUDGEMENT-LLAMA-2  0.513 5474  0.173 2.962 1.6e-03 2.806

Table B.6: Statistics Metrics of Sentence-Level Degradation Evaluation (JUDGEMENT-LLAMA-
2)

Dataset Implementation d o(d) SE(d) t-statistic p-value —log;q(p-value)
ICLR  JUDGEMENT-LLAMA-2 -0.246 11.152  0.353 -0.697 7.6e-01 0.121
Yelp JUDGEMENT-LLAMA-2  0.407  4.451 0.141 2.890 2.0e-03 2.706

B.3 Alternative Implementation Based on Clustering

In this section, we explore an alternative implementation named CLUSTER. This implemen-
tation employs clustering of judgments to estimate Pr[X; = #; | X; = Z;]. The rationale
behind the CLUSTER implementation is to address situations where LLMs lack specific task

knowledge, resulting in inaccurate log probabilities or judgment predictions.

Implementation We present the pseudocode of the CLUSTER implementation in Algo-
rithm 5. Similar to the JUDGMENT implementation (Section 3.5.2), we reload each report
as a set of judgments. In the preparation, we structure the dataset as a list of paired sets of
judgments D = {(&;,, Z},) }te[np), Where each pair (Z;,,%;,) indicates two reviews of the same
item. Then, we leverage all the judgments in D to fine-tune a short-text embedder, applying

the technique introduced by Zhang et al. [2023]. This embedder takes a judgment as input

impact LLMs’ output Arora et al. [2022]
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and generates a high-dimensional vector as its embedding, which allows us to employ the
Minibatch K-means algorithm to build a clustering structure to classify judgments into a
fixed number N, of clusters®. Consequently, We introduce Z[k| to denote a binary cluster
indicator for the existence of a judgment of cluster k& € [N.] in #, and X[k] as the random
variable indicating the existence of a judgment of cluster k£ in X.

To calculate the score of GENERATIVE PEER PREDICTION MECHANISM, it is necessary
to estimate the conditional probability Pr[X; = Z; | X; = Z;]. We make two assumptions to

simplify the estimation.

1. First, we assume the clusters capture all the information a review has. This means
the joint distribution between two reviews can be represented as the joint distribution
between all X;[k| and X;[k],

2. Second, we assume indicators of different clusters are independent. That is, for any
subset I C [N.], such that,

Pr kﬂ;c Xilk] = @i[k], X;[K] = &;[k]| = kll Pr[Xi[k] = &i[k], X;[k] = &;[K]

With these two assumptions, we can compute the conditional probability as

PriX; = 7;, X; = T
Pr[X; = &

_ Hiepvy PrIXi[k] = (K], X;[k] = Z;[F]]

ke, Pr[X;[k] = ;[k]]

PI'[X]' = QN?J' | Xl = i’l] =

Furthermore, the numerator can be estimated by the empirical frequency,

PG = 5 = 2]~ Y 1faalk] = 5l a4 = 3 L
(Ziy

25, )€ED

2We set N. = 30 in the implementation.
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ALGORITHM 5: CLUSTER: Peer Prediction Score by Clustering judgments

Initialization: Initialize(D);

Input: Review dataset D = {(Zs,, T},) bte[np]

begin

//

end

Each (Z;,,Z;) contains two reviews of the same item.

Train a short text embedder based on the set of judgments D;

Ne

Map judgments to 1,2,..., N, using Minibatch K-means clustering with the short
text embedder.;

= 30;

Denote Z[c| as a binary indicator for the existence of a judgment with label ¢ in

report I;

for c=1to N, do

for by =0 to 1 do
for b =0to 1 do
‘ Dbo b1 (C) = ﬁ Z(:Eit,ijt)eD 1[5:% [C] = boaj'jt [C] = bl];
end

end

end

Query of GPPM score: Query(z;,Z;) ;

Input: textual reports z; and ;

Output: Score for agent i: CLUSTER(Z;, Z;)

begin
//

end

score £ log Pr[X; = 7; | X; = 7]

score = (0;
for c=1to N, do

L Pzlda,l(C)
score := score + log -~ o(c)Jerz,[c] NEL

end

CLUSTER(Z;, T;) 1= score;

Results

Tables B.7 and B.8 present the performance results of the CLUSTER implementation.

Our results suggest that the performance of CLUSTER is dominated by TOKEN-PREPROCESS

and JUDGMENT, suggesting a large space of improvement. We hypothesize that this is
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Table B.7: Statistics Metrics of Random Report Replacement Evaluation (CLUSTER)

Dataset Implementation d o(d) SE(d) t-statistic p-value —log;,(p-value)
ICLR CLUSTER 0.084 0.397 0.013 6.659 3.6e-11 10.438
Yelp CLUSTER 0.482 1.032 0.033 14.774 4.0e-45 44.396

because the clustering step incurs a significant information loss. The development of better

context-specific clustering algorithms can potentially improve the performance of CLUSTER.

Table B.8: Statistics Metrics of Judgment-Level Degradation Evaluation (CLUSTER)

Dataset Implementation d o(d) SE(d) t-statistic p-value —log;,(p-value)
ICLR CLUSTER 0.015 0.219 0.007 2.203 1.4e-02 1.853
Yelp CLUSTER 0.044 0.474 0.015 2.955 1.6e-03 2.796

Discussions and Limitations We acknowledge several limitations with the CLUSTER
implementation. First, it relies on historical data and thus is not zero-shot. Second, without
non-trivial adaptations, CLUSTER is not compatible with the GENERATIVE SYNOPSIS PEER
PREDICTION MECHANISM. Lastly, it relies on certain (strong) assumptions. In particular,
Assumption (1) drops a lot of information within the textual data and only captures the
information about what categories of judgments the review contains. Moreover, Assumption
(2) overlooks the correlations between clusters, thereby weakening the predictive power of the

judgment cluster information. These limitations suggest large spaces for improvements.

B.4 Prompts for LLMs

This section details the prompts employed in interactions with Large Language Models
(LLMs), including the specific models used, to enable the replication of our results. It
is worthwhile to mention that these prompts were crafted without extensive refinement,

suggesting potential for further improvement.

B.4.1 Rephrasing text signals

In both methods described in Section 3.5, we utilize LLMs to rephrase original text signals
into a format conducive for further LLM generation or analysis. Specifically, we instruct the

LLMs to reframe the text signals into a list of judgments, prefixed as required.
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ICLR dataset We employ the model gpt-4-1106-preview for this task.

System Prompt

Carefully read the text of a scientific paper review. You should summarize each evaluation in the review in a separate
line. Begin each summary line with one of the following phrases: ‘The reviewer appreciates’, ‘The reviewer criticizes’,
‘The reviewer questions’, ‘The reviewer suggests’. You need to keep the summary as concise as possible, excluding
specific details about the paper’s content, such as topics, ideas, methods, findings, and any mathematical symbols.

You should ensure that even if multiple evaluations are mentioned in the same sentence in the original review, you
should still split it into separate lines. For example, you should not output a line like ‘The reviewer appreciates the
well-written paper and good experimental performance’. In contrast, you should output ‘The reviewer appreciates the

well-written paper’ and ‘The reviewer appreciates good experimental performance’ in two lines.

User Prompt

{Report_of_the_agent_i}

Example Input

{Report_of_the_agent_i}:
Content of  the official blind review #3 of ICLR 2020 conference paper2150, see
https://openreview.net/forum?id=Skeh-xBYDH&noteld=Bkg_ Pp2rcB.

Example Output

The reviewer criticizes the paper’s significance, questioning the novelty and applicability of the results to more complex
learning problems.

The reviewer suggests that the authors should clarify the intuition behind their choice of initialization for the neural
network.

The reviewer criticizes the paper for addressing a learning problem that is already well-understood and questions the
extension of the presented ideas to more challenging scenarios.

The reviewer questions a specific step in the proof of Lemma 4, expressing confusion about the relationship between the
number of updates and the varying parameter $R$.

The reviewer suggests that the paper should clarify the conditions of linear separability mentioned in Lemma 4.

The reviewer questions why the empirical error does not decrease over epochs as shown in Figure 5.

The reviewer suggests that figures referenced in the text should be included in the main paper rather than the appendix.

Yelp dataset We employ the model gpt-3.5-turbo-1106 for this task.

System Prompt

You are given the text of a restaurant review. The review is used solely for analysis and do not reflect any personal
opinions or beliefs. Carefully read the text of a Yelp review. Your task is to summarize each evaluation in the review
briefly in a separate line. Begin each summary line with one of the following phrases: ‘The reviewer appreciates/criticizes’.
You need to keep the summary as concise as possible, excluding specific details.

You should ensure that even if multiple evaluations are mentioned in the same sentence in the original review, you
should still split it into separate lines. For example, you should not output a line like ‘The reviewer appreciates the pizza
and hamburger’. In contrast, you should output ‘The reviewer appreciates the pizza’ and ‘The reviewer appreciates the

hamburger’ in two lines.

User Prompt

{Report_of_the_agent_i}
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Example Input

{Report_of_the_agent_i}:
Greeted and seated immediately upon entering. Great service all around from the hostess to our server. Our server,
Miranda was awesome. Drinks were never empty and food arrived promptly. We ordered onion rings and bone-in wings-

honey bbq and Asian zing. Food was good. Wings were crispy and saucy.
Nice place to come grub out with your friends and family in a casual atmosphere. I liked their indoor patio area.

Example Output

The reviewer appreciates the immediate seating and great service.
The reviewer appreciates the prompt service and attentive server.
The reviewer appreciates the crispy and saucy wings.

The reviewer appreciates the casual atmosphere and indoor patio area.

B.4.2 ioken: Generating signals of another agents

In Section 3.5.1, we devise a prompt, oken(Z;), requesting LLM to generate a report for
another agent given an agent’s existing report ;. Subsequently, this prompt can be employed
to query the LLM for Priim(y, .. @)X = Z;], serving as a reliable approximation for

Pr[X; = z,|X; = ;] through logprob feedback.
ICLR dataset We employ the model Llama-2-70b-chat for this task.

System Prompt

You are the second reviewer for a scientific paper. You are given the abstract of the paper and a list of review judgments
from the first reviewer, starting with ‘The reviewer appreciates/criticizes/questions/suggests’ Your task is to provide
your own judgments of the paper based on the given materials. You should create a separate line for each judgment
you have, starting with ‘The reviewer appreciates/criticizes/questions/suggests’. Ensure your judgments are concise,

excluding specific details about the paper’s content.

User Prompt

[Abstract of the paper]
{Abstract_of_the_paper} if mechanism == GSPPM else "Not Provided"
[Review judgments from the first reviewer]

{Rephrased_report_of_the_agent_i}

Forced LLM Output

{Rephrased_report_of_the_agent_j}

Yelp dataset We employ the model Llama-2-70b-chat for this task.
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System Prompt

You are the second food critic for a restaurant. You are given the categories of the restaurant and a list of review
judgments from the first food critic, starting with ‘The reviewer appreciates/criticizes/questions/suggests’. Your task is
to provide your own judgments of the restaurant based on the given materials. You should create a separate line for
each judgment you have, starting with ‘The reviewer appreciates/criticizes/questions/suggests’ Ensure your judgments

are concise.

User Prompt

[Categories of the restaurant]
{Categories_of_the_restaurant} if mechanism == GSPPM else "Not Provided"
[Review judgments from the first food critic]

{Rephrased_report_of_the_agent_i}

Forced LLM Output

{Rephrased_report_of_the_agent_j}

B.4.3 jude: predicting judgments of another agents

In Section 3.5.2, we devise a prompt, ¥juae(zi, w), requesting LLM to predict how the
probability of another agent making a judgment w shifts in response to an agent’s signal ;.
In practice, the prompt is structured to obtain the LLM’s predictions for all judgments w

within z; in a single response.

ICLR dataset We employ the model gpt-4-1106-preview for this task.
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System Prompt

You will receive the abstract of a scientific paper and a set of initial reviewer comments on this paper, with each
comment presented on a separate line. Following these, you will be provided with a list of additional, specific reviewer
comments.

Your task is to evaluate how each of the additional comments aligns with the initial set of reviewer comments. For
each additional comment, assign a score from -3 to 3, indicating the degree of support or contradiction by the initial
comments.

For each additional comment, you should output a single line, including the reasons first (starts with ‘the initial
comments appreciate/criticizes/do not mention’), and then your score (in the format of <SCORE=...>).

You should use the following scale for scoring:

-3: Strong contradiction - The initial comments directly oppose the additional comment, significantly reducing its
credibility (likelihood less than 1/8). Example: Initial comments appreciate the writing, but the additional comment
criticizes it.

-2: Moderate contradiction - The initial comments indirectly oppose the additional comment, moderately reducing its
credibility (likelihood about 1/4). Example: Initial comments commend the theoretical analysis, but the additional
comment faults a theorem proof.

-1: Slight contradiction - The initial comments slightly reduce the credibility of the additional comment (likelihood
about 1/2).

0: Neutral - The initial comments neither support nor contradict the additional comment, leaving its credibility
unchanged. Please try to avoid giving a score of 0 unless you cannot find any potential support or contradiction.

1: Slight support - The initial comments slightly increase the credibility of the additional comment (likelihood about 2).
2: Moderate support - The initial comments indirectly support the additional comment, moderately increasing its
credibility (likelihood about 4). Example: Initial comments commend the theoretical analysis, and the additional
comment finds the proofs are enlightening.

3: Strong support - The initial comments directly support the additional comment, significantly increasing its credibility
(likelihood more than 8 times). Example: Both the initial comments and the additional comment appreciate the writing

quality.

User Prompt

[Abstract of the paper]

{Abstract_of_the_paper} if mechanism == GSPPM else "Not Provided"
[Initial reviewer comments]

{Rephrased_report_of_the_agent_i}

[Additional reviewer comments]

{Rephrased_report_of_the_agent_j}
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Example Input

{Abstract_of_the_paper}:

This work provides an additional step in the theoretical understanding of neural networks. We consider neural networks
with one hidden layer and show that when learning symmetric functions, one can choose initial conditions so that
standard SGD training efficiently produces generalization guarantees. We empirically verify this and show that this
does not hold when the initial conditions are chosen at random. The proof of convergence investigates the interaction
between the two layers of the network. Our results highlight the importance of using symmetry in the design of neural

networks.

{Rephrased_report_of_the_agent_i}:

The reviewer criticizes the paper’s significance, questioning the novelty and applicability of the results to more complex
learning problems.

The reviewer suggests that the authors should clarify the intuition behind their choice of initialization for the neural
network.

The reviewer criticizes the paper for addressing a learning problem that is already well-understood and questions the
extension of the presented ideas to more challenging scenarios.

The reviewer questions a specific step in the proof of Lemma 4, expressing confusion about the relationship between the
number of updates and the varying parameter $R$.

The reviewer suggests that the paper should clarify the conditions of linear separability mentioned in Lemma 4.

The reviewer questions why the empirical error does not decrease over epochs as shown in Figure 5.

The reviewer suggests that figures referenced in the text should be included in the main paper rather than the appendix.

{Rephrased_report_of_the_agent_j}:

The reviewer criticizes the lack of motivation for the underlying problem, suggesting that the class of symmetric boolean
functions is not challenging enough to warrant the use of neural networks. The reviewer questions the necessity of using
a neural network for the problem when simpler methods are available.

The reviewer suggests that the problem would be more interesting if it focused on symmetric functions in the real
domain.

The reviewer criticizes the writing, specifically the need for more detailed proofs and better motivation in the introduction.
The reviewer questions the choice of representation for indicators using ReLUs and suggests a simpler alternative from
prior work.

The reviewer criticizes the experimental plots for being hard to parse and inconsistent.

The reviewer suggests using line plots instead of scatter plots to better highlight trends.

The reviewer criticizes the inconsistent sampling on the x-axis and varying number of epochs in experiments.

The reviewer suggests that important plots should be included in the main paper and questions whether the experiments

were repeated multiple times or based on a single run.

Example Output

[1] The initial comments criticize the paper for addressing a learning problem that is already well-understood and
question the extension of the presented ideas to more challenging scenarios. This aligns with the additional comment
criticizing the lack of motivation for the underlying problem, suggesting that the class of symmetric boolean functions is
not challenging enough. <SCORE=3>

[2] The initial comments do not mention the availability of simpler methods for the problem, but the criticism of the
paper’s significance and the questioning of the novelty and applicability of the results indirectly support the additional
comment questioning the necessity of using a neural network. <SCORE=2>

[3] The initial comments do not mention the domain of the symmetric functions, so there is no direct support or
contradiction for the additional comment suggesting that the problem would be more interesting if it focused on

symmetric functions in the real domain. <SCORE=0>

Yelp dataset We employ the model gpt-4-1106-preview for this task.
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System Prompt

You will receive the categories of a restaurant and a set of initial reviewer comments on this restaurant, with each
comment presented on a separate line. Following these, you will be provided with a list of additional, specific reviewer
comments.

Your task is to evaluate how each of the additional comments aligns with the initial set of reviewer comments. For
each additional comment, assign a score from -3 to 3, indicating the degree of support or contradiction by the initial
comments.

For each additional comment, you should output a single line, including the reasons first (starts with ‘the initial
comments appreciate/criticizes/do not mention’), and then your score (in the format of <SCORE=...>).

You should use the following scale for scoring:

-3: Strong contradiction - The initial comments directly oppose the additional comment, significantly reducing its
credibility (likelihood less than 1/8). Example: Initial comments appreciate the pizza, but the additional comment
criticizes it.

-2: Moderate contradiction - The initial comments indirectly oppose the additional comment, moderately reducing its
credibility (likelihood about 1/4). Example: Initial comments appreciate the overall taste, but the additional comment
criticizes the chicken.

-1: Slight contradiction - The initial comments slightly reduce the credibility of the additional comment (likelihood
about 1/2).

0: Neutral - The initial comments neither support nor contradict the additional comment, leaving its credibility
unchanged. Please try to avoid giving a score of 0 unless you cannot find any potential support or contradiction.

1: Slight support - The initial comments slightly increase the credibility of the additional comment (likelihood about 2).
2: Moderate support - The initial comments indirectly support the additional comment, moderately increasing its
credibility (likelihood about 4). Example: Initial comments appreciate the overall taste, and the additional comment
appreciates the chicken.

3: Strong support - The initial comments directly support the additional comment, significantly increasing its credibility

(likelihood more than 8 times). Example: Both the initial comments and the additional comment appreciate the pizza.

User Prompt

[Categories of the restaurant]

{Categories_of_the_restaurant} if mechanism == GSPPM else "Not Provided"
[Initial reviewer comments]

{Rephrased_report_of_the_agent_i}

[Additional reviewer comments]

{Rephrased_report_of_the_agent_j}
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Example Input

{Categories_of_the_restaurant}:
Not Provided

{Rephrased_report_of_the_agent_i}:

The reviewer appreciates the immediate seating and great service.
The reviewer appreciates the prompt service and attentive server.
The reviewer appreciates the crispy and saucy wings.

The reviewer appreciates the casual atmosphere and indoor patio area.

{Rephrased_report_of_the_agent_j}:
The reviewer appreciates the cleanliness of the restaurant.
The reviewer appreciates the awesome staff and prompt service.

The reviewer criticizes the flavor of the mango habanero wings.

Example Output

[1] The initial comments do not mention the cleanliness of the restaurant. <SCORE=0>

[2] The initial comments appreciate the great service and attentive server, which aligns with appreciating the awesome
staff and prompt service. <SCORE=3>

[3] The initial comments appreciate the crispy and saucy wings, but do not specifically mention the mango habanero

flavor. This is a slight contradiction since the initial comments were positive about the wings in general. <SCORE=-1>

B.4.4 Generating review from paper

In Section 3.7.3, we employ LLMs to generate signals in the peer review scenario, demon-
strating that the GENERATIVE SYNOPSIS PEER PREDICTION MECHANISM (GSPPM) is
more effective at eliciting high-effort signals than the GENERATIVE PEER PREDICTION
MECHANISM (GPPM). We design a prompt directing the LLM to act as a reviewer assessing

a particular paper.

ICLR dataset We employ the model gpt-4-1106-preview and gpt-3.5-turbo-1106 for this
task.

System Prompt

You are a reviewer for a machine learning conference. Your task is to review a submitted paper. In your review, you
should thoroughly analyze the paper and offer detailed feedback. Highlight the paper’s strengths and weaknesses. Your
review should be objective, critical, and supportive, aimed at helping the authors improve their work and contributing

to the advancement of machine learning research.

User Prompt

{Paper_content}
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Example Input

{Paper_content}:
Content of the ICLR 2020 conference paper2150, see https://openreview.net /forum?id=Skeh-xBYDH.

Example Output

**Review of "On Symmetry and Initialization for Neural Networks"**

**Summary:**

The paper presents a theoretical analysis of the role of symmetry in the initialization of neural networks with one
hidden layer. The authors focus on symmetric functions and demonstrate that with symmetry-based initialization,
standard Stochastic Gradient Descent (SGD) can efficiently converge to zero empirical error and provide generalization
guarantees. The paper includes empirical validation of the theoretical results and explores the impact of initialization
on the learning of symmetric functions, including the parity function.

**Strengths: **

1. **Theoretical Contribution:** The paper addresses an important aspect of neural network initialization and provides
a novel theoretical framework for understanding the impact of symmetry on learning and generalization.

2. **Empirical Validation:** The authors support their theoretical claims with empirical experiments, which is
commendable as it provides a practical perspective on the theoretical results.

3. **Relevance to the Field:** The topic of initialization is highly relevant to the machine learning community, and the
paper’s focus on symmetry could inspire further research in this area.

4. **Clarity of Presentation:** The paper is well-structured, with clear section titles and a logical flow that guides the
reader through the theoretical development and empirical validation.

**Weaknesses: ¥*

1. **Limited Scope:** The paper focuses exclusively on neural networks with one hidden layer. While this is a reasonable
simplification for theoretical analysis, it limits the applicability of the results to more complex architectures that are
commonly used in practice.

2. **Generalization of Results:** The generalization guarantees provided are specific to the class of symmetric functions.
It is unclear how these results extend to other classes of functions or to more realistic, non-symmetric data distributions.
3. **Experimental Details:** The paper could benefit from more detailed descriptions of the experimental setup,
including the network architectures used, hyperparameters, and the datasets. This would improve the reproducibility of
the results.

4. **Comparison with Other Initialization Techniques:** The paper does not compare the proposed symmetry-based
initialization with other popular initialization methods, such as Xavier or He initialization, which would be valuable for
contextualizing the results.

**Suggestions for Improvement:**

1. **Extend to More Complex Architectures:¥* Future work could explore how symmetry-based initialization impacts
the learning dynamics of deeper and more complex neural networks.

2. **Broader Empirical Evaluation:** The authors should consider evaluating their approach on a wider range of
functions and datasets, including non-symmetric cases, to assess the robustness of their findings.

3. **Detailed Experimental Methodology:** Providing more details about the experimental methodology would enhance
the paper’s credibility and allow others to replicate the findings.

4. **Benchmarking:** A comparison with other initialization methods would provide a more comprehensive understanding
of the proposed approach’s strengths and limitations.

**Qverall Evaluation:**

The paper makes a valuable theoretical contribution to the understanding of neural network initialization, particularly
in the context of symmetric functions. The empirical validation is a strong point, although the experiments could be
expanded to provide a more comprehensive evaluation. The paper’s focus on a single hidden layer network is both a
strength, in terms of theoretical tractability, and a weakness, in terms of practical relevance. To move forward, the
authors should consider extending their analysis to more complex architectures and providing a broader empirical
evaluation.

**Recommendation: **

Accept with minor revisions. The paper presents interesting theoretical insights and empirical results that contribute to
the understanding of neural network initialization. However, the authors should address the limitations regarding the

scope and experimental details to strengthen the paper’s impact.
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APPENDIX C

Appendix for Generative Mutual Information

C.1 Omitted Proofs

Proposition 4.1. When the KL-divergence' between the LLM estimated distribution and the

underlying distribution satisfies
Dy LPLII\‘/[[Y =- | X = $H]HPI[Y = | Xy = .IH] < €, Voy.

For the two candidates H and L discussed above, the information structure of H Blackwell

dominates L’s, when the size of dataset n goes to infinity, we have I(X;Y) > I(X.;Y) — €.

Proof of Proposition 4.1. By the definition of estimated PMI, P/Ml(x; y) = log Propm[Y =
y | X = z] —log Prppm[Y = yl, we have
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Note that % ? log Pripm[Y = ;] does not change whatever the candidate response
follows X or X . In addition, recall that we assume that all task-response tuples (w;, z;, ;)
are i.i.d. sampled from the underlying distribution D. Therefore, with the law of large
numbers, we have I(Xp;Y) > I(X,;Y) — € further equivalent to

E logL%{&[Y:mX:xH]} ZE{logLE{/I[Y:y|X:xL] — €.

!The KL-divergence between two distributions over the same probability space is Dkr(P||Q) =

2., P()log (P(2)/Q(x)) .
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On the left hand side, we have
E {logLE{/I[Y =y| X = Z'H]}
=Y Pr[Xpy=au]d PrlY =y | Xy = xH]logL%l(/[[Y =y | X =uxy]
Ty y

ZZPr[XH =zy| (ZPr[Y:y | Xg = ay|logPr]Y =y | Xy = 2y] —e)

TH

(This step follows the condition of bounded KL-divergence in Proposition 4.1.)
= Z PriXg =z, Y =yllogPr]lY =y | Xy =2xg] —€

:—7H(Y\XH)—6
=I1(Y;Xy)—H(Y) —e

On the right hand side, we have
E [logL]?L’ll\f/[[Y X = xL]]
=Y Pr[X; =ax1]) Pr[Y =y | X, =] longll\"/[[Y =y | X =x]
L y

<D OPr[Xp =] ) Pr[Y =y | Xp = ap]logPr[Y =y | Xp = ]
rL Yy
(This step follows the fact that logarithm is a proper scoring rule [Hendrickson and Buehler, 1971].)
=—HY | Xy)
—I(Y; X;) — H(Y).
Since Xy follows an information structure oy Blackwell dominates o, that X follows,

by the information process inequality, we have I(Y; Xg) > I(Y; X}).

Therefore, combining all these together, we have
E[log Pr [y =y | X = xH]} >E [k)gLEgA[Y oy X =) —e

and consequently, we have I(Xy:Y) > I(X,;Y) — .
[l

Proposition C.1. For a given random variable Z, when the KL-divergence between the LLM

estimated distribution and the underlying distribution satisfies

Dkr LE&[Y:ﬂX:J;H,Z:z] PrlY = | Xy =ay, Z =z2|| <e, Vag
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For the two candidates H and L discussed above, and the information structure of H Blackwell

dominates L’s, when the size of dataset n goes to infinity, we have
I(XH,Y|Z) (XL,Y|Z)—6

Proof. By following similar steps of the proof of Proposition 4.1, we reduce the problem to

showing
= fr — > — — — —
]E[logLPL{/[[Y y| X =xy,Z z]} _E{logLE{d[Y y| X =z, 7 =z]| —e
Again, following similar steps, we have that the left hand side follows
E{log Pr[Y:y|X:xH,Z:z]}
>ZPr I(Y; Xy |Z=2)—HY |Z=2z2)—c¢)
(Y Xy | Z)— H(Y | Z) e
Similarly, we have the right hand side
]E[log Pr[Y:y|X:xL,Z:z]
<ZPr IYV; X | Z=2)—HY |Z=2)—¢)

=I(Y; X, | Z2) - H(Y | Z)
Therefore, combining all these together, we have

I(XyY | 2) > (XY | Z) — €

C.2 Implementation Details

In this section, we provide a detailed interpretation of how we implement our proposed
metrics to facilitate the replication of our results. This includes comprehensive descriptions
of all prompts utilized for generating peer-review judgments, preprocessing the judgments,
predicting the judgments, as well as other details that help reproduce the implementation.
In all LLM API calls in our experiments, for reproducibility, we keep the temperature at 0

and the maximum (output) token count at 4000, unless otherwise specified.
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C.2.1 Judgments Preprocessing

To filter out the shortcuts in the review judgments, we use a preprocessing procedure. We
employ an LLM to rewrite the original review judgments in a certain compressed format,
eliminating the impact of various aspects such as semantics, syntax, and language styles. Here,
we employ the LLM GPT-4o (specifically, gpt-40-2024-05-13) to preprocess the judgments

generated by all candidate LLMs (and human reviewers). Here is the prompt we use:

System Prompt

Carefully read the text of a scientific paper review. You should summarize each evaluation in the review in a
separate line. Begin each summary line with one of the following phrases: 'The reviewer appreciates’, "The reviewer
criticizes’, "The reviewer questions’, "The reviewer suggests’. You need to keep the summary as concise as possible,
excluding specific details about the paper’s content, such as topics, ideas, methods, findings, and any mathematical
symbols.

You should ensure that even if multiple evaluations are mentioned in the same sentence in the original review, you
should still split it into separate lines. For example, you should not output a line like "The reviewer appreciates the
well-written paper and good experimental performance’. In contrast, you should output 'The reviewer appreciates the

well-written paper’ and *The reviewer appreciates good experimental performance’ in two lines.

User Prompt

{Original Review Judgments}

C.2.2 Judgments Prediction

We compute our metric, the Generative Estimator for Mutual Information (GEM), by utilizing
both the original and fine-tuned versions of Llama-3.1-8B-Instruct® to predict the conditional
probability Prpiy[Y =y | X = 2] and the marginal probability Prpy[Y = y]. In this context,
x and y represent preprocessed review judgments. The same methodology is employed for

calculating the GEM-S score. Below is the prompt used for prediction.

System Prompt

You are the second reviewer for a scientific paper. You are given the abstract of the paper and a list of review
judgments from the first reviewer, starting with 'The reviewer appreciates/criticizes/questions/suggests’. Your task is
to provide your own judgments of the paper based on the given materials. You should create a separate line for each
judgment you have, starting with *The reviewer appreciates/criticizes/questions/suggests’. Ensure your judgments are
concise, excluding specific details about the paper’s content.

User Prompt

[Abstract of the paper]
{Abstract of the Paper if the metric is GEM-S, and “Not Available” if the metric is GEM}

[Review judgments from the first reviewer]
{Preprocessed Review Judgments (x) for conditional probability, and “Not Available” for marginal probability}

Forced LLM Output

{Preprocessed Review Judgments (y)}

2We employ 4-bit quantization.
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C.2.3 Peer-review Judgments Generation in GRE-bench

We provide the implementation details of GRE-bench where we employ academic peer review
as the task to evaluate LLMs’ ability to generate informative judgments. Following Liang
et al. [2023]’s research about LLM-generated peer review, we use the Sciencebeam pdf parser
to convert the ICLR submissions in pdf format to text format, and removed the references
and all appendices. When using the sciencebeam PDF parser, it retains all image and table
titles and captions while disregarding other content. While a few ICLR submissions require
OCR before parsing into text (5 out of all submissions in 2023), none of the 300 papers we
experimented with required OCR, ensuring no OCR errors. Additionally, we have verified
that the parsed text of papers in our dataset does not exceed the input token limit of the
LLM.

While we acknowledge that PDF parsing is an inherently imperfect process that may
occasionally introduce artifacts or miss certain elements, our experimental design mitigates
potential biases because all LLM models in our evaluation receive identical parsed versions
of each paper, and any parsing inconsistencies would affect all models equally, making the
relative performance comparisons robust to such noise.

Below is the prompt utilized to request each candidate LLM to produce its review

judgments.

System Prompt

You are given a paper submission for a top-tier Machine Learning conference which you need to write a detailed
review. Please read the paper carefully. Once you have finished reading, please provide the following in your review:

First, write a concise summary of the key points and contributions of the paper inside <summary> tags.

Next, think critically about the strengths and weaknesses of the submission. Inside <strengths> tags, give a numbered
list of at least 4 key reasons why this paper should potentially be accepted to the conference. For each reason, use
sub-bullet points to provide detailed arguments and evidence from the paper to support that reason.

Then, inside <weaknesses> tags, give a numbered list of at least 4 key reasons why this paper should potentially be
rejected from the conference. Again, for each reason, use sub-bullet points to provide detailed arguments and evidence
from the paper to support that reason.

After weighing the reasons for and against, think of some open questions you have about the work. List your
questions inside <questions> tags.

Remember, as a reviewer your job is to rigorously evaluate the strengths and weaknesses of the work and to provide
critical but constructive feedback to the authors. Be thorough, specific and detailed in your arguments and feedback.
Highlight both the positives and negatives you see, and justify your points carefully with reference to the content of the
paper.

User Prompt

{Full paper in Text Format}
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C.2.4 Summary of Author-stated Strengths and Weaknesses

In GEM-S (ASSW), we need to embed the strength and weakness text stated by the authors
into the input of LLM. To do this, we employ gpt-40 to summarize it using the following
prompt.

System Prompt

You are given a paper submission for a top-tier Machine Learning conference. Your goal is to identify and list the
strengths and weaknesses that the paper claims about itself. This task requires careful reading of the paper.

Please follow these steps to complete the task:

1. Carefully read the entire paper submission. As you read, identify instances where the authors mention strengths
or positive aspects of their research, methodology, results, or contributions. These are the strengths claimed by the
paper. Also, identify instances where the authors mention limitations, weaknesses, or areas for future improvement in
their work. These are the weaknesses claimed by the paper.

2. Compile your findings into two separate lists: one for strengths and one for weaknesses.

3. For each list, write each point on a separate line, keeping it concise. Add an extra blank line between each point
for clarity.

4. Format your output as follows:

<strengths_ claimed_ by_the_paper>

[List each strength claimed by the paper in separate lines, with an extra blank line between each point]

< /strengths_ claimed_ by_ the__paper>

<weaknesses_claimed_ by_ the_ paper>

[List each weakness claimed by the paper in separate lines, with an extra blank line between each point]

< /weaknesses__claimed__by_ the__paper>

Important: Focus only on the strengths and weaknesses that the paper claims about itself. Do not include your
own evaluation or opinion of the paper’s merits or shortcomings. Do not include the strengths and weaknesses of the

baseline. Your task is to report what the authors themselves have stated about their work’s strengths and limitations.

User Prompt

{Full paper in Text Format}

C.3 Experimental Details

In this section, we provide detailed information regarding the experiments we conducted.
This includes the specific processes used to degrade and manipulate reviews, as well as the

implementation of the baseline metrics.

C.3.1 Baseline Metrics

In the paper, we use BLEU, ROUGE-L, BERTScore and LMExaminer as the baseline metrics.
BLEU and ROUGE-L are both detail-free. We employ NLTK as the tokenizer and utilized
existing library functions to compute the BLEU and ROUGE-L scores.

BERTScore [Zhang et al., 2019] evaluates generated text by measuring the cosine similarity

between token embeddings from a pre-trained language model. Instead of BERT, we use
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a recent model stella_en 400M_ v5 [Zhang, 2024] as the evaluation-LM for better token
embedding performance.

BARTScore [Yuan et al., 2021] is a probability-based metric. It has three variants,
precision, recall, and Fl-score. Instead of BART, we use the state-of-the-art Llama3.1-8b as
the evaluation-LM for estimating the probability, which is the same as our GEM metrics.

LMEzaminer [Bai et al., 2024] is one of the recently popular methods where a language
model (LM) is used to evaluate the quality of generated text based on specific evaluation
criteria, serving as an examiner. With empirical evidence suggesting that GPT-4 outperforms
open-source models and even finetuned models of pointwise grading on AlignBench [Ke
et al., 2023|, we use GPT-40 as a baseline in our experiment. For peer review tasks, our
prompt adopts criteria based on Review Quality Indicators (RQIs) [Goldberg et al., 2023,
Van Rooyen et al., 1999, Superchi et al., 2019] including four aspects, understanding, coverage,
substantiation, constructiveness.

We input the full text of the paper along with the review to be judged into the LLM and

prompt it to score based on RQIs. We show our prompts below.
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System Prompt

You are an expert tasked with evaluating the quality of a review for a Machine Learning paper. Your goal is to assess
how well the review critiques the paper and provides valuable feedback to the authors. The paper will be given after
’[Paper]” and the review will be given after ’[Review]’.

To judge the quality of this review, consider the following criteria:

1. Understanding: Does the reviewer demonstrate a clear understanding of the paper’s main contributions, methodology,
and results?

2. Coverage: Does the review address all major aspects of the paper, including the problem statement, methodology,
experiments, results, and conclusions?

3. Substantiation: Does the reviewer provide specific examples or references from the paper to support their comments
and criticisms?

4. Constructiveness: Does the review offer helpful suggestions for improvement or identify areas where the paper could
be strengthened?

For each criterion, provide a detailed analysis of how well the review meets the standard.

After analyzing each criterion, provide an overall assessment of the review’s quality. Consider how well it serves its
purpose of offering valuable feedback to the authors.

Finally, assign a score to the review on a scale of 0 to 10, where 0 is the lowest quality, 5 is the average quality, and 10
is the highest quality.

Present your evaluation in the following format:

<analysis>

[Your detailed analysis here]

</analysis>

<overall__assessment>

[Your overall assessment here]

</overall _assessment>

<overall score>

[Your final quality score here]

</overall _score>

User Prompt

[Paper]

{Full paper in Text Format}
[Review]

{Original Review Judgments}

C.3.2 Validation Workflow for Degradations and Manipulations

C.3.3 Degradations

C.3.3.1 Review Degradation: Sentence Deletion

The ICLR 2023 review comments must follow a specific formatting with four sections including
“Summary Of The Paper”, “Strengths And Weaknesses”, “Clarity, Quality, Novelty And
Reproducibility” and “Summary Of The Review”. When performing sentence deletion, we
maintain the original format unchanged. Other sentences are identified based on periods,
question marks, exclamation points, and line breaks, which mark the end of a sentence.
In each section, we retain all sentences with odd-numbered positions and delete those in

even-numbered positions. Below is a toy example for illustration.
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ALGORITHM 6: Validation Workflow
Input: A dataset D with n tuples of tasks and associated text responses. An

evaluation metric f computing the scores. A degradation/manipulation
strategy M.
Output: Statistics metrics.

for i =1 ton do

Get the i-th tuple from the dataset: task w;, candidate response z;, and reference
response y; ;

Compute s; := f(w;, x;,y;);

Replace the response z; with 2 according to degradation/manipulation strategy
M.

Y

Compute s := f(w;, 2}, y;);

end
Compute the means p,u’ and standard deviations o,0” of {s;}icpy and {s]}icp)
respectively.

Before Deletion
Summary Of The Paper:
This is the first sentence. This is the second sentence. This is the third sentence.
Strengths And Weaknesses:
This is the first sentence. This is the second sentence. This is the third sentence. This is the fourth sentence.
Clarity, Quality, Novelty And Reproducibility:
This is the first sentence.
Summary Of The Review:

This is the first sentence. This is the second sentence.

After Deletion
Summary Of The Paper:

This is the first sentence. This is the third sentence.
Strengths And Weaknesses:

This is the first sentence. This is the third sentence.
Clarity, Quality, Novelty And Reproducibility:

This is the first sentence.

Summary Of The Review:

This is the first sentence.

C.3.3.2 Review Degradation: Deletion & Completion

When applying the deletion & completion method to degrade reviews, we initially delete half
of the sentences, similar to the sentence deletion process, and replace the omitted content
with “[There is one missing sentence]”. Subsequently, we utilize GPT-40 to complete these

sentences. Below is a toy example.
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Before Deletion
Summary Of The Paper:
This is the first sentence. This is the second sentence. This is the third sentence.
Strengths And Weaknesses:
This is the first sentence. This is the second sentence. This is the third sentence. This is the fourth sentence.
Clarity, Quality, Novelty And Reproducibility:
This is the first sentence.
Summary Of The Review:

This is the first sentence. This is the second sentence.

After Deletion

Summary Of The Paper:

This is the first sentence. [There is one missing sentence| This is the third sentence

Strengths And Weaknesses:

This is the first sentence. [There is one missing sentence] This is the third sentence. [There is one missing sentence]
Clarity, Quality, Novelty And Reproducibility:

This is the first sentence.

Summary Of The Review:

This is the first sentence. [There is one missing sentence]

Here, we present the prompt we utilize to leverage GPT-40 for completing the deleted sentences.

System Prompt

You are tasked with completing missing sentences of a peer review evaluation given by the user while keeping all its
existing sentences. Your goal is to complete all missing sentences indicated by [There is one missing sentence] of this
peer review evaluation, following these rules:

- Insert new sentences that don’t contribute significant information.

- Place these sentences between existing sentences where they seem most natural.

- Keep the overall language style similar.

- Ensure these added sentences don’t contradict or substantially alter the original content.

Remember to maintain the essence and order of the original content while completing all missing sentences indicated by

[There is one missing sentence].

User Prompt
{Judgments after Deletion}
C.3.3.3 Review Degradation: Abstract-only Review

In this degradation process, we utilize claude-3-sonnet to generate a review based solely on
the paper’s abstract, which serves as a substitute for the original review. Below is the prompt

we use to complete this task.
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System Prompt

You are given an abstract of a paper submission for a top-tier Machine Learning conference. You need to write a
detailed peer review of the paper with only the abstract. Please read the abstract carefully. Once you have finished
reading, please provide the following in your review:

First, write a concise summary of the key points and contributions of the paper in “Summary Of The Paper" section.
Next, in the “Strength And Weaknesses" section, think critically about the strengths and weaknesses of the submission.
Give a numbered list of at least 4 key reasons why this paper should potentially be accepted to the conference. For each
reason, use sub-bullet points to provide detailed arguments and evidence from the paper to support that reason. Then,
give a numbered list of at least 4 key reasons why this paper should potentially be rejected from the conference. Again,
for each reason, use sub-bullet points to provide detailed arguments and evidence from the paper to support that reason.
After weighing the reasons for and against, think of some questions you have about the work.

Then, finish the “Clarity, Quality, Novelty And Reproducibility" and “Summary Of The Review" sections.

Remember, as a reviewer your job is to rigorously evaluate the strengths and weaknesses of the work and to provide
critical but constructive feedback to the authors. Be thorough, specific and detailed in your arguments and feedback.
Highlight both the positives and negatives you see, and justify your points carefully with reference to the content of the
paper.

User Prompt

{Abstract of the Paper}

C.3.4 Manipulations

C.3.4.1 Review Manipulation: LLM Rephrasing

To rephrase the review without altering the semantics, we employ GPT-40 and Llama-3.1-
instruct to rewrite the original review judgments, modifying the phrasing while maintaining

the original meaning. The same prompt is used for both models to accomplish this task.

System Prompt

You are tasked with rewriting a peer review evaluation. You should follow these guidelines:

1. Maintain the overall structure and organization of the review.

2. Improve the writing and make the language more natural and native-sounding.

3. Correct any grammatical errors or awkward phrasing.

Remember to maintain the overall structure and content of the original review, but aim to enhance its readability and

fluency.

User Prompt
{Original Review Judgments}

C.3.4.2 Review Manipulation: Meaningless Elongation

We employ a verbose and uninformative template content alongside summaries of the existing
review to achieve a meaningless elongation of the original review judgments. Specifically, we
adhere to the fixed review format established by ICLR 2023, which consists of four sections.
At the beginning of each content section within these sections, we incorporate an identical
introductory statement. Additionally, we utilize GPT-40 to generate a one-sentence summary

for the “Strengths and Weaknesses” section of the review, embedding this summary within
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the added text. Below is an example, including the meaningless content we add to the original

review.

Before Manipulation

Summary Of The Paper:

This is the first sentence. This is the second sentence. This is the third sentence.

Strengths And Weaknesses:

This is the first sentence. This is the second sentence. This is the third sentence. This is the fourth sentence.
Clarity, Quality, Novelty And Reproducibility:

This is the first sentence.

Summary Of The Review:

This is the first sentence. This is the second sentence.

After Manipulation

Summary Of The Paper:

This section provides an overview of the key contributions, methodologies, and findings presented in the paper. It
summarizes the main arguments and highlights the scope and significance of the research conducted. Specifically, This
is the first sentence. This is the second sentence. This is the third sentence.

Strengths And Weaknesses:

In this section, I will discuss the strengths and weaknesses of the paper, focusing on its contributions to the field,
methodological rigor, and areas where improvements could be made. The aim is to provide constructive feedback that
can help enhance the quality of the work. This paper has several notable strengths, including {Strength Summary}.
However, there are some areas that could be improved, such as {Weakness Summary}. Specifically, I discuss the strengths
and weaknesses of the paper as following.

This is the first sentence. This is the second sentence. This is the third sentence. This is the fourth sentence.

Clarity, Quality, Novelty And Reproducibility:

I will evaluate the clarity of the paper’s presentation, the quality of the research, the novelty of the findings, and the
reproducibility of the experiments. This assessment will address whether the research is presented in a clear and coherent
manner, offers new insights, and can be replicated based on the provided information. This is the first sentence.
Summary Of The Review:

This summary encapsulates the main points of the review, reflecting on the paper’s contributions, strengths, and areas
for improvement. It provides a balanced overview of the paper’s impact and offers final recommendations for the authors.

This is the first sentence. This is the second sentence.

The prompts that request GPT-40 to generate the Strength Summary and Weakness

Summary are presented as follows.

System Prompt
You are given a peer review of a scientific paper, please identify two key {“strengths” or “weaknesses”} of the scientific

paper from the review in a single, concise line, using two phrases separated by ’and’.

User Prompt
{Original Review Judgments}
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C.4 Additional Results

In this section, we provide additional detailed results that were omitted from the main paper

and present the results of additional experiments to further validate our GEM metrics.

C.4.1 Result 2 and 3 with Confidence Intervals

We present the SMDs with 95% confidence intervals of various evaluation metrics under

degradations and manipulations in Tables C.1 and C.2.

Table C.1: Standardized Mean Differences (SMD) d := (¢' — p)/0poolea Of scores after
degradations of various evaluation metrics with 95% confidence intervals in parentheses.
Significant score decreases (p < 0.05) after degradations are highlighted in bold green,
implying the evaluation metric can effectively penalize the degradation.

Evaluation Metric Sentence Deletion Deletion & Completion Abstract-only Review

BLEU -0.282 0.016 -0.692
(-0.346,-0.218) (-0.013,0.046) (-0.778,-0.607)

ROUGE-L -0.073 0.091 0.022
(-0.122,-0.025) (0.062,0.121) (-0.054,0.098)

BERTScore -0.100 -0.188 0.840
(-0.131,-0.069) (-0.222,-0.155) (0.769,0.910)

BARTScore-F1 0.401 0.201 0.394
(0.380,0.422) (0.184,0.218) (0.344,0.445)

BARTScore-precision 0.627 0.317 0.617
(0.595,0.659) (0.292,0.343) (0.536,0.698)

BARTScore-recall -0.017 -0.016 0.004
(-0.019,-0.016) (-0.017,-0.014) (0.001,0.007)

LMExaminer -1.290 -0.417 0.715
(-1.343,-1.238) (-0.472,-0.363) (0.630,0.799)

GEM-raw -0.123 -0.126 0.020
(-0.126,-0.120) (-0.132,-0.121) (0.017,0.023)

GEM -0.401 -0.308 -0.191
(-0.448,-0.354) (-0.358,-0.258) (-0.261,-0.122)

GEM-S -0.409 -0.206 -0.566

(-0.455,-0.362)

(-0.254,-0.158)

(-0.639,-0.492)
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Table C.2: Standardized Mean Differences (SMD) of scores d := (1 — 1)/0poolea after
manipulations of various evaluation metrics with 95% confidence intervals in parentheses.
Significant score increase (p < 0.05) after manipulations are highlighted in bold red, implying
the evaluation metric are not robust against the manipulation.

Evaluation Metric GPT-40 Rephrase Llama3.1 Rephrase Meaningless Elongation

BLEU -0.975 -0.920 -0.165
(-1.020,-0.930) (-0.971,-0.870) (-0.230,-0.101)
ROUGE-L 0.028 0.120 -0.196
(0.009,0.047) (0.080,0.160) (-0.241,-0.151)
BERTScore 0.134 0.063 0.064
(0.113,0.155) (0.032,0.093) (0.042,0.086)
BARTScore-F1 0.130 0.332 -0.304
(0.120,0.140) (0.299,0.365) (-0.308,-0.299)
BARTScore-precision 0.218 0.541 -0.439
(0.204,0.233) (0.490,0.593) (-0.446,-0.433)
BARTScore-recall -0.027 -0.028 0.004
(-0.028,-0.027) (-0.029,-0.027) (0.004,0.005)
LMexaminer 0.187 0.104 0.105
(0.153,0.221) (0.060,0.147) (0.069,0.140)
GEM-raw -0.123 -0.126 0.020
(-0.126,-0.120) (-0.132,-0.121) (0.017,0.023)
GEM -0.058 -0.107 -0.063
(-0.090,-0.026) (-0.143,-0.070) (-0.097,-0.030)
GEM-S -0.046 -0.114 -0.070

(-0.079,-0.013)

(-0.149,-0.078)

(-0.104,-0.036)

C.4.2 Detailed Results of GRE-bench

GRE-bench vs. Other benchmarks The ability to generate informative reviews relies on
several key factors, including logical reasoning, critical thinking, and fact-checking. Various
widely used benchmarks measure different aspects of LLM performance. To better understand
which abilities are most critical for generating high-quality reviews, in the sense of GRE-bench
scores, we compared our results with several other benchmarks.

We present the Spearman’s correlation coefficients between the GRE-bench scores of all the
models and their corresponding scores on other benchmarks?® in Table C.3, providing insights
into which factors most strongly influence review generation quality. Notably, GRE-bench
highly correlates with HellaSWAG and ARC-C which measures reasoning ability, and less
correlates with benchmarks for coding ability (HumanEval) or math ability (MATH, GSM8K).

Consistent results over various Evaluation LMs. The Spearman’s correlation coeffi-
cients between the GRE-bench scores based on GEM metric computed using Llama-3.1 8B
and that same score computed with Llama-3.1 70B is 0.93. This indicates that the score is

3We collect benchmark data from online sources, such as technical reports of language models. Since some
models have missing results for specific benchmarks, we exclude those entries when computing correlation.
For more details, please refer to our code repository.
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Table C.3: Spearman’s correlation coefficients between GRE-bench and other popular bench-
marks.

Base Metric MMLU ARC-C HellaSwag GSM8K MATH HumanEval GPQA

GEM 0.55 0.68 0.74 0.58 0.37 0.36 0.60
GEM-S (abs.) 0.66 0.70 0.82 0.73 0.43 0.43 0.67
GEM-S (ASSW) 0.68 0.78 0.84 0.73 0.43 0.48 0.71

largely robust with respect to the specific evaluation LM used. The analogous coefficient for
the GRE-bench scores based on GEM-S (abstract) and GEM-S (ASSW) are 0.92 and 0.90
respectively. We further provide the comprehensive results of GRE-bench with Llama-3.1
8B in Table C.5. This consistency shows that with our metrics, a small model with 8B
parameters that can be deployed on a single NVIDIA 1.4 GPU, plus proper preprocessing, is
still effective in evaluating the quality of judgments generated by much larger models, though

larger evaluation LM may have better evaluation performance.

Numerical results. We present numerical results of various language models on the GRE-
bench based on GEM, GEM-S (abstract), and GEM-S (ASSW) computed with Llama3.1 70B
as the evaluation LM, alongside their estimated parameter sizes in Table C.4. Note that some
estimations of the parameter sizes are from unofficial sources. This information is only to
provide context, and none of our conclusions depend on these estimates. The corresponding
results of GRE-bench computed with Llama3.1 8B is shown in Table C.5.
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Table C.4: Results of GRE-bench based on GEM, GEM-S (abstract), and GEM-S (ASSW)
with Llama3.1 70B. In the column of parameter size, the symbol ~ indicates that this size is
estimated. For mix-of-expert (MoE) models, we show the total parameter size instead of the
activated parameter size.

Model Name Para. Size GRE-bench
(in Billion) GEM GEM-S(abs.) GEM-S(ASSW)

deepseek /deepseek-chat 671 19.27 6.88 1.74
deepseek /deepseek-r1l 671 17.28 7.23 1.94
openai/gpt-4o-mini (v 20240718) ~8 16.31 5.25 0.52
openai/gpt-4o (v 20240513) ~200  20.08 7.62 2.82
openai/gpt-3.5-turbo (v 20240125) ~ 20 19.28 6.31 1.40
anthropic/claude-2 ~ 137 20.04 7.17 2.27
anthropic/claude-3-haiku (v 20240307) ~ 20 20.32 7.63 2.50
anthropic/claude-3-sonnet (v 20240229) ~ 70 24.11 9.53 4.25
anthropic/claude-3-opus (v 20240229) ~ 2000 25.77 11.52 5.89
google/gemini-pro (v 002) ~ 20 14.73 4.09 -0.26
google/gemini-pro-1.5 (v 002) ~ 175 22.76 9.61 4.47
meta-llama/llama-3-8b-instruct 8 16.68 5.81 1.07
meta-llama/llama-3-70b-instruct 70 18.35 7.23 3.37
mistralai/mixtral-8x7b-instruct (v 0.1) 56 16.86 5.22 1.23
mistralai/mixtral-8x22b-instruct (v 0.1) 176 18.94 5.82 1.64
meta-llama/llama-3.1-8b-instruct 8 18.74 7.60 2.40
meta-llama/llama-3.1-70b-instruct 70 19.95 8.00 3.47
mistralai/mistral-large (v 2407) 123 20.40 7.44 2.72
mistralai/mistral-small (v 2409) 22 18.08 6.70 1.28
mistralai/mistral-tiny (v mistral-7b-0.3) 7 17.21 4.11 0.15
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Table C.5: Results of GRE-bench based on GEM, GEM-S (abstract), and GEM-S (ASSW)
with Llama3.1 8B. In the column of parameter size, the symbol ~ indicates that this size
is estimated. For mix-of-expert (MoE) models, we show the total parameter size instead of
activated parameter size.

Model Name Para. Size GRE-bench
(in Billion) GEM GEM-S(abs.) GEM-S(ASSW)

deepseek /deepseek-chat 671 47.51 17.40 11.98
deepseek /deepseek-r1 671 47.45 18.89 13.80
openai/gpt-4o-mini (v 20240718) ~ 8 42.55 14.44 10.25
openai/gpt-4o (v 20240513) ~ 200 48.01 18.73 12.78
openai/gpt-3.5-turbo (v 20240125) ~ 20 45.62 15.86 10.72
anthropic/claude-2 ~ 137 95.94 24.29 17.22
anthropic/claude-3-haiku (v 20240307) ~ 20 49.77 19.58 13.34
anthropic/claude-3-sonnet (v 20240229) ~ 70 56.49 24.16 16.52
anthropic/claude-3-opus (v 20240229) ~ 2000 60.94 27.94 20.21
google/gemini-pro (v 002) ~ 20 40.65 12.86 9.49
google/gemini-pro-1.5 (v 002) ~ 175 52.94 22.43 16.06
meta-llama/llama-3-8b-instruct 8 43.50 15.49 11.24
meta-llama/llama-3-70b-instruct 70 46.39 18.60 13.68
mistralai/mixtral-8x7b-instruct (v 0.1) 56 45.18 15.61 11.25
mistralai/mixtral-8x22b-instruct (v 0.1) 176 47.29 17.03 11.85
meta-llama/llama-3.1-8b-instruct 8 46.51 18.33 12.69
meta-llama/llama-3.1-70b-instruct 70 48.29 19.59 13.91
mistralai/mistral-large (v 2407) 123 47.84 17.84 12.52
mistralai/mistral-small (v 2409) 22 45.01 15.90 11.10
mistralai/mistral-tiny (v mistral-7b-0.3) 7 43.90 13.34 9.94

C.4.3 Consistent Results over Preprocessing Models

To answer the question “Does using an open-sourced preprocessing model (rather than GPT4o)
still lead to effective GEM metric and similar GRE-bench results?”, we use a Llama3.2-90B-
Vision-Instruct model for preprocessing and re-run all validating experiments mentioned in
Section 4.4. We find that most experimental results remain valid except for two manipulation
tests. The GRE-bench results also remain highly consistent with the results of using GPT40

preprocessing.

Positive Correlation with Human Annotation GEM still shows a significant positive
correlation with human annotation in the proposal peer grading dataset (Section 4.4.1),
however, the Spearman’s correlation coefficient between GEM scores and instructor grades

drops from 0.433 (GPT4o preprocessing) to 0.274 (Llama3.2-90b preprocessing).

Sensitivity to Degradation In the degradation experiment (Section 4.4.2), GEM with

Llamag3.2-90b preprocessing also shows significant sensitivity to all degradations and even
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performs better in "sentence deletion" than using GPT4o0 to preprocess.

Table C.6: Standardized Mean Differences (SMD) d := (¢ — pt)/0poolea Of scores after
degradations of GEM and GEM-S metrics (preprocessing with Llama-3.2 90B) with 95%
confidence intervals in parentheses. Significant score decreases (p < 0.05) after degradations
are highlighted in bold green, implying the evaluation metric can effectively penalize the
degradation.

Evaluation Metric Sentence Deletion Deletion & Completion Abstract-only Review

GEM -0.566 -0.317 -0.078
(Llama Preprocessing) (-0.625,-0.507) (-0.371,-0.263) (-0.154,-0.002)
GEM-S -0.549 -0.205 -0.327
(Llama Preprocessing) (-0.607,-0.491) (-0.258,-0.153) (-0.399,-0.254)

Weaker Robustness than GPT-40 Preprocessing In the manipulation experiments
(Section 4.4.3), GEM with Llama3.2-90b preprocessing is robust against “GPT4 rephrase”

but fails in the “Llama-3.1 rephrase” and “Meaningless Elongation”.

Table C.7: Standardized Mean Differences (SMD) d := (¢ — pt)/0poolea Of scores after
manipulations of GEM and GEM-S metrics (preprocessing with Llama-3.2 90B) with 95%
confidence intervals in parentheses. Significant score increases (p < 0.05) after manipulations
are highlighted in bold red, implying the evaluation metrics are not robust against the
manipulation.

Evaluation Metric @ GPT-40 Rephrase Llama3.1 Rephrase Meaningless Elongation

GEM -0.132 0.124 0.138
(Llama Preprocessing) (-0.180,-0.084) (0.075,0.173) (0.086,0.189)
GEM-S -0.126 0.156 0.112
(Llama Preprocessing) (-0.173,-0.079) (0.109,0.203) (0.061,0.163)

Consistent GRE-bench Results Based on the GEM metric with llama3.2-90b pre-
processing, we re-compute the GRE-bench scores with ICLR 2023 dataset (Section 4.5).
The Spearman’s correlation coefficient between the GRE-bench scores based on the GEM
metric with Llama3.2-90B preprocessing and the scores with GPT-40 preprocessing shown
in Table C.5 is 0.89. The analogous coefficient for the GRE-bench scores based on GEM-S
(abstract) and GEM-S (ASSW) are 0.85 and 0.83 respectively. All detailed numerical results
are provided in Table C.8.
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Table C.8: Results of GRE-bench based on GEM, GEM-S (abstract), and GEM-S (ASSW)
with Llama3.2 90B preprocessing. In the column of parameter size, the symbol ~ indicates
that this size is estimated.

Model Name Para. Size GRE-bench
(in Billion) GEM GEM-S(abs.) GEM-S(ASSW)

openai/gpt-4o-mini (v 20240718) ~ 8 45.76 19.58 18.27
openai/gpt-4o (v 20240513) ~ 200 50.17 23.12 20.55
openai/gpt-3.5-turbo (v 20240125) ~ 20 48.56 20.92 19.04
anthropic/claude-2 ~ 137 54.61 26.07 23.93
anthropic/claude-3-haiku (v 20240307) ~ 20 52.70 24.87 22.18
anthropic/claude-3-sonnet (v 20240229) ~ 70 54.83 25.82 22.78
anthropic/claude-3-opus (v 20240229) ~ 2000 62.08 33.13 30.53
google/gemini-pro (v 002) ~ 20 46.75 21.33 20.43
google/gemini-pro-1.5 (v 002) ~ 175 56.36 27.40 24.44
meta-llama/llama-3-8b-instruct 8 47.36 20.96 19.86
meta-llama/llama-3-70b-instruct 70 55.62 29.61 27.98
mistralai/mixtral-8x7b-instruct (v 0.1) 56 50.53 22.83 21.08
mistralai/mixtral-8x22b-instruct (v 0.1) 176 51.57 23.84 21.79
meta-llama/llama-3.1-8b-instruct 8 51.04 24.51 22.28
meta-llama/llama-3.1-70b-instruct 70 50.26 23.68 21.73
mistralai/mistral-large (v 2407) 123 51.81 23.59 21.20
mistralai/mistral-small (v 2409) 22 50.22 22.99 20.58
mistralai/mistral-tiny (v mistral-7b-0.3) 7 48.42 20.04 18.86

Overall, as more advanced models can preprocess reports more accurately, the GEM metric
will be more accurate and manipulation-resistant with superior preprocessing. Considering
the frequent release and update of LLMs, utilizing more advanced LLMs for preprocessing
enhances both the accuracy and robustness of the GEM metric. Consequently, our GEM

metrics stand to benefit from the continuous advancements in LLM technology.
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C.4.4 Validation on Yelp Restaurant Review Dataset

To further validate our GEM metrics’ effectiveness in evaluating judgments without gold-
standard references in scenarios in addition to peer review. We use an open-access online
business review data from Yelp, and repeat the same workflow in Sections 4.4.2 and 4.4.3, to
check how sensitive GEM metrics are to degradations and how robust GEM metrics are to
manipulations.

The results are similar to those observed in experiments on ICLR dataset (Sections 4.4.2
and 4.4.3). Our GEM and GEM-S demonstrate significant sensitivity to degradations and

robustness against manipulations.

Yelp Review We randomly sample 300 restaurants from the entire dataset which have at
least 50 reviews with at least 1000 characters. For each restaurant, we randomly sample 3
customer reviews among all reviews with at least 1000 characters. Yelp reviews quality varies
much more than ICLR reviews, thus, we use length as a heuristic filter to get reasonable

quality reviews.

GEM Setup We use GPT-4o for text preprocessing, and use Llama-3.1 8B as the evaluation-
LM. For GEM-S, we use the categories of the restaurant as the synopsis, which is given by
the Yelp dataset.

GEM demonstrates sensitivity to degradations. We reuse the Sentence Deletion
and Deletion € Completion degradation methods described in Section 4.4.2. However, since
restaurant reviews lack “abstract”, the Abstract-only Review degradation cannot be applied.
Instead, we propose Random Replacement degradation, where we degrade the original review
x; by replacing it with a random review z; of another randomly selected restaurant.

Table C.9 presents the standardized mean differences (SMD) with 95% confidence intervals
for GEM and baseline metrics before and after these degradations. The results align with
those observed in the ICLR dataset (Section 4.4.2): GEM and GEM-S consistently exhibit
significant SMD across all three degradations. Additionally, while LMExaminer is more
sensitive to degradations like Sentence Deletion and Deletion & Completion, which impair
presentation quality, GEM shows greater sensitivity to the Random Replacement degradation,

which severely compromises semantic informativeness.

GEM demonstrates robustness to manipulation. Similarly, we reuse the GPT-40
Rephrase and Llama-3.1 Rephrase manipulations to test whether our metric is robust against

specific language styles. However, since Yelp restaurant reviews lack a structured format like
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Table C.9: Standardized Mean Differences (SMD) d := (' — p)/0pooiea Of scores after
degradations of various evaluation metrics with 95% confidence intervals in parentheses.
Significant score decreases (p < 0.05) after degradations are highlighted in bold green,
implying the evaluation metric can effectively penalize the degradation.

Evaluation Metric Sentence Deletion Deletion & Completion Random Replacement

BLEU -0.348 -0.113 -0.231
(-0.436,-0.260) (-0.200,-0.026) (-0.355,-0.107)

ROUGE-L -0.677 0.009 -0.345
(-0.765,-0.589) (-0.064,0.081) (-0.462,-0.229)

BERTscore -0.318 0.011 -0.722
(-0.359,-0.276) (-0.032,0.054) (-0.836,-0.609)

BARTscore-F1 0.744 0.457 -0.042
(0.705,0.784) (0.427,0.487) (-0.163,0.079)

BARTSscore-precision 0.877 0.536 -0.023
(0.831,0.924) (0.501,0.571) (-0.159,0.113)

BARTSscore-recall -0.015 -0.014 -0.046
(-0.018,-0.012) (-0.017,-0.011) (-0.051,-0.041)

LMExaminer -1.245 -0.466 -0.204
(-1.328,-1.162) (-0.550,-0.382) (-0.340,-0.068)

GEM -0.386 -0.238 -0.516
(-0.459,-0.314) (-0.318,-0.159) (-0.624,-0.408)

GEM-S -0.361 -0.195 -0.283

(-0.436,-0.287)

(-0.277,-0.114)

(-0.385,-0.182)

ICLR peer reviews (as illustrated in Figure 4.4), it is unclear how to construct a suitable
Meaningless Elongation manipulation.

Table C.10 shows the standardized mean differences (SMD) with 95% confidence intervals
for GEM and baseline metrics before and after these manipulations. The results remain
similar to those observed in Section 4.4.3. GEM metrics remain robust against both types of

manipulation, while LMExaminer shows a significant increase in scores after LLM rephrasing.
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Table C.10: Standardized Mean Differences (SMD) of scores d := (' — pt)/0poolea after
manipulations of various evaluation metrics with 95% confidence intervals in parentheses.
Significant score increases (p < 0.05) after manipulations are highlighted in bold red, implying
the evaluation metrics are not robust against the manipulation.

Evaluation Metric GPT-40 Rephrase Llama3.1 Rephrase

BLEU 0.100 0.046
(0.014,0.185) (-0.063,0.156)
ROUGE-L 0.020 0.083
(-0.037,0.076) (0.008,0.157)
BERTSscore -0.016 -0.098
(-0.041,0.008) (-0.133,-0.064)
BARTscore-F1 0.316 0.425
(0.287,0.346) (0.371,0.478)
BARTSscore-precision 0.371 0.508
(0.337,0.405) (0.445,0.571)
BARTSscore-recall -0.012 -0.016
(-0.013,-0.010) (-0.018,-0.014)
LMExaminer 0.300 0.453
(0.240,0.361) (0.387,0.518)
GEM 0.021 0.010
(-0.035,0.076) (-0.055,0.075)
GEM-S 0.020 -0.012

(-0.037,0.077)

(-0.080,0.055)

C.4.5 Exploration of Properties of LLM Estimated Distribution

An interesting question raised by our anonymous reviewer is:

As we know Pr[x,y] = Pr[z] - Prly|z] = Pr[y| - Pr[z|y|, does this symmetry also apply to
the LLM estimated probability, i.e., Prypm|z] - Propm|ylz] = Proovly] - Proov(z|y] ¢

To answer this question, we randomly select 500 papers from ICLR 2023 and 1874
corresponding reviews in total. For each pair of reviews x, y for the same pa-
per, we use our method to compute logPrppy[z|y], logProom(y|z], logPrpiv[z], and
log Prrpwmly]. For those 5328 pairs, we compute the Spearman correlation coefficient between
Propm(z] - Proom(zly] := exp (log Proom(z|y] +log Proom(y]) and Proomly] - Proovlylz] =
exp (log Prpm[y|z] + log Pripm|z]). The Spearman correlation coefficient is 0.943, which
indicates that they are highly positively correlated, despite minor differences. Potential noise
in the estimation process may account for these differences.

The results revealed a high positive correlation between these two values, although they
were not precisely equal. Despite this difference, the empirical results in our paper indicate
that this does not negatively impact the desired properties, including the accuracy and

manipulation resistance.
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C.5 GEM / GEM-S with Fine-tuned Evaluation-LM

We not only use the original Llama-3.1-8B-Instruct as the Evaluation-LM, but also fine-tune
it to better estimate the conditional and marginal probabilities. In this section, we provide

the details of how we fine-tune the model, as well as the experimental results.

C.5.1 Implementation

We fine-tune the original Llama-3.1-8B-Instruct model using 1,000 papers and their correspond-
ing reviews from ICLR 2023 (which are separate from the papers used for experiments). Let
gen(metric, x, y) represent the function that generates the full prompt for predicting judgments
(both input and output), where x = Null indicates that we are estimating the marginal proba-
bility. For each paper, we randomly selected three reviews, denoted as 1, ry, and r3, along with
their preprocessed versions 71, 7o, and 73. From each paper, we generated nine data points for
GEM and nine data points for GEM-S as follows: gen(GEM(-S),7,7s), gen(GEM(-S), 7, 73),
gen(GEM(-8), 7y, 71 ), gen(GEM(-S), 7y, 73), gen(GEM(-S), 73, 71), gen(GEM(-8), '3, 7'3),
gen(GEM(-S),Null, ), gen(GEM(-S),Null,7;), gen(GEM(-8), Null,73).

In total, this process yield 18,000 input-output pairs. We used the Unsloth framework
to fine-tune the model, running on a physical server equipped with a single NVIDIA A100
GPU, provided by Google Colab. Here is the settings we use for fine-tuning;:

"model_config": {
"base_model":"unsloth/Meta-Llama-3.1-8B-Instruct-bnb-4bit", # The base model
"max_seq_length": 4096, # The maximum sequence length
"load_in_4bit": True, # Load the model in 4-bit

b

"lora_config": {
"r": 16, # The number of LoRA layers 8, 16, 32, 64
"lora_alpha":16, # The alpha value for LoRA
"lora_dropout":0, # The dropout value for LoRA

1,

"training_config": {
"per_device_train_batch_size": 2, # The batch size
"gradient_accumulation_steps": 4, # The gradient accumulation steps
"warmup_steps": 5, # The warmup steps
"max_steps":0, # The maximum steps
"num_train_epochs": 3, # The number of training epochs
"learning_rate": 2e-4, # The learning rate
"optim" :"adamw_8bit", # The optimizer
"weight_decay" : 0.01, # The weight decay
"lr_scheduler_type": "linear", # The learning rate scheduler
"seed" : 42, # The seed

}
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C.5.2 Experimental Results

Table C.11: Standardized Mean Differences (SMD) d := (¢ — p)/0poolea 0f scores after
degradations of various evaluation metrics with 95% confidence intervals in parentheses.
Significant score decreases (p < 0.05) after degradations are highlighted in bold green,

implying the evaluation metric can effectively penalize the degradation.

Evaluation Metric

Sentence Deletion

Deletion & Completion

Abstract-only Review

GEM-raw -0.123 -0.126 0.020
(-0.126,-0.120) (-0.132,-0.121) (0.017,0.023)

GEM -0.401 -0.308 -0.191
(-0.448,-0.354) (-0.358,-0.258) (-0.261,-0.122)

GEM-S -0.409 -0.206 -0.566
(-0.455,-0.362) (-0.254,-0.158) (-0.639,-0.492)

GEM-finetune -0.155 -0.135 -0.043
(-0.199,-0.110) (-0.180,-0.090) (-0.106,0.020)

GEM-S-finetune -0.192 -0.099 -0.355

(-0.244,-0.140)

(-0.148,-0.049)

(-0.422,-0.288)

Table C.12: Standardized Mean Differences (SMD) of scores d := (' — pt)/0poolea after
manipulations of various evaluation metrics with 95% confidence intervals in parentheses.
Significant score increase (p < 0.05) after manipulations are highlighted in bold red, implying
the evaluation metric are not robust against the manipulation.

Evaluation Metric

GPT-40 Rephrase

Llama3.1 Rephrase

Meaningless Elongation

GEM-raw -0.123 -0.126 0.020
(-0.126,-0.120) (-0.132,-0.121) (0.017,0.023)

GEM -0.058 -0.107 -0.063
(-0.090,-0.026) (-0.143,-0.070) (-0.097,-0.030)

GEM-S -0.046 -0.114 -0.070
(-0.079,-0.013) (-0.149,-0.078) (-0.104,-0.036)

GEM-finetune -0.014 -0.010 -0.056
(-0.044,0.015) (-0.044,0.024) (-0.088,-0.025)

GEM-S-finetune -0.026 -0.045 -0.074

(-0.062,0.010)

(-0.085,-0.004)

(-0.112,-0.037)

C.5.3 GRE-bench based on finetuned GEM and GEM-S
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Figure C.1: Results of GRE-bench based on finetuned GEM and GEM-S with 90% confidence
intervals vs. model parameter size. The grey line represents the average human baseline,
with the 90% confidence interval shaded in grey.
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APPENDIX D

Appendix for Aligned Scoring Mechanisms

D.1 Test Principle Details

In this section, we provide the details of degradation and manipulation strategies used in our

Sentence Dele-
tion

Deletion &
Completion
Surface  Re-
port

Ultra-Concise
Compression

Opinion Flip

Delete every other sentence while preserving section
headers, ordering, and visible format.

Delete every other sentence, mark each gap, then ask
a helper LLM to fill the gaps using only the remaining
text and the original format.

Regenerate the response using only weak context, such
as the abstract for peer review or the headline plus
lead paragraph for summarization.

Summarize under a severe length cap (e.g., 10% of the
original), so that specific evidence and caveats must be
dropped.

Reverse the overall evaluative verdict (e.g., accept —
reject, positive — negative) while preserving the sur-
face structure and topical vocabulary of the original
candidate.

experiments.
Table D.1: Degradation strategies.
Strategy Description Provenance
Random Re- Replace the original candidate with a response sampled Lu et al. [2024]
placement from a different task within the same task family.

Xu et al. [2025]

Xu et al. [2025]

Robertson

Koyejo [2025], Xu

et al. [2025]

Robertson
Koyejo [2025]

Robertson
Koyejo [2025]
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Table D.2: Manipulation strategies.

Strategy Description Provenance

Rephrase Ask an LLM to rewrite the candidate in a specific style  Xu et al. [2025]
while preserving meaning and high-level structure.

Meaningless Append the same fixed, semantically empty filler sen- Xu et al. [2025]

Elongation tences to every candidate report without adding task-

Opinion Shift
(Positive)

Opinion Shift
(Negative)

Opinion Shift
(Neutral)

Opinion Shift
(Extreme)

relevant information.

Rewrite the candidate to preserve structure and cover-
age while systematically shifting stance toward more
favorable sentiment.
Rewrite the candidate to preserve structure and cov-
erage while systematically shifting stance toward less
favorable sentiment.

Rewrite claims as hedged, noncommittal statements
(e.g., “the method is effective” — “the method may have
some merit”), flattening the evaluative signal without
changing topical content.

Amplify all claims to their strongest possible form (e.g.,
“a reasonable approach” — “a groundbreaking contri-
bution”), testing whether a metric rewards confidence
or extremity as a proxy for quality.

Robertson and Koyejo
[2025]

Robertson and Koyejo
[2025]

This work

This work

D.2 Approximate Manipulation Robustness of the f-MI

Metrics

The information processing inequality in Proposition 5.3 guarantees that any manipulation

o : X — X of a candidate report can only reduce the true f-MI:

However, the score is computed using a fixed estimator and distribution model, which
in practice amounts to using a restricted or suboptimal critic rather than the population
optimum. As a result, the estimated score need not satisfy DPI exactly, even when the

underlying information measure does. This motivates the following approximate notion of

Ip(o(X);Y) < [(X;Y).

robustness: for a class Y of manipulations, suppose

sup [E[S(0(X),Y)] = [;(o(X);Y)[ <e.

oceEY

Then for every o € X,

E[S(o(X),Y)] < E[S(X,Y)] + 2.
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Indeed,
E[S(o(X),Y)] <If(0(X);Y)+e < ;(X;Y)+e <E[S(X,Y)] + 2,

where the middle inequality is exactly Proposition 5.3. Thus, any manipulation that decreases
the true f-mutual information by more than 2¢ is still penalized by the estimated score in
expectation.

The assumption requires the estimation error to be uniformly small over the entire
manipulation class . This is a strong condition: it asks the critic to generalize not only
to clean reports but also to all manipulated variants. In practice, ¢ may be large for
manipulation strategies that produce out-of-distribution inputs for the critic. Empirical

validation (Section 5.3) is therefore essential.

D.3 TV, f-variational, Statement-level, LLM-oracle Metric
This method instantiates the scoring framework with

F=TV, E = f-variational, D = LLM-as-a-Judge (statement-level) denoted as Dy,

where Dy is induced by a reference decomposition W.

We keep the candidate at the report level and decompose each reference into statements:

U(y) = (Y1), V(). (D.1)

We instantiate the local critic t and aggregation rule A from Section 5.4.4 as follows. For

each candidate—statement pair, an LLM judge returns a centered binary local critic

11
t:pstxpst {—,}, (D.2)

2°2
where t(z,w) = % if candidate x supports or aligns with statement w, and ¢(z,w) = —%

otherwise. We use mean aggregation, so the induced report-level critic is
Ly
To(z,y) = =~ D>t ve(y)) (D.3)
K(y) = ( )

Since each summand lies in [—%, %], Ty satisfies the constraint in the TV variational estimator.

For task 4, let R;" be positive references paired with the same task, and let R; be negative

references sampled from the marginal reference distribution Py. We define the sampled
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contrastive score

SCT\/('rmR R Z T\I/ l‘uy o= Z T\IJ $Z, (D4)

+
|R |y€72j' ‘R yER,

Assume that, conditional on task 1;, the references in R; are drawn i.i.d. from Pyy,;, and

the references in R; are drawn i.i.d. from Py, independently of (z;,;). Then
E [SCTV(%; RER) | i, %} = Ey~py, {T\I/(%,Y)} — Ey py {T\I/(ﬁi, Y)} (D.5)

If (X;,Y;) is generated by first sampling a task and then sampling the candidate and reference
independently conditional on that task, averaging Eq. (D.5) over (X;, ;) yields

E[Scrv(Xi; RE,RD)| = Epyy [Te(X, V)] = Epgar, [Tu(X, V)], (D.6)

Because Ty factors through ¥(Y) and satisfies ||Ty|loo < 1/2, the TV f-variational form
(Equation (5.2)) applied to the transformed pair (X, ¥(Y)) gives

E|Sorv(Xi R, Ry)| < Trv (X3 W(Y)) < Irv(X;Y).

D.4 Implementation Details

D.4.1 Implementation

We instantiate the token-autoregressive model with Llama-3.1-8B, and adopt the pre-
processing process from Lu et al. [2024], Xu et al. [2025] with claude-haiku-4.5.

We instantiate the LLM-oracle with claude-haiku-4.5, queried through OpenRouter
API at temperature 0 with a single sample per prompt. In the f-variational settings, the
oracle output is used directly as the critic T'(z,y). In the direct-estimation settings, the oracle
returns a 7-point ordinal supporting judgment, which we map to {1/8, 1/4, 1/2, 1, 2, 4, 8}
and treat as a discretized surrogate for the density ratio estimate 7(x,y). For statement-level
representation, we first decompose the reference y into atomic claims using a dataset-specific
decomposition prompt, and then score the resulting (candidate, reference statement) pairs
with the same claude-haiku-4.5 model.

Unless otherwise noted, each candidate is scored against one positive reference, and, for
f-variational metrics, four negative references sampled from other tasks in the same dataset

group and takes average to reduce noise. A group consists of same-kind tasks within a
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dataset, such as the same class in Peer Grading-WH or the same topic category (e.g., math
or technology) in LFQA-E. ICLR 2026, Peer Grading-XLSK, SummEval, and SPACE are

treated as a single group.

D.4.2 Computational Resources

All experiments were conducted on a high-performance workstation with the following

specifications:

Hardware. The machine is equipped with dual Intel Xeon Platinum 8470Q CPUs (totaling
104 physical cores and 208 threads), 1.0 TiB of system RAM, and one NVIDIA RTX PRO
6000 (Blackwell architecture) GPU with 96 GB of device memory.

Local Inference. For metrics using the Llama-3.1-8B model, local inference was performed
with an average processing speed of approximately 0.5s/it. The total local compute time

required for the entire study (excluding API latency) was approximately 6 GPU hours.

API Usage and Reliability. Evaluations involving Claude-Haiku-4.5 were conducted via
the OpenRouter API.

o Configuration: All APT calls used a default max token limit of 4000 and a temperature

setting of 0 to ensure deterministic and complete responses.

o Retry Logic: To handle potential network instability or API timeouts, we implemented
a robust retry mechanism with a maximum of 4 attempts per request; a call was marked

as a failure only if all retries were exhausted.

o Error Handling: In cases where specific perturbation methods (for degradation or
manipulation tests) encountered API errors or generation failures, the system was
designed to gracefully fall back to a no-op (no operation), ensuring the stability of the

overall evaluation pipeline.

Execution Time. Due to varying dataset sizes, the total experimental duration per dataset

ranged from 20 minutes to 1 hour.

D.5 Detailed Degradation and Manipulation Statistics
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Table D.3: Degradation perturbation method results. Each cell reports paired standardized
change d,+ 95% CI half-width. Red values mark failed degradation criteria (p < 0.05).

Metric PG-WH PG-XLSK ICLR26 SummkEval SPACE LFQA-E MedAESQA
deletion_and_completion

MI-based Mechanisms

KL-Direct-Autoreg. —0.70+0.15 —0.64+0.17 —0.51£0.15 —0.62+0.15 —0.64+0.15 —0.15+0.14 —0.33+0.14
TVD-FVar-Report —0.04+0.14 —0.25+0.15 —0.22+0.14 —-0.21£0.14 —0.434+0.14 —0.224+0.14 +0.19+0.14
TVD-FVar-Statement —0.274+0.14 —-0.33+0.16 —0.21£0.14 —0.63£0.15 —0.484+0.15 —0.2840.14 —0.25+0.14
Non-MI baselines

ROUGE-L 4+0.09+0.14 +0.22+0.15 —0.974£0.17 —0.094+0.14 —0.524+0.15 —0.48+0.15 —0.32+0.14
BLEU +0.44+0.14 +0.12+0.15 —0.8440.16 +0.084+0.14 —0.38+0.14 —0.29+0.14 —0.30+0.14
BERTScore —4.554+0.46 +0.62+0.17 —0.05+0.14 +0.614+0.15 —0.61+0.15 +40.08+0.14 +0.04+0.14
LLM-J / Claude-Haiku-4.5 —0.45+0.14 —0.31£0.16 —0.35+0.14 —0.304+0.14 —0.484+0.15 —0.40+0.14 —0.02+0.14
LLM-J / Claude-Sonnet-4.5 —0.51+£0.15 —0.29+0.16 —0.414+0.14 —0.524+0.15 —0.65+0.15 —0.49+0.15 —0.21+£0.14
LLM-J / GPT-5-mini —0.34+0.14 —0.25+0.15 —0.364+0.14 —0.344+0.14 —0.60+0.15 —0.21+£0.14 —0.13+0.14
LLM-J / GPT-40-mini 4+0.08+0.14 +0.38+0.16 —0.15+0.14 —0.1740.14 —0.14+0.14 —0.174£0.14 —0.24+0.14

opinion_flip

MI-based Mechanisms

KL-Direct-Autoreg. —0.47+0.14 —0.68+0.17 —0.70£0.15 — - - -
TVD-FVar-Report —0.174+0.14 —0.02+0.15 —0.05+0.14 — - - -
TVD-FVar-Statement —0.60+0.15 —0.25+0.16 —0.26+0.14 — - - -
Non-MI baselines

ROUGE-L +0.31+£0.14 —1.30£0.21 +0.1940.14 - - - -
BLEU +0.79+0.16 —0.82+0.18 —0.1940.14 - - - -
BERTScore —4.37+0.45 —1.16+0.20 +40.39+0.14 - - - -
LLM-J / Claude-Haiku-4.5 —0.574+0.15 —0.53+0.16 —0.46+0.15 - - — -
LLM-J / Claude-Sonnet-4.5 —0.67+0.15 —0.60+0.17 —0.56+0.15 - - — -
LLM-J / GPT-5-mini —0.70+0.15 —0.33+£0.16 —0.45+0.15 - - — —
LLM-J / GPT-40-mini —0.1940.14 +0.184+0.15 40.05+0.14 - - - -

random_replacement

MI-based Mechanisms

KL-Direct-Autoreg. —0.25+0.14 —0.79£0.18 —1.424+0.20 —1.554+0.21 —0.83+0.16 —1.14+0.18 —0.55£0.15
TVD-FVar-Report —0.36+£0.14 —1.25+0.20 —6.31+0.64 —1.754+0.22 —0.97+0.17 —2.15+£0.25 —1.99+0.24
TVD-FVar-Statement —0.63+0.15 —0.76£0.17 —1.254+0.18 —1.434+0.20 —0.77+0.16 —1.49+0.20 —1.90+0.23
Non-MI baselines

ROUGE-L +0.01+0.14 —0.25£0.16 —0.994+0.17 —1.5840.21 —0.77+0.16 —0.98+0.17 —1.47£0.20
BLEU +0.01+0.14 —0.16£0.15 —0.31£0.14 —0.774+0.16 —0.67+0.15 —0.66+0.15 —0.67£0.15
BERTScore —4.03+0.42 —0.33£0.16 —1.104+0.18 —2.154+0.25 —1.04+0.17 —1.41+£0.20 —1.98+0.24
LLM-J / Claude-Haiku-4.5 —0.44+0.14 —1.01£0.19 —-0.86%+0.16 —1.764+0.22 —0.88+0.16 —1.89+0.23 —2.12+0.25
LLM-J / Claude-Sonnet-4.5 —0.49+0.15 —1.18+£0.20 —2.824+0.31 —2.254+0.26 —0.88+0.16 —1.99+0.24 —2.09+0.25
LLM-J / GPT-5-mini —0.39+0.14 —0.86+0.18 —2.46+0.28 —2.13+0.25 —0.74+0.16 —2.15+0.25 —2.24+0.26
LLM-J / GPT-40-mini —0.23+0.14 —0.07£0.15 +0.06+0.14 —2.644+0.29 —0.50+0.15 —2.26+0.26 —1.78+0.22

sentence_deletion

MI-based Mechanisms

KL-Direct-Autoreg. —0.72+£0.15 —1.244+0.20 —1.344+0.19 —0.494+0.15 —0.69+0.15 —0.39+0.14 —0.35£0.14
TVD-FVar-Report —0.054+0.14 —-0.264+0.16 —0.204+0.14 —-0.154+0.14 —0.354+0.14 —0.2240.14 —0.0340.14
TVD-FVar-Statement —0.30+£0.14 —0.32£0.16 —0.51£0.15 —0.684+0.15 —0.46+0.15 —0.29+0.14 —0.60£0.15

Non-MI baselines
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Table D.3: Degradation perturbation method results (continued). Each cell reports paired
standardized change d.+ 95% CI half-width. Red values mark failed degradation criteria

(p < 0.05).
Metric PG-WH PG-XLSK ICLR26 SummkEval SPACE LFQA-E MedAESQA
ROUGE-L —0.064+0.14 +0.854+0.18 —0.3740.14 —0.044+0.14 —-0.1740.14 —-0.644+0.15 —0.1740.14
BLEU —0.23+0.14 +0.50£0.16 —0.70%£0.15 +0.024+0.14 —0.27+0.14 —0.63£0.15 —0.40£0.14
BERTScore —4.1940.43 +1.03+0.19 —0.16+0.14 +0.11+0.14 —0.2940.14 —0.10+0.14 +0.174+0.14
LLM-J / Claude-Haiku-4.5 —0.43+0.14 —1.01£0.19 —0.80%£0.16 —0.374+0.14 —0.55+0.15 —0.83+£0.16 —0.44+£0.15
LLM-J / Claude-Sonnet-4.5 —0.56+£0.15 —1.34+£0.21 —1.404£0.20 —0.494+0.15 —0.62+0.15 —0.90£0.16 —0.53£0.15
LLM-J / GPT-5-mini —0.61+£0.15 —1.37£0.21 —1.144+0.18 —0.504+0.15 —0.74+0.16 —0.76+£0.16 —0.56£0.15
LLM-J / GPT-40-mini —0.68+0.15 —1.30£0.21 —0.88+0.16 —0.564+0.15 —0.57+0.15 —0.93+0.17 —0.87£0.16
surface_report
MI-based Mechanisms
KL-Direct-Autoreg. - —0.57+£0.16 —0.02+0.14 —0.26+0.14 —0.994+0.17 +0.05+0.14 —0.09+0.14
TVD-FVar-Report - —0.96+0.18 —0.08+0.14 —0.07+0.14 —0.78+0.16 +0.01+0.14 —0.01+0.14
TVD-FVar-Statement — —0.51£0.16 —0.24+0.14 +0.04+0.14 —0.66+0.15 +0.13+0.14 —0.01+0.14
Non-MI baselines
ROUGE-L - —2.4540.31 —0.88+0.16 —0.13+0.14 —1.75+0.22 —0.18+0.14 —0.40+0.14
BLEU — —2.07+£0.27 —1.1940.18 +0.58+0.15 —0.95+0.17 —0.03+0.14 —0.46+0.15
BERTScore - —2.65+0.32 +0.14+0.14 +1.91+0.23 —3.02+0.33 +0.20+0.14 —0.314+0.14
LLM-J / Claude-Haiku-4.5 — —1.08+0.19 +0.14+0.14 +0.40+0.14 —1.33+0.19 +0.71+0.15 +40.88+0.16
LLM-J / Claude-Sonnet-4.5 — —1.174£0.20 +0.04+0.14 +0.26+0.14 —1.74+0.22 +0.60+0.15 +0.83+0.16
LLM-J / GPT-5-mini — —1.08+0.19 +0.02+0.14 +0.09+0.14 —0.94+0.17 +0.51+0.15 +0.754+0.16
LLM-J / GPT-40-mini - —0.79+0.17 +0.92+0.17 +1.184+0.18 —0.57£0.15 +0.85+0.16 +0.72+0.16
ultra_concise_compression
MI-based Mechanisms
KL-Direct-Autoreg. —0.73+0.15 —1.51£0.22 —1.5140.20 —0.824+0.16 —1.094+0.18 —0.13+0.14 +0.02+0.14
TVD-FVar-Report —0.0940.14 —-0.5940.17 +0.014+0.14 +0.174+0.14 —0.4840.15 —0.034+0.14 +40.2840.14
TVD-FVar-Statement —0.26+0.14 —0.33+0.16 —0.304+0.14 —1.074+0.17 —0.65+0.15 —0.33+0.14 —0.20+0.14
Non-MI baselines
ROUGE-L —2.04+0.24 —2.93+0.35 —2.904+0.32 —0.864+0.16 —1.17+0.18 —2.67+£0.30 —1.58+0.21
BLEU —1.53+0.20 —2.16+0.28 —2.64+0.29 —0.90+0.16 —0.87+0.16 —1.25+0.19 —1.044+0.17
BERTScore —4.67+0.47 —3.16+£0.37 —2.01£0.24 +1.104+0.18 —1.26+0.19 —0.44+0.15 —0.43£0.14
LLM-J / Claude-Haiku-4.5 —0.40+0.14 —1.10+0.19 —-0.39+0.14 —0.34+0.14 —0.68+0.15 —0.76+0.16 —0.7940.16
LLM-J / Claude-Sonnet-4.5 —0.494+0.15 —1.33+0.21 —-0.96+0.17 —0.77+0.16 —0.87+0.16 —0.89+0.16 —0.69+0.15
LLM-J / GPT-5-mini —0.26+0.14 —1.2240.20 —1.03+0.17 —0.57+0.15 —0.82+0.16 —0.84+0.16 —0.64+0.15
LLM-J / GPT-40-mini —0.86+0.16 —1.484+0.22 —0.78+0.16 —1.13+0.18 —1.00+0.17 —1.46+0.20 —1.694+0.22

Table D.4: Manipulation perturbation method results. Each cell reports paired standardized
change d,+ 95% CI half-width. Red values mark failed manipulation criteria (p < 0.05).

Metric PG-WH PG-XLSK ICLR26 SummEval SPACE LFQA-E MedAESQA
meaningless_elongation

MI-based Mechanisms

KL-Direct-Autoreg. +0.17+0.14 —-0.03+£0.15 +40.01+0.14 —-0.06+0.14 +40.05+0.14 +0.00+0.14 —0.20+0.14

TVD-FVar-Report +0.05+0.14 —0.04+0.15 —0.02+0.14 +0.12+0.14 —0.204£0.14 —-0.04+0.14 +40.06+0.14

TVD-FVar-Statement +0.114+0.14 —-0.06+0.15 —0.06+0.14 +0.03+£0.14 +40.05+0.14 +0.09+0.14 —0.08+0.14

Continued on next page
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Table D.4: Manipulation perturbation method results (continued). Each cell reports paired
standardized change d.+ 95% CI half-width. Red values mark failed manipulation criteria

(p < 0.05).
Metric PG-WH PG-XLSK ICLR26 SummkEval SPACE LFQA-E MedAESQA
Non-MI baselines
ROUGE-L +0.46+0.14 —1.62+£0.23 —2.244+0.26 —1.244+0.18 —1.33+0.19 —0.38+0.14 —0.66£0.15
BLEU +0.354+0.14 —1.2840.21 —-0.02+0.14 —-0.93+£0.17 —0.67£0.15 +0.204+0.14 +0.114+0.14
BERTScore —4.794£0.49 —2.45+£0.31 —0.59£0.15 —0.66+0.15 —2.424+0.28 —0.91+£0.16 —0.81+£0.16
LLM-J / Claude-Haiku-4.5 +0.284+0.14 —0.54£0.16 —0.04+0.14 +0.07+0.14 —0.51+0.15 —0.12+0.14 —0.30£0.14
LLM-J / Claude-Sonnet-4.5 +0.24+0.14 —1.26£0.20 +0.324+0.14 +0.07+0.14 —0.63+0.15 —0.18+0.14 —0.28+0.14
LLM-J / GPT-5-mini +0.08+£0.14 +0.264+0.16 +0.07+0.14 —0.04+0.14 —0.09+0.14 +0.09£0.14 —0.024+0.14
LLM-J / GPT-40-mini +0.39+0.14 +40.71£0.17 +0.384+0.14 —0.2840.14 —0.41+0.14 +40.00+£0.14 —0.12+0.14
opinion_shift_negative
MI-based Mechanisms
KL-Direct-Autoreg. +0.01£0.14 —-0.04£0.15 +0.52+0.15 - - - -
TVD-FVar-Report +0.03+0.14 —0.074£0.15 —0.044+0.14 - - - -
TVD-FVar-Statement —0.18+0.14 —0.23+0.15 —0.27+0.14 - - - -
Non-MI baselines
ROUGE-L —0.46+0.14 —2.36+£0.30 —1.3940.19 - - - -
BLEU —0.09+0.14 —2.05+0.27 —0.9440.17 - - - -
BERTScore —4.244+0.44 —2.80+0.34 —0.5540.15 - - - -
LLM-J / Claude-Haiku-4.5 4+0.29+0.14 —0.21£0.15 +0.0740.14 - - - -
LLM-J / Claude-Sonnet-4.5 +0.1840.14 —0.324+0.17 +40.1140.14 - - - -
LLM-J / GPT-5-mini +0.33+0.14 +0.36+0.16 +0.10+0.14 - - - -
LLM-J / GPT-40-mini +0.42+0.14 +0.22+0.15 +0.58+0.15 - - - -
opinion_shift_neutral
MI-based Mechanisms
KL-Direct-Autoreg. —0.40+0.14 —0.07£0.15 +0.30+0.14 - - —0.01+0.14 —-0.16+0.14
TVD-FVar-Report +0.054+0.14 +0.024+0.15 —0.044+0.14 - — +0.004+0.14 —0.044+0.14
TVD-FVar-Statement —0.07+£0.14 —0.19+0.15 —0.3240.14 - - +0.01+£0.14 —-0.144+0.14
Non-MI baselines
ROUGE-L 4+0.19+0.14 —1.244+0.20 —1.4340.20 - - —0.33+0.14 —0.284+0.14
BLEU 4+0.56+0.15 —1.42+0.22 —1.8040.22 - - —0.13+0.14 —-0.184+0.14
BERTScore —4.60+0.47 —1.72+£0.24 —0.7340.16 - - —0.2540.14 —0.4240.14
LLM-J / Claude-Haiku-4.5 4+0.27+0.14 40.72+0.17 +0.65+0.15 - - +0.5240.15 40.4940.15
LLM-J / Claude-Sonnet-4.5 4+0.22+0.14 40.61£0.21 +0.68+0.15 - - +0.324+0.14 +40.194+0.14
LLM-J / GPT-5-mini 4+0.21+0.14 +0.90+0.18 +0.46+0.15 - - +0.434+0.14 +40.214+0.14
LLM-J / GPT-40-mini 4+0.87+0.16 +1.41+£0.22 +0.9140.17 - - +0.754+0.16 +40.36+0.14
opinion_shift_positive
MI-based Mechanisms
KL-Direct-Autoreg. —0.66+0.15 —0.32+0.16 +40.28+0.14 — - — -
TVD-FVar-Report —0.06+0.14 —0.02+0.15 —0.08+0.14 - - — -
TVD-FVar-Statement —0.194+0.14 —-0.21+0.15 40.02+0.14 — - — —
Non-MI baselines
ROUGE-L —0.25+0.14 —1.59+0.23 —0.98+0.17 — - - -
BLEU 4+0.15+0.14 —1.46+£0.22 —0.60+0.15 - - — -
BERTScore —4.70+0.48 —1.77+£0.24 —0.13+0.14 - - - -
LLM-J / Claude-Haiku-4.5 —0.21+0.14 +0.484+0.16 40.01+£0.14 - - - -
LLM-J / Claude-Sonnet-4.5 —0.254+0.14 +0.43+0.20 +0.20+0.14 - - - -
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Table D.4: Manipulation perturbation method results (continued). Each cell reports paired
standardized change d.+ 95% CI half-width. Red values mark failed manipulation criteria

(p < 0.05).
Metric PG-WH PG-XLSK ICLR26 SummkEval SPACE LFQA-E MedAESQA
LLM-J / GPT-5-mini +0.01£0.14 +0.88+0.18 +0.23+0.14 — - - —
LLM-J / GPT-40-mini +1.17£0.18 +1.80+0.25 +0.98+0.17 — - - —
opinion_shift_strong
MI-based Mechanisms
KL-Direct-Autoreg. +0.03£0.14 +0.254+0.15 +0.384+0.14 - - +40.07+0.14 —0.144+0.14
TVD-FVar-Report +0.01£0.14 —0.064+0.15 —0.05+0.14 - - —0.15+0.14 40.03+0.14
TVD-FVar-Statement +0.00£0.14 —0.06+0.15 —0.074+0.14 - - —0.01+0.14 40.02+0.14
Non-MI baselines
ROUGE-L 4+0.52+0.15 —2.31£0.29 —1.63£0.21 - - —0.3840.14 —0.10+0.14
BLEU 4+0.67+0.15 —2.06+£0.27 —1.9540.24 - - —0.1840.14 —0.284+0.14
BERTScore —4.52+0.46 —3.25+0.38 —0.84+0.16 - - —0.33+0.14 —0.55%+0.15
LLM-J / Claude-Haiku-4.5 40.23+0.14 +0.35+£0.16 +0.5240.15 - - 40.454+0.15 +0.424+0.14
LLM-J / Claude-Sonnet-4.5 +0.21+0.14 +0.324+0.20 +0.58+0.15 - - +40.20+0.14 +40.10+0.14
LLM-J / GPT-5-mini +0.194+0.14 +0.76+0.17 +0.39+0.14 - - 40.2940.14 +40.15+0.14
LLM-J / GPT-40-mini +0.65+0.15 +1.294+0.21 +0.9140.17 - - 40.59+0.15 +40.2940.14
rephrase
MI-based Mechanisms
KL-Direct-Autoreg. —0.12+0.14 —0.044£0.15 +0.18+0.14 —0.1940.14 —0.61+0.15 +0.02+0.14 —0.23+0.14
TVD-FVar-Report —0.01+0.14 —0.024+0.15 —0.12+0.14 —0.11£0.14 —0.09+0.14 —0.17£0.14 +0.07+0.14
TVD-FVar-Statement +0.004+0.14 —0.20+0.15 —0.254+0.14 —0.09+0.14 —0.054+0.14 —0.08+0.14 —0.2040.14
Non-MI baselines
ROUGE-L +0.51£0.15 —2.104+0.27 —1.57£0.21 —0.194+0.14 —0.75£0.16 —0.30+0.14 —0.31£0.14
BLEU +0.71£0.15 —1.964+0.26 —1.97£0.24 +0.56+0.15 —0.65+£0.15 —0.17+0.14 —0.33£0.14
BERTScore —4.50+0.46 —2.71£0.33 —0.744+0.16 +2.71+0.30 —0.69+0.15 40.00+£0.14 —0.85+0.16
LLM-J / Claude-Haiku-4.5 +0.21+0.14 +4+0.2940.16 +40.614+0.15 +0.414+0.14 +0.244+0.14 +0.31£0.14 +0.45+0.15
LLM-J / Claude-Sonnet-4.5 +0.23£0.14 +0.334+0.16 +0.38+£0.14 +0.414+0.14 +40.00£0.14 +0.024+0.14 +0.03£0.14
LLM-J / GPT-5-mini +0.15£0.14 +0.344+0.16 +0.24£0.14 +0.124+0.14 +0.01£0.14 +0.214+0.14 +0.08£0.14
LLM-J / GPT-40-mini +0.65+0.15 +1.26+0.20 40.774+0.16 +0.7840.16 +0.454+0.15 +0.43£0.14 +0.41+0.14
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