Situated Language Grounding for Multimodal AI Assistant Modeling

by

Yichi Zhang

A dissertation submitted in partial fulfillment
of the requirements for the degree of
Doctor of Philosophy
(Computer Science and Engineering)
in The University of Michigan
2025

Doctoral Committee:

Professor Joyce Chai, Chair
Assistant Professor Maani Ghaffari
Professor Stella Yu

Associate Professor Zhou Yu



Yichi Zhang
zhangyic@Qumich.edu
ORCID iD: 0000-0003-3214-1070

©) Yichi Zhang 2025



DEDICATION

To Mom, Dad, and Rui

i



ACKNOWLEDGEMENTS

First and foremost, I would like to express my deepest gratitude to my advisor, Professor
Joyce Chai, for all the guidance and support she provided throughout my Ph.D. journey. I
still remember the excitement of receiving her email inviting me to join her lab. At that
time, I could not have imagined how profoundly her enthusiasm and passion for research
would inspire me. Over the past five years, Joyce gives me so much freedom to pursue
my research interests, and offers me the highest level of support and encouragement. I
especially remember the countless hours she spent helping me revise our first co-authored
paper—at a time when we had not yet met in person due to the pandemic. Beyond academia,
her thoughtfulness and compassion have taught me invaluable life lessons. I am incredibly
fortunate to have had her as my advisor.

I extend my sincere appreciation to my thesis committee members, Professors Maani
Ghaffari, Stella Yu, and Zhou Yu, for their insightful comments and constructive feedback.
In particular, I would like to give special thanks to Professor Zhou Yu, whom I've known
since the summer of 2019, when I interned at her lab at the University of California, Davis.
Zhou introduced me to the fascinating field of conversational Al and guided me through
my first publication in this area. Her mentorship strongly influenced my decision to pursue
research in situated dialogue and motivated me to participate in the Amazon Alexa Prize
SimBot Challenge. I feel incredibly lucky to have her witness my growth as a researcher.

Special thanks go to all members of Team SEAGULL: Jianing Yang, Jiayi Pan, Yinpei
Dai, Yuwei Bao, Dr. Shane Storks, Keunwoo Peter Yu, Nikhil Devraj, and Zigiao Ma.
Working with you—through moments of creativity, intensity, and occasional chaos—led us
to the remarkable success of winning first place in the Alexa Prize SimBot Challenge, one of
the most unforgettable highlights of my Ph.D. I also sincerely thank Rui for tirelessly testing
our bot as its most devoted user.

I am deeply grateful to my collaborators: Run Peng, Jian Wang, Lingyun Wu, Luyang
Hu, Andy Chung, Jung-Chun Liu, Xuweiyi Chen, Itamar Bar-Yossef, Alexander De La Igle-
sia, Megan Su, Nicholas Tomlin, Yifei Zhou, Dr. Sergey Levine, and Dr. Alane Suhr. I
also thank my labmates in the Situated Language and Embodied Dialog (SLED) lab: Dr.

Cristian-Paul Bara, Josue Torres-Fonseca, Dr. Shengyi Qian, Chimaobi Okite, and Jacob

il



Sansom. ['m especially thankful to my internship mentors and collaborators at Amazon
AGI—Dr. Qiaozi Gao, Dr. Xiaofeng Gao, and Suhaila Shakiah—for their invaluable guid-
ance and support. I also extend my sincere thanks to my internship mentors at Meta—Dr.
Seungwhan Moon, Dr. Xin Luna Dong, Dr. Zhaojiang Lin, and Dr. Andrea Madotto—for
the incredible opportunity to work on the AR/VR assistant project. This experience became
the centerpiece of my dissertation and profoundly shaped my research direction. Further-
more, | appreciate the many anonymous reviewers whose constructive feedback has greatly
improved my work.

On a personal note, I wish to express my heartfelt gratitude to my family and friends.
I thank my parents for their unconditional love and support throughout my life. Due to
visa restrictions, we endured a long separation before they could visit me in the U.S.; and
their presence meant the world to me. I am especially thankful to my partner, Rui Pan,
whose love, patience, and support have carried me through all of life’s highs and lows. She
has profoundly influenced who I am today. Through countless trips between Ann Arbor
and Chicago, I have always felt incredibly fortunate to have her by my side. I also want
to thank my longtime friend Yue Meng, who has been by my side from middle school to
Ph.D. To Yang, Han, Jaky, and Ji—I treasure the wonderful times we shared on our many
trips together. To my friends—Hongzhe, Yixuan, Zijian, Jiading, Yuan, Shiyu, Yuhao, Tong,
Zhexuan, Heng, Zhuo, and many others—I am truly grateful, and I’ve always missed you. I
also want to thank the friends I met on the soccer field. Special thanks goes to the UMC
team, for all these years of playing soccer together and winning those championships. Thanks
to my teammate from Tsinghua Veterans, CalBlue, MetroTech, AAFC and JHU, for all the
great games we played together.

Finally, I gratefully acknowledge the financial support provided by the National Sci-
ence Foundation (grants 11S1949634 and SES2128623), the DARPA PTG program (grant
HR00112220003), and the Amazon Alexa Prize Award.

v



TABLE OF CONTENTS

DEDICATION . . . . o e ii
ACKNOWLEDGEMENTS . . . .. . e iii
LIST OF FIGURES . . . . . . . e ix
LIST OF TABLES . . . . . . e XV
LIST OF APPENDICES . . . . . . . . e Xix
LIST OF ACRONYMS . . . . . e XX
ABSTRACT . . . o e xxii
CHAPTER

1 Introduction . . . . . . . . o,

1.1  Challenges in Situated Language Grounding . . . . . . . . .. .. ... ...
1.2 Dissertation Structure and Contributions . . . . . . . ... ... ... ...

2 Related Work . . . . . . . .

1

2

3

7

2.1  Multimodal Large Language Models . . . . . . . .. .. ... . ... .... 7
2.1.1 Evolution and Capabilities . . . . . . . . .. ... ... ... .... 7

2.1.2 Grounded MLLMs . . . . . . ... ... 8

2.1.3 Evaluating Visual Illusions in MLLMs . . . . ... ... ... ... 9

2.2 Embodied Al for Instruction Following . . . . . . . . .. ... .. ... ... 9
2.2.1 Simulation Environments . . . . . . . ... ... oL 10

2.2.2 Key Techniques for Embodied Instruction Following . . . . . . . . . 10

2.3 Interactive Visual Assistants and Situated Communication . . . . . . . . .. 11
2.3.1 Evolution and Challenges of Task Guidance Systems . . . .. . .. 11

2.3.2 Synthetic Data and Simulation . . . .. .. ... .. ... ..... 13

PART I: Language Grounding in Visual Perception . . . . . . . ... ... .. 14
3 Grounding Large Language Models to Holistic Segmentation . .. .. .. 14
3.1 Overview . . . . .. 14
3.2  GROUNDHOG Model Architecture . . . . . . . ... .. ... .. ... .... 17
3.2.1 Building Entity Features from Masks . . . . . ... ... ... ... 17



3.2.2 Language Grounding to Entity Segmentation . . . . . . . . .. ... 18

3.2.3 Towards Holistic Entity Mask Proposals . . . . . . ... ... ... 19

3.3 The M3G2 Dataset . . . . . . . . . . . 20
3.3.1 Grounded Image Captioning (GIC) . . . . ... .. ... ... ... 21

3.3.2 Referring Expression Segmentation (RES) . . . ... ... ... .. 22

3.3.3 Grounded Visual Question Answering (GVQA) . . . ... ... .. 23

3.3.4 Referential Dialogue (RD) . . . . ... ... ... ... ... ... . 23

3.4 Experimental Results Analysis . . . . . . . ... .. ... ... 24
3.4.1 Generalist in Grounded Vision-Language Tasks . . . ... .. ... 24

3.4.2 Trustworthiness and Transparency . . . .. .. ... ... ..... 27

3.4.3 Ablation Studies . . . . . ... 29

3.5 Discussion of Limitations . . . . .. .. .. ... ... L. 30
3.6 Summary of Findings . . . . .. .. ... oo 31
4 Language Grounding under Visual Illusions for Vision-Language Models 32
4.1 OVerview . . . . ... 32
4.2  The GVIL Benchmark . . . . . .. ... ... ... ... .. ... ... 34
4.2.1 Data Collection . . . . . . . . . .. o 34

4.2.2 Benchmark Tasks . . . . . . .. . ... 0oL 36

4.3 Experimental Setup . . . . ... 40
4.4 Results Analysis . . . . . . . .. 40
4.4.1 Illusion Recognition . . . . . . . . . .. .. ... ... ... 41

4.4.2 Communication Under Hlusion . . . . . . . .. ... ... ... ... 42

4.4.3 Delving into Illusion Categories . . . . . . . . . .. ... ... ... 45

4.4.4 Understanding the Cause of Illusions . . . . . . .. ... ... ... 45

4.5 Discussion of Limitations . . . . . . . . ... ... 0 46
4.6 Summary of Findings . . . . . . . ... 47
PART II: Language Grounding in Embodied Planning . . . . . . .. ... .. 49
5 Hierarchical Task Planning with Unified Transformers . . . . . . . .. . .. 49
5.1 Overview . . . . .. 49
5.2 Hierarchical Tasks via Unified Transformers . . . . . . . .. ... ... ... 52
5.2.1 Task Decomposition . . . . . . .. ... ... oL 52

5.2.2 Unified Transformers . . . . . . . . .. .. ... ... ... ... 53

5.2.3 Self-Monitoring and Backtracking . . . . . . . . ... ... ... .. 55

5.3  Experiments . . . . ... o7
5.3.1 Setting and Implementation . . . . . . .. .. ... ... ... 57

5.3.2 Evaluation Results . . . . ... ... ... .. . . 58

5.4 Discussion of Limitations . . . . . . .. ... ... L. 63
5.5  Summary of Findings . . . . . . . ... 64
6 Deliberative Agent for Following Natural Language Instructions . . . .. 66
6.1 Overview . . . . . . . 66
6.2 Problem Definition . . . . . . .. ... oo 67
6.3 A Neuro-Symbolic Deliberative Agent . . . . . . . ... .. ... ... ... 69

vi



6.3.1 World Representation Construction . . . . . .. ... .. ... ... 70

6.3.2 Subgoal-Based Task Monitoring . . . . .. ... ... ... ..... 71

6.3.3 Online Symbolic Planning . . . . . . . ... ... ... ... .... 71

6.4 Experimental Results Analysis . . . . . . . ... .. ... ... ... ... 74
6.4.1 Experimental Setup . . . . . . . . . ... ... ... ... ... .. 74

6.4.2 Overall System Performance . . . . . . .. ... ... ... ..... 76

6.4.3 Generalization to New Tasks . . . . . . . .. .. ... ... ..... 7

6.4.4 Analysis of Submodules . . . . ... ... oL 78

6.4.5 Failure Analysis . . . . . . . . . ... 82

6.5 Discussion of Limitations . . . . . . .. ... ... 0L 83
6.6 Summary of Findings . . . . . . .. .. oo 83
PART III: Language Grounding in Situated Communication . . . . . .. .. 85

7 Proactive Assistant Dialogue Generation from Streaming Egocentric Videos 85

7.1 Overview . . . . . . e 86
7.2 Proactive Assistant Dialogue Generation from Streaming Videos . . . . . . . 87
7.2.1 Problem Definition . . . . . . . . ... .. ... ... .. 87

7.2.2 PROASSIST: A Synthetic Dialogue Dataset . . . . . . .. ... ... 88

7.3 Evaluation of Proactive Task Assistant . . . . . . .. ... ... ... .... 89
7.4 Proactive Assistant Dialogue Modeling . . . . . . . ... .. ... ... ... 92
7.4.1 Feasibility Analysis of Existing Models . . . . . .. ... ... ... 92

7.4.2 Learning When to Speak under Imbalance . . . ... .. ... ... 92

7.4.3 Tterative Progress Summarization . . . . . . . ... ... ... ... 93

7.5 Experimental Results Analysis . . . . . . .. ... .. ... ... 93
7.5.1 Experiment Setups . . . . . . .. ... Lo 93

7.5.2 Dialogue Quality of PROASSIST . . . . . . . . ... ... .. .... 95

7.5.3 Alignment Between Proposed Metrics and Human Judgment . . . . 96

754 Result Analysis . . . . . . .. ... 97

7.6 Discussion of Limitations . . . . .. .. .. ... ... .. .. 99
7.7  Summary of Findings . . . . .. . ... oo 99

8 Bootstrapping Visual Assistant Development with Situated Interaction

Simulation . . . . . . .. 101
8.1 Overview . . . . . . . e 101
8.2 Problem Definition . . . . . .. ... 103
8.3 The BASIS Framework . . . . . .. ... .. ... ... ... ... ..... 104
8.3.1 Stage 1: Situated Interaction Simulation . . . . .. ... ... ... 104

8.3.2 Stage 2: Autonomous Assistant Model Development . . . . . . . .. 106

8.3.3 Stage 3: Real-User Validation . . . . . .. ... ... ... ..... 107

8.4 Instantiation of BASIS in Alexa Arena . . . . . . .. .. ... ... .. .. 107
8.4.1 Alexa Arena Environment . . . . . .. ... ... .. ... ... .. 107

8.4.2 Implementation of BASIS Components . . . . . . . ... ... ... 109

8.5 Experimental Results Analysis . . . . . .. ... .. ... .. 110
8.5.1 Experiment Setups . . . . . . . .. .. oL 110

vil



8.5.2 Result Analysis . . . . . . . . .. ... 111

8.6 Discussion of Limitations . . . . . . . . . . . 115
8.7 Summary of Findings . . . . . . . ... oo 115
9 Conclusion . . . . . . . . 117
9.1 Broader Implications . . . . . . . . . ... L 119
9.2 Limitations and Future Directions . . . . . . . . . . . . .. ... ... ... 119
9.3 Concluding Remarks . . . . . .. .. .. oo 120
APPENDICES . . . . 122
BIBLIOGRAPHY . . . . . 196

viii



LIST OF FIGURES

FIGURE

3.1

3.2

3.3

3.4
3.5
3.6

3.7

4.1
4.2
4.3

We propose GROUNDHOG, a multimodal large language model that enhances its
text output with pixel-level phrase grounding across diverse semantic granulari-
ties. The figure demonstrates outputs from our model on the four task types we
considered in this work. . . . . . .. ... Lo
The model architecture of GROUNDHOG model. Given a set of class-agnostic
entity mask proposals, the masked feature extractor first extracts the feature of
each entity as the visual input of the multi-modal large language model (left).
The output hidden states of the grounding tokens are averaged and used to
retrieve the entities to ground, which will be merged into a single grounding
mask for the phrase. Modules are colored by their trainability: parameter-free

operators (grey), frozen (blue), trainable (orange), and partially trainable (mix).

GROUNDHOG can take arbitrary spatial prompts that can be resolved by an
interactive segmentation model, such as SAM. The placeholder pointer token
<PTR> will be replaced by the extracted entity features and fed as input to the

[lustration of the four grounding task types in the M3G2 dataset. . . . . . . ..
Examples of GROUNDHOG’s performance in grounded image captioning.

Region caption using the best match proposal from Mask2Former+ versus from
SAM. Mask2Former+ fails to propose the exact mask of the spire, leading to a
less precise caption. . . . . . . . ... e
[lustration of a partially correct grounding. The grounding phrase and the
ground truth mask are shown on the left. The top-4 mask proposals are pre-
sented, with highly-scored masks (green) selected for the merged mask, and low-
scored masks (red) excluded. This illustrates the failure to recognize the word
“KWIK” by the MLLM, despite its successful proposal. . . . . . . . . .. .. ..

The checker shadow illusion [3]. . . . . . .. .. .. ... . L0 0L
Data augmentation examples for the Ebbinghaus illusion. . . . .. ... .. ..
[lustration of the SameDiffQA setup. For each instance, the model is asked
about its perception of an object property across two images, one illusion-free
and one illusion-induced. For valid illusion evaluation, the model must initially
identify identical properties in the illusion-free image. . . . . . .. . .. .. ..

X

16



4.4

4.5

4.6

4.7

4.8
4.9

5.1
5.2
9.3

5.4
5.5

6.1

[lustration of the RefQA, AttrQQA and RefLoc setups. We flip the illusion image
wherein the grounding outcome should also be inverted, to create a pair of images
for each test. Model success requires accurate identification in both original and
flipped versions to align with human responses. Matching human answers signals
the model’s capability to interpret illusions in a humanlike way, while a mismatch
indicates otherwise. . . . . . . . . . ...
Results of SameDiffQA. The number shows the percentage of the answers. Each
cluster represents the distribution over humanlike, no-illusion and N/A answers
from a model. The green and red line correspond to the linear regression of
humanlike rate and no-illusion rate across all the model sizes. Except for OFA-
Large, Unified-1O-Large, Instruct BLIP-13B, the differences between the human-
like rate and the no-illusion rate are statistically significant P < 0.005. Details
are in Table B.1 Appendix A. . . . . . . . ..
Humanlike rate on RefQA, AttrQQA and RefLoc. Fach bar represents a different
model size, arranged in ascending order from left to right. Note that LLaVA and
Instruct BLIP cannot predict object bounding boxes thus do not have the RefLoc
results. . ..
Humanlike rates of the largest model of each family, with finer-grained human-
likeness scores on each illusion category. . . . . . . . ... ...
Attention weight distribution of OFA models for the RefLoc task. . . . . . . ..
Visualization of the attention maps generated by the OFA-Large model for the
RefLoc task. In each row, the input image is shown on the left, and the attention
map for the referential expression "smaller orange ball" is shown on the right. The
attention maps surrounding the object of interest are highlighted for enhanced
visibility. . . .o

An example task in ALFRED. . . .. .. ... ... ... ... .. ... ... .
The structure of HITUT. . . . . .. . . . .. .. .. .. . . ... .. ..
Overview of HiTUT where unified transformers for sub-programs are integrated
together. . . . . L L
[lustration of self-monitoring and backtracking. . . . . . . . . . ... ... ...
Step-by-step prediction accuracies given the golden sub-goal /action history w.r.t.
the proportion of training data on the unseen validation set. Each solid line
corresponds to a specific input configuration. Dashed lines are the scores obtained
using 100% data. . . . . . ...

An example task in TEACh. . . . . . . .. ... ...



6.2

6.3

6.4

6.5

6.6

6.7

7.1

7.2

7.3

[lustration of our agent’s reasoning process behind a single decision step. After
receiving the current observation, the agent first updates its internal representa-
tion (left), then checks the current subgoal progress (upper right), and plans for
the next steps (lower right). Finally the first action in the plan is popped out
and grounds to the agent’s ego-centric view for execution. In the pop-up boxes
we show example object instances with their instance ids, states and positions in
the 3D map. New instances and state changes are labeled in green. The status
for each subgoal and action is labeled in front of it, where the arrows denote
status transitions. . . . ... L Lo oL 69
Overview of the subgoal learning process. Figure (a) shows the model architec-
ture. Figure (b) shows the different input/output configurations we experiment
with. Figure (c) illustrates the decoding process. We first predict completed
subgoals and then predict the future subgoals conditioned on them, where we
use different prompts to distinguish different types of subgoals. . . . . . . . .. 72
Decision trees for handling exceptions encountered during plan execution. We
term pre-execution errors as infeasible actions that cannot be instantiated in the
situation, and post-execution errors as those when no outcome is observed after
the action is executed. Red boxes denote situations based on the agent’s belief.
Green boxes denote exception handling strategies. . . . . . ... .. ... ... 74
Comparison between HET and DANLI of relative success trajectory path lengths
against ground-truth human trajectory lengths. The red dashed line denotes the
same length as human trajectories, thus area to its left corresponds to the propor-
tion of model predictions that achieved better efficiency than human performance. 76
Distribution of execution exceptions encountered and self-handled by our agent.
The proportions of self-handled exceptions are in parentheses. The results are
based on 2708 exceptions encountered in 1078 sessions from the validation unseen

Split. . . . e 81
Distribution of unrecoverable errors identified by our agent that cannot be re-
covered. . . ... 82

An example conversation between user and their task assistant. The assistant re-
ceives real-time video streams from the user’s perspective, and provides proactive
guidance to assist with the task. Images excerpted from Ego4D [90]. . . . . .. 86
A cooking task example from PROASSIST, derived from EpicKitchen. The task
goal, recpie and dialogue are generated through our synthetic data curation
pipeline (dialogue partially shown due to space constraints). . . . . . . ... .. 88
Left: Streaming video-to-dialogue generation using VideoLLM-Online. The
model processes live video frames and optional textual inputs to decide whether
to speak or remain silent at designated decision points (yellow stars), and au-
togressively generates assistant responses as needed. Learning when to speak
faces significant class imbalance due to the sparsity of speaking frames. Right:
[lustration of iterative progress summarization. When approaching its context
length limit, the model generates a concise task progress summary, then restarts
generation with this summary incorporated into a new system prompt. . . . . . 90

x1



7.4

8.1

8.2

8.3

8.4

8.5

8.6

Al

A2
A3
A4
A5
A6
A7

Model performance under different speaking decision threshold. The trade-off
between precision and recall exists across both tasks. . . . . . . .. .. ... .. 94

(Left) Visual assistant interaction framework: The assistant and user share the
same egocentric view but have complementary capabilities. The assistant draws
on task knowledge to provide guidance through language communication, while
the user follows the guidance and physically acts in the environment to achieve a
specific goal. (Right) Example situated interactions where the assistant proac-
tively offers guidance. . . . . . . . . .. L Lo L 102
BASIS presents a three-stage pipeline for visual assistant development: (1) Sit-
uated Interaction Simulation generates contextually grounded data through con-
versational and physical interactions between an oracle assistant and simulated
users in a virtual environment; (2) Autonomous Model Development leverages
this data to train assistant models while using the simulated user for automated
model evaluation; and (3) Real-User Validation assesses the trained assistants
with human users to measure real-world usability. . . . . .. .. ... ... ... 105
Different types of environment observation and object info used in agent simula-
tion. In partial object info, we use the fuzzy name to replace the precise name
of uncommon objects (e.g. "machine" for "time portal generator") and hide
the object state to simulate missing knowledge in object identification and state

estimation. . . . . . . Lo 108
[lustration of the oracle assistant (left), the simulated user (middle), and visual
assistant modeling (right). . . . . . .. ..o oo 108

Intention differences between GPT-40 simulated users and real humans, compar-
ing fuzzy vs. precise object naming. Positive/negative values indicate more/fewer
instances than humans. Fuzzy naming better aligns with overall human behav-
iors (lower absolute differences) and better captures human uncertainty (more
asking-related intentions). . . . . ... ..o oL 112
Stepwise error analysis comparing the assistant model versus the oracle assistant
during interactions with real human users. Speak errors occur when the assistant
provides guidance containing inaccuracies or mistakes, while silent errors indicate
instances when the assistant fails to provide guidance despite it being needed. . 114

[lustrations of the merged segmentation annotations from COCO Panoptic,

LVIS, and PACO datasets. . . . . . . . . . . . ... .. ... ... 123
Additional qualitative examples for short grounded captioning. . . . . . .. .. 129
Additional qualitative examples for detailed grounded captioning. . . . . . . . . 129
Additional qualitative examples for referring expression segmentation. . . . . . 130
Additional qualitative examples for grounded VQA of visual text. . . . . . . .. 130
Additional qualitative examples for referential dialogue with pointer input. . . . 131
Additional qualitative examples for referential dialogue with pointers as multiple

choices input. . . . . . . . L 132

xil



D.1

D.2

D.3
D4

D.5
E.1

E.2
E.3
B4
E.5
E.6
BE.7

F.1

Overview of our neuro-symbolic system, which learns a rich, visually-informed
semantic representation of the surrounding environment, and captures hierarchi-
cal tasks in two phases. First, it uses a sequence-to-sequence model to predict the
sequence of high-level subgoals, both completed and upcoming, and additionally
extracts some spatial relations from the dialog to supplement the world represen-
tation. For each subgoal, we apply a specialized planner (either for navigation or
manipulation) over the world representation to accurately execute the low-level
actions and achieve the subgoal. Best viewed in color. . . . . .. ... ... ..
[lustration of the 3D voxel map construction and interaction process of a making
toast task. The agent is labeled in black, and the agent path is labeled in blue.
Current navigation target in the agent’s plan is labeled in red. . . . . . . . ..
An example of subgoal annotations. . . . . .. ... .. ... ...
Demo of the Graphical User Interface (GUI) created for visualizing DANLI’s
internal representations. . . . . . .. ... Lo Lo
Architecture of the hierarchical ET model. . . . . . . . ... ... ... ....

PrOASSISTdataset statistics overview including task domain distribution, dia-
logue structure, duration variability, and assistant interaction patterns. Mean
values for each distribution are provided in the legend. . . . . . . . . .. .. ..
Example of a cooking task in PROASSIST. . . . . . . . . .. .. .. ... ....
Example of a cooking task in PROASSIST. . . . . . . .. .. ... ... .....
Example of a cooking task in PROASSIST. . . . . . .. ... ... ... ... ..
Example of a assembly task in PROASSIST. . . . . . ... . ... ... .....
Example of a laboratory task in PROASSIST. . . . . ... ... ... ......
Example of a cooking task in PROASSIST. . . . . . . . . ... ... ... ....

Game Video Introduction (Tutorial 1/6): Your goal is to complete the task
assigned to you with the help of an Al assistant. You can move around, interact
with objects, and talk to the assistant. The assistant shares the same view as
you do, and will provide you with instructions and guidance throughout the task.
Mission Goals: Displays the goal of the current task. This is only visible to
you but not the assistant. Map & Current Room: Shows your position in the
world and the current room you are in. Score can be ignored for now. Current
Room Status: Indicates the operational status of the room, such as whether
it is powered or not. Holding Item: Displays the object you are holding. This
area will be empty if you are not holding an item. Note: You can only hold one
item at a time, so you need to place the current item down before picking up a
NEW OLIC. . o v v v e e e e e e e e e e

xiil



F.2

F.3

F4

F.5

F.6

F.7
F.8
F.9

F.10

Action Control Panel (Tutorial 2/6): The Action Control panel lets you
move around and interact with objects. Use Movement Actions for navigation,
and Object Manipulation for actions like picking up or placing items, toggling
machines and computers, and opening/closing doors. Hover over the question
mark icon for details of each action. Go to Object: Quickly navigate to specific
objects in view. Go to Room: Directly move to a specific room. Note: Go
to Object/Room is much more efficient than moving around manually, so it is
recommended to use them whenever possible. . . . . . .. .. ... ...
Show Observation (Tutorial 3/6): A pop-up window displaying all the in-
teractable objects in the current view will show up after clicking the Show Ob-
servation button. It can help you better understand the objects and plan your
actions. Objects that are not common in daily life are displayed with their base
category (e.g., "machine") instead of their specific type (e.g., what type of ma-
chine it is). The assistant may help you identify them if they are relevant to the
current task. . . ...
Event History Intro (Tutorial 4/6): The Event History panel shows: (1)
Chat history between you and the assistant; (2) Actions you have taken; (3) Ac-
tion execution feedback when an action has failed (starting with [!]); (4) System
messages (in grey) indicating the start and end of a task. You can use the input
field at the bottom to send a message to the assistant. . . . . . . . .. ... ..
Blocking Page Intro (Tutorial 5/6): After you select an action or send
a message, a blocking overlay will be shown while the system processes your
request, which normally takes a few seconds. You can only continue after the
overlay disappears. . . . . . . . . ..o
Give Up or Task Completion (Tutorial 6/6): The task will end if (1) you
successfully complete the task; (2) you click the Give Up button; (3) max steps
(50 actions) is reached. Note: the assistant is not perfect, so it is normal that
the assistant’s instructions are not always correct. You may choose to give up on
a task at any time, when you feel getting stuck and the assistant is not helpful.
After a task is finished, the system will automatically advance you to the next
task. You will work on a total of 5 tasks in this session. . . . . ... ... ...
Assistant interface for task monitoring and debugging. . . . . . . . .. ... ..
Annotation interface for assistant error anntation. . . . . . . . ... ... .. ..
[lustration of the asymmetric task setting and key events during the interaction,
where the oracle assistant provides assistance for the user to normalize a hammer
using the embiggenator and use it to break a plate. . . . . . . . ... ... ...
[lustration of interactions between the trained model assistant and a human
user where the task is to fire the freeze ray. Two assistant errors are highlighted
inStepsband 8. . . . ...

Xiv

194



LIST OF TABLES

TABLE

3.1

3.2

3.3

3.4
3.5
3.6
3.7
3.8
3.9
3.10

4.1
4.2
4.3

5.1

5.2

9.3

The average Any-IoU of the proposals on each dataset. The vanilla Mask2Former
is trained on the COCO-Panoptic dataset and our Mask2Former+ is trained on
our combined dataset. Mask2Former+ obtains a consistent improvement in all
scenarios, especially in non-COCO domains. . . . . . . .. ... ... ... ..
Summary of datasets included in M3G2. We show the availability of Grounding
Annotations (Box, Mask, and Pointer inputs), the Semantic Granularity (Stuff,
Things, Parts, Groups, and Text), and the number of text-image pairs for train-
ING. . e
Results on 7 Referring Expression Segmentation (RES) benchmarks with single
instance queries [116, 178|, multi-/null instance queries [151, 275| and reasoning-
based queries [133, 210]. We report cloU for RefCOCO/+ /g and mIoU for other
benchmarks, respectively. . . . . . . ... oL
Top-1 box recall results on Flickr30K-Entity [203]. . . . . ... ... ... ...
Phrase grounding results on PNG [84]. . . . . . .. ... ... ... ...
Results on TextVQA-X [237| dataset. . . . . . . .. ... ... ... .....
Grounded Captioning on Flickr30K-Entity [203]. . . . . ... ... ... .. ..
Results on PointQAryice [176] and VTW [317] test sets. . . . . . . . .. ... ..
Object hallucination results on the POPE [147] benchmark. . . . . . .. .. ..
Ablation study on model design choices and evaluation setups. Models are
trained on RefCOCO-+, Flickr30K, TextVQA-X and tested on corresponding

validation sets. . . . . . .

Example illusion from each category and the corresponding explanations.

Dataset statistics. . . . . . . . . L
Pearson’s correlation analysis between the humanlike rate and model size. Sta-
tistically significant results with p < 0.05 and p < 0.1 are marked with ** and
orespectively. ... L

Statistics of data distribution in ALFRED. The number of annotations is equiv-
alent to the number of tasks in each split. . . . . . . ... .. ... ... ....
Task and Goal-Condition success rates. The path length weighted version is in
parentheses. The highest values per column are in bold. "-" denotes scores that
are not reported. G only denotes only using the goal directive during evaluation
without any sub-goal instructions. . . . . . . ... ... ...,
Success rates of manipulation sub-goals on validation sets. The highest values
per fold arein bold. . . . . . . . . ...

XV



5.4
9.5
0.6

6.1
6.2

6.3

6.4

6.5

6.6

6.7

6.8

7.1

7.2

7.3

7.4
7.5

7.6

7.7

Success rates w.r.t. the allowed maximum backtracking number (#BT).

Success rate of the navigation sub-goal Goto with backtracking . . . . .. ...
Success rates of HITUT with different parts of predictions replaced by oracle
operations with expert demonstrations. N, M, SG and GR denote oracle navi-
gation actions, manipulation actions, sub-goals and object grounding (i.e., mask
generation) respectively. . . . . ...

Caption for LOF . . . . . . . . . .
Per task performance on the unseen split. Tasks are sorted in a decreasing order
w.r.t. the number of average goal conditions. . . . . . .. ... ... ... ...
Results on the TfD subtask of TEACh. . . . . . ... . ... ... .......
Performance of our panoptic segmentation model on valid seen and unseen split.
PQ, SQ, RQ are panoptic quality metric, segmentation quality metric and recog-
nition quality metric originally defined in [122]. . . . . . . ... ... ... ...
Accuracy of our state estimation model on both validation seen and unseen split.
isDirty, isFilledWithWater and isToggled are the physical states that our
system needs. . . .. ..o
Subgoal prediction accuracy of DANLI on the validation unseen split, compared
to ablations that do not condition on the action history, language forms of the
actions, and self-predicted completed subgoals. . . . . .. ... ... ... ...
Ablation study of components with respect to the end task performance. Last
subgoal only refers to directly working on the last predicted subgoal instead of
all predicted subgoals one after another. Without scene pruning refers to using
the planner without search space pruning. Without replanning refers to disabling
replanning from the action failure recovery strategy. . . . .. . ... ... ...
PDDL planning success rate and average runtime. We set the overall time-out
for domain translation and solution searching to be 120s in our experiments.

Data statistics of PROASSISTfor train/validation/test splits. More statistics in
Appendix E.1.3. . . . . ..
Human evaluation of the generated dialogue quality. For HoloAssist and WTaG
where human-collected dialogues are available, we evaluate them using the same
approach for a side-by-side comparison with our generated dialogues. . . . . . .
Pearson and Spearman coefficient between our metrics and human judgment (*:
p<0.05 *: p<0.01). ...
Match rate between human and metric-based selection of the best 6. . . . . . .
Model evaluation results. Comparisons can be made across different tasks (Ac-
tion Narration vs. Dialogue Generation), model variants (I=1, 5, or 10), and
knowledge access setups (w/ or w/o knowledge). P, R, and F1 are precision,
recall, and F1 score, respectively. Corr., Prompt., Effic., and Overall are correct-
ness, promptness, efficiency, and overall score, respectively. . . . . . . . ... ..
Improvement from negative frame sub-sampling under different sub-sampling
ratios. . . . .. L e
Comparison between inference-time context management method for long video
PTOCESSINE. . . v v v v o e e e e

XVl

95



7.8
8.1

8.2

8.3

Al

A2
A3
A4
A5
A6

B.1

C.1

C.2

D.1
BE.1

E.2

Per-subset performance across domains. . . . . . . . .. ... ... ... ...

Performance comparison of different user variants paired with our oracle assis-
tant, under different setups: with/without vision access (v//X) and precise/fuzzy
naming (v//X) of uncommon objects. T indicates the simulated user selected for
the following stages. . . . . . . . . . .
Performance comparison of different assistant models with our simulated user.
All models are fine-tuned from Qwen2.5-VL 3B/7B. “GT Obj.” denotes using
ground-truth object information. T indicates the best assistant model selected
for Stage 3. . . . . L
In Stage 3 human evaluations, our best-performing assistant, trained entirely on
synthetic data and without access to privileged information, achieves 82.3% of
the oracle assistant’s performance in SRQ@1, demonstrating strong generalization
toreal users. . . . ... L

Summary of the training datasets for Mask2Former+. Entity includes both thing
and stuff categories. . . . . . . ..
The full list of datasets used in M3G2. . . . . ... ... . ... ... ......
Instruction templates for the GIC task. . . . . . ... ... ... ... ... ..
Templates used for the RES task. . . . . . .. .. ... .. ... ... ......
Templates used for the GVQA task. . . . . . ... .. .. ... ... ......
Templates used for the RD task. . . . .. .. .. ... .. ... ... ......

Chi-square test for the SameDiff Task (Figure 5). #HL and #NI denote the
number of humanlike illusionary answers and no-illusion answers, respectively.
Statistically significant results with p < 0.001 and p < 0.05 are marked with ***
and **. respectively. . . . ...

Success rates across 7 task types on the validation sets. Highest values per fold
are bold. . . . . . ..
The validation success rates for models pretrained and trained from scratch with
different allowed maximum number of backtrackings. . . .. ... ... .. ..

EDH results on the original validation splits. . . . . . .. ... ... ... ...

Summary of egocentric video datasets used in PROASSIST. The statistics pre-
sented are as originally reported in the corresponding papers before filtering.
The number of tasks indicates the types of tasks in each dataset, except for As-
sembly101, where it represents the unique number of toys. Label abbreviations
are as follows: C (coarse action labels), F (fine-grained action labels), M (mis-
take and correction labels), D (human-collected assistant-user dialogues), and R
(ground-truth recipes). . . . . . ... oL
Detailed training data statistics for different model variants under the maximum
sequence length of L = 4096. We report the upsampling ratio (x), the original
dataset size after splitting and packing under different I, the final dataset size af-
ter upsampling, and the proportion of each data source in the final mixture. The

134

final data size grows with the number of tokens used to encode each frame/image.160

xXvii



E.3 Selected speaking threshold 6 for each model on each subset. We evaluate a series
of 0 values (0.1, 0.2, ...) for each setup and select the optimal threshold based
on the appearance of a local maximum in F1 score as # increases. . . . . . . ..

Xviil



LIST OF APPENDICES

A Appendix for Chapter 3 . . . . . . . .. .. .. ... .. ... .. ... 122
B Appendix for Chapter 4 . . . . . . . ... ... ... ... ... . ..., 133
C Appendix for Chapter 5 . . . . . .. .. ... .. ... ... ... . ... 135
D Appendix for Chapter 6 . . . . . .. . .. ... Lo 138
E Appendix for Chapter 7 . . . . . .. . ... 149
F Appendix for Chapter 8 . . . . . . . .. ... ... Lo 172

Xix



LIST OF ACRONYMS

AT Artificial Intelligence

LLM Large Language Model

MLLM Multimodal Large Language Model
VLM Vision-Language Model

M3G2 Multi-Modal Multi-Grained Grounding
SAM Segment Anything Model

GIC Grounded Image Captioning

GVQA Grounded Visual Question Answering
RES Referring Expression Segmentation

RD Referential Dialog

PNG Panoptic Narrative Grounding

CPG Caption Phrase Grounding

REG Referring Expression Generation

QA Question Answering

COCO Common Objects in Context

LoRA Low-Rank Adaptation

RGB Red Green Blue

DANLI Deliberative Agent for Natural Language Instructions
TEACh Task-driven Embodied Agents that Chat
EDH Execution from Dialog History

PDDL Planning Domain Definition Language



PLW Path Length Weighted

SR Success Rate

GC Goal Condition

HET Hierarchical Episodic Transformer
SGC Subgoal Completion

GUI Graphical User Interface

VIN Value Iteration Network

TfD Trajectory from Dialog

ProAssist Proactive Assistant dialogue dataset
FPS Frames Per Second

CoT Chain-of-Thought

NFS Negative Frame Sub-sampling
IPS Iterative Progress Summarization
WTaG Watch, Talk and Guide

IRB Institutional Review Board

RAG Retrieval-Augmented Generation
VQA Visual Question Answering

BASIS Bootstrapping Assistant development with Situated Interaction Simulation

Xx1



ABSTRACT

Building multimodal AT assistants that can perceive the physical world, communicate natu-
rally with humans, and help with real-world tasks is a cornerstone of Al research. Situated
language grounding—the ability to connect language to rich, multimodal contexts—is fun-
damental for developing assistants that can interpret human instructions, reason about their
environment, and provide timely responses. Despite advances in Large Language Models
(LLMs) and their multimodal extensions (MLLMs) for processing multimodal inputs, effec-
tively grounding language within the dynamic physical world to facilitate seamless human-Al
interaction remains a significant challenge. This dissertation addresses this challenge by in-
vestigating situated language grounding across multiple dimensions and developing novel
approaches for creating more contextually aware Al assistants.

In Part I, we explore language grounding in visual perception. We first introduce
GROUNDHOG, a multimodal large language model designed for holistic visual segmentation
across various semantic granularities. By leveraging innovative architectural designs and a
curated multi-granularity dataset, this model outperforms previous task-specific approaches
on a range of grounding tasks using a single model. We then examine the behavior of vision-
language models under a unique setup of visual illusions. We propose GVIL, a systematic
benchmark to test whether models are able to perceive visual illusions similarly to humans
or represent reality faithfully, and demonstrate critical insights into shared and misaligned
patterns between human and machines. These contributions advance our understanding of
how multimodal models link language to vision in both standard and challenging perceptual
scenarios.

In Part II, we extend our investigation to language grounding in embodied planning
within 3D environments. We propose two neural-symbolic approaches to enable assistants
to follow natural language instructions in such settings. First, HITUT introduces a unified
transformer model for hierarchical task planning, allowing the use of the same model for both
high-level task decomposition and low-level action prediction. Second, DANLI constructs
semantic representations of the physical environment and integrates a symbolic planner for
transparent and efficient task execution. These complementary approaches demonstrate

how assistants can leverage grounded understanding to interact effectively within complex

xxii



environments.

In Part III, we focus on grounding language in dynamic and interactive settings, where
assistants must process continuous visual input from a user’s first-person perspective and
engage proactively. We propose two complementary approaches. First, PROASSIST provides
a framework for generating realistic user-assistant dialogues from egocentric videos, harness-
ing large-scale real-world video data to train proactive assistants. Second, BASIS presents
a simulation-based pipeline that supports scalable assistant development and evaluation
through situated interactions in virtual environments, reducing the need for costly human
intervention. These works provide foundations of scalable development for interactive, per-
ceptual egocentric assistant systems.

Together, these contributions advance assistant modeling by introducing novel tasks,

datasets, and modeling strategies for grounded, context-aware human-AT interaction.
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CHAPTER 1

Introduction

The pursuit of artificial intelligence (AI) systems capable of seamlessly collaborating with
humans in the physical world has driven significant progress across the domains of language,
vision, and robotics. Among these efforts, multimodal Al assistants—agents that perceive,
interpret, act and communicate with humans using complex sensory inputs—represent a
particularly promising direction. Such assistants must go beyond text understanding and
learn to ground language in the rich, dynamic contexts that characterize human environments.

A central capability enabling this vision is situated language grounding—the process of
linking linguistic expressions to percepts, objects, actions, and events within an environment.
As early as Stevan Harnad’s seminal work on the symbol grounding problem [95], it was argued
that linguistic symbols remain semantically hollow unless they are anchored in perceptual
and sensorimotor experiences. In other words, the meaning of a word is not inherent in its
symbolic form but arises from its connection to observable phenomena. This insight laid
the foundation for subsequent research in vision-and-language, where early efforts focused
on mapping words to visual objects, attributes, and actions [130, 203, 75, 231, 167]. More
recently, vision-language models (VLMs) and multimodal large language models (MLLMs)
have scaled up learning of vision-language alignment from massive amounts of text and image
data from the internet, resulting in effective grounding of visual content to language tokens
in the latent space of neural networks [213, 264, 156, 142, 9, 315, 249, 2, 165].

While symbol grounding is a necessary first step, it is not sufficient for robust language
understanding and reasoning. The next layer, which we refer to as experience grounding,
argues that language is truly meaningful only when connected to the agent’s own sensorimotor
interactions. As highlighted by Bisk et al. [23], language understanding emerges not merely
from textual patterns but from actively engaging with the world—observing, acting, and
experiencing the consequences of those actions. In human development, words are learned
in the context of doing and perceiving; similarly, Al systems must incorporate sensorimotor

experience to resolve ambiguities in instructions and infer causality or spatial relationships in



dynamic settings [99, 231, 112].

Yet, both perceptual and experiential grounding fall short of capturing the full spectrum of
human communication. In real-world settings, meaning is co-constructed through interaction.
This brings us to the third level: communicative grounding. Drawing from theories of
common ground in psycholinguistics [46] and developed in works such as Chai et al. [30] for
human-machine collaboration, communicative grounding emphasizes the dynamic, interactive
process by which communication partners iteratively negotiate shared knowledge, beliefs, and
assumptions. Whether through clarifying questions, feedback, or adaptive dialogue, achieving
mutual understanding is essential for an Al assistant to provide timely and effective assistance
to humans in the dynamic and complex physical environments we live in [25, 152, 29, 193]

Together, these three conceptual layers—symbol grounding, experience grounding, and
communicative grounding—form a comprehensive theoretical framework for situated language
grounding. They illustrate how language can be initially anchored in perceptual represen-
tations, then enriched through sensorimotor experience, and finally refined via dynamic
interaction. This framework not only justifies the need for multimodal approaches in Al but
also guides the design of systems that are both robust and context-aware to communicate

effectively with humans.

1.1 Challenges in Situated Language Grounding

Despite recent breakthroughs in large-scale pretraining, grounding language in dynamic,
physical environments presents several key challenges, spanning all three layers of the

grounding framework:

e Fine-grained Visual Grounding: Existing multimodal models often rely on bounding
boxes to localize visual elements [301, 199, 38, 33, 308|, which fall short in representing
amorphous objects, object parts, or overlapping entities. There is a need for pixel-
level grounding across semantic granularities to enable more precise and interpretable
connections between language and vision. This challenge echoes the fundamental issue
of symbol grounding—ensuring that words are accurately tied to the rich detail of visual

percepts.

e Grounding under Perceptual Ambiguity and Adversarial Conditions: Stan-
dard benchmarks often test grounding in clear, unambiguous visual scenes [116, 14].
However, human perception is complex, noisy, and sometimes misleading under challeng-
ing perceptual scenaiors, such as visual illusions [57, 27|. Understanding how AT models

ground language in such scenarios—whether they align with human-like perception,



which can be misled by illusions, or maintain a faithful representation of reality—is

critical for building robust assistants.

¢ Grounding Actions in 3D Embodied Environments: To follow instructions in 3D
spaces, agents must construct internal semantic representations and reason about spatial,
temporal, and causal dynamics. This requires decomposing tasks, managing partial
observability, and planning under uncertainty—capabilities where current MLLMs often
falter [257, 41, 279, 112, 285, 306]. This challenge highlights the need for experience
grounding, where language is integrated with sensorimotor interactions to enable

effective decision-making and robust action planning in physical environments.

¢ Grounding Communication in Dynamic Perceptual Contexts: Next-generation
egocentric visual assistant systems take in the video streams from the user’s perspective
(e.g., through smart glasses), and must process the signals in real-time and and engage in
interactive dialogues with the users. Learning to interpret ongoing activities, anticipate
user needs, and provide timely assistance requires adapting dialogue to the evolving
context—a capability underexplored in current systems [21, 36]. This challenge high-
lights the need for developing more capable models that go beyond static multimodal

reasoning, towards dynamic perceptual understanding and communicative grounding.

e Scalable Data Collection and Evaluation for Situated Interaction: Training
models for complex interaction requires vast amounts of interaction data that capture
diverse scenarios, user behaviors, and environmental dynamics. Furthermore, evaluating
the effectiveness of assistance in interactive settings is inherently complex. Traditional
approaches relying on human data collection and human-in-the-loop evaluation |21,
267, 241, 136, 218, 177, 193] are extremely costly, time-consuming, and difficult to
scale. Overcoming this bottleneck requires developing novel, scalable methodologies for
data generation and evaluation, to accelerate progress in building truly interactive and
helpful Al assistants.

1.2 Dissertation Structure and Contributions

This dissertation addresses the question: How can we develop multimodal Al assistants that
ground language within visual and embodied contexts to enable robust perception, efficient
planning and proactive interaction in dynamic, situated environments? Tackling this question
expands the frontier of multimodal learning and contributes to building Al assistant systems

that are transparent, adaptive, and capable of supporting users in complex tasks. In Chapter 2,



we briefly review the relevant background and related work before detailing our contributions,

which are organized into three interconnected parts:

Part I: Language Grounding in Visual Perception (Chapters 3 and 4). This part
tackles the challenge of symbol grounding for fine-grained vision-language alignment, and
under challenging perceptual conditions of visual illusions. We first introducing GROUNDHOG,
a multimodal large language model (MLLM) designed to achieve pixel-level grounding across
diverse semantic granularities. GROUNDHOG employs a mask proposal network [42] to
extract visual entities from the input image, and uses the per-entity features as input to
the MLLM backbone [156]. The model is then trained for grounded language generation,
where texts are generated jointly with the corresponding visual entity selected from the
proposals. To train GROUNDHOG, we curate the M3G2 dataset, a comprehensive collection
of 2.5M text-image pairs covering four grounding tasks: Grounded Image Captioning (GIC),
Referring Expression Segmentation (RES), Grounded Visual Question Answering (GVQA),
and Referential Dialogue (RD). By precisely aligning linguistic symbols with regions of various
semantic granularities, GROUNDHOG addresses the limitation of bounding-box-based models,
reduces object hallucination, and provides interpretable diagnostics for failure cases.

While models like GROUNDHOG advance fine-grained grounding, a crucial test of their
perceptual understanding involves scenarios where human perception deviates from physical
reality. Therefore, we subsequently introduce GVIL, the first benchmark designed to
systematically test language grounding of MLLMs under visual illusions. This benchmark
assesses whether models exhibit human-like understanding when visual illusions present, or
if they remain veridical, faithfully representing the underlying physical properties despite
misleading cues. By comparing model predictions from 4 state-of-the-art MLLMs [264, 165,
48, 156] to human perceptual norms, GVIL uncovers fundamental shared patterns and

divergences in how machines and humans interpret ambiguous visual information.

Part II: Language Grounding in Embodied Action Planning (Chapters 5 and 6).
Building upon the foundational visual grounding explored in Part I, this part shifts the focus
to grounding language in embodied action and planning within complex 3D environments.
We propose two complementary neural-symbolic approaches that enable Al assistants to
follow natural language instructions for complex, multi-step tasks. First, in Chapter 5, we
introduce HiTUT, an hierachical task learning approach that decomposes complex tasks
into three sub-problems: sub-goal planning, scene navigation, and object manipulation.
HiTUT employs a unified Transformer architecture [258| capable of handling all three sub-

tasks within a single model, enabling the model to learn task structures and action policy



jointly. This hierarchical representation facilitates self-monitoring and backtracking during
execution, leading to significantly improved generalization and task success rates on the
ALFRED benchmark [234], particularly in unseen environments.

Next, complementing the learned predictive policy of HITUT, we present DANLI (Chapter
6), a deliberative neuro-symbolic agent that emphasizes explicit world modeling and symbolic
planning. DANLI constructs detailed semantic representations of the physical environment
from visual and spatial inputs. It leverages language models [137] to predict intermediate sub-
goals from high-level natural language instructions and employs a classical symbolic planner
[4] to translate these abstract goals into concrete, executable action sequences. Evaluated
on the TEACh benchmark [193], DANLI demonstrates how explicit world modeling and
symbolic planning can enhance the effectiveness, efficiency, and interpretability of embodied
agents. Together, HITUT and DANLI showcase different, yet synergistic, ways to integrate

language understanding with planning for effective interaction in complex environments.

Part III: Language Grounding in Situated Communication (Chapters 7 and 8).
Extending beyond static perception and single-agent environments, the final part addresses
communicative grounding, enabling multimodal AT assistants to engage proactively with users
in situated, task-oriented interactions. We focus specifically on scenarios where users perform
tasks while wearing smart glasses, which provide the assistant with a shared, continuous
egocentric video stream. Based on this real-time visual input, the assistant must interpret
the user’s surroundings and ongoing activities to offer timely and relevant task assistance
through natural language. This part introduces two complementary contributions aimed at
developing scalable methods for training and evaluating such interactive, egocentric assistants.
In Chapter 7, we present PROASSIST, a large-scale synthetic dataset featuring situated
assistant-user dialogues grounded in continuous streaming video from diverse sources and
task domains. Leveraging PROASSIST, we propose novel metrics specifically for evaluating
proactive dialogue generation and develop an end-to-end MLLM trained to jointly learn when
and what to communicate based on visually observed user activities.

Complementing these data generation efforts, Chapter 8 introduces BASIS, a simulation-
based pipeline designed to bootstrap the development and evaluation of visual assistants via
situated interaction simulations. This framework facilitates scalable training by simulating
interactions between MLLM-powered assistants and simulated users within virtual environ-
ments, significantly reducing the need for expensive and often limited human-in-the-loop data
collection and evaluation. Our experiments validate this approach, demonstrating that models
trained solely on synthetic interaction data generated by BASIS can effectively transfer their

learned capabilities to guide real users through complex tasks in the physical world, thereby



paving the way for more efficient and scalable development cycles for interactive Al assistants.
Finally, we conclude the dissertation by summarizing the contributions of each part
and discussing potential future directions towards the goal of building robustly grounded,

context-aware, and interactive multimodal Al assistants (Chapter 9).



CHAPTER 2

Related Work

This thesis builds upon and contributes to several key research areas centered on enabling
multimodal AT assistants to robustly ground language in situated environments. This chapter
provides an overview of the relevant background and prior work, contextualizing the specific
contributions made in subsequent chapters. We organize this review around the core challenges
addressed by this dissertation:

e Achieving robust visual grounding in Multimodal Large Language Models (MLLMSs), in-
cluding fine-grained pixel-level understanding and evaluating perception under challenging

conditions like visual illusions (Section 2.1, relevant to Chapter 3 and Chapter 4).

e Enabling robust embodied action planning based on grounded language instructions, ex-
ploring both learned hierarchical policies and explicit neuro-symbolic approaches (Section
2.2, relevant to Chapter 5 and Chapter 6).

e Facilitating dynamic, situated communication for interactive task guidance, including
addressing proactivity, data scarcity, and scalable evaluation challenges (Section 2.3,

relevant to Chapters 7 and 8).

2.1 Multimodal Large Language Models

The foundation for visually-aware Al assistants lies in Multimodal Large Language Models
(MLLMs), which extend the capabilities of Large Language Models (LLMs) to process and

reason about visual information alongside text.

2.1.1 Evolution and Capabilities

The rapid progress in LLMs has catalyzed the development of MLLMs [256, 9]. Techniques
like visual instruction tuning have enabled models such as MiniGPT4 [315], LLaVA [154, 153],



InstructBLIP [48], and others [83, 289, 266, 138] to perform a wide range of vision-language
tasks with impressive fluency, often trained with relatively modest resources. However, despite
these advances, a critical challenge remains: object hallucination, where models generate text
referring to objects not present in the visual input [115, 49, 147|. This issue highlights the
need for stronger mechanisms to anchor language firmly in visual perception, aligning with

Harnad’s concept of symbol grounding [95].

2.1.2 Grounded MLLMs

Explicitly connecting language to visual referents—grounding—is crucial for reliable commu-
nication about the physical world [144, 171]. Several MLLMs have incorporated grounding
mechanisms, often by representing visual regions (typically bounding boxes) as discrete tokens
within the input sequence [288, 166, 264|. Examples include GPT4ROI [301], Kosmos-2 [199],
Shikra [38], PVIT [33]|, BuboGPT [308], Qwen-VL [17], and Ferret [292]. While demonstrating
the value of grounding, these models predominantly rely on bounding boxes. This reliance
presents a significant limitation: bounding boxes are ill-suited for representing amorphous
entities (e.g., ’a pile of sand’), object parts (e.g., the handle of the mug’), or precisely
delineating overlapping objects. Consequently, these models struggle with fine-grained vi-
sual understanding and lack pixel-level precision, hindering their applicability in scenarios
demanding detailed spatial awareness and limiting diagnostic capabilities when failures occur.
Research in language-guided semantic localization, which aims to segment regions based on
referring expressions [293, 179, 294, 201, 133], highlights the need for pixel-level understanding

but often focuses on specific tasks rather than general-purpose MLLM capabilities.

Our Contribution: This thesis addresses the limitation of coarse, bounding-box-based
grounding in Chapter 3 by introducing GROUNDHOG. GROUNDHOG is specifically designed
for fine-grained, pixel-level visual grounding across diverse semantic granularities. Its modular
architecture, utilizing plug-and-play mask proposals, allows it to precisely link linguistic
expressions to corresponding pixels, overcoming the limitations of bounding boxes. Trained on
the comprehensive M3G2 dataset, GROUNDHOG demonstrates enhanced capabilities in tasks
requiring precise localization (GIC, RES, GVQA, RD). Our contribution lies in developing a
universally applicable grounded MLLM that improves grounding precision, reduces object
hallucination through tighter visual anchoring, and enhances interpretability by providing

mask-level outputs, thus establishing a stronger foundation for symbol grounding.



2.1.3 Evaluating Visual Illusions in MLLMs

Human visual perception is known to diverge from physical reality under certain conditions,
creating visual illusions where properties like color or size are perceived differently from their
objective measurements [27, 92|. These perceptual discrepancies are not mere curiosities; they
can influence human action and language use |79, 28|, highlighting that human understanding
is shaped by both physical stimuli and cognitive interpretation. While prior research explored
machine understanding of visual illusions, it primarily focused on vision-only models like
CNNs [80, 22, 82|, and typically by assessing the model’s internal representations [162, 5.
However, these efforts largely overlook the critical role of language in describing and grounding
these perceptual experiences. As a result, how MLLMs, which integrate vision and language,
perceive and communicate about such illusory stimuli remained largely unexplored, leaving
a gap in understanding whether their grounding mechanisms reflect objective reality or

subjective human perception.

Our Contribution: This thesis addresses the gap in evaluating MLLM perception under
illusionary conditions in Chapter 4 by introducing the GVIL benchmark. GVIL is the first
benchmark specifically designed to systematically assess whether MLLMs perceive visual
illusions similarly to humans or maintain fidelity to objective reality, evaluated through
language-based interaction. Using a curated dataset covering five illusion categories and four
tasks (SameDiffQA, RefQA, AttrQA, RefLoc) grounded in natural language, GVIL probes
the alignment between model behavior and human subjective perception when faced with
misleading visual cues. Our contribution lies in the development of GVIL and the presentation
of initial findings from evaluating 4 state-of-the-art MLLMs on this benchmark. This work
offers critical insights into the nature of visual grounding in MLLMs when faced with

discrepancies between physical reality and subjective human perception.

2.2 Embodied Al for Instruction Following

Moving beyond static image understanding, embodied Al agents operate within 3D envi-
ronments, perceiving, reasoning, and acting to accomplish tasks, often guided by language
instructions. This necessitates grounding language not just in perception (symbol grounding)
but also in the agent’s sensorimotor interactions and experiences within the environment

(experience grounding).



2.2.1 Simulation Environments

The development of embodied agents has been greatly facilitated by simulation platforms
like AI2-THOR [125], Habitat [225, 248|, iGibson [233, 139, and others [206, 60, 74, 76].
These environments allow for scalable training and testing, often incorporating procedural
generation [61, 286] to improve robustness and aid sim-to-real transfer [252, 60, 68]. Some
simulators even model human behavior [206, 77, 207|. However, while physical interaction is
well-simulated, realistic simulation of situated verbal communication remains a gap, which

we address later (Section 2.3).

2.2.2 Key Techniques for Embodied Instruction Following
Successfully following instructions in an embodied setting relies on several key capabilities:

e Semantic Scene Representation: Agents require internal models and representations
of their surroundings. Techniques range from vectorized encodings capturing implicit
spatial and semantic information [197, 244, 245, 118| to more structured symbolic scene
graphs [15, 120, 145, 7]. Recent work has focused on semantic maps [32, 223, 24, 182],
which explicitly integrate spatial layouts with object semantics to facilitate planning.
A limitation of many existing map representations is the lack of detailed instance-level
object information, including physical states such as object openness, position, or

orientation, which are crucial for interacting with symbolic planners.

e Hierarchical Policies: Long-horizon tasks involving complex sequences of actions
are often tackled using hierarchical frameworks [64, 247, 180, 127, 52, 131, 16]. These
approaches typically decompose a high-level goal or instruction, often derived from
language, into a sequence of simpler subgoals or sub-tasks [230, 313, 24, 309, 56|.
Explicitly modeling task structure can enable better planning and potential recovery
mechanisms [170, 117]. However, a common limitation in some hierarchical systems is
the reliance on purely reactive policies for low-level action execution, which can lack
foresight and struggle with complex interactions or recovery scenarios compared to

more deliberative planning approaches.

e Symbolic Planning: Classical planning techniques [4, 71, 114, 72| offer systematicity,
interpretability, and the ability to reason over long horizons. There is growing interest
in bridging these symbolic methods with learned representations derived from language
[231, 296, 236, 175] or vision [134, 282|. However, challenges remain in effectively
combining high-level goal understanding (e.g., from LLMs) with detailed, perception-

grounded world states and robust, multi-level planning algorithms specifically tailored
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for embodied interaction challenges like object search, partial observability, and failure

recovery.

Our Contributions: Part II of this dissertation presents two complementary approaches to
address the challenges of experience grounding and instruction following in embodied agents.
In Chapter 5, we introduce HiTUT, addressing the problem by learning implicit hierarchical
task structures. It departs from opaque end-to-end models by decomposing tasks and using
a unified transformer to predict sub-goals and actions. This explicit hierarchical modeling
facilitates self-monitoring and backtracking, leading to state-of-the-art performance and
significantly improved generalization on the ALFRED benchmark [234]. HITUT demonstrates
the power of learned hierarchical representations for robust task execution.

Complementing this, Chapter 6 introduces DANLI, a deliberative neuro-symbolic agent
emphasizing explicit world modeling and reasoning. DANLI constructs detailed semantic
maps capturing object instances and states, overcoming limitations of less informative
representations. It integrates language models for high-level understanding with multi-
level symbolic planning for robust, interpretable navigation and interaction, addressing
the limitations of purely reactive policies. We enhance the planner with capabilities for
object search and recovery. Together, HITUT and DANLI advance the state-of-the-art by
demonstrating synergistic ways—through learned predicitive policies (HiITUT) and explicit
symbolic planning (DANLI)—to achieve more effective, robust, and interpretable grounding

of language instructions in complex embodied actions.

2.3 Interactive Visual Assistants and Situated Communi-

cation

The ultimate goal for many multimodal systems is to act as helpful assistants, collaborating
with humans in real-world tasks. This requires moving beyond static grounding to dynamic,
interactive communicative grounding, where the assistant understands the user’s context
from potentially streaming visual input (e.g., egocentric video) and provides timely, relevant

guidance.

2.3.1 Evolution and Challenges of Task Guidance Systems

Task guidance systems have progressed from rule-based approaches [191, 190] to perception-
enabled solutions [136, 218, 168, 268, 224, 21|, significantly boosted recently by powerful
MLLMs [9, 2, 156, 18, 263, 249, 21, 267, 36]. Much research focuses on component skills like
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understanding [273, 107], behavior analysis [50, 90, 104], or mistake detection [227, 135, 198§].
However, several challenges hinder the development of truly interactive, general-purpose

assistants:

¢ Proactive and Timely Interaction: Assistants need to decide when and how to
intervene based on streaming input, anticipating user needs rather than just reacting
to completed actions or errors. Effective proactivity requires understanding the user’s
progress within a task and predicting potential difficulties or next steps to offer seamless
guidance[181, 186]. Models processing full offline videos [143, 173, 300] are unsuitable
for this real-time interaction dynamic. While online models like VideoLLM-Ounline [36]
represent progress, achieving sophisticated, context-aware proactive decision-making,

especially for complex, long-horizon task guidance, remains an underdeveloped capabil-
ity.

e Data Scarcity: Training robust interactive assistants requires vast amounts of situated,
conversational data that captures the nuances of real-world collaboration grounded
in shared visual context. While the collection of egocentric video data is growing
[90, 227, 91, 50, 104, the data are mainly for capturing the action and activity from the
user, while interaction between the assistant and the user is absent. Recent work relies
on Wizard-of-Oz (WoZ) collection methods [172, 21, 267] to collect such dataset. This
approach typically involves configuring tasks in lab environments and recruiting human
participants to play both roles: the user performs the task while the assistant, provided
with instructions (e.g., a recipe), guides the user via a microphone. This process is
prohibitively expensive and slow to scale, making it difficult to cover the diversity of

tasks, environments, and interaction styles needed.

e Scalable Evaluation: A major challenge in evaluating assistants lies in assessing
their performance within dynamic, user-driven interactive settings. Existing static
benchmarks are typically based on pre-recorded videos, and only focus on isolated
sub-tasks such as environment understanding [273, 107], behavior analysis [50, 90, 104],
or mistake detection [227, 135, 198]. While valuable, these benchmarks are insufficient
for evaluating the overall effectiveness and helpfulness of assistants, particularly in
terms of dialogue quality. More critically, they suffer from a fundamental limitation:
the absence of user interaction makes it impossible to incorporate user feedback or
assess how the assistant’s guidance influences user behavior. As a result, developing
scalable and reliable evaluation methodologies that capture the quality and impact of

the entire interactive process remains a pressing open challenge.
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2.3.2 Synthetic Data and Simulation

To address the data bottleneck, synthetic dialogue generation using LLMs has shown promise
[228, 216, 196, 148, 1, 39|, including generation grounded in visual content [128, 276, 298, 184,
156, 173, 169, 36]. However, generating realistic, proactive assistant-user dialogues specifically
for egocentric task guidance is less explored. Furthermore, while embodied simulators excel
at physics, the simulation of rich, situated verbal interactions within these environments
is nascent [77, 194, 200], leaving a gap in tools for scalable development and evaluation of

communicative grounding.

Our Contribution: Part III of this thesis explores two complementary directions to tackle
the challenges of scalable data collection and evaluation for interactive visual assistants: (1)
synthesizing situated dialogue grounded in real-world video, and (2) simulating interactive
behaviors in virtual environments.

In Chapter 7, we introduce the PROASSIST, a large-scale dataset of proactive assistant-
user dialogues generated from diverse egocentric videos using an LLM-driven pipeline. We also
propose novel metrics specifically for end-to-end evaluation of proactive dialogue generation
from streaming video. We develop an end-to-end MLLM trained on PROASSIST that learns
when and how to speak based on streaming video input. Our contribution here is advancing
the modeling and evaluation of proactive communication for visual task guidance.

In Chapter 8, we present BASIS, a simulation-based framework that enables scalable
generation of situated, interactive training data and automated evaluation of visual assistants.
BASIS simulates interactions between MLLM-powered assistants and users within 3D
environments, directly addressing the data and evaluation bottlenecks. We show that models
trained solely on BASIS’s synthetic data can effectively guide real users. Our contribution is
a novel methodology and platform that systematically bootstraps the development cycle of
interactive visual assistants, making the pursuit of communicative grounding more feasible

and scalable.
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PART I: Language Grounding in Visual Perception

CHAPTER 3

Grounding Large Language Models to Holistic

Segmentation

Building on the foundational motivation for situated language grounding introduced in
Chapter 1, Part I of this dissertation begins by addressing the core challenge of symbol
grounding: connecting linguistic expressions to the rich perceptual details of the visual world.
While recent multimodal large language models (MLLMs) have shown impressive capabilities,
their reliance on coarse bounding boxes often constrains grounding precision. This limitation
hampers fine-grained understanding and interpretability, particularly for amorphous objects,
object parts, or overlapping entities. To bridge this gap, this chapter focuses on advancing
pixel-level visual grounding across diverse semantic granularities, enabling more precise and
holistic understanding. The content of this chapter is based on the work published in CVPR
20241,

3.1 Overview

Multimodal large language models (MLLMs) have received an increasing amount of attention
to address tasks that necessitate non-linguistic knowledge, e.g., perception and reasoning
about the visual world [291, 140|. For fine-grained visual understanding, grounded MLLMs

often learn language-to-object grounding by causal language modeling, where grounded

Yichi Zhang, Zigiao Ma, Xiaofeng Gao, Suhaila Shakiah, Qiaozi Gao, and Joyce Chai. “GROUNDHOG:
Grounding large language models to holistic segmentation.” Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2024 [303].
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Describe the given
! picture in very detail.

In this image, we can see a
boat on the water. There
are inside the
boat. There are also few
people on the rocks. In the
background, there are

trees, I, and Skyl.

! Describe the image briefly. ! Generate a short caption.

A man and alittle girl are __ Two dogs are playing with .

sitting in a shopping cart. astick in a field.

Could you please segment out "laptop What date is shown on the Provide a distinct description for
barely onscreen not apple" in the image? ! calendar? that <PTR>.
Laptop barely onscreen not apple. Feb 2. Blue container with apples.
(b) Referential Expression Segmentation (RES). (c¢) Grounded Visual Question Answering (GVQA). (d) Referential Dialogue (RD).

Figure 3.1: We propose GROUNDHOG, a multimodal large language model that enhances
its text output with pixel-level phrase grounding across diverse semantic granularities. The
figure demonstrates outputs from our model on the four task types we considered in this
work.

objects are captured by bounding boxes as sequences of location tokens. However, bounding
boxes are often inadequate for capturing amorphous entities [26], semantic parts of objects [86],
finer-grained regions with irregular shapes [94], or groups of instances at the same time.
As a result, a single bounding box can often include other irrelevant semantics in order to
engulf the target entities, leading to ambiguity in detection. In addition, the generated box
coordinate lacks interpretability. When the model hallucinates, such as incorrectly predicting
the association between objects and language, it is hard to diagnose whether the problem is
due to the model’s failure to detect the object, or its incorrect alignment of the object with
language.

To address these issues, in this work, we introduce GROUNDHOG, an MLLM developed by
grounding Large Language Models to holistic segmentation. Our goal of language grounding
is to connect text spans that refer to or can be deduced from visual information, termed
as groundable phrases [171], to their corresponding regions of visual entities (Figure 3.1).

GROUNDHOG incorporates a masked feature extractor that takes an input image and a
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Figure 3.2: The model architecture of GROUNDHOG model. Given a set of class-agnostic
entity mask proposals, the masked feature extractor first extracts the feature of each entity as
the visual input of the multi-modal large language model (left). The output hidden states of
the grounding tokens are averaged and used to retrieve the entities to ground, which will be
merged into a single grounding mask for the phrase. Modules are colored by their trainability:
parameter-free operators (grey), frozen (blue), trainable (orange), and partially trainable
(mix).

set of class-agnostic entity mask proposals, and converts each mask’s features into visual
entity tokens for an MLLM backbone. This MLLM then connects groundable phrases to
unified grounding masks by retrieving and merging the entity masks. Compared to previous
grounded MLLMs, GROUNDHOG unlocks unprecedented pixel-level vision-language alignment.
It naturally supports visual pointers as input, and can plug-in-and-play with any choice
of mask proposal networks, e.g., Segment Anything Model (SAM) [123], domain-specific
semantic segmentation models, or user-provided mask candidates. We introduce an enhanced
Mask2Former [42] as our default mask proposal network, which detects regions at multiple
granularities, e.g., instances (things and stuff), semantic parts, and visual text, leading to a
holistic coverage of visual semantics.

To train GROUNDHOG, we curated a Multi-Modal Multi-Grained Grounding (M3G2)
dataset consisting of 2.5M text-image pairs for visually grounded instruction tuning, consisting
of 36 sub-problems derived and augmented from 27 existing datasets. We present extensive
experiments on vision-language tasks that require grounding, including grounded language
generation with minimal object hallucination, language-guided segmentation, visual question
answering with answer grounding, and referential dialog with spatial pointer inputs (Figure
3.1). Our empirical results show that GROUNDHOG, without task-specific fine-tuning, can

achieve superior or comparable performance with previous models that either require fine-

16



tuning or are specialized only for that dataset. In addition, GROUNDHOG has supports

easy-to-understand diagnosis when grounding fails.

3.2 GROUNDHOG Model Architecture

The language grounding task can be succinctly delineated into two fundamental components:
localization and recognition, as established in the literature [239, 312, 171]. Such categorization
not only aids in the identification of object presence (objectness) without reliance on specific
object classes, but also sets the stage for models to be robust in open-vocabulary settings.
Building upon this framework, we formulate the grounding process as an entity segment
selection problem, which involves (1) proposing entity segmentation masks where the masks
encapsulate regions with discernible semantic content, and (2) recognizing the retrieved entities
through the understanding of both visual and language context. Concurrently performing
both tasks is where MLLMs bring a distinct advantage. This decoupled design of entity
mask proposal and language-guided grounding brings several advantages. First, it allows
independent improvement of the mask proposal model and MLLM, where specialized data,
training, and inference setups can be applied. Second, by decoupling language grounding, it
becomes straightforward to determine if a failure is due to the model’s inability to propose
the entity segment, or its misalignment of the object with the language, thus improving
the interpretability of the whole framework. Third, as shown later, when connecting the
two parts to work in tandem in a model-independent manner, the MLLM can benefit from
multiple different vision specialist models in a plug-and-play fashion. In the remainder of

this section, we give details of our model design.

3.2.1 Building Entity Features from Masks

Our approach assumes the availability of a mask proposal model, which is capable of generating
a set of class-agnostic entity masks from an image with high coverage. In contrast to prior
studies that relied on low-level features [154, 199, 38, 48], GROUNDHOG interprets the image
as a collection of entities. The primary challenge then becomes the derivation of effective
visual features to accurately represent these entities. To achieve a complete decoupling of the
MLLM from the mask proposal model responsible for providing the masks, we propose to
condition the entity features solely on the binary masks without using any embeddings from
the mask proposal model. Specifically, the mask corresponding to each entity is employed
to extract patch features from pretrained vision foundation models, such as CLIP [211] and

DINOv2 [192], through a convolutional mask pooling layer [47]. Given that the feature map
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Figure 3.3: GROUNDHOG can take arbitrary spatial prompts that can be resolved by an
interactive segmentation model, such as SAM. The placeholder pointer token <PTR> will be
replaced by the extracted entity features and fed as input to the model.

dimensions are usually smaller than those of the mask proposals, we resize the masks to
match the size of the feature maps prior to pooling. The pooled features are then fed into a
Multi-Layer Perceptron (MLP) network to align with the input embeddings of the MLLM.
We empirically find the combination of CLIP and DINOv2 features yields the best result,
and these features are added to obtain the final input visual entity tokens to the MLLM.

Spatial Prompts Furthermore, for grounded MLLMs to be more broadly applicable, they
must be capable of interpreting multi-modal user inputs, including spatial prompts. Thanks
to the mask model agnostic design, GROUNDHOGcan seamlessly support such inputs. As
demonstrated in Figure 3.3, by applying an interactive segmentation model such as Segment-
Anything (SAM) [123], arbitrary spatial prompts can be translated into binary masks and
processed by the same masked feature extractor we just introduced. This extracted feature

for the pointed entity will replace the pointer token <PTR> placeholder in the textual input.

3.2.2 Language Grounding to Entity Segmentation

Existing box-grounded MLLMs typically append location tokens after the groundable
phrases [40, 199, 38, 292|. However, this method is not readily interpretable. To allevi-
ate this disconnect, we introduce a pair of grounding tokens <GRD> and </GRD> to indicate
the start and end of groundable phrases, with the assumption that grounding these phrases
requires mapping to certain representations of visual entities irrespective of the visual modal-
ity. In Figure 3.2, a sentence can be represented as I see <GRD> two dogs </GRD> on
<GRD> the beach </GRD>, with two distinct visual entities grounded. The representation of
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each groundable phrase, termed as the grounding query, is obtained by adding <GRD> and
</GRD>’s output embedding from the last transformer layer of the MLLM. The representation
is then used to retrieve the entities that the phrase should be grounded to. In particular,
we concatenate the grounding query with the last layer output of each visual entity token,
and use an MLP to predict a scalar score for each entity. Finally, we merge all the mask

proposals into one single mask with pixel-wise maximization:
M, ., = max (Sq . /\/lth,w>
q

where &, is the normalized score of the ¢g-th mask ranging from 0 to 1, and ./T/I\%W denotes
the pixel probability at position (h,w) for the ¢-th mask. Note that a phrase may ground
to multiple entities, thus multiple mask proposals may get a high score simultaneously
and be selected in conjunction. One of the primary benefits of this decoupled design is its
transparency in the selection of entities. Users can easily visualize both the mask proposals
and their respective scores, providing a clear understanding of how a grounding mask is
predicted. This level of clarity and interpretability is a significant advantage, offering users a

tangible insight into the model’s grounding process.

3.2.3 Towards Holistic Entity Mask Proposals

In order to support holistic language grounding to arbitrary segmentations, the entity proposal
should have two essential properties. First, the proposals should strike a delicate balance
in terms of semantic atomicity. While it is possible to merge multiple proposals later to
form multi-entity segmentations, the reverse, i.e., dividing a single proposal into smaller
segments, is not feasible. Therefore, instance segmentation is generally preferred over semantic
segmentation. However, the segmentation should not be excessively fine-grained to the extent
that it compromises basic semantic integrity. Over-segmentation can lead to a loss of the
coherent concept of an entity, which is detrimental to the grounding process. Second, the
entity proposals should have a high coverage of entities, encompassing a diverse range of
granularities. This includes not only tangible objects (things) and amorphous concepts (stuff)
but also extends to sub-components of objects (parts of things) and structured regions such as
areas containing visual text. The ability to propose entities across this spectrum of granularity
is pivotal, as it directly determines the upper bound of the grounding capability of MLLM.

We initiated our study with a Mask2Former model pre-trained on the COCO panop-
tic segmentation dataset. However, preliminary experiments revealed its limitations in

semantic coverage and adaptability to open-world scenarios. To enhance this, we developed
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Model RefCOCO+ PhraseCut ReasonSeg TextVQA-X

Mask2Former 0.867 0.563 0.602 0.137
Mask2Former-+ 0.873 0.624 0.745 0.446

Table 3.1: The average Any-IoU of the proposals on each dataset. The vanilla Mask2Former
is trained on the COCO-Panoptic dataset and our Mask2Former-+ is trained on our combined
dataset. Mask2Former+ obtains a consistent improvement in all scenarios, especially in

non-COCO domains.

Mask2Former-+, an upgraded version designed for multi-grained segmentation. This upgrade
involved creating a diverse dataset by merging annotations from various sources, including
COCO [26], LVIS [93], Entity-v2 [208], Pascal [58], PACO [214] (Figure A.1); MHP-v2 [141]
for human part parsing; and TextOCR [238] for text segmentation. We expanded the model’s
capabilities by adding 50 expert queries each for semantic parts and visual text regions,
alongside the original 200 entity queries. We assessed Mask2Former+’s performance on
1000 images from validation splits from 4 grounding benchmarks, RefCOCO+ [293], Phrase-
Cut [275], ReasonSeg [133], and TextVQA-X [237]. We use the Any-IoU [111] metric for
evaluation, i.e., for each ground truth mask, we extract the most overlapped mask proposals
and compute the IoU, then take the average. As Table 3.1 demonstrates, Mask2Former-+
shows consistent improvements across all domains, particularly in those significantly divergent
from COCO. This highlights its enhanced adaptability and precision in a broader range of
segmentation challenges, providing a good mask proposal model for GROUNDHOG. We refer
to Appendix A.1 for more details of the model and data.

3.3 The M3G2 Dataset

In this section, we introduce M3G2, a Multi-Modal Multi-Grained Grounding dataset con-
sisting of 2.5M text-image pairs for visually grounded instruction tuning, consisting of 36
sub-problems derived and augmented from 27 existing datasets. We re-organize and augment
public datasets of language grounding, visual question answering, referring expression segmen-
tation, and referring expression generation into various forms of visually grounded dialogue
for grounded instruction tuning, outlined briefly in Table 3.2. The dataset is categorized
into four main types: (1) Grounded Image Captioning (GIC), (2) Referential Expression
Segmentation (RES), (3) Grounded Visual Question Answering (GVQA), and (4) Referential
Dialog (RD). We provide illustrated descriptions of our prompt design, accompanied by
examples of each task type as depicted in Figure 3.4. We detail the task schema in the

20



Task Dataset Gr. Ann. Sem. Gran. # Pairs

M B Po S Th Pa G Tx Train

PNG v 7/ o/ v 132k

GCAP Flickr30K-Entity v v v v/ 149k
RefCOCO v 7/ v 113k
RefCOCO+ v 7/ v 112k
RefCOCOg v v/ v 80k

RefCLEF v  / v 105k

RES gRefCOCO 7/ 4 194k
) PhraseCut v / v v v/ 85k
D-Cube v 7/ v v 10k

ReasonSeg v / v v v/ 1k

RIO v 7/ v v 28k

SK-VG v v 23k

VizWiz-G v / o/ v 6k
TextVQA-X v 7/ v 15k

GQA v v /7 v/ 302k

VQs v 4 20k

GVQA g} ikra-BinaryQA v oo v 1k
EntityCount v 7/ v v 7/ 11k
FoodSeg-QA v 7/ v v Tk
LVIS-QA v 7/ o/ v 95k
RefCOCO-REG v v vV V/ 17k
RefCOCO+-REG v v vV V/ 17k
RefCOCOg-REG v v v V 22k
¢RefCOCO-REG v vV VvV V/ 20k
VG-SpotCap v v v Vv Vv / 247k

VTW v v/ 23k

PointQA v 7/ 64k

RD VCR v v 7/ 156k
ShikraRD v Vv v Vv Vv / 2k

SVIT-RD v v v v v/ 33k

Guesswhat v v v/ 193k
VG-RefMatch v v v v v/ 247k
HierText v v/ v 6k

M3G2 (Total) 2.5M

Table 3.2: Summary of datasets included in M3G2. We show the availability of Grounding
Annotations (Box, Mask, and Pointer inputs), the Semantic Granularity (Stuff, Things, Parts,
Groups, and Text), and the number of text-image pairs for training.

following sections and provide the complete sets of templates in Appendix A.2.

3.3.1 Grounded Image Captioning (GIC)

The task of grounded image captioning requires the model to produce a narrative for the visual
scene, and accurately identify and associate the groundable phrases with their respective
binary segmentation masks. The objective of this task is to empower the model to articulate
the scene while acknowledging various visual elements and their spatial interrelations. We
incorporate the Panoptic Narrative Grounding (PNG) [122] and Flickr30K-Entity [203]
datasets. PNG, derived from Localize Narrative [204] and COCO Segmentation [26], provides
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Visual Input Instruction Tuning with Grounded Dialogue Segm. Output

Grounded Image Captioning

[USER] Provide a concise :and informative caption for
the image, focusing on the primary subjects.

1
[ASSISTANT] <GRD> A burger </GRD> and

<GRD> a picllde </GRD> sit on <GRD> a plate </GRD>.

Grounded Visual Question Answering

[USER] Is this vegetarian? Highlight the region in the
picture that supports your answer.

Referential Dialogue
[USER] Please describe <PTR> in the image in a
way that it can be uniquely identified.

[ASSISTANT] <GRD> the sandwich lying at the= ==~~~ F
farthest side of my plate </GRD>. ¢

Figure 3.4: Illustration of the four grounding task types in the M3G2 dataset.

long and detailed narratives with an average of 36.5 words per description. These narratives
are rich in detail, offering a high coverage of the visual content including the background.
Flickr30K-Entity, offering concise captions with box annotations, complements PNG with its
larger vocabulary and finer granularity. The example instruction templates used to construct
the conversation are listed in Table A.3, where we use key words such as "short/briefly" and

"in detail" to distinguish between short and long captioning.

3.3.2 Referring Expression Segmentation (RES)

In contrast to previous tasks, the referring expression segmentation task requires that the
model generates a segmentation mask based on a given referring expression. Besides the
RefCOCO series [293, 179, 151], we have further leveraged existing RES benchmarks [220, 275,
281, 277, 133| for this purpose. We employ the widely used RefCOCO/+ /g datasets [116, 178]
and RefCLEF [220] for single-object RES. gRefCOCO [151] is employed for multi-object and
negative queries. To enhance the visual diversity, we also incorporate PhraseCut [275] and
D-Cube [281] that use an image source different than COCO. Additionally, ReasonSeg [133],
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RIO [210], and SK-VG [277] are included, where a textual context is given and the models need
to not only understand that context, but also equips with a certain degree of commonsense
knowledge to successfully solve the query. To improve the learning efficiency and enhance

contextual understanding, we format queries from the same image into a simulated multi-turn
dialogue (Table A.4).

3.3.3 Grounded Visual Question Answering (GVQA)

The task of grounded visual question answering requires the model to comprehend a question
(with optional pointers) and to produce an answer that is grounded to a binary segmentation
mask that justifies the answer. The goal of this task is to enable natural QA-based interaction
with users and reasoning in the model with grounded explanations. We include 8 datasets
for the grounded VQA task in M3G2. First, we collect and organize some existing datasets
that can directly fit into our grounded vision-language task framework, including VizWiz-
Grounding [34], TextVQA-X [215], GQA [105], VQA [73] and Shikra-BinaryQA [38]. To
further improve the data scale and visual concept coverage, we enlarge the GVQA collection
by re-purposing existing panoptic segmentation datasets with templated instructions and
model responses. Specifically, based on the annotations from LVIS [93] and EntityV2 [208], we
design questions about object presence, object counting, and segment query with a possibly
negative request (i.e. the target object does not exist in the image), for the model to learn to

recognize a diverse set of concepts more faithfully. See example question templates used in
Table A.5.

3.3.4 Referential Dialogue (RD)

The task of referential dialogue requires the model to conduct dialogue communication with
users, especially when conditioned on user-provided spatial prompts. We include various types
of RD in our dataset and the templates used are listed in Table A.6. First, we add several
existing RD datasets such as VIW [317], PointQA [176], VCR [295], ShikraRD [38] and
SVIT [307] without much modifications. We then revisit the RefCOCO series [293, 179, 151|
for referential expression generation, where the referred object is given and the goal is to
generate a unique description that leads to that object. We use the region caption annotations
from the VG dataset [129] for region captioning and a region-matching game. We select a set
of region pointers and several descriptions to provide to the model, and the goal is to match
the pointed regions with the descriptions. We repurpose the GuessWhat dataset [59] to make
it fit into our RD formulation. We also construct a referred text reading task based on the

HierText [161] dataset and enhance the model’s capability of text recognition.
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Single Instance Multi-/No Instance Reasoning

Model RefCOCO RefCOCO+ RefCOCOg gRefCOCO PhraseCut ReasonSeg RIO
val test-A test-B val test-A test-B wval-u test-u val test val test-c test-u

Specialist
MDETR |[111] - - - - - - - - - 53.7 - 44.1 22.0
CRIS [270] 70.5 732 66.1 623 68.1 53.7 59.9 60.4 55.3 - - -
LAVT [287] 727 758 68.8 62.1 684 55.1 61.2 62.1 58.4 - -
ReLA [151] 73.8 765 70.2  66.0 71.0 57.7 65.0 66.0 63.6 - 22.4 - -
PolyFormer [157] 76.0 783 73.3  69.3 746 61.9 69.2 70.2 - - - 48.8 26.8
UNINEXT-H [283] 82.2 834 81.3 725 764 66.2 4.7 76.4 - -
Generalist
LISAzg [133] 741 765 7.1 624 674 56.5 66.4 68.5 - - 44.0
LISA;z (FT) [133] 749  79.1 723 65.1  70.8 58.1 67.9 70.6 - - 52.9 - -
B 785 799 75.7 705 75.0 64.9 74.1 74.6 66.7 54.5 56.2 57.9 33.9

Table 3.3: Results on 7 Referring Expression Segmentation (RES) benchmarks with single
instance queries [116, 178], multi-/null instance queries [151, 275] and reasoning-based queries
[133, 210]. We report cloU for RefCOCO/+ /g and mloU for other benchmarks, respectively.

Flickr30K-E PNG
Model R@Ql1,, R@1 Model AR ARa AR« ARs AR,

PiGLET 659 640 68.6 672 545

ihikrawB ;Z‘ll ;i-g Bz 668 650 694 704 57.7
erretlgg . .
Shikrasp 75.8 76.5 Table 3.5: Phrase grounding results on PNG [84].
g;”etm ?8'3 %523 Model TextVQA-X [mIoU]

® : ' SAB 29.0

i 39.8

Table 3.4: Top-1 box recall results

on Flickr30K-Entity [203]. Table 3.6: Results on TextVQA-X [237] dataset.

3.4 Experimental Results Analysis

We adopt the LLaMA2-7B model [255] as our base LLM, and initialized the weight from
LLaVA-1.5 [153|. For the vision encoders, we use the OpenAl CLIP@336 [211] model
and DINOv2-L/14-reg [54] pretrained checkpoints. Please refer to Appendix A.3 for more

implementation details.

3.4.1 Generalist in Grounded Vision-Language Tasks

We first demonstrate GROUNDHOG’s capabilities as a generalist model for three different
types of grounded vision-language tasks. It’s worth noting that, unlike previous work that
needs dataset-specific fine-tuning on each of the tasks, GROUNDHOG can achieve comparable
performance on all the tasks directly after training on M3G2, i.e., all the reported results

from our model are from a single set of weights without any dataset-specific fine-tuning.
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Model Bleu-4 METEOR CIDEr SPICE F1,,

ShikralgB - - 73.9 - -

Ferretsp 37.0 25.5 76.1 18.3 15.1
Ferret;p 35.1 24.6 74.8 18.0 15.0
B 36.7 26.5 91.3 20.4 32.1

Table 3.7: Grounded Captioning on Flickr30K-Entity [203].

Language Grounding To Segmentation. We start by evaluating the model on language
grounding tasks, which takes text as input and generates segmentation masks as output.
We assess GROUNDHOG on Referential Expression Segmentation (RES) [116] and Caption
Phrase Grounding (CPG) tasks. While traditional RES benchmarks [116, 178| focus on
single-instance referents requiring primarily visual understanding, we expanded our evaluation
to include complex scenarios involving multi-instance or negative queries [275, 151], and
those necessitating common sense reasoning [133, 210]. The results in Table 3.3 show
GROUNDHOG outperforming the generalist model LISA across all benchmarks and achieving
significant improvements over specialist models in multi-instance, null, and reasoning-based
RES tasks. It also performs comparably on the competitive RefCOCO series. For CPG
tasks, which involve grounding all phrases in a caption and demand a deep understanding
of the context for coreference resolution, we first evaluated GROUNDHOG on the Flickr30K-
Entity dataset [203]. Since this dataset only has box annotations, we convert the mask
predictions of our model to box and compute the top-1 box recall following the merged-box
protocol [111]. Despite not specializing in predicting boxes, GROUNDHOG still outperforms
Shikra 7B/13B [38| and is on par with Ferret-7B [292] in a concurrent work (Table 3.4).
Additionally, on the PNG dataset [122] which tests phrase grounding in longer narratives,
GROUNDHOG surpasses the previous state-of-the-art model, PIGLET [85], in all metrics
including average recall of grounding masks and detailed scores for things, stuffs, and singular
and plural entities (Table 3.5).

Grounded Language Generation. Our model excels in generating language that ac-
curately grounds to segmentation masks during user conversations. Quantitatively, we
assess grounded captioning on the Flickr30K-Entity dataset [203], employing standard text
generation metrics such as Bleu-4 [195], METEOR [20]|, CIDEr [259], and SPICE [10] for
language quality; and the F1,) score for grounding accuracy following [292]. As shown in
Table 3.7, GROUNDHOG significantly surpasses existing box-based grounded MLLMs, even

their 13B versions, in both language quality and grounding accuracy. This improvement
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EIPURINA,

Your Pet, Our Passion

Describe the image in detail.

= B

™ fdt In this image, a man wearing a
% 3 watch is playing a game. He is
o holding a white color object.

In the background, we can see
, grass, and sand.

2 i . /—W,«"N:\
! Briefly describe this event. ! Describe this event shortly.
Four dogs are jumping over & A manis jumping off a _ ,\
hurdle. cliffinto“
(a) Grounded short caption generation on (b) Grounded detailed narrative generation on
Flickr30K-Entity. While only box supervisions PNG. GROUNDHOG successfully generalize to
are available for this dataset, GROUNDHOG gen- grounding a novel category watch in the generated

eralize to pixel-level grounding after joint train- caption, which is not included in the 80 categories
ing on M3G2. of PNG annotation.

Figure 3.5: Examples of GROUNDHOG’s performance in grounded image captioning.

PointQApyice VIW

Model Acc Acc
Shikralgg 70.3 85.3
GPT4R0113]3 - 848
Shikra;p - ;

GPT4ROI7B - 81.8
& 72.4 85.5

Table 3.8: Results on PointQA1yice [176] and VTW [317] test sets.

is hypothesized to stem from the diverse task distribution in our M3G2 dataset. We show
some generated captions in Figure 3.5, with a highlight of box-to-pixel generalization (Figure
3.5a) and novel category grounding (Figure 3.5b). Specially, Figure 3.5a highlights that our
model generalize to pixel-level grounding while trained only with box supervision on that
dataset, and successfully generate and ground novel categories unseen during training. See
the Appendix for more examples.

For groundable question answering, we evaluate on the TextVQA-X benchmark [215].
GROUNDHOG outperforms the state-of-the-art specialist model SAB [119] by a significant
margin, as measured by the mean IoU of the predicted mask (Table 3.6).

Spatial Prompt Understanding. For grounded MLLMs, accurately interpreting multi-

modal instructions is essential, particularly in interactive tasks. We evaluated its performance
on two pointer-based QA benchmarks, PointerQAyice [176] and V7IW [317|, which require
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Input Prompt M2F+ Best Match

Figure 3.6: Region caption using the best match proposal from Mask2Former—+ versus from
SAM. Mask2Former+ fails to propose the exact mask of the spire, leading to a less precise
caption.

the model to answer questions guided by spatial prompts, such as bounding boxes. The
model is tasked to generate free-form textual answers in PointerQAryice, and selects from
multiple-choice options in VIW. GROUNDHOG demonstrates superior performance in these
benchmarks, outperforming previous models as shown in Table 3.8. This highlights its
effectiveness in spatial understanding and response accuracy. To further demonstrate the
effectiveness of using SAM for the pointer-to-mask conversion, we show the best-matched
mask proposal from our Mask2Former+ model in comparison to the mask from SAM in
Figure 3.6. While the best match proposal from the Mask2Former+ model includes a broader
area, the SAM-generated mask offers a more precise representation of the specified region,

potentially leading to a more accurate caption.

3.4.2 Trustworthiness and Transparency

Beyond its superior performance as a grounding generalist, we highlight two key improvements

for creating a more trustworthy and transparent agent.

Reduced Object Hallucination. Thanks to the varied task distribution and the inclusion
of negative question-answering samples in M3G2 dataset, GROUNDHOG significantly reduces
object hallucination. We assessed this using the POPE [147] benchmark, which includes
binary questions about object existence across three splits, each with a different object
distribution (with an order of difficulty Random < Popular < Adversarial). Remarkably,
GROUNDHOG consistently outperforms other models in both accuracy and F1 score across

all splits, particularly on the more challenging ones. It shows an absolute improvement of
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Model Accuracy Precision Recall F1 Score Yes (%)

Random

mPLUG-Owl 53.30 51.71 99.53 68.06 96.23
LLaVA 54.43 52.32 99.80 68.65 95.37
MultiModal-GPT 50.03 50.02 100.00 66.68 99.97
MiniGPT-4 77.83 75.38 82.67 78.86 54.83
InstructBLIP 88.73 85.08 93.93 89.29 55.20
Shikra-13B 86.90 94.40 79.26 86.19 43.26
Ferret-13B 90.24 97.72 83.00 89.76 43.26
& 91.03 85.80 96.40 90.79 45.88
Popular

mPLUG-Owl 50.63 50.32 99.27 66.79 98.63
LLaVA 52.43 51.25 99.80 67.72 97.37
MultiModal-GPT 50.00 50.00 100.00 66.67 100.00
MiniGPT-4 68.30 64.27 82.40 72.21 64.10
InstructBLIP 81.37 75.07 93.93 83.45 62.57
Shikra-13B 83.97 87.55 79.20 83.16 45.23
Ferret-13B 84.90 88.24 80.53 84.21 45.63
. 90.13 85.93 93.81 89.70 45.80
Adversarial

mPLUG-Owl 50.67 50.34 99.33 66.82 98.67
LLaVA 50.77 50.39 99.87 66.98 99.10
MultiModal-GPT 50.00 50.00 100.00 66.67 100.00
MiniGPT-4 66.60 62.45 83.27 71.37 66.67
InstructBLIP 74.37 67.67 93.33 78.45 68.97
Shikra-13B 83.10 85.60 79.60 82.49 46.50
Ferret-13B 82.36 83.60 80.53 82.00 48.18
. 86.33 85.93 86.63 86.28 49.60

Table 3.9: Object hallucination results on the POPE [147] benchmark.
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“KWIK E MART”

'

| 1.000 | | 0713 | | 0.352 | | 0.002 |

!i
Sk

Figure 3.7: Illustration of a partially correct grounding. The grounding phrase and the ground
truth mask are shown on the left. The top-4 mask proposals are presented, with highly-scored
masks (green) selected for the merged mask, and low-scored masks (red) excluded. This
illustrates the failure to recognize the word “KWIK” by the MLLM, despite its successful
proposal.

5.2% in accuracy for Popular and 4.0% for Adversarial over the previously best-performing
model. This suggests that our model’s enhanced grounding capability plays a significant role

in mitigating the object hallucination problem.

Explainability and Diagnosability. Another important highlight of GROUNDHOG is its
enhancement of explainability through the decoupled design of entity proposal and selection,
as outlined earlier in section 3.2.2. This is exemplified in the case study illustrated in
Figure 3.7, which illustrates the mask proposal scoring and selective merging process of our
model. We show the top-4 masks, where the higher-score masks are labeled in green while
the lower-score masks are labeled in red. Users can easily interpret that the failure is due
to the incapability of MLLM to recognize the word “KWIK?”, despite it being successfully

localized and proposed as an entity candidate.

3.4.3 Ablation Studies

We performed ablation studies to validate our design decisions, training, and evaluating a
subset of the M3G2 dataset that includes RefCOCO+, Flickr30K, and TextVQA. These cover
a range of visual entities from various image sources and granularities. We start by comparing
our Mask2Former+ with the original Mask2Former for mask proposal effectiveness. As
indicated in Table 3.10, the original Mask2Former performs slightly better on RefCOCO, as
it is developed specificity on COCO object categories. However, Mask2Former+ significantly

surpasses the original in domains with non-COCO entities. Our second set of experiments
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Setups RefCOCO+ Flickr30K TextVQA-X
Mask Proposal Models

Mask2Former 67.1 69.0 9.8

Mask2Former+ 66.6 77.2 34.0
Entity Features

CLIP 59.8 75.0 32.0
DINOv2 62.3 76.3 28.4
CLIP+DINOv2 66.6 77.2 34.0
Grounding Query

<GRD> only 64.4 67.5 34.2
</GRD> only 64.4 77.2 33.5
Sum 66.6 77.2 34.0
Eval Input Resolution

224-480 54.7 67.2 27.6
480-640 65.5 76.7 27.6
800-1024 66.6 77.2 34.0

Table 3.10: Ablation study on model design choices and evaluation setups. Models are trained
on RefCOCO-+, Flickr30K, TextVQA-X and tested on corresponding validation sets.

examined the choice of visual entity features. Although using either CLIP or DINOv2
features alone shows advantages in specific datasets, their combination consistently yields
the best results across all datasets. To obtain a robust grounding query representation, we
experimented with using the output embedding of the <GRD> token, the </GRD> token, and
their sum. We found that the latter approach achieves the best overall results. Finally, we
demonstrate that our decoupling design of the mask proposal model and MLLM allows for
training at a lower resolution (320px) to expedite grounding training, while scaling up the

resolution during evaluation enhances performance.

3.5 Discussion of Limitations

This work, while exciting, has several limitations that we acknowledge and aim to address in
future research. Firstly, the datasets utilized to develop M3G2 consist of a blend of existing
academic datasets. The quality of annotations in these datasets varies significantly, and
they often lack comprehensive coverage of concepts. To enhance training efficiency, applying
data filtering methods could help reduce the size of the dataset without compromising its
effectiveness. Additionally, expanding the vision-language grounding data to a web-scale

could significantly improve the comprehensiveness of grounding learning.

30



Secondly, our current model is limited to processing only single images. Although the
entity-centric approach we adopted could theoretically extend to other modalities like 3D or
video, this potential has not yet been empirically validated. Testing and validating our model
on datasets relevant to these modalities would be a valuable direction for future research. This
step is crucial to understanding the model’s effectiveness across different types of application

scenarios and further improving its usefulness.

3.6 Summary of Findings

This chapter addressed the challenge of fine-grained, pixel-level visual grounding of holis-
tic semantic concepts for Multimodal Large Language Models (MLLMs). We introduced
GROUNDHOG, a novel MLLM architecture designed for segmentation-based grounding, lever-
aging entity mask proposals and a masked feature extraction mechanism to connect language
phrases directly to pixel regions. To facilitate this, we curated the M3G2 dataset, comprising
2.5M image-text pairs across 36 sub-problems, unifying diverse grounding tasks like Grounded
Image Captioning (GIC), Referring Expression Segmentation (RES), Grounded Visual Ques-
tion Answering (GVQA), and Referential Dialogue (RD) under a single framework with rich
mask annotations.

Our experiments demonstrated several key findings:

e Generalist Grounding Capability: GROUNDHOG achieved strong performance
across a variety of grounding benchmarks without task-specific fine-tuning, often
exceeding prior specialist and generalist models, particularly in complex scenarios

involving multiple instances, reasoning, or novel objects.

e Improved Precision and Reduced Hallucination: By grounding to segmentation
masks, GROUNDHOG provided more precise localization compared to box-based methods
and significantly reduced object hallucination as validated on the POPE benchmark
[147], showing the benefit of fine-grained grounding.

e Enhanced Interpretability: The decoupled design of entity proposal and selection
allows for clearer diagnosis of grounding failures, distinguishing between localization
issues (missing proposals) and recognition/alignment errors (incorrect grounding), as

illustrated in our case studies (e.g., Figure 3.7).

In conclusion, this chapter demonstrates the effectiveness of grounding MLLMs to holistic
segmentation for achieving fine-grained, interpretable, and robust symbol grounding. This
work represents a significant step toward bridging language with detailed visual perception in

multimodal systems.
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CHAPTER 4

Language Grounding under Visual Illusions for

Vision-Language Models

Following our exploration of achieving fine-grained, pixel-level visual grounding with
GROUNDHOG in the previous chapter, we now turn to a deeper investigation into the nature
of this grounding. While establishing accurate alignment between language and visual
referents under standard conditions is crucial, a fundamental question remains: how do these
models perceive the world when visual information is ambiguous or potentially misleading,
particularly in ways that consistently affect human perception? Human vision is susceptible
to various illusions, where subjective experience deviates systematically from objective reality.
This chapter delves into this phenomenon within the context of MLLMs!, asking whether
these models exhibit human-like perceptual biases or maintain strict fidelity to the physical
input. The content of this chapter is based on the work published in EMNLP 20232.

4.1 Overview

It’s well established that human perceptual systems are susceptible to visual illusions, which
are defined as “consistent and persistent discrepancies between a physical state of affairs and
its representation in consciousness” [57|. Figure 4.1 shows a well-known example - the checker
shadow illusion [3]. Here, a cylinder on the checker board creates a shadow on the board.
Human viewers are directed to look at the two squares A and B as shown in Figure 4.1a.
To most normal-sighted people, they will perceive that square A is darker than square B.
However, the reality is, the color pixels of A and B are exactly the same, as shown in Figure

1(b). This example demonstrates that while the physical attributes of A and B are the same,

n this chapter, we will use the term VLM (Vision-Language Model) interchangeably with MLLM, as the
models evaluated here are typically referred to as VLM in the literature.

2Yichi Zhang, Jiayi Pan, Yuchen Zhou, Rui Pan, and Joyce Chai. “Grounding Visual Illusions in Language:
Do Vision-Language Models Perceive Illusions Like Humans?”. Proceedings of the 2023 Conference on
Empirical Methods in Natural Language Processing. 2023 [304].
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(a) (b)

Figure 4.1: The checker shadow illusion [3].

from humans’ eyes, they may look different, which may further influence how language is
used to describe these objects.

Motivated by human visual illusion phenomena, recent years have seen an increasing
amount of work in machine visual illusions [81, 82, 100, 246, 162|. These previous works
were solely based on vision, for example, evaluating how the internal representation from a
computer vision model can be used as a proxy of stimulus compared to human’s stimulus
shift under illusions. Most previous experiments were conducted in a case-by-case manner,
without addressing general behaviors through a systematic investigation.

Different from these previous works, this paper studies visual illusion from a new angle, in
the context of language communication. Language comprehension and language production
are tightly linked to how we perceive the visual world. Back to Figure 1(a), when two people
are observing the figure together, due to their likely shared illusion, the expression “the darker
square” will lead to the same reference of square A. But when a human communicates with
a machine, will the machine also interpret “the darker square” as square A? Given the rise
of large vision-language models (VLM), it’s important to understand whether these VLM
models have a similar tendency to visual illusions, and to what degree they may align with
human vision. The answers to these questions will further impact the alignment of the
grounded language communication between humans and machines.

To address these questions, we created a new visual illusion dataset covering five different
categories from the cognitive literature. Based on the dataset, we created a benchmark,
Grounding Visual Illusion in Language (GVIL), which consists of four subtasks: Same-
Difference Question Answering (SameDiffQA), Referential Question Answering (RefQA),
Attribute Question Answering (AttrQA), and Referential Localization (RefLoc) to assess
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machines’ alignment with the human under visual illusions.

We specifically evaluated four state-of-the-art vision-language models: Unified-10 [166],
OFA [264], LLaVA [155] and InstructBLIP [48]. Our results have shown that these four models
mostly do not align with human vision illusions, especially for QA-based tasks. However, for
the RefLoc task, these models (especially ones with larger parameters) have demonstrated an
impressive alignment with humans.

To our knowledge, this is the first work that takes language into consideration to study
machine visual illusion. There are two main contributions of this work. First, this investigation
provides an initial understanding of the alignment between human and machine visual illusions.
Such understanding will enable techniques for a better communicative grounding in situated
language communication and help develop more reliable embodied agents in the future.
Second, unlike using internal representations to explain illusions, language can be used as
a proxy to demonstrate whether and how machine illusions match or mis-match with the
human illusion. This benchmark will not only facilitate computational models for better
human agent alignment, but also provide tools for scientific understanding of visual illusion

in both humans and machines.

4.2 The GVIL Benchmark

To facilitate our investigation, we created a benchmark for evaluating machine visual illusions
in the context of grounded communication. This benchmark is built upon a set of images
with visual illusions. Each image consists of two objects which may look different to humans
but are actually identical in their pixels. This setup has two advantages. First, the definition
of illusion is clear and non-ambiguous, thus it is easy to measure whether the machine has a
similar illusion as humans. Secondly, the multi-object setup naturally supports the evaluation
of language grounding, such as evaluating whether the machine can select the object an
expression grounds to under the illusion (i.e., square A is what "the darker square" grounds

to in Figured.la).

4.2.1 Data Collection

Our dataset encapsulates five distinct types of illusions, each reflecting different elements of
human physiological and cognitive processes [92, 124, 219]. Table 4.1 displays a sample of
each illusion type, along with a detailed description.

These illusions can be categorized into two broad areas: color and geometric illusions. For

color illusions, we adopt the classifications of color constancy, assimilation, and simultaneous
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Color Constancy

The red ship on the left still looks red after applying a blue
filter, the blue ship on the right still looks blue after applying
a red filter, even though the RGB colors of both ships are
the same.

Color Assimilation

The two circles have the same color, while the one on
| the left looks red (due to its neighbor /foreground) and
the one on the right looks orange.

Color Contrast

The two grey circles have the same color, while the one
on the left looks lighter and the one on the right looks
darker.

Geometrical Relativity

on the left looks smaller and the one on the right looks
bigger.

0% The two orange circles have the same size, while the one
o N X
00

Geometrical Perspective

The two people have the same height, while the one
on the left looks shorter and the one on the right looks
taller.

Table 4.1: Example illusion from each category and the corresponding explanations.
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contrast [174]. In terms of geometric illusions, we only included distortions among the four
categories in Robinson’s illusion classification in order to fix the need for a comparative
assessment. The illusions we used to generate our data include Delboeuf [62|, Ebbinghaus,
and Jastrow illusions [109] for relativity, and Miiller-Lyer [187] and Ponzo illusions [205] for
perspective distortion. The following explanations give an overview of the human perception

phenomena underlying each category:

e Color Constancy refers to phenomenon where the color of an object remains constant

perceptually, despite changes in lighting conditions.

e Color Assimilation shows how two adjacent color patches influence each other’s perceptual

appearance, reducing the perceived color difference.

e Color Contrast. The perceived color of an object shifts opposite to the color of its

surroundings

e Geometrical Relativity refers to the distortion in the perceived shape or size of an

object due to the influence of surrounding oobjects.

e Geometrical Perspective reflects the tendency of our visual system to perceive percep-

tually distant objects as larger than nearby ones of the same size.

For each illusion type, we first collected several root images from the literature [253| and
online resources®. We manually identify attributes that can be changed without impacting
the effect of illusion (e.g., the color of objects in geometric illusions, or the position of objects
in color illusions), and edit them to create more illusion instances of the same type, to enrich
the number of images in our dataset. We show some augmentation examples in Figure 4.2.

The statistics of our dataset is shown in Table 4.2. Note that since this dataset is only used
for the evaluation purpose, i.e., to assess machine’s alignment with human in visual illusion,
we chose quality over quantity. The dataset is modest in size as each instance is carefully
selected (or augmented) based on cognitive literature. Nonetheless, our infrastructure is also
designed to foster the continuous development and augmentation of this dataset, allowing
for community contributions, for instance. It will become an important resource to not only
support a better understanding of machine/human visual illusion, but also facilitate the

adaptation of computational models to visual illusions.

4.2.2 Benchmark Tasks

We define four vision-language tasks targeting different model capabilities.

3https://michaelbach.de/ot/
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Figure 4.2: Data augmentation examples for the Ebbinghaus illusion.

Category #Root #Image +#Instance

Color Constancy 3 6 96
Color Assimilation 5 34 544
Color Contrast 3 30 480
3
2

Geometrical Relativity 20 320
Geometrical Perspective 10 160

Total 16 100 1600

Table 4.2: Dataset statistics.

Same-Different Question Answering (SameDiffQA) aims at evaluating the ability of
recognizing illusions. As shown in Figure 4.3, each question concerns a pair of images (IMG1
and IMG2). One image (IMG1) is illusion-free where two objects (blue balls) are identical in
color. The other image (IMG2) is induced with an effect of illusion where two balls appear
in different colors (blue on the left and green on the right) although their pixels are the
same as in IMG1. The model is tasked to answer whether two objects are the same color
for each of the images. From a human’s perspective, the answer would be “Same” to IMG1
and “Different” to IMG2 due to the visual illusion. If the model gives the answer ‘Same” to
IMG1 and “Different” to IMG2, then the answers align with human’s answers and therefore the
model is considered “human-like". If the model gives “Same” to both images, it implies that

the model is faithful to reality and does not perceive the same illusion as humans do. If the
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IMGa (illusion-free) 1 (1MG2 (illusion—induced)\

(& J A J

( Q: Are the two balls the same color or different?

\

IMG1: Same

Q &

IMG2: Different

_____________________________

Humanlike No-Illusion

Figure 4.3: Illustration of the SameDiffQA setup. For each instance, the model is asked
about its perception of an object property across two images, one illusion-free and one
illusion-induced. For valid illusion evaluation, the model must initially identify identical
properties in the illusion-free image.

model answers “Different” to IMG1, it means it lacks basic ability to correctly perceive reality
and these cases are considered not applicable to our illusion evaluation.

While SameDiffQQA focuses on the detection of the presence of illusions, we design three
tasks to examine how well do machines align with humans when communication happens
under the influence of illusions. Since it is reported that models tend to take shortcut by
giving an answer purely based on the text question without looking at the image [89], we
propose a paired test to reduce the evaluation bias. As shown in Figure 4.4, each instance
comes with two images: one original illusion image (IMG1) and one image IMG2 that flips
the objects from the original image (IMG1) in a way that will also invert the answer to the
question.

Specifically, we evaluate the following three aspects:

Referential Question Answering (RefQA) tests the human-likeness of referring to objects
under the illusion. In the question, the object of interest is referred to by a property affected
by the illusion, and the machine is asked to select the object from two options, e.g., select
either left or right for the ball that looks blue, in IMG1 and IMG2.

Attribute Question Answering (AttrQA) tests the human-likeness to describe the

attribute of objects under the illusion. The question is about describing a visual attribute

38



( IMG1 (original) ) [ IMG2 (flipped) )

[ Which ball looks blue, left or right? |
RefQA g

IMGa: Left | IMG2: Right @

[ Is the ball on the left blue or green? ]

AttrQA
IMGi1: Blue | IMG2: Green @
[ Localize the blue ball in the image. ]

RefLoc
G [l 1vc2: [ @
g,' """" _| é| """" _'_ |
B € = &

Humanlike Unlike

Figure 4.4: Illustration of the RefQA, AttrQQA and RefLoc setups. We flip the illusion image
wherein the grounding outcome should also be inverted, to create a pair of images for each
test. Model success requires accurate identification in both original and flipped versions
to align with human responses. Matching human answers signals the model’s capability to
interpret illusions in a humanlike way, while a mismatch indicates otherwise.

(e.g. color) influenced by the illusion of a selected object, and we provide two answer options
to select from.

Referential Localization (RefLoc) tests the human-likeness of localizing the referred
object under the illusion. Given a referential expression that makes sense to humans under the
effect of illusion (but may not be faithful to reality), the model needs to predict a bounding
box for the object the expression is referring to. For each referential query, we consider the
machine’s response to be humanlike only when the pair of responses from the two images
both match with those from human’s. This enforces that a humanlike response from machines
has to be grounded in the illusion image.

To create this benchmark, we annotate the collected illusion images with natural language
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questions and the corresponding answers that humans will give under illusions. To support the
study of language grounding, we also annotate the referring expressions for each of the objects
with the corresponding bounding box, where the expressions are formed under illusions. We
provide several paraphrases for all the language annotations to help the evaluation be more
robust to models that are sensitive to language forms. All the images and corresponding

annotations are verified by at least three human annotators from our team.

4.3 Experimental Setup

Vision-Language Models. To be evaluated on all of the four tasks in GVIL, the model
has to be equipped with the visual question-answering skill and the object localization skill
simultaneously. Among a few candidates, we choose two state-of-the-art models, the Unified-
IO [166] and OFA [264], both of which are trained on a wide range of vision-language tasks,
and achieve impressive performance with a strong zero-shot inference capability on unseen
data. Additionally, we select two recent works that adapt large language models to understand
visual images: the LLaVA [155] and InstructBLIP [48]. These models are interesting to
inspect as they have shown a highly conceptual understanding of the nuance in images, such
as the capability of interpreting jokes, which may also be useful in interpreting illusions.
For each of the aforementioned models, there exists a range of variants in different sizes:
OFA-{Tiny, Base, Large, Huge}, Unified-IO-{Small, Base, Large, XL}, LLaVA-{Vicuna-7B,
Vicuna-13B}, InstructBLIP-{Vicuna-7B, Vicuna-13B}. This allows us to study the impact of

size variations on model’s understanding of visual illusions.

Metrics. Through the experiments, we keep track of the Humanlike rate to measure
the alignment between humans and VLMs, which is the percentage of examples where the
machine gives exactly the same answers as humans. For the SameDiff QA task, we also
compute the No-Illusion rate, which corresponds to the percentage of examples where the
machine consistently considers the objects as the same under both illusion and illusion-free
settings. For examples where the model fails to identify the objects as the same in the
illusion-free image or produces nonsense answers to the questions, we mark them as Not

Applicable (N/A) and exclude them from the illusion recognition assessment.

4.4 Results Analysis

From our experiments, we are interested in investigating the following research questions:

e RQ1: to what extent do VLMs recognize the presence of illusions similar to humans?
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e RQ2: how much do VLMs align with humans when communication happens under the

influence of illusions?

e RQ3: does the degree of alignment between VLMs and human responses vary across

different categories of illusions?

We highlight several of our findings across this three questions in below.

4.4.1 Illusion Recognition

The results of SameDiffQA are shown in Figure 4.5. Relative proportions of "humanlike,"
"no-illusion," and "not applicable (N/A)" responses are represented as green, orange, and
grey bars respectively for each model, which all together account for 100%. First of all,
we notice a large percentage of responses, across all models, fall under the N/A category.
This suggests that these models often cannot even tell that the objects are identical in
the illusion-free image, underscoring the need for improvement in standard vision-language
reasoning capabilities beyond the scope of illusion contexts.

Given the high proportion of N/A responses, one might question the benchmark’s ade-
quacy in reliably reflecting a model’s tendency towards either "humanlike" or "no-illusion".
Excluding the N/A responses, we employed a y*-test and found that 9 out of 12 models
would reject the null hypothesis which posits that the "humanlike" or "no-illusion" responses
are uniformly distributed. In other words, these models do not behave randomly. Refer to
Appendix A for more details. Such findings indicate that, despite certain limitations in their
capabilities, our dataset and experimental design effectively gauge illusion recognition in the
assessed VLMs.

When examining cases where responses are applicable for testing illusion recognition, we
observe that the majority of models are more likely to fail in recognizing illusions (35.4% on
average) than producing humanlike responses (15.6% on average). This discrepancy is most
pronounced in the case of InstructBLIP, where the model predominantly offers 'no-illusion’
answers. Conversely, the Unified-IO XL model stands out as the only model exhibiting a
significant propensity towards humanlike illusion recognition. A further investigation of the
underlying reason that causes this discrepancy would be interesting further work.

To illustrate how the scores evolve with model size, we plot regression lines of “humanlike"
(green) and “no-illusion" (red) rates, respectively. An emerging trend reveals that “humanlike"
scores tend to increase as the model scales, whereas "no-illusion" responses tend to decline.
This finding suggests a positive correlation between model scale and human-machine alignment
under illusions. We hypothesize that this observed trend could be attributed to the enhanced

pattern-recognition capabilities of larger models. These models, arguably, are better suited
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Figure 4.5: Results of SameDiffQA. The number shows the percentage of the answers. Each
cluster represents the distribution over humanlike, no-illusion and N/A answers from a model.
The green and red line correspond to the linear regression of humanlike rate and no-illusion
rate across all the model sizes. Except for OFA-Large, Unified-10-Large, InstructBLIP-13B,
the differences between the humanlike rate and the no-illusion rate are statistically significant
P < 0.005. Details are in Table B.1 Appendix A.

to discern and assimilate patterns present in data generated by humans, which may have
been shaped by the influence of illusions. Consequently, it’s plausible to assume that these

models are progressing towards a more humanlike comprehension of illusions.

Task Model Pearson coeff. p-value
SameDiffOA Un(i)ﬁiglo 83?18 0().635191*
*

frefoA Un(i)ﬁiﬁlo 83?2 00.602524**
%

AttrQA Un(i)ﬁljeéIO 8222: 0691126
*

RejLoc Un?ﬁijzlo 8323 00.603696**

Table 4.3: Pearson’s correlation analysis between the humanlike rate and model size. Statisti-
cally significant results with p < 0.05 and p < 0.1 are marked with ** and *, respectively.

4.4.2 Communication Under Illusion

The results of RefQA, AttrQA, and RefLoc experiments are shown in Figure 4.6, offering

insights into the alignment between machine and human responses under the influence of
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Figure 4.6: Humanlike rate on RefQA, AttrQQA and RefLoc. Each bar represents a different
model size, arranged in ascending order from left to right. Note that LLaVA and InstructBLIP
cannot predict object bounding boxes thus do not have the RefLoc results.

visual illusions. We find that all the VLMs encounter significant challenges in responding to
questions presented under the influence of visual illusions in both RefQ)A and AttrQA. As a
result, the models obtain a maximum humanlike response rate of only 14.0% and 11.2% for
RefQA and AttrQA, respectively. Interestingly, models exhibit much stronger alignment in
the localization task, with the highest alignment of 44.5% achieved by Unified-IO XL. This
indicates that the learned object localization skill aligns better with humans under illusions
compared to the visual question answering skills. Research into the underlying reason behind
this difference might be an interesting future direction.

Notably, we find a positive correlation between scaling up models and the increase of
humanlike rate across different models and tasks, which echoes our earlier observations from

the SameDiffQA experiment. To verify the statistical significance, we conducted Pearson’s
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likeness scores on each illusion category.

correlation analysis for OFA and UnifiedIO models*. As shown in Table 4.3, 6 of the 8 tested
scenarios showed significant or moderately significant positive correlations, with Pearson

coefficients exceeding 0.9. Such results underscore the potential of larger models to enhance

the human-machine alignment of responses across different tasks and illusion contexts.

4InstructBLIP and LLaVA were excluded since at least three data points are needed for the test.
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4.4.3 Delving into Illusion Categories

We provide a more granular analysis by examining each type of illusion, presenting the
humanlike rates for each category in Figure 4.7. The results depicted here are sourced from
the largest model within each model family, namely Unified-IO Huge, OFA Huge, LLaVA
Vicuna-13B, and InstructBLIP Vicuna-13B. Our observation reveals that the perspective
category demonstrates the highest degree of alignment between machines and humans. On
the contrary, color constancy illusions emerge as the category with the least congruity in

relation to human responses.

Attn. on the humanlike choice under illusion Attn. on the humanlike choice w/o illusion
Attn. on the counter-humanlike choice under illusion Attn. on the counter-humanlike choice w/o illusion
60 ~ 53.5 487
1451 474,33 462448
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40 36.0334 352343

19.919.9 19.920.0
20 4

0
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Figure 4.8: Attention weight distribution of OFA models for the RefLoc task.

4.4.4 Understanding the Cause of Illusions

To gain insight into model predictions under the influence of illusions, we analyze the attention
distributions of OFA models in the RefLoc task. Specifically, we compute the attention weight
from the localization query (e.g., "the smaller orange ball") to the object representation of
either a "humanlike" or "counter-humanlike" perception under illusions. As depicted by the
dark blue and light blue bars in Figure 4.8, as the model size increases, attention weights
lean more towards the humanlike selection. This trend is consistent with the humanlike rate
observed for the RefLoc task in Figure 4.6. To determine if this bias stems from the illusion,
we also calculate attention weights for images without the illusion inducer (represented by
orange bars). These weights are nearly equally distributed across both objects, suggesting
that the illusion does indeed influence the model’s attention and biases its predictions similarly
to human perceptions.

Figure 4.9 shows an example using the attention visualization tool [6]. The first image
displays the original illusion image, with two orange balls of identical size while the left ball
seems smaller. The second image is devoid of the illusion inducer, while the third image

artificially enlarges the right orange ball. Attention maps corresponding to the "smaller
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Figure 4.9: Visualization of the attention maps generated by the OFA-Large model for the
RefLoc task. In each row, the input image is shown on the left, and the attention map for
the referential expression "smaller orange ball" is shown on the right. The attention maps
surrounding the object of interest are highlighted for enhanced visibility.

orange ball" query® are shown adjacent to each image. In the original illusion, the model
predominantly focuses on the left ball, aligning with human observations. Without the illusion
inducer, the query becomes ambiguous, leading to a dispersed attention map. However, when
an actual size difference is present, the model’s attention decisively shifts to the correctly
perceived smaller ball on the left. A comparison of these attention maps highlights that while
illusions can steer the model’s attention similarly to humans, its effect is less pronounced

than when a real disparity exists.

4.5 Discussion of Limitations

This work is only the initial attempt to the question and there are many limitations which
we think of as exciting future research directions. First of all, although our experiments
yields some interesting empirical findings, it is not clear why different forms of tasks (e.g.,
QA-based tasks vs. RefLoc) lead to a stark contrast in the results. As these findings may have

implications in future technology that adapt to visual illusions, more in-depth understanding

®We use the second last layer of the OFA large model, as the overall attention score of this layer is the
highest. Attentions from all the heads are averaged.
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of these behaviors will be needed in the future. Second, our benchmark is currently small
in size. It lays an infrastructure for this work. Future efforts to collect more data to form
a centralized repository will be desired for studying visual illusions in both humans and
machines. Third, our investigation is only based on a manually collected dataset for our
intellectual curiosity. The construction of this dataset has the limitations that the effect of
visual illusions are not validated by a wider range of human subjects other than the authors.
While it has motivation in improving situated language communication with embodied agents
in the physical world, how visual illusions play in perceiving and communicating about the

real physical world remains an interesting question.

4.6 Summary of Findings

In this chapter, we investigated the alignment between human and Vision-Language Model
(VLM) perception in the context of visual illusions, focusing on how these perceptual differences
impact grounded language communication. We developed the Grounding Visual Illusion
in Language (GVIL) benchmark, the first benchmark for systematic evaluation of machine
visual illusion via natural language, covering five distinct illusion types (Color Constancy,
Assimilation, Contrast, Geometrical Relativity, Perspective) and four tasks (SameDiffQA,
RefQA, AttrQA, RefLoc).

Our experiments demonstrated several key findings:

e Limited Humanlike Illusion Perception: Overall alignment between VLMs and
human perception under visual illusions was found to be low. On the SameDiffQA task
designed for illusion recognition, models more often responded based on physical reality

("No-Illusion’) than mimicking human perception ("Humanlike’).

e Positive Scaling Effects: A consistent trend was observed where larger VLM models
(with more parameters) exhibited higher 'THumanlike’ rates and lower 'No-Illusion’ rates
across different tasks. This suggests model scale positively correlates with alignment
to human perceptual tendencies, potentially due to better capturing latent patterns

related to human perception in large-scale training data.

e Task-Dependent Alignment: Alignment varied significantly by task. Models
achieved considerably higher "Humanlike’ scores on the Referential Localization (Re-
fLoc) task (up to 44.5% for the best model) compared to Question Answering tasks
(RefQA < 14%, AttrQA < 11.2%). This indicates that visual grounding mechanisms
currently align better with human illusory perception than language-based reasoning

about attributes or references under illusion.
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e Variability Across Illusion Types: The degree of human-VLM alignment differed
depending on the category of visual illusion. Geometrical perspective illusions yielded
generally higher alignment compared to color-based illusions like color constancy,
highlighting that different underlying perceptual phenomena are replicated to varying
degrees by current VLMs.

Through these findings, we hope to raise awareness of the need to assess VLMs beyond
standard benchmarks, particularly concerning phenomena like visual illusions which are
fundamental to human perception yet often overlooked. Failing to account for these differences
risks misalignment between human intentions and Al interpretations during real-world
interactions. While our results hint at improved alignment with larger models, variations in
architecture and training data necessitate further investigation, for which the GVIL benchmark
provides a dedicated resource. Studying model responses to illusions offers a unique lens
into their internal representations and reasoning, treating these perceptual discrepancies as a
tangible case study for the broader challenge of aligning AI with implicit human biases and

shared experiences, akin to aligning with societal values.
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PART II: Language Grounding in Embodied Planning

CHAPTER 5

Hierarchical Task Planning with Unified

Transformers

Having established the foundations of symbol grounding in static images in Part I, we
now turn to the second part of this thesis, which addresses the challenge of experience
grounding—connecting language to sequences of actions within 3D embodied environments.
As emphasized in Chapter 1, understanding language in context often requires agents not
only to perceive, but also to reason, plan, and act based on sensorimotor interactions.
Inspired by the inherently hierarchical nature of human task planning, we propose a unified
transformer model that learns to infer hierarchical task structures from language instructions
and demonstrations, and to ground decomposed sub-goals into executable primitive actions.
The work presented in this chapter is based on our publication in the Findings of ACL-IJCNLP
20211,

5.1 Overview

As physical agents (e.g., robots) start to emerge as our assistants and partners, it has become
increasingly important to empower these agents with an ability to learn new tasks by following
human language instructions. Many benchmarks have been developed to study the agent’s

ability to follow natural language instructions in various domains including navigation [12, 35|,

Yichi Zhang and Joyce Chai. “Hierarchical Task Learning from Language Instructions with Unified
Transformers and Self-Monitoring.” Findings of the Association for Computational Linguistics: ACL-IJCNLP
2021.
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object manipulation [183, 316] and embodied reasoning [55, 87|. Despite recent progress,
learning new tasks through language instructions remains an extremely challenging problem as
it touches upon almost every aspect of Al from perception, reasoning, to planning and actions.
For example, on the ALFRED benchmark for task learning [234], the state-of-the-art system
only achieves less than 10% task success rate in an unseen environment [240], compared
to the human performance of over 90%. Most previous works apply an end-to-end neural
architecture [234, 240, 243| which attempt to map language instructions and visual inputs
directly to actions. While striving to top the leader board for end task performance, these
models are opaque, making it difficult to understand the nature of the problem and the
ability of the agent.

To address this issue, this paper takes a closer look at task learning using the ALFRED
benchmark. In a departure from an end-to-end architecture, we have developed an approach to
learn the hierarchical structure of task compositions from language instructions. As shown in
Figure 5.1, a high-level goal directive (“place a clean mug in the coffee machine”) can be decom-
posed to a sequence of sub-goals. Some sub-goals involve navigation in space (e.g., Goto (Mug),
Goto(Sink)) and others require manipulation of objects (e.g., Pickup(Mug), Clean(Mug) ).
These sub-goals can be further decomposed into navigation actions such as RotateLeft and
MoveAhead, and manipulation actions such as Put (Mug, Sink), TurnOn(Faucet). In fact,
such hierarchical structure is similar to Hierarchical Task Network (HTN) widely used in
AT planning [69]. While this hierarchical structure is explicit and has several advantages in
planning and making models transparent, how to effectively learn such structure remains a
key challenge.

Motivated by recent work in multi-task learning [159], we decomposed task learning
in ALFRED into three sub-problems: sub-goal planning, scene navigation, and object
manipulation; and developed a model called HITUT (stands for Hierarchical Tasks via
Unified Transformers) that addresses each sub-problem in a unified manner to learn a
hierarchical task structure. On the ALFRED benchmark, HiITUT has achieved the best
performance with a remarkably higher generalization ability. In the unseen environment,
HiTUT achieves over 160% performance gain in success rate compared to the previous state
of the art.

The contributions of this work lie in the following two aspects.

An explainable model achieving the new state-of-the-art performance. By explicitly
modeling a hierarchical structure, our model offers explainability and allows the agent to
monitor its own behaviors during task execution (e.g., what sub-goals are completed and
what to accomplish next). When a failed attempt occurs, the agent can backtrack to previous

sub-goals for alternative plans to execute. This ability of self-monitoring and backtracking
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Figure 5.1: An example task in ALFRED.

offers flexibility to dynamically update sub-goal planning at the inference time to cope with
exceptions and new situations. It has led to a significantly higher generalization ability in

unseen environments.

A de-composable platform to support more in-depth evaluation and analysis. The
decomposition of task learning into sub-problems not only makes it easier for an agent to
learn, but also provides a tool for an in-depth analysis of task complexity and the agent’s
ability. For example, one of our observations from the ALFRED benchmark is that the
agent’s inability to navigate is a major bottleneck in task completion. Navigation actions are
harder to learn than sub-goal planning and manipulation actions. For manipulation actions,
the agent can learn action types and action arguments predominantly based on sub-goals and
the history of actions, while language instructions do not contribute significantly to learning.
The success of manipulation actions also largely depends on the agent’s ability in detecting
and grounding action arguments to corresponding objects in the environment. These findings
allow a better understanding of the nature of the tasks in ALFRED and provide insight to

address future opportunities and challenges in task learning.
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5.2 Hierarchical Tasks via Unified Transformers

As discussed in Section 5.1, task structures are inherently hierarchical, which compose of goals
and sub-goals. Different sub-goals involve tasks of different nature. For example, navigation
focuses on path planning and movement trajectories, while manipulation concerns more about
interactions with concrete objects. Instead of end-to-end mapping from language instructions
to primitive actions [234, 240, 243|, we decomposed task learning into three separate but
connected sub-problems: sub-goal planning, scene navigation, and object manipulation, and
developed a model called HITUT (stands for Hierarchical Tasks via Unified Transformers)

to tie these sub-problems together to form a hierarchical task structure.

5.2.1 Task Decomposition

We first introduce some notations to describe the task and the model. There are three types

of information:

- Language (£). We use G to denote a high-level goal directive, e.g., “place a clean mug in

the coffee machine” and I; to refer to a specific low-level language instruction.

- Vision (V). It captures the visual representation of the environment.

- Predicates (P). Symbolic representations are defined to capture three types of predicates:
sub-goals (sg), navigation actions (a™), and manipulation actions (a™). Each sg has two parts
(sg™Pe) sg*9) where sg'?* is the type (e.g., Goto) and s¢g®? is the argument (e.g., Knife).
Each a™ specifies a type (a"-"P¢) of action, from {RotateLeft, RotateRight, MoveAhead,
LookUp, LookDown}. Each a™ has also two parts (a™-"P¢, a™-%"9) where a™-"P¢ is the

action type (e.g., TurnOn); a™-%"9 is the action argument (e.g., Faucet).

Sub-Goal Planning. Sub-goal planning acquires a sequence of sub-goals sgy,--- , sg, to
accomplish the high-level goal G.

We predict the type sg**° and argument sgi"™’

separately to avoid the combinatorial
expansion of the output space. Previous work [108] models sub-goal planning merely from
high-level goal directives without visual grounding. These plans are fixed and thus not robust
to potential failures during execution and variations of the visual environment. To overcome
these drawbacks, our sub-goal planning is done on the fly after the previous sub-goal is
executed in the environment. More specifically, our sub-goal planning objective is to learn a
model (M,,) that takes the visual observation at the current step (v;), the high-level goal

directive (G), and a complete sub-goal history prior to the current step (sg;) to predict the
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current sub-goal as follows:

S3G; £ (ngype’ ngrg) = Msg(vh G, Sg<i>
The predicted sub-goals serve as a bridge between the high-level goal and the low-level

predictions of navigation actions and/or manipulation actions.

Scene Navigation. Navigation sub-goals only require predictions for the types of
navigation actions. The objective is to learn a model for navigation (M,,) which takes the
current visual observation (v;), current sub-goal (sg;), language instruction (I;), and the

navigation action history up to the current step (aZ;) to predict the next navigation action:
t
all £ ai=" = My (v, I, sgi, a ;)

Object Manipulation. For a manipulation sub-goal, in addition to the type and argument
of the action, the model (M,,) also needs to generate a segmentation mask (m;) on the
current visual observation to indicate which object to interact with (i.e., which object the

argument is grounded to):

= My, (v, I;, 59i, a”Z;)

The mask prediction is crucial because the action will not be successfully executed with an

incorrect grounding even if aj* is correctly predicted.

As described above, although the context of the three sub-problems varies, each model has
similar input components from the space of (V, £, P). This similarity inspires us to design

an unified model to solve three sub-problems simultaneously.

5.2.2 Unified Transformers

We leverage the effective self-attention based model [258] to capture the correspondence of
different input sources as shown in Figure 5.2. We first project the input from different
modalities into the language embedding space, and adopt a transformer to integrate the
information together. Multiple prediction heads are constructed on top of the transformer
encoder to make predictions for the sub-goal type and argument, the action type and argument,
and object masks respectively. As the three sub-problems share the similar input form, we

solve them all together using a unified model based on multi-task learning [159].
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Figure 5.2: The structure of HiTUT.

Our model differs from previous works [234, 240| in the following aspects. First, we do
not apply recurrent state transitions, but feed the prediction history as the input to each
subsequent prediction. This may help better capture correlations between predicates and
other modalities. Second, we do not use dense visual features from the scene, but rather the
object detection results. By doing this, we map different modalities to the word embedding
space before feeding them into the transformer encoder, thus taking advantage of the pre-
trained language models. Third, we use a predicate embedding to share linguistic knowledge

between predicate symbols and word embeddings.

Predicate Embedding. We use the term predicates to refer to symbolic representations
including sub-goal types, action types, and their arguments. We map symbols to their
corresponding natural language phrases (e.g., AppleSliced is mapped to a sliced apple).

We then tokenize and embed the tokens using word embeddings, and take the sum of the
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embeddings to obtain the representation of each predicate.

Vision Encoding. We use a pre-trained object detector (Mask R-CNN [97]) to encode
visual information. Instead of dense features, we simply use the detection results (class labels,
bounding box coordinates and confidence scores) as visual features. Specifically, we use the
top K detected objects with a confidence score higher than 0.4 to form the visual features.
The object class labels share the same space with object arguments, thus can be embedded
into the same space. The position information of an object is encoded by a 7-dimensional
vector consisting of its coordinates, width and height of the bounding box and its confidential
score. This vector is first mapped to the same dimension as word embeddings by a liner

transformation, then added to the class embedding to form the final object representation.

Object Grounding. HiTUT does not generate masks by itself. Instead it chooses an object
from the K input objects and uses the corresponding mask generated by the object detector.
This method makes use of the strong prior learned from object detection pre-training, so
the model can focus on learning the grounding task. A drawback is that the object detector
cannot be improved during training, and the performance of the detector determines the
upper bound of our model’s grounding ability. We leave the exploration of more robust

grounding method for future work.

Posture Feature We use an additional posture feature to assist scene navigation, which
includes the agent’s rotation (N, S, E, W) and its angle of sight horizon (discretized by
15 degree). The positions are embedded and summed up to form the posture feature
representation. The agent maintains its own posture in the form of a relative change to its
initial posture instead of the absolute posture in the environment, thus avoid using additional

sensory data.

5.2.3 Self-Monitoring and Backtracking

These unified transformers trained for sub-problems are integrated together as shown in
Figure 5.3. One important advantage of intermediate sub-goal representations is to facilitate
self-monitoring and backtracking which allows the agent to dynamically adjust the plan to
cope with failures during execution. As shown in Section 5.3, this feature brings out the most

remarkable performance gain compared to the state of the art.

Self-Monitoring. The world is full of uncertainties, and mistakes are inevitable. Based on

the learned model, the agent should be able to monitor its own behaviors and dynamically
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Figure 5.3: Overview of HiTUT where unified transformers for sub-programs are integrated
together.

update its plan when the situation arises. Our explicit representation of sub-goals allows the
agent to self-check whether some sub-goals are accomplished. Particularly for manipulation
sub-goals, it is feasible for the agent to detect their failures by simply monitoring whether all
the manipulation actions are successfully executed. For example, Clean(Mug) cannot succeed
if any of the actions along the path Put (Mug, Sink), TurnOn(Facuet), TurnOff(Facuet),
Pickup(Mug) fail. When the agent detects the failure of a subgoal, for example, as shown in
Figure 5.4 the manipulation sub-goal Pickup(Mug) fails, it can reason about whether the

previous sub-goal (i.e., Goto(Mug)) is successfully achieved.

Backtracking. In classical Al, backtracking is the technique to go back and try an alterna-
tive path that can potentially lead to the goal. As shown in Figure 5.4, when Pickup (Mug)
fails, the agent backtracks to Goto(Mug) and tries a different sequence of primitive actions
to accomplish this sub-goal. In ALFRED, only based on the visual information without
other sensory information (e.g., only observing a mug without knowing how far it is), is it
difficult to check whether a navigation sub-goal is successfully achieved (e.g. whether a Mug
is reachable). So every time after trying a different path for Goto (Mug), the agent will check
whether the subsequent manipulation action Pickup(Mug) is successful. If it’s successful,
the agent will move on to the next sub-goal; otherwise the agent will continue to backtrack
until a limit on the maximum number of attempts is reached. Our explicit representation of
sub-goals makes this backtracking possible and has led to a significant performance gain in

unseen environments.
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Figure 5.4: Ilustration of self-monitoring and backtracking.

5.3 Experiments

5.3.1 Setting and Implementation

Dataset. We follow the train/validation/tests data partition proposed in ALFRED, where
validation and test sets are further split into seen and unseen based on whether the scene is
shown to the model during training. Each sub-goal planning step or a primitive prediction
step forms a data instance for the corresponding sub-problem. The number of data instances

are shown in Table 5.1.

Train Validation Test

Seen Unseen Seen Unseen

#Scenes 108 88 4 107 8
#Demonstrations 6,574 251 255 483 488
#Annotations 21,023 820 821 1,533 1,529
#Sub-goals 162k 6.4k 6.0k - -
#Navi. Actions 983k 39k 35k - -
#Mani. Actions 209k 83k 8.1k - -

Table 5.1: Statistics of data distribution in ALFRED. The number of annotations is equivalent
to the number of tasks in each split.

Pre-training. We employ the pre-training followed by fine-tuning paradigm for both the
object detector and the main model. For the object detector, we use a Mask R-CNN [97]
model pre-trained on MSCOCO [150], and fine-tune it on 50K images collected by replaying
the expert trajectories in the ALFRED train split. As we observe that the model struggles
on detecting small objects together with large receptacles, we train two networks to detect

movable objects and big receptacles separately. We use the pre-trained RoBERTa [160] model
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to initialize the transformer encoder.

Training.  We perform imitation learning (supervised learning) on the expert demon-
strations. The ground-truth labels of sub-goals and primitive actions are obtained from the
metadata. Different input and output labels are organized for each sub-problem respectively
as described in Section 5.2. We use the mask proposal that overlaps the most with the
ground truth mask as the mask selection label if the intersection-of-union is above 50%.
If there is no valid mask proposals, the label is assigned to 0 as an indicator of non-valid
grounding. We optimize the cross-entropy loss between model predictions and the ground
truth. We follow the multi-task training schema in [159] where for each iteration, a batch is
randomly sampled among all the sub-problems, and the model is updated according to the

corresponding objective. More details are in Appendix.

Evaluation Metrics. = ALFRED leverages an interactive evaluation in the AI2-THOR
environment [126]. A task is considered successful if all the goal conditions (e.g. the target
object is placed on a correct receptacle and in a requested state such as heated or cleaned
etc.) are met. Three measures are used: (1) success rate (the ratio of successfully completed
tasks), (2) goal-condition rate (ratio of completed goal conditions), and (3) a weight version
of these two rates which takes into account of the length difference between the predicted

action sequence and the expert demonstrated action sequence [234].

Baselines. We compare HITUT to: (1) Seq2Seq - an LSTM-based baseline model with
progress monitoring proposed in [234]; (2) HAM - a hierarchical attention model over enriched
visual inputs [189], and (3) MOCA - a modular approach which also uses a Mask R-CNN for

mask generation [240| and achieved previous state-of-the-art performance.

5.3.2 Evaluation Results
5.3.2.1 Overall Performance of HiITUT

We first evaluate the overall performance of the proposed framework as shown in Table 5.2.
On the testing data reported by the leader board, in seen environments, HiTUT achieves
comparable performance as MOCA. However in unseen environments, HITUT outperforms
MOCA by over 160% on success rate. This demonstrates our hierarchical task modeling
approach has higher generalization ability compared to end-to-end models. Self-monitoring
and backtracking enabled by hierarchical task structures allows the agent to better handle

new situations. Remarkably, only based on high-level goal directives (i.e., HITUT (G Only))
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Validation Seen Validation Unseen Test Seen Test Unseen

Model

Success Goal-Cond Success Goal-Cond Success Goal-Cond Success Goal-Cond
Seq2Seq 3.70 (2.10) 10.00 (7.00) 0.00 (0.00) 6.90 (5.10) 3.98 (2.02) 9.42 (6.27) 0.39 (0.80) 7.03 (4.26)
HAM - - - - 12.40 (8.20)  20.68 (18.79)  4.50 (2.24)  12.34 (9.44)
MOCA 19.15 (13.60) 28.50 (22.30)  3.78 (2.00)  13.40 (8.30)  22.05 (15.10) 28.29 (22.05) 530 (2.72)  14.28 (9.99)
HITUT 25.24 (12.20) 34.85 (18.52) 12.44 (6.85) 23.71 (11.98) 21.27 (11.10) 29.97 (17.41) 13.87 (5.86) 20.31 (11.51)
HiTUT (G only) 1841 (7.59)  25.27 (12.55)  10.23(4.54) 20.71 (9.56) 13.63 (5.57)  21.11 (11.00)  11.12 (4.50) 17.89 (9.77)
Human - - - - - - 91.00 (85.80)  94.50 (87.60)

Table 5.2: Task and Goal-Condition success rates. The path length weighted version is in
parentheses. The highest values per column are in bold. "-" denotes scores that are not

reported. G only denotes only using the goal directive during evaluation without any sub-goal
instructions.

)

Yo g B

$ s § F S &
Model & & O & U & &  Avg
o Seq2Seq 32 81 88 8 81 25 100 70
C% MOCA 53 62 87 84 79 51 93 73
HiTUT 81 77 95 100 83 81 97 88
£ Seq2Seq 21 46 92 89 57 12 32 50
% MOCA 44 39 38 8 71 55 11 49
—~ HiTUT 71 69 100 97 91 78 58 81

Table 5.3: Success rates of manipulation sub-goals on validation sets. The highest values per
fold are in bold.

without using any sub-goal instructions, is HITUT able to obtain a success rate of 11%
in unseen environment, achieving 110% performance gain compared to MOCA. This result
indicates that HITUT can learn prior task knowledge from the hierarchical modeling process
and apply that directly in new environment with some success. Nevertheless, our results are
far from human performance and there is still huge room for future improvement.

To have a better understanding of the problem, we also conduct evaluations on sub-goals.
The agent is positioned at the starting point of each sub-goal by following the expert demon-
stration and the success rate of accomplishing the sub-goal is measured. HiTUT predicts first
a symbolic sub-goal representation and then the action sequence to complete the sub-goal. As
shown in Table 5.3, HITUT outperforms previous models on almost all of the manipulation
sub-goals by a large margin. The performance gain is particularly significant in unseen
environment, which demonstrates the advantage of our explicit hierarchical task modeling in

low-level action planning.
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Valid Seen Valid Unseen
#BT Success Goal-Cond  Success  Goal-Cond
No 105 (6.0) 184 (138) 52 (3.0) 135 (111

) )
2 189 (9.9) 27.6 (18.0) 10.2 (5.9) 20.2 (13.6)
4 231 (11.3) 32.9(18.6) 12.9(7.0) 22.7 (12.9)
6 256 (12.0) 35.1 (18.5) 14.5 (7.4) 24.3 (12.3)
8 272 (125) 37.0 (185) 16.2 (7.8) 25.9 (12.1)

Table 5.4: Success rates w.r.t. the allowed maximum backtracking number (#BT).

Seq2Seq  MOCA Our model with different #backtracks

1 2 4 6 8
Seen o1 o4 35 48 56 64 68 70
Unseen 22 32 31 45 53 60 63 65

Table 5.5: Success rate of the navigation sub-goal Goto with backtracking .

5.3.2.2 The Role of Backtracking

We conduct experiments to better understand the role of self-monitoring and backtracking.
We repeat the task-solving evaluation with different limits on the allowed maximum number
of backtracking. The agent only stops when the model predicts to stop (i.e., predicts End) or
it reaches the backtracking limit. As shown in Table 5.4, as the limit increases, the task/goal-
condition success rate increases accordingly. One thing notable is that the gap between
success rates (weighted and unweighted) become larger when more backtrack attempts are
allowed. This is within our expectation because backtracking deviates from instruction
following navigation to goal-oriented exploration, which usually takes more steps than the
expert demonstration.

Since backtracking is particularly targeted to navigation sub-goals Goto (see Section 5.2.3),
we further examine the role of number of re-tries (i.e. backtracks) in completing the sub-goal.
As shown in Table 5.5, HITUT reaches more targets when given more opportunities to

backtrack. The backtracking is most beneficial in unseen environment.

5.3.2.3 Complexity of Tasks

Task decomposition provides a tool to enable better understanding of task complexity and
agent’s ability. To do that, we replace different part of model predictions by the corresponding

oracle sub-goals, actions, or masks, as shown in Table 5.6.
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Valid Seen

Valid Unseen

Method

Success Goal-Cond Success Goal-Cond
HiTUT 25.2 (12.2) 34.8 (18.5) 12.4 (6.8) 23.7 (12.0)
+ Oracle
SG 29.0 (15.6) 39.1 (21.3) 14.0 (7.6) 25.6 (12.7)
N 75.0 (72.7) 78.0 (77.4) 57.9 (60.0) 67.7 (65.2)
SG+N 79.2 (77.8) 84.0 (81.3) 64.2 (64.2) 72.0 (68.1)
SG+N-+M 89.0 (100)  90.0 (100)  80.5 (100)  83.7 (100)
SG+N+GR  99.3 (99.0) 99.4 (99.1) 99.4 (99.3) 99.6 (99.6)

Table 5.6: Success rates of HiITUT with different parts of predictions replaced by oracle
operations with expert demonstrations. N, M, SG and GR denote oracle navigation actions,
manipulation actions, sub-goals and object grounding (i.e., mask generation) respectively.

Using oracle sub-goals improves the success rate for 2%-6% (line SG), showing sub-goal
planning is a relatively easy problem and the agent can perform reasonably well. After
using the oracle navigation actions, the seen and unseen success rates are boosted by an
absolute gain of 50% and 46% respectively (line N), indicating that navigating to reach
target objects is a particularly hard problem and the agent performs poorly. When oracle
sub-goals, navigation actions, and manipulation actions (only symbolic representations) are
given (line SG+N-+M), the task success is bounded by the performance of the pre-trained
object mask generator (i.e., visual grounding of the object). When oracle object masks are
given together with oracle sub-goals and navigation actions (line SG+N+GR) and the agent
only needs to predict symbolic representation of manipulation actions, the performance is
near perfect. These last two lines indicate that predicting the type and the argument of a
manipulation action is a rather simple problem in the ALFRED benchmark while grounding
action arguments to the visual environment remains a challenging task.

We further examine the complexity of learning to solve sub-problems by evaluating the
next-step prediction accuracy given the golden history under different conditions as shown
in Figure 5.5. The models are trained and evaluated with different combinations of input
and different amount of training data. We observe that excluding the visual input does
not hurt performance for sub-goal prediction and manipulation action prediction (shown
by a,b,d,e). This indicates that in ALFRED, pure symbolic planning is often independent
from visual understanding, which is consistent with the findings in [235]. However, this could
be an oversimplification brought by the bias in the dataset rather than a true reflection
of the physical world. For example, next action prediction can be made by remembering

the correlation of predicates instead of reasoning over vision and language, due to the lack
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Figure 5.5: Step-by-step prediction accuracies given the golden sub-goal /action history w.r.t.
the proportion of training data on the unseen validation set. Each solid line corresponds to a
specific input configuration. Dashed lines are the scores obtained using 100% data.
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of diversity of the task environments. Removing language instructions causes a minimal
performance drop of 1%-2% on action prediction tasks, which brings up the question about
the usefulness of language instructions in this benchmark. Furthermore, the prediction
accuracy is above 90% and 98% with only 5% training data for sub-goal and manipulation
planning respectively, while the navigation accuracy is only 82% given all the data. This
again supports the finding that planning and performing navigation actions is a much harder

problem than sub-goal planning and manipulation actions in ALFRED.

5.4 Discussion of Limitations

Despite the significant advancements demonstrated by HiTUT in hierarchical task learning

for embodied instruction following, several limitations remain.

Performance Gap. While HITUT achieved state-of-the-art results on ALFRED at the time,
its absolute success rates, particularly in unseen environments (around 14-20% depending
on backtracking), remain substantially lower than human performance (over 90%). This
highlights the difficulty of the task and indicates significant room for improvement across all

aspects of perception, planning, and execution.

Navigation Bottleneck. Our analysis (Table 5.6) identified navigation as a primary
bottleneck limiting overall task success. Developing more effective navigation modules with

richer spatial representations or specialized architectures is crucial for future improvement.

Grounding Dependency and Limitations. HiTUT relies on a pre-trained object detector
(Mask R-CNN) for visual perception and object grounding. The grounding mechanism simply
selects the best-matching mask proposal from this detector. The overall performance is
inherently capped by the accuracy and robustness of the fixed object detector, which cannot
be improved during HiTUT’s training. Enable end-to-end training of grounding mechanism

is a promising direction to mitigate this issue.

Potential Dataset Biases and Interpretation. The analysis presented in Figure 5.5
raised questions about the ALFRED benchmark itself. The findings suggest that sub-goal
and manipulation action prediction might be less dependent on visual input than expected,
potentially learnable through symbolic correlations alone. Furthermore, the impact of
low-level language instructions on predicting the next action appeared minimal. While

HiTUT effectively leverages the hierarchical structure, these observations suggest that

63



success on ALFRED might partially stem from exploiting dataset regularities rather than
deep, visually-grounded language understanding for every step. This highlights the need for
careful benchmark design and diverse evaluation scenarios to ensure models are developing

truly generalizable grounding capabilities.

5.5 Summary of Findings

This chapter introduced HiTUT (Hierarchical Tasks via Unified Transformers), an approach
designed to improve the ability of embodied agents to learn complex tasks from language
instructions by explicitly modeling hierarchical task structures. The key findings and contri-

butions of this work are:

e Hierarchical Modeling with Unified Transformer: We successfully decomposed
the complex task learning problem on ALFRED into three interconnected sub-problems:
sub-goal planning, scene navigation, and object manipulation, and showed that a unified
transformer was able to address all three sub-problems within a single model, enabling

joint learning of task structures and action policy.

e Effectiveness of Self-Monitoring and Backtracking: The explicit hierarchical
structure enabled the implementation of self-monitoring (tracking sub-goal completion)
and backtracking mechanisms. Allowing the agent to re-attempt failed sub-goals,
particularly navigation, substantially boosted task success rates, especially in novel

environments where initial plans are more likely to fail.

e State-of-the-Art Performance and Generalization: HiTUT achieved state-of-
the-art performance on the ALFRED benchmark, significantly outperforming previous
approaches. Notably, it demonstrated remarkably stronger generalization ability, achiev-
ing over a 160% relative improvement in task success rate in unseen environments
compared to the prior best model (MOCA).

e Analytical Insights: The decomposition allowed for in-depth analysis, revealing
that navigation is a major performance bottleneck in ALFRED. It also indicated
that predicting symbolic manipulation actions and arguments is relatively easier than

grounding these arguments to specific objects via mask selection in the visual scene.

In summary, HITUT demonstrated that moving away from purely end-to-end approaches

towards models that explicitly represent and learn hierarchical task structures can lead to
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significant improvements in performance, generalization, and interpretability for embodied in-
struction following. The ability to monitor progress and backtrack provides crucial robustness

for operating in complex, partially predictable environments.
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CHAPTER 6

Deliberative Agent for Following Natural

Language Instructions

In the previous chapter, we demonstrated that hierarchical task learning can significantly
improve the ability to learn complex tasks in challenging embodied environments. While
promising, end-to-end neural models that predict primitive actions directly from raw language
and visual inputs often struggle with long-horizon tasks that demand sustained reasoning
and spatial memory. To address this limitation, this chapter explores a neuro-symbolic
approach that integrates 3D spatial-semantic world modeling with symbolic planning, enabling
agents to perform deliberate action planning within an internal symbolic representation of
their environment. This framework supports robust, efficient, and interpretable instruction
following through explicit reasoning about both the environment and task structure. The

work presented in this chapter is based on our publication at EMNLP 2022!.

6.1 Overview

Natural language instruction following with embodied Al agents [30, 11, 250, 209, 234, 193]
is a notoriously difficult problem, where an agent must interpret human language commands
to perform actions in the physical world and achieve a goal. Especially challenging is the
hierarchical nature of everyday tasks, for example, making breakfast may require preparing one
or more dishes (e.g., toast and coffee), each of which requires several sub-tasks of navigating
through the environment and manipulating objects (e.g., finding a knife, slicing bread, cooking
it in the toaster), and even more fine-grained primitive actions entailed by them (e.g., walk
forward, pick up knife). Effectively following such instructions often requires reasoning about

subgoals and reconciling them with the world state and overall goal. However, despite recent

Yichi Zhang, Jianing Yang, Jiayi Pan, Shane Storks, Nikhil Devraj, Zigiao Ma, Keunwoo Yu, Yuwei Bao,
and Joyce Chai. “DANLI: Deliberative Agent for Following Natural Language Instructions.” Proceedings of
the 2022 Conference on Empirical Methods in Natural Language Processing, 2022 [305].
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progress, past approaches are typically reactive [274] in their execution of actions: conditioned
on the rich, multimodal inputs from the environment, they perform actions directly without
using an explicit representation of the world to facilitate grounded reasoning and planning
[197, 302, 230]. Such an approach is inefficient, as natural language instructions often omit
trivial steps that a human may be assumed to already know [313]. Besides, the lack of any
explicit symbolic component makes such approaches hard to interpret, especially when the
agent makes errors.

Inspired by previous work toward deliberative agents in robotic task planning, which apply
long-term action planning over known world and goal states [232, 7, 242, 261|, we introduce
DANLI, a neuro-symbolic Deliberative Agent for following Natural Language Instructions.
DANLI combines learned symbolic representations of task subgoals and the surrounding
environment with a robust symbolic planning algorithm to execute tasks. First, we build
a uniquely rich semantic spatial representation (Section 6.3.1), acquired online from the
surrounding environment and language descriptions to capture symbolic information about
object instances and their physical states. To capture the highest level of hierarchy in tasks,
we propose a neural task monitor (Section 6.3.2) that learns to extract symbolic information
about task progress and upcoming subgoals from the dialog and action history. Using these
elements as a planning domain, we lastly apply an online planning algorithm (Section 6.3.3)
to plan low-level actions for subgoals in the environment, taking advantage of DANLI’s
transparent reasoning and planning pipeline to detect and recover from errors.

Our empirical results demonstrate that our deliberative DANLI agent outperforms reactive
approaches with better success rates and overwhelmingly more efficient policies on the
challenging Task-driven Embodied Agents that Chat (TEACh) benchmark [193]. Importantly,
due to its interpretable symbolic representation and explicit reasoning mechanisms, our
approach offers detailed insights into the agent’s planning, manipulation, and navigation
capabilities. This gives the agent a unique self awareness about the kind of exceptions that
have occurred, and therefore makes it possible to adapt strategies to cope with exceptions

and continually strengthen the system.

6.2 Problem Definition

The challenge of hierarchical tasks is prominent in the recent Task-driven Embodied Agents
that Chat (TEACh) benchmark for this problem [193]. Here, language instructions are instan-
tiated as a task-oriented dialog between the agent and a commander (who has comprehensive
knowledge about the task and environment, but cannot perform any actions), with varying

granularity and completeness of guidance given. We focus on the Execution from Dialog
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Figure 6.1: An example task in TEACh.

History (EDH) setting in TEACh, where the agent is given a dialog history as input, and is
expected to execute a sequence of actions and achieve the goal set out by the commander.
This setting allows us to abstract away the problem of dialog generation, and focus on the
already difficult problem of instruction following from task-oriented dialog.

As shown in Figure 6.1, a task, e.g., Make a Sandwich, may have several subtasks that the
agent must achieve in order to satisfy the overall task goal. The success of a task/subtask is
achieved by meeting a set of goal conditions, such as slicing a bread and toasting two pieces.
At each timestep, the agent receives an egocentric visual observation of the world and the
full dialog history up to that time, and may execute a single low-level action. Actions can
either involve navigation, e.g., to step forward, or manipulation, e.g., to pick up an object.
Manipulation actions additionally require the agent to identify the action’s target object by
specifying a pixel in its field of view to highlight the object. The execution continues until
the agent predicts a Stop action, otherwise the session will terminate after 1000 timesteps or
30 failed actions. At this time, we can evaluate the agent’s completion of the task.

It is worth noting that while we focus on TEACh, our approach is largely transferable
between benchmark datasets and simulation environments, albeit requiring retraining of some

components.

68



Previous Action:

Slice(Bread @) '
Visually Grounded Execution f>
Current
Observation a Place(Knife_1,CounterTop_0)

e -~

Txo X K \
:’ @ Internal Reasoning Process  Completed & Working (0 Planned !
hd 1
1 . .
! (@counterTop 8 ) Internal Representation Update Subgoal Progress Monitoring E
i - Hold(Bread_e) - (@Toaster o \ v sgp: (Knife,isPickedUp) H
- Hold(Plant_@ = ) s I
- (:Iew.(’)Hﬁrlld_ ) =isOn(CounterTop_2) &Q— V sg2: (Bread, issliced) !
i (BreadSliced_@) -isToggledOff ) @—)& Sgs: (BreadSlice,isPlacedTo, Toaster) |
— P . . 1
i ) Egi:’;é:(ﬁged 1 S .(New!)Br‘eadSlice_@] @ 5g4: (Breadslice, isCooked) H
£ 3 . . 1
i i -(New!)Br‘eadSlice_ll Action Planning !
1
! @Bread o &af"h: Place(Knife_1,CounterTop_0) i
i } “isOn(CounterTop @)| (O a;7%: PickUp(BreadSlice_o) !
I ~isPickedUp [ |- (Wew!)issliced ] ~(@© a3%%: GoTo(Toaster_) i
! camera pose © a,%: Place(BreadSlice_@,Toaster_0) !
N ’

________________________________________________________________________________________________

State :=Predicate(Arguments) Subgoal :=(Patient,Predicate,Destination) Action:=ActionType(Arguments)

Figure 6.2: Illustration of our agent’s reasoning process behind a single decision step. After
receiving the current observation, the agent first updates its internal representation (left),
then checks the current subgoal progress (upper right), and plans for the next steps (lower
right). Finally the first action in the plan is popped out and grounds to the agent’s ego-centric
view for execution. In the pop-up boxes we show example object instances with their instance
ids, states and positions in the 3D map. New instances and state changes are labeled in
green. The status for each subgoal and action is labeled in front of it, where the arrows
denote status transitions.

6.3 A Neuro-Symbolic Deliberative Agent

An overview of our neuro-symbolic deliberative agent is shown in Figure 6.2. We first
introduce the symbolic notions used in our system. We use the object-oriented representation
[65] to represent the symbolic world state. Each object instance is assigned an instance ID
consisting of its canonicalized class name and ordinal. We define a state in the form of
Predicate(Arguments) as an object’s physical state or a relation to another object. We
define subgoals as particular states that the agent should achieve while completing the task,
represented by a symbolic form (Patient, Predicate, Destination)?, where the Patient
and Destination are object classes, and the Predicate is a state that can be applied to the
Patient. We define an action in the agent’s plan as ActionType (Arguments) where each
argument is an object instance.

To complete tasks, our agent reasons over a learned spatial-symbolic map representation
(Section 6.3.1) to generate a hierarchical plan. At the high level, it applies a neural language

model to the dialog and action history to predict the complete sequence of completed and

2isPlacedTo is the only predicate with a Destination.

69



future subgoals in symbolic form (Section 6.3.2). For each predicted subgoal, it then plans
a sequence of low-level actions using both the symbolic subgoal and world representations
online, with robustness to various types of planning and execution failures (Section 6.3.3).

Next, we describe how each component works and highlight our key innovations.

6.3.1 World Representation Construction

The reasoning process of an embodied Al agent relies heavily on a strong internal represen-
tation of the world. As shown in Figure 6.2, we implement the internal representation as
a semantic map incorporating rich symbolic information about object instances and their
physical states. We introduce our methods for the construction of this representation in this

section.

3D Semantic Voxel Map As the agent moves through the environment while completing
a task, it constructs a 3D semantic voxel map to model its spatial layout. Following [24], we
use a depth estimator to project the pixels of egocentric observation images and detected
objects to 3D point cloud and bin the points into 0.25m? voxels. The resulting map can
help symbolic planner (Section 6.3.3) break down high-level navigation actions, such as GOTO

Knife_0, to atomic navigation actions such as Forward, TurnlLeft, LookUp.3

Object Instance Lookup Table Everyday tasks can involve multiple instances of the
same object, and thus modeling only object class information may be insufficient.* As shown
in the internal representation update part of Figure 6.2, we store object instance information
for a single task episode in a symbolic lookup table, where each instance in the environment is
assigned a unique ID once observed. These symbols in the lookup table become the planning
domain of the symbolic planner (Section 6.3.3). To collect this symbolic lookup table, we use
a panoptic segmentation model® to detect all object instances in the current 2D egocentric
visual frame. These 2D instance detections are then projected into the 3D map, and we
use each instance’s 3D centroid and size information to match and update existing object
instances’ information in the lookup table®. As the agent moves through the scene and
receives more visual observations, the symbolic lookup table becomes more complete and

accurate.

3See Appendix D.1.2 for more details on path planning.

4For example, when making a sandwich, the agent will likely need to distinguish the top and bottom
pieces of bread to make the sandwich complete.

°As opposed to a semantic segmentation model as used in prior work [32, 182, 24], which can only detect
object class information.

6To perform this update and decide whether a newly detected instance should be merged with an existing
instance or added as a new one, we use a matching algorithm described in Appendix D.1.3.
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Physical State Prediction Additionally, tasks can hinge upon the physical states of
particular object instances. For example, when making coffee, the agent should disambiguate
dirty and clean coffee mugs and make sure to use the clean mug. To recognize the physical
state of each object instance, we propose a physical state classification model where inputs
include the image region of a detected object instance and its class identifier, and the output is
physical state labels for the instance. As classifying the physical state from visual observation
alone can introduce errors, we also incorporate the effect of the agent’s actions into physical
state classifications. For example, the isToggledOn attribute is automatically modified after

the agent applies the ToggleOn action, overriding the classifier’s prediction.

6.3.2 Subgoal-Based Task Monitoring

Due to the hierarchical nature of tasks, natural language instructions may express a mix
of high-level and low-level instructions. In order to monitor and control the completion of
a long-horizon task given such complex inputs, we first model the sequence of high-level
subgoals, i.e., key intermediate steps necessary to complete it.

As shown in Figure 6.3, we apply a sequence-to-sequence approach powered by language
models to learn subgoals from the dialog and action history. At the beginning of each session,
our agent uses these inputs to predict the sequence of all subgoals. Our key insight is that
to better predict subgoals-to-do, it is also important to infer what has been done. As such,
we propose to additionally predict the completed subgoals, and include the agent’s action
history as an input to support the prediction.

To take advantage of the power of pre-trained language models for this type of problem,
all inputs and outputs are translated into language form. First, we convert the agent’s action
history into synthetic language (e.g. PickUp(Cup) — “get cup”), and feed it together with
the history of dialog utterances into the encoder. We then decode language expressions for
subgoals one by one in an autoregressive manner. As the raw outputs from the decoder can
often be noisy due to language expression ambiguity or incompleteness, we add a natural-in,
structure-out decoder which learns to classify each of the subgoal components into its symbolic

form, and transform them to a language phrase as decoder input to predict the next subgoals.

6.3.3 Online Symbolic Planning

Symbolic planners excel at generating reliable and interpretable plans. Given predicted
subgoals and a constructed spatial-symbolic representation, PDDL [4] planning algorithms

can be applied to generate a plan for each subgoal.” These short-horizon planning problems

“See Appendix D.1.5.1 for more details on PDDL planning.
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Figure 6.3: Overview of the subgoal learning process. Figure (a) shows the model architecture.
Figure (b) shows the different input/output configurations we experiment with. Figure (c)
illustrates the decoding process. We first predict completed subgoals and then predict the
future subgoals conditioned on them, where we use different prompts to distinguish different
types of subgoals.

reduce the chance of drifting from the plan during execution. Nonetheless, failures are bound
to happen during execution. A notable advantage of our approach is the transparency of its
reasoning process, which not only allows us to examine the world representation and plan, but
also gives the agent some awareness about potential exceptions and enables the development
of mechanisms for replanning. In this section, we introduce several new mechanisms to make

online symbolic planning feasible and robust in a dynamic physical world.
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Finding Unobserved Objects The agent’s partial observability of the environment may
cause a situation where in order to complete a subgoal, the agent needs an object that has
not been observed yet. In this case, a traditional symbolic planner cannot propose a plan,
and thus will fail the task. To circumvent this shortcoming, we extend the planner by letting
the agent search for the missing object(s). Specifically, during planning, our agent assumes
that all objects relevant to subgoals exist, mocking full observability. If it has not observed
any instance of an object required to satisfy the subgoal, then the agent plans with an
assumed dummy object instance, which is assigned an additional state predicate unobserved.
By incorporating these dummy objects, a plan can still be produced. For example, if the
subgoal is (Mug,isPickedUp) but the agent has not observed a mug, the plan will become
Search(Mug), GoTo(Mug), PickUp(Mug). During execution, the agent is equipped with a
dedicated Search action, which lets the agent explore the environment until an instance of

the target object class has been observed and added to the world representation.®

Search Space Pruning Large object and state search space slows symbolic planner down
and creates unbearable latency to the system, as also found in [7]. We propose to solve this
problem by pruning the search space to only include the relevant object instances. First, the
planner finds all relevant object types for a subgoal predicate. For example, if the subgoal is
to cook an object, then all object classes that can be used to cook (e.g., Microwave, Stove
Burner, Toaster, etc.) are seen as relevant, even if the class is not explicitly stated in the
subgoal. Once relevant object classes are determined, the agent collects relevant instances of
those classes. If there are other instances tied to the state of an instance, they are also deemed
relevant. For example, if an object is inside of a receptacle, that receptacle object instance is
also deemed relevant in the search space. All irrelevant instances are then discarded to speed

up planning.

Action Failure Recovery The ability to detect exceptions is critical, as the agent’s actions
may fail for unexpected reasons. For example, an agent may try to place an object in a
receptacle, but the action fails because the receptacle is full. We can address this by applying
exception-specific strategies; in this case, the agent should try to clear out the receptacle first.
Figure 6.4 shows a decision tree of recovery mechanisms that can be used to handle various
types of these exceptions. If recovery fails, this replanning process repeats until a step limit
threshold is hit, at which point the agent gives up and moves on to the next subgoal. While
we manually define recovery strategies as an initial step, other ways to acquire or learn these

strategies can be explored in the future.

8Details on object search can be found in Appendix D.1.2.
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Figure 6.4: Decision trees for handling exceptions encountered during plan execution. We
term pre-execution errors as infeasible actions that cannot be instantiated in the situation,
and post-execution errors as those when no outcome is observed after the action is executed.
Red boxes denote situations based on the agent’s belief. Green boxes denote exception
handling strategies.

6.4 Experimental Results Analysis

6.4.1 Experimental Setup

We follow the evaluation methods originally proposed for TEACh, reporting metrics for task
completion success and efficiency. First, task success rate is the proportion of task sessions
for which the agent met all goal conditions. Goal condition success rate is more lenient,
measuring the average proportion of goal conditions that were met in each session. Each
metric has a path length weighted (PLW) counterpart, where the agent is penalized if it
takes a longer sequence of actions than the human-annotated reference path. Given a metric
M, the PLW version of M is calculated by Mprw = W x M, where L and L, are the
lengths of the predicted and reference path, respectively. There are also seen and unseen
divisions for each split, where seen and unseen indicate whether the rooms in that division

appear in the train set.

Implementations Our sequence-to-sequence subgoal predictor is implemented by the

BART-Large language model [137]. For depth estimation, we fine-tune the depth model from
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Val Seen Val Unseen Test Seen Test Unseen

Model

Success Goal-Cond Success Goal-Cond Success Goal-Cond Success Goal-Cond
Reactive
ET 8.3 (1.1) 8.7 (3.8) 8.4 (0.9) 6.3 (3.7) 8.8 (0.3) 9.5 (3.0) 7.4 (1.0) 6.1 (3.2)
HET 8.0 (1.2) 10.6 (5.7) 8.6 (1.8) 9.5 (5.6) 9.5 (0.9) 9.4 (4.9) 10.0 (1.7) 9.5 (5.1)
HET-ON 12,6 (34) 169 (10.2) 125 (3.7)  151(95) 114(35) 161 (9.7) 123 (3.1) 148 (9.3)
Deliberative

DANLI-PaP 139 (82) 21.7 (19.5) 149 (6.0) 198 (17.0) 17.3 (74) 19.1 (17.4) 135 (6.2) 188 (18.2)
DANLI (Ours) 16.9 (9.1) 25.1 (22.6) 17.3 (7.2) 23.9 (19.4) 18.6 (9.4) 24.8 (21.9) 16.7 (7.3) 23.0 (20.6)

Table 6.1: Task and Goal-Condition success rates on the TEACh EDH benchmark. The
path-length-weighted version of metrics are in (parentheses). The highest values per column
are in bold.

[24] on TEACh. For object instance detection, we use mask2former [42| as our panoptic
segmentation model and fine-tune CLIP [213] to classify physical states. Lastly, we use Fast
Downward [98] for symbolic planning. More details can be found in the Appendix.

Baselines We compare DANLI to several baselines:

Episodic Transformer (ET): End-to-end multimodal transformer model that encodes
both dialog and visual observation histories, and predicts the next action and object
argument based on the hidden state [197]. We reproduced the results based on the official

code.?

Hierarchical ET (HET): A hierarchical version of ET where low-level navigation actions
are abstracted out by a navigation goal (e.g. GoTo Mug), then predicted by a separate

transformer.

Oracle Navigator (HET-ON): HET with the navigator replaced by an oracle navigator

that can obtain the ground truth target object location from the simulator’s metadata.

DANLI-PaP: A version of DANLI where symbolic planning is replaced by procedures

as programs (PaP), i.e., manually defined rule-based policies following [313].

JARVIS [309]: A neuro-symbolic model similar to DANLI in spirit that also leverages
a language model for subgoal planning and constructs maps for navigation. However,
low-level plans for each subgoal are manually defined instead of being generated by a

symbolic planner.

9https://github.com/alexpashevich/E.T.
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Figure 6.5: Comparison between HET and DANLI of relative success trajectory path lengths
against ground-truth human trajectory lengths. The red dashed line denotes the same length
as human trajectories, thus area to its left corresponds to the proportion of model predictions
that achieved better efficiency than human performance.

6.4.2 Overall System Performance

We compare our agent with baseline models on the EDH task from TEACh in Table 6.1.1°

Success Rate DANLI consistently outperforms all baseline models across both splits in
every task and goal condition success rate metric. It outperforms HET-ON, the best reactive
baseline equipped with an oracle navigator, by a sharp margin, demonstrating the advantage
of our world representation and navigation planning. It also outperforms the deliberative
DANLI -PaP baseline, showing the value of employing existing mature automatic planning
tools in the system rather than handcrafting procedural knowledge for the agent.

As shown in Table 6.2, there is a high variance in the success rate of different task types,
ranging from 10.6% up to 57.4%. The inverse correlation between the task success rate and
the average number of task goal conditions indicates that longer-horizon tasks are more

challenging, as expected.

Efficiency For task completion efficiency, we find that DANLI again outperforms all
baselines in PLW metrics, including HET-ON by over 10% in PLW goal condition success rate.
We further compare the predicted trajectory lengths of our agent with the HET baseline and

10The results are based on the new validation/test split as described in the official TEACh repository
(https://github.com /alexa/teach#teach-edh-offline-evaluation), as the original test sets are not publicly
available. Note that JARVIS is not listed here because their results are based on the original data split,
which is not directly comparable to ours. A comparison with JARVIS on the original validation set is listed
in Table D.1 in Appendix D.2.1.
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DANLI
Task Name #Session Avg. #GCs

SR GC
WaterPlant 61 1.0 57.4 59.3
PutInOne 95 1.9 26.3 38.1
Boil 82 2.2 19.5 29.8
PutAll 90 2.2 26.7 33.0
Coffee 122 2.8 27.9 41.9
CleanAll 114 2.8 12.3 27.3
Toast 201 7.1 154 27.8
Slices 200 7.1 15.5 20.8
CookSlices 243 7.5 11.9 30.2
Breakfast 380 8.7 14.7 21.7
Sandwich 287 9.0 13.9 22.9
Salad 274 10.9 10.6 15.8

Table 6.2: Per task performance on the unseen split. Tasks are sorted in a decreasing order
w.r.t. the number of average goal conditions.

ground truth human data in Figure 6.5. DANLI outperforms HET in efficiency by a large
margin, with 26% of tasks surpassing human efficiency. These results show the superiority of

the deliberative agents in creating both accurate and efficient plans for task completion.

6.4.3 Generalization to New Tasks

To demonstrate the generalizability of our approach, we additionally applied DANLI to the
trajectory from dialog (TfD) subtask of TEACh without re-training any modules. The major
difference between EDH and TfD is the form of inputs given at each timestep. In EDH, the
agent receives the contextualized interaction history (including dialog and physical actions)
up to the current time, while in TfD, the agent is given the full session dialog without context,
and must infer actions to complete the task induced by the dialog (analogous to instruction
following). As shown in Table 6.3, DANLI significantly outperformed both the ET baseline
and JARVIS, achieving success rates up to about 8%, compared to a maximum of 1.8% from

baselines which are specifically trained on the TfD data.
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Valid Seen Valid Unseen

Model SR GC SR ac
ET 102 (0.17) 142 (482) 048 (0.12)  0.35 (0.59)
JARVIS 170 (0.20) 540 (450)  1.80 (0.30)  3.10 (1.60)

DANLI (Ours) 4.97 (1.86) 10.50 (10.27) 7.98 (3.20) 6.79 (6.57)

Table 6.3: Results on the TfD subtask of TEACh.

Valid Seen Valid Unseen
Object Type PQ 5Q RQ PQ 5Q RQ
All 70.65 84.68 80.17 5291 71.90 60.25
Things 71.36 85.11 &81.40 56.37 75.10 64.37
Stuff 65.43 81.77 T71.71 32.95 53.46 36.49

Table 6.4: Performance of our panoptic segmentation model on valid seen and unseen split.
PQ, SQ, RQ are panoptic quality metric, segmentation quality metric and recognition quality
metric originally defined in [122].

6.4.4 Analysis of Submodules
6.4.4.1 Perception Modules

We first perform standard evaluation on the panoptic segmentation and physical state
estimation modules. Note that we do not perform a dedicated evaluation for the depth

estimation model as it is directly adopted from [24] with minimal change.

Panoptic Segmentation In Table 6.4, we report the panoptic segmentation performance
of our model on both validation seen and unseen splits. The significant performance drop on
PQ of about 20% when transferring from seen to unseen room setup indicates the difficulty

in building a more generalized model, which we leave future works to explore.

Physical State Estimation In Table 6.5, we report the performance of our model on both
validation seen and unseen splits. It is worth noting that although our model can perform
well on isDirty state with an accuracy of over 95%, isToggled state only has an accuracy of
77.0 % and 74.7%. After sampling and inspecting data points and the model’s corresponding
predictions, we argue that the performance gap between different states mainly comes from

the difference in the states’ visual saliency. For example, while isDirty state affects almost
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Valid Seen Valid Unseen

State Name

Accuracy Accuracy
All 85.5 85.6
isDirty 95.8 96.5
isFilledWithWater 82.7 86.2
isToggled 77.0 4.7

Table 6.5: Accuracy of our state estimation model on both validation seen and unseen split.
isDirty, isFilledWithWater and isToggled are the physical states that our system needs.

Model Patient Predicate Destination

DANLI 81.1 65.6 76.4
w/o Action History 71.4 60.1 69.5
w/o Actions in Language 73.6 57.4 74.2
w/o Pred. Completed SG ~ 77.8 63.8 76.3

Table 6.6: Subgoal prediction accuracy of DANLI on the validation unseen split, compared
to ablations that do not condition on the action history, language forms of the actions, and
self-predicted completed subgoals.

every part of the object, the effect of isToggled is much more inconspicuous, e.g. isToggled

only affects the color of a small LED light on the CoffeeMachine.

6.4.4.2 Subgoal-Based Task Monitoring

We conduct ablations on our subgoal-based task monitor from the perspective of subgoal

prediction accuracy and overall task completion.

Subgoal Prediction Accuracy In Table 6.6, we examine the subgoal prediction accuracy
of our subgoal prediction module (shown in Figure 6.3). First, we find conditioning on action
history in addition to the dialog history achieves much higher prediction accuracy, suggesting
this is a strong signal for the model to infer the progress and predict which subgoals still need
to be completed in the task. Further, we find that converting actions from unnatural symbols
into language improves the prediction performance, showing the advantage of translating
symbols to natural language inputs when using pre-trained language models. Finally, we show
that conditioning on the model’s predicted completed subgoals also improves the performance

(as opposed to inferring them implicitly).
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Valid Seen Valid Unseen
SR GC SR GC
DANLI 16.9 (9.1) 25.1 (22.6) 17.3 (7.2) 23.9 (19.4)

last subgoal only ~ 16.9 (12.2) 19.0 (21.4) 12.4 (5.6) 12.9 (14.6)
w/o scene pruning  14.9 (8.2) 20.2 (20.3) 11.8 (5.9) 14.2 (15.6)
w/o replanning 14.9 (8.2) 22.5 (20.4) 149 (6.9) 19.0 (17.5)

Model

Table 6.7: Ablation study of components with respect to the end task performance. Last
subgoal only refers to directly working on the last predicted subgoal instead of all predicted
subgoals one after another. Without scene pruning refers to using the planner without search
space pruning. Without replanning refers to disabling replanning from the action failure
recovery strategy.

Task Completion In the second row of Table 6.7, we see the impact of monitoring all
subgoals rather than the current one on the end task performance. In 6 out of 8 metrics,
DANLI , which learns to predict all subgoals throughout the task session, achieves a significant
improvement. A possible explanation of the improvement is that some subgoals can only be
addressed when a previous one is completed,!! while not all subgoals are strictly conditioned

on previous ones.!?

6.4.4.3 Online Symbolic Planning

We also conduct ablations for our online planner, specifically in its capabilities for search

space pruning and action failure recovery.

Finding Unobserved Objects The planner depends heavily on the constructed spatial-
symbolic map, and errors here may cause errors in scene navigation, especially when target
objects are hidden in the environment. As 17.6% of failures are caused by not finding the
target object, we made a further analysis on our agent’s object search performance. We
found that DANLI performs at least one object search action in 11.8% of subgoals across
21.7% of the game sessions. Among these sessions, the success rate is 3.7%, which is far below
the overall success rate of 17.3%. This indicates object search is indeed a big performance
bottleneck. To improve performance, future work may develop stronger methods to locate

missing objects.

UFor example, (BreadSlice, isPlacedTo, Plate) requires (BreadSlice, isSliced) to be achieved
first for bread slices to exist in the domain.
12For example, isSliced(Bread) entails addressing isPickedUp (Bread) along the way.
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Method Plan Search Fail Rate Avg. Runtime

w/0 scene pruning 24.3% 94.64s
w/ scene pruning 9.1% 4.37s

Table 6.8: PDDL planning success rate and average runtime. We set the overall time-out for
domain translation and solution searching to be 120s in our experiments.

Exception: grounding failed ‘ 00.7% (12.1%
Handling: replan 7% (13.1%)

Exception: manipulation failed ‘ 19.59% (1.5%
Handling: replan .5% (1.5%)

Exception: non-existent navi. target 9.0% (5.2%)
Handling: replan

Exception: failed again with replan o o
Handling: exclude and replan 6.1% (0.8%)

Exception: navigation blocked 20.2% %
Handling: update and path replan ‘ ‘ 0.3% (9.0%)

Exception: no room for placing
Handling: clear the receptacle

9.4% (4.9%)

Exception: mani. target unreached
Handling: move closer

‘ 22.0% (11.4%)

Figure 6.6: Distribution of execution exceptions encountered and self-handled by our agent.
The proportions of self-handled exceptions are in parentheses. The results are based on 2708
exceptions encountered in 1078 sessions from the validation unseen split.

Search Space Pruning As seen in Table 6.8, scene pruning sharply improves both planning
success (i.e., the rate at which formed PDDL problems had a solution generated for them)
and the average runtime of the planner, which greatly speeds up online execution. Table
6.7 also depicts task and goal-condition success rates for our model without scene pruning,
showing that scene pruning contributes to DANLI’s success, and that improving PDDL plan

search complexity improves overall task success.

Action Failure Recovery DANLI’s exception handling mechanisms enable it to identify
and recover from exceptions to prevent some types of potential task failures. These mechanisms
work in symbolic space, and are fully interpretable. In Figure 6.6, we show the distribution
of exception types the agent encountered and how it attempted to recover. A major source
of exceptions is the mismatch between the agent’s perceived internal world state to the real
situation. This is because the internal state is updated per timestep, while a generated

plan remains unchanged unless it is not applicable anymore. Typical cases include failure to
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No subgoal predicted 23.3%

Others 18.6%
Target object cannot be reached 17.6%
Interaction failure limit reached 13.6%
Planning failed 13.5%
Interaction failed to be grounded 13.5%

Figure 6.7: Distribution of unrecoverable errors identified by our agent that cannot be
recovered.

ground to the interaction target, being blocked by an obstacle due to the change of estimated
destination, or attempting to navigate to an object that no longer exists. We find that
replanning can handle about half of these failure cases. Within these cases, our proposed
mechanisms for addressing exceptions with receptacle occupancy and object reachability
contribute to around 15% of recoveries. Meanwhile, when a manipulation fails (i.e., no effect
observed) and replanning does not help, our agent can only handle about 12% of these cases.
Future work can apply further analysis and exception handling techniques to mitigate this
type of failure. As shown in the last line of Table 6.7, replanning contributes up to 2.4% of

the overall task success rate.

6.4.5 Failure Analysis

Finally, thanks to the transparent logging of the agent’s internal state and reasoning process,
we can perform a detailed analysis of the agent’s failures. As shown in Figure 6.7, Subgoal
prediction is a major bottleneck (accounting for 23.3% of failures), since the agent only takes
actions for subgoals that are predicted by this module. Most remaining errors are related to
planning and exception handling. Inability to find a plan accounts for 13.5% of failures, since
the agent can only execute actions that it has planned. Meanwhile, 17.6% of failures are
caused by not finding an instance of a planned target object after searching for it. Interaction
and grounding failures, where interaction with the virtual environment fails and the planner’s
exception handling mechanisms fail to resolve the issue, account for a respective 13.6% and
13.5% of errors. Other types of failures are categorized as others, which are typically due to
inaccuracies in the agent’s world representation. We hope the error analysis can help point

out future research directions to improve the agent’s robustness.
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6.5 Discussion of Limitations

Despite the strong results, we are still far away from building embodied agents capable of
following language instructions, and we identify the following major bottlenecks that will
motivate our future work.

As in many embodied agents which apply planning algorithms, DANLI operates in a
closed domain of objects and actions, which requires manually specifying object affordances
as well as state changes caused by actions. This means that if faced with a task involving
new objects and/or predicates, the agent will fail without updating the knowledge base and
re-training perception modules. Moreover, the agent is tied to its action space in the Thor
simulator, and cannot easily acquire new actions. As recent years have seen an exciting
application of large language models for acquiring action plans [8], future work can address
this by exploring the possibility to acquire new objects and actions in this space, including
object affordances and action effects.

Second, the evaluation applied to DANLI is completely automatic and only measures task
completion information. We do not evaluate the safety of the agent’s movements, or the
disruption of its actions to the environment. This evaluation cannot capture a human user’s
trust and confidence toward the agent’s behavior. Before such agents can be brought from
the simulator space into the real world, extensive study will be required to ensure the safety
and respect of human users.

Finally, as most of the work currently is done in the simulated environment, whether the
learned models can be successfully transferred to the physical environment remains a big
question. Sim2real transfer has not been well explored in this line of work on embodied
AI. Furthermore, since real world environment has more uncertainty and noise, it is also
important to study how to build more robust and flexible agents that can handle exceptions
and adapt to new situations. While DANLI is able to handle exceptions to some extent, it
is still limited by the predefined strategies. Integrating dialog-powered exception handling
policies is our next step to extend DANLI.

6.6 Summary of Findings

This chapter introduces DANLI, a deliberative neuro-symbolic agent designed for following
natural language instructions in complex, long-horizon embodied tasks. Motivated by the
limitations of purely reactive approaches, DANLI integrates neural perception and language
understanding with explicit symbolic reasoning and planning. It consists of three key compo-

nents: a neural subgoal predictor that decomposes instructions into symbolic subgoals, neural
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perception models that construct a 3D semantic voxel map for world state representation,
and an online PDDL planner that generates low-level action sequences. Evaluated on the

challenging TEACh benchmark, DANLI demonstrated significant advancements:

e Superior Performance: DANLI substantially outperformed reactive baselines (ET,
HET) and oracle-enhanced reactive baselines (HET-ON) in both task success rate
and goal completion, particularly on the unseen split, showcasing the benefits of
its deliberative approach. It also proved more effective than a procedural baseline

(DANLI-PaP), highlighting the value of automated planning over handcrafted rules.

e Improved Efficiency: The agent achieved higher path length weighted (PLW) scores,
indicating more efficient task completion, with a notable portion of trajectories being

more efficient than human references.

e Generalizability: DANLI showed strong zero-shot generalization to the related TfD

subtask, significantly outperforming baselines trained specifically for it.

e Interpretability and Diagnosability: The neuro-symbolic framework enabled de-
tailed analysis of submodule performance and failure modes. Key bottlenecks identified
included subgoal prediction errors, failures in finding unobserved objects during search,

and interaction/grounding failures not resolved by the recovery mechanisms.

In essence, this chapter demonstrated that integrating explicit symbolic world modeling,
subgoal decomposition, and robust planning provides a powerful mechanism for experience
grounding. DANLI’s success highlights the importance of deliberation and reasoning for
enabling embodied agents to effectively understand and execute complex, language-guided
tasks, paving the way for more capable and transparent Al collaborators. The identified
bottlenecks also highlight critical areas for future improvement in perception, planning, and

€ITor recovery.
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PART III: Language Grounding in Situated Communication

CHAPTER 7

Proactive Assistant Dialogue Generation from

Streaming Egocentric Videos

While the previous parts of this thesis have focused on grounding language in perception
(symbol grounding) and embodied planning (experience grounding), we now turn to the third
level introduced in Chapter 1: communicative grounding in interactive scenarios. Starting
with this chapter, we address the challenge of building proactive Al assistants capable of
providing timely, context-aware guidance to a human user performing physical tasks, based
on a shared egocentric view from the user’s perspective. This problem requires not only
understanding the visual scene and user actions, but also inferring user intent, tracking task
progress, anticipating future needs, and deciding when and what to communicate in real time.
As discussed earlier, the development of such systems is hindered by the lack of suitable
training data and scalable evaluation methodologies. To address this, we explore the use of
large language models (LLMs) to synthesize situated dialogues from annotated egocentric
videos, enabling scalable data curation for training and evaluation. We further propose novel
evaluation metrics and an end-to-end modeling approach to tackle the unique challenges of
proactive dialogue generation from continuous visual streams. The work presented in this

chapter is based on our submission to ACL 2025".

Yichi Zhang, Xin Luna Dong, Zhaojiang Lin, Andrea Madotto, Anuj Kumar, Babak Damavandi, Joyce
Chai, Seungwhan Moon. “Proactive Assistant Dialogue Generation from Streaming Egocentric Videos.” In
submission to ACL 2025.
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Can you help me make a
carrot stir-fry for lunch?

Great choice! Let’s start by
peeling the carrots.

Great work on peeling! Now,
let’s move on to chopping the
carrots so they’ll cook faster.

The board is getting a little
crowded. How about

moving some carrots to the
pan to free up some space?

ﬁ [Ah, nice catch! ]

T T T

Figure 7.1: An example conversation between user and their task assistant. The assistant
receives real-time video streams from the user’s perspective, and provides proactive guidance
to assist with the task. Images excerpted from Ego4D [90].

7.1 Overview

Recent advances in multimodal language models have transformed various aspects of human-
AT interaction |2, 249, 67|. However, developing Al systems capable of providing real-time,
interactive guidance for physical tasks remains a significant challenge [21]. Ideally, as
illustrated in Figure 7.1, such an assistant should proactively guide users through each
step of a task based on a high-level goal, determining both when and how to communicate
through continuous processing of the environment and understanding of task objectives. This
requires the system to handle streaming video inputs while simultaneously managing diverse
user interactions including requests, questions, and comments, and offering timely guidance
upon detecting the completion of each task step. The dual challenge of determining both
appropriate response timing and content through real-time processing of long-horizon video
inputs makes task guidance a particularly complex problem.

Despite significant progress in component technology such as action recognition [50, 90],
mistake detection [227, 267, 135|, and question answering [273, 107|, we are still far from
enabling the holistic ability to generate appropriate dialogue responses for task guidance. Two
major challenges have hindered progress toward this goal: the lack of large-scale and diverse
training data, as existing datasets are primarily constrained by labor-intensive Wizard-of-Oz

setups limited to single domains |21, 267|; and the lack of scalable evaluation frameworks for
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assistant dialogue generation that could serve as efficient proxies for human evaluation to
support rapid and reproducible model comparisons during system development.

To address these limitations, we propose a new problem of proactive assistant dialogue
generation from streaming videos and develop comprehensive resources to approach this
problem. We introduce an automated approach for synthesizing task-oriented dialogues from
well-annotated egocentric video datasets [241, 104, 91, 50, 227|, resulting in PROASSIST—
a large-scale synthetic dialogue dataset containing 30,135 dialogues across 479 hours of
video in cooking, object manipulation, assembly, and laboratory domains. Our method
leverages state-of-the-art large language models |2, 13, 67] to generate realistic assistant-user
interactions, using detailed timestamped video descriptions to maintain temporal alignment.
For systematic evaluation, we propose two complementary automatic metrics: a pairwise
approach based on sentence matching and an end-to-end approach utilizing LLM-as-a-Judge
[310]. Through extensive human studies, we validate both the quality of our synthetic
data and the alignment between our proposed metrics and human judgment, establishing
PROASSISTas a reliable benchmarking resource.

Based on PROASSIST, we develop an end-to-end multimodal large language model (MLLM)
for generating contextually appropriate responses from streaming video inputs. Building upon
the VideoLLM-Online architecture [36], we introduce two key innovations: negative frame
sub-sampling to improve response timing decisions, and iterative progress summarization to
enable efficient processing of long video sequences. Our experimental results demonstrate
the effectiveness of these modeling techniques while providing valuable insights into the

complexities of perceptual task guidance.

7.2 Proactive Assistant Dialogue Generation from Stream-
ing Videos

7.2.1 Problem Definition

The goal of a proactive assistant system is to generate prompt, appropriate, and helpful
guidance from egocentric video streams in real time. We formulate this problem as a streaming
video-to-dialogue generation task. Given a video stream of T frames, our objective is to

generate a sequence of assistant responses si.7 that maximizes the conditional probability:

S1.7 = arg maXH P(s|vr, $14-1, k) (7.1)

t
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Task: Prepare
Seafood Stir-Fry

§ ’

1. Prepare ingredients: [ [1.5s] User: Hi, I want to prepare a seafood stir-fry.

wash and cut fish, crab |15 5] Assistant: Great choice! To start, let's prepare the cutting board. Can you take it out and wash it?
stick, and sausage.

Recipe

2. Prepare vegetables: | [9.55] Assistant: The sink looks full. You can put the pot on the cooker.
wash and cut. | [25.5s] User: How do I wash it?
3. Heat oil in a pan and

Crathttiﬁk’ sausage, and [ [33.5s] Assistant: Now, take out the knife and wash it as well. Make sure it's clean and dry before we start cutting.
vegetables. - - - - -
4. Stir-fry the ingredients|| [48-0s] Assistant: Let's get the ingredients. Can you open the refrigerator and take out the egg, crab stick, and fish?

5. Adjust heat and conti- |_Take out the egg first, we won't be using it for a bit.

nue cooking until done. || [75 5s] User: How do I prepare the crab stick
6. Season and serve.

add ingredients: fish, [ [25.5s] Assistant: Just rinse it with some water and dry it with a towel. We want it clean and dry for cutting. ]

[ [75.5s] Assistant: We will need to wash it thoroughly. Start by opening the package.

Figure 7.2: A cooking task example from PROASSIST, derived from EpicKitchen. The task
goal, recpie and dialogue are generated through our synthetic data curation pipeline (dialogue
partially shown due to space constraints).

where s; represents the assistant’s response at time step ¢ (either a textual message to user
or @ for keeping silence), v; denotes the multimodal input including the video frame and
optional user utterance input, and k represents optional task knowledge (e.g., a recipe). The
task begins when the user provides a goal through text input. When k is provided, we term
this knowledge-conditioned evaluation, reflecting a realistic retrieval-augmented setup for
real-world systems. This formulation requires the assistant to determine both when to speak

and what to say based on current visual context, dialogue history, and task understanding.

7.2.2 PROASSIST: A Synthetic Dialogue Dataset

We now describe our approach for the creation of PROASSIST. We first collect egocentric
videos that are extensively annotated with timestamped user action descriptions from six
public dataset: Ego4D-Goalstep [90, 241|, EpicKitchen [50], HoloAssist [267], Assembly101
[227], EgoExoLearn [104], and WTaG [21]. The annotations are processed into a standardized
format, [t]<description>, where [t] represents a timestamp or time span. Additional
annotations such as high-level task step and error correction labels are similarly formatted
and inserted in chronological order whenever available. This unified representation enables
LLMs to effectively understand ongoing activities at each time step.

Building on these annotations, we design a data curation pipeline consisting of the following
steps:
1. Task Goal and Recipe Generation: We first prompt the LLM to summarize the task
goal and generate a task recipe based on the video descriptions. This skip will be skipped
if the dataset already includes these elements (e.g., WTaG). The generated goal serves as
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the initial user input describing the task, while the recipe supports knowledge-conditioned
evaluation (§7.5.1).
2. Video Pre-Filtering: Non-procedural, multi-tasking, or incompletely annotated videos
are filtered out to ensure dataset quality.
3. Multi-Round Dialogue Generation: Dialogues are generated using three types of user
behavior: no talk (i.e., silent except for giving the goal), talk some (occasional task-related
questions), and talk more (frequent conversational interactions). Inputs include the goal,
video descriptions, and user behavior type. To handle long video descriptions, we adopt
a multi-round generation approach, dividing videos into chunks and generating dialogues
incrementally to stay within the LLM’s context window. Afterward, we prompt the LLM for
a refinement pass to improve dialogue naturalness and coherence. At this step, we generate
10 dialogues per video, distributed across user types in a 2:4:4 ratio.
4. Dialogue Annotation: The generated dialogues are then labeled by LLM, including
assistant intent (instruction, mistake correction, feedback) and response type (responsive or
proactive). Additionally, we also generate a summary of progress at each assistant turn for
the user’s progress so far, which will be used to support the iterative progress summarization
approach (§7.4.3).
5. Automatic Quality Evaluation and Post-Filtering: We perform automatic eval-
uations to ensure the dialogues meet high standards, assessing timing precision, task step
coverage, and assistant responsiveness. Low-quality dialogues are filtered out from the train-
ing set. For the validation split, we retain only the highest-scoring dialogue per user type,
splitting them evenly into validation and test sets. This process removes approximately 25%
of dialogues and 41 hours of video. Final data statistics are shown in Table 7.1.

We leverage LLaMA-3.1-70B-Instruct [67| as the LLM for all the aforementioned steps.
An example dialogue generated through this pipeline is shown in Figure 7.2. More details
including the prompt for each step, data distributions and dialogue examples are available in

the Appendix.

7.3 Evaluation of Proactive Task Assistant

Evaluating interactive dialogue systems is inherently challenging [63], particularly for proactive
task guidance where both response timing and content must be assessed. While direct human
evaluation through system interaction would be ideal, the high cost makes it impractical for
large-scale benchmarking, especially during rapid development cycles. We therefore propose
an offline evaluation framework that enables efficient, automatic dataset-based assessment.

Our framework aims to measure the overall helpfulness of a system’s sequential predictions
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Subset Video Hour #Videos #Dialogues

Ego4dD 136.6 / 11.6 / 13.2 382 /32 /33 3182 /96 / 99
HoloAssist ~ 107.0 / 7.6 / 6.8 1436 /97 / 97 7052 / 291 / 291
EgoExoLearn 68.5 /8.8 /9.4 321 /41 /41 3210 /123 / 123
Assemblyl01  43.1 /6.9 /7.2 756 / 112 / 112 7492 / 336 / 336
EpicKitchens 34.0 /4.2 /4.1 320 /50 / 50 6376 / 150 / 150
WTaG 71/12/13 0/7/7 78 /2121

Total 478.7 3934 30135

Table 7.1: Data statistics of PROASSISTfor train/validation/test splits. More statistics in
Appendix E.1.3.

@m@» Text/Frame Embeddings * Speaking Decision Points
[EOS] [EOS] Assistant : Great ... [EOS] [EOS]

Progress summary includes (1) time elapsed,
(2) task goal, (3) completed steps, (4) other
discussed topics, and (5) current activity.

Assistant:
Assistant: . ﬂ <Progress i+1>
42
Model
System: Youarea || V& D Stream System:_
ot B e progres

A
Approaching
Context Length Limit

Assistant :  Good job ...

Text Embedding / Image Encoder & Projector
4 4
System: You User: Can you

4 | |Assistant: Great
are a proactive | ’ ~ |help me make a ' choice! Let’s start
assistant ... ) ; | |carrot stir-fry? <\ | |by peeling the ...

t=0.58 t=1.0s t=1.58 t=2.0s t=33.55

Assistant: Good
job! Next, wash
the carrots ..

Figure 7.3: Left: Streaming video-to-dialogue generation using VideoLLM-Online. The model
processes live video frames and optional textual inputs to decide whether to speak or remain
silent at designated decision points (yellow stars), and autogressively generates assistant
responses as needed. Learning when to speak faces significant class imbalance due to the
sparsity of speaking frames. Right: Illustration of iterative progress summarization. When
approaching its context length limit, the model generates a concise task progress summary;,
then restarts generation with this summary incorporated into a new system prompt.

s1.r for a video stream vy.p (as defined in Eq.7.1) by comparing them against ground-truth
dialogue §,.7. This comparison is challenging due to the potential long task horizon and the
need to evaluate predictions that may differ from ground-truth in both timing and content.

Below, we introduce two evaluation metrics designed to address these challenges.

Pairwise Evaluation via Sentence Matching Our first metric evaluates system perfor-
mance by matching each predicted utterance with semantically similar and temporally aligned
reference utterances. Based on these matches, we compute three metrics: precision (matched
predictions over total predictions), recall (matched predictions over total references), and F1

(their harmonic mean). To identify optimal matches, we apply bipartite matching based on
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a cost matrix combining both semantic and temporal alignment costs. The semantic cost

between predictions s; and references §; is defined as:

s(i, ) = , )
1 — sim(e(s;),e(5;)) else
where e(+) is the sentence embedding function and sim(-) denotes cosine similarity. The

temporal cost encourages matching with temporally proximate messages:

o Ji—gp sti-je-LR]
d(i, j) =
00 else
where p controls the cost increase rate with time difference, while R and L define maximum
allowable time differences for predictions preceding or following references. We set R < L to
favor earlier predictions, preventing the model from exploiting future frame information. The

final matches are computed using the LAPJVsp algorithm [110] with a weighted sum of both

costs. More details are provided in the Appendix.

End-to-End Evaluation via LLM-as-a-Judge Our ultimate goal is to evaluate the
assistant’s overall usefulness to the user. While the pairwise matching approach approximates
this through prediction-reference similarity, it cannot capture the flexibility of different
guidance strategies. Drawing inspiration from recent LLM-based evaluation approaches
[310, 173|, we propose using LLMs to directly assess the quality of the overall assistance
experience. Given timestamped predictions and reference dialogues, we prompt an LLM to
evaluate system performance across four dimensions: correctness of guidance and feedback,
appropriateness of response timing, efficiency of information delivery, and overall helpfulness.
Each aspect is rated on a 5-point Likert scale from “very poor” to “excellent”. For reliability,
we average scores from three independent runs. The complete evaluation prompt is provided
in the Appendix.

Note that our metrics are generally applicable beyond PROASSISTto any dataset with
ground-truth dialogues. Moreover, the pairwise evaluation can be applied to other streaming
video-to-text tasks requiring joint assessment of timing and content, such as online action

narration (see §7.5.1).
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7.4 Proactive Assistant Dialogue Modeling

Next, we present our exploration into developing a functional proactive assistant dialogue
generation model. We begin with an analysis of existing models to assess their feasibility in
addressing our problem. Then, we describe how we enhance a baseline model with two novel

techniques to enable it to tackle the unique challenges involved.

7.4.1 Feasibility Analysis of Existing Models

Streaming video-to-dialogue generation poses unique modeling challenges to real-time video
processing and online text generation. Most existing MLLMs [149, 173, 300, 146, 185, 96,
271, 269| are designed for offline scenarios where the complete video is available beforehand,
making them unsuitable for our setup. While state-of-the-art proprietary MLLMs [2, 13, 249]
can process interleaved image-text inputs, they suffer from high API latency and often
struggle to determine appropriate response timing [36].

VideoLLM-Online [36] offers a viable baseline for our task, as it specifically handles live-
streamed video inputs. As shown in Figure 7.3, the model processes interleaved video frames
and textual inputs by encoding frames into visual tokens through a frozen pretrained image
encoder and a tunable projector layer. For each frame, it predicts whether to respond at the
last visual token position, generating [EOS] to remain silent or initiating response generation
otherwise. To enable real-time interaction, it employs a compact frame representation of 1-10
tokens, significantly fewer than mainstream MLLMs.

However, VideoLLM-Online faces two key limitations in our task guidance scenario: the
difficulty of learning when to speak due to the sparsity of speaking moments, and the inability
to handle long-horizon tasks due to context window constraints. In the following sections, we

present our enhanced model that addresses these challenges through two novel techniques.

7.4.2 Learning When to Speak under Imbalance

Learning when to speak can be framed as a sequence of binary decisions, where at each step
the model must choose between speaking and remaining silent. We denote frames requiring
responses as positive samples and those requiring silence as negative samples. As shown
in Figure 7.3 (left), the speaking decision points (yellow stars) demonstrate a significant
imbalance, with far more negative samples (predicting [E0S]) than positive ones (predicting
Assistant). This imbalance creates a challenging learning problem, as directly optimizing
cross-entropy on the original distribution leads to a classifier biased toward silence.

We propose Negative Frame Sub-sampling (NFS) to address this challenge. During training,
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we compute gradients only for positive frames and a uniformly sampled subset of negative
frames, comprising a proportion p of total negative samples. The loss remains unchanged
for non-decision positions to maintain response generation capability. This approach can
be efficiently implemented by adjusting the gradient computation mask without modifying
model inputs. Furthermore, dynamically resampling negative samples each epoch ensures all

positions can potentially contribute to learning over time, enhancing model robustness.

7.4.3 Iterative Progress Summarization

Processing long-horizon tasks (e.g., hour-long videos) poses significant challenges for both
training and inference, as the model must track user goals and task progress over long time
period. During training, hardware constraints (e.g., GPU memory) necessitate processing
data in fixed-length sequences of length L, forcing truncation of longer samples®. This
truncation leads to substantial information loss and impairs the model to learn long-horizon
task progressions. During inference, context length limitations prevent the model from
handling tasks that exceed its training context window.

To address these challenges, we introduce Iterative Progress Summarization (IPS), which
enables continuous task tracking through dynamic memory compression. As illustrated in
Figure 7.3 (right), when approaching context length limits, we prompt the model to generate
a concise progress summary that captures key task-relevant information. Generation then
resumes with this summary incorporated into the initial system prompt for the next processing
segment. During training, we preprocess long videos into chunks that fit in the context limit,
with each segment’s progress summary carried forward. Unlike alternative iterative memory
methods that require specialized training protocols [265, 43|, IPS integrates seamlessly with
standard LLM training while enabling our model to process potentially infinite-length video

streams without losing track of task goals and progress.

7.5 Experimental Results Analysis

7.5.1 Experiment Setups

Baseline Task. While we primarily evaluate our model on proactive assistant dialogue
generation, we also include egocentric action narration as a baseline task, where the model
describes the camera wearer’s actions in real-time. Action narration serves as a simpler variant

of streaming video-to-text generation that mainly requires visual perception capabilities. By

2For example, 86% of samples from the Ego4D subset of PROASSISTmust be truncated when L = 4096
and each frame is encoded as 10 tokens.
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Action Narration Dialogue Generation

0.8 1 —— F1
precision
0.6 - recall
0.512
0.4 343
0.2 0.304 0523 0.289
0.22
0.2
0.1
0.0 T T T T T T T T
0.1 0.2 0.3 0.4 0.1 0.2 0.3 0.4

Figure 7.4: Model performance under different speaking decision threshold. The trade-off
between precision and recall exists across both tasks.

comparing performance between action narration and dialogue generation, we can better
understand how well our model handles capabilities beyond visual perception, such as
situational reasoning and progress tracking, which are essential for effective task guidance.
Knowledge-Conditioned Evaluation. We introduce a knowledge-conditioned evaluation
setup where the model receives task-specific instructions (e.g., recipes) as a system prompt
after the user states their goal. This setup mirrors real-world scenarios where assistants
access user-provided recipes or retrieved knowledge to offer guidance.

Speaking Decision Threshold. At inference time, we convert the model’s probabilistic
token predictions into binary decisions using a threshold #: the model remains silent if the
probability of [E0S] exceeds 6. Our experiments show that model performance is highly
sensitive to 6, with a clear precision-recall tradeoff (Figure 7.4). We use the 6 with the highest
validation F1 score 3 for testing.

Model Variants. We implement three variants of VideoLLM-Online, with different number
of visual tokens per frame: I = 1,5,10. The model is intuitively better at visual perception
with more tokens, with a cost of computationally more expensive.

Implementation Details. We use LLaMA-3.1-70B-Instruct [67] for LLM-based evaluation.
We use LLaMA-3.1-8B-Instruct as the backbone and SigLIP-SO400M-14-384 [297] as the
frame encoder for VideoLLM-Online. For training, we adopt a single stage training following
[113, 36], on mixed data of dialogues both with and without knowledge from PROASSIST,
Ego4D online action narration, and some auxiliary vision-language datasets [31, 88, 314]. As

a result, we obtain a single model that can be tested with different setup and tasks. More

3We opt for F1 over LLM metrics due to the computational high cost of running LLM-based evaluations.
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Correctness Helpfulness Alignment Naturalness

All 3.27 079 3.46 o077 291 100 3.54 £0.70
- No Talk 3.27 o070 3.47 o074 2.75 +096 3.32 +0.79
- Talk Some 3.23 +o0s8 3.37 080 2.93 +1.01 3.50 074
- Talk More 3.32 +o079 3.53 £076 3.05 099 3.80 +0.44

HoloAssist-Gen 3.15 091 340 o049 2.65 £091 3.60 £0.73
HoloAssist-Human 2.88 +1.05 2.62 +1.11 2.75 £1.09 2.50 +1.32
WTaG-Gen 3.50 059 3.50 092 3.15+111 3.65 +0.73
WTaG-Human 3.60 £049 3.60 066 3.60 +066 3.60 + 0.66

Table 7.2: Human evaluation of the generated dialogue quality. For HoloAssist and WTaG
where human-collected dialogues are available, we evaluate them using the same approach for
a side-by-side comparison with our generated dialogues.

details in the Appendix.

7.5.2 Dialogue Quality of PROASSIST

To validate PROASSISTas a reliable resource for studying proactive assistant dialogue gen-
eration, we conducted a comprehensive human evaluation of the synthetic dialogues. We
uniformly sampled 100 dialogues from the test split across all six data subsets, covering three
user types (i.e., no talk, talk some, and talk more). Two annotators evaluated each dialogue
along four dimensions using a 4-point Likert scale (1=bad, 2=fair, 3=good, 4=excellent): cor-
rectness of guidance, helpfulness of assistance, alignment with video content, and naturalness
of dialogue (detailed rubrics in Appendix). The evaluation achieved a weighted inter-rater
agreement of 81%, indicating strong consensus. As shown in Table 7.2 (top), the synthetic
dialogues demonstrate consistently high quality, with average scores exceeding 3 across all
dimensions. Notably, dialogue quality correlates with user interaction frequency, with more
interactive dialogues scoring higher, particularly in naturalness.

Direct Comparison to Human Dialogues. To contextualize these results, we additionally
evaluated human dialogues from HoloAssist and WTaG on the same samples, enabling direct
comparison between synthetic and human dialogues. Table 7.2 (middle and bottom) shows
that PROASSIST’s synthetic dialogues match or outperform their human-collected counterparts
across multiple dimensions. This advantage is particularly notable in the HoloAssist subset,
where our generated dialogues achieve significantly higher scores in helpfulness, correctness

and naturalness. Qualitative analysis reveals that human-collected dialogues often contain
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Metric P S Metric A.N. D.G.

F1 0.80 0.67
Precision 0.53 0.42

F1 vs Human 0.35" 0.32"

Overall vs Human 0.47: 0.44:: Rocall 047 0.63
Overall vs F1 0.67 " 0.64
Table 7.4: Match rate
Table 7.3: Pearson and Spearman coef- between human and
ficient between our metrics and human metric-based selection
judgment (*: p < 0.05, **: p < 0.01). of the best 6.
Model Action Narration Dialogue Generation
P R F1 P R F1  Corr. Prompt. Effic. Overall
I=1 43.61 61.86 51.16 | 51.26 24.72 32.55 2.15 2.47 2.11 2.11
=1 (w/ klg) - - - 49.57 28.58 35.43 2.46 2.78 2.31 2.36
I=5 62.81 61.12 61.96 | 44.41 26.36 32.62 2.13 2.46 2.09 2.10
=5 (w/ klg) - - - 44.24 31.52 36.25 2.50 2.78 2.34 2.41
=10 66.17 65.08 65.62 | 36.97 30.04 32.77 2.19 2.50 2.11 2.15
=10 (w/ klg) - - - 3754 34.93 36.07 2.53 2.83 2.31 2.42

Table 7.5: Model evaluation results. Comparisons can be made across different tasks (Action
Narration vs. Dialogue Generation), model variants (I=1, 5, or 10), and knowledge access
setups (w/ or w/o knowledge). P, R, and F1 are precision, recall, and F1 score, respectively.
Corr., Prompt., Effic., and Overall are correctness, promptness, efficiency, and overall score,
respectively.

artifacts from Wizard-of-Oz collection setups, where untrained individuals acting as assistants
may not maintain consistent professional standards. In contrast, PROASSISTdialogues are
designed to emulate standardized, professional assistant interactions, resulting in more
consistent and helpful guidance. These results validate the effectiveness of our data curation

pipeline in producing high-quality synthetic dialogues.

7.5.3 Alignment Between Proposed Metrics and Human Judgment

To measure whether our proposed metrics align with human judgment for model assessment,
we conducted two human evaluations.

Correlation with human preference in model ranking. We selected 50 random tasks
and collected predictions from three model variants, differing in tokens per frame and access
to ground-truth recipes. Annotators ranked these predictions from best to worst (allowing
ties), for comparison with rankings from our pairwise F1 score and LLM overall helpfulness

score. Table 7.3 shows that both metrics correlate positively with human judgment, with
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Action Narration Dialogue Generation
Precision Recall F1 | Precision Recall F1

Baseline 20.5 56.6  30.1 49.6 259 329
p=0.2 56.4 40.6  47.2 48.5 26.7  33.5
p—0.1 01.3 68.6 58.7 48.0 275 344
p=0.01 28.5 52.9  55.5 35.9 33.0 34.2

Model

Table 7.6: Improvement from negative frame sub-sampling under different sub-sampling
ratios.

Methods ‘ Precision Recall F1
Drop-Middle 30.4 25.9  25.7
IPS (Ours) 49.6 259 32.9

Table 7.7: Comparison between inference-time context management method for long video
processing.

LLM scoring showing stronger alignment. We note that these correlation scores match those
of previous automatic dialogue evaluation metrics [290, 299], despite our additional challenge
of measuring response timing. These results establish a baseline for developing metrics with
better human correlation.

Validation of speaking threshold selection. The speaking threshold # is a crucial
hyperparameter that controls the model’s balance between conservative and impulsive talking
styles. To validate our use of validation F1 score for selecting 6, we compared human
preferences across different thresholds with our metric-based selections. The F1 score
demonstrated the highest alignment with human preferences compared to precision and recall,
achieving agreement rates of 0.8 for action narration (A.N.) and 0.67 for dialogue generation

(D.G.), confirming its effectiveness as a selection criterion.

7.5.4 Result Analysis

We analyze our experimental findings to understand the challenges of proactive task guidance
and evaluate the effectiveness of our proposed techniques.

Limited gains from improved perception in dialogue generation. Table 7.5 shows that
while increasing tokens per frame (/) substantially improves action narration performance,
it provides minimal benefits for dialogue generation. This indicates that effective task

guidance requires more than just better visual perception. While the model becomes better
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Subset ‘Correctness Promptness Efficiency Overall

EgodD 2.07 2.32 2.06 2.02
HoloAssist 2.13 2.55 2.13 2.08
EgoExoLearn 1.90 2.27 1.95 1.93
Assembly101 1.94 2.24 1.98 1.93
EpicKitchens 2.07 2.26 2.04 2.02
WTaG 2.79 3.16 2.51 2.67

Table 7.8: Per-subset performance across domains.

at recognizing user actions, it still needs additional capabilities—such as long-horizon progress
tracking, situational reasoning, and knowledge application—to provide meaningful guidance.
These results highlight the fundamental challenges in our new problem formulation and
emphasize the importance of higher-level reasoning capabilities.

Benefits of task-specific knowledge. Table 7.5 also shows that providing the model
with ground-truth knowledge (e.g., recipes) significantly improves guidance quality across all
metrics. This improvement yields two key insights. First, access to recipes enables the model
to align its guidance strategy with the specific plan shown in the video. This is critical for
evaluation with pre-recorded demonstrations where multiple valid solutions exist but only
one is shown. Without such knowledge, the model might be penalized for suggesting equally
valid alternatives. We therefore recommend the knowledge-conditioned setup as the standard
configuration for our evaluation framework. Second, these findings suggest that incorporating
retrieval-augmented generation (RAG) to access task-relevant knowledge could substantially
improve real-world proactive assistant systems.

Effectiveness of Negative Frame Sub-sampling (NFS). We apply NFS with different
sampling ratios p. As shown in Table 7.6, training with NFS consistently improves the
model’s response timing decisions, with higher F1 scores across both tasks. The optimal
performance is achieved at p = 0.1, which we adopt for all subsequent experiments.
Effectiveness of Iterative Progress Summarization (IPS). Direct ablation of IPS is
infeasible, as the evaluation cannot complete for videos exceeding the model’s training context
length. We instead compare against a modified version of StreamingL.LLM [280]-a context
management approach that handles memory constraints by dropping middle tokens while
preserving initial task goals. Table 7.7 shows that IPS significantly outperforms this baseline,
demonstrating its effectiveness in long-term task progress tracking.

Task familiarity impacts performance. Table 7.8 reveals significant performance variation
across PROASSISTsubsets. The model performs notably better on WTaG tasks, which contain
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only three unique tasks that appear in training (albeit in different environments during
evaluation). In contrast, performance drops substantially for EgoExoLearn and Assembly101
tasks, due to relatively less training samples available for laboratory and assembly domains.

These results highlight the need to improve generalization to new tasks and domains.

7.6 Discussion of Limitations

Our dialogue synthesis pipeline, while carefully designed, has room for improvement in quality
control. As shown in Table 7.2, the alignment between dialogues and video content requires
enhancement. Future work could leverage more advanced LLMs, refined prompt engineering,
or incorporate multimodal models to increase synthesis quality.

The dataset’s reliance on pre-existing video annotations limits its scalability, as such
annotations are expensive and time-consuming to obtain. Recent advances in multimodal
LLMs [2, 13, 249] open the possibility of generating dialogues directly from raw videos, which
could make data synthesis more efficient and scalable.

While our automatic evaluation metrics show promise, their validation is limited to
our current experimental setup. These metrics need broader testing across diverse models,
performance levels, and related tasks. Additionally, our text-only evaluation approach could
be enhanced by incorporating multimodal metrics that consider video content, to establish
more robust benchmarks for interactive assistant systems.

Finally, while our proposed proactive assistant model is the first to tackle this challenge,
its performance remains suboptimal. As shown in Table 7.8, even on the best-performing
domain, the model falls below acceptable thresholds in LLM evaluation (overall scores below
3 out of 5). Notably, it struggles with response timing, dialogue consistency, and delivering
detailed guidance that demands fine-grained perception. These limitations underscore the
need for better modeling of speaking time, stronger visual-language alignment, and enhanced

visual understanding in streaming dialogue generation.

7.7 Summary of Findings

This chapter addressed the challenges of data scarcity and evaluation in developing proactive
visual task assistants. We formulated the novel problem of proactive assistant dialogue

generation from streaming egocentric videos and made the following contributions:

e PROASSIST Dataset: We developed an automated pipeline leveraging LLMs to
generate PROASSIST, a large-scale (30k dialogues, 479 video hours) synthetic dataset of
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assistant-user dialogues grounded in diverse egocentric videos (cooking, assembly, etc.).
Human evaluations confirmed the high quality and realism of these synthetic dialogues,

often matching or exceeding human-collected counterparts from WoZ studies.

Scalable Evaluation Metrics: We proposed two complementary automatic evaluation
frameworks: a pairwise metric based on temporally-aware semantic matching (computing
Precision, Recall, F1) and an end-to-end LLM-as-a-Judge approach assessing correctness,
promptness, efficiency, and overall helpfulness. To the best of our knowledge, this is the
first attempt to evaluate proactive dialogue generation that measures both the timing
and correctness of the generated dialogue. Human studies validated that these metrics,
particularly the LLM-based scores, correlate reasonably well with human judgments of

model quality and preference.

End-to-End Modeling: We developed an MLLM based on VideoLLM-Online [36],
incorporating two novel techniques: Negative Frame Sub-sampling (NFS) to address
the class imbalance inherent in learning when to speak, significantly improving response
timing (F1 score); and Iterative Progress Summarization (IPS) to handle long video

streams beyond fixed context windows, enabling continuous task tracking.

Key insights from our experiments include the limited benefit of purely improving visual

perception (more tokens/frame) for the complex task of dialogue guidance, highlighting the

need for better reasoning and progress tracking. Conversely, providing task-specific knowledge

(recipes) dramatically improved performance, underscoring the potential of RAG for real-world

systems. While PROASSIST and our modeling efforts establish a strong foundation, results

also indicate remaining challenges in response timing, consistency, and fine-grained guidance,

pointing towards necessary future work in advancing real-time communicative grounding.

100



CHAPTER 8

Bootstrapping Visual Assistant Development

with Situated Interaction Simulation

Building upon the work in Chapter 7 which highlighted the critical need for scalable data and
evaluation for proactive assistants, this chapter introduces a complementary approach to tackle
these bottlenecks through interaction simulation. While Chapter 7 focused on generating
dialogue data from existing videos, it still relied on pre-recorded, non-interactive data. Truly
capturing the dynamics of communicative grounding requires evaluating and training assistants
within interactive loops where assistant guidance influences user actions, and user feedback
shapes subsequent assistance. However, collecting such interactive data with real humans
is prohibitively expensive and slow. To overcome this, we present a novel framework that
simulates both users and assistants powered by MLLMs within 3D environments. This enables
scalable generation of synthetic interaction data, automatic evaluation using simulated users,
and sim-to-real transfer for real-world applicability—thus bootstrapping the development
cycle of capable visual assistants with minimal human supervision. The work presented in
this chapter is based on our submission to COLM 2025

8.1 Overview

Visual assistants [188, 222, 260] are an emerging direction of Al systems designed to work
alongside humans by understanding their goals, observing their actions, and providing real-
time guidance in physical environments. Enabled by wearable devices such as smart glasses,
these assistants foster a synergistic interaction in which the Al perceives the world from the
user’s egocentric perspective, understands their intent and progress, and offers context-aware
support through natural language [202]. As illustrated in Figure 8.1, these assistants operate

in a unique interaction paradigm where the Al and human share the same physical space

Yichi Zhang, Run Peng, Yinpei Dai, Lingyun Wu, Xuweiyi Chen, Qiaozi Gao, Joyce Chai. “Bootstrapping
Visual Assistant Modeling with Situated Interaction Simulation.” In submission to COLM 2025.
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“Help me! How to 3D a
print a mug?”

“Sure, I'm always here for you.
Eﬂ First, you need to go to the main
office to find the mug cartridge.”

Knowledge

GoToRoom(MainOffice) a
MoveForward(1m)

Communication ﬁ Action o T “I don't see the cartridge. Could
SRy || you check the nearby table? It’s a
7 —> —_— ] !
H &3

grey disk with a black mug logo.”

. . RotatelLeft(90°) a
Assistant User Environment

Figure 8.1: (Left) Visual assistant interaction framework: The assistant and user share the
same egocentric view but have complementary capabilities. The assistant draws on task
knowledge to provide guidance through language communication, while the user follows the
guidance and physically acts in the environment to achieve a specific goal. (Right) Example
situated interactions where the assistant proactively offers guidance.

but possess asymmetric knowledge and capabilities. The assistant leverages task-specific
knowledge to interpret human actions and communicates actionable guidance, while the
human exercises physical agency to complete the task at hand.

Despite significant advances in Al, developing effective visual assistants faces many
challenges. The first challenge comes from the lack of diverse interaction data. Traditional
approaches rely heavily on wizard-of-oz methods where human experts act as assistants
during data collection |21, 267|, making the process prohibitively expensive and limiting the
variety of communicative dynamics that may occur during the interaction. Furthermore,
previous work typically focuses on benchmarking with static video data [104, 90, 227]. Tt
does not address interactive evaluation with real-time user feedback, which is difficult but
essential for measuring the effectiveness of the assistant.

To address these challenges, we present BASIS (Bootstrapping Assistant modeling with
Situated Interactive Simulation), a novel framework that rethinks the visual assistant devel-
opment cycle by leveraging simulation to replace labor-intensive human data collection. The
core idea is to construct highly-realistic, training-free simulated users and oracle assistants
using powerful multimodal large language models (MLLMs) |2, 249] for role-playing and in-
teraction. BASIS progresses through three interconnected stages: (1) Situated Interaction
Simulation: in this stage, MLLM-powered oracle assistants interact with simulated users
in a virtual environment to generate contextually grounded interaction trajectories. The
oracle assistant has access to privileged information (e.g., ground-truth object positions and
labels) to enable accurate language guidance generation. In contrast, simulated users are
intentionally designed with asymmetrical, incomplete knowledge to mimic real-world user

characteristics, such as ambiguous intent and suboptimal behavior, capturing the complexity
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of human-assistant interactions. This stage lays the foundation for training assistant models
in the next phase. (2) Autonomous Model Development: Assistant models are trained
using the synthetic interaction data from Stage 1 under more realistic perceptual constraints
(i.e., replying on visual observations and no access to privileged information). The assistant’s
perception is aligned with the user’s egocentric view. The simulated users from Stage 1 are
also reused to automatically evaluate assistant performance, enabling rapid, low-cost iteration.
This stage is crucial for developing and refining assistant models at scale with minimal human
intervention. (3) Real-User Validation: the refined assistant models are evaluated with real
human users to validate that the skills learned in simulation transfer effectively to real-world
scenarios. This stage ensures practical usability and grounds simulation-driven development
in actual user needs and expectations.

We implement and evaluate BASIS within Alexa Arena, a rich 3D simulator supporting
complex object interactions and diverse tasks [76]. Our experiments demonstrate the frame-
work’s effectiveness: a visual assistant model trained entirely on synthetic data achieves a
72.9% success rate when guiding real human users. This strong performance reaches 82.3%
of an oracle assistant’s success rate (88.6%) despite operating under realistic perceptual
constraints and without access to privileged ground-truth information, demonstrating the
efficacy of our sim-to-real transfer approach. Further analysis, including ablation studies and
detailed error breakdowns, highlights the strengths of BASIS and offers valuable insights for

future research on perceptual assistant systems.

8.2 Problem Definition

We formally define the visual assistance problem as an interactive process between a user and
an assistant who share visual observations but possess asymmetric knowledge and capabilities.
This interaction occurs in an environment where the user has physical agency while the

assistant provides guidance through language. See Figure 8.1 for an illustration.

Formulation. The interaction is defined as a tuple Z = (£, 0, A,, A,, Ky, K,), where:

e & represents the environment state space

e O denotes the shared egocentric observation space

e A, is the user’s action space (physical and verbal)

e A, is the assistant’s action space (verbal guidance only)

e /C, represents the user’s knowledge base
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e /C, represents the assistant’s knowledge base

Observation and Actions. At each timestep ¢, both agents receive the same egocentric
observation o, € O, consisting of visual input from the user’s perspective and the dialogue
history. This shared visual context grounds their communication about the environment.
The user can perform two types of actions: physical actions in the environment (navi-
gation, object manipulation) and verbal communication (questions, requests). In contrast,
the assistant’s actions are limited exclusively to verbal guidance through text, including

instructions, explanations, and alerting the user to relevant information.

Knowledge Asymmetry and Interaction Dynamics. The interaction is characterized
by complementary knowledge and capabilities. The assistant typically possesses superior
task-specific knowledge (K, D KC,,), while the user has direct environmental agency that the

assistant lacks. The interaction proceeds through a collaborative cycle where:

e The user observes the environment and makes a decision of speaking or acting
e The environment changes in response to the user’s actions
e The assistant processes the updated observation and provides relevant guidance

This fundamental asymmetry necessitates collaboration, where the assistant’s guidance

enables the user to achieve goals neither could accomplish alone.

8.3 The BASIS Framework

Developing capable visual assistants traditionally requires costly human involvement, such as
Wizard-of-Oz data collection and iterative testing with real users [21, 267], which hinders
the rapid iteration for system development. BASIS addresses this bottleneck by minimizing
human participation, leveraging MLLM-driven simulation within a three-stage pipeline
(Figure 8.2), as detailed below.

8.3.1 Stage 1: Situated Interaction Simulation

This stage aims to bootstrap user-assistant interaction data for assistant model training by
constructing capable oracle assistants and simulated users. Real-world data collection is
costly and safety-critical. Therefore, we leverage simulation as a flexible and powerful tool,
which can provide full controllability and reliable ground-truth information labels, enabling

fast and scalable data generation over diverse scenarios.
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Situated Interaction Simulation = Autonomous Model Development Real-User Validation

w/ privileged env. info . - .. under realistic condition
Synthetic Data [— Training

o
T Ry == 3

Oracle Assistant Simulated User Evaluation Assistant Model Human User

Figure 8.2: BASIS presents a three-stage pipeline for visual assistant development: (1)
Situated Interaction Simulation generates contextually grounded data through conversational
and physical interactions between an oracle assistant and simulated users in a virtual
environment; (2) Autonomous Model Development leverages this data to train assistant
models while using the simulated user for automated model evaluation; and (3) Real-User
Validation assesses the trained assistants with human users to measure real-world usability.

Oracle Assistant Simulation. We simulate an oracle assistant that provides high-quality,
near-optimal task guidance. Rather than training new models, we use in-context learning
to prompt existing MLLMs for effective behavior. The oracle is granted privileged access to
ground-truth information from the simulator, including object categories, locations, states,
and the causal effects of user actions taken in the environment. This allows the model to
reason with perfect information and generate precise, context-aware instructions. Despite
relying solely on prompt engineering, the oracle achieves strong performance, as validated
through human user studies (§8.5). The resulting textual guidance, paired with visual
observations, forms the training data for practical assistant models (§8.3.2), which must learn

to operate from visual inputs alone, without access to any privileged information.

User Simulation. Using the same in-context learning technique as the oracle, we construct
a stmulated user with a distinct design tailored for realistic interaction and evaluation. Unlike
the oracle, the user model is crafted to exhibit three key properties: (1) responsiveness to
assistant guidance, (2) limited task-solving capability, and (3) natural interaction behaviors,
such as uncertainty, clarification-seeking, and occasional mistakes. Responsiveness is ensured
by prompting the user to follow instructions generated by the validated oracle assistant.
To induce reliance on the assistant and simulate realistic communication, we deliberately
restrict the user’s access to environmental information (e.g., providing fuzzy object names
like "machine" instead of specific types, hiding object states/locations) and limit its task
knowledge. These constraints naturally lead to uncertainty and encourage collaborative
problem-solving with assistant. To further enrich behavioral diversity, the user is conditioned

on different personas [229, 262, representing varied expertise levels and communication styles.
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Beyond data generation, the simulated user also serves as an automatic evaluator in Stage 2,

providing a consistent and scalable way to assess assistant model performance.

Synthetic Data Generation. We generate large-scale synthetic datasets by simulating
interactions between the oracle assistant and diverse simulated users within controlled
environments. Each interaction produces embodied trajectories paired with situated dialogue,
capturing rich, multimodal user-assistant exchanges. Simulation offers key advantages over
real-world data collection: it allows full control over environmental conditions, enabling
systematic coverage of diverse tasks, behaviors, and edge cases that are difficult to capture
manually. Additionally, the simulator provides automatic ground-truth annotations for both
perceptual events (e.g., object appearances, state transitions) and cognitive elements (e.g.,
user intent, assistant reasoning steps), resulting in highly informative data for training robust

assistant models.

8.3.2 Stage 2: Autonomous Assistant Model Development

The second stage leverages the synthetic data from Stage 1 to develop practical assistant
models. Unlike the oracle, these models operate under realistic constraints, relying solely on

visual input and interaction history rather than privileged simulator information.

Training from Synthetic Data. We train assistant models using the interaction data
generated via situated interaction simulation. The core task is to learn effective guidance
strategies based only on visual perception and dialogue history. Training focuses on developing
key capabilities: environmental understanding from visual input, proactive decision-making
on when and what to communicate, and effective guidance generation using multimodal
reasoning. This process functions as imitation learning [106, 45, 68|, transferring the oracle’s
effective decision-making (based on privileged information) to a practical model operating

under perceptual constraints.

Automated Evaluation with Simulated Users. A key strength of BASIS is the
use of simulated users built in Stage 1 for automated, continuous evaluation during model
development. Unlike static benchmarks [90, 227, 104], these users provide interactive feedback
in dynamic scenarios, enabling assessment of critical skills such as responding to user input,
handling misunderstandings, and completing tasks end-to-end. By automatically tracking
metrics like task success, interaction efficiency, and guidance quality across diverse scenarios,
we can rapidly iterate on assistant models without constant human testing, significantly

accelerating the development cycle.
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8.3.3 Stage 3: Real-User Validation

While simulated users provide valuable feedback for iterative development, the ultimate
measure of an assistant’s effectiveness is its performance with real human users. This stage

conducts systematic human evaluations to validate the assistant’s ability with real users.

Bridging Simulation and Reality. Our framework primarily focuses on bridging the
gap between simulated and real users, both of whom interact with assistant models in
the same simulated environment. The designed evaluation protocol (see §8.5.1) enables
systematic assessment of core capabilities such as multimodal perception, reasoning, and
communication. While we do not address sim-to-real environment transfer in this work, it
is relatively straightforward in our setting since the assistant model operates purely based
on visual perception, leaving action execution to human users. Therefore, transferring to
real environments mainly involves adapting the visual inputs, which can be handled through
domain adaptation or real-world fine-tuning [252|. This makes environment transfer largely
orthogonal to our core contribution: building a scalable, interaction-centric data pipeline for

training and evaluating assistive agents.

8.4 Instantiation of BASIS in Alexa Arena

This section details how we instantiate the BASIS framework using Alexa Arena [76] as our
simulation testbed. We first describe the key environmental features of Alexa Arena that en-
able realistic assistant evaluation, then explain the implementation of each BASIS component,

and finally outline our human evaluation setup.

8.4.1 Alexa Arena Environment

Alexa Arena offers a realistic multi-room 3D household environment with interactive objects
and diverse task scenarios. The environment includes several key features that makes it an

ideal testbed for evaluating our framework.

Rich Object Interactions and Task Complexity. Arena includes over 300 objects,
some fantastical, with diverse properties enabling complex state changes and interactions
(e.g., using a time machine to repair a broken bowl). This facilitates tasks with intricate
dependencies and preconditions (e.g., powering on a computer before use), demanding the

assistant to adapt guidance strategy based on the perceived environment. The environment
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[1] obj_o057 (mug): 1.0m (front) | white, black| empty, on(table)

[2] obj_361 (time portal monitor): 1.2m (front) | black | turned off, powered
[3] obj_648 (table): 1.4m (front) | gray, black

[4] obj_386 (time portal generator): 2.2m (front left) | gray, black | powered

(c) Complete ground-truth object info

[1] obj_o57 (mug): 1.0m | white, black
[2] obj_361 (computer): 1.2m | black
[3] obj_648 (table): 1.4m | gray, black
[4] obj_386 (machine): 2.2m | gray, black

(a) Raw Image (b) Set-of-Mark (SoM) (d) Partial object info w/ fuzzy object name

Figure 8.3: Different types of environment observation and object info used in agent simulation.
In partial object info, we use the fuzzy name to replace the precise name of uncommon
objects (e.g. "machine" for "time portal generator") and hide the object state to simulate
missing knowledge in object identification and state estimation.

. Thought + . Thought + Assistant | Thought +
Oracle Assistant Speaking Simulated User e Model Soee iz
| MLLM H MLLM i MLLM |

| Knowledge | [ Raw Obs.

| Guideline || Knowledge || SoM Obs. | | Guideline || Action Schema | SoM Obs. |

| Interaction History | = =] | Persona || Interaction History | Interaction
| Complete Obj. Info | [ Task Goal || Partial Obj. Info | History

Figure 8.4: Illustration of the oracle assistant (left), the simulated user (middle), and visual
assistant modeling (right).

also incorporates elements like irreversible actions and safety considerations (e.g., dangerous

objects), allowing for the creation and evaluation of diverse and complex scenarios.

Intuitive Action Space. The agent can navigate through both low-level (e.g., Rotate,
MoveForward) and high-level actions (e.g., GoToRoom, GoToObject), and perform object-
centric interactions (e.g., PickUp, Place, Toggle), abstracting away low-level complexities

while supporting necessary interactions. A full list is in Appendix F.2.1.

Environmental Observation. Arena provides RGB images, instance segmentation masks,
and symbolic object metadata (ID, type, distance, state, etc.). As illustrated in Figure 8.3, we
utilize set-of-mark (SoM) annotations [284] to ground object references visually. We leverage
the object metadata to generate ailored descriptions for different roles: the oracle receives
complete information (Figure 8.3c), while simulated users receive partial or fuzzy descriptions
(Figure 8.3d). This effectively simulates different levels of environmental familiarity and

enforcing the knowledge asymmetry crucial to BASIS.
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8.4.2 Implementation of BASIS Components

Figure 8.4 provides an overview of the inputs and outputs for the different agents. We will
explain each component in the following. More details about prompt and web interface design
can be found in the Appendix F and F 4.

Oracle Assistant. The oracle assistant is implemented by prompting MLLMs. The prompt
defines its role, objectives, and interaction behaviors, using three specialized templates for
proactive guidance, response handling, and error correction. As input, the oracle receives
the full interaction history and complete object information from simulator (Figure 8.3¢),
along with structured knowledge bases covering general task procedures (task knowledge),
current object states and locations (environment knowledge), and object properties (object

knowledge).

Simulated User. The simulated user is also implemented via a prompted MLLM, with a
focus on producing valid, executable actions. We include an action schema in the prompt
and use parsers to ensure outputs map correctly to simulator commands. Unlike the oracle,
the user is given a task goal but only partial object information (Figure 8.3d), mimicking
real-world uncertainty and encouraging rich assistant-user collaboration. Personas further

modulate user behavior (e.g., help-seeking frequency) to enhance realism and diversity.

Synthetic Data Collection. We generated a synthetic dataset based on 70 unique task
variants, derived from 22 base tasks and 10 preconditions, all requiring expert-level guidance
(details in Appendix F.2.2). For instance, the task "Heat up a mug using the laser cannon"
might necessitate assembling or powering the laser. To enhance diversity, we varied task
parameters and randomized scenes across over 7,000 generated scenarios. We sampled 20
scenarios per variant for a balanced dataset of 1,440 scenarios. The final dataset comprises
1,381 successful trajectories obtained through simulated interactions (up to 3 attempts)

between an oracle assistant and our best simulated user model.

Visual Assistant Modeling. We fine-tune pre-trained vision-language models (VLMs)
on our synthetic dataset to generate guidance using only visual input (RGB images), task
knowledge, and interaction history, without privileged simulator information. Beyond guid-
ance, the models are also trained to emulate the reasoning patterns of the oracle assistant,
which we found effective in improving guidance quality.See more details in the experiment
section (§8.5).
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Evaluation Setup. We create a held-out test set of 70 new scenarios (one per unique task
condition). On this set, we evaluate different assistant models (oracle or trained models)
paired with different users (simulated or real humans). For human evaluations in Stage 3,
we developed an interactive web interface (see Appendix F.4.) allowing users to control the

Arena avatar and communicate with the assistant through an integrated chat interface.

8.5 Experimental Results Analysis

We conduct extensive experiments to evaluate the effectiveness of our BASIS framework.

Our experimental design addresses four key research questions:

e RQ1: Oracle Effectiveness — How effective is the oracle assistant in guiding human

users? This serves as an upper bound for assistant performance.

e RQ2: User Simulation Fidelity — To what extent can we simulate realistic user

behavior, and which simulation approach best approximates human interaction patterns?

e RQ3: Assistant Modeling Performance — How do different model architectures,

reasoning strategies, and training conditions affect assistant modeling performance?

e RQ4: Real-User Transferability — How well do assistants trained on synthetic data
transfer to real human users, and what are the performance and failure mode gaps

between oracle and trained assistants?

8.5.1 Experiment Setups

To systematically investigate our research questions, we design a series of experiments to

investigate specific aspects of the user-assistant interaction:

e Expl: Oracle Assistant + Human User — We evaluate our GPT-40 oracle assistant,
which has access to privileged information, with real human users. This establishes the

performance upper bound achievable assuming perfect perception.

e Exp2: Oracle Assistant + Simulated User Variants — We pair the validated
oracle assistant with various simulated user models (e.g., GPT-40, 03-mini) under
different perceptual conditions (with/without visual input, precise/fuzzy object names).
This setup allows direct comparison among simulated user variants and against real

human performance to assess simulation fidelity.
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e Exp3: Assistant Model Variants 4+ Best Simulated User — Using the highest-
fidelity simulated user identified from Exp2, we evaluate multiple assistant models
fine-tuned on our synthetic data. We use a pretrained Qwen2.5-VL backbone [19]
and compare variants differing in size (3B vs. 7B), reasoning strategy (with/without
Chain-of-Thought), knowledge integration (with/without task knowledge), and training
data (1,381 synthetic interactions vs. 66 oracle-human interactions from Expl). Note
that real human interaction data is expensive to collect, whereas synthetic interactions
is much easier to acquire. We also include a comparison against a strong zero-shot
proprietary model (GPT-40 without privileged information) to assess the effectiveness

of our assistant.

e Exp4: Best Assistant Model + Human User — Finally, we deploy the best-
performing assistant model identified in Exp3 for evaluation with real human users.
This model operates under realistic perceptual constraints (relying solely on visual
input). This setup directly measures the sim-to-real transfer success of our framework
and allows analysis of performance gaps and error patterns compared to the oracle

baseline.

Evaluation Metrics. We employ complementary metrics to assess both effectiveness and
efficiency. For effectiveness, we measure Success Rate (SR) and Subgoal Completion Rate
(SGC) at both first attempt (@1) and after three attempts (@3). SR measures the percentage
of tasks completed successfully, while SGC captures progress toward task completion even
when the full task isn’t achieved. For efficiency, we track the average number of steps
(#Step) taken per task and average user dialogue turns (#U.Turn). Intuitively, a lower
#Step indicates more efficient guidance, while a lower #U.Turn reflects better proactivity
from the assistant. We also report the average assistant dialogue turns (#A.Turn) as an

auxiliary metric to evaluate the assistant’s communication efficiency.

8.5.2 Result Analysis

Oracle Effectiveness (RQ1). Our oracle assistant demonstrates strong effectiveness in
guiding humans through complex tasks. As shown in Table 8.1, the GPT-40-based oracle
achieves an 88.6% success rate (SRQ1) and a 93.0% subgoal completion rate (SGC@Q1) with
human users. This high performance validates the oracle as both a reliable source for data

generation and a concrete upper bound on what can be achieved with perfect perception.
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User Vision Fuzzy Obj. SR@1 SGC@l SR@3 SGCQ@Q3 +#Step #U.Turn
Human v 4 88.6%  93.0% - - 24.7 3.1
fGPT-40 v 4 T71%  83.2%  94.3%  94.6% 25.9 2.9
GPT-4o0 v X 82.9% 88.1% 100.0% 100.0%  22.1 2.2
GPT-40 X X 81.4% 89.2%  98.6%  98.9% 22.1 2.1
03-mini X X 65.7% 69.7%  84.3%  87.0% 28.4 8.3
Gemini2F v X 68.6% 77.8%  94.3%  95.1% 21.1 1.8

Table 8.1: Performance comparison of different user variants paired with our oracle assistant,
under different setups: with/without vision access (v//X) and precise/fuzzy naming (v /X) of
uncommon objects. T indicates the simulated user selected for the following stages.
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Figure 8.5: Intention differences between GPT-40 simulated users and real humans, comparing
fuzzy vs. precise object naming. Positive/negative values indicate more/fewer instances
than humans. Fuzzy naming better aligns with overall human behaviors (lower absolute
differences) and better captures human uncertainty (more asking-related intentions).

User Simulation Fidelity (RQ2). To evaluate how perception impacts user simulation
fidelity, we compare settings with and without vision inputs. We also compare precise vs.
fuzzy object naming, where the former can improve object identification during task execution
and the latter better reflects the uncertainty real users face when describing unfamiliar items.
As shown in Table 8.1, GPT-40 consistently outperforms other models, achieving the highest
success rate and fewest dialogue turns. In contrast, reasoning-focused models like 03-mini

show significantly lower success (65.7%) and more user turns (8.3), while Gemini 2.0 Flash lags
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Model GT Obj. SR@1 SGC@1 SR@3 SGC@3 #Step #U.Turn #A.Turn

Fine-Tuned

3B X 60.0% 67.0% 75.7% 80.0% 29.8 44 16.0
3B CoT X 60.0% 67.6% 81.4% 85.9% 29.6 4.5 18.2
7B X 60.0% 68.1% 81.4% 83.2% 27.4 4.1 13.3
7B CoT X 68.6% 73.5% 84.3% 85.9% 28.6 3.3 16.4
7B CoT (no knowledge) X 471% 58.4% 671% 69.2% 33.6 3.9 19.6
7B CoT (real data) X 40.0% 51.4% 67.1% 69.2% 31.1 5.2 17.8
7B CoT (w/ GT obj. info) v 70.0% 79.5% 92.9%  93.0% 27.8 3.5 17.0
Prompting

GPT-40 CoT (img-only) X 50.0% 61.1% 68.6% 73.5% 35.2 4.2 20.6
GPT-40 CoT (oracle) v 77.1% 83.2% 94.3%  94.6% 25.9 2.9 14.7

Table 8.2: Performance comparison of different assistant models with our simulated user.
All models are fine-tuned from Qwen2.5-VL 3B/7B. “GT Obj.” denotes using ground-truth
object information. T indicates the best assistant model selected for Stage 3.

across all metrics. Claude 3.5 failed to produce valid outputs and was excluded. Visual input
further boosts GPT-40’s performance, confirming the importance of multimodal grounding.

While accessing precise object names improves the success rate, it sacrifices the natural
uncertainty that users exhibit when recognizing objects. As shown in Figure 8.5, using precise
object names leads to less asking-relevant intentions in user dialogues, indicating a lack of
human-like uncertainty. To balance realism and effectiveness, we adopt GPT-40 with vision

access and fuzzy object naming as our default simulated user.

Assistant Modeling Performance (RQ3). Our analysis highlights key factors in visual
assistant modeling (Table 8.2). Incorporating Chain-of-Thought (CoT) reasoning significantly
boosts both success and efficiency across model sizes. Scaling from 3B to 7B improves SRQ1
from 60.0% to 68.6% while reducing user dialogue turns. Removing task knowledge from
model input leads to a major drop in performance (SRQ1 from 68.6% to 47.1%), showing its
importance even after fine-tuning. The same 7B CoT model trained on our synthetic data
significantly outperforms its counterpart trained with real human-oracle interaction data,
thanks to our scalable nature of our data collection framework. Our fine-tuned models also
outperform zero-shot GPT-40 without ground-truth object information (68.6% vs. 50.0%
SR@1), validating the effectiveness of our synthetic training. A variant with access to the
same privileged information approaches oracle-level SR@Q3 and SGC@3, revealing the potential

of small MLLMs under improved perception.

Real-User Transferability (RQ4) and More Error Analysis. As shown in Table

8.3, our best assistant model achieves a 72.9% success rate with human users, reaching
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Assistant Perception ~ SR@1 SGCQ1 +#Step #U.Turn #A.Turn

Oracle (GPT-40) GT Obj. Info 88.6% 93.0%  24.7 3.1 13.6
Model (Qwen2.5-VL 7B CoT) RGB Images 72.9% 78.4% 283 4.3 15.0

Table 8.3: In Stage 3 human evaluations, our best-performing assistant, trained entirely on
synthetic data and without access to privileged information, achieves 82.3% of the oracle
assistant’s performance in SR@Q1, demonstrating strong generalization to real users.

100- . g 99
10.3% (220) £3% g% Object Misidentification -mm 20 (12.9%) 3 173 (28.9%)
Incorrect Action Suggestion - 28 (18.1%) 76 (12.7%)
80-17.7% (378) . o 59 (9.9%)
Incorrect Position Description m 5 (3.29)
) ] 25 (4.2%)
2 o Object Overlooked m 5 (3 295" Model (Speak Errors)
2 Unverified Information - 1; 1'&@,) HEm Oracle (Speak Errors)
(:j (9105'%/3 Incorrect Object State; (0.6%/?)(2'7%) Model (Si.lent Errors)
o 40- 71.9% . 12 (2.0%) Em Oracle (Silent Errors)
Q (1533) Redundant Information wm 7 (4.5%) 7ia209
20- Correct Missed Object Notification m— — 51 (32.9%) i 37 (22.9%)
Speak Error Missed Next-Step Guidance - 21 (13.5%) 76 (12.7%)
SteEy Unanswered User Question- o (§ 53"
Model Oracle 0 25 50 75 100 125 150 175
(a) Step-level error rate (b) Fine-grained error type distribution

Figure 8.6: Stepwise error analysis comparing the assistant model versus the oracle assistant
during interactions with real human users. Speak errors occur when the assistant provides
guidance containing inaccuracies or mistakes, while silent errors indicate instances when the
assistant fails to provide guidance despite it being needed.

82.3% of oracle-level performance (88.6%) despite relying only on RGB images, in contrast
to the oracle’s access to ground-truth object information. This result supports the core
hypothesis of BASIS: high-fidelity user simulation enables training data that generalizes well
to real human interactions. The perception gap is most evident in efficiency metrics, with
our model requiring more interaction steps (28.3 vs. 24.7) and user dialogue turns (4.3 vs.
3.1), reflecting less optimal guidance. To understand this gap, we conducted a fine-grained
analysis of error patterns by manually examining all interactions between both assistants
and human users. As shown in Figure 8.6a, our assistant model makes errors in 28.1% of
interactions—approximately three times higher than the oracle’s 9.2% error rate. Figure 8.6b
shows that object misidentification accounts for the most common speaking error (28.9%
of assistant responses), highlighting challenges in grounding object references. These stem
not only from novel object appearances in Arena simulator, but also from ambiguities in
task descriptions, dialogue context, and the presence of multiple objects with similar types.
For silent errors (where the assistant does not speak when guidance is needed), both missed

object notifications and next-step guidance occur significantly more frequently than with
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the oracle, suggesting that perceptual limitations lead to incorrect decisions about providing
timely and proactive assistance. This detailed error analysis provides valuable insights for

future research on improving the robustness of visual assistants in real-world scenarios.

8.6 Discussion of Limitations

While BASIS demonstrates promising results, several limitations remain. First, this work
focuses on transferring from simulated to real users, with both operating in a simulated
environment; we do not address sim-to-real environment transfer, which may involve domain
gaps in visual input or interaction dynamics. Second, due to computational constraints, we
limit our experiments to 3B and 7B vision-language models; larger models could offer improved
reasoning and guidance capabilities. Third, our experiments are conducted within Alexa
Arena, which, while rich and flexible, may not fully reflect the complexity and unpredictability
of real-world daily tasks. Future work should explore more realistic task environments and
physical deployment. Additionally, our simulated users, although designed to mimic human
uncertainty and variability, may not fully capture the diversity and nuance of real human
behavior, especially in terms of intent ambiguity, non-verbal cues, or long-term planning.
Finally, while our assistant models exhibit strong performance, they currently lack mechanisms
for real-time user adaptation or learning from interaction history across sessions, which is an

important direction for building personalized, context-aware visual assistants.

8.7 Summary of Findings

This chapter introduced BASIS, a simulation-driven framework designed to overcome the
data and evaluation bottlenecks in developing interactive visual assistants—addressing a
central challenge in achieving robust communicative grounding. Instead of relying on costly
human-collected data, BASIS leverages MLLM-powered agents within a simulated 3D
environment (Alexa Arena) to generate rich, grounded interaction data, train visual assistants
under realistic perceptual constraints, and evaluate their performance both in simulation and
with real users.

Our key findings validate the BASIS approach:

e Effective Sim-to-Real Transfer: An assistant model (Qwen2.5-VL 7B CoT) trained
entirely on synthetic data from BASIS achieved a 72.9% success rate with real human
users, reaching 82.3% of the performance of an oracle assistant (88.6%) that used
privileged information. This demonstrates that high-fidelity simulation can effectively

bootstrap capable assistants.
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e User Simulation Fidelity: Comparisons between different simulated user configu-
rations and real human behavior revealed that GPT-40 simulating a user with visual
input and fuzzy object naming best approximated human interaction patterns (dialogue
turns) and uncertainty (asking intentions), validating our design choices for realistic

simulation.

e Scalable Development: The framework enables rapid iteration and evaluation of
different assistant model architectures using the simulated user. By comparing the
performance of different model variants, we provide insight into the contribution of
different design choices for the assistant model, such as model size, reasoning strategies

(CoT), knowledge integration.

¢ Bottleneck Identification: Fine-grained error analysis during real-user validation
pinpointed object misidentification (due to relying solely on visual input) as the primary
performance gap between the trained model and the oracle, highlighting perception as

a key area for future improvement.

In conclusion, BASIS provides a scalable and effective methodology for bootstrapping
the development and evaluation of visual assistants capable of situated, interactive task
guidance. By successfully bridging the gap between simulation and real-user performance in
this context, this work offers a viable path forward for creating context-aware Al assistants
that can effectively engage in communicative grounding to collaborate with humans in the

physical world.
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CHAPTER 9

Conclusion

This dissertation has explored the multifaceted challenge of situated language grounding, a
cornerstone capability for developing multimodal Al assistants that can perceive, reason about,
and interact effectively within the physical world alongside humans. The central goal has been
to move beyond purely text-based understanding or simple object labeling towards systems
that deeply connect language to rich, dynamic, multimodal contexts encompassing visual
perception, embodied action, and interactive communication. While significant strides have
been made in large language and multimodal models, achieving robust situated grounding
remains a critical bottleneck, hindering the development of truly helpful and context-aware
AT assistants. Addressing this, the research presented here investigated grounding across
several key dimensions, developing novel approaches, datasets, and frameworks to advance
the field.

Our journey began in Part I by tackling the foundational layer of symbol grounding—
connecting language to precise visual referents under both standard and challenging perceptual
conditions. Recognizing the limitations of prevalent bounding-box-based approaches for fine-
grained understanding, Chapter 3 introduced GROUNDHOG, an MLLM designed for holistic
visual grounding using segmentation masks. After being trained on the curated M3G2 dataset,
GROUNDHOG demonstrated the ability to achieve superior grounding precision across diverse
semantic granularities (objects, stuff, parts, text) and various tasks (GIC, RES, GVQA, RD)
within a unified model, establishing the benefits of pixel-level grounding for reducing object
hallucination and enhancing interpretability.

Complementing this focus on fine-grained accuracy, Chapter 4 addressed the crucial
challenge of perceptual robustness by introducing GVIL, the first benchmark designed to
systematically evaluate MLLM language grounding under visual illusions. By comparing
model behavior against human perceptual norms on illusory stimuli, GVIL provided critical
insights into the similarities and divergences between human and machine visual understanding,

probing the limits of current models when perception deviates from physical reality and
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providing a more robust perceptual foundation for subsequent grounding challenges.

Moving from static perception to dynamic actions, Part II focused on grounding language
in embodied planning and execution within complex 3D environments. We explored two
complementary neural-symbolic approaches. First, Chapter 5 introduced HiTUT, which
tackled complex, multi-step tasks through hierarchical task learning. HiTUT mployed a
unified Transformer architecture to decompose problems into sub-goals, navigation, and
manipulation, learning task structure and action policies jointly. This hierarchical approach
facilitated self-monitoring and backtracking, leading to improved generalization and success
rates on the ALFRED benchmark, especially in unfamiliar settings.

Complementing this learned predictive policy, Chapter 6 presented DANLI, a deliberative
agent emphasizing explicit world modeling and symbolic planning. DANLI constructs
detailed semantic world representations, leverages LLMs to derive sub-goals from high-level
instructions, and utilizes a classical planner for robust task execution and recovery. Evaluated
on the demanding TEACh benchmark, DANLI demonstrated significant improvements in
effectiveness and efficiency over reactive methods, highlighting the value of explicit reasoning
and planning for complex, long-horizon tasks and providing interpretable decision processes.
Together, HITUT and DANLI showcase synergistic strategies for integrating language
understanding with planning for effective embodied interaction.

Finally, Part III addressed the complexities of communicative grounding in dynamic,
interactive scenarios, focusing on proactive assistance from a user’s egocentric perspective.
Recognizing the critical bottlenecks of data scarcity and evaluation for real-time interaction,
this part presented two complementary contributions. Chapter 7 introduced PROASSIST, a
large-scale synthetic dialogue dataset generated from existing egocentric videos, along with
novel evaluation metrics and an end-to-end streaming MLLM designed to learn when and
what to communicate based on visually observed user activities. This work provided crucial
resources and methods for studying proactive guidance.

From another perspective, Chapter 8 introduced the BASIS framework, a novel simulation-
driven pipeline using MLLM-powered simulated users and oracle assistants within an in-
teractive 3D environment. BASIS enables scalable generation of situated interaction data
and automated evaluation, effectively bootstrapping the development of visual assistants.
Experiments demonstrated successful sim-to-real transfer, with models trained purely on
synthetic data achieving strong performance guiding real human users, further validating the

approach and pinpointing perception as a key remaining challenge.
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9.1 Broader Implications

Together, these contributions paint a comprehensive picture of situated language grounding,
demonstrating concrete advancements across its perceptual, experiential, and communicative
dimensions. The progression from grounding in vision (GROUNDHOG, GVIL), to grounding
in embodied planning (HiTUT, DANLI), and finally to grounding in situated communication
(PrROASssIST, BASIS) illustrates a path towards increasingly sophisticated and capable Al

assistants. This research offers several broader implications:

e Enhanced AI Capabilities: It provides methodologies for building Al assistant
systems that can better understand multimodal context, follow complex instructions,
and offer proactive, helpful guidance in physical tasks, benefiting applications in AR/VR,

robotics, and personal assistance.

e Scalable Development: The introduction of large-scale synthetic data generation
(PROASSIST) and simulation-based frameworks (BASIS) offers pathways to mitigate the
data bottleneck and accelerate the development and evaluation cycle for next-generation

perceptual, context-aware, and communicative Al assistants.

e Improved Trust and Transparency: The emphasis on interpretable grounding
models (GROUNDHOG), understanding model perceptual limitations (GVIL), explicit
reasoning (DANLI), and potentially hierarchical decomposition (HiITUT) contributes
towards building more trustworthy Al systems whose decision-making processes can be

better understood and diagnosed.

9.2 Limitations and Future Directions

Despite the progress made, this dissertation also highlights several limitations and opens

avenues for future research:

e Unified Grounding Architectures: While we explored different facets of grounding,
integrating symbol, experience, and communicative grounding seamlessly within a
single, unified architecture remains an open challenge. Future work should focus on
developing architectures that jointly optimize for precise perception, robust planning,

and fluid interaction.

e Real-World Deployment and Robustness: Significant hurdles remain in transi-
tioning these systems from controlled simulations and datasets to the dynamic and

unpredictable real world. Bridging the sim-to-real gap is crucial for ensuring skills
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learned in simulation transfer effectively to physical environments. Robustness must be
enhanced to handle noisy perception, identify objects reliably beyond closed sets, track
state under occlusion, and manage perceptual ambiguities like those highlighted by
GVIL. Achieving real-time processing is essential for seamless interaction, particularly
for computationally demanding models operating on continuous video streams, a key

requirement for potential always-on visual assistants.

Open-World Adaptability: Current systems often operate within relatively con-
strained domains. Future research must enable agents to learn and adapt dynamically
to new objects, actions, environments, and task structures, potentially leveraging large

models for open-world knowledge acquisition and continuous, lifelong learning.

Long-Term Interaction, Memory, and Safety: The current work primarily ex-
amines task-specific interactions. Future directions must include developing robust
long-term memory mechanisms, allowing assistants to retain context, user preferences,
and environmental knowledge across extended periods for personalization and improved
assistance. Evaluating long-term user adaptation, trust dynamics, and mitigating
risks associated with user over-reliance are critical. Furthermore, ensuring the safety,
privacy, and ethical behavior of proactive assistants, especially always-on systems that

continuously process sensory input, requires careful consideration and robust safeguards.

Scalability and Fidelity of Synthesis/Simulation: While promising, the quality, di-
versity, and realism of synthetic data generation and simulation environments, including
agent behaviors, can be further advanced. Enhancements could involve incorporating
more sophisticated user models, richer environmental interactions, or better leveraging

web-scale multimodal data.

9.3 Concluding Remarks

Situated language grounding is fundamental to creating Al systems that can truly understand

and collaborate with humans in the physical world. By developing novel models, datasets,

benchmarks, and frameworks for grounding language in fine-grained visual details, under

challenging perception, through embodied action planning, and via proactive communication,

this dissertation contributes significantly to this goal. The findings highlight the importance

of moving beyond reactive, text-centric paradigms towards deliberative, multimodal, and

interactive approaches that account for both precise grounding and perceptual robustness.

While challenges remain, the research presented here provides valuable insights and tools,
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paving the way for the development of the next generation of helpful, context-aware multimodal

Al assistants.
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APPENDIX A

Appendix for Chapter 3

A.1 Mask2Former+ Implementation Details

Our enhancement of the original Mask2Former model focuses on broadening its segmentation
capabilities beyond the 134 common object categories it currently handles, which include
80 things and 55 stuffs as defined in the COCO dataset. The primary goal is to enable the
model to recognize an expanded range of object categories, as well as segmentation masks of

various levels of granularities, such as semantic parts and visual text regions.

Training data. We have compiled a comprehensive dataset by combining multiple existing
segmentation datasets. This ensemble encompasses a wide spectrum of entities (things and
stuff), their semantic parts, and visual text, drawn from sources such as COCO [26], LVIS [93],
Entity-v2 [208], Pascal [58], PACO [214]|, MHP-v2 [141], and TextOCR [238|. The resulting
dataset comprises over 200K images and 4.5M masks, as summarized in Table A.1. Notably,
the annotations from COCO, LVIS, and PACO are based on a shared set of COCO images.
We merged these annotations to ensure comprehensive mask proposal coverage, thereby

providing holistic instance coverage within each image, as can be illustrated in Figure A.1.

Model. Building on the foundation of the original Mask2Former [42], we developed Mask2-
Former+, a panoptic segmentation model designed for multi-grained segmentation. We
initialize our model from the Mask2Former checkpoint with the Swin-L. backbone pre-trained
on the COCO panoptic segmentation dataset [122]. Besides the 200 entity queries that are
trained for thing and stuff proposals, we added 50 additional expert queries for the segmenting
parts and the visual text regions, respectively. Given that not all images have annotations
for every type of segmentation (for instance, the TextOCR dataset provides annotations only
for visual text regions), our model computes the group-wise matching loss exclusively for the

annotations available in each dataset. This approach ensures that the model benefits from
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Dataset Granularity Dataset Size

Name Split Entity Part Text #Image #Masks
LVIS [93] & part v v 15,089 596,687
PACO [214] no_ part v 103,178 2,062,536
Entity-v2 [208] cls v 31,913 579,076
om0 L mm o owm
MHP [141] train v 15,403 410,113
TextOCR [238]  train v 21,749 714,770

Total v v v 197,435 4,551,966

Table A.1: Summary of the training datasets for Mask2Former-+. Entity includes both thing
and stuff categories.

Figure A.1: Tllustrations of the merged segmentation annotations from COCO Panoptic,
LVIS, and PACO datasets.

partial annotations without compromising its ability to recognize other levels of granularity
when certain annotations are unavailable. Although most samples in our dataset also have
semantic annotations such as object categories, we do not use them but only train the model
for class-agnostic mask proposals. We train the model for 20k iterations on our combined

segmentation dataset with a batch size of 16 using the Detectron?2 library [278].!

A.2 The M3G2 Dataset

In this section, we provide additional details for the M3G2 dataset. M3G2 is a comprehensive

dataset consisting of 36 sub-problems, derived and augmented from 27 existing datasets with

Thttps://github.com /facebookresearch /detectron?
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Metadata Grounding Annotations Semantic Granularity Data Size
Task Type Dataset Name Image Source Mask Box  Pointer  Thing Stuff Part Multi. Text Train Val / Test
Grd. Captioning PNG COCO v v v v v 132,045 8,435
(GCAP) Flickr30K-Entity Flickr30K v v/ v/ v v 148,915 1,000 / 1,000
RefCOCO COCO v v v 113,311 -
RefCOCO-+ COCO v v v 112,441 -
RefCOCOg COCO v v v 80,322 -
Referential RefCLEF ImageCLEF v v v 104,531 -
Expression gRefCOCO COCO v/ v v/ 194,233 -
Segmentation  PhraseCut VG oo/ v ooV v 84,688 -
(RES) D-Cube GRD Va4 v v 9,499 -
ReasonSeg Openlmages & ScanNetV2 v v v v v v 1,315 344
RIO COCO v v v v 27,696 34,170
SK-VG VCR v v 23,404 -
VizWiz-Grounding VizWiz v 4 v v v 6,494 1,131 / 2,373
TextVQA-X Openlmages v v v 14,476 3,620
Ga@;;{:gf’d GQA va v v ooV v 301,623 B
Qu(;stion VvQs COCO v v 20,380 8,203
Answering Shikra-BinaryQA Flickr30K v v v v v 4,044 1,159
(GVQA) EntityCount Entity-v2 v v v v v v 11,088 453
FoodSeg-QA RecipelM v v v v 7,114 -
LVIS-QA COCO v v v v v 94,860 3,611
RefCOCO-REG COCO v v v v 17,395 -
RefCOCO-+-REG COCO v v v v 17,383 -
RefCOCOg-REG COCO v v v v 22,057 -
gRefCOCO-REG COCO v v v v 20,282 -
VG-SpotCap VG v v v v v v 247,381 232,935
VTW COCO v v v 22,805 10,193 / 57,265
Referential PointQA-Local VG v v 27,426 4,855 / 4,830
Diaiog PointQA-Twice VG v v 36,762 14,668 / 5,710
(RD) VCR-Open VCR v v v 58,340 -
VCR-Multichoice VCR v v v 97,648 26,534 / 25,263
ShikraRD Flickr30K v v v v v v 1,878 -
SVIT-RD VG v v v v v v 32,571 -
Guesswhat-Guesser COCO v v v v 92,136 19,665
Guesswhat-Oracle COCO v v v v 101,256 21,643
VG-RefMatch VG v v v v v v 247,381 -
HierText Openlmages v v v v 6,058 3,885

Table A.2: The full list of datasets used in M3G2.

Instruction Templates for Brief Captioning Instruction Templates for Detailed Captioning

Describe the image in detail.

Describe the picture’s every detail.

Describe the given picture in very detail.
Make a fine description of the image.
Generate a long caption for the given image.
Give me a detailed caption of this image.

Describe the image briefly.

Describe the image in a few words.

Describe the image in a short sentence.

Describe the image in a clear and concise manner.
Generate a short caption for the picture.

Caption the image in a few words.

Table A.3: Instruction templates for the GIC task.

grounded vision-language annotations. The dataset is categorized into four main types: (1)
Grounded Image Captioning (GIC), (2) Grounded Visual Question Answering (GVQA), (3)
Referential Expression Segmentation (RES), and (4) Referential Dialog (RD). Details on the
dataset sources, image origins, types of grounding annotations, semantic granularity, and
data statistics are summarized in Table A.2. All datasets are formatted into the conversation
format between a human user and a model assistant, where the user provides task objectives

as instructions, and model responses are generated automatically based on the annotations.
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Instruction Templates For RES

Highlight “{}” in the image. Segment “{}” in the image.

Segment: {}. Help me segment out {}.

Localize “{}” in the image. Help me localize {}.

Help me highlight the region of {}. Demonstrate where “{}” is located in this image.
Show me where to find in this photo. Identify and mark the region of {} for me.

Can you highlight “{}"? Can you extract the segment: {} for me?

Can you localize “{}” in this image? Could you please segment out {} in the image?

Table A.4: Templates used for the RES task.

A.3 GROUNDHOG Implementation Details

Data Balancing. In constructing the M3G2 dataset, we recognized the need to address
the varying scales of the multiple constituent datasets to ensure a balanced data distribution
during training. To achieve this, we have implemented dataset-specific sampling strategies,
adjusting the volume of data from each source dataset through either up-sampling or down-

sampling. The ratios we applied are as follows:

e PNG: up-sampled by a factor of 2.

Flickr30k-Entities: up-sampled by 1.5 times.

RefCOCO™: up-sampled by 1.5 times.

RefCOCOg: up-sampled by 1.5 times.

SK-VG: up-sampled by a factor of 2.

Dcube (multiturn): up-sampled by a factor of 10.

ReasonSeg: up-sampled by a factor of 10.

Shikra-Binary: up-sampled by a factor of 10.

e VCR-Open (multiturn): down-sampled by half.
e VCR-Multiturn: down-sampled to 10%.

e VizWiz: up-sampled by a factor of 3.

e LVIS-QA: down-sampled by half.

o TextVQAX: up-sampled by a factor of 2.
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Instruction Templates For Short Response VQA.
{}Answer with a single word or a short phrase.

Given the image, answer the question ”{}” with a single word or a short phrase.

Give a short answer to the question ’{}” based on the image.

Instruction Templates For Chain-of-Thought Response VQA.
{}Let’s think step by step.

{}Please include the reasoning process.

{}Before giving the answer, please explain your reasoning.
{}Explain your logic before giving the answer.

Please answer the following question ”{}”, and describe your thought process.

Instruction Templates For Grounding Answer to Masks.
Show where in the image you found your answer.

Mark the part of the image that supports your answer.
Please highlight your evidence in the image.

Point out the evidence from the image.

Indicate the area in the image that justifies your response.
Highlight the section of the image that backs up your answer.
Shade the section of the image that confirms your reply.
Emphasize the part of the image that relates to your answer.

Instruction Templates For Object Presence QA.
Is {} present in the image?

Is there any {} in this image?

Instruction Templates For Object Counting QA.
How many {} can you see in this image?

Count the number of {}.

Instruction Templates For Object Segmentation Request.
Segment {}.

Highlight all the {} in this image.

Show me all the {} presented in the picture.

Table A.5: Templates used for the GVQA task.

EntityCount: up-sampled by a factor of 2.

VG-SpotCap: down-sampled by half.

Shikra-RD: up-sampled by a factor of 10.

HierText: up-sampled by a factor of 5.

GuessWhat-Oracle: down-sampled to 20%.
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Instruction Templates For REG.

Provide a distinct description for that <PTR>

Describe the selected area in a unique way. <PTR>

Share a unique description of the region <PTR>

Offer a one-of-a-kind descriptor <PTR>

Describe the selected area <PTR> uniquely.

Point out <PTR> in the picture with a unique description.

Tell me how <PTR> stands out in the photo.

Use your words to highlight just <PTR> in the image.

Please describe <PTR> in the image in a way that it can be uniquely identified.

If you had to describe just <PTR> to someone, how would you do it?

What makes <PTR> different from everything else in the picture?

How can you describe <PTR> in the image in a way that it can be uniquely identified?
Can you provide a referring expression for <PTR> such that it sets it apart from others?
Let’s play a game! Describe <PTR> in the photo so I can find it.

Instruction Templates For Region Captioning.

Describe it <PTR>.

Describe the region <PTR> in a few words.

Describe the region <PTR> in a short phrase.
Describe the selected area <PTR>.

Provide a brief description of this part <PTR>.

Give a short caption for this <PTR>.

Provide a brief description of the area marked <PTR>.
Tell me about the contents in the selected zone <PTR>.
Provide a concise description for this spot <PTR>.
Narrate what you see in the indicated area <PTR>.
What is in the region <PTR>? Describe in a phrase.
What can you see in this area <PTR>?

How would you describe the content at <PTR>?

How would you caption this particular region <PTR>?
What’s depicted in the marked area <PTR>?

Table A.6: Templates used for the RD task.

e GuessWhat-Guesser: down-sampled to 20%.

e SVIT: up-sampled by a factor of 3.

The balanced sampled dataset contains 1.8 million samples in total.

Learning from Both Box and Mask Supervision.

benefit from grounded supervision from both mask and box annotations. We address this

by employing different loss functions based on the type of annotation available. When
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mask annotations are available, we apply the dice loss Lgice and binary cross-entropy loss
Lyee between the predicted grounding masks and the ground truth masks of each phrase,
following [42]. In cases where only box annotations are present, we apply the projection loss
Lo as introduced by [251], which selects the mask whose projection on the axis matches
the best with the annotated box. Essentially, this can be seen as a 1D dice loss calculated
between the projected masks and the edges of the ground truth boxes along both the x and y
axes. Given that the primary objective of grounding is to accurately select the correct mask,
we assign different weights to these loss components. The mask dice loss and box projection
loss are both weighted at 1, while the mask bce loss is given a lower weight of 0.1. The final
loss calculation is a summation of the language modeling loss £, and these mask-related

losses.

LLM Configuration We adopt the Vicuna-7B model [44] as our base LLM, and use the
OpenAl CLIP@336 [211] model and DINOv2-L/14-reg|54| pretrained checkpoints. We use
the original conversation template from Vicuna, where all the interactions are formatted as
<system_message> <s> USER: <utterance> ASSISTANT: <utterance> </s>.

Parameter-Efficient Training. We adopt the LLaMA2-7B model [255] as our base LLM,
and initialized the weight from LLaVA-1.5 [153|. For the vision encoders, we use the OpenAl
CLIP@336 [211] model and DINOv2-L/14-reg [54] pretrained checkpoints. We freeze all the
parameters of the Mask2Former+, the CLIP, and the DINOv2 model during training. We
use Low-Rank Adaptation (LoRA) [102] with » = 16 and o = 16 to tune the LLM, including
all the linear layers, input embeddings, and the LM head. We train all the new components
introduced for connecting these models, including the MLP projection layer of CLIP and
DINOvV2, and the mask retrieval head. As a result, less than 2% of the total parameters are
trainable in the whole model. We use the AdamW optimizer [163] with an initial learning
rate of 2e-4 and a cosine annealing rate. We train our model on the balanced sampled M3G2
dataset for 2 epochs, which takes around 2 days using 8 40G A100 GPUs.

A.4 Additional Qualitative Results

We provide additional qualitative examples generated by GROUNDHOG. See Figure A.2 &
A.3 for GIC, Figure A.4 for RES, Figure A.5 for GVQA, and Figure A.6 & A.7 for RD,

respectively.
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! Describe the image briefly. ! Caption the image briefly.

Agirl is reading a book to A'person in @

another girl. jumps in the snow.

S,

Could you please describe the

! Describe the image in a clear and concise ! Can you write a short description of ! Describe the image in a clear !
image in a few words?

manner. the image? and concise manner.

A'girl in glasses is holding two American Aman in and A'woman is painting a A'man is talking on his cellphone
flags. @ is doing onalawn. picture of a mountain. while holding a child.

Figure A.2: Additional qualitative examples for short grounded captioning.

What can you see in the image? Describe them
! in detail.

In this image, I can see a person standing on a

surfboard and holding in his hand. In

the background, I can see the water and a few

houses. On the top of the image, I can see the
sky.

What can you see in the image? Can you tell me about the Can you tell me about the
! Describe them in detail. ! image? In detail. ! image? In detail.

In this image, we can see a girl
standing on the floor and holding
a toy in her hand. In the

In this image, I can see a black
and white i jumping in the In this image, I can see 2 brown
water. There are a few people §ofa with a cat sitting on it. A
background of the image, there is standing anq some sitting. I can dog is sitting on the floor. In the
2 508 - television c’u rtain see vehicles in white, black, and background, I can see a brown

’ ’ ? ? red colors. In the background, table and a yellow wall.

- and window: there are a few trees and the sky.

Figure A.3: Additional qualitative examples for detailed grounded captioning.
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Highlight "not the most prominent umbrella but the one

! Demonstrate where "yellow sauce" is located in this image. ! G i AP e e

Yellow sauce. Not the most prominent umbrella but the one next to it.

Figure A.4: Additional qualitative examples for referring expression segmentation.

What does the first page of the right say? Mark the part of the image What is this what type of

! that supports your answer. ! product? ! cookies are these?
Help yourself is printed on the cover. Toffee cheesecake. Oreo.

What kind of boat is mentioned on
the page? Shade the section of the
image that confirms your reply.

What was the picture about? Indicate
| the area in the image that justifies your
response.

[ e

b — N — -~ o
|| Vitamix 3600 is printed on the image. RS
| Vitamix 3600 is printed on the image. = TS

A
2, Y, 4 -
e

I Ice boat is printed on the page. g

Figure A.5: Additional qualitative examples for grounded VQA of visual text.
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Ty,
<PTR_1> <PTR_2>

Is the man <PTR_0> touching the food <PTR_1>
/i directly with his hand <PTR_2>? Include your
! thinking process as well.

The man is not touching the food directly with his
hand. Instead, he is using a spoon to serve himself a
portion of the food.

o

Provide a distinct clue for that
! <PTR>.

P

25. Is that a good description?

Is the rock wall <PTR> in a vertical or horizontal orientation? Let's play a game! Describe <PTR>

! Please include the reasoning process. ! in the photo so I can find it
The rock wall is in a vertical orientation, . The boy in the back wearing a white _
as the man is climbing up it. %) shirt. Did I capture its essence? RS

Figure A.6: Additional qualitative examples for referential dialogue with pointer input.
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The answer is C. &X'/

- &

. Which part of the restaurant helps customers see what food they

Select the most likely answer from:
A. <PTR_o> B. <PTR_1> C. <PTR_2> D. <PTR_3>

Which banana has a drawing of a banana that's !
crossed out? i
Identify the best answer from these options:

A. <PTR_o> B. <PTR_1> C. <PTR_2> D. <PTR_3>

WH N —y

The answer is D.

Which banana has a drawing of a banana that's
crossed out? Identify the best answer from

Which street name is a number?
From the options given, pick the most suitable answer.

these options:
A. <PTR_o> B. <PTR_1> C. <PTR_2> D. <PTR_3> ! A. <PTR_0> B. <PIR 1> C. <PIR_2> D. <PTR_3>

Figure A.7: Additional qualitative examples for referential dialogue with pointers as multiple
choices input.
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APPENDIX B

Appendix for Chapter 4

B.1 Statistical Analysis for Illusion Recognition

We conducted a statistical analysis to rigorously validate that our experimental setup is able
to reveal a model’s inclination towards either “humanlike" or “no-illusion", notwithstanding
the high prevalence of N/A samples. Specifically, we applied a x2-test to the model predictions
omitting the N/A samples. The null hypothesis posits that the humanlike and no-illusion
samples are uniformly distributed, i.e., the model behaviors randomly. As shown in Table B.1,
a significant proportion of the models reject the null hypothesis. Out of the 12 models tested,
8 models rejected the null hypothesis with a p-value < 0.001, and 9 models rejected the null
hypothesis with a p-value < 0.01. These figures strongly suggest that most models perform
better than what would be expected by chance alone, which is a piece of strong evidence that
our dataset and experimental setup can support the evaluation of illusion recognition for the
tested VLMs.
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Model #HL  #NI x> p-value

OFA-Tiny 17 172 129.45 <0.001***
OFA-Base 78 146  20.64  <0.001***
OFA-Large 58 73 1.72 0.190

OFA-Huge 60 136 29.47  <0.001***

UnifiedIO-Small 33 221 139.15 <0.001***
UnifiedIO-Base 33 62 9.38 0.002**

UnifiedIO-Large 115 103 0.66 0.416
UnifiedIO-XL 142 34 66.27  <0.001***
LLaVA-7B 13 202 12.89  <0.001%**
LLaVA-13B 6 195 177.72  <0.001***
Instruct BLIP-7B 91 223 55.49  <0.001%**

InstructBLIP-13B 107 121 0.86 0.354

Table B.1: Chi-square test for the SameDiff Task (Figure 5). #HL and #NI denote the
number of humanlike illusionary answers and no-illusion answers, respectively. Statistically
significant results with p < 0.001 and p < 0.05 are marked with *** and **. respectively.
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APPENDIX C

Appendix for Chapter 5

C.1 Additional Training Details

We use the RoBERTa [160]| implementation from Huggingface [272]. The model is fine-tuned
for 10 epochs with the Adam [121] optimizer on the ALFRED training set. The learning
rate warms up over the first half of the first epoch to a peak value of le-5, and then linearly
decayed. The model achieving the highest navigation action prediction accuracy on the

validation seen set is selected for evaluation. All the models are trained on one NVIDIA V100
16GB GPU.

C.2 Additional Evaluation Details

We follow the evaluation setting in the ALFRED benchmark!. For each episode, the agent
is given a task, which is composed of a goal directive G and several sub-goal instructions.
The agent needs to sequentially perform actions to achieve the goal based on the visual
observations of RGB image only. This progress ends if the agent predicts an End action (an
End sub-goal for HITUT), which is made after up to 10 failed interaction attempts or reaching
the maximum step limitation. For HITUT, there is also a maximum number of backtracking
attempts, and the model will be forced to stop if the budget runs out. The maximum number
of backtracking is 8 in all of our experiments without explicitly mentioning the backtracking
number. We also leverage two techniques to reduce the interaction attempt failures. We use
the obstruction detection trick proposed in [240] to avoid failures caused by repeated tries of
moving toward obstructions. We propose a self-monitoring approach to check the validity of
manipulation actions. If no mask is selected or a predicted action argument is not consistent
with the class prediction from Mask R-CNN for the selected object, the manipulation action

is decided as failed and the agent performs a backtrack without trying to execute the action.

thttps:/ /leaderboard.allenai.org/alfred /submissions/get-started
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Note that in Table 5.4, we remove the interaction attempt constraint when comparing the
effect of different allowed maximum backtracking numbers, thus the results of #BT = 8 is
slightly higher than those shown in Table 5.2.

C.3 Additional Results

A detailed per-task performance comparison of HITUT and MOCA is shown in Table C.1.
As the comparison might be unfair since HiITUT benefits from model pre-training, we also
conduct an ablation study to show the effectiveness of pre-training. In Table C.2, we compare
the fine-tuned RoBERTa model to a Transformer with the same size trained from scratch to
show the role of the RoOBERTa pretraining. We can see that RoOBERTa consistently improves
the performance over training from scratch both w/o and w/ backtracking with an absolute
gain between 0.4% and 5% on task success rate. Notably, Scratch with 4 or 8 backtrackings

still outperform MOCA by a large margin in terms of the unseen success rate.

Task-Type MOCA HiTUT
Seen Unseen Seen Unseen
Pick & Place 29.5 5.0 35.9 26.0
Cool & Place 26.1 0.7 19.0 4.6
Stack & Place 5.2 1.8 12.2 7.3
Heat & Place 15.8 2.7 14.0 11.9
Clean & Place 22.3 2.4 50.0 21.2

Examine & Place  20.2 13.2 26.6 8.1
Pick Two & Place 11.2 1.1 177 124

Average 18.6 3.8 25.2 124

Table C.1: Success rates across 7 task types on the validation sets. Highest values per fold
are bold.
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Model #Backtracking Seen SR Unseen SR

RoBERTa no 10.5 5.2
Scratch no 7.9 2.8
RoBERTa 4 23.1 12.9
Scratch 4 18.1 10.2
RoBERTa 8 27.2 16.2
Scratch 8 26.8 14.0
MOCA - 19.15 3.78

Table C.2: The validation success rates for models pretrained and trained from scratch with
different allowed maximum number of backtrackings.
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APPENDIX D

Appendix for Chapter 6

D.1 DANLI System Implementation Details

A detailed overview of all system components and sub-components is provided in Figure D.1.

() Neural Modules [ _] Symbolic Modules Symbols Representation Construction Goal Learning Planning

O Toaster_0 isVisible
isToggled
| Spatial 3D Map O Bread_® isSliced
O O Fridge_o isClosed
Panoptic Segmentation B knife 1 iS¥isible
Visual Depth Estimation . isPickedUp
Observation L 2 Knife_1: isPickedUp Symbolic Object O Knife_@  NOT isVisible
poasii State Bread_o: i;g,f(léfj,‘lep oy, | State Updater O Window_® NOT isVisible
e, e Estimator Fridge @: isClosed 000
Open(Cabinet_0) — a o a
Pickup(Knife 1) — . Spatial-Symbolic Scene Representation
Object Physical State I
i HIStOI"y A5 Gk, N Plannin; Problem l
Let’s make a isSliced(Bread), F d, T Left, ..
|Plate OfanSt] Subgoal isCooked(BreadSliced), Constructor Path orward, ' ur‘n' e
:(Predlctorj 1 Planner Navigation Plan
abread.
- - Sequence of Subgoals | | L A i
(Where s the knife?} d & i Self-Identified Errors | T - Place(Knife_1,CounterTop_1),
Someniie ison(Knife, CounterTop) I Symbolic PickUp(BreadSliced_@), ..
-moka 5 1 .
oo sois — Parser World Belief Execution Error Planner Interaction Plan
Dialog History Handler

Figure D.1: Overview of our neuro-symbolic system, which learns a rich, visually-informed
semantic representation of the surrounding environment, and captures hierarchical tasks in
two phases. First, it uses a sequence-to-sequence model to predict the sequence of high-level
subgoals, both completed and upcoming, and additionally extracts some spatial relations from
the dialog to supplement the world representation. For each subgoal, we apply a specialized
planner (either for navigation or manipulation) over the world representation to accurately
execute the low-level actions and achieve the subgoal. Best viewed in color.

D.1.1 Perception System Details

Our perception system consists of a panoptic segmentation model, a depth estimation model

and a physical state estimation model. At each time ¢, after receiving the RGB image I; from
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the egocentric vision, our perception system predicts egocentric depth estimation ItD , panoptic
segmentation I, and corresponding state estimation I for each predicted objects in IF.
The output of this system serves as the foundation for building the symbolic representation
for the agent,

We use main-stream pretrained models for the standard depth estimation and panoptic
segmentation task and implement a custom Vision-Transformer [66] based model for physical
state estimation. A dedicated dataset, TEACh-Perception, is collected for training these

models.

D.1.1.1 Data Collection

We collect the visual perception data by replaying the TEACh dataset with additional filtering
and data augmentation. Just like in the main experiment, we use the train split to build our
training set, validation seen and validation unseen splits for two test sets.

We replay each of the games within the split and record egocentric images frame by frame,
with their corresponding depth data, panoptic segmentation and object physical states ground
truth extracted from the rendering engine. We find consecutive frames within the game can
be very similar, degrading the dataset quality tremendously. Therefore, we propose to filter
the frames on the fly. Namely, we use ImageHash ! to calculate the similarity between the
consecutive frames and only record the frame if its hash differs from the previous recorded
frame by at least 3. To further improve dataset quality, we call the simulator’s built-in
lighting randomization and material randomization methods if the consecutive frames are
similar by the aforementioned criteria. Following this method, we collect 179,144 annotated
frames for the training set, 22,169 and 71,452 frames for the validation seen and unseen set

respectively.

D.1.1.2 Model Design & Training

Depth Estimation We follow the customized U-Net [221] depth estimation model intro-
duced in [24] and used its weight to initialize our model. To save computation, before passing
I; into the U-Net, we first downsample I;’s resolution from 900x900 to 300x300 and upsample
the model’s output back to 900x900 in the end. The model was finetuned with the same
hyper-parameter for 30,000 steps on a single Nvidia A40 GPU on our TEACh-Perception

dataset.

Thttps://github.com /JohannesBuchner /imagehash
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Panoptic Segmentation Mask2Former [42] is used as the panoptic segmentation model.
We use the Swin-B 21K model in MMDetection [37] for initialization, decrease the learning
rate to 3 x 107° and finetune it for 80,000 steps on 8 Nvidia A40 GPUs.

Physical State Estimation As each object has different affordances,? we only predict the
possible valid physical states for each object. For example, we will only predict a physical
state value for the attribute isFilledWithWater for objects that are Fillable, e.g., bowls
and cups.

We implement a custom model for state estimation tasks. The input consists of an
object-centric image with its object’s class id. After the image passes through an image
encoder and class id through an embedding layer, two features are concatenated and go
through two fully-connected layers to produce its state estimation. We use ViT-B/32 [66]
with an additional projection layer as the image encoder and initialize its weights from
CLiP [212]. The projection layer is a linear layer followed by a ReLU function, projecting
the 512-dimension image feature down to 128 dimensions. The class id embedding has a
dimension of 8. The following 2 fully-connected layers are with ReLLU activation function,
each with output dimensions 128 and 3. The model is then trained for 150,000 steps on our
TEACh-Perception dataset with a learning rate of 1 x 107°.

Lastly, our system also requires predicting objects’ spatial relationship of whether or not
one object is on another object. We use a simple rule-based algorithm to predict these spatial
relations, which is, given object A in class C'4 with bounding box Ba = (a1, Ya1, TA2, Ya2),
object B in class Cp with bounding box Bg = (21, Y1, 52, Yp2), Where bounding boxes
are in absolute coordinates notation, the model predicts A is on B if and only if 1.) from the
prior receptibility knowledge, it is possible for C4 to be on Cg, 2.) (xp1 < (a1 + Ta2)/2 <
r2) A (Yaz = yp1) A ((Yar +ya2)/2 < yp2).

During experimentation, we find three factors constraining state estimation accuracy
and provide solutions respectively. First, the object-centric images are extracted from I; by
objects’ bounding boxes, which include little information about its surrounding. For example,
to predict the isToggled state of a cabinet, the spatial relationship between the cabinet and
the desk must be included in the image. To solve this problem, we enlarge the bounding
box by 30% on each side to include more spatial information. Secondly, we find when in
distance, some objects will be too small to extract meaningful state information, hurting the
accuracy of physical state estimation. Therefore, we filter out objects whose corresponding
bounding boxes are less than 1000 pixels large in the egocentric image before passing into this

model. Lastly, although whether or not a StoveBurner is turned on is mostly reflected on

20bject affordance is pre-configured in Thor [126], the virtual environment used to create TEACh.
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the existence of fire flames above it, the corresponding isToggled state is stored in the Knob
object controlling the StoveBurner. To solve this misalignment between the visual feature
and the corresponding state, we manually move the isToggled state from the knob to the

corresponding StoveBurner.

D.1.2 Map Construction and Navigation

We describe below the transformation procedure of converting egocentric visual observations
to a 3D semantic map. Inspired by [24], we project the pixels from the panoptic segmentation
model, with the help of a depth estimation model, to a 3D point cloud. The points in the point
cloud are then binned into 0.25m? cubes, called vozels. Note that throughout this conversion
process, object class information is preserved. The resulting map is V; € [0, 1]9*X*¥*Z
where C' is the number of object classes and X, Y, Z are the length, width and height of the
map, respectively. Given this 3D semantic voxel map, we can plan navigation paths using a
deterministic path planner like the Value Iteration Network (VIN) introduced in [24]|. The
path produced can be further converted to navigation action sequences, which can be directly
followed by the agent through primitives. See Figure D.2 for an example of map construction
and path planning results in a single episode. When exploring for missing objects, the agent
randomly samples an object from the 5 farthest objects in its current world representation
and navigates to it. There is no specific timeout for the search action, but each subgoal is

limited to a maximum of 200 action steps.

D.1.3 Instance Match Algorithm

We use the following algorithm to match object instances from the current observation to
instances already existing in the symbolic instance lookup table. If it is the first time that
an instance is observed, we will register it into the lookup table. First, we group all the
detections in the current observation based on its object type, and denote n?P as the count of
object of type c¢. Then for each object type, we get object instances of the same type from the
lookup table that is visible (at least one voxel falls into the visibility mask) at the moment,

and denote the count as n3P. If n?P == n3P we match each pair of them to minimize the

pair-wise distance computed as the Euclidean distance between their centroids. If n?? > n3P
we match up to n?P detections to the existing instances, and then register new instances
into the lookup table. If n?P? < n3P we will match up to n2? detections to the existing
instances, and remove the remaining instances. When a detection is matched to a instance
in the lookup table, we update its voxel mask by performing a logical-or operation of the

projected voxel mask of the detection and the existing voxel mask. Thus different partial
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Figure D.2: Ilustration of the 3D voxel map construction and interaction process of a making
toast task. The agent is labeled in black, and the agent path is labeled in blue. Current
navigation target in the agent’s plan is labeled in red.

observations of the same instance at different positions can get merged.

D.1.4 Subgoal Prediction
D.1.4.1 Subgoal Labeling

To annotate the key subgoals for each task type in TEACh, we define a minimal set of object
states that is essential for the completion of the task. For example, as previously shown
in Figure 6.2, (Knife,isPickedUp) and (Bread,isSliced) are subgoals for making toast,
while (Knife,isPlacedTo,Counter) is not. This is because while placing a knife on the
counter may often happen when making toast in the TEACh data, it is not essential to
achieve the goal conditions for making toast. We then use an automatic subgoal labeling

algorithm to get these subgoal annotations for the entire dataset.

D.1.4.2 Subgoal Annotation

We propose a method to automatically annotate subgoals from the trajectories. Based on

the metadata of task goal conditions and the oracle world state change of each step recorded
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Commander Follower
Hello
Hi
What is my task?
Please make a slice of toast.

Goto CounterTop_© FOR Knife_© -
N R Get Knives
Pickup Knife_© FROM CounterTop_©
slice Br?ad_e Slice Bread
Place Knife_© TO CounterTop_0
Pickup BreadSl%ced_B FROM CounterTop_© Cook Breadsliced
Place BreadSliced_© TO Toaster_0
Done
Now put on the plate
Goto Toaster_© FOR BreadSliced ©
Pickup BreadSliced_© FROM Toaster_© Place Toast To Plate
Place BreadSliced @ TO Plate 0
Done

Great job, task done.

Figure D.3: An example of subgoal annotations.

in the dataset, we extract whether a goal condition is achieved at every step. If there is a
goal condition completed, it is annotated as a subgoal being achieved in that step. We show

an annotation example in Figure D.3.

D.1.5 Symbolic Planning Details

In this section we describe details of our symbolic planning module, including how PDDL
planning works, the types of subgoal predicates we used in our experiments, and pseudocode

to describe how our online planning pipeline works.

D.1.5.1 PDDL Planning

PDDL planners, such as FastDownward [98] and ENHSP [226], require as inputs problems,
which symbolically specify the existing preconditions and desired goal, and domains, which
describe the symbols that can be used and the possible actions that can be planned over.
However, before forming PDDL problems, we first adjust the scene that the agent works with.
This serves to speed up planning, as described in section 6.3.3.

The domain is formed via provided object and action symbols along with manually encoded
interactions within the simulator. Primitive actions are qualified with conditional effects,
which allows one to encode more complex, contextual interactions into the domain; e.g. if
a plate is moved underneath a toggled faucet, then the planner should assume its state is

changed to isClean. Within the domain one may also encode action costs, which specify
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priorities for actions.

An example problem, which contains relevant objects, initial conditions, and goal conditions,

looks like the following:

(define (problem knife_problem)
(:domain knife_domain)
(:objects

Knife_0 - Knife
DiningTable_O - DiningTable

)

(:init
(isVisible Knife_0)
(isNear Knife_0)
(isVisible DiningTable_0)
(isNear DiningTable_0)

)

(:goal (isPickedUp Knife_0))

An example domain, which contains types of objects to plan with, predicates, and action

schemas, may look like:

(define (domain knife_domain)

(:requirements

radl :strips

:typing :conditional-effects
)
(:types

Knife - Pickupable

DiningTable - Receptacle

; more types

)

(:predicates
(isVisible 7x - Object)
(isNear 7x - Object)
(isPicked ?x - Pickupable)
(parentReceptacles
?x - Object

?z - Receptacle
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; more predicates
)
(action Pickup
:parameters (7?x - Pickupable)
:precondition (and
(isNear 7x)
(forall (7z - Pickupable)
(not (isPickedUp 7z))

)
reffect (and (isPickedUp 7x)
; remove from its parents
(forall (7z - Receptacle)
(not (parentReceptacles ?7x 7z)))
; children should all be picked
; up if the parent is picked up
(forall (7z - Object)
(when
(parentReceptacles 7z 7x)

(isPickedUp ?7z)

; more actions

Subgoal predicates Below we describe the subgoal predicates used specifically in our
TEACh experiments.

e isCooked: True if a food item has been cooked. Can be the result of being placed in a toaster,

a microwave, or on a stove.
e isClean: True if an object is clean. Can be the result of being placed under running water.
e isPickedUp: True if an object is currently in the agent’s hand.

e isFilledWithLiquid: True if an item is filled with some liquid, whether water or coffee. Can

be the result of being placed under running water or in a coffee machine.

145



Algorithm 1: Hierarchical Planning
Input: PDDL domain D, Context C'
1 Function HierarchicalPlan(D, C):

2 S < InitializeRepr(C)

3 G < SubgoalPredictor(C)

4 foreach g € GG do

5 > PDDL Planning

6 P < FormPDDLProblem(g, S, D)
7 [T < PDDLPlanner(P, D)

8 foreach a € Il do

9 0,€ < ExecuteAction(a)

10 if e # None then

11 > Error handling

12 if e € solvable then

13 g < PlanRecovery(o)
14 goto line 5 with g := ¢
15 else

16 ‘ return with failure

17 end

18 end

19 > Internal representation update
20 S < UpdateRepr(o, S)

21 end
22 end
23 return

End Function

N
~

e isEmptied: True if an item has nothing inside it.

e isSliced: True if an item exists as the result of a slicing operation, such as a bread slice or

tomato slice.

e simbotIsFilledWithCoffee: True if an object is filled with coffee. Can be the result of an

item being placed under a coffee machine.
e isPlacedTo: True if an object x currently lies in/on an object y.

e isToggled: True if an object has been toggled on, such as a light switch or a coffee machine.

D.1.5.2 Online Planning Algorithm

Our full planning algorithm, including the re-planning functionality to recover from failed
actions, is listed in Algorithm 1. The subprocesses used in the algorithm are the following:
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e InitializeRepr: given a context C, initialize the state representation S and return it
e SubgoalPredictor: given a context C', output a set of predicted subgoals G

e FormPDDLProblem: given a single goal g, a state representation S, and a PDDL domain D,

output a primitive-level plan II

e ExecuteAction: Given a single primitive action a, execute it and return an observation o and

error state e.

e UpdateRepr: given an observation o and state representation S, update S with the new

observation.

Panoptic Segmentation Output | | Step Number | | Stage: Replay/Rollout |

Raw
Observation

Dialog History

—| Key Reasoning Events |

Voxel Map Side View: Voxel Map Top View:

—| Action Plan for the Current SG |

@ e I Subgoals predicted by DANLI |

Next Action:

Voxel Map constructed by DANLI

Left: Side View / Right: Top-Down View | Current Subgoal | | Next Action to Execute |

Figure D.4: Demo of the Graphical User Interface (GUI) created for visualizing DANLI’s
internal representations.

D.1.6 DANLI GUI Interface

Figure D.4 show a snapshot of the GUI interface we built for visualizing DANLI’s intermediate

representations.

D.2 Implementation Details of Baselines

The architecture of the HET model is shown in Figure D.5. We use two transformer models

to implement the controller and the navigator respectively. For the HET-ON model, the
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navigator is replaced with an oracle navigator which can get access to the ground truth
environmental state for reliable navigation. We conduct an extensive hyperparameter search
over the model architecture and optimization process. We find that using a 4-layer Transformer
with a hidden size of 768 and 12 attention heads obtains the best results on the validation
set (average of seen and unseen split). We find the navigator achieves the best performance

when increasing the layer number from 4 to 6.

Goto Plckup Goto Slice
Speak Knife Knife Apple Apple [End]

[ Next Actions ]

?
t Multi-Modal Causal Transformer ]

Observations Controll Mani. Action
& History OLtIosel & Object

If navigationl

] oo ordomal 0 [oJofoa[s[a]a]ofaf2][s[4]s]o]a]2][a]4]s]
[Nawgator H Action | [ Dialog Frames Actions ]

[ I
i u LA B i
[USR] Slice an apple [BOT] Sure ! [EOS] . . n n n E [BEG] Speak .f,‘.’.'éi PKil;fuep Epm i:;
Figure D.5: Architecture of the hierarchical ET model.

D.2.1 Results on Original Validation Split

The original test splits of the TEACh dataset are used for the SimBot Challenge,® and are
thus not publicly available at the time of writing this paper. To facilitate model evaluation,
the authors of TEACh re-split the original validation set into new validation and test sets,
which are used in this paper as the standard evaluation protocol. In Table D.1, we additionally
provide the results on the EDH subtask of TEACh using the original validation splits. Future

work evaluated on the original split can refer to these results when comparing with our model.

Valid Seen Valid Unseen
Model SR GC SR GC
ET 8.55 (0.67) 9.10 (3.39) 7.86 (0.91) 6.20 (3.43)
HET 8.72 (1.00) 9.95 (5.29) 9.31 (1.74) 9.50 (5.35)
HET-ON 12.01 (3.43) 16.45 (9.93) 12.42 (3.43) 14.95 (9.41)
JARVIS 15.10 (3.30) 22.60 (8.70) 15.80 (2.60) 16.60 (8.20)

DANLI-PaP 15.62 (7.76)  20.39 (18.33)  14.19 (6.12)  19.32 (17.57)
DANLI (Ours) 17.76 (9.28) 24.93 (22.20) 16.98 (7.24) 23.44 (19.95)

Table D.1: EDH results on the original validation splits.

3https://eval.ai/web/challenges /challenge-page /1450 /overview
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APPENDIX E

Appendix for Chapter 7

E.1 Dataset

E.1.1 Synthetic Dialogue Data Generation Details

Dataset Domain #Tasks #Videos Total/Avg Duration Labels
EgodD-Goalstep [90, 241] Cooking 86 851 368h/26m C+F
EpicKitchen [50, 51] Cooking - 700 100h/9m F
HoloAssist [267] Manipulation; Assembly 20 2221 166h/5m C+F+M+D
EgoExoLearn [104] Cooking; Laboratory Tasks 8 432 96h/13m C+F+R
Assembly101 [227] Assembly 101* 356 42h/Tm C+F+M
WTaG [2]] Cooking 3 56 10h/11m C+M+D+R

Table E.1: Summary of egocentric video datasets used in PROASSIST. The statistics presented
are as originally reported in the corresponding papers before filtering. The number of tasks
indicates the types of tasks in each dataset, except for Assembly101, where it represents the
unique number of toys. Label abbreviations are as follows: C (coarse action labels), F (fine-
grained action labels), M (mistake and correction labels), D (human-collected assistant-user
dialogues), and R (ground-truth recipes).

Videos in PROASSISTare sourced from six extensively labeled datasets: EgodD [90]
with GoalStep annotations [241|, EpicKitchen [50, 51|, HoloAssist [267], Assembly101 [227],
EgoExoLearn [104], and WTaG [21]. Detailed statistics and label types are summarized in
Table E.1. When generating timestamped video descriptions for these videos, we leverage all
available labels to provide a comprehensive understanding of the video content. In cases where
both coarse- and fine-grained action labels are available, they are organized into hierarchical
formats for clarity. An example of this unified timestamped video description, incorporating
coarse and fine-grained actions, mistake corrections, and assistant-user dialogues, is shown in
List E.1.

[11.0s-28.2s] The user grabs the GoPro.
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- [11.0s-12.2s] approach gopro

- [13.7s] assistant: "Okay."

- [15.1s] assistant: "You can pull the GoPro."
- [16.9s] user: "GoPro."

- [17.0s-22.2s] grab gopro

- [22.25-23.5s] flip bag

[29.9s5-66.2s] The user changes the battery for the GoPro.
- [30.2s] assistant: "Change the Battery."

- [34.2s5-41.0s] pull battery door

- [41.0s-42.3s] open battery door

- [43.5s5-45.0s] grab battery

- [45.1s-46.1s] withdraw battery

- [45.6s] assistant: "Take out the battery."

- [47.5s-49.6s] place battery

- [48.8s] assistant: "Now, put it down"

- [49.7s-50.9s] 1lift battery

- [50.9s-51.7s] insert battery

- [68.8s] assistant: "Close it."

- [59.8s-61.0s] close battery door

- [62.2s-63.5s] push battery door

- [67.0s] assistant: "Now change the micro SD."
[68.4s-304.3s] The user opens the GoPro.
[68.6s-70.8s] grab battery door
[70.8s-72.7s] open battery door

[72.7s-73.9s] press battery (ERROR: The user presses the wrong place.)
[73.9s] assistant: "No that one."

Listing E.1: An example video description from HoloAssist.

Next we provide additional details for each step in our data curation pipeline.

Task Goal and Recipe Generation The objective is to generate a high-level task goal
and recipe-style instructions that outline the key steps required to complete the task, derived
from the video descriptions. For datasets where these elements are already provided in their
labels (EgoExoLearn, WTaG), this step is skipped. During generation, we observe that the
LLM can sometimes be distracted by irrelevant actions in the video descriptions, resulting
in less accurate or unstable outputs across different sampling trials. To address this issue,
we employ a two-step process. First, we generate 10 candidate recipes' using the prompt
shown in List E.2. Next, we refine these recipes into a single cohesive and integrated version

by calling the LLM one more time with the prompt in List E.3.

We use vLLM][132] for efficient parallel sampling.
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Here is a video description of an experienced user working on the task -
{goal_description}:

{video_descriptions}

Try to infer the **high-level** recipe from the descriptions. Note that the steps may
not belong to the same trial, so you have to infer the correct order of the steps based
on common sense, and re-order the steps if necessary. Do not hallucinate details that
are not mentioned in the descriptions. Also generate a more **informative** and
**descriptive** name for the task based on provided descriptions. The name should be a

description of the task, instead of the name of the recipe.

Give plain and concise text with numbered key steps in the following format:

[task name] 1. ... 2.

Listing E.2: Prompt for inferring task goal and recipe from video descriptions.

Here are {num_repeats} {knowledge_typel}s:

{recipes}

Some may be incorrect or incomplete. Please give a single correct and complete
{knowledge_type} for the task, with numbered key steps. Pick the title that is
descriptive for the task, instead of a {knowledge_typel} name.

Give plain, unformatted and concise text with numbered key steps in the following format:

[task name] 1. ... 2.

Do not include any other information or note.

Listing E.3: Prompt for task goal and recipe refinement.

Video Pre-Filtering The next step is to filter out videos that are unsuitable for proactive
assistant-user dialogue modeling. First, we exclude videos with low label coverage, as their
descriptions may lack sufficient detail to provide a clear understanding of the content. Then,
using the video descriptions, task goals, and recipes generated in the previous step, along
with the domain and recipe type derived from the dataset metadata, we prompt the LLM to

classify each video into one of three categories:
e 0: The task does not belong to the target domain.

e 1: The camera wearer performs the target task following the recipe.

151




e 2: The camera wearer performs other tasks simultaneously while working on the target
task.

We keep only the videos classified as category 1 for subsequent steps. To minimize noise, this
classification process is repeated 10 times for each task, and the majority label is used as the

final classification.

Here is a video description of an user working on the task - {goal_description}:

{video_descriptions}

Reference {knowledge_typel}:
{knowledge}

Is this a {knowledge_type}? If so, was the user likely to:
1. perform the task roughly following the {knowledge_type} (**no** need to be strict), OR
2. perform other tasks (or another trial of the same task) simultaneously in a

multi-tasking manner?

Answer with your analysis, and end your response with "Final answer: 1, 2 or 0" (O

denotes that the activity is not related to {domain}).

Listing E.4: Prompt for video pre-filtering.

Multi-Round Dialog Generation To simulate realistic dialogues aligned with video
content, we design a detailed instruction prompt, as shown in List E.5. We incorporate
dataset-specific instructions to account for variations across data sources to improve generation
quality (List E.6). To simulate diverse user behaviors, we define three type of user profiles

that provide high-level guidelines for user interaction:
e no_talk: The user follows the assistant’s instructions without speaking.

e talk_some: The user occasionally asks questions or seeks confirmation about instruc-

tions, accounting for approximately 20% of the steps.

e talk_more: The user is talkative, asking both task-related and unrelated questions,

accounting for approximately 40% of the steps.

Since we can sample different user behaviors for the same video, our synthetic dataset can be
easily expanded by generating multiple variations. Specifically, we create 10 dialogues per
video, distributed across user types in a 2:4:4 ratio. In practice, we observe that very long
videos can result in excessively lengthy prompts, which may lead to poor alignment between

the video description and the generated dialogue due to performance degradation of LLMs
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when processing long contexts [158]. To address this, we propose an iterative approach to
generate dialogues within a limited time window chunk by chunk. For each chunk, we provide
only the video description corresponding to that time window and up to the 10 most recent
dialogue turns to ensure contextual consistency. This modification significantly improves
alignment between the video description and the generated dialogue while stabilizing memory
consumption due to the reduced prompt length. After generation, we conduct an additional
refinement step to enhance dialogue quality. Specifically, we prompt the LLM to merge
dialogue turns that occur close in time, improve naturalness and fluency by incorporating
more coreference and pronouns, make assistant responses more concise, and avoid unfriendly
behaviors. Refer to List E.7 for details.

Here is a video description of an user working on the task - {goal_description}:

{video_descriptions}

Your goal is to simulate a conversation between the user and an assistant, where the
user's actions are performed following the assistant's instructions. The user will first
mention the overall goal of the task. The assistant informs the user about the next step
at proper time. Importantly, the assistant is proactive and always provides the next
step even before the user asks for it. Before the task starts, the assistant may also

give a brief introduction about the task. {additional_requirement}

Requirements for the assistant:

- Time is crucial! Try to generate the dialog that strictly aligns with the video
timeline.

- Try to cover all the essential steps in the task. If the user asks a question at the
time the assistant should give the next step, the assistant turn should include both the
response to the question and instruction about the next step.

- Be helpful and friendly. If the user asks something that has been explained before,
the assistant should still provide the information with patience.

- Try to be encouraging when the user makes progress, but do not overdo it.

- Be concise! The dialog is verbal, so avoid long sentences.

- Do not say "can you do it for me" to the user.

Requirements for the user:

{user_requirement}

Generation format:
[time] User:
[time] Assistant:

[time] Assistant:
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[time] User:

[time] Assistant:

Note that the minimal interval between each turn is 1 second, which means the user will
wait for at least 1 second after an assistant's turn, and two consecutive assistant's
turns should have at least 1 second interval. Combine close turns into a single turn if
necessary. One exception is that the assistant must respond **immediately** when the

user says something (i.e. give a response right after an user's turn at the same time).
{dialog_history}

In this round, please **only** generate the dialog for the video from time

[{start_time:.1f}s] to [{end_time:.1f}s]!

Listing E.5: Prompt for dialogue simulation.

HoloAssist: Note that the video description contains both the user's actions and the
user-assistant dialog. Anchor the simulated dialog to the existing dialog, and try to
rephrase the utterances to make them more coherent and human-like. You may add a few
more turns around the **essential steps** of the task, which are the underlying
intentions of the action instead of the actions themselves. Add a few turns to make the

dialog more fluent and helpful, but avoid being overwhelming.

EgoExoLearn: The simulated dialog should be centered around the **key steps** of the
task, not every single action of the user. Try to make the dialog more coherent and

helpful as what a human assistant will say.

Epickitchens: The simulated dialog should be centered around the *xkey steps** of the
task, not every single action of the user. Note that the user may make mistake or
perform suboptimal actions, the assistant should not give instructions on those actioms,
but smartly select right time to give guidance. Try to make the dialog more coherent and

helpful as what a human assistant will say.

WTaG: Note that the video description contains both the step description and the
user-assistant dialog. Anchor the simulated dialog to the existing dialog, and try to
rephrase the utterances to make them more coherent and human-like. Add more details such
as assistant feedback or user question during long steps if necessary. Remember to
generate the response to user's question even if there isn't one in the original dialog

from the video description.

Assembly101: The mistakes made by the user are marked by (mistake: <mistake type>). If a
mistake happens, we want to simulate the dialog in the way that the assistant helps the
user correct the mistake. To be more specific, the assistant SHOULD NOT give

instructions if an action is 'wrong order', 'previous one is mistake' or 'shouldn't have
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happened'. Instead, the assistant should give instruction of the CORRECT next step (i.e.
scan the future actions and select the nearest correct action). Afterwards, at the start
of actions marked as 'correction', the assistant should mention the previous mistake and
give insruction on how to correct it based on the corrective action. For 'wrong
position' mistakes, the assistant can give the instruction of that action, but need to

point out the mistake at the start time of corrective action for that mistake.

Listing E.6: Prompt specific for each dataset as additional requirements.

Here is a conversation between a user and an assistant:

{dialog_history}

For each assistant message, add labels regarding the assistant's initiativity and

intention:

Initiativity:
- initiative: The assistant says something proactively without the user asking for it.

- responsive: The assistant responds to the user's question or comment.

Intention:

- instruction: The assistant gives an instruction to the user.

- correction: The assistant corrects a mistake made by the user, either proactively or
responsively. Suggestions for alternative actions can also be included.

- info_sharing: The assistant shares some information with the user, such as explaining
something or giving a tip.

- feedback: The assistant gives feedback to the user, such as "good job" or "tips for
improvement".

- other: Other intentions that do not fall into the above categories.

Intention can be multiple, e.g., "instruction, info_sharing".

Generation format:

[time] User:

[time] Assistant: ... [initiativityl|intentions]
[time] Assistant: ... [initiativityl|intentions]
[time] User:

[time] Assistant: ... [initiativity|intentions]

When generating the dialog, you should also refine the dialogue following these
guidelines:

1. Merge turns that are close in time (less than 1 second apart) into a single turn,
when the content is similar or related.

2. Use more coreference and pronouns to make the dialog more coherent and human-like.

3. Decide the length of assistant messages smartly. Make them more clear and helpful
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when necessary, but keep them concise and to the point in general.

4. Avoid repeating the same talking patterns or phrases. For example, do not say "make
sure ..." for every instruction.

5. Rephrase impolite or inappropriate language, such as "as I have mentioned this

earlier ..."

, to be more friendly and helpful. But keep concise and to the point.
6. Remove anything other than the dialog itself, such as the user's actions or
explanations of how the dialog is generated.

Do not just copy paste the original dialog!

Listing E.7: Prompt for dialogue refinement and intent labeling for assistant turns.

Dialogue Annotation To facilitate the analysis of our generated dialogues, we use LLM to
annotate the initiativity (responsive or initiative) and intention type (instruction, correction,
information sharing, feedback, and other) of each assistant turn. We find such annotation
can be effectively generated within the dialogue refinement step, using a single LLM call with
the prompt in List E.7. Additionally, we generate progress summaries at each assistant turn
to support the iterative progress summarization approach (§7.4.3. These summaries include
details such as the elapsed time, the task goal mentioned by the user, completed steps as

progress, topics discussed by the user, and the current state or step of the task (List E.8).

Here is a conversation between a user and an assistant:

{dialog_history}

Summarize the task goal and progress so far, including:

1. The task goal mentioned by the user.

2. What has been done.

3. Other topics mentioned by the user in the conversation, if any.
4. The current state/step of the task.

Be faithful and try to include all the relevant information.

Give your response in plain text of a single line in the following format:

SUMMARY: <progress summary>

Listing E.8: Prompt for progress summary generation

Automatic Quality Evaluation To evaluate the quality of the generated dialogues, we
assess their alignment and step coverage with the corresponding video descriptions. We first
extract all time steps from the video descriptions, denoted as T, and all time steps from the
generated dialogues, denoted as Ty,. For each time step in Ty, we identify its closest time step
in T,, and compute the average time difference across all pairs, normalized by the number

of dialogue turns. Similarly, for each time step in T, we find its closest match in 7T; and
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calculate the average time difference, normalized by the number of video description steps.
These values approximate the precision of dialogue turns relative to the video (p) and the
recall of task steps in the video descriptions (r). Additionally, to ensure the assistant remains
responsive, we count the number of user turns without an immediate assistant response as a
penalty term nr. The final quality score is computed as score = 10 — p — r — nr, the higher
the better.

Post-Filtering and Data Splitting We derive our training set from the training splits
provided by each original dataset, while our validation and testing sets are based on the
respective validation splits. For the training set, we filter out dialogues with a score below 3.
For the validation sets, we retain only the highest-scoring dialogue for each user type. If any
dialogue for a video scores below 5, the video is removed. From the remaining videos, where
each has three dialogues, we evenly split them into validation and test sets. This process

removes approximately 25% of the dialogues and 41 hours of video.

E.1.2 Implementation Details

We utilize LLaMA-3.1-70B-Instruct [67] as the LLM for all the steps described above. The
model is hosted locally using vLLM [132], running a FP8-quantized version® on four H100
GPUs.

E.1.3 Data Statistics and Distributions

Figure E.1 provides a comprehensive overview of the PROASSISTdata statistics. Specifically,
Figure E.la presents the distribution of task domains by video durations, showing that
the dataset predominantly contains cooking tasks (58.3%), followed by object manipulation
(25.4%), assembly (12.0%), and laboratory tasks (4.3%). Figure E.1b illustrates the dialogue
length distribution, measured by the number of turns per dialogue, highlighting a significant
variability with some dialogues exceeding 200 turns. Figure E.1c shows the task duration
distribution where the majority of tasks last under 20 minutes, while some extend up to an
hour. Figure E.1d visualizes the length distribution of user and assistant utterances, as well
as the generated progress summaries. Assistant utterances are generally longer (mean = 16.1
words) compared to user utterances (mean = 6.5 words). For the generated summaries, the
average length is 91.3 words, with the largest summary less than 200 words, showing that the
information can be successfully compressed into such summarizes without growing linearly

with the dialogue. Figure E.le highlights assistant initiativity and intention distributions

2https:/ /huggingface.co/neuralmagic/Meta-Llama-3.1-70B-Instruct-FP8-dynamic
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across three user types. As users speak more frequently, the assistant responds with more
reactive utterances as expected. Regarding assistant intentions, the majority of utterances
provide instructions (over 60%), with information sharing and feedback also being common.
Mistake corrections occur less frequently, primarily because most of the videos used are

error-free, underscoring the need to collect more task execution videos that include mistakes.

E.1.4 Examples

See Figure E.2-E.7 or example dialogues from PROASSIST. Due to space constraints, only
the first 12 dialogue turns are displayed for each task.

E.2 Additional Details of Evaluation Metrics

E.2.1 Pairwise Evaluation

We utilize the all-mpnet-base-v2® model from the Sentence-Transformers library [217] to
compute text similarity. A similarity threshold of 0.5 is applied to determine correct matches.
For temporal cost calculation, the cost-increasing rate p is set to 1.5. The cutoff range R is
determined based on the average speaking interval of each dataset: 2.5 seconds for action
narration and 1.5-6.0 seconds for dialogue generation. In particular for dialogue generation,
we set L = R/2 to penalize delayed predictions more heavily, because it is important for the
model to provide instruction of the next step before the user begins performing it in the

video.

E.2.2 LLM-based Evaluation

The detailed description of each metric and rubric of 5-scale Likert score is described in List
E.9, which is also the prompt given to the LLM judge. To reduce the randomness of scoring,
we repeat each evaluation for 3 times, and use the average score as the final score for each

metric. We use LLaMA-3.1-70B-Instruct as the evaluator in our experiments.

You are an expert in evaluating the quality of user-assistant dialogues. Your task is to
evaluate dialog responses generated by an assistant model that helps users with their
tasks. You should evaluate the dialogs by comparing them to reference gold-standard

dialogues from professional assistants.

Requirement:

3https: //huggingface.co /sentence-transformers/all-mpnet-base-v2
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1. Read dialogues carefully and compare them line by line. Keep you analysis concise and

to the point.

2. Evaluate the following aspects:

- Correctness: does each generated instruction/feedback make sense (correct or relevant)
or not, based on the context and the gold-standard reference?

- Promptness: does the assistant provide guidance at the right time, or does it talk too
early or too late?

- Efficiency: does the assistant provide the necessary information in a concise and
efficient manner, without too much repetition or redundancy information?

- Overall: the overall helpfulness and quality of the assistant's responses.

3. For each aspect, give a score from 1 to 5 based on the following criteria:

- l=very poor: most of utterances are incorrect, irrelevant, mistimed, inefficient etc

- 2=poor: bad utterances that are incorrect, irrelevant, mistimed are more than good ones
- 3=average: the number of good and bad utterances are roughly the same

- 4=good: more good utterances than bad ones

- b=excellent: most of utterances are correct, relevant, timely, efficient etc

Listing E.9: Prompt for LLM-based end-to-end evaluation.

E.3 Model Implementation Details

E.3.1 VideoLLM-Online Model Implementation

We use LLaMA-3.1-8B-Instruct [67] as the base LLM and the pretrained SigLIP-SO400M-14-
384" model [297] as the frame encoder. To extract frame features, we use the embeddings
from the second last layer of the [CLS] token, and N x N patch features obtained through
average pooling of the corresponding patch embeddings. In our experiments, we test with
three model variants with N = 0,1, 2, resulting in I = 1,5, 10 tokens per frame, respectively.
We use a two-layer MLP as the projector to project the visual features into the LLM’s
embedding space following [36]. We remove the separator token between frames because we

find it does not help with the performance.

E.3.2 Training

Training Datasets Our models are trained on a mixture of datasets:

4https://huggingface.co/google /siglip-so400m-patch14-384
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I=1 1=5 1=10
Dataset * | Ori. Size Final Size Proportion | Ori. Size Final Size Proportion | Ori. Size Final Size Proportion

Dialogue 47.2% 45.9% 46.8%
PROASSIST-Ego4D 2 4795 9590 6.2% 12350 24700 9.1% 20718 41436 9.9%
PrROASSIST-HoloAssist 2 7645 15290 9.9% 10957 21914 8.1% 16116 32232 7.7%
PRrOASsSIST-EgoExoLearn | 2 5659 11318 7.3% 11414 22828 8.4% 18727 37454 8.9%
PROASsSIST-EpicKitchens | 2 8051 16102 10.4% 12901 25802 9.5% 19320 38640 9.2%
PROASSIST-WTaG 6 929 5574 3.6% 2051 12306 4.5% 35637 21222 5.1%
PROASSIST-Assemblyl01 | 2 7503 15006 9.7% 8514 17028 6.3% 12738 25476 6.1%
Summarization 14.4% 13.2% 13.2%
PROASSIST-Summary 2 11103 22206 14.4% 17925 35850 13.2% 27612 55224 13.2%
Action Narration 18.0% 23.0% 24.2%
Ego4D-Narration 1 27719 27719 18.0% 62350 62350 23.0% 101672 101672 24.2%
Auxiliary 20.4% 17.9% 15.8%
Something-Something-V2 | 10 1320 13200 8.6% 2639 26390 9.7% 3959 39590 9.4%
CC12M 2 5508 11196 7.3% 6714 13428 4.9% 7840 15680 3.7%
EgoObjects 20 355 7100 4.6% 434 8680 3.2% 552 11040 2.6%
Total | 154k | 271k | 420k

Table E.2: Detailed training data statistics for different model variants under the maximum
sequence length of L = 4096. We report the upsampling ratio (x), the original dataset size
after splitting and packing under different I, the final dataset size after upsampling, and
the proportion of each data source in the final mixture. The final data size grows with the
number of tokens used to encode each frame/image.

e PROASSIST: We use two variants of the dataset, both with and without the task
recipe provided as additional knowledge, to enable the model learning and adapting to

both setups simultaneously.

e PROASSIST-Summary: To enhance summarization capabilities, we construct a video
summarization dataset from PROASSIST. In this dataset, assistant dialogues are
removed, leaving only user dialogues and system prompts. The learning objective is to
generate the progress summary at the end. This setup requires the model to generate
summaries directly from video and user inputs, avoiding reliance on ground-truth

assistant dialogue context as a shortcut.

e Online Action Narration: As described in §7.5.1, this task focuses on real-time
narration of the camera wearer’s actions from live video streams. We reformat the
action narration labels from Ego4D [90] into the PROASsISTdialogue style (e.g., "As-
sistant: C opens the fridge"), with "C" denoting the camera wearer. To prevent data
contamination, we exclude all videos from the validation and test sets of any Ego4D

challenges.

e Auxiliary Vision-Language Datasets: We also incorporate several additional
datasets to improve vision-language alignment: image captioning data from CC12M [31],

action recognition from Something-Something-V2[88|, and egocentric object detection
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data from EgoObjects.[314]. We repurposed the labels into dialogue format and train

the model to generate them given a specific system prompt for each task.

Ego4D-Narration EgodD HoloAssist EgoExoLearn Assemblyl01 EpicKitchens WTaG

-1 0.3 0.3 0.3 0.3 0.3 0.2 0.3
-1 (w/ klg) 0.3 0.3 0.3 0.3 0.3 0.2 0.4
-5 0.3 0.3 0.3 0.4 0.3 0.3 0.4
-5 (w/ klg) 0.3 0.3 0.3 0.4 0.3 0.2 0.5
1-10 0.3 0.4 0.4 0.4 0.3 0.2 0.4
110 (w/ klg) 0.3 0.3 0.4 0.4 0.3 0.3 0.4

Table E.3: Selected speaking threshold 6 for each model on each subset. We evaluate a
series of 0 values (0.1, 0.2, ...) for each setup and select the optimal threshold based on the
appearance of a local maximum in F1 score as 6 increases.

Data Preprocessing We extract video frames at a rate of 2 frames per second (FPS) and
align the dialogue timestamps with the corresponding frames. The streaming video-dialogue
data is preprocessed into sequences of interleaved image and text tokens, as illustrated in Figure
7.3. We use a maximum sequence length of L = 4096 tokens in our experiments. Sequences
are constrained to fit within this length, and we aim to make their lengths as close to L as
possible to minimize padding and improve computational efficiency. To achieve this, for long
videos in PROASSIST, we split them and inject progress summarization prompts as described
in §7.4.3. For auxiliary vision-language datasets, multiple samples are packed into a single
sequence of interleaved image-text format, such as <IMAGES><Text><IMAGES><Text>.. ..
Here, images can consist of single or multiple frames, and text can represent image captions,
action descriptions, or object descriptions. This packing strategy significantly reduces the
number of samples compared to the original size. Since each frame is encoded into a varying
number of tokens (1, 5, or 10), the same number of images can produce different token counts.
Consequently, we apply the splitting and packing strategy separately for each setup, where
larger I values result in more samples in the final training set. To balance the scale differences
among data sources, smaller datasets are upsampled to achieve a more balanced mixture ratio.
The final training data statistics are summarized in Table E.2. Each data sample comprises
a sequence of interleaved image-text tokens, potentially including hundreds of images, which
presents significant challenges for data loading during training. To address this, we pre-extract
image features using our image encoder and store them on disk. During training, we load
these pre-extracted features directly rather than performing feature extraction on-the-fly,

resulting in a 6x speedup.
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Training Strategy We adopt a single-stage training approach following recent practices
[113, 254, 36]. During training, we freeze the image encoder, tune all parameters in the
projector layers, and perform parameter-efficient tuning of the LLM using LoRA [103] with
r =128 and o = 256. The AdamW optimizer [164] is used with a learning rate of 2e—4 and
100 warmup steps. We employ a global batch size of 256, 384, and 512 for I =1, 5, and 10,
respectively. All models are trained for 4 epochs on the mixed dataset described above. We
use 8xH100 GPUs for training.

E.3.3 Inference

As described in §7.5.1, a speaking threshold 6 is used to decide whether to speak at each time
step, where the model only decides to remain silent if the probability of predicting the [E0S]
token exceeds . We observe that the quality of model predictions is highly sensitive to the
choice of #. In our experiments, we perform inference multiple times with a series of thresholds
on the validation split of each subset to determine the optimal 6 for each model. Given our
observation that model performance, in terms of F1 score, follows an inverse U-shaped curve
as 0 increases (Figure 7.4), we select the 6 that yields the best local maximum of the F1 score.
Table E.3 summarizes the selected 6 values for each subset. While this selection strategy
aligns reasonably well with human judgment (as shown in Table 7.4), the chosen threshold
is optimal for average performance across a set of videos rather than for individual tasks.
Additionally, in real-world scenarios, a support set for hyperparameter tuning may not always

be available. We leave the development of a better 6 selection strategy for future work.

E.4 Human Evaluation

IRB Approval The human evaluation process was reviewed and approved by the Institu-
tional Review Board (IRB) of our institution before the experiment started. The participants

have all reviewed and signed the consent forms which can be provided upon request.

Synthetic Data Quality Evaluation The set of questions and rubrics presented to human
evaluators is detailed in List E.10. The evaluation consists of six questions: four assess
the quality of the synthetic dialogues, and two evaluate the accuracy of the generated task
goals and recipes. A 4-point Likert scale is used to eliminate a neutral option, encouraging
evaluators to express definitive preferences and provide more decisive judgments |[78]. The
evaluation of human-collected dialogues follows the same interface, with evaluators blinded

to the source of the dialogue. Each dialogue is independently evaluated by two separate
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evaluators.

Q1 (Dialogue Correctness): Are the assistant's instructions or answers factually correct?
1: Incorrect or misleading.

2: Mostly correct but with key errors.

3: Correct with minor issues.
4

Fully correct and precise.

Q2 (Dialogue Helpfulness): How helpful and easy to follow is the assistant's instruction?
Confusing and unhelpful.

Unnecessary and adds little value.

Helpful but hard to follow.

Helpful and easy to follow.

BSwWwN -

Q3 (Dialogue Alignment): Does the dialogue stay aligned with the video content in
real-time?

1: Misaligned with the video content.

Mostly aligned but with noticeable missteps.

Aligned with minor timing issues.

W N

Perfectly aligned with the video.

Q4 (Dialogue Naturalness): Does the dialogue sound natural and conversational?
1: Stilted or unnatural.

2: Somewhat natural but awkward in places.

3: Mostly natural with minor awkwardness.
4

Flows naturally and is fully conversational.

Q5 (Task Goal Accuracy): Does the task goal accurately reflect the user's intended task?
1: Inaccurate or completely misses the intended task.

2: Mostly relevant but has key errors.

3: Accurate with minor issues.
4

Fully accurate and precise.

Q6 (Recipe Accuracy): Does the recipe accurately describe the steps needed to accomplish
the task?

1: Inaccurate or misleading.

2: Mostly accurate but with notable errors.

3: Accurate with minor errors.
4

Fully accurate and clear.

Listing E.10: Evaluation questions and rubrics for human evaluation on the synthetic data
quality of PROASSIST.
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Metric Alignment with Human Preference For the correlation experiment in Table
7.3, we collect generated dialogues from three models: I =1, I = 10, and I = 10 (w/ klg),
on the same set of tasks randomly sampled from our dataset. These generated dialogues are
presented side-by-side with the ground-truth dialogues to human evaluators, who are asked to
rank the generated dialogues from best to worst, allowing ties. For each task, we derive three
pairwise comparison results from the human rankings. Similarly, pairwise comparison results
are derived from the rankings obtained using either the F1 score or the LLM-assigned Overall
score. Finally, we compute the correlations between these metrics based on the pairwise
comparison results. We use a similar evaluation interface for the best-picking experiment in
Table 7.4, with the only difference being that evaluators are asked to select the single best
model instead of ranking all models. The match rate is calculated as the proportion of cases

where the best model selected using our proposed metrics aligns with the human selection.
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distribution are provided in the legend.
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Figure E.2: Example of a cooking task in PROASSIST.

166



Figure E.3: Example of a cooking task in PROASSIST.
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Figure E.4: Example of a cooking task in PROASSIST.
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Figure E.5: Example of a assembly task in PROASSIST.
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Figure E.6: Example of a laboratory task in PROASSIST.
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Figure E.7: Example of a cooking task in PROASSIST.
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APPENDIX F

Appendix for Chapter 8

F.1 Prompts for Oracle Assistant and Simulated User

Implementation

We provide the prompts used for prompting the MLLM to implement the oracle assistant
and simulated user agents. Each agent operates using a combination of a static system
prompt and a dynamic interaction prompt. The system prompt defines the agent’s role,
operational rules, capabilities, expected output format, and representative output examples.
The interaction prompt, updated at each step, provides the situational context, primarily the
current visual observation with object information (Figure 8.3) and the ongoing interaction
history (List F.2).

For the oracle assistant, we employ three distinct system prompts tailored to different
scenarios: one for proactive decision-making and guidance generation (List F.2), another
handles responses to user questions (similar to the first but omitting the decision-making
section), and a third manages mistake correction after a user action fails (List F.3). The
corresponding interaction prompt for the oracle (List F.4) integrates relevant task knowledge,
current environmental observations, and the interaction history.

The simulated user is prompted similarly, with its system prompt (List F.5) specifying its
persona, available action schema, and general behavioral guidelines. Its interaction prompt
(List F.6) contains the assigned task goal along with the interaction context accessible to the
user (history and partial observations). We tested two primary personas (List F.7): "Alice’
(less talkative) and 'Bob’ (more talkative). In practice, we find that Bob’s interaction patters
are more aligned with typical human users, so we adopted this persona in most experiments,
including synthetic data generation and all evaluations involving the simulated user. To
mitigate issues where the simulated user would get stuck repeating ineffective exploration
actions (e.g., rotation back and forth), we introduced a simple heuristic: if three consecutive

rotation or movement actions occur without task progress, a 'search note’ tip is added to its
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prompt, encouraging a change in strategy. This proved effective in enhancing the simulated

user’s exploration capabilities.

Assistant: "How can I help you today?"

[User Action 1] say: "I need to find a lever for the fusebox. Where is it?"

Assistant: "The lever is on a table in the robotics lab. Let's go there to find it."

[User Action 2] go to the robotics lab

Assistant: "The lever you need is right in front of you on the table. You can pick it up now."

[User Action 3] pick up lever_139 (lever)

Assistant: "Good job picking up the lever! Now, let's head to the break room to install it into the fusebox."
[User Action 4] go to the break room

[User Action 5] turn right 90 degrees

[User Action 6] turn right 90 degrees

Assistant: "The fusebox should be on the wall nearby. Look around for a white metal box with a yellow
lightning warning sign."

[User Action 7] turn right 90 degrees

[User Action 8] go to fusebox_620 (fuse box)

Assistant: "You're in front of the fusebox. Open it, then place the lever inside to attach it."

[User Action 9] Attempted to pick up fusebox_620 (fuse box) but FAILED: Invalid action: precondition not met
or invalid target

[Your Last Message] Assistant: "The fusebox cannot be picked up as it is fixed to the wall. Please open the
fusebox instead to attach the lever."

[Last User Action] open fusebox_620 (fuse box)

[Current User State] In break room at (-20.4, 18.1) facing north | holding: lever_139

Listing F.1: Example interaction history from the assistant side. Note: The simulated user’s

history is post-processed to omit specific object type details from object names and IDs.

You are an AI assistant helping users complete tasks. You observe their actions and environment from their

perspective, respond to questions, and provide timely guidance.

## Context

- Interaction history

- User's current observation with highlighted objects (colored outlines + index numbers)

- Object metadata in the format: [index] object_id (object_type): distance in meters (relative position) |
colors | states

- Knowledge about the environment and objects

## General Information
1. Rooms: break room; main office; manager office; warehouse; reception area; robotics lab; quantum lab
2. User Actions:
Navigation: GotoRoom, GotoObject, Move, Rotate, LookUp, LookDown
Interaction: Pickup, PlaceTo, Open, Close, Toggle, PourTo, Break, ThrowTo
3. Cross-room Navigation Rules:
- Simply tell users which room to go to
- NEVER give detailed directions about how to go to a specific room
4. Interaction Notes:
- Toggle controls machines, buttons, levers, etc. - users understand basic toggle operations
- Direct users to use "Toggle" on target objects if they specifically ask how
5. User Knowledge Level:
- Familiar with common objects (tables, bowls, etc.)
- Need guidance about uncommon objects' appearance, function, and usage
6. Objects:
- Object types and states (turned on/off, open/closed, etc.) are provided in the object metadata.
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- Object states are updated when the user interacts with them. Use the object knowledge to guide the user.

- Distinguish between machines and their monitors (e.g. embiggenator vs. embiggenator monitor)
## Guidelines

### Environment and Task Awareness

1. Base all reasoning strictly on provided context. Do not assume environment details until observed.
- You do not know the exact state of object before seeing it, unless explicitly stated in your environment
knowledge.

2. Only use provided knowledge for guidance, not for guessing the task. For example,
- If the user asks about the location of an object and successfully finds it following your guidance, you
should ask "what do you want to do with it?" instead of suggesting next steps.
- If the user asks "how to change the color of an object", you should use your knowledge to guide them to

the color changer, but not to guess which color they want to change to.

### Communication Decisions
Respond when:

- User asks questions - provide simple, concise, conversational instructions

Be proactive when:

- The task goal is unclear. Ask the user about the goal. Never guess the task goal.

- The user has completed the mentioned goal. Ask the user about the follow-up goal.

- User misidentifies objects or goes to wrong places - provide correction and guidance

- Target object appears in current view - notify the user

- User makes progress (find a target etc) - offer encouragement

- Inform the user when there is a state change (e.g. a machine is turned on/off, a lever is pulled)

- A problem is observed that prevents the user from completing the task (e.g., no power, monitor infected,
etc) - inform the user and suggest a solution

- Active gravity flipper is visible (state: "turned on") - warn user to keep away and explain how to turn it
off

Remain silent when:
- User is performing expected actions based on your previous guidance

- Your last message already contains the information you would repeat

### Rules for Responses

- Use friendly, assistant-like, conversational tone

- Reference objects by visual features (color/size/shape), never mention object ID/index.

- Rely only on observed environment state, not knowledge-based assumptions.

- Keep responses brief (under 30 words preferred, maximum 50 words)

- Break longer responses into multiple messages (e.g. "I will guide you step by step. First, let's ...")

- Avoid repeating information from your previous messages, especially object descriptions

- Use relative positioning (near, far, front, left/right) based on user perspective. Only mention directions
for objects you can see.

- Apologize and suggest alternatives if your guidance leads to failed actioms.

- If hints suggest checking a location and the object isn't found, direct users to similar locations in the
same room.

- Remind users that task details appear in the top-left corner if they ask.

- NEVER suggest checking on the floor, under tables, or behind objects.

## Example Responses

{examples}

## Output Format
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<Think>
Think comprehensively about the task, current observation, and history to make a reasonable decision.
</Think>

<Speak>

"(your response)"

OR

N/A (for keeping silent)
</Speak>

Your output must strictly follow all the guidelines and examples above.

Listing F.2: Oracle assistant system prompt for proactive guidance generation.

You are an AI assistant helping users complete tasks. When a user's action fails, you'll explain why and

suggest alternatives.
Common Failures and Solutions:

Movement & Interaction:

- "Move forward" fails due to obstacles. Suggest alternative directions to move.

- When interactions fail due to "out of range", advise moving closer to the target object (e.g. go to the
object)

- When the user tried to interact with an object that you do not see its ID in the current view, suggest that

the object is not there and to look for it in other places

Object Manipulation:

- For failed "pick up" actioms:
- If holding another object: Suggest putting it down on a nearby surface (e.g. table, countertop, etc) first
- If object is in closed container (inaccessible): Guide user to open the container first
- Objects are too large to be picked up if embiggenated. Suggest to turn off the embiggenator first.

- For failed "place to" actions:
- If receptacle is full: Recommend alternative locations (tables, shelves, counters)
- If not holding anything: Remind the user that they do not have anything to place, and ask what they want
to place

- For containers:

- Open/close commands fail on already open/closed items or non-openable objects

Device Operations:
- For containers and devices:
- Toggle actions only work on toggleable devices
- Time machines require an object inside before toggling
- Some machines (freeze ray, laser, gravity flipper, embiggenator, time portal generator) cannot be
directly toggled. Use their monitors to control them instead.
- Toggling the laser monitor may fail due to various reasons, including laser not assembled, monitor
infected, unpowered. Reason based on the situation and knowledge to suggest solutions.
- See "Object Knowledge" below for more details about how to interact with those uncommon objects
- Toggle fails when a computer is infected by a virus
- Fusebox cannot be toggled directly. Toggle the lever inside it instead.
- Objects might be inaccessible in the robotics lab due to a box blocking the way. If so, suggest toggling

the robotic arm to remove the box.

Important Notes:

- Use common sense when judging object interactions and breakable items.
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- Before making the suggestion, examine the interaction history carefully to understand the user's intent.
Adjust the suggestion based on the user's intent instead of following the rules blindly.
- Be consisent with the dialogue history

- Keep responses brief (under 30 words preferred, maximum 50 words)

Example responses:

"Your hand is full. Please put down the object in your hand first."

"The object is out of range. Please move closer to the object."

"The object is already open. No need to open it again."

"The object is not breakable. You can't break it."

"Oops, looks like the computer is infected by a virus. We need to disinfect it first before using it. Let's
o

"You do not have anything to place. What are you trying to do here?"

"Looks like the object cannot be placed here. Sorry about that! Let's try to find another empty table to put

down the object."

## Output Format

<Think>
Step-by-step reasoning about the failure based on the rules above, object knowledge and common sense.
</Think>

<Speak>

</Speak>

Listing F.3: Oracle assistant system prompt for mistake correction.

## Knowledge
{knowledge}

## Context

**xCurrent Observation*

See the image. Object metadata ([index] object_id (object_type): distance (relative position) | colors |
states):

{object_list}

Note:
- Examine carefully at the object metadata to understand the objects, including their types, states, and
relative positions to the user. Associate the object with the knowledge to provide **accurate** guidance.

- Do not mention the object ID or index in your response. Use natural reference.

*xInteractions**

{history}

Important Notes:

- Speak when the user is asking a question, or any condition met for proactive guidance (e.g., target

appears, makes mistakes, deviates from expected actions, good progress, danger presents, state changes, etc)
according to the guidelines.

- Keep silent when no need to speak: DO NOT repeat what you have said before, especially in your last message.
- In <Think>, comprehensively analyze the task, current observation, and history step-by-step, until reaching
a reasonable decision. Ensure your response strictly follow **ALL** the guidelines and examples, especially

the environment and task awareness, communication decisions, and rules for responses.

Listing F.4: Oracle assistant interaction prompt.
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You will play the role of {name}, a research intern working in a futuristic laboratory. Your goal is to

complete tasks with help from an AI assistant.

## Character Personality

{persona}

## Environment

- You observe the world through first-person view

- Interactable objects have colored outlines and index numbers

- Object metadata format: [index] <object_id> (<object_type>): distance in meters | colors

- Available rooms: break_room, main_office, manager_office, warehouse, reception_area, robotics_lab,

quantum_lab
## Actions

### Communication

- Speak "..." # Talk naturally to assistant

### Movement

- GotoRoom <room_name> # Navigate between rooms

- GotoObject <object_id> # Approach object to interact
- MoveForward/MoveBackward <1, 2>

- RotateRight/RotateLeft <90, 45>

- LookUp/LookDown <30>

### Interaction

- Pickup <object_id> # Requires free hands

- PlaceTo <object_id> # Place held item into receptacle/machine
- Open/Close <object_id>

- Toggle <object_id> # For buttons, machines, levers

- PourTo <object_id> # Pour contents of held item

- Break <object_id> # Use held tool

- ThrowTo <object_id> # Throw held item

## Response Format

<Think>

Reason comprehensively about the current situation to decide what to do next
</Think>

<Action>
action_type action_argument
</Action>

## Guidelines

### Think Like {name}
1. Use <Think> to simulate {namel}'s decision process based on their personality
2. Think step-by-step comprehensively:
- Summarize your progress based on the recent actions
- If there is an assistant message, use it to help you make a decision.
- However, you should not blindly follow the assistant's message.
- Analyze whether that aligns with your task goal. If not, try to inform the assistant about your task
goal, or ask for clarification.

- Carefully examine the current observation, especially the object metadata.
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- Re-examine all the previous context, and the guidelines, to make a decision. Ensure that your action is
compliant with the guidelines, and is reasonable under the situation.
3. React naturally - explore when needed, ask for help when uncertain
4. Avoid repeating actions (except rotation to complete a full view). If nothing happens after an action,
consider ask assistant for help.
5. Understand objects based on the visual image, and the corresponding object metadata associated with each

indexed object.

### Action Rules
Use object_id (not index) for specify targets
Follow physical logic (e.g., open containers before accessing contents)
Must be within 2.0 meters or use GotoObject before interacting
Can interact while holding items
GotoObject when target is visible or its ID is known from history
Use GotoRoom for room-to-room navigation
Use basic move actions only for room exploration

Can hold only one item at a time
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Use PlaceTo for inserting items into machines and pressing buttons

not LookUp/Down twice in a row

=
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. Do not repeat go to the same object twice
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not attempt to perform dangerous actions if mentioned by the assistant

### Search Strategy

1. Analyze visible objects carefully using metadata and appearance

2. Start search by rotating around before moving. Rotate effectively (90 degrees, same direction) to cover
the whole room first

3. If not see the target, try to move to the other side of the room - move forward when there is an open
space ahead

4. Do not attempt to move forward when blocked by walls or objects

5. Try to check other places if the target is not found in the current place (e.g. other tables)

6. Machine monitors in quantum lab and robotics lab are often close to their corresponding machines, and vice

versa. Try rotating to find them.

### Natural Speech

1. Never mention object IDs when speaking

2. Use natural references (names, descriptions, locations)

3. Ask questions about unfamiliar objects (e.g., "What does a color changer look like?")

4. Don't ask about common objects (e.g., "What does a plate look like?")

5. Ask task-relevant questions about what to do next, or where to find something

6. May occasionally give short confirmation or acknowledgement when assistant provides information (e.g.,
"OK", "Got it")

7. Use natural mention of room names (without "_")

## Examples

Example 1 (ask for help)

<Think>

My task is to peel an apple. I am in the break room now, but I do not see any apple here. Besides, I am not
sure what tools are relevant to this task. Maybe I should ask the assistant for help.

</Think>

<Action>

Speak "My task is to peel an apple. Please help"
</Action>
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Example 2 (look for an object)

<Think>

My task is to turn off XON-9000. According to the assistant, XON-9000 is a machine with a red light on it,
located in the robotics lab. I have already arrived at the robotics lab and started search, and have rotated
left 90 degrees. There are serveral machines and computers in my current view: machine_326 (color changer),
computer_327 (embiggenator monitor), machine_328 (carrot maker), but none of them are XON-9000. The assistant
does not say anything at the moment. Maybe I should rotate one more time to check other side of the room.
</Think>

<Action>
RotateLeft 90
</Action>

Listing F.5: Simulated user system prompt

## Persona

{persona}

## Task Goal:
{goall}

## Interaction Context

{action_history}

Current state: {curr_state}

{assistant_message}

Current Observation: see the image.
Object metadata ([index] <object_id> (<object_type>): distance in meters | colors
{object_list}

Note: Objects not listed are either not visible, or too far to see clearly.

Important Notes:

- Strictly follow all the rules and guidelines above, and correctly format your response.

- In <Think>, comprehensively analyze the task, current observation and assistant's message, and history
step-by-step, until reaching a reasonable decision. Ensure following the guidelines and examples.

- Examine the "Action Rules" and "Search Strategy" very carefully if you are looking for an object.

- Talk appropriately according to the persona.

{search_note}

Listing F.6: Simulated user interaction prompt.

Alice: Efficiency-driven

- Start with describing the task to the assistant and ask for help

- Ask the appearance of uncommon, not daily used objects

- Do not ask the appearance of objects that are daily used (e.g. bowl, cup, trophy etc.)
- Responsive to the assistant's instructions

- Use very short sentences

Bob: Like asking question for confirmation
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- Communicates efficiently with short sentences

- Responsive to the assistant's question

- Acknowledge with 'ok' or 'got it' occasionally (when receiving instructions)

- Ask 'where is ... 7' if assistant mentions seeing something but you don't see it

- Ask 'which one?' if there is multiple choices

- Ask 'why ... 7' if the assistant mentions an object that does not seems relevant
- Ask 'how to ... ?' if the assistant does not provide operation details
- Ask 'what is ... ?' / 'what does ... look like?' if the object is **uncommon** and the assistant does not

provide details

Listing F.7: Example of user personas.

F.2 Additional Details on Alexa Arena

We provide more details about supported actions, tasks and knoweldge descriptions for the

Alexa Arena environment.

F.2.1 Actions

The action space of the Alexa Arena environment consists of 16 actions. Among them, there
are 6 low-level navigation actions: MoveForward, MoveBackward, RotateLeft, RotateRight,
LookUp, LookDown, where an argument is supported together to specify how far to move or how
much to rotate, etc. There are also 2 high-level navigation actions: GoToRoom that directly go
to one of the 7 rooms (Break Room, Robotics Lab, Quantum Lab, Main Office, Manager’s
Office, Reception, and Warehouse), and GoToObject that navigates to a specific object in
the current view of the agent. The agent can perform 8 manipulation actions: PickUp, Place,
Open, Close, Toggle, Break, Pour, and Throw, which also needs to select a target object
from the current view as an argument. Actions only take effect when certain preconditions
are met, such as the agent being close enough to the target object or the target object being
in a specific state. After an action is executed in the environment, the agent can receive a
descriptive feedback message that indicates the result of the action, indicating whether the

action was successful or not, and why it failed.

F.2.2 Tasks

Alexa Arena incorporates fantastical objects with diverse state changes that enable rich,
complex interactions. These objects support 14 different properties (e.g., pickupable, openable,
breakable, toggleable, heatable) and include unique features like color changers that modify
object colors, time machines that rewind object states to repair broken items, and embigenators

that enlarge or normalize objects. Since users may not know what these objects look like or
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how to use them, it is essential for the assistant to provide guidance about their appearance
and functionalities. Additionally, the environment introduces safety-critical scenarios where
irreversible actions—such as approaching an activated gravity flipper—can harm the user
avatar and end the task. These dangers require proactive warnings to ensure user safety and
test the effectiveness of assistance.

The environment further supports tasks with complex dependencies and diversified pre-
conditions, creating intricate challenges. For example, changing an object’s color involves
locating the object, finding the color changer, and activating it, but can be complicated by
factors like enlarged objects that cannot be picked up or unpowered rooms where devices
remain inactive. Such conditions necessitate that assistants adjust their guidance dynamically
based on real-time environmental observations. In total, we implement 22 tasks with 10
preconditions, yielding 70 unique task variants, with each task potentially supporting multiple
parameters, such as the target object to heat or the color to change an object to.

Moreover, the environment is programmatically configurable, enabling the creation of
numerous tasks with varying preconditions, constraints, and differences in room layout,
object location, and initial states. This flexibility supports the generation of diverse training

scenarios and controlled evaluation conditions, as detailed in List F.8.

. assemble_fusebox__BreakRoom__simple
. assemble_laser__ControlPanel__simple
. break__Bowl_01__simple

. break__Bowl_01__transform_carrot

. break__CoffeeMug_Boss__landing

0

1

2

3

4

5. break__CoffeeMug_Boss__print

6. break__FoodPlate_01__deembiggen

7. change_color__Apple+Green__simple

8. change_color__CoffeeMug_Yellow+Blue__power

9. change_color__CoffeeMug_Yellow+Red__deembiggen
10. change_color__DeskFan_New_01+Blue__landing
11. dart__Warehouse__deembiggen

12. dart__Warehouse__landing

13. dart__Warehouse__simple

14. dart__Warehouse__transform_carrot

15. deembiggen__Dart__power

16. deembiggen__DeskFan_New_01__simple

17. disinfect_computer__V_Monitor_Gravity__simple
18. embiggen__BananaBunch_01__disinfect_computer
19. embiggen__Computer_Monitor_Broken__landing
20. embiggen__DeskFan_Broken_01__simple

21. embiggen__Radio_O1_Broken__power

22. feed_dino__Apple__simple

23. feed_dino__CandyBar_01__power

24. feed_dino__Jar_Jam_01__deembiggen

25. feed_dino__PieFruitSlice_01__landing

26. fire_freezeray__None__disinfect_computer

27. fire_freezeray__None__power

28. fire_freezeray__None__remove_blocker
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29. fire_freezeray__None__simple

30. fire_freezeray_to_cool__Cake_02__power

31. fire_freezeray_to_cool__Cake_02__remove_blocker
32. fire_freezeray_to_cool__CanSodaNew_01__disinfect_computer
33. fire_freezeray_to_cool__CoffeePot_01__simple

34. fire_laser__None__assemble_laser

35. fire_laser__None__disinfect_computer

36. fire_laser__None__power

37. fire_laser__None__remove_blocker

38. fire_laser__None__simple

39. fire_laser_to_heat__Bowl_01__remove_blocker

40. fire_laser_to_heat__CanSodaNew_Open_01__power

41. fire_laser_to_heat__CoffeeMug_Boss__assemble_laser
42. fire_laser_to_heat__CoffeeMug_Yellow__simple

43. fire_laser_to_heat__Floppy_Virus__disinfect_computer
44. infect_computer__ReceptionComputer__landing

45. infect_computer__ReceptionComputer__simple

46. infect_computer__V_Monitor_FreezeRay__transform_carrot
47. infect_computer__V_Monitor_Gravity__power

48. infect_computer__V_Monitor_Portal__deembiggen

49. landing__Laser_Tip__simple

50. make_carrot__Banana_01__simple

51. make_carrot__CanSodaNew_Crushed_01__landing

52. make_carrot__Jar_PeanutButter_01__deembiggen

53. make_carrot__Printer_Cartridge_Figure__power

54. power__BreakRoom__assemble_fusebox

55. power__SmallOffice__simple

56. print__figure__power

57. print__figure__simple

58. print__hammer__deembiggen

59. print__hammer__landing

60. print__lever__transform_carrot

61. print__mug__remove_blocker

62. remove_blocker__Labl__power

63. remove_blocker__Labl__simple

64. repair_broken__CoffeeMug_Boss__simple

65. repair_broken__CoffeeMug_Yellow__power

66. transform_carrot__Donut_O1__simple

67. transform_carrot__Floppy_AntiVirus_Broken__power
68. unmake_coffee__CoffeeMug_Boss__power

69. unmake_coffee__CoffeeMug_Yellow__simple

Listing F.8: 70 scenarios we used for testing. Each scenario is composed of the task name,

task parameters and the task precondition.

F.2.3 Knowledge

We provide three types of knowledge that empower the assistant to offer effective guidance:

e Task Knowledge: This encompasses the general steps required for task completion. For

example, guidance on how to repair an object using the time machine might be: "1. Place
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the broken object into the time machine; 2. Close the door and toggle the time machine."

e Environment Knowledge: This covers episode-specific details, such as object locations

and states. For instance: "The mug is on the green table in the main office."

e Object Knowledge: This includes information about functionality, usage, appearance,

and typical locations of task-relevant, uncommon objects. See List F.9 for illustrative

examples.

[3D Printer]

Function: 3D print objects from cartridges.

Usage: Insert the appropriate cartridge into the printer and toggle the printer on.

Where: Robotics lab.

Appearance: A grey machine with a square, light blue printing bed and a black PC case on the side.

[Laser Cannon]

Function: Fires a laser beam to heat up objects.

Usage: Laser must be assembled with the control panel to fire. To check, go to the laser and see whether the
control panel is visible. If not, find and place the control panel on the laser. To fire the laser, toggle
the red monitor in the robotics lab. To heat up objects, they should be placed on the red wall shelf by the
robotics lab door.

Where: Robotics lab.

Appearance: A big machine with a grey base, an orange nozzle and power cable.

[Laser Monitor]

Function: Operate the laser to fire a laser beam.

Usage: Toggle the monitor to fire the laser. If the monitor is infected, need to remove the virus first
before firing.

Where: Robotics lab.

Appearance: A red computer with the label 'LASER CANON' on top.

[Time Machine]

Function: Convert objects to their previous state. Known uses: 1. Fix broken objects. 2. Recover transformed
carrots back to their original objects.

Usage: Place the object inside the time machine and toggle it on. Need to open the door to before placing to
it. Need to first open the door to pick the reverted object. Need to close the door before toggling it on.
Where: Break room counter top.

Appearance: A square machine with red frame and a silver controller on the top.

[Gravity Flipper]

Function: Generates an anti-gravity field to make objects float.

Usage: When turned on, objects placed on the gravity pad will float. [WARNING] Keep away from the gravity
flipper when it is on to avoid getting hurt. Must turn it off to access the objects on it.

Where: Quantum lab.

Appearance: A large, octagonal, futuristic table with a glowing blue grid pattern on the surface.

[Gravity Flipper Monitor]

Function: Controls the gravity pad to enable or disable its anti-gravity effect.

Usage: Toggle the monitor to turn the gravity pad on or off. If the monitor is infected, need to remove the
virus first before toggling.

Where: Quantum lab.

Appearance: A computer monitor with a green base and a 'Gravity Flipper' label on top.
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[Carrot Maker]

Function: Transforms objects into carrots.

Usage: Place the object on the machine and toggle it on to transform the object into a carrot.
Where: Quantum lab.

Appearance: A tall, grey machine looks with vented panels extending to the ceiling, and a "no carrot" sign.

Listing F.9: Examples of object knowledge.

F.3 Experiment Implementation Details

F.3.1 Model Configuration, Fine-tuning and Deployment

We utilize the Azure OpenAl services for our GPT models. For GPT-40, we employ the
GPT-40-20241120 version, and in all experiments, the temperature is set to 0.7 and the
top-p value to 0.95. For assistant model fine-tuning, we employ LoRA [103] with a rank of 8,
training with a batch size of 32 and a learning rate of le-4 using a cosine decay schedule for
2 epochs. Fine-tuning is conducted using LLaMA-Factory [311], while FlashAttention-2 [53]
and the Liger Kernel [101] are used to speed up training. The process takes approximately 3
hours on 4 A100 GPUs with 80GB RAM each. For inference, we deploy the model using
vLLM [132].

F.3.2 Human Evaluation Setup

We recruited 28 human subjects with no prior experience of the Alexa Arena environment to
participate in the evaluation of our assistant models. Prior to the experiment, each participant
signed a consent form (available upon request). We organized 70 task scenarios from our test
set into 14 groups, each consisting of five distinct tasks that do not overlap in goals or object
usage. Each participant was assigned to one group and paired with either the oracle assistant
or the trained assistant model, without being informed which one they were interacting with.
In total, each of the 14 groups was tested by a pair of participants—one per assistant type.
Each session typically lasted around 45 minutes, and participants received a $20 Amazon gift
card as compensation.

At the start of the experiment, participants were introduced to the study environment
through a detailed tutorial covering the environment, task setup, and interface operation
(see Appendix F.4.1). Following the tutorial, they completed five sequential sessions. In
each session, participants were given a high-level task goal without detailed instructions,
requiring them to communicate with the assistant to achieve the goal. Once a task was

completed, the web interface automatically advanced to the next task until all tasks in the
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group were finished. Participants had the option to give up at any time if they felt stuck
or if the assistant’s guidance was ineffective. Additionally, a maximum step limit of 50 was
enforced to prevent tasks from taking too long, which was also applied in our simulated user

experiments (see Table 8.1) for fair comparison.

F.3.3 User Intention Analysis

We perform a user intention analysis to understand the types of questions and statements
made by users during the human study (Table 8.5). We define nine distinct user intentions
based on a manul review of the collected utterances. The following list outlines these intentions

along with representative examples:

e inform-goal: Statements declaring objectives.

— “I want to fire the laser cannon.”
— “I need to freeze the cake.”

— “My task is to break the bowl.”
e inform-state: Statements providing status information.

— “I have picked it up.”
— “I only see a jar and a computer.”
— “I didn’t see the mug printer cartridge.”

— “It won’t let me place the cake on it.”
e ask-object-location: Questions about where objects are located.

— “Where is the mug?”

— “Where is the carrot maker machine?”
e ask-object-appearance: Questions about what objects look like.

— “What does it look like?”
— “What is carrot maker?”

— “Describe the shape of the cartridge.”
e ask-how-to: Questions about how to perform specific actions.

— “How to fire the laser cannon?”
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— “How to 3D print a mug?”

— “How do I feed the dinosaur?”
e ask-next-step: Questions about what to do next.

— “What’s next?”
— “What should I do next?”
— “Then what?”
_ ((NOW?”
e ask-confirmation: Questions seeking confirmation.
— “Is this the correct machine?”
— “Do you see it?”
— “Is it still in view?”
— “Is it finished?”

e ask-other: Other questions that do not fit the above categories.

— “How should I go there?”
— “Is it on my left or right?”
— “Why do we need to transform the carrot?”

— “Why do you believe the computer is in this room?”

e social-exchange: Social exchanges or acknowledgments.
— “Hi»

— “Okie.”

For the annotation process, we first employed GPT-40 to pre-annotate user utterances
according to the schema above. We then manually reviewed and corrected any misannotations,
which accounted for less than 1% of the total labels.

186



F.3.4 Step-level Assistant Error Analysis

We perform the step-level error analysis on each assistant turn to gain a fine-grained under-
stanidng of the error made by the assistants, to better understand the typical errors and
performance gap between the oracle and the trained model. During the annotation process,
we annotate both Speak Errors where the assistant’s guidance is wrong, and Silent Errors
where the assistant fails to provide a guidance when it is necessary. We further categorize

the errors into 10 types, 7 for Speak Errors and 3 for Silent Errors, as explained below:

e Speak Errors

— Object Misidentification: Incorrectly identifying one object as another (e.g.,
referring to Object A as “Object B”) or claiming the presence of an object that is not

visible.

— Incorrect Action Suggestion: Recommending a next step or action that does not

align with the current task.

— Incorrect Position Description: Providing an inaccurate location for an object

(e.g., stating it is on the user’s left when it is actually on the right).

— Object Overlooked: Failing to acknowledge a visible object, instead instructing the

user to search for it or asserting that it is not in view.

— Unverified Information: Presenting details without confirmation (e.g., discussing
task specifics when the assigned task is unknown, or asserting that a computer is

powered on without verification).

— Incorrect Object State: Misidentifying an object’s status (e.g., indicating that a

powered-off computer is turned on).
— Redundant Information: Repeating correct information multiple times in a short
period, resulting in unnecessary duplication.

e Silent Errors

— Missed Object Notification: Failing to inform the user when a new or novel object
first appears in view. This error is counted once per object each time it re-enters the

scene.

— Missed Next-Step Guidance: Not providing the necessary guidance on the next

action or on relevant details of a novel object when the user is unaware of them.

— Unanswered User Question: Not responding to a user’s question at all, leaving it

completely unaddressed.
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We manually annotated the all the 140 sessions collected from the human study, resulting

in 3806 turns in total. The web interface used for annotation is shown in Appendix F.4.2.

F.4 Web Interface

This section provides an illustration of the web user interface (UI) designed for human study

and error analysis.

F.4.1 User Interface Tutorial

The user interface serves as the primary platform for participants to engage in our user study.
It allows users to observe the environment, perform physical actions, and communicate with
the assistant through an integreated chatbox. We show the tutorial that is provided to the

users below for an overview of the interface functionalities.

| Mission Goals | | World Map & Current Room Name |

Current Room
Status

Holding Iltem

Figure F.1: Game Video Introduction (Tutorial 1/6): Your goal is to complete the task
assigned to you with the help of an Al assistant. You can move around, interact with objects,
and talk to the assistant. The assistant shares the same view as you do, and will provide you
with instructions and guidance throughout the task. Mission Goals: Displays the goal of
the current task. This is only visible to you but not the assistant. Map & Current Room:
Shows your position in the world and the current room you are in. Score can be ignored for
now. Current Room Status: Indicates the operational status of the room, such as whether
it is powered or not. Holding Item: Displays the object you are holding. This area will be
empty if you are not holding an item. Note: You can only hold one item at a time, so you
need to place the current item down before picking up a new one.
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Arena

OFFICE

| Event History
|| score:ess60 iR
I

Assistant
How can | help you today?

Send a message...

Figure F.2: Action Control Panel (Tutorial 2/6): The Action Control panel lets
you move around and interact with objects. Use Movement Actions for navigation, and
Object Manipulation for actions like picking up or placing items, toggling machines and
computers, and opening/closing doors. Hover over the question mark icon for details of each
action. Go to Object: Quickly navigate to specific objects in view. Go to Room: Directly
move to a specific room. Note: Go to Object/Room is much more efficient than moving
around manually, so it is recommended to use them whenever possible.

F.4.2 Assistant Interface

The Assistant Interface (Figure F.7) is a monitoring page displaying the interaction from
the assistant’s viewpoint. It includes: Task Selection for choosing tasks within a study
group; Screen Recording to capture user activity; Interaction History showing the
dialogue between user and assistant; and Knowledge Display providing access to the task,

environment, and object knowledge used by the assistant to provide effective guidance.

F.4.3 Annotation Interface

We develop an annotation interface for step-level error analysis of assistant performance.
Annotators can choose from a list of pre-defined labels to annotate each action made by the
assistant, including both "speak errors" that there is something wrong with the guidance,
and "silent errors" where the assistant keeps silent when there is a need of speaking. If an
action has no error, then a "correct" label should be selected. The knowledge and the full
interaction history with the generated thought from the assistant is displayed to help the
annotator understand what’s going on.

We built an Annotation Interface for step-level error analysis of the assistant. Annotators
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Annotated Observation

(s. counlermp) (9 coumer(op) (m. cnunter)
(11'coumer> (12- cabinei) va cabinet) (u- master) (15- mmmwave)
(ws: drawer) (17: ccuntertup) (wa: coumev) (w: machme) (20: cabinet)

Figure F.3: Show Observation (Tutorial 3/6): A pop-up window displaying all the
interactable objects in the current view will show up after clicking the Show Observation
button. It can help you better understand the objects and plan your actions. Objects that
are not common in daily life are displayed with their base category (e.g., "machine") instead
of their specific type (e.g., what type of machine it is). The assistant may help you identify

them if they are relevant to the current task.

Arena m Show Observation Navigation @

|
BREAKROOM Event History
SCORE: 97,740

Place the carrot inside the time
machine so we can transform it
back into the hammer.

Place to machine

Assistant

Toggle the time machine on to
transform the carrot back into the
hammer.

Toggle machine

[ Invalid action: precondition not
met or invalid target

Send a message...

Figure F.4: Event History Intro (Tutorial 4/6): The Event History panel shows: (1)
Chat history between you and the assistant; (2) Actions you have taken; (3) Action execution
feedback when an action has failed (starting with [!]); (4) System messages (in grey) indicating
the start and end of a task. You can use the input field at the bottom to send a message to

the assistant.
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arona D G

RECEPTION
SCORE: 97,670

Figure F.5: Blocking Page Intro (Tutorial 5/6): After you select an action or send a
message, a blocking overlay will be shown while the system processes your request, which
normally takes a few seconds. You can only continue after the overlay disappears.

Arena @ Show Observation ) Navigation
GoToRoom GoToObjet

Manipulation

l

L90°
La5°

oF 2
ROBOTICS LAB [} Event History
SCORE: 99,970 l
e Task started!
: = Assistant
How can | help you today?

Task ended: give up.

Next task starts in 5 seconds ...

Send a message...

Figure F.6: Give Up or Task Completion (Tutorial 6/6): The task will end if (1)
you successfully complete the task; (2) you click the Give Up button; (3) max steps (50
actions) is reached. Note: the assistant is not perfect, so it is normal that the assistant’s
instructions are not always correct. You may choose to give up on a task at any time, when
you feel getting stuck and the assistant is not helpful. After a task is finished, the system
will automatically advance you to the next task. You will work on a total of 5 tasks in this
session.

label each assistant action using pre-defined categories, identifying "speak errors" (incorrect

guidance), "silent errors" (missed necessary interventions), or marking actions as "correct".
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Arena ... 3 iterscton Hitry

Task started!

Assistant
How can | help you today?

KEEP SILENCE SEND >

Knowledge

Task Knowledge:
How to feed the dinosaur: Get the apple - food for the
dinosaur. Toggle the time portal monitor on and off
untl you see the past time porta. Normaly you
should toggle 3 times (on - future porta, off, on - past
portal). Approach the time portal with the food in your
hand to feed the dinosaur.

Environment Knowledge:
Apple is on a table in the quantum lab.

Object Knowledge:

Figure F.7: Assistant interface for task monitoring and debugging.

rena ) I I €@ oD e

WARE D

MANAGER'S OFFICE
SCORE: 99,130

‘ B A
DELWAN IS MAKING I

eeing it (e.g. sth
n't see a..”)

Knowledge Interaction History
Task Knowedge: T
=
futuro porta, of,
oo Assistant
o The banana is on the desk in the manager's

offce. Let's head there to find .
Environment Knowledge:
Bread sica i on the green desk in the main offc.

Iabel: comrect
Banana is on the desk in the manager’s office. Go to the manager office
Objct Knowiede: Assistant

<Think> The user s now in the manager's office,
Where the banana is known to be located on a
desk. The user's task is unclear, but they.
specifically asked for the banana earler, 5o their
immedate goal s likely to find it. | need to
‘observe and identify the banana in the manager's
office to guide the user. Since no banana is
visible in the current observation, | should stay
silent and wait for the user to explore further.

Assistant
<Silence>

Figure F.8: Annotation interface for assistant error anntation.

The interface shows the full interaction history including actions and the assistant’s thought

process, and relevant knowledge to support annotation decisions.
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F.4.4 Qualitative Examples

In this section, we present two examples of assistant—user interactions, highlighting key events

that demonstrate the assistant’s decision-making.

F.4.4.1 Example Interaction Between Oracle Assistant and Human User

— Task Setting —— M — Step 1

Task: Break the plate /
How to solve the task: unknown ?
Object knowledge: unknown ?
Task: unknown ?

H Task knowledge: Completey/
How to break the plate: Find a hammer. Use the
hammer to break the object.

Xwe selectively omit thinking process below due to space

= § <thinks...</think>
To break the plate, you'll need a
i hammer. Let's first go to the quantum

lab to retrieve it. Use ‘GotoRoom' fo
head to the quantum lab.

H How can I help you

g today?

A How do I break the
plate?

In Robotics Lab In Robotics Lab A { GotoRoom (Quantum Lab) }

How to normalize the hammer to its original size; Go (View always shared by both sides) .

to the embiggenator fo check whether hammer is \ J.
red. Toggle the embi monitor. ...

Object knowledge: Completey/

[Embiggenator]

Eunction: Enlarge and shrink objects.

Usage: Place the object on the embiggenator ... to

enlarge or shrink the object. ..

Where: Quantum lab.

Appearance: A grey machine with a round base ...

The hammer is on the
> H embiggenator in this room.
g Look around to find a grey
machine with a round base
. and a ceiling-mounted top.
\ J Let me know when you see it.
XUser does not know embiggenator

 EE——
Precondition hd ened' In Quantum Lab a thus requires detailed description
{ Turn Right 45° }

N\

XProactively choose to speak or not
H <think> ... if the embiggenator
or hammer becomes visible ...,
or if the user asks a follow-up

question, I will provide further
assistance.</think>

&+

Turn Right 90°

The hammer is too large to hold

After few steps of exploration

XInform user timely when an object is found
I see the hammer on the embiggenator
to your right. ... Look for the pink monitor

XProvide assistance for next step

H great job! you now have the

y . ) Few hammer. let's head to the
nearby, labeled 'Embiggenator,’ and y - "
Toggleyit to restore Theg}gwmmer to its steps, mcn'ager S cfflf:e o el i pleiie:
original/size! Tater use 'gotoroom’ to go there.
{ Turn Right 90° } a { GotoRoom (Manager Office) }
In Quantum Lab In Quantum Lab In Manager Office

Figure F.9: Illustration of the asymmetric task setting and key events during the interaction,
where the oracle assistant provides assistance for the user to normalize a hammer using the
embiggenator and use it to break a plate.

Figure F.9 shows an interaction where the user is tasked with breaking a plate, but is
initially unaware of the necessary steps or object locations. The oracle assistant possesses

complete task and object knowledge and provides step-by-step guidance:

e Step 1: The assistant initiates by asking, “How can I help you today?” When the user

responds, “How do I break the plate?” the assistant confirms the task and begins reasoning.

e Step 2: Concluding that a hammer is required, the assistant directs the user to the

Quantum Lab to retrieve it.

e Step 3: In the Quantum Lab, the assistant describes the embbiggenator—a tool unfamiliar
to the user—by noting its appearance (a grey machine with a round base and a ceiling-

mounted top), helping the user identify it.
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e Step 4: The assistant then intentionally remains silent to avoid redundant guidance,

monitoring the user’s progress.

e Step 6: Observing the user near the embbiggenator and hammer, the assistant notices
that the hammar has been embiggenated and thus too large for the user to pick up. The
assistant then instructs the user to toggle the embbiggenator to resize the hammer before

picking it up.

e Step 12 - 15: After several additional steps, the user retrieves the hammer, is praised
by the assistant, and is subsequently guided to the manager’s office to break the plate,

successfully completing the task.
Overall, the example illustrates how the oracle assistant effectively bridges the user’s

knowledge gap through adaptive, contextual, and timely guidance.

F.4.5 Example Interaction Between Trained Assistant Model and

Human User

— Task Setting

Task: fire the freeze ray
How to solve the task: unknown ?

Object knowledge: unknown ?
Task: unknown ?
Task knowledge: Completey/

Eire the freeze ray: Toggle the freeze ray monitor
(blue computer in the robotics lab).

— Step1

H How can I help you

today?
how do i fire the
freeze ruy7

In Quantum Lab

Xwe omit thinking process below due fo the space

‘ i <think>...</think>
To fire the freeze ray, you need the
freeze ray monitor in the robotics

lab. Let's head there first. Use
'GotoRoom’ to go to the robotics lab.

a { GotoRoom (Robotics Lab) }

| (View always shared by both sides)

Object knowledge: Completey/
[Freeze Ray]

Function: Fires a freezing beam to freeze objects.
Usage: To fire the Freeze Ray, toggle the blue
monitor in the quantum lab. ...

Where: Robotics lab.

Appearance: A large ceiling-mounted device with a
grey body, glowing blue accents, ...

2Orange box is labeled for demo only
You're in the right place! To
fire the freeze ray, toggle the
blue monitor labeled 'FREEZE
RAY' in front of you.

XUser view takes fuzzy object description

Toggle (Machine)

‘ i The freeze ray monitor seems
{ inaccessible due to an obstacle.

. a to activate the robotic arm ...

XEnv: Target inaccessible: cannot reach the target

Let's toggle the robotic arm to
clear the path first. Use 'Toggle’

Turn Right 90°

X Object Overlooked

The robotic arm is not visible
from here. Try turning or
moving around to locate it in
the robotics lab.

X Object Misidentification

The robotic arm has cleared the

obstacle! You can now toggle the freeze
ray monitor labeled 'FREEZE RAY' in
front of you to fire the freeze ray.

A [ Turn Left 90° }

In Robotics Lab

A [ Toggle (Machine) ]

In Robotics Lab

In Robotics Lab

Figure F.10: Tllustration of interactions between the trained model assistant and a human
user where the task is to fire the freeze ray. Two assistant errors are highlighted in Steps 5
and 8.

Figure F.10 illustrates an interaction with our trained model assistant where we show two

common errors observed in our experiments (also seen with oracle assistants):

194



e Step 5: The user seeks a robotic arm to remove an obstacle. Although the robotic arm is
clearly visible on the left, the assistant overlooks it and advises the user to search the area.

This typical perception error leads to inefficient navigation and additional steps.

e Step 8: After the obstacle is cleared, the assistant misidentifies the object as the freeze ray
monitor. Despite this error, the user relies on previously learned visual cues to correctly
locate the actual freeze ray monitor. This demonstrates how human memory and situational

reasoning capability can compensate for the assistant’s perceptual limitations.
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