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In our dynamic and ever-evolving world, embodied agents for sequential decision-making
(SDM) lie at the heart of intelligent behavior in machine learning systems. Just as foundation
models in vision and language have revolutionized natural language processing and computer vision
through large-scale pretraining, foundation models for SDM hold similar potential by capturing
the structure and semantics of decision trajectories. This thesis addresses this challenge from the
perspective of representation learning, specifically, how to learn compact yet expressive state and
action abstractions that are well suited for downstream policy learning in embodied agents. To this
end, it explores both state and action representations and further introduces a surprisingly simple
yet effective approach that leverages explicit visual prompting to harness the grounding capabilities
of modern vision-language-action (VLA) foundation models, bridging the gap between perception
and action.

In the first part of the thesis, a temporal contrastive learning objective, TACO, is proposed
for visual representation learning. This method enables the learned embeddings to encode control-
relevant dynamics in a compact latent space, significantly improving data efficiency during policy
learning. When used for pretraining, these representations allow embodied agents to generalize to
novel tasks with minimal expert demonstrations. Building on this idea of future latent prediction,
the approach is further scaled to recent large VLA models through FLARE, which augments the

standard action prediction objective with a future latent alignment loss. This extension achieves



state-of-the-art policy learning performance on multitask benchmarks and enables learning from
action-free human video data.

In addition to state representation, the second part of the thesis investigates how temporal
action representations can be leveraged for more efficient policy learning through horizon reduction.
Inspired by the recent success of large language models (LLMs), I develop PRISE, a simple
yet effective framework for learning temporally abstracted action representations. By capturing
higher-level temporal structure, this approach shortens the effective planning horizon, substantially
improving the performance of multitask imitation learning algorithms and enhancing generalization
to unseen tasks with limited demonstrations.

Finally, beyond learning-based state and action representations, the last part of the thesis
explores how symbolic representations can further enhance the efficiency of policy learning in
embodied agents. Pretrained on diverse internet-scale vision and text data, recent vision-language
models (VLMs) possess strong visual and semantic understanding capabilities but struggle to
ground their perception in executable 3D robot actions. I demonstrate that symbolic representations,
such as visual traces, can help these large VLMs bridge perception and action generation. To
this end, I introduce TraceVLA, an explicit visual prompting technique that encodes a robot’s
execution history as a symbolic visual trace. This representation provides large VLA models with
richer spatio-temporal context, leading to more robust generalization across embodiments and
outperforming existing VLA baselines on various real-world robotic manipulation tasks.

Together, these works present a unified framework for world-model-based representation
learning for embodied agents. By jointly advancing state, action, and symbolic abstractions, this
thesis takes a step toward scalable foundation models for sequential decision-making, capable of

reasoning, acting, and learning across diverse tasks and embodiments.



TOWARDS GENERALIST EMBODIED AGENTS VIA REPRESENTATION
LEARNING

by

Ruijie Zheng

Dissertation submitted to the Faculty of the Graduate School of the
University of Maryland, College Park in partial fulfillment
of the requirements for the degree of
Doctor of Philosophy
2025

Advisory Committee:
Professor Furong Huang, Chair/Advisor
Professor Hal Daumé, Co-Advisor
Professor Min Wu, Dean’s Representative
Professor Jia-Bin Huang
Professor Ruohan Gao



© Copyright by

Ruijie Zheng
2025



Acknowledgments

I am deeply grateful to my advisor, Professor Furong Huang, who has mentored me since my
sophomore year, when she first welcomed me as an undergraduate researcher. From the beginning,
her insightful questions and rigorous discussions taught me what it truly means to do research —
how to identify meaningful research problems and, more importantly, how to approach them from
the right angle. Throughout this journey, her incisive questions, high standards, and thoughtful
feedback have continuously guided my research, and I will carry the lessons I have learned from
her throughout my career. Her mentorship and research vision have profoundly shaped my research
taste and mindset as a scientist.

I also want to sincerely thank my co-advisor, Professor Hal Daumé 111, for his generous mentorship
and the many inspiring discussions we have had. I have thoroughly enjoyed every meeting with him
— his sharp feedback, deep insights, and thoughtful advice on both research and career development
have been invaluable. Working with both of them has been one of the most rewarding parts of my
Ph.D. journey, and I will carry their lessons with me throughout my career.

I would like to express my deepest gratitude to the members of my Ph.D. committee, Professor
Jia-Bin Huang, Min Wu, and Ruohan Gao, for their invaluable time, feedback, and guidance on my
thesis. I am also grateful to my collaborators and internship mentors at Microsoft and NVIDIA,
Dr. Huazhe Xu, Dr. Jieyu Zhao, Dr. Shuang Ma, Dr. Ching-An Cheng, Dr. Andrey Kolobov, Dr.
Adith Swaminathan, Dr. Jianwei Yang, Dr. Jim Fan, and Dr. Yuke Zhu, for their mentorship and
inspiration.

I feel truly fortunate to have been surrounded by inspiring peers, supportive labmates, and brilliant
collaborators. Their camaraderie, insightful discussions, and encouragement have made my graduate
experience both enriching and memorable. Special thanks to Jiahao Su, Yanchao Sun, Yuancheng
Xu, Xiaoyu Liu, Bang An, Sicheng Zhu, Xiyao Wang, Michael-Andrei Panaitescu-Liess, Chenghao
Deng, Marco Bornstein, Mucong Ding, Wichayaporn Ongkamjan, Souradip Chakraborty, Tahseen
Rabbani, Dehao Yuan, Yu Hou, Navita Goyal, Connor Baumler, Lingjun Zhao, Huy Nghiem, Tin

Nguyen, and Sandra Sandoval for their invaluable support, collaboration, and the many moments of

il



learning and growth we have shared.

I am endlessly grateful for the support of my dear friends, Yuancheng Xu, Yuan Gao, Trista Cao,
Shuhan Kou, Bo He, Haozhe An, Yu Hou, Jiaxin Yuan, Xijun Wang, Xiyao Wang, Yiran Xu,
Peihong Yu, and Chen Chen, who have accompanied me throughout my Ph.D. journey.

I would also like to sincerely thank my girlfriend for always being there for me. More than a partner,
she has been a teammate and an inspiration, standing by my side through the most challenging times.
Her love, patience, and unwavering belief in me have brought comfort, strength, and joy to my life.
Finally, I owe my deepest thanks to my parents, my aunt, and my cousin, whose unconditional love

and faith in me made this dream possible. Without them, none of this would have been achievable.

il



List of Tables

2.1

2.2

2.3

24

2.5

2.6

2.7
2.8

3.1

3.2
33

5.1

52
5.3
54

Episode reward of TACO and SOTA visual RL algorithms on the image-based
DMControl 1M benchmark. Results are averaged over 6 random seeds. Within
the table, entries shaded represent the best performance of model-free algorithms,
while text in bold signifies the highest performance across all baseline algorithms,
including model-based algorithms. . . . . . . . .. .. ... ... ... ...,
Comparison with other objectives including SPR [122], ATC [131], and DRIML [94]
Offline Performance (Normalized Reward) for different offline RL methods. Results
are averaged over 6 random seeds. =+ captures the standard deviation over seeds. . .
Few-shot BC performance on DMC. Premier-TACO outperforms baselines on
10 unseen tasks. Bold=best. . . . . . .. ... ... ... ... .
Five-shot Behavior Cloning (BC) performance on 8 unseen MetaWorld tasks.
Results averaged over 4 seeds. Bold =best. . . . . . ... ... ... . ......
Frames per second (FPS) for visual RL algorithms. B stands for batch size used in
their original implementations. . . . . . . . . . ... ...
Frames per second (FPS) for TACO with different batch size . . . . . .. ... ..
Language instructions for 8 LIBERO downstream tasks. . . . . . . ... ... ...

Task Success Rate Breakdown for Multitask Policy on RoboCasa and GR1 Tabletop

Manipulation . . . . . ... e
Ablation of target embedding models. . . . . ... ... ... oL
Action-Aware Vision Language Embedding Pre-training Dataset Statistics . . . . .

Performance results on three SimplerEnv robot tasks under two evaluation metrics:
visual matching and variant aggregation. Overall performance is the mean across all
six task-metric pairs. For each TraceVLA method, we report both the raw success
rate and its difference (1 or ) versus the corresponding base model. . . . . . . ..
Impact of line thickness on TraceVLA performance. . . .. .. ... ... ....
Impact of transparency on TraceVLA performance. . . . . . ... ... ... ...
Impact of color scheme on TraceVLA performance. . . . . . .. ... ... ....

v

9

23



List of Figures

2.1

2.2

2.3

24

2.5

2.6

2.7

2.8
29

2.10

2.11

2.12

2.13

Comparison of average episode reward across nine challenging tasks in Deepmind
Control Suite after one million environment steps. . . . . . . . . .. .. ... ... 4
A demonstration of TACO temporal contrastive loss: Given a batch of state-action

transition triples {(s,(i), [at(i) feees at(iz K1) st(ﬂz )}, Ifirstapply the state encoder and
@ 1, () (i) ] (i) N

action encoder to get latent state-action encodings: {(z,”, [, ', -, u; g _1],2

Xt+K) Ti=1
Then I apply two different projection layers to map (zt(l), [ut(’), vy ut(ig x_1]) and zt(ﬁ K

into the shared contrastive embedding space. Finally, I learn to predict the correct
pairings between (z, [u, ..., s+ x—1]) and z;+ g using an InfoNCE loss. . . . . . . . 7
(Deepmind Control Suite) Performance of TACO against two strongest model-free
visual RL baselines. Results of DrQ-v2 and A-LIX are reproduced from their

open-source implementations, and all results are averaged over 6 random seeds. . . 9
(Meta-world) Performance of TACO against DrQ-v2 and A-LIX. All results are
averaged over 6randomseeds. . . . . . .. ... Lo o 10
IM Performance of TACO with and without action representation . . . . . . . . . 10
TACO with different batch sizes and with different component of its learning
objectivesremoved . . . . ... L oL 11

An illustration of Premier-TACO contrastive loss design. The two ‘State Encoder’s
are identical, as are the two ‘Proj. Layer H’s. One negative example is sampled
from the neighbors of framework 5,4 x. . . . . . . . ... Lo Lo 14
Difference between Premier-TACO and TACO for sampling negative examples. . 15
Pretrain and Test Tasks split for Deepmind Control Suite, MetaWorld and Libero.
The left figures are Deepmind Control Suite tasks and the right figures MetaWorld

[(W1) Versatility (W2) Efficiency] Mean success rate of 5-shot imitation learning
for 8 unseen tasks in LIBERO. Results are aggregated over 4 random seeds. Bold
numbers indicate the bestresults. . . . . . . . . . ... 17
[(W1) Versatility] (Left) DMC: Generalization of Premier-TACO pre-trained
visual representation to unseen embodiments. (Right) MetaWorld: Few-shot adap-

tation to unseen tasks from an unseen camera view . . . . . . . . . .. ... ... 19
[(W3) Robustness] Premier-TACO pretrained with exploratory dataset vs. Premier-
TACO pretrained with randomly collected dataset . . . . . . . . ... ... .... 20

[(W4) Compatibility] Finetune R3M [96], a generalized Pretrained Visual Encoder
with Premier-TACO learning objective vs. R3M with in-domain finetuning in
Deepmind Control Suite and MetaWorld. . . . . . . . ... .. ... ... ..... 20



2.14 [(W1) Versatility] (Left) Premier-TACO vs. TACO on 10 Deepmind Control
Suite Tasks across different batch sizes. (Right) Averaged performance of Premier-
TACO on 10 Deepmind Control Suite Tasks across different window sizes . . . . .

2.15 1M Performance of TACO with stepsize K=1and K=3. . ... ... ... ..

2.16 1M Performance of TACO with different prediction horizon K under different action
repeat sizes. Shaded columns correspond to the best prediction horizon K under a
fixed actionrepeat Size. . . . . . . . . .. ..o e e

2.17 1M Performance of TACO with different dimensionality of latent action representa-
tions on Quadruped Run (|.<7|= 12). Error bar represents standard deviation across
randomseeds. . . . . ... oL oL

2.18 Robustness analysis of TACO vs. DrQ-v2 across multiple (6) random seeds . . . .

2.19 [(W4) Compatibility] Finetune R3M [96], a generalized Pretrained Visual Encoder
with Premier-TACO learning objective vs. R3M with in-domain finetuning in
Deepmind Control Suite and MetaWorld. . . . . . . ... ... ... ... .....

2.20 [(W4) Compatibility] Finetune R3M [96], a generalized Pretrained Visual Encoder
with Premier-TACO learning objective vs. R3M with in-domain finetuning in
Deepmind Control Suite and MetaWorld. . . . . . . .. ... ... ... .. ....

3.1 Comparison of FLARE to a conventional flow-matching (or diffusion) policy.
FLARE can train using both action flow-matching and future latent alignment
objectives, leading to improved performance as well as enabling learning from
video-only data such as human ego-view demonstrations. . . . . . ... ... ...

3.2 FLARE architecture. State and action token embeddings are concatenated into a
sequence with learnable future token embeddings. The flow matching DiT blocks
perform self-attention on this sequence, and cross-attention to the current vision and
text observation embeddings. At a middle layer, the activations corresponding to the
future token embeddings are used to compute a future latent alignment loss, which
is the cosine similarity with vision-language embeddings from a future observation.

3.3 Data mixture of pretrained action-aware vision language embedding model . . . . .

3.4 Multitask Simulation Benchmarks: I use 24 RoboCasa [97] and 24 GR-1 tabletop
manipulation tasks as a multitask simulation benchmark suite in this chapter. . . . .

3.5 Real GR1 Tasks Setup: I evaluate four tabletop manipulation tasks on a real GR1
humanoidrobot. . . . . . . . ...

3.6 (Left): Post-training results on 24 RoboCasa tasks. (Right): Post-training results on
4 Real GRI humanoid tasks. . . . . . . . .. .. .. Lo

3.7 Generalizing to unseen objects with human egocentric videos and few-shot real
robotdemos . . . ... e e

3.8 (Left): Ablation of the DiT Layer used in FLARE loss (Left): Ablation of FLARE
loss coefficient. . . . . . . . ...

3.9 Effect of EMA Coefficient p: I report the policy success rate using 24 x 300 train-
ing trajectories across 24 RoboCasa tasks. Baseline is trained without FLARE future
alignment loss, i.e., a policy-only objective. . . . . . .. ... ... ...

3.10 Q-former based Vision Language Embedding Module for FLARE . . .. ... ..

Vi

22

30

31



4.1

4.2
4.3

4.4

4.5

4.6

4.7

4.8

4.9

4.10
4.11
4.12

4.13
4.14

5.1

5.2

5.3

(a) Pretraining Stage I of PRISE : The goal is to learn a action quantization module
such that conditioned on the current state and action (or,a), it could assign a
discrete action code. (b) Pretraining Stage II of PRISE : First it converts a trajectory
of continuous state and actions into discrete codes. Then based on the corpus
of quantized trajectories from the multitask offline dataset, PRISE applies BPE
(illustrated in Figure 4.2) to learn vocabulary of skill tokens, where each token

represents a sequence of discrete actioncode. . . . . . ... ... 45
An illustration of how Byte Pair Encoding isdonein PRISE. . . . . .. ... ... 47
During evaluation time, PRISE rollout its policy by querying the skill-token policy
7 for the skill token and then using pretrained decoder y to decode actions. . . . . 47
PRISE tokenizes downstream demonstration trajectories by greedily searching for
the longest token for each time step. . . . . . . . . ... ... ... ... ... .. 48

Few-shot IL on unseen tasks: pretrain and test tasks split for MetaWorld and LIBERO. 50
Multitask policy learning performance on LIBERO-90. Error bar represents the
standard deviation across 4 random seeds. Results of the first three methods are

taken directly from [85] . . . . . . ..o 51
(Metaworld): 5-shot IL performance averaged across 5 unseen tasks. Error bar
represents the standard deviation across 4 random seeds. . . . . . . .. ... ... 52
(LIBERO): 5-shot IL performance averaged across 8 unseen tasks. Error bar stands
for the standard deviation across 4 random seeds. . . . . . .. ... ... ... .. 53

(Left) Mean success rate of PRISE across 8 unseen LIBERO tasks with different
vocabulary size. (Right) The mean success rate of PRISE across 8 unseen LIBERO

tasks with a different numbers of discrete action codes pre-trained. . . . . . . . .. 54
(Left) Histogram of token length when C = 10. (Right) Histogram of token length

when C=40. . . . . . . . e 54
Performance of PRISE with and without the forward dynamics objective on Meta-

worldand LIBERO. . . . . . . .. .. 55
Downstream performance of PRISE under different pretraining dataset sizes . . . . 55
Pseudocode for the pretraining stage [of PRISE . . . . . . ... ... ... .... 58
Architecture of the Shallow CNN encoder used in MetaWorld. . . . . . ... ... 59

An illustration of our method. The first image shows the original robot’s obser-
vation, while the second contains the same image with overlaid visual traces. A
separator token is then inserted between the visual tokens of these two images, then
concatenating with text tokens and feeding into the underlying vision language
model backbone to output action tokens. . . . . ... ... oL Lo 61
An illustration of visual trace generation. Given a sequence of historical image
observations, I first use Co-tracker to extract dense point trajectories and keep active
point trajectories with significant movement. I then overlay active point trajectories
on the robot’s initial observation frame as visual trace prompting. I feed both the
image overlaid with visual traces and the original image into VLA as model input. 63
Performance comparison of TraceVLA against OpenVLA (Left): 7B TraceVLA
vs. 7B OpenVLA. (Right): 4B TraceVLA-Phi3 vs. 4B OpenVLA-Phi3. Numbers
are averaged across the visual matching and variant aggregation metrics. . . . . . . 66

vii



54

5.5

5.6
5.7

5.8

59

5.10

5.11

5.12

5.13
5.14

Comparison of OpenVLA and TraceVLA performance across various environ-
mental variations: camera orientations, lighting, background, distractors, and table
EXIUTC. . . . . . o o e e e e e e e e
Real robot setup of TraceVLA. I design 4 real-world robot tasks with different
manipulation skillsand objects. . . . . . . ... ... L L oo
Four unseen tasks for testing TraceVLA generalization in real robot settings.
Performance comparison of TraceVLA and OpenVLA on8 real-world WidowX-250
robot manipulationtasks. . . . .. ...
(Left): Comparison of average success rates between the base OpenVLA and
OpenVLA-Phi3 models and their finetuned versions, with and without visual trace
prompting. (Right): Comparison of average success rates between the base Open-
VLA, TraceVLA, and OpenVLA finetuned with a sequence of 6 images. . . . . . .
(Left): Comparing visual trace prompting and text trace prompting. (Right) Text
trace prompts example. . . . ... oL
TraceVLA under different length of visual traces. . . . . . ... ... .......
(Left):Comparison of GPU memory cost of 7B TraceVLA, OpenVLA and 4B
TraceVLA-Phi3, OpenVLA-Phi3. (Right): Comparison of inference time across
differentmodels. . . . . .. ... L
Comparison of Trace VLA against OpenVLA with different steps of observation
history. . . . . . o e e e
Four additional tasks for testing generalization in real robot settings. . . . . . . . .
Number of successful trials for TraceVLA against OpenVLA on four additional
real robot eXperiments. . . . . . . ... L. L. oL

viii

68

69

73



List of Figures

Acknowledgements

List of Tables

List of Figures

il

il

v

1 Introduction

2 Temporal Contrastive Observation Representation Learning

2.0.1 Introduction . . . . . . . . . .
2.1 Preliminaries . . . . . . . ...
2.1.1 Visual reinforcement learning . . . . . .. ... ... ... ........
2.1.2 Contrastive learning and the InfoNCE objective . . . . . . ... ... ...
2.2 Temporal contrastive learning objectives and practical implementation . . . . . . .
2.3 Experimentsandresults . . . . . . .. ... Lo
2.3.1 Comparison between TACO and strong baselines in online RL tasks . . . .
2.3.2 Combining TACO with offline RL algorithms . . . . . ... ... .....
24 Relatedwork . . . . . ..
24.1 Contrastive learning in visual reinforcement learning . . . . . . . ... ..
2.4.2  Action representation in reinforcement learning . . . . . . . ... ... L.
2.5 From TACO to Premier-TACO: Better Performance with Smaller Batch Size . . . .
2.6 Experiment . . . . . . . . . ... e e e e e e
2.7 Supplemental Materials: Additional Details and Experiments . . . . . . .. .. ..
2.7.1 Effects of the choice of prediction horizon K . . . . . ... ... ... ...
2.7.2 Time-efficiency of TACO . . . . . . . . . ... ... .. ... ...
2.7.3 Experiment Details . . . . . . .. ... ... ... ... .. . ...

2.7.4  Sensitivity of TACO to action representation dimensionality: an additional
EXPEIIMENt . . . . v v v i e e e e e e e e e e e e e e e e e e e
2.7.5 Sensitivity of TACO vs. DrQ-v2 torandomseeds . . . . . . ... ... ..
2.8 Additional Experiments Results of Premier-TACO . . . . . ... ... ... ...
2.8.1 Implementation Details of Premier-TACO . . . .. ... ... ......
2.8.2 Task instructions of downstream LIBERO tasks . . . . . .. ... ... ..

3 FLARE: Future Latent Representation Alignment
3.1 Introduction . . . . . . . . ...
3.2 Background . . . . ..

ix



33 Method . . . . . . e 31
3.3.1 Latent World Modeling through Future Latent Representation Alignment . 31

3.3.2 Action-aware Future Embedding Model . . . . ... ... ......... 32
34 EXperiments . . . . . . . . .. i e e e e e e e e e 33
3.4.1 Multitask Benchmark Performance . . . . . . ... ... ... ... .. .. 33

3.4.2 Data-efficient Post-training with Cross-embodiment Pretrained Embedding
Model . . . . . . . e 34
3.4.3 Leveraging Human Egocentric Trajectories without Action Labels . . . . . 36
344 Ablation Study . . . ... 37
3.5 RelatedWork . . . . . . . . 38
3.6 Conclusion . . . . . . . . e 39
3.7 Supplementary Material: Additional Details and Experiments . . . . . . . ... .. 40
3.7.1 Details of Q-former based Vision Language Embedding Module . . . . . . 40
3.7.2 Pretraining Data Mixture . . . . .. .. ... .. ... .. .. .. ..., 40
3.8 Training Details . . . . . . . . . . . ... 40
3.8.1 Pseudocode of FLARE . . . . ... ... ... .. ... .. ... ..., 42
PRISE: From Latent State Representations to Temporal Action Abstractions 43
4.1 Introduction . . . . . . . . .. e e e 43
4.2 Preliminaries . . . . . . . . . ... e e 44
43 Algorithm . . . . . . . . e 45
4.3.1 Pretraining . . . . . . . ... e e e e 45
4.3.2 Multitask generalist policy learning. . . . . . . ... ... ... ...... 47
4.3.3 Downstream few-shot adaptation to unseen tasks . . . . . ... ... ... 48
434 DISCUSSION . . . . . v it e e e e e e e 49
4.4 EBXperiments . . . . . . . . . it e e e e e e e e e e e e e e 49
4.4.1 Pretraining datasets and architecture . . . . . ... .. ... ... ..... 50
4.4.2 Multitask generalist policy learning . . . . . . . . ... ... ... .... 50
4.4.3 Few-shot adaptation tounseen tasks . . . . . . .. .. ... ... ... 51
4.4.4 Ablation Analyses. . . . . . . ... e 53
4.5 Related Work . . . . . . L 56
4.6 Supplementary Material: Additional Details and Experiments . . . . . . . ... .. 58
4.6.1 Implementation detailsof PRISE . . . . .. ... ... ... ....... 58
Visual Trace Prompting: From Neural Latent Representations To Explicit Visual Cues 60
5.1 Introduction . . . . . . . . L e 60
5.2 Preliminaries . . . . . . . ... e 62
5.3 TraceVLA . . . . . o e 62
5.3.1 Visual Trace Prompting . . . . . . . .. .. .. ... ... .. .. ..., 62
5.3.2 Model Architecture Design . . . . . . . .. ... ... . 64
5.3.3 Implementation Details . . . . . . ... ... ... ... ... ... ... 64
54 EXperiment . . . . . ... L e e e e 65
5.4.1 Simulation Evaluation . . . ... ... ... ... ... ... 65
5.4.2 Real Robot Experiments . . . ... ... ... ... ............ 67
5.4.3 Ablation Studies . . . . ... 68



5.5 Limitation Analysis: Training Memory Cost and Inference Speed . . . . . . . . .. 70

5.6 Supplementary Material: Additional Details and Experiments . . . . . . . ... .. 71
5.6.1 Additional Ablation Studies of TraceVLA: Thickness, Transparency, and

Color of Visual Prompting . . . . ... ... ... ... . ......... 71

5.6.2 Baseline with Different Steps of Historical Observations . . . . . .. ... 72

5.6.3 Additional Real Robot Experiments . . . . . .. ... ... ........ 72

6 Conclusion and Future Direction 75

6.1 Conclusion . . . . . . . . e 75

6.2 Future Work . . . . . . . L 75

Bibliography 77

xi



Chapter 1: Introduction

In our dynamic and ever-evolving world, embodied agents for sequential decision-making (SDM)
stand at the core of intelligent behavior in machine learning systems. Unlike static perception tasks,
SDM captures the fluidity of real-world processes, ranging from robotic manipulation to adaptive
healthcare, where each action influences future outcomes.

Just as foundation models in vision and language (e.g., BERT [31], DINO [102], SAM [117],
GPT-40 [100]) have transformed natural language processing and computer vision by learning from
large-scale data, pretrained foundation models hold similar promise for SDM by capturing the
structure and semantics of decision trajectories.

In vision and language, these models serve as powerful priors, encoding rich contextual information
that transfers effectively to a wide range of downstream tasks. Analogously, in SDM, decisions
unfold over time and depend on complex dependencies between past actions, current observations,
and future goals. A foundation model can provide a generalized understanding of behavior. This
knowledge, distilled from diverse task distributions and decision sequences, can be fine-tuned to
new domains in a data-efficient manner, mirroring the adaptability of language models to specialized
tasks.

However, several key challenges differentiate SDM from conventional pretraining domains:

* (C1) Data Distribution Shift: Training data often stems from specific behavior policies,
resulting in mismatched distributions during pretraining, fine-tuning, and deployment. This
mismatch can significantly degrade performance [79].

* (C2) Task Heterogeneity: Unlike vision or language data that share common semantics,
SDM tasks vary drastically in transition dynamics, state and action spaces, and objectives,
making unified modeling difficult.

* (C3) Data Quality and Supervision: High-quality, expert-annotated decision data is scarce
and expensive [|3], constraining the scalability of representation learning in real-world SDM
applications.

In response to these challenges, this thesis articulates three desiderata for SDM foundation models:
* (W1) Versatility across task configurations, embodiments, and observation modalities;
* (W2) Efficiency in adapting to new tasks with minimal labeled data (e.g., few-shot learning);

* (W3) Robustness to noisy or imperfect data sources, enabling generalization under inconsistent
supervision.



To this end, my research investigates representation learning for generalist embodied agents, aiming
to build models that scale with diverse embodied data while remaining adaptable to downstream
tasks. Specifically, this thesis focuses on learning compact yet expressive state and action ab-
stractions that capture control-relevant information across varied environments, unified under the
principle of world-model-based latent representation learning.

A world-model-based approach is particularly well suited for this goal because, despite the diversity
of embodiments, sensors, and actuation spaces, all embodied agents share the same underlying
physical laws and interaction dynamics. By learning to model these dynamics rather than task-
specific action policies, a world model can develop a transferable understanding of how actions
influence future states. For example, a suboptimal or failed human demonstration may not directly
teach an effective control strategy, yet it still provides valuable cues about the causal structure of the
environment—why a failure occurred and what sequence of actions led to it. Such understanding
enables the agent to reason about physical cause and effect, forming the foundation for generalization
across tasks, embodiments, and modalities.

Furthermore, this thesis adopts a latent representation perspective on world modeling. Compared
to explicit world models that predict in the raw observation space, such as pixel-level image or
video generation, learning world models in a compact latent space allows the system to focus on
high-level, semantically meaningful dynamics while filtering out irrelevant details such as texture,
lighting, or background noise. This abstraction not only improves sample efficiency and stability but
also leads to representations that are more aligned with the control objectives of embodied agents.
This overarching principle begins with learning latent state representations that capture the predictive
structure of the environment. In Chapter 2, I introduce TACO [179] and its extension, Premier-
TACO [177], which employ temporal contrastive learning objectives to encode control-relevant
dynamics into compact visual embeddings. These representations substantially improve data
efficiency in downstream policy learning and, when used for pretraining, enable embodied agents to
generalize to novel tasks with minimal expert demonstrations.

Building on this idea of future latent prediction, I demonstrate in Chapter 3 that the same principle
can be scaled to large vision-language-action (VLA) foundation models through FLARE [178].
FLARE augments the standard action flowmatching prediction objective with a future latent align-
ment loss, effectively grounding large multimodal models in predictive state dynamics. This
approach achieves state-of-the-art multitask policy learning performance and, notably, enables
learning directly from action-free human videos, bridging the gap between human observation and
robot execution.

The notion of latent prediction further extends naturally from states to actions. In Chapter 4, |
show that similar world-model-based objectives can be leveraged to learn temporally abstracted
action representations, which help reduce the effective planning horizon in complex decision
problems. PRISE [174] discretizes and tokenizes raw robot trajectories to uncover higher-level
temporal structure, inspired by the success of large language models (LLMs) in modeling long-
range dependencies. By shortening the planning horizon, this approach significantly improves the
efficiency and generalization of multitask imitation learning with limited demonstrations.

Beyond these learned latent representations, this thesis also explores how symbolic representa-
tions can complement neural ones in bridging perception and action. In Chapter 5, 1 present
TraceVLA [175], a simple yet powerful visual prompting technique that encodes a robot’s execution
history as a symbolic visual trace. When integrated into modern VLA backbones, this explicit
representation provides a richer spatio-temporal grounding, enhancing the model’s ability to connect



visual perception with executable robot actions. Empirically, TraceVLA achieves more than a 3.5x
improvement over existing VLA baselines on real-robot manipulation tasks and exhibits robust
generalization across embodiments and scenarios.



Chapter 2: Temporal Contrastive Observation Representation Learning

In this chapter, I focus on state representation learning for embodied agent tasks using high-
dimensional inputs, such as pixel-based observations. Learning in these environments is particularly
difficult when rewards are sparse or expert demonstrations are limited. To overcome these chal-
lenges, rather than depending solely on reward modeling or imitation learning, I leverage the rich
dynamics inherent in the sequential decision making data. I propose a simple yet effective method
called the Temporal Action-Driven Contrastive (TACO) objective, which learns meaningful state
representations through contrastive learning. Although TACO achieves strong performance, it
requires large batch sizes due to an inefficient negative sampling strategy. This becomes a major
challenge when scaling up the approach for pretraining general visual representations. To over-
come this challenge, I introduce Premier-TACO, which builds on TACO to enable a more efficient
representation pretraining without relying on large batches of negative samples.

2.0.1 Introduction

Developing reinforcement learning (RL) agents that can perform complex continuous control tasks
from high-dimensional observations, such as pixels, has been a longstanding challenge. A central
aspect of this challenge lies in addressing the sample inefficiency problem in visual RL. Despite
significant progress in recent years [/6, 77, , , 43, 42, 45, 46, 49, ], there remains a
considerable gap in sample efficiency between RL with physical state-based features and those with
pixel inputs. This disparity is particularly pronounced in complex tasks; thus tackling it is crucial
for advancing visual RL algorithms and enabling their practical application in real-world scenarios.
State representation learning has become an essential aspect of
RL research, aiming to improve sample efficiency and enhance Deepmind Control Suite 1M

.. . . (9 Challenging Tasks)
agent performance. Initial advancements like CURL [76] uti-
lized a self-supervised contrastive InfoNCE objective [141] for
state representation, yet it overlooks the temporal dynamics
of the environment. Subsequent works, including CPC [53],
ST-DIM [6], and ATC [131], made progress to rectify this by
integrating temporal elements into the contrastive loss, link-
ing pairs of observations with short temporal intervals. The
objective here was to develop a state representation capable of
effectively predicting future observations. A more comprehen-
sive approach was taken by DRIML [94], which incorporated Figure 2.1: Comparison of average
the first action of the action sequence into the temporal con- episode reward across nine challeng-
trastive learning framework. However, these methods, while ing tasks in Deepmind Control Suite
innovative, have their shortcomings. The positive relations in after one million environment steps.

Average Episode Reward

Model-free Model-based



their contrastive loss designs are often policy-dependent, potentially leading to instability during
policy updates throughout the training process. Consequently, they lack the theoretical foundation
needed to capture all information representing the optimal policy. Furthermore, these methods ex-
cept for CURL and ATC typically focus on environments such as Atari games with well-represented,
abstract discrete action spaces, thereby overlooking the importance of action representation in con-
tinuous control tasks [5, 57]. However, by learning an action representation that groups semantically
similar actions together in the latent action space, the agent can better generalize its knowledge
across various state-action pairs, enhancing the sample efficiency of RL algorithms. Therefore,
learning both state and action representations is crucial for enabling the agent to more effectively
reason about its actions’ long-term outcomes for continuous control tasks.

I introduce Temporal Action-driven COntrastive Learning (TACO) as a promising approach to
visual continuous control tasks. TACO simultaneously learns a state and action representation by
optimizing the mutual information between representations of current states paired with action
sequences and representations of the corresponding future states. By optimizing the mutual in-
formation between state and action representations, TACO can be theoretically shown to capture
the essential information to represent the optimal value function. In contrast to approaches such
as DeepMDP [39] and SPR [122], which directly model the latent environment dynamics, our
method transforms the representation learning objective into a self-supervised InfoNCE objective.
This leads to more stable optimization and requires minimal hyperparameter tuning efforts. Conse-
quently, TACO yields expressive and concise state-action representations that are better suited for
high-dimensional continuous control tasks.

I demonstrate the effectiveness of representation learning by TACO through extensive experiments
on the DeepMind Control Suite (DMC) in both online and offline RL settings. TACO is a flexible
plug-and-play module that could be combined with any existing RL algorithm. In the online RL
setting, combined with the strong baseline DrQ-v2[157], TACO significantly outperforms the
SOTA model-free visual RL algorithms, and it even surpasses the strongest model-based visual
RL baselines such as Dreamer-v3 [46]. As shown in Figure 2.1, across nine challenging visual
continuous control tasks from DMC, TACO achieves a 40% performance boost after one million
environment interaction steps on average. For offline RL, TACO can be combined with existing
strong offline RL methods to further improve performance. When combined with TD3+BC [36] and
CQL [75], TACO outperforms the strongest baselines across offline datasets with varying quality.
I list our contributions as follows:

1. Ipresent TACO, a simple yet effective temporal contrastive learning framework that simulta-
neously learns state and action representations.

2. The framework of TACO is flexible and could be integrated into both online and offline visual
RL algorithms with minimal changes to the architecture and hyperparameter tuning efforts.

3. I theoretically show that the objectives of TACO is sufficient to capture the essential informa-
tion in state and action representation for control.

4. Empirically, I show that TACO outperforms prior state-of-the-art model-free RL by 1.4x on
nine challenging tasks in Deepmind Control Suite. Applying TACO to offline RL with SOTA
algorithms also achieves significant performance gain in 4 selected challenging tasks with
pre-collected offline datasets of various quality.



2.1 Preliminaries

2.1.1 Visual reinforcement learning

Let # = (S, o, ,%,Y) be a Markov Decision Process (MDP). Here, .7 is the state space, and
</ is the action space. The state transition kernel is denoted by & : . x &7 — A(.¥), where A(.¥)
is a distribution over the state space. Z : .¥ x &/ — R is the reward function. The objective of the
Reinforcement Learning (RL) algorithm is the identification of an optimal policy 7% : . — A(.«/)
that maximizes the expected value E[Y.7> , ¥ r:]. Additionally, I can define the optimal Q function
as follows: Q*(s,a) = Ex<[Y;2 Y r(st,ar)|so = s,a0 = a], such that the relationship between the
optimal Q function and optimal policy is 7(s) = argmax, Q*(s,a). In in the domain of visual RL,
high-dimensional image data are given as state observations, so the simultaneous learning of both
representation and control policy becomes the main challenge. This challenge is exacerbated when
the environment interactions are limited and the reward signal is sparse.

2.1.2 Contrastive learning and the InfoNCE objective

Contrastive Learning, a representation learning approach, imposes similarity constraints on rep-
resentations, grouping similar/positive pairs and distancing dissimilar/negative ones within the
representation space. Contrastive learning objective is often formulated through InfoNCE loss [ 14 1]
to maximize the mutual information between representations of positive pairs by training a classifier.
In particular, let X,Y be two random variables. Given an instance x ~ p(x), and a corresponding
positive sample y© ~ p(y|x) as well as a collection of ¥ = {y1,...,yy—_1} of N — 1 random samples
from the marginal distribution p(y), the InfoNCE loss is defined as

+
Sy = E,[1og ) ] @2.1)
ZerU{y*} f<x>y>
o . : p(y}x)
Optimizing this loss will result in f(x,y) o< ) and one can show that InfoNCE loss upper
Yy

bounds the mutual information, £y > log(N) — . (X,Y).

2.2 Temporal contrastive learning objectives and practical implementation

In the following, I present the learning objectives of TACO. The guiding principle of our method is to
learn state and action representations that capture the essential information about the environment’s
dynamics sufficient for learning the optimal policy. This allows the agent to develop a concise and
expressive understanding of both its current state and the potential effects of its actions, thereby
enhancing sample efficiency and generalization capabilities.

Let S;, A, be the state and action variables at timestep ¢, Z, = ¢(S;), U; = w(A,) be their corre-
sponding representations. Then, our method aims to maximize the mutual information between
representations of current states paired with action sequences and representations of the correspond-
Heréutkire states: fixed hyperpé]fﬁm‘ae?feﬁr(t%&ﬁr;e{gicgm -b&{izﬁtli& practice, I estimate the 16%&
bound of the mutual information by the InfoNCE loss.
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Figure 2.2: A demonstration of TACO temporal contrastive loss: Given a batch of state-action transition
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(Zt(i), [ut(i) yeees ”1(2 k1)) and zt(fa x into the shared contrastive embedding space. Finally, I learn to predict the
correct pairings between (z;, [uy, ..., us+x—1]) and z;4x using an InfoNCE loss.

. Then I apply two different projection layers to map

Next, provide a detailed description of the practical implementation of taco. In Figure 2.2, I
illustrate the architecture design of TACO. Our approach minimally adapts a base RL algorithm
by incorporating the temporal contrastive loss as an auxiliary loss during the batch update process.
Specifically, given a batch of state and action sequence transitions {(st(i), [a,(i), ...,at(,i)_l],s[(f)) f[: |
(t' =t +K), I optimize:

(i) T yrp. (0)
8 Wh/
J1aco(9, v, W,Go, Hp) ———Zlog —— (2.3)
(l) Wh(])
lgl‘ t

Here let zt(i) =¢ (st(i)), ut(i) = y/(a,(i)) be state and action embeddings respectively. g,(i) =Gy (z,(i) ) u,(i), ey

and ht(l) = Hy (zt(,l)), where Gg and Hy denote two learnable projection layers that map the latent
state z,(i) as well as latent state and action sequence (z,(i),u,(i) ;- ,ut(,.) ,) to a common contrastive
embedding space. W is a learnable parameter providing a similarity measure between g; and /; in
the shared contrastive embedding space. Subsequently, both state and action representations are
fed into the agent’s Q network, allowing the agent to effectively reason about the long-term effects
of their actions and better leverage their past experience through state-action abstractions.

In addition to the main TACO objective, in our practical implementation, I find that the inclusion of
two auxiliary objectives yields further enhancement in the algorithm’s overall performance. The
first is the CURL [76] loss:

O Ty ()T
nY Wh
HcurL(9,¥,W,Hy) ———Zlog D 24)
hzl Whtl +Zj;£ihzl Whtj

N+ + +
Here, ht(’) = Hy (q)(sl@ )), where sl@ is the augmented view of sl@ by applying the same random
shift augmentation as DrQ-v2 [157]. W and Hy share the same weight as the ones in TACO
objective. The third objective is reward prediction:
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Here () = ’j/;tl r&l) is the sum of reward from timestep ¢ to t — 1, and Ry is a reward prediction
layer. For our final objective, I combine the three losses together with equal weight. As verified
in Section 2.3.1, although TACO serves as the central objective that drives notable performance
improvements, the inclusion of both CURL and reward prediction loss can further improve the
algorithm’s performance.

I have opted to use DrQ-v2 [157] for the backbone algorithm of TACO, although in principle,
TACO could be incorporated into any visual RL algorithms. TACO extends DrQ-v2 with minimal
additional hyperparameter tuning. The only additional hyperparameter is the selection of the
prediction horizon K. Throughout our experiments, I have limited our choice of K to either 1 or 3,

depending on the nature of the environment.

2.3 Experiments and results

This section provides an overview of our empirical evaluation, conducted in both online and offline
RL settings. To evaluate our approach under online RL, I apply TACO to a set of nine challenging
visual continuous control tasks from Deepmind Control Suite (DMC) [135]. Meanwhile, for offline
RL, I combine TACO with existing offline RL methods and test the performance on four DMC
tasks, using three pre-collected datasets that differ in the quality of their data collection policies.

2.3.1 Comparison between TACO and strong baselines in online RL tasks

Environment Settings: In our online RL experiment, I first evaluate the performance of TACO on
nine challenging visual continuous control tasks from Deepmind Control Suite [135]: Quadruped
Run, Quadruped Walk, Hopper Hop, Reacher Hard, Walker Run, Acrobot Swingup, Cheetah Run,
Finger Turn Hard, and Reach Duplo. These tasks demand the agent to acquire and exhibit complex
motor skills and present challenges such as delayed and sparse reward. As a result, these tasks have
not been fully mastered by previous visual RL algorithms, and require the agent to learn an effective
policy that balances exploration and exploitation while coping with the challenges presented by the
tasks.

In addition to Deepmind Control Suite, I also present the results of TACO on additional six chal-
lenging robotic manipulation tasks from Meta-world [164]: Hammer, Assembly, Disassemble, Stick
Pull, Pick Place Wall, Hand Insert. Unlike the DeepMind Control Suite, which primarily concen-
trates on locomotion tasks, Meta-world domain provides tasks that involve complex manipulation
and interaction tasks. This sets it apart by representing a different set of challenges, emphasizing
precision and control in fine motor tasks rather than broader locomotion skills.

Baselines: I compare TACO with four model-free visual RL algorithms CURL [76], DrQ [158],
DrQ-v2 [157], and A-LIX [20]. A-LIX builds on DrQ-v2 by adding adaptive regularization to the
encoder’s gradients. While TACO could also extend A-LIX, our reproduction of results from its
open-source implementation does not consistently surpass DrQ-v2. As such, I do not choose A-LIX
as the backbone algorithm for TACO. Additionally, I compare with two state-of-the-art model-based
RL algorithms for visual continuous control, Dreamer-v3 [46] and TDMPC [49], which learn world
models in latent space and select actions using either model-predictive control or a learned policy.
TACO achieves a significantly better sample efficiency and performance compared with SOTA
visual RL algorithm. The efficacy of TACO is evident from the findings presented in Figure 2.3
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Figure 2.3: (Deepmind Control Suite) Performance of TACO against two strongest model-free visual
RL baselines. Results of DrQ-v2 and A-LIX are reproduced from their open-source implementations, and
all results are averaged over 6 random seeds.

Table 2.1: Episode reward of TACO and SOTA visual RL algorithms on the image-based DMControl 1M
benchmark. Results are averaged over 6 random seeds. Within the table, entries shaded represent the best
performance of model-free algorithms, while text in bold signifies the highest performance across all baseline
algorithms, including model-based algorithms.

Model-free Model-based
Environment (1M Steps) TACO DrQv2 A-LIX DrQ CURL ‘ Dreamer-v3 TDMPC
Quadruped Run 541+38 407+21 454+42 1794+18 181+14 331+42 397 +37
Hopper Hop 261 4+52 189435 225413 192+41 152434 369 +21 195+18
Walker Run 637+11 5174+43 617+12 451+£73 387424 765+ 32 600 £+ 28
Quadruped Walk 793+8 680+£52 560£175 120+17 123+11 353 +27 435+ 16
Cheetah Run 821+48 691+42 676+41 474+£32 657£35 728 +£32 565161

Finger Turn Hard 63275 220+£21 62+54 91+9 215417 81058  400£113
Acrobot Swingup 241+21 128+8 112+£23 2448 5£1 21012 224 £20
Reacher Hard 883+£63 57251 51016 471£45 400£29 499 £51 485+31
Reach Duplo 234+£21 206£32 199+14 36+7 8+1 119+30 117+£12

(DMC) , Table 2.1 (DMC), and Figure 2.4 (Meta-world). In contrast to preceding model-free
visual RL algorithms, TACO exhibits considerably improved sample efficiency. For example,
on the challenging Reacher Hard task, TACO achieves optimal performance in just 0.75 million
environment steps, whereas DrQ-v2 requires approximately 1.5 million steps. When trained with
only 1 million environment steps, TACO on average achieves 40% better performance, and it is
even better than the model-based visual RL algorithms Dreamer-v3 and TDMPC on 6 out of 9 tasks.
In addition, on more demanding tasks such as Quadruped Run, Hopper Hop, Walker Run, and
Cheetah Run, TACO continues to outshine competitors, exhibiting superior overall performance
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Figure 2.4: (Meta-world) Performance of TACO against DrQ-v2 and A-LIX. All results are averaged over
6 random seeds.

after two or three million steps, as illustrated in Figure 2.3. For robotic manipulation tasks, as shown
in Figure 2.4, TACO also significantly outperform the baseline model-free visual RL algorithms,
highlighting the broad applicability of TACO.

Concurrently learning state and action representation is

crucial for the success of TACO. To demonstrate the effec- o I [

TACO w/o action representation

tiveness of action representation learning in TACO, I evaluate Drav2

its performance on a subset of 4 difficult benchmark tasks and

compare it with a baseline method without action representa- ] [ ] } I
tion, as shown in Figure 2.5. The empirical results underscore L

the efficacy of the temporal contrastive learning objectives, |

even in the absence of action representation. For instance, jucEu k Hipemop -
TACO records an enhancement of 18% on Quadruped Run and

a substantial 51% on Reacher Hard, while the remaining tasks
showcase a performance comparable to DrQ-v2. Furthermore,
when comparing against TACO without action representation,
TACO achieves a consistent performance gain, ranging from 12.2% on Quadruped Run to a signifi-
cant 70.4% on Hopper Hop. These results not only emphasize the inherent value of the temporal
contrastive learning objective in TACQO, but also underscore the instrumental role of high-quality
action representation in bolstering the performance of the underlying RL algorithms.

The effectiveness of our temporal contrastive loss is enhanced with a larger batch size. As is
widely acknowledged in contrastive learning research [25, 51, , 40], our contrastive loss sees
significant benefits from utilizing a larger batch size. In Figure 2.6a, I illustrate the performance of
our algorithms alongside DrQv?2 after one million environment steps on the Quadruped Run task.
As evident from the plot, batch size greatly influences the performance of our algorithm, while
DrQ-v2’s baseline performance remains fairly consistent throughout training. In order to strike a
balance between time efficiency and performance, I opt for a batch size of 1024, which is 4 times
larger than the 256 batch size employed in DrQ-v2, but 4 times smaller than the 4096 which is
commonly used in the contrastive learning literature [25, 51, 40].

Episode Reward

Figure 2.5: 1M Performance of
TACO with and without action rep-
resentation
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Figure 2.6: TACO with different batch sizes and with different component of its learning objectives removed

Reward prediction and CURL loss serves an auxiliary role to further improve the performance
of TACO, while the temporal contrastive loss of TACO is the most crucial component. In the
practical deployment of TACO, two additional objectives, namely reward prediction and CURL loss,
are incorporated to enhance the algorithm’s performance. In Figure 2.6b, I remove one objective
at a time on the Quadruped Run task to assess its individual impact on the performance after one
million environment steps. As illustrated in the figure, the omission of TACO’ temporal contrastive
objective results in the most significant performance drop, emphasizing its critical role in the
algorithm’s operation. Meanwhile, the auxiliary reward prediction and CURL objectives, although
secondary, contribute to performance improvement to some degree.

InfoNCE-based temporal action-driven contrastive objective in TACO outperforms other
representation learning objectives including SPR [124], ATC [131], and DRIML [94]. In
Table 2.2, I have showcased a comparison between our approach and other visual RL representation
learning objectives such as SPR, ATC, and DRIML. Given that SPR and DRIML were not initially
designed for continuous control tasks, I have re-implemented their learning objectives using the
identical backbone algorithm, DrQ-v2. A similar approach was taken for ATC, with their learning
objectives also being reimplemented on DrQ-v2 to ensure a fair comparison. (Without the DrQ-v2
backbone algorithm, the performance reproduced by their original implementation is significantly
worse.) Furthermore, recognizing the significance of learning action encoding, as discussed earlier,
I have integrated action representation learning into all these baselines. Therefore, the model
architecture remains consistent across different representation learning objectives, with the sole
difference being the design of the temporal contrastive loss. For DRIML, given that only the first
action of the action sequence is considered in the temporal contrastive loss, TACO and DRIML
differ when the number of steps K is greater than one. Thus, I indicate N/A for tasks where I choose
K =1 for TACO.

Table 2.2: Comparison with other objectives including SPR [122], ATC [131], and DRIML [94]

Environment TACO SPR ATC DRIML | DrQ-v2

Quadruped Run  541+38 448+79 432+54 N/A 407 +£21
Walker Run 637+21 56071 5024171 N/A 517£43
Hopper Hop 26152 154+£10 1124+98 21613 | 192+41
Reacher Hard  883+£63 711+92 863+£12 835+£72 | 572+£51

Acrobot Swingup 241+21 198+21 206+61 222+£39 |210+£12

Table 2.2 showcases that while previous representation learning objectives have proven benefit
in assisting the agent to surpass the DrQ-v2 baseline by learning a superior representation, our
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approach exhibits consistent superiority over other representation learning objectives in all five
evaluated environments. These results reinforce our claim that TACO is a more effective method for
learning state-action representations, allowing agents to reason more efficiently about the long-term
outcomes of their actions in the environment.

2.3.2 Combining TACO with offline RL algorithms

In this part, I discuss the experimental results of TACO within the context of offline reinforcement
learning, emphasizing the benefits our temporal contrastive state/action representation learning
objective brings to visual offline RL. Offline visual reinforcement learning poses unique challenges,
as algorithms must learn an optimal policy solely from a fixed dataset without further interaction
with the environment. This necessitates that the agent effectively generalizes from limited data
while handling high-dimensional visual inputs. The state/action representation learning objective of
TACO plays a vital role in addressing these challenges by capturing essential information about the
environment’s dynamics, thereby enabling more efficient generalization and improved performance.
TACO can be easily integrated as a plug-and-play module on top of existing strong offline RL
methods, such as TD3+BC [36] and CQL [75].

For evaluation, I select four challenging visual control tasks from DMC: Hopper Hop, Cheetah Run,
Walker Run, and Quadruped Run. For each task, I generate three types of datasets. The medium
dataset consists of trajectories collected by a single policy of medium performance. The precise
definition of “medium performance” is task-dependent but generally represents an intermediate
level of mastery, which is neither too poor nor too proficient. The medium-replay dataset contains
trajectories randomly sampled from the online learning agent’s replay buffer before it reaches
a medium performance level. The full-replay dataset includes trajectories randomly sampled
throughout the online learning phase, from the beginning until convergence. The dataset size for
Walker, Hopper, and Cheetah is 100K, while for the more challenging Quadruped Run task, a larger
dataset size of 500K is used to account for the increased difficulty. I compute the normalized reward
by diving the offline RL reward by the best reward I get during online TACO training.

Table 2.3: Offline Performance (Normalized Reward) for different offline RL. methods. Results are averaged
over 6 random seeds. & captures the standard deviation over seeds.

Task/ Dataset TD3+BC w. TACO TD3+BC \ CQL w. TACO CQL \ DT IQL BC
Hopper Ho Medium 52.4+0.4 51.2+0.8 47.9+0.6 46.7+0.2 | 40.5+£3.6 2.0+1.7 482+0.8
PP P Medium-replay 67.2+0.1 62.9+0.1 74.6 04 68.7+0.1 | 653+1.8 57.6+14 259+3.2
Full-replay 97.6+1.4 83.8+£23 101.2+1.9 942+£2.0|924+£03 47.7£22 657+2.7
Cheetah Run Medium 66.6 0.5 66.1+0.3 70.1+04 66.7+£1.7 | 643£0.7 1.7£1.1 629+0.1
Medium-replay 62.6+0.2 61.1£0.1 72.3+1.2 673+£1.1 | 67.0£0.6 265+32 48.0+3.1
Full-replay 92.5+2.4 91.2+0.8 86.9+24 65.0+39 | 89.6+14 14.6+3.7 69.0£0.3
Walker Run Medium 49.2+0.5 48.0+0.2 49.6+1.0 494409 | 473£03 44+£04 462+0.6
Medium-replay 63.1+£0.6 62.3+£0.2 62.3+2.6 599+09 | 61.7£1.1 414428 185£0.8
Full-replay 86.8+0.6 84.0£1.6 88.1+0.1 79.8+£0.6 | 81.6+£0.8 18.1£3.7 30.8+1.8
Quadruped Run Medium 60.6+£0.1 60.0£0.2 58.1+£3.7 559+9.1 | 146+£3.8 08+£0.8 56.2+1.1
P Medium-replay 61.3+0.3 58.1+£0.5 61.9+0.2 61.2+09 | 19.5+22 584+44 51.6+3.3
Full-replay 92.6+0.7 89.3+0.4 92.1+0.1 852+£25|145+1.1 363+£59 57.6+£0.7

Average Normalized Score 71.0 68.2 ‘ 72.1 66.7 ‘ 48.4 25.8 54.9

I compare the performance of TD3+BC and CQL with and without TACO on our benchmark.
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Additionally, I also compare with the decision transformer (DT) [24], a strong model-free offline
RL baseline that casts the problem of RL as conditional sequence modeling, IQL [71], another
commonly used offline RL algorithm, and the behavior cloning (BC) baseline. For TD3+BC, CQL
and IQL, which were originally proposed to solve offline RL with vector inputs, I add the their
learning objective on top of DrQ-v2 to handle image inputs.

Table 2.3 provides the normalized reward for each dataset. The results underscore that when
combined with the strongest baselines TD3+BC and CQL, TACO achieves consistent performance
improvements across all tasks and datasets, setting new state-of-the-art results for offline visual
reinforcement learning. This is true for both the medium dataset collected with a single policy and
narrow data distribution, as well as the medium-replay and replay datasets with a diverse distribution.

2.4 Related work

2.4.1 Contrastive learning in visual reinforcement learning

Contrastive learning has emerged as a powerful technique for learning effective representations
across various domains, particularly in computer vision [141, 25, 51, 53, ]. This success
is attributed to its ability to learn meaningful embeddings by contrasting similar and dissimilar
data samples. In visual reinforcement learning, it’s used as a self-supervised auxiliary task to
improve state representation learning, with InfoNCE [14 1] being a popular learning objective. In
CURL [76], it treats augmented states as positive pairs, but it neglects the temporal dependency of
MDP. CPC [141], ST-DIM [6], and ATC [131] integrate temporal relationships into the contrastive
loss by maximizing mutual information between current state representations (or state histories
encoded by LSTM in CPC) and future state representations. However, they do not consider actions,
making positive relationships in the learning objective policy-dependent. DRIML [94] addresses
this by maximizing mutual information between state-action pairs at the current time step and the
resulting future state, but its objective remains policy-dependent as it only provides the first action
of the action sequence. Besides, ADAT [65] and ACO [169] incorporate actions into contrastive loss
by labeling observations with similar policy action outputs as positive samples, but these methods
do not naturally extend to tasks with non-trivial continuous action spaces. A common downside
of these approaches is the potential for unstable encoder updates due to policy-dependent positive
relations. In contrast, TACO is theoretically sufficient, and it tackles the additional challenge of
continuous control tasks by simultaneously learning state and action representations.

In addition to the InfoNCE objective, other self-supervised learning objective is also proposed.
Approahces such as DeepMDP [39], SPR [122], SGI [124], and EfficientZero [161] direct learn a
latent-space transition model. Notably, these methods predominantly target Atari games charac-
terized by their small, well-represented, and abstract discrete action spaces. When dealing with
continuous control tasks, which often involve a continuous and potentially high-dimensional action
space, the relationships between actions and states become increasingly intricate. This complexity
poses a significant challenge in effectively capturing the underlying dynamics. In contrast, by
framing the latent dynamics model predictions as a self-supervised InfoNCE objective, the mutual
information guided approach used by TACQO is better suited for continuous control task, resulting
in more stable optimization and thus better state and action representations.
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2.4.2 Action representation in reinforcement learning

Although state or observation representations are the main focus of prior research, there also exists
discussion on the benefits and effects of learning action representations. Chandak et al. [2 1] propose
to learn a policy over latent action space and transform the latent actions into actual actions, which
enables generalization over large action sets. Allshire et al. [5] introduce a variational encoder-
decoder model to learn disentangled action representation, improving the sample efficiency of policy
learning. In model-based RL, strategies to achieve more precise and stable model-based planning or
roll-out are essential. To this end, Park et al. [ 104] propose an approach to train an environment
model in the learned latent action space. In addition, action representation also has the potential to
improve multi-task learning [54], where latent actions can be shared and enhance generalization.

2.5 From TACO to Premier-TACO: Better Performance with Smaller Batch Size

Building upon the success of TACO in acquiring latent state representations that encapsulate
individual task dynamics, our goal in the following sections is to learn a generic embodied agent’s
observation representation that effectively captures the intrinsic dynamics spanning a diverse
set of tasks found in offline datasets. Our overarching objective is to ensure that these learned
representations exhibit the versatility to generalize across unseen tasks that share the underlying
dynamic structures.

Nevertheless, when adapted for multitask offline pre-training, the original learning objective
of TACO poses a notable challenge. Specifically, TACO’s mechanism, which utilizes the In-
foNCE [141] loss, categorizes all subsequent states s, in the batch as negative examples. While
this methodology has proven effective in single-task reinforcement learning scenarios, it encounters
difficulties when extended to a multitask context. During multitask offline pretraining, image
observations within a batch can come from different tasks with vastly different visual appearances,
rendering the InfoNCE loss significantly less effective.

Negative Example Positive Example
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Figure 2.7: An illustration of Premier-TACO contrastive loss design. The two ‘State Encoder’s are identical,
as are the two ‘Proj. Layer H’s. One negative example is sampled from the neighbors of framework s, g.

| Proj. Layer H

To deal with this challenge, I propose a straightforward yet highly effective mechanism for selecting
challenging negative examples. Instead of treating all the remaining examples in the batch as
negatives, Premier-TACO selects the negative example from a window centered at state s, within
the same episode as shown in Figure 2.8.
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This approach is both computationally efficient and [ premier-Taco | Taco 3
more statistically powerful due to negative examples | suxcw  Sox  Sekw
which are challenging to distinguish from similar | _c
positive examples forcing the model capture tempo- L) o
ral dynamics differentiating between positive and | \Sample[ 2!
negative examples. In practice, this allows us to use
much smaller batch sizes for Premier-TACQO. On 1 Negative Example |N-1 Negative Examples |

MetaWorld, with only % of the batch size (512 vs. T
4096), Premier-TACO achieves a 25% performance Figure 2.8: Difference between Premier-TACO
gain compared to TACO, saving around 87.5% of and TACO for sampling negative examples.
computational time.

In Figure 2.7, I illustrate the design of Premier-TACO objective. Specifically, given a batch of state

and action sequence transitions {(s,(i), [a,(i), ...,al(ﬂK_l],st(izK) N, let z,(i) = (p(s,(i)), u,(i) = w(a,(i))

—

(i)

be latent state and latent action embeddings respectively. Furthermore, let s, ;- be a negative example
uniformly sampled from the window of size W centered at ;1 x: (S;+K—W, -y St K—15St+-K+15 -5 St+K+W )

with z,(i) = ¢>(s,(i)) a negative latent state.

Given these, define g,(i) =Gy (zt(i),u,(i), - “1(2 K 1) h,(i) = Hy (zt(:z k), and ht(i) = Hy (z,(ﬁ x) as embed-

dings of future predicted and actual latent states. I optimize:

| N ORI
/Premier-TACO(¢> v, G97H9) = _N Z log T tLT . (2-6)
L O o

Few-shot Generalization. After pretraining the representation encoder, I leverage our pretrained
model P to learn policies for downstream tasks. To learn the policy 7 with the state representation
d(s;) as inputs, I use behavior cloning (BC) with a few expert demonstrations. For different control
domains, I employ significantly fewer demonstrations for unseen tasks than what is typically used
in other baselines. This underscores the substantial advantages of Premier-TACO in few-shot
generalization. More details about the experiments on downstream tasks will be provided in
Section 5.4.

2.6 Experiment

In our empirical evaluations, I consider three benchmarks, Deepmind Control Suite [ 136] for loco-
motion control, MetaWorld [163] and LIBERO [85] for robotic manipulation tasks. It is important
to note the varied sources of data employed for pretraining in these benchmarks. For the Deepmind
Control Suite, our pretraining dataset comes from the replay buffers of online reinforcement learn-
ing (RL) agents. In MetaWorld, the dataset is generated through a pre-defined scripted policy. In
LIBERO, I utilize its provided demonstration dataset, which was collected through human teleop-
eration. By evaluating on a wide range of pretraining data types that have been explored in previous
works, I aim to provide a comprehensive evaluation for the pretraining effects of Premier-TACO.
Deepmind Control Suite (DMC) [136]: I consider a selection of 16 challenging tasks from
Deepmind Control Suite. Note that compared with prior works such as [92, ], I consider much
harder tasks, including ones from the humanoid and dog domains, which feature intricate kinematics,
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Figure 2.9: Pretrain and Test Tasks split for Deepmind Control Suite, MetaWorld and Libero. The left figures
are Deepmind Control Suite tasks and the right figures MetaWorld tasks.

Unseen Embodiment

skinning weights and collision geometry. For pretraining, I select six tasks (DMC-6), including
Acrobot Swingup, Finger Turn Hard, Hopper Stand, Walker Run, Humanoid Walk, and Dog Stand. I
generate an exploratory dataset for each task by sampling trajectories generated in exploratory stages
of a DrQ-v2 [157] learning agent. In particular, I sample 1000 trajectories from the online replay
buffer of DrQ-v2 once it reaches the convergence performance. This ensures the diversity of the
pretraining data, but in practice, such a high-quality dataset could be hard to obtain. So, later in the
experiments, I will also relax this assumption and consider pretrained trajectories that are sampled
from uniformly random actions. In terms of the encoder architecture, I pretrain Premier-TACO
with the same shallow ConvNet encoder as in DrQv2 [157].
MetaWorld [163]: I select a set of 10 tasks for pretraining, which encompasses a variety of motion
patterns of the Sawyer robotic arm and interaction with different objects. To collect an exploratory
dataset for pretraining, I execute the scripted policy with Gaussian noise of a standard deviation of
0.3 added to the action. After adding such a noise, the success rate of collected policies on average
is only around 20% across ten pretrained tasks. I use the same encoder network architecture as
DMC.
LIBERO [&5]: I pretrain on 90 short-horizon manipulation tasks (LIBERO-90) with human
demonstration dataset provided by the original paper. For each task, it contains 50 trajectories of
human teleoperated trajectories. I use ResNet18 encoder [52] to encode the image observations of
resolution 128 x 128. For the downstream task, I assess the few-shot imitation learning performance
on the first 8 long-horizon tasks of LIBERO-LONG.
Baselines. I compare Premier-TACO with the following representation pretraining baselines:
> Learn from Scratch: Behavior Cloning with randomly initialized shallow ConvNet encoder. |
carefully implement the behavior cloning from scratch baseline. For DMC and MetaWorld,
following [48], I include the random shift data augmentation into behavior cloning. For LIBERO,
I take the ResNet-T model architecture in [85], which uses a transformer decoder module on top of
the ResNet encoding to extract temporal information from a sequence of observations, addressing
the non-Markovian characteristics inherent in human demonstration.
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DMControl LfS PVRs TD3+4+BC Inv. CURL ATC SPR TACO Premier-TACO

Finger 34.8+3.4 38.4+9.3 68.8+£7.1 33.44+8.4 35.1+£9.6 51.1£9.4 5594+6.2 284+£9.7 752+0.6
Spin
Seen Hopper 8.0+1.3 232449 49.1+£4.3 483+£5.2 28.7+5.2 349+£39 523+7.8 21.4+3.4 753+4.6
Hop
Walker 30.4+2.9 32.6£8.7 65.8+2.0 64.4+5.6 37.3£7.9 44.6+5.0 729+£1.5 30.6£6.1 88.0+£0.8
Walk
Humanoid 15.14+1.3 30.1+7.5 34.9£8.5 41.94+8.4 19.4+2.8 35.1£3.1 30.1+£6.2 29.1£8.1 51.4+49
Walk
Dog Trot 52.7+3.5 73.5+6.4 82.3+4.4 853+£2.1 71.9+£2.2 843+0.5 799+3.8 80.1+£4.1 939+54

Cup Catch 56.8£5.6 93.7+1.8 97.1£1.7 96.7+2.6 96.7£2.6 96.24+1.4 96.9+3.1 88.7+3.2 98.9+0.1

Reacher 34.6+4.1 64.9+5.8 59.6+£9.9 61.74+4.6 50.4+4.6 56.9+9.8 62.5+7.8 58.3+6.4 81.3+1.8
Unseen Hard

Cheetah 25.14+2.9 39.5+9.7 509+2.6 51.54+5.5 36.84+5.4 30.1+1.0 40.2+9.6 23.2+3.3 65.7+1.1

Run
Quadruped 61.1£5.7 63.2+4.0 76.6 7.4 82.4+6.7 72.8+8.9 81.9+5.6 65.6+£4.0 63.94+9.3 83.2+t57
Walk
Quadruped 45.0+£2.9 64.0+2.4 48.2+52 52.1+£1.8 55.1+5.4 2.6+3.6 68.2+3.2 50.8+5.7 76.8+t7.5
Run
Mean 38.2 52.3 63.3 61.7 50.4 52.7 62.4 47.5 79.0

Table 2.4: Few-shot BC performance on DMC. Premier-TACO outperforms baselines on 10 unseen tasks.
Bold = best.

LIBERO: 5-shot Behavior Cloning (Unseen Tasks)
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Figure 2.10: [(W1) Versatility (W2) Efficiency] Mean success rate of 5-shot imitation learning for 8 unseen
tasks in LIBERO. Results are aggregated over 4 random seeds. Bold numbers indicate the best results.

> Policy Pretraining: 1 first train a multitask policy by TD3+BC [36] on the pretraining dataset.
While numerous alternative offline RL algorithms exist, I choose TD3+BC as a representative
due to its simplicity and great empirical performance. For LIBERO, I use Multitask BC since
offline RL in generally does not perform well on the imitation learning benchmark with human
demonstrated dataset. After pretraining, I take the pretrained ConvNet encoder and drop the policy
MLP layers.

> Pretrained Visual Representations (PVRs): I evaluate the state-of-the-art frozen pretrained visual
representations including PVR [103], MVP [152], R3M [96] and VC-1 [92], and report the best
performance of these PVRs models for each task.
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MetaWorld LfS PVRs TD3+BC Inv. CURL ATC SPR TACO  Premier-TACO

Bin Picking 62.5£12.5 60.2+4.3 50.6+3.7 55.0+79 456+£5.6 55.6+7.8 67.9+64 67.3+75 785+72
Disassemble 56.34+6.5 70.4£8.9 56.9+11.5 53.8+8.1 662483 456+9.8 48.8+54 51.3+10.8 86.7+8.9
Hand Insert 34.7+7.5 355423 462+£52 50.0+3.5 494+76 512+£13 524+52 56.8+4.2 75.0+£7.1
Peg Insert  28.7+£2.0 48.2+3.6 30.0+6.1 33.1+6.2 28.1+£3.7 31.84+4.8 39.2+74 36.3+4.5 62.7+4.7

Side

Pick Out Of 53.74+6.7 66.3+7.2 469+7.4 50.6+5.1 43.1£6.2 544485 553+6.8 52.9+7.3 72.7+73
Hole

Pick Place 40.5+4.5 63.2+9.8 63.84+124 71.3+11.3 73.8£11.9 68.7£5.5 72.3+7.5 37.8£8.5 80.2+8.2
Wall

Shelf Place 26.34+4.1 324+6.5 45.0+£7.7 36.9+6.7 35.0£10.8 35.64+10.7 38.0£6.5 25.8+5.0 70.4+8.1
Stick Pull  46.3+7.2 5244£5.6 7234+11.9 57.5+£9.5 43.1+15.2 72.5£89 68.5+9.4 52.0£10.5 80.0+8.1

Mean 43.6 53.6 51.5 51.0 48.3 51.9 55.3 47.5 75.8

Table 2.5: Five-shot Behavior Cloning (BC) performance on 8 unseen MetaWorld tasks. Results averaged
over 4 seeds. Bold = best.

>> Inverse Dynamics Model: I pretrain an inverse dynamics model to predict actions and use the
pretrained representation for downstream task.

o> Contrastive/Self-supervised Learning Objectives: CURL [76], ATC [131], SPR [122, ]. CURL
and ATC are two approaches that apply contrastive learning into sequential decision making
problem:s.

While CURL treats augmented states as positive pairs, it neglects the temporal dependency of
MDP. In comparison, ATC takes the temporal structure into consideration. The positive example
of ATC is an augmented view of a temporally nearby state. SPR applies BYOL objecive [40] into
sequential decision making problems by pretraining state representations that are self-predictive
of future states.
Pretrained feature representation by Premier-TACO facilitates effective few-shot adaptation to
unseen tasks. [ measure the performance of pretrained visual representation for few-shot imitation
learning of unseen downstream tasks in both DMC and MetaWorld. In particular, for DMC, I use
20 expert trajectories for imitation learning except for the two hardest tasks, Humanoid Walk and
Dog Trot, for which I use 100 trajectories instead. Note that I only use % of the number of expert
trajectories used in [92] and 1—10 of those used in [132].

Agent Reward

I record the performance of the agent by calculating the ratio of where Expert

Expert Reward’
Reward is the episode reward of the expert policy used to collect demonstration trajectories. For

MetaWorld and LIBERO, I use S expert trajectories for all downstream tasks, and I use task
success rate as the performance metric. In Table 2.4 Table 2.5, and Figure 4.8 I present the
results for Deepmind Control Suite, MetaWorld, and LIBERO, respectively. As shown here,
pretrained representation of Premier-TACO significantly improves the few-shot imitation learning
performance compared with learning from Scratch, with a 101 % improvement on Deepmind Control
Suite and 74% improvement on MetaWorld, respectively. Moreover, it also outperforms all the
baselines across all tasks by a large margin. In LIBERO, consistent with what is observed in [85],
existing pretraining methods on large-scale multitask offline dataset fail to enhance downstream
policy learning performance. In particular, methods like multitask pretraining actually degrade
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downstream policy learning performance. In contrast, using ResNet-18 encoders pretrained by
Premier-TACO significantly boosts few-shot imitation learning performance by a substantial
margin.

Premier-TACO pre-trained representation enables knowledge sharing across different em-
bodiments. Ideally, a resilient and generalizable state feature representation ought not only to
encapsulate universally applicable features for a given embodiment across a variety of tasks, but also
to exhibit the capability to generalize across distinct embodiments. Here, I evaluate the few-shot
behavior cloning performance of Premier-TACO pre-trained encoder from DMC-6 on four tasks
featuring unseen embodiments: Cup Catch, Cheetah Run, and Quadruped Walk. In comparison
to learn from scratch, as shown in Figure 2.11 (left), Premier-TACO pre-trained representation
realizes an 82% performance gain, demonstrating the robust generalizability of our pre-trained
feature representations.

Unseen embodiments Unseen views (with unseen task)

(Deepmind Control Suite) Few-shot Adaptation to Unseen Embodiments (MetaWorld) Few-shot Adaptation to Unseen Tasks

View 1
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Premier-TACO Pretrained
80% I I

40% :I: I

100%1 —

g ]
$ X
—
H
H
=
-
-

Task Success Rate

Agent-Expert Reward Ratio
IS
o
=

N
S)
X

20% L

0% " Cup Catch  Reacher Hard  Cheetah Run Quadruped Walk Quadruped Run Disassemble  Peg-Insert-Side  Shelf-Place Stick-Pull

Figure 2.11: [(W1) Versatility] (Left) DMC: Generalization of Premier-TACO pre-trained visual represen-
tation to unseen embodiments. (Right) MetaWorld: Few-shot adaptation to unseen tasks from an unseen
camera view

Premier-TACO Pretrained Representation is also generalizable to unseen tasks with camera
views. Beyond generalizing to unseen embodiments, an ideal robust visual representation should
possess the capacity to adapt to unfamiliar tasks under novel camera views. In Figure 2.11 (right),
I evaluate the five-shot learning performance of our model on four previously unseen tasks in
MetaWorld with a new view. In particular, during pretraining, the data from MetaWorld are
generated using the same view as employed in [49, ]. Then for downstream policy learning,
the agent is given five expert trajectories under a different corner camera view, as depicted in the
figure. Notably, Premier-TACO also achieves a substantial performance enhancement, thereby
underscoring the robust generalizability of our pretrained visual representation.

Premier-TACO Pre-trained Representation is resilient to low-quality data. I evaluate the
resilience of Premier-TACO by employing randomly collected trajectory data from Deepmind
Control Suite for pretraining and compare it with Premier-TACO representations pretrained using
an exploratory dataset and the learn-from-scratch approach. As illustrated in Figure 2.12, across
all downstream tasks, even when using randomly pretrained data, the Premier-TACO pretrained
model still maintains a significant advantage over learning-from-scratch. When compared with
representations pretrained using exploratory data, there are only small disparities in a few individual
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Impact of Pretrained Dataset Quality
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Figure 2.12: [(W3) Robustness] Premier-TACO pretrained with exploratory dataset vs. Premier-TACO
pretrained with randomly collected dataset

tasks, while they remain comparable in most other tasks. This strongly indicates the robustness of
Premier-TACO to low-quality data. Even without the use of expert control data, our method is
capable of extracting valuable information.
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Figure 2.13: [(W4) Compatibility] Finetune R3M [96], a generalized Pretrained Visual Encoder with
Premier-TACO learning objective vs. R3M with in-domain finetuning in Deepmind Control Suite and
MetaWorld.

Pretrained visual encoder finetuning with Premier-TACO. In addition to evaluating our pre-
trained representations across various downstream scenarios, I also conducted fine-tuning on
pretrained visual representations using in-domain control trajectories following Premier-TACO
framework. Importantly, our findings deviate from the observations made in prior works like [48]
and [92], where fine-tuning of R3M [96] on in-domain demonstration data using the task-centric
behavior cloning objective, resulted in performance degradation. I speculate that two main factors
contribute to this phenomenon. First, a domain gap exists between out-of-domain pretraining data
and in-domain fine-tuning data. Second, fine-tuning with few-shot learning can lead to overfitting
for large pretrained models.

To further validate the effectiveness of our Premier-TACO approach, I compared the results of
R3M with no fine-tuning, in-domain fine-tuning [48], and fine-tuning using our method on selected
Deepmind Control Suite and MetaWorld pretraining tasks. Figure 2.13 unequivocally demonstrate
that direct fine-tuning on in-domain tasks leads to a performance decline across multiple tasks.
However, leveraging the Premier-TACO learning objective for fine-tuning substantially enhances
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the performance of R3M. This not only underscores the role of our method in bridging the domain
gap and capturing essential control features but also highlights its robust generalization capabilities.
Furthermore, these findings strongly suggest that our Premier-TACO approach is highly adaptable
to a wide range of multi-task pretraining scenarios, irrespective of the model’s size or the size of the
pretrained data.
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Figure 2.14: [(W1) Versatility] (Left) Premier-TACO vs. TACO on 10 Deepmind Control Suite Tasks
across different batch sizes. (Right) Averaged performance of Premier-TACO on 10 Deepmind Control
Suite Tasks across different window sizes

Ablation Study - Batch Size: Compared with TACO, the negative example sampling strategy em-
ployed in Premier-TACO allows us to sample harder negative examples within the same episode as
the positive example. This implies the promising potential to significantly improve the performance
of existing pretrained models across diverse domains. I expect Premier-TACO to work much better
with small batch sizes, compared with TACO where the negative examples from a given batch could
be coming from various tasks and thus the batch size required would scale up linearly with the
number of pretraining tasks. In ours previous experimental results, Premier-TACO is pretrained
with a batch size of 4096, a standard batch size used in contrastive learning literature. Here, to em-
pirically verify the effects of different choices of the pretraining batch size, I train Premier-TACO
and TACO with different batch sizes and compare their few-shot imitation learning performance.
Figure 2.14 (left) displays the average performance of few-shot imitation learning across all ten
tasks in the DeepMind Control Suite. As depicted in the figure, our model significantly outperform
TACO across all batch sizes tested in the experiments, and exhibits performance saturation beyond
a batch size of 4096. This observation substantiate that the negative example sampling strategy
employed by Premier-TACO is indeed the key for the success of multitask offline pretraining.
Ablation Study - Window Size: In Premier-TACO, the window size W determines the hardness of
the negative example. A smaller window size results in negative examples that are more challenging
to distinguish from positive examples, though they may become excessively difficult to differentiate
in the latent space. Conversely, a larger window size makes distinguishing relatively straightforward,
thereby mitigating the impacts of negative sampling. In preceding experiments, a consistent window
size of 5 was applied across all trials on both the DeepMind Control Suite and MetaWorld. Here
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in Figure 2.14 (right) I empirically evaluate the effects of varying window sizes on the average
performance of our model across ten DeepMind Control Tasks. Notably, our observations reveal
that performance is comparable when the window size is set to 3, 5, or 7, whereas excessively small
(W =1) or large (W = 9) window sizes lead to worse performance.

2.7 Supplemental Materials: Additional Details and Experiments

2.7.1 Effects of the choice of prediction horizon K

TACO functions as a versatile add-on to current online and offline RL algorithms, requiring only
the prediction horizon K as an additional hyperparameter. In our investigations, I select K as either
1 or 3 across all tasks. The performance of TACO with K values of 1 and 3 is compared against the
DrQ-v2 baselines in Figure 2.15. As illustrated in the figure, TACO outperforms the baseline DrQ-
v2 for both K = 1 and 3, indicating the effectiveness of the temporal contrastive loss in concurrent
state and action representation learning. In comparing K = 1 to K = 3, I observe that a longer
prediction horizon (K = 3) yields superior results for four out of nine tasks, specifically Hopper Hop,
Quadruped Walk, Acrobot Swingup, and Reacher Hard. Conversely, for the Quadruped Run and
Walker Run tasks, a shorter temporal contrastive loss interval (K = 1) proves more beneficial. For
the remaining tasks, the choice between K = 1 and K = 3 appears to have no discernable impact.

DrQ-v2
TACO (K=1)
TACO (K=3)

5 @ ®
15 3 3
3 3 3

Episode Reward

N
S
3

Hopper Hop  Quadruped Walk Finger Turn Hard Acrobot Swingup Reacher Hard Reach Duplo  Quadruped Run Walker Run Cheetah Run

Figure 2.15: 1M Performance of TACO with step size K =1 and K = 3.

Our speculation hinges on the rate of changes in the
agent’s observations. While TACO applies regardless
of the prediction horizon K, a shorter horizon (such as
K = 1) can offer a somewhat shortsighted perspective.
This becomes less beneficial in continuous control tasks
where state transitions within brief time intervals are neg-
ligible. Therefore, in environments exhibiting abrupt state
transitions, a larger K would be advantageous, whereas
a smaller K would suffice for environments with gradual Action Repeat=1Action Repeat=2 _Action Repeat4
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per environmental step. Consequently, a larger action repeat size induces more pronounced observa-
tional changes. In our prior experiments, following the settings of DrQ-v2, I fixed the size of the
action repeat to be 2. In this experiment, I alter the size of the action repeat for Hopper Hop to be 1,
2, and 4.

For each action repeat size, I then compare the 1M performance of TACO with the prediction
horizon K selected from the set {1,3,5}. Interestingly, as demonstrated in Figure 2.16, the optimal
K values for different action repeats are reversed: 5 for an action repeat of 1, 3 for an action repeat
of 2, and 1 for an action repeat of 4. This observation further substantiates our assertion that the
optimal choice of prediction horizon correlates with the rate of change in environmental dynamics.

2.7.2 Time-efficiency of TACO

In this section, I compare the time efficiency of different visual RL algorithms. In Table 2.6, I
present a comprehensive comparison of the speed of these algorithms, measured in frames per
second (FPS). Additionally, I also provide FPS for TACO with different batch sizes in Table 2.7 as
a reference. To ensure a fair comparison, all the algorithms are tested on Nvidia A100 GPUs.

As mentioned in subsection 2.3.1, the InfoNCE objective in TACO requires a large batch size of
1024, which is 4 times larger than the batch size used in DrQ-v2. Consequently, this increases the
processing time, making our method to run about 3.6 times slower than DrQ-v2, with similar time
efficiency as DrQ. Therefore, the primary limitation of our method is this time inefficiency caused
by the usage of large batch sizes. Potential solutions to improve the time efficiency could involve
the implementation of a distributed version of our method to speed up training. I intend to explore
these improvements in future work related to our paper.

Table 2.6: Frames per second (FPS) for visual RL algorithms. B stands for batch size used in their original
implementations.

TACO (B:1024) | DrQv2 (B:256) | A-LIX (B:256) | DrQ (B:512) | CURL (B:512) | Dreamer-v3 (B:256) | TDMPC (B:256)
35 \ 130 \ 98 \ 33 \ 20 \ 31 \ 22

Table 2.7: Frames per second (FPS) for TACO with different batch size

TACO (B:1024) | TACO (B:512) | TACO (B:256)
35 | 65 | 94

2.7.3 Experiment Details

In this section, I describe the implementation details of TACO for the online RL experiments. I
implement TACO on top of the released open-source implementation of DrQ-v2, where I interleave
the update of TACO objective with the original actor and critic update of DrQ-v2. Below I
demonstrate the pseudo-code of the new update function.

### Extract feature representation for state and actions.

> def update(batch):
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obs, action_sequence, reward, next_obs = batch

### Update Agent’s critic function

update_critic(obs, action_sequence, reward, next_obs)
### Update the agent’s value function

update_actor (obs)

### Update TACO 1loss

update_taco (obs, action_sequence, reward, next_obs)

Listing 2.1: Pytorch-like pseudo-code how TACO is incorporated into the update function of existing visual

RL algorithms.

Next, I demonstrate the pseudo-code of how TACO objective is computed with pytorch-like
pseudocode.

# state_encoder: State/0Observation Encoder (CNN)

# action_encoder: Action Encoder (MLP with 1-hidden layer)

# sequence_encoder: Action Sequence encoder (Linear Layer)

# reward_predictor: Reward Prediction Layer (MLP with 1-hidden layer)
# G: Projection Layer I (MLP with 1-hidden layer)

# H: Projection Layer II (MLP with 1-hidden layer)

# aug: Data Augmentation Function (Radnom Shift)

# W Matrix for computing similarity score

def compute_taco_objective(obs, action_sequence, reward, next_obs):

### Compute feature representation for both state and actions.

z = state_encoder (aug(obs))

z_anchor = state_encoder (aug(obs), stop_grad=True)

next_z = state_encoder (aug(next_obs), stop_grad=True)
u_seq = sequence_encoder (action_encoder (action_sequence))
### Project to joint contrastive embedding space

x = G(torch.cat([z, u_seql, dim=-1))

y = H(next_z)

### Compute bilinear product x~TWy
### Diagonal entries of x~"TWy correspond to positive pairs
logits = torch.matmul(x, torch.matmul(W, y.T))

logits = logits - torch.max(logits, 1)
labels = torch.arange(n)
taco_loss = cross_entropy_loss(logits, labels)

### Compute CURL 1loss
x = H(z)
y = H(z_anchor) .detach()

logits = torch.matmul(x, torch.matmul(W, y.T))

logits = logits - torch.max(logits, 1)
labels = torch.arange(n)
curl_loss = cross_entropy_loss(logits, labels)

### Reward Prediction Loss
reward_pred = reward_predictor(z, u_seq)
reward_loss = torch.mse_loss(reward_pred, reward)

return taco_loss + curl_loss + reward_loss

Listing 2.2: Pytorch-like pseudo-code for how TACO objective is computed
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Then when I compute the Q values for both actor and critic updates, 1 use the trained state and
action encoder. Same as what is used in DrQ-v2, I use 1024 for the hidden dimension of all the
encoder layers and 50 for the feature dimension of state representation. For action representation, I
choose the dimensionality of the action encoding, which corresponds to the output size of the action
encoding layer, as [1.25 x |.<7|]. In practice, I find this works well as it effectively extracts relevant
control information from the raw action space while minimizing the inclusion of irrelevant control
information in the representation. See subsection 2.7.4 for an additional experiment on testing the
robustness of TACQO against the dimensionality of action representation.

2.7.4 Sensitivity of TACO to action representation dimensionality: an additional
experiment

In all of our previous experiments, I use [1.25 x |.<7|] as the
latent dimensions of the action space for TACO. In practice,
I find this works well so that it retains the rich information of
the raw actions while being able to group semantically simi-
lar actions together. To test the algorithm’s sensitivity to this
hyperparameter, I conduct an experiment on the Quadruped
Run task, which has a 12-dimensional action space. In Fig- ®  Dimensionsity of Adion Representation
ure 2.17, I show the 1M performance of TACO with different
choices of latent action dimensions. Notably, I observe that
as long as the dimensionality of the action space is neither
too small (6-dimensional), which could limit the ability of
latent actions to capture sufficient information from the raw
actions, nor too large (24-dimensional), which might introduce
excessive control-irrelevant information, the performance of
TACO remains robust to the choice of action representation
dimensionality.

Performance

Figure 2.17: 1M Performance of
TACO with different dimensionality
of latent action representations on
Quadruped Run (|.«7|= 12). Error bar
represents standard deviation across 8
random seeds.

2.7.5 Sensitivity of TACO vs. DrQ-v2 to random seeds

In this section, I conduct a comprehensive analysis of the algorithm’s robustness under random seed,
comparing the performance of our proposed method, TACO, with the baseline algorithm, DrQ-v2,
across multiple seeds on nine distinct tasks shown in Figure 2.3. Our aim is to gain insights into
the stability and robustness of both algorithms under varying random seeds, providing valuable
information to assess their reliability.

Remarkably, Figure 2.18 demonstrates the impressive robustness of TACO compared to DrQ-v2.
TACO consistently demonstrates smaller performance variations across different seeds, outperform-
ing the baseline on almost every task. In contrast, runs of DrQ-v2 frequently encounter broken
seeds. These results provide strong evidence that TACO not only improves average performance but
also significantly enhances the robustness of the training process, making it more resilient against
failure cases. This enhanced robustness is crucial for real-world applications, where stability and
consistency are essential for successful deployment.
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Figure 2.18: Robustness analysis of TACO vs. DrQ-v2 across multiple (6) random seeds

2.8 Additional Experiments Results of Premier-TACO

Comparisons among R3M [96], R3M with in-domain finetuning [48] and R3M finetuned with
Premier-TACO in Deepmind Control Suite and MetaWorld are presented in Figure 2.20 and 2.19.

MetaWorld: Finetune Pretrained Visual Encoder

100%
R3M R3M w. Finetuning R3M w. Premier-TACO Finetuning

i I !

I " i
A III Cal : e
20% 1 I I

Bin-Picking Disassemble Hand-Insert Peg-Insert-Side  Pick-Out-Of-Hole  Pick-Place-Wall Shelf-Place Stick-Pull

€

Task Success Rate

Figure 2.19: [(W4) Compatibility] Finetune R3M [96], a generalized Pretrained Visual Encoder with
Premier-TACO learning objective vs. R3M with in-domain finetuning in Deepmind Control Suite and

MetaWorld.

2.8.1 Implementation Details of Premier-TACO

Dataset For six pretraining tasks of Deepmind Control Suite, I train visual RL agents for individual
tasks with DrQ-v2 [ 157] until convergence, and I store all the historical interaction steps in a separate
buffer. Then, I sample 200 trajectories from the buffer for all tasks except for Humanoid Stand and
Dog Walk. Since these two tasks are significantly harder, I use 1000 pretraining trajectories instead.
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Figure 2.20: [(W4) Compatibility] Finetune R3M [96], a generalized Pretrained Visual Encoder with
Premier-TACO learning objective vs. R3M with in-domain finetuning in Deepmind Control Suite and
MetaWorld.

Each episode in Deepmind Control Suite consists of 500 time steps. In terms of the randomly
collected dataset, I sample trajectories by taking actions with each dimension independently sampled
from a uniform distribution % (—1.,1.). For MetaWorld, I collect 1000 trajectories for each task,
where each episode consists of 200 time steps. I add a Gaussian noise of standard deviation 0.3
to the provided scripted policy. For LIBERO, I take the human demonstration dataset from [85],
which contains 50 demosntration trajectories per task.
Pretraining For the shallow convolutional network used in Deepmind Control Suite and MetaWorld,
I follow the same architecture as in [157] and add a layer normalization on top of the output of
the ConvNet encoder. I set the feature dimension of the ConNet encoder to be 100. In total, this
encoder has around 3.95 million parameters.
class Encoder (nn.Module) :

def __init__(self):

super () . __init__Q)
self .repr_dim = 32 * 35 *x 35

self.convnet = nn.Sequential (nn.Conv2d (84, 32, 3, stride=2),

nn.RelLU(), nn.Conv2d (32, 32, 3, stride=1),
nn.RelLU(), nn.Conv2d (32, 32, 3, stride=1),
nn.ReLU(), nn.Conv2d (32, 32, 3, stride=1),
nn.ReLU(Q))

self .trunk = nn.Sequential (nn.Linear (self.repr_dim, feature_dim),

nn.LayerNorm(feature_dim), nn.Tanh())

def forward(self, obs):
obs = obs / 255.0 - 0.5
h = self.convnet(obs).view(h.shape[0], -1)
return self.trunk(h)

Listing 2.3: Shallow Convolutional Network Architecture Used in Premier-TACO

For LIBERO, I use two randomly initialized (or pretrained) ResNet-18 encoders to encode the
third-person view and first-person view images with FiLM [108] encoding method to incorporate
the BERT embedding [32] of the task language instruction. During downstream behavior cloning,
I apply a transformer decoder module with context length 10 on top of the ResNet encodings to
extract the temporal information, and then attach a two-layer MLP with hidden size 1024 as the
policy head. The architecture follows ResNet-T in [85].
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For Premier-TACO loss, the number of timesteps K is set to be 3 throughout the experiments,
and the window size W is fixed to be 5. Action Encoder is a two-layer MLP with input size
being the action space dimensionality, hidden size being 64, and output size being the same as
the dimensionality of action space. The projection layer G is a two-layer MLP with input size
being feature dimension plus the number of timesteps times the dimensionality of the action space.
Its hidden size is 1024. In terms of the projection layer H, it is also a two-layer MLP with input
and output size both being the feature dimension and hidden size being 1024. Throughout the
experiments, | set the batch size to be 4096 and the learning rate to be 1e-4. For the contrastive/self-
supervised based baselines, CURL, ATC, and SPR, I use the same batch size of 4096 as Premier-
TACO. For Multitask TD3+BC and Inverse dynamics modeling baselines, I use a batch size of
1024.

Imitation Learning A batch size of 128 and a learning rate of 1e-4 are used for Deepmind Control
Suite and Metaworld, and a batch size of 64 is used for LIBERO. During behavior cloning, I finetune
the Shallow ConvNet Encoder. However, when I applied Premier-TACO for the large pre-trained
ResNet/ViT encoder models, I keep the model weights frozen.

In total, I take 100,000 gradient steps and conduct evaluations for every 1000 steps. For evaluations
within the DeepMind Control Suite, I utilize the trained policy to execute 20 episodes, subsequently
recording the mean episode reward. In the case of MetaWorld and LIBERO, I execute 40 episodes
and document the success rate of the trained policy. I report the average of the highest three episode
rewards/success rates from the 100 evaluated checkpoints.

Computational Resources For our experiments, I use 8 NVIDIA RTX A6000 with PyTorch
Distributed DataParallel for pretraining visual representations, and I use NVIDIA RTX2080Ti for
downstream imitation learning on Deepmind Control Suite and Metaworld, and RTX A5000 on
LIBERO.

2.8.2 Task instructions of downstream LIBERO tasks

Here in table 2.8, I provide the language instruction for each of the LIBERO downstream task. I
refer readers to [85] for more details of the tasks.

Task ID TASK SCENE TASK INSTRUCTION

0 LIVING ROOM SCENE2 PUT BOTH THE ALPHABET SOUP AND THE TOMATO SAUCE IN THE BASKET

1 LIVING ROOM SCENE2 PUT BOTH THE CREAM CHEESE BOX AND THE BUTTER IN THE BASKET

2 KITCHEN SCENE3 TURN ON THE STOVE AND PUT THE MOKA POT ON IT

3 KITCHEN SCENE4 PUT THE BLACK BOWL IN THE BOTTOM DRAWER OF THE CABINET AND CLOSE IT

4 LIVING ROOM SCENE5 PUT THE WHITE MUG ON THE LEFT PLATE AND PUT THE YELLOW AND WHITE MUG ON THE RIGHT PLATE
5 STUDY SCENEI PICK UP THE BOOK AND PLACE IT IN THE BACK COMPARTMENT OF THE CADDY

6 LIVING ROOM SCENE6  PUT THE WHITE MUG ON THE PLATE AND PUT THE CHOCOLATE PUDDING TO THE RIGHT OF THE PLATE
7 LIVING ROOM SCENEL PUT BOTH THE ALPHABET SOUP AND THE CREAM CHEESE BOX IN THE BASKET

Table 2.8: Language instructions for 8 LIBERO downstream tasks.
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Chapter 3: FLARE: Future Latent Representation Alignment

In Chapter 2, I demonstrated that temporal contrastive learning with TACO and Premier-TACO
objectives enable significant sample-efficient policy learning by capturing control-relevant dynamics
in a compact latent space. Building on this principle, the current chapter presents FLARE, which
extends the same principle to large-scale vision-language-action (VLA) models. In particular, I show
that the concept of future latent prediction, which proved effective for compact state representations,
can also be applied to these large VLA models to improve policy learning. This approach maintains
the efficiency benefits of latent prediction while leveraging the rich multimodal understanding of
pretrained VLA architectures.

3.1 Introduction

Human cognitive processes involve sophisticated predictive capabilities that operate largely im-
plicitly. Consider a common action such as reaching for a coffee mug on a cluttered desk: without
thinking about it, human brains could predict how the hand will move, what obstacles it might en-
counter, and how the mug will feel when grasped. This capacity to construct internal representations
of future states, a form of world modeling, is fundamental to efficient human motor control and
decision-making.

Several recent works [150, 22, 81, , , 54] have explored jointly learning world models
and policies by generating future visual frames in parallel with actions. While intuitive, this
approach faces notable practical and conceptual challenges. High-fidelity visual prediction typically
requires large-scale generative models, introducing significant computational overhead and latency.
Moreover, optimizing simultaneously for pixel-level reconstruction and action prediction places
competing demands on model capacity: visual generation emphasizes detailed spatial fidelity
and texture synthesis, whereas action modeling benefits from compact, abstract, task-relevant
representations, often leading to diluted learning efficiency. In this work, I show that a surprisingly
simple and flexible recipe, fully compatible with existing VLA architectures, can surpass prior VLA
policy learning methods by a substantial margin.

I introduce Future LAtent REpresentation Alignment (FLARE), a lightweight yet highly effective
extension to diffusion or flow-matching policies that introduces latent-space world modeling via
a future alignment objective, eliminating the need for full-frame reconstruction. At its core, FLARE
predicts a compact representation of the robot’s future observation from the hidden states of the
action denoising network. FLARE operates in two key stages. First, I pretrain a compact, action-
aware observation embedding model. While general-purpose embedding models could be used
for the target future embeddings, I find that an action-aware embedding explicitly optimized for
downstream control tasks offers superior performance and efficiency due to its compactness and
task alignment. Next, I co-train the diffusion transformer by introducing a minimal set of additional
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Figure 3.1: Comparison of FLARE to a conventional flow-matching (or diffusion) policy. FLARE can train
using both action flow-matching and future latent alignment objectives, leading to improved performance as
well as enabling learning from video-only data such as human ego-view demonstrations.

tokens, which are optimized to predict the future observation embeddings. This approach requires
minimal modifications to existing VLA architectures [ 12, 98], making it broadly applicable and easy
to deploy. Despite its simplicity, FLARE achieves state-of-the-art performance across two multitask
imitation-learning benchmarks spanning single-arm and humanoid tabletop manipulation. Notably,
when trained on diverse cross-embodiment robot data, our action-aware embedding model gener-
alizes effectively to unseen embodiment and tasks. With just 100 trajectories per task collected on
a real GR1 humanoid posttrained from our pretrained action-aware observation embedding model,
the FLARE policy achieves a 95% success rate in real-world evaluations. Finally, FLARE enables
learning from action-free data sources, such as human videos. By leveraging GoPro-collected
human egocentric video demonstrations and only a single real robot demonstration per object,
FLARE successfully learns novel grasping strategies, highlighting its potential for scalable robot
learning from less structured data sources.

3.2 Background

In this work, following 7y and GROOT N1 [12, 98], I adopt flow-matching [$4] as the learning
objective for fitting actions from human demonstrations. Let o, denote the robot’s observation,
which includes image inputs (potentially from multiple views) and a language instruction; let ¢; be
the robot’s proprioceptive state; and let A; = (ay, . ..,a,;+p) be an action chunk drawn from expert
demonstrations. I define ¢; = VL(o,) as the vision-language embedding of the observation.

Given the VL embedding ¢, an action chunk A,, a flow-matching timestep 7 € [0, 1], and sampled
noise € ~ .47(0,I), I construct the noised action chunk as:

Al =1A+ (1 —1)e.
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Figure 3.2: FLARE architecture. State and action token embeddings are concatenated into a sequence with
learnable future token embeddings. The flow matching DiT blocks perform self-attention on this sequence,
and cross-attention to the current vision and text observation embeddings. At a middle layer, the activations
corresponding to the future token embeddings are used to compute a future latent alignment loss, which is
the cosine similarity with vision-language embeddings from a future observation.

Then the model prediction Vg (¢, A}, g;) is trained to approximate the denoising direction € — Ay, by
minimizing the following flow-matching loss:

ﬁm(e) =E; [”VB((Pt,Af;C]t) — (& —At)H2] . 3.1

I sample the timestep 7 from the distribution p(7) = Beta (**;1.5,1) with s = 0.999 as in [12].
At inference time, I generate action chunks via K-step denoising. I first sample an initial chunk
AY ~ _#(0,1), and then apply forward Euler integration to iteratively refine it:

1
AT = A7+ Vo (047 q1).
Following GROOT N1 [98], I set K = 4 throughout all of our experiments, and I use the same
Diffusion Transformer (DiT) architecture [107] for Vy with alternating cross-attention and self-
attention layers to condition on the robot’s vision language embedding ¢;.

3.3 Method

3.3.1 Latent World Modeling through Future Latent Representation Alignment

To enable the latent representation within the DiT blocks to predict future latent states, I add M
learnable future token embeddings to the input sequence, such that the sequence contains three
components: (1) the current proprioceptive state g; encoded via a state encoder, (2) noised action
chunk AT = {ta, + (1 — 7)e}* encoded by an action encoder, and (3) a set of M learnable future
tokens. Next, I slice out the intermediate DiT representations corresponding to the M future tokens
at an internal layer L, project those features using an MLP, and finally align these with the frozen
vision-language embeddings of the future observation ¢,y (see Figure 3.2).
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Our approach is similar to how Representation Alignment (REPA) [162] is applied to improve text-
to-image diffusion models, but with several important differences arising from the setting of latent
world modeling. First, I align a DiT policy with future embeddings, rather than embeddings of the
current observation. Second, our architecture adds learnable future tokens, so that the flow matching
and alignment proceed along separate streams within the DiT, which interact via self-attention.

In this way, I encourage the DiT modules to internally reason about the future latent state while
maintaining their action prediction capability through action flow-matching. Letting B indicate
batch dimension and D indicate embedding dimension, I can write the latent alignment objective as

%lign(e) = _ET [Cos(fe(q)lvA;‘c?qt)vg((pt-l—H))] (32)

where fy — REXM*D outputs the DiT activations for the M future tokens at layer L, and g —
RB*M*D is the encoder of the future observation ¢ . The overall loss function is

L = L+ ALutign (3.3)

Empirically, I found A = 0.2 worked the best in our experiments. I refer the readers to Section 3.4.4
for a detailed analysis of this choice.

3.3.2 Action-aware Future Embedding Model

While our future latent alignment framework is broadly compatible with various embedding models,
I find that incorporating an action-aware future embedding yields further improvements in both
performance and efficiency. To this end, I propose a compact vision-language embedding of the
robot’s current observation, explicitly optimized for policy learning. The design objective is twofold:
achieving compactness while ensuring action-awareness.

Specifically, I leverage both the vision and text encoders from SigLIP-2 [140] to encode the robot’s
image observations and text instructions. The encoded tokens are then fused using four layers
of self-attention transformer blocks to capture cross-modal dependencies. Subsequently, I apply
a Q-former [80] module to compress the fused sequence into M = 32 learnable query tokens,
producing a compact, fixed-size representation that naturally generalizes to multi-camera inputs.
To ensure action-awareness, I train the vision language embedding end-to-end with the regular
action flow-matching objective to predict the robot’s actions by attaching 8 DiT blocks. In this
way, all task-relevant information is guaranteed to be captured within the latent token embeddings.

To pretrain the embedding model, I leverage a diverse mix- ‘tmwemeon g
PLEX (OXE) /

ture of cross-embodiment robot datasets, comprising both simu-  wweoa - .

Real GR1 Humanoid
In-house dataset

lated and real-world humanoid tabletop manipulation data from HQ::ZZSXXEL;

GROOT N1 [98] and seven additional datasets from Open X- St
Embodiment [29], totaling approximately 2,000 hours of robotic
data. Following pretraining, I posttrain the downstream policy
jointly with the latent world model and the action prediction ob-
jective across downstream domains and tasks. Specifically, for Figure 3.3: Data mixture of pre-
posttraining, I initialize the downstream policy’s encoder with trained action-aware vision lan-
the pretrained embedding model, while also using the pretrained guage embedding model

Droid (OXE)

24 Simulation GR1 Tasks
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embedding model to define the prediction targets for future latent

representations. To mitigate distribution shifts between pretraining and downstream visual obser-
vations, rather than keeping the embedding model entirely frozen, I adopt an exponential moving
average (EMA) update with respect to the policy’s encoder. This strategy allows the embedding
model to gradually adapt in tandem with the evolving vision and language encoders during policy
fine-tuning. Empirically, I find that an EMA update rate of 0.995 performs the best. I refer the
readers to Section 3.4.4 for a detailed analysis of this choice.

3.4 Experiments

3.4.1 Multitask Benchmark Performance

In this section, I evaluate our latent world model on two multitask benchmarks that cover both
single-arm manipulation and bimanual humanoid tabletop manipulation tasks. For the single-arm
manipulation benchmark, I adopt RoboCasa [97], consisting of 24 atomic tasks in a simulated
kitchen environment, including pick-and-place, door manipulation, faucet operation, and more.
Robot’s observations include three RGB images captured from cameras mounted on the left, right,
and wrist of the robot. Next, I incorporate 24 GR-1 tabletop simulation tasks from GROOT N1 [98],

RoboCasa (24 tasks w/ Panda Arm)

Close Doors Turn Off Stove Pick and Place Setup Mug Turn On Microwave

Humanoid Tabletop Manipulation (24 tasks w/ GR1)

,? Qﬁo

Bottle To Cablnet Bread To Pan Cup To Drawer Cupcake To Box Potato To Shelf

Figure 3.4: Multitask Simulation Benchmarks: I use 24 RoboCasa [97] and 24 GR-1 tabletop manipulation
tasks as a multitask simulation benchmark suite in this chapter.

which emphasize dexterous hand control with the GR-1 humanoid robot. This suite includes 18 ob-
ject rearrangement tasks—picking up and placing objects between source and target containers—and
6 tasks involving interaction with articulated objects such as cabinets, drawers, and microwaves. Ob-
servation consists of a single RGB image from an egocentric camera positioned on the robot’s head.
To ensure a fair comparison between our method and the baseline, for experiments in this section,
I do not use the pretrained embedding model mentioned in Section 3.3.2. Instead, I pretrain the
embedding model exclusively on the same in-domain multitask dataset for 80,000 gradient steps,
ensuring that any performance gains cannot be attributed to pretraining data with the embedding
model. In particular, I include the following baselines for the experimental results:

1. Diffusion Policy [28]: Diffusion Policy models action distributions via a diffusion-based gen-
erative process, rather than using flow matching. It uses a U-Net architecture that progressively
denoises random noise to generate the final action.
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Methods FLARE Policy UWM GROOT N1  Diffusion

Only (Scratch) Policy
Pick and Place 53.2% 43.8% 35.6% 44.1% 29.2%
Open & Close Doors / Drawers 88.8% 78.7% 82.0% 80.0% 78.7%
Others 80.0% 75.2% 74.2% 69.6% 61.3%
24 RoboCasa Tasks Average 70.1% 61.9% 60.8% 60.6% 51.7%
Pick and Place Tasks 56.2% 42.9% 26.5% 45.9% 37.8%
Articulated Tasks 51.3% 47.4% 38.4% 42.8% 50.1%
24 GR1 Tasks Average 55.0% 44.0% 29.5% 45.1% 40.9%

Table 3.1: Task Success Rate Breakdown for Multitask Policy on RoboCasa and GR1 Tabletop Manipulation

2. UWM [182]: T select UWM as the main baseline for methods that jointly learn video and
action prediction objectives. UWM predicts image VAE latents and actions jointly with a
diffusion objective.

3. GROOT N1 (Scratch) [98]: Since GROOT N1 is pretrained on a much broader data mixture, I
ensure a fair comparison by using the same architecture but initializing the DiT layers from
scratch, while only loading the pretrained Eagle VLM [83] model weights.

4. FLARE with Policy Only Objective: I use the exact same model architecture as FLARE, as
mentioned in Section 3.3.2, but train it solely with the policy learning objective.

All methods are trained for 80,000 gradient steps on the multitask robot dataset, except for UWM. I
noticed that UWM performance is still improving at the end of 80k gradient steps, and thus I extend
its training to 400k steps—five times the training budget allocated to the other methods. Following
GROOT N1 [98], I evaluate each model checkpoint for 50 episodes per task every 1000 gradient
steps, and report the maximum success rate over the final five checkpoints for each method.

As shown in Table 3.1, I draw two key observations. First, FLARE consistently outperforms all
baseline methods, including both the policy-only baselines and UWM. This highlights the strength
of our compact, action-aware latent world modeling objective in enabling more effective policy
learning. Additionally, in our experiments, I also observe that FLARE with the policy-only objective,
trained for 160k gradient steps, achieves only 44.1% success rate, resulting in no performance
difference compared with 80k gradient steps. Thus, the improved results cannot simply be attributed
to more training steps with FLARE. Second, even when trained with only the policy objective,
FLARE still achieves performance on par with GROOT N1 initialized from scratch, despite GROOT
N1 using a larger VLM backbone. This result underscores the quality of our Q-former-based
vision-language embedding model in capturing action-relevant information.

3.4.2 Data-efficient Post-training with Cross-embodiment Pretrained Embedding
Model

While the latent world model demonstrates substantial performance gains, as shown in the previous
section, it requires training a separate embedding model for each domain. In this section, I
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Figure 3.5: Real GR1 Tasks Setup: I evaluate four tabletop manipulation tasks on a real GR1 humanoid
robot.
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Figure 3.6: (Left): Post-training results on 24 RoboCasa tasks. (Right): Post-training results on 4 Real GR1
humanoid tasks.

evaluate FLARE with the pretrained embedding model mentioned in Section 3.3.2 as the future
prediction target, focusing on unseen embodiments and tasks with data-limited posttraining settings.
Specifically, I select 24 RoboCasa arm tasks and 4 real-world GR1 humanoid tabletop manipulation
tasks as the evaluation benchmarks, and post-train the policy jointly with the latent world model
and policy objectives, comparing it against a baseline that is post-trained using only the policy
objective. In particular, for the policy-only baseline, I initialize both the Q-former-based vision
language embedding and the policy’s DiT model weights from the cross-embodiment pretrained
model. For FLARE, I only warm start the vision language embedding model.

For the evaluation protocol, I follow the same procedure described in Section 3.4.1 for the 24
RoboCasa tasks. For the 4 real-world GR-1 tasks shown in Figure 3.5, I define 8 reference initial
frames per task, each involving 4 distinct objects (apple, can, bottled water, cucumber) to manipulate,
and report the success rate of the final policy checkpoint for each method.

As shown in Figure 3.6, across both the 24 RoboCasa simulation tasks and the real-world GR-1
humanoid tasks, FLARE consistently outperforms the policy-only baseline. The improvement is
especially pronounced under limited data conditions, achieving a 10% gain on RoboCasa with 100
trajectories per task for posttraining. Notably, although the pretrained embedding model has never
seen RoboCasa tasks during pretraining, using it as the future embedding achieves comparable
performance with 1000 trajectories to an embedding model trained exclusively on the 24 RoboCasa
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Figure 3.7: Generalizing to unseen objects with human egocentric videos and few-shot real robot demos

arm tasks (71.3% vs. 70.2% as reported in Section 3.4.1).

On the real GR-1 humanoid robot, I achieve a success rate of up to 95.1%, averaging 14% higher
than the baseline method. Qualitatively, I observe that in scenarios where a can or water bottle is
placed close to the robot’s hand, the baseline method trained with only the policy objective often
knocks over the object. In contrast, FLARE policy learns to maneuver around or over the object and
successfully grasp, highlighting the benefits of future latent reasoning enabled by FLARE.

3.4.3 Leveraging Human Egocentric Trajectories without Action Labels

While our previous experiments demonstrate that the proposed future latent alignment objective
significantly enhances policy performance when trained on action-labeled data, I further show that
it can be naturally extended to trajectories without action annotations, such as human egocentric
demonstrations. This setting is particularly attractive, as collecting human demonstrations is
substantially more cost-effective and efficient than teleoperating a robot to execute the same tasks.
To evaluate this, I select five novel objects with distinctive geometries that are absent from the
training dataset, each requiring novel grasping strategies. For instance, the blue tape object is
large and thus requires a top-down grasp by the robot hand. For each object, I collect 150 human
egocentric demonstrations per object by mounting a GoPro on the demonstrator’s head while they
perform similar tasks as the humanoid robot. On the robot side, I collect only 10 teleoperated
demonstrations per object and train the policy using a mixture of these limited demonstrations, our
GR-1 pretraining dataset, and the egocentric human videos.

For real-robot demonstrations with actions, I apply both the action flow-matching loss and the future
alignment objective. In contrast, for the human egocentric videos without action labels, I rely solely
on the future alignment loss to learn the latent dynamics. At evaluation time, I select five initial
poses as reference images for each object and measure the robot’s success rate. Partial credit (0.5)
is given when the robot successfully grasps the object but fails to place it into the basket.

As shown in Figure 3.7, with only 1 teleoperated trajectory per object, FLARE already achieves
up to a 60% success rate on novel objects. When provided with 10 trajectories per object, and
jointly trained with human videos, FLARE further improves to an 80% success rate—roughly
doubling the performance of a baseline trained solely on action-labeled data. These results highlight
that FLARE not only enhances learning from action-labeled demonstrations, but also effectively
leverages unlabeled human demonstrations to improve generalization by capturing latent task
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dynamics.

3.4.4 Ablation Study

Using the Pretrained Siglip2 as Future Embed-
ding model: While leveraging a policy-oriented
future embedding model results in strong pol- No FLARE loss 43.9

Method Success Rate (%)

) . . SigLIP2 49.6
icy performance and enhanced training efficiency, SigLIP2 (Average Pooled) 50.9
I also explore an alternative setting that em- Action-aware Embedding 55.0

ploys pretrained SigL.IP2-Large vision tokens at
timestep ¢ + 16 as prediction targets. Specifically, Table 3.2: Ablation of target embedding models.
I experiment using both raw SigLIP2 vision to-

kens (256 tokens per image) and 2 x2 average-pooled tokens (64 tokens per image). As illustrated
in Table 3.2, our FLARE framework maintains compatibility with diverse teacher encoder models
beyond the policy-oriented embedding model. Although I get the optimal performance with the
embedding model pretrained specifically on the target domain, using a more general-purpose vision
encoder such as SigL.IP2 still yields a significant 7% improvement over baseline methods.
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Figure 3.8: (Left): Ablation of the DiT Layer used in FLARE loss (Left): Ablation of FLARE loss
coefficient.

Index of FLARE Loss Layer and Coefficient of FLARE Loss: A key design decision in FLARE is
selecting the DiT layer at which to apply the future latent alignment loss, and the coefficient A of
FLARE loss. In our main experiments, I apply this objective at layer 6 out of 8 total layers in the
DiT architecture. Applying it at deeper layers allows a larger portion of the model weights to benefit
from the supervision of future latent prediction, but may also lead to conflicts between the action
prediction and future alignment objectives. To evaluate the effect of these two hyperparameters, I
evaluate FLARE on the GR1 simulation benchmark with different layer indexes and coefficients
used for alignment. As shown in Figure 3.8, the model maintains strong performance across a
range of hyperparameter setups. However, I do notice that applying the alignment objective too
early—e.g., at layer 4—Ileads to a notable drop in performance, highlighting the importance of
aligning the future prediction objective with the action denoising process.

Exponential Moving Average (EMA) of Pretrained Action-aware Embedding Model: As
discussed in Section 3.3.2, to address the distribution shift between pretraining and downstream
tasks for our action-aware vision-language target embedding model, I incorporate an exponential
moving average (EMA) update. Specifically, at each gradient step, the target embedding model
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Figure 3.9: Effect of EMA Coefficient p: I report the policy success rate using 24 x 300 training trajectories
across 24 RoboCasa tasks. Baseline is trained without FLARE future alignment loss, i.e., a policy-only
objective.

parameters are updated as follows:
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The EMA update enables the prediction target to adapt slowly in tandem with the evolving policy
encoder, providing stability across training. Here, I evaluate several choices of the EMA coefficient
p € {0.99,0.995,0.999, 1.0}, each using 24 x 300 trajectories to train the FLARE policy. The final
average success rates are reported in Figure 3.9. I find that while all EMA variants outperform
the baseline method without FLARE future latent alignment objective, p = 0.995 yields the best
performance and is used in all experiments. Notably, even with p = 1.0 (i.e., no EMA), FLARE still
surpasses the baseline, whereas p = 0.99 performs the worst, likely due to the instability caused by
frequent target updates.

3.5 Related Work

Generative World Models for Robotics: There has been a rich body of research on world models
for robotics, ranging from model-based control to model-based reinforcement learning [59, 44, 47,
27, 146, 180]. More recently, with advances in image and video generation, several works have
explored the integration of generative modeling into policy learning [150, 22, 34, 182, 81, 35].
One line of work [34, 56] uses image diffusion models with inverse dynamics models to close the
perception-to-action loop. The GR1 and GR2 families introduce end-to-end models that jointly
predict discrete image tokens and actions using a unified next-token prediction objective. Other
approaches [182, 81, 181, 125, 123, 179, 177] instead aim to jointly predict continuous image
latents and actions. For instance, UWM [182] and UVA [&1] jointly denoise VAE latents of future
frames along with robot actions. DINO-WM [181] utilizes DINO features [181] to train a latent
dynamics model for model-based planning.

Our work builds upon recent advances in representation learning, particularly Representation
Alignment [162], which has shown remarkable success in accelerating the convergence of diffusion
transformers for image generation and is key to state-of-the-art flow-matching models like Seedream-
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3.0 [38]. However, our approach differs in two crucial ways: I train a flow-matching policy rather
than an image model, and I align the DiT representation with features from future observations rather
than current ones. In contrast to existing works, FLARE introduces an implicit latent world model
objective that bypasses explicit reconstruction of future frames or latents. This simple design enables
reasoning over a compact, action-aware latent space and avoids the computational burden of high-
fidelity generation, while maintaining compatibility with standard VLA architectures, without requir-
ing major architectural redesign. While DINO-WM focuses on zero-shot planning, FLARE is de-
signed for policy and world model co-training, though planning could be a valuable future extension.
Vision Language Action Models. A growing body of recent work [16, 14, 12, 68, , , 23, 82,
, J5, , ] has focused on developing general-purpose foundational vision-language-action
(VLA) models by fine-tuning vision-language models for downstream robotics tasks. Among these
works, models such as [68, 155, 110, 66] autoregressively predict sequences of discrete action tokens
using the next-token prediction objective. In contrast, methods like [99, 12, 98] leverage diffusion-
based or flow-matching policy heads to bridge pretrained VLMs with continuous action generation.
In this work, inspired by the architecture of GROOT-N1 [98], I adopt a flow-matching policy head
built with diffusion transformer blocks, using interleaved self-attention and cross-attention layers to
condition on the fused vision-language embeddings.
Learning from Egocentric Videos. Several approaches have sought to enhance robot learning
by leveraging human egocentric videos. These efforts extract diverse forms of information, such

as human-object interactions [ 166], object affordances [7, 61, , ], and visual trace trajec-
tories [148, 10]. Other lines of work aim to translate human motions into robotic behaviors using
hand pose estimators [ 145, , , 9, , ] or motion capture systems [156]. In this work,

I show that future latent alignment provides a lightweight and effective alternative that does not
require explicit pose estimators or point tracking tools, maximally reducing the engineering efforts.
A complementary direction focuses on learning latent actions from visual deltas between current
and future frames to guide downstream policy learning [ 160, 18, 26, , , 19]. Unlike latent
actions as intermediate representations, whose correlation with ground-truth actions is unclear,
our action-aware vision-language embedding directly aligns with future observations, resulting
in a simple yet effective framework that naturally captures all the temporal dynamics information
essential for effective policy learning.

3.6 Conclusion

I present Future Latent Representation Alignment (FLARE), a simple yet effective framework for
jointly learning robot policy and latent world dynamics. By aligning the future representations of
the robot’s observations with the hidden states of the action denoising network, FLARE enables
the policy to implicitly reason about future states while predicting actions. This approach leads
to state-of-the-art performance on challenging robotic manipulation benchmarks. Furthermore,
FLARE unlocks co-training with human egocentric video demonstrations that lack action labels,
significantly improving generalization to novel objects with minimal real-robot teleoperation data.
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3.7 Supplementary Material: Additional Details and Experiments

3.7.1 Details of Q-former based Vision Language Embedding Module

Vision Language Embedding Tokens
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Figure 3.10: Q-former based Vision Language Embedding Module for FLARE

I present the architectural details of our compact Q-former-based vision-language embedding
module. Specifically, I adopt siglip2-large-patch16-256 as the backbone for both vision and
language encoders. The SiglLIP2 vision encoder processes 256x256 resolution robot images into
256 patch tokens, while the language encoder encodes padded robot instructions into 32 language
tokens. hese 256 vision tokens and 32 language tokens are concatenated and passed through four
layers of self-attention transformers to yield 288 fused vision-language tokens. To obtain a compact
representation, I apply a Q-former architecture [80], where 32 learnable query tokens—randomly
initialized—interact with the 288 fused tokens through interleaved self-attention and cross-attention
layers, producing 32 compressed vision-language tokens.

3.7.2 Pretraining Data Mixture

Details of pretraining data mixture is presented in Table 3.3.

3.8 Training Details

For the pretraining of action-aware vision language embedding module, I use 256 NVIDIA H100
GPUs with batch size 8192 for 150,000 gradient steps. I use AdamW [87] optimizer with f3; =
0.95,B, =0.999, and € = le-8. A weight decay of le-5 is applied, and the learning rate follows
a cosine scheduling strategy with a warmup ratio of 0.05. Following [12, 98], I sample the
flowmatching denoising timestep from p(7) = Beta(*<*;1.5,1), s = 0.999.
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Table 3.3: Action-Aware Vision Language Embedding Pre-training Dataset Statistics

Dataset Length (Frames) Duration (hr) FPS Camera View Category

GR-1 In-house Dataset 6.4M 88.4 20 Egocentric  Real robot
DROID (OXE) [64] 23.1M 428.3 15 Left, Right, Wrist  Real robot
RT-1 (OXE) [16] 3. M 338.4 3 Egocentric  Real robot
Language Table (OXE) [91] 7.0M 195.7 10 Front-facing Real robot
Bridge-v2 (OXE) [? ] 2.0M 111.1 5 Shoulder, left, right, wrist  Real robot
MUTEX (OXE) [128] 362K 5.0 20 Wrist  Real robot
Plex (OXE) [138] 77K 1.1 20 Wrist Real robot
RoboSet (OXE) [11] 1.4M 78.9 5 Left, Right, Wrist  Real robot
GR-1 Simulation 125.5M 1,742.6 20 Egocentric ~ Simulation
Total 169.5M 2,989.5 - - -

For the multitask experiments of FLARE conducted in Section 3.4.1 and 3.4.2, I use 32 NVIDIA
H100 GPUS with batch size 1024 for 80,000 gradient steps, while keeping the rest of the hyperpa-
rameter setups exactly the same.
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3.8.1 Pseudocode of FLARE

Here I present a Python-style pseudocode of FLARE loss calculation as well as the entire training
loop.

Algorithm 1 Python-style pseudocode for FLARE training

target_vl_embedding: pretrained action-aware vision language embedding
vl_embedding: vision language embedding of the current policy

dit: diffusion transformer of the current policy

action_embedding: 2-layer MLP to embed noisy actions

state_embedding: 2-layer MLP to embed prioprioceptive state
action_decode: 2-layer MLP to decode robot’s actions
embedding_decode: 2-layer MLP to decode predicted embeddings

N: Number of gradient steps

M: Number of tokens in VL

lambda: coefficient of FLARE loss (default is 0.2)

HHEHHEHFEHAE R

### Initialization

future_tokens = nn.Embedding(M, hiddem_dim)
vl_embedding.load_state_dict (vl_embedding.state_dict ())
target_vl_embedding.requires_grad = False

for n in range(N):
obs, proprio, actions, future_obs = dataset.next ()

### Prepare noisy action inputs

noise = gaussian.sample ()

timestep = beta.sample() # sample flowmatching timestep
noisy_action = timestep * actions + (1—timestep) * noise
velocity = actions - noise

### Get state, action, and observation embedding tokens

action_tokens = action_embed(noisy_action, timestep)
state_token = state_embed(state)
vl_tokens = vl_embedding (obs)

### Pass through DiT layers
sa_tokens = torch.concat([state_token, action_tokens, future_tokens], dim=1)
policy_outputs = dit(sa_tokens, vl_tokens)

### Calculate action flowmatching loss
action_outputs = action_decoder (policy_outputs[:, 1:1 + action_tokens.shape[1]])
action_loss = MSE(action_outputs, velocity)

### Calculate FLARE loss
with torch.no_grad():
embedding_to_align = target_vl_embedding(future_obs)
predict_embedding = decode_embedding(policy_outputs([:, -M:])
flare_loss = 1—COSINE_SIMILARITY(predict_embedding, embedding_to_align)

### Optimize the combined loss

loss = action_loss + lambda * flare_loss
optimizer.zero_grad ()

loss.backward ()

optimizer.step ()
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Chapter 4: PRISE: From Latent State Representations to Temporal Action Ab-
stractions

In Chapter 2 and Chapter 3, I demonstrate how the future latent prediction objective, at the core
of world-model-based representation learning, can be used to learn compact and predictive state
abstractions from high-dimensional observations. This objective encourages the model to capture
the underlying dynamics of the environment in latent space, enabling it to reason about how current
states evolve into future outcomes.

Interestingly, the same predictive principle that drives effective state representation learning can also
guide the discovery of meaningful temporal action abstractions. If predicting future latent states
allows an agent to understand how the world changes, then identifying consistent latent transitions
over time provides a principled way to understand what actions cause those changes. In this sense,
the future latent prediction objective offers not only a mechanism for learning world dynamics
but also a foundation for uncovering hierarchical, temporally extended action structure. In this
chapter, I introduce PRISE, a simple yet effective framework that leverages this world-model-based
predictive principle to learn temporal action abstractions directly from offline robotic datasets,
drawing inspiration from the compositional and hierarchical structures captured by large language
models (LLMs).

4.1 Introduction

In PRISE, I posit that, similar to how LLMs use tokens to break down each sentence in natural
language , adapting discrete coding and sequence compression techniques from LLMs could offer
untapped potential for action representation learning for continuous control. Specifically, given a
pretraining dataset of demonstrations from multiple decision tasks over a continuous action space
and a high-dimensional pixel observation space, I consider the problem of learning temporally
extended action primitives, i.e., skills, to improve the downstream learning efficiency of reward-
free imitation learning algorithms, in particular, behavior cloning (BC). I show that embedding
continuous actions into discrete codes and then applying a popular NLP sequence compression
method called Byte Pair Encoding (BPE) [37] to the resulting discrete-code sequences identifies
variable-timespan action primitives with the property I desire. Namely, in downstream tasks, policies
learned by BC using these action primitives consistently perform better, often substantially, than
policies learned by BC directly over the original action space.

PRISE’s main contribution is Primitive Sequence Encoding (PRISE), a novel method for learning
multi-task temporal action abstractions that capitalizes on a novel connection to NLP methodology.
PRISE quantizes the agent’s original continuous action space into discrete codes, converts the
pretraining trajectories into action code sequences, and uses BPE to induce variable-timestep skills.
During BC for downstream tasks, learning policies over these skills and then decoding skills into
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primitive action sequences gives PRISE a significant boost in learning efficiency over strong
baselines such as ACT [168]. I conduct extensive ablation studies to show the effect of various
parameters on PRISE’s performance, which demonstrates that BPE is critical to PRISE’s success.

4.2 Preliminaries

Problem Setting. I consider a set of tasks 7', denoted as {(0, %7, %,87)} 7c » that share the
action space .7, the transition dynamics 2, and the observation space &. The tasks differ only in
their goals g 7. Since I focus on learning visuomotor continuous control policies, I assume .7 is
a finite-dimensional vector space and &' is the image space.

Let Z = Ugco 97 represent a multitask dataset, with each Y containing expert trajectories
specific to task 7. The focus of our work is to leverage the multi-task dataset & to learn a
vocabulary ¥ of skill tokens representing temporally extended low-level policies, which I call skills.
Note that our concept of a skill is different from some others in prior work. Here skill policies can
be thought of as control primitives for behaviors that are common across many tasks, e.g., lowering
a robotic arm’s end-effector to the table-top level or flipping an object the end-effector is holding.
Due to their universality, these primitives can enable efficient few-shot imitation learning (IL) for
unseen tasks. Formally, I define the skill token vocabulary as " = {51, e ,éK} , where each skill
token & is a tuple ( fe,Lg) s.t. if the agent chooses token & at time step ¢, then for the next Lg steps
it will take actions a;x = f¢(0;44,k), 0 < k < L recommended by the token’s skill policy f;.

Vector Quantization. In order to construct the temporal action abstraction skill tokens, our
algorithm PRISE first converts continuous actions into discrete codes. To do so, it uses the
vector quantization module proposed in [142]. This vector quantization module .# maintains a
collection & = {ey,...,ec} of C codes. For any query vector ¢ (in our case, ¢ is a concatenation
of latent state and action, as described in Section 4.3.1), the module maps ¢ to .% (q) = ey, where
ey = argmin, c o||e; — g||. During training, . is optimized with respect to the loss Z[07] =
||stopgrad(q) — ex||2+]||g — stopgrad(ex)||2, where stopgrad(.) stands for stop-gradient. The first
term here brings the code closer to the query vector ¢, and the second term prevents the query vector
from switching between different codes.

Byte Pair Encoding (BPE). After quantizing the action space into codes, PRISE identifies
common code (action) sequences via a technique from the realm of NLP, the method of Byte Pair
Encoding (BPE) [37, ]. In NLP, BPE has emerged as a pivotal technique for managing the vast
and varied vocabulary encountered in textual data. Language models are expected to predict a text
completion based on a text prefix. Doing so naively, by generating the text character-by-character
is problematic, because the notion of a character differs significantly across languages. Instead,
NLP models operate at the language-agnostic level of bytes. However, the high granularity of
byte prediction has its own computational challenges. Therefore, language models models first
find high-frequency byte sequences in the training data, assign fokens to these sequences, learn to
predict the resulting tokens, which then get decoded into text. BPE is the algorithm that handles the
common byte sequence construction problem.

BPE operates by merging the most frequent pairs of bytes, assigning tokens to these pairs, and
iteratively merging new pairs of tokens or bytes. Thereby, it builds up a vocabulary of tokens
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Figure 4.1: (a) Pretraining Stage I of PRISE : The goal is to learn a action quantization module such that
conditioned on the current state and action (o, a,), it could assign a discrete action code. (b) Pretraining Stage
II of PRISE : First it converts a trajectory of continuous state and actions into discrete codes. Then based on
the corpus of quantized trajectories from the multitask offline dataset, PRISE applies BPE (illustrated in
Figure 4.2) to learn vocabulary of skill tokens, where each token represents a sequence of discrete action
code.

that plays a crucial role in modern large language models [101, 17, ]. See Figure 4.2 for a
demonstration. I apply BPE in the same way, but to action codes instead of bytes.

4.3 Algorithm

Figure 4.1 illustrates the key steps of PRISE. At a high level, PRISE first learns a state-dependent
action quantization module (Pretraining I stage). This module processes the pretraining multitask
dataset Z by transforming each of its trajectories — a sequence of (observation, continuous action)
pairs — into a sequence of discrete codes, one code per time step, as shown in Figure 4.1(a). Then,
in Pretraining II stage, PRISE employs the BPE tokenization algorithm to identify commonly
occurring code sequences in the processed dataset &, assigns a token to each of them, and thereby
constructs primitive skills, shown in Figure 4.1(b). Once these primitive skill tokens are discovered,
they can be used to relabel a demonstration dataset and learn via behavior cloning (BC) a policy that
chooses these skill tokens instead of raw actions, as I later show in Section 4.3.2 and Section 4.3.3.
In the rest of the section, I describe PRISE in more detail.

4.3.1 Pretraining

Pretraining I: action quantization. Let ¥ : 07 — 2 be the observation embedding which
embeds a sequence of pixel observations of length T into the latent embedding space 2. In our
implementation, I use the transformer architecture [144] and set z; = 9 (0;,04—1,...,0t—7+1) =
Transformer_block(CNN(oy),,...,CNN(0;—1+1)). Using the multitask dataset 2, I jointly pretrain
the observation embedding ¢ and a state-dependent action quantization module .% : 2 x o/ — &,
where & = {ej,e,...,ec} denotes the set of codes. The set of codes & produced by learning .
depends on the inductive bias of .#’s training procedure. The inductive bias I chose for PRISE
follows the intuition that, given the current latent state, a desirable action code should be predictive
of both the next latent state and of the raw action mapped by . into that action code. A similar
intuition underlies action representation learning in, e.g., [2 1], although that work doesn’t attempt
to simultaneously learn a latent state space.

First, to ensure the action code can predict future states, I train a latent forward transition model
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T ¥ x o — Z. To optimize the forward latent dynamics model while preventing state and
action representation collapse, I adopt a BYOL-like objective inspired from [124], where I minimize

Zuyn|07 9 0.pl(0r1,a1) = —cos (Q(P(T (z,e1))), s8(P(z1+1))) .1

Here, o, 7 = 0;,0/—1,...,0;—7+1 is the observation history, z; = ¥ (0;,0;—1,...,0;—7+1) is the latent
state, e, = .% (stopgrad(z;),a,) is the quantized action code, P is a projection MLP, and Q is a
prediction MLP. In our implementation, P has 2 layers and Q has 1.
Next, to guarantee the raw action can be decoded from the action code and latent state effectively, I
train a latent state-dependent decoder, y, aiming to reconstruct the raw action given latent state z;
and action code ¢,;. In general, I let y be a stochastic mapping v : 2 x & — A(<), where A(.«)
stands for the space of probability distributions over .27 I use a stochastic Gaussian Mixture Model
(GMM) to parameterize the decoded action distribution of y following [93]. This choice has been
found effective in dealing with the inherent multimodality and noise in such human teleoperation
demonstrations.
Then the learning objective becomes to minimize the negative log likelihood of the GMM distribu-
tion:

gact_decode[eﬁ.,g,w] (OZ‘IT7al‘) = %ct(lll(zt;et)aat) = —log llf(at ’ Zl‘7el>' 4.2)

When I know the the pretraining data is collected by a fixed deterministic policy, [ let y: 2 x & —
<7 be a deterministic function that minimizes the L1-loss:

Zact_decode[efigw] (Ot,Tﬂt) = %ct(W(Zlaet);al) = ||W(Zt7el) - at“l- (4.3)

Combining the two objectives, I pretrain the state encoder and action encoder/quantization module
by
3[932,%,Q,P,y/] = gdyn[eﬁ,{?,Q,P] + ﬁgact_decode[eﬁz,%.,ly] (44)

Throughout the experiment, I set § = 1 when v is a deterministic decoder, and f = 0.01 when v is
parametrized by GMM to deal with numerical scale of the likelihood loss.

Pretraining I1: temporal action abstractions via BPE. Figure 4.1(b) illustrates the mechanics of
this stage. After training the action quantizer, I first use the pretrained observation embedding ¢,
action quantizer . to convert the trajectories from pretrainig dataset & into sequences of discrete
quantized action codes, {(e(()’) , e&’), s egl))}lﬂ, where e”) € & for all £,i and H; stands for the length
of episode i. Then, drawing analogy to NLP, I view the sequence of action codes in each trajectory as
a “sentence" and employ the BPE algorithm to create a vocabulary of skill tokens ¥ = {&, ..., &k},
where tokens represent ‘“sentence’/trajectory segments. To do so, I initialize BPE using codes
from & and let BPE construct the vocabulary ¥ by iteratively merging the most frequent pairs of
action codes or action code sequences into a single token. Different resulting tokens & € ¥ may
correspond to skills with different horizons L.

Summary. Overall, the pretraining of PRISE produces observation embedding ¢, action quantizer
# ,and a vocabulary 7 of skill tokens. In the following, I discuss how to use them to learn generalist
multitask policies and achieve efficient downstream adaptation.
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Figure 4.2: An illustration of how Byte Pair Encoding is done in PRISE.

4.3.2 Multitask generalist policy learning.

Once I have learned the skill tokens that capture the common motion patterns shared across various
tasks, I can leverage these skills to learn a multitask generalist policy. I train a high-level skill-token
policy 7 : 2 — A(7) that predicts a skill token based on a latent state. At rollout time, T works as
follows. At timestep 7, suppose 7 predicts a token & after seeing observation o, r and the token
& corresponds to Lg, action codes, without loss of generality, ¢4, 0 < k < Lg. Then for the
subsequent Lg, steps, the agent applies the codes e,1¢, 0 < k < Lg, in their order, and uses the
decoder y : Z x & learned in Pretraining I stage to convert each e, to an action a,; from the
original action space .27 In other words, a; ; ~ W(z;1k,e;1x) foreach ks.t. 0 <k < Le,. After L,
steps, the agent queries 7 again to choose the next sequence of actions. To learn this skill-token

skill—token Policy: skill-token Policy: m

2 toky: 78 (uaaaafffe) tok,:31 (eebbb)

) ;
// Decoder ¥ ’/Decoder P

'
{ a;
1

Figure 4.3: During evaluation time, PRISE rollout its policy by querying the skill-token policy 7 for the
skill token and then using pretrained decoder y to decode actions.

oy

policy 7 from a set of expert demonstration trajectories ¥ = {(0((;) , a(()i), ogl))} lﬂ, I first run the

action quantizer .# and observation encoder ¢ to get the quantized action codes of the trajectories
{(c(()i),c(li) , ...023)},~, as well as latent observation embeddings {(z(()i),z(li), zgl))}, Then for each
timestep ¢ in episode i, I compute the target expert token é,m by greedily searching for the longest
token in the BPE tokenizer’s vocabulary that matches the sequence (c(i) , Y cg ). I then train

1 Cipr e
by minimizing the cross-entropy loss:

Len(n(stopgrad(z,)), &) [65] 4.5)

Note, that as stopgrad implies, I freeze the encoder ¢ .
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Figure 4.4: PRISE tokenizes downstream demonstration trajectories by greedily searching for the longest
token for each time step.

4.3.3 Downstream few-shot adaptation to unseen tasks

In addition to learning a generalist multitask policy 7, I can also use the pretrained skill tokens
to adapt 7 to unseen downstream tasks with a few expert demonstrations. Unlike in the multitask
pretraining setting, during finetuning I need to finetune the decoder y for downstream unseen tasks,
in addition to adapting 7 itself.

I optimize y with the following objective, where the summation over training trajectories and time
steps ¢ in each trajectory has been omitted for clarity:

D%FT_DECODER[GTE,I//] = Eérwn(stopgrad(Zz)) [g[elﬂ“g)] (4.6)

where K
3[91,,](5,) = Z%ction(W(Stopgrad(Zt—H), &), aiti) 4.7)

i=0

In this equation, K = min(K ,Lg), where K is a hyperparameter, the motivation behind which is
explained at the end of Section 4.3.4.

I optimize skill-token policy 7 w.r.t. the cross-entropy loss -Z¢ in (4.5). Thus, the overall objective
is

ZL0ry] = Lee(n(sg(z)), &) + Lrr_pEcoper[On,y] (4.8)

Note that the gradients of the decoder finetuning loss -ZFr pECODER hot only backpropagate into
the decoder y but also into the skill-token policy 7 so that 7 should be aware of the decoder error.
The underlying rationale for making the objective pay attention to matching both the skill tokens and
the actions that these tokens generate is as follows. The number of skill tokens in the vocabulary is
often large in order to encapsulate all motion patterns observed in the pretraining dataset, and simply
minimizing the cross-entropy loss over the tokens with sparse data from few expert trajectories
does not suffice to learn an accurate skill-token policy. Instead, the objective in (4.8) says that the
skill-token policy 7 should not only match the target token but also predict the tokens that have
small decoding errors.
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4.3.4 Discussion

PRISE combines state-action abstraction (by optimizing the quantization loss in Equation (4.4)) and
a temporal flavor of action abstraction (by applying BPE tokenization) to reduce the complexity of
downstream IL problems. It is known that the complexity of IL depends on mainly two factors: the
size of the state-action space and the problem horizon [116]. The former determines the minimum
complexity of the learner’s policy. The latter determines how much the behavior cloning error
will compound. PRISE addresses these two factors by its state-action abstraction and temporal
abstraction, respectively.

The effectiveness of PRISE’s abstraction scheme is determined by several hyperparameters. First,
the codebook size, which determines the granularity of quantization, trades off the approximation
error of state-action abstraction and the complexity of the state-action representation that the
learner’s policy sees. I want the codebook to be large enough to represent the demonstrator’s policy
well, but not too large in order to avoid several codes collapsing to the same set of actions in the
original space. Many duplicate codes would reduce the amount of temporal abstraction PRISE can
achieve.

Second, the size of the token vocabulary, which is at least as large as the codebook size by the
design of BPE, not only affects the complexity of the state-action representation, but also controls
how generalizable the learned tokens are. When the token vocabulary is large, BPE picks up less
frequent patterns, which typically are longer. Although these tokens may help compress the length
of the training data, they might overfit to the training trajectories and end up never getting used in
downstream tasks. Moreover, the overfit tokens might be too long and lead to approximation errors
when decoded back to the original action space. PRISE’s hierarchical learning scheme implicitly
assumes the expert policy applies the action codes in an open-loop manner up the horizon Lg of the
skill token & that is decoded into these codes. This assumption stems from how the policy is used
in roll out (see Fig. 4.3), and is related to also the Pretraining II stage, where BPE assembles skill
tokens from action code sequences in an open-loop fashion ignoring latent states. In practice, the
demonstrator’s policy may be closed-loop, in which case our approximation of it with open-loop
skill policies introduces an error. This error grows with the length of a skill’s open-loop action
sequence. Therefore, I introduce a hyperparameter K (see Section 4.3.3) that caps skills’ possible
horizon in downstream adaptation.

On the contrary, when the token vocabulary size is set to be too small, the effects of temporal
abstraction are minimal and would not reduce learning complexity. In the extreme, when the
vocabulary size is the same as the codebook size, PRISE would only perform state-action abstraction
by learning a discrete action space with state-action dependent encoder and decoder, without
reducing the compounding error.

4.4 Experiments

In this section, I empirically evaluate the effectiveness of the skill tokens of PRISE. I run PRISE
to pretrain these tokens using large-scale, multitask offline datasets. Then I evaluate them on two
offline IL scenarios: learning a multitask generalist policy and few-shot adaptation to unseen tasks.
I show that PRISE is able to improve the performance of the learner policy, both compared to an
PRISE version approaches that doesn’t use the skill tokens and compared to a very strong existing
approach, ACT [171].
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4.4.1 Pretraining datasets and architecture

I evaluate PRISE on two multitask robotic manipulation benchmarks: Metaworld [163] and
LIBERO [85]. Below I describe the setups of these datasets and the architectures used in the
experiments.

MetaWorld LIBERO
Pretrain Tasks: 45 tasks Pretrain Tasks: 90 tasks

BEEARRER rrrEapT—
AR

T e
- B %
lAdaptation l Adaptation

Test Tasks:5 tasks Chard tasks) Test Tasks:8 tasks (long horizon)

rARAA EEEEETTT

Figure 4.5: Few-shot IL on unseen tasks: pretrain and test tasks split for MetaWorld and LIBERO.

For LIBERO, I pretrain on the 90 short-horizon tasks (LIBERO-90) with offline dataset provided by
the original paper. I test the learned skill tokens both in terms of the multitask learning performance
on LIBERO-90 as well as 5-shot imitation learning (IL) performance on the first 8 unseen tasks
from LIBERO-LONG. The pretraining dataset contains 50 demonstration trajectories for each
task, collected by human teleoperation. I use the exact architecture of ResNet-T in [85] for the
observation embedding.

For MetaWorld, I focus on 5-shot IL since multitask IL on pretraining tasks is straightforward, with
baseline algorithms, including PRISE, all achieving an average success rate of around 80%. For
the pretrain-test split, I hold out five hard tasks (hand-insert, box-close, disassemble, stick-pull,
pick-place-wall) for few-shot evaluation and perform pretraining on the rest 45 tasks. I generate 100
expert trajectories for each pretraining task using the scripted policy provided in MetaWorld. Same
asinasin[157, 154], I use a shallow CNN encoder to encode the observation, and a transformer
decoder module as the temporal backbone to encode temporal information into the latent embedding
.

For BPE on both domains, I set the codebook size C to be 10 and vocabulary size to be 200, and I
provide detailed ablation study to analyze their impacts later in this section.

4.4.2 Multitask generalist policy learning

First I evaluate whether the pretrained skill tokens of PRISE could enable efficient knowledge
sharing across tasks and improve multitask IL performance. Here I focus on LIBERQO-90, a chal-
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LIBERO-90 Multitask

Mean Success Rate

Multitask BC Multitask BC Multitask BC Multitask ACT PRISE
w. ResNet-RNN w. ResNet-T w. ViT-T

Figure 4.6: Multitask policy learning performance on LIBERO-90. Error bar represents the standard
deviation across 4 random seeds. Results of the first three methods are taken directly from [85]

lenging multi-task benchmark where existing algorithms and architectures have not demonstrated
satisfactory performance. For each algorithm in the following comparison, I first perform pretraining
on the LIBERO-90, if applicable, and then train a multi-task generalist policy on the same dataset
based on the pretrained outcomes (e.g., encoders, skill tokens).

Baselines. For multitask learning, our comparison includes PRISE and three network architectures
for multitask behavior cloning (BC): ResNet-RNN, ResNet-T, and ViT-T, as implemented in [85].
These architectures utilize either ResNet-18 [52] or ViT [33] to encode the pixel observations and
then apply either a transformer or a LSTM module as temporal backbone to process a sequence of
visual tokens. Recall that the main architecture of PRISE is the same as ResNet-T, except I add
the vector quantization as well as other modules unique to PRISE. Additionally, I compare with
ACT [172], an IL algorithm that learns a generative model for sequences of actions, termed “action
chunks," rather than single-step actions. These action chunks can be seen as a form of temporal
action abstraction. During policy rollout, ACT combines overlapping action chunks predicted by
its policy using a weighted average. Thus, the critical hyperparameter of ACT is the length of the
action chunk, which I set at 8 after evaluating the best option from five choices: {3,5,8,10,15}.
Experimental Results. Figure 4.6 presents the average success rate across 90 tasks in the LIBERO-
90 dataset. It clearly demonstrates the significance of temporal action abstraction for knowledge
sharing across diverse tasks, as Multitask ACT significantly outperforms the baseline BC approaches.
More importantly, the use of pretrained skill tokens in PRISE further leads to a substantial
performance improvement over all other existing algorithms, underscoring the efficacy of PRISE’s
pretrained skill tokens.

4.4.3 Few-shot adaptation to unseen tasks

In addition to learning a generalist multitask policy, I show that the learned skill token of PRISE
can also make learning a new task more efficient. Here, I evaluate the 5-shot IL performance for
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Figure 4.7: (Metaworld): 5-shot IL performance averaged across 5 unseen tasks. Error bar represents the
standard deviation across 4 random seeds.

unseen tasks in both MetaWorld and LIBERO.

Baselines. I compare PRISE with the baselines below. (1) BC from scratch. (2) BC with pretrained
CNN encoder from PRISE: This is a more computationally efficient version of the first. I find
that whether freezing the CNN encoder or not does not have statistically significant effects on
the downstream performance. (3) PRISE without BPE: This is the same as PRISE with a skill-
token vocabulary V = {1,...,C} of just the quantized action codes. That is, there is no temporal
abstraction. This baseline can be viewed not only as an ablated version of PRISE but also as an
analog to existing hierarchical skill learning approaches such as OPAL [4] and TACO-RL [119]. (4)
ACT [172] from scratch. (5) ACT [172] with pretrained CNN encoder from PRISE. I freeze the
CNN encoder and finetune other parts of the model.

In few-shot learning, I train each baseline algorithm for 30 epochs and evaluate each algorithm
every 3 epochs. I then report the best success rate for the 10 evaluated checkpoints.
Experimental Results (MetaWorld). In Figure 4.7, 1 plot the averaged task success rate of
5-shot IL across 5 unseen tasks in MetaWorld. As shown in the figure, PRISE surpasses all other
baselines (including PRISE w/o BPE) with a large margin, highlighting the effectiveness of the
learned temporally extended skill tokens in adapting to unseen downstream tasks. Furthermore,
I observe that with the pretrained visual encoder from PRISE, BC and ACT consistently yields
improved results, indicating that the PRISE learning objective is also beneficial for pretraining
visual representations from multitask offline data.

Experimental Results (LIBERO). I present the average 5-shot IL performance across 8 tasks
of LIBERO in Figure 4.8. Different from MetaWorld, as shown in the figure, PRISE pretrained
encoder does not improve the performance of the base IL algorithms for BC and ACT. This is
consistent with what is reported in [85], where they observe that pretraining on LIBERO-90 with
multitask BC even leads to negative transfer to downstream tasks. However, with pretrained skill
tokens from PRISE, I could improve the average success rate by 9.2% compared with the best
baseline algorithms. This further demonstrates the effectiveness of the proposed skill tokenization
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Figure 4.8: (LIBERO): 5-shot IL performance averaged across 8 unseen tasks. Error bar stands for the
standard deviation across 4 random seeds.

mechanisms by PRISE.

4.4.4 Ablation Analyses

Vocabulary Size. The vocabulary size of the BPE tokenizer, ||, plays an important role in PRISE.
A larger vocabulary size captures more motion patterns but increases the complexity of learning
the skill-token policy due to more prediction classes. In addition, it learns less frequent tokens,
which may not generalize or useful to downstream tasks. On the other hand, a smaller vocabulary
size limits the range of motion patterns that can be captured, but may reduce overfitting (see
Section 4.3.4). In the previous experiments, I set || to be 200. Here, I evaluate five hyperparameter
settings {100, 150,200,250,300} for |#| to assess their impact on downstream policy adaptation,
in terms of the averaged 5-shot IL performance across 8 unseen LIBERO tasks. As Figure 4.9 (left)
illustrates, PRISE’s performance remains relatively stable across different hyperparameter settings,
except when | 7| is extremely large or small. This demonstrates the robustness of PRISE to the
choice of ||, indicating that as long as the vocabulary size is not too large or small, the performance
should not vary significantly.

Number of Action Codes. Additionally, I verify the effects of varying the number of action codes,
C. As C increases, action patterns become less distinct, making it challenging for the BPE tokeniza-
tion algorithm to identify long skill tokens common across tasks. This diminishes the advantages
of temporal action abstraction. In previous experiments, C was set to 10. I now present an analysis
of the averaged 5-shot IL performance in LIBERO (consistent with the previous ablation) across
five code size options 10,20,30,40, 50, while maintaining a constant vocabulary size of |#'|= 200.
As shown in Figure 4.9 (right), it is evident that with larger code sizes, such as C =40 or C = 50,
the performance discrepancy between PRISE and PRISE without BPE narrows. Furthermore, I
also compare the histogram of skill token lengths for C = 10 versus C = 40 in Figure 4.10 . The
comparison reveals a clear reduction in token length with an increase in the number of codes.
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Figure 4.9: (Left) Mean success rate of PRISE across 8 unseen LIBERO tasks with different vocabulary
size. (Right) The mean success rate of PRISE across 8 unseen LIBERO tasks with a different numbers of
discrete action codes pre-trained.
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Figure 4.10: (Left) Histogram of token length when C = 10. (Right) Histogram of token length when
C =40.

Latent-forward-dynamics objective is crucial for learning good action codes. The forward-
dynamics objective introduced in PRISE plays a crucial role in learning action code. Since I aim to
learn a decoder y(z;,e;) depending on the latent variable z;, without the forward prediction term,
the decoder y/(z;,e,;) may learn to depend solely on z; to reconstruct the action a;, ignoring the
action code ¢; and leading to the collapse of action codes (i.e., different codes being decoded into
identical actions). In Figure 4.11, I empirically compare the few-shot IL performance of PRISE in
LIBERO with and without the forward dynamics objective. Indeed, I see a performance degradation
in both domains when the forward dynamics objective is removed.

Additionally, I conducted an extra experiment on LIBERO to illustrate the action collapsing problem
further. Here, I sample a batch of 5000 data points {(z;,a;) ?2(1)0. For each state z;, I calculate a
matrix . () of size C x C that quantifies the difference between the decoded action distributions of
each pair of codes. Specifically, for entry (j,k) of .#, 1 compute the Monte Carlo estimate of the
KL divergence Zkr(¥(-|zi,e;), W(+|zi, ex)) with 1000 samples. Then, I compute .# as the average
of .9 If the action distributions of different codes significantly differ, the non-diagonal entries of
# should be large. Conversely, if some codes are decoded into similar action distributions, I expect
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Figure 4.11: Performance of PRISE with and without the forward dynamics objective on Metaworld and
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dynamics objective exhibits a significantly smaller code-wise distance, demonstrating the necessity
of the latent-forward-dynamics objective.

Effects of Dataset Size. To further study how much data is needed to learn a good temporal action
abstraction in PRISE, I conduct a set of additional experiments on LIBERO. Instead of using
the entire LIBERO-90 dataset, where each task includes 50 human demonstration trajectories, I
now sample N trajectories per task, with N € {10,20,30,40,50}. I then evaluate the downstream
performance of the PRISE skill token. The result is shown in Figure 4.12.

(LIBERO) Pretraining dataset size

70%

60% 1

Averaged 5-shot Success Rate
N (9]
o o
N N

9% 10 20 30 40 50
Number of Trajectories per task
Figure 4.12: Downstream performance of PRISE under different pretraining dataset sizes
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From the Figure, it is evident that the performance of PRISE monotonically gets better as the
number of pretraining trajectories per task increases. Notably, the performance of PRISE is good
with up to 40 trajectories per task but drops significantly with fewer than 30 trajectories per task.
It would be interesting for future work to further scale up the existing LIBERO-90 dataset so that
PRISE may further benefit from an even larger pretraining dataset. But this should be beyond the
scope of the current work.

4.5 Related Work

Why learn temporal action abstractions? Learning temporally extended action primitives has a
long history in sequential decision-making literature. In fully observable and partially observable
MDPs 111, ], the standard mathematical model for decision-making, every action takes one
time step to execute. In most RL, IL, and planning algorithms, the decision space consists of
individual actions, so standard methods produce policies that make a separate decision at every
time step. It has long been informally observed and shown formally under various assumptions
that the difficulty of policy learning scales with the problem horizon [120, 58, , ]. This
motivates hierarchical approaches [105, 8, 78, 95, 70, 74], which view the decision-making process
as consisting of a high-level policy that identifies task substeps and invokes lower-level temporally
extended routines sometimes called options [134] or primitives [4] to complete them. Conceptually,
our PRISE method can be viewed as hierarchical imitation learning (HIL).

Temporal abstraction discovery for decision-making. Recent methods that learn temporally
extended action primitives and subsequently use them for shortening the effective decision-making
horizon during high-level policy induction include CompILE [70], RPL [41], OPAL [4], TAP [60],
and ACT [172]. They operate in two stages, learning the primitives during the first and applying
them to solve a downstream task during the second, possibly adapting the primitives in the process.
It is during this latter stage that the learned primitives provide their temporal abstraction benefits.
This is subtly but crucially different from methods like DDCO [72], which learn the primitives and a
higher-level policy simultaneously for a given task and benefit from the primitives via non-temporal
mechanisms.

PRISE’s use of BPE is dissimilar from any other method of inducing temporal action abstractions
that I are aware of, and sidesteps some of the challenges of these other methods. E.g., Com-
pILE, which, like PRISE, learns variable-duration primitives, does so by segmenting pretraining
demonstrations into semantically meaningful subtasks, for which it needs to know the number of
subtasks in each pretraining trajectory and is sensitive to errors in these values [70]. RPL and OPAL
avoid this complication but learn primitives of a fixed duration, determined by a hyperparameter.
This hyperparameter is nontrivial to tune, because short primitive durations yield little gains from
temporal abstraction during learning, and long ones cause many primitives to idle after achieving a
subtask. This is distinct from PRISE’s hyperparameter K, which merely puts an upper bound on
skills” duration.

I view ACT [171] as the most comparable method to PRISE and use it as a baseline in our
experiments. Like PRISE, ACT handles high-dimensional pixel observations out of the box and,
crucially, uses BC during downstream learning. In contrast CompILE, RPL, and OPAL assume
access to ground-truth states and rely on online RL for finetuning. In many physical continuous
control scenarios such as robotics, BC is arguably a more practical algorithm, and benefits that
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temporal abstractions provide for BC are expected to be different from those in RL, where they
enable more efficient exploration.

Policy quantization methods. PRISE’s state-conditioned policy quantization method is related
to SAQ [88], but, crucially, also works for pixel observations characteristic of many continuous
control scenarios in robotics. The policy encoder at the heart of PRISE and SAQ is VQ-VAE [143].
Conditional VAE [69] is another common choice for this role (see, e.g., [89] and [70]).

Temporal abstractions versus skills in robot learning. Many works on robot learning focus
on the acquisition of skills. While seemingly similar to an option or a primitive, this term has a
somewhat different meaning, and most of these works don’t use skills for temporal abstraction,
with TACO-RL [119] being a notable exception. Namely, approaches such as DMP [106], [50],
Play-LMP [89], and MCIL [90] aim to learn a multi-task goal-conditioned policy, and understand a
skill as a latent plan for achieving a goal or several goal variations starting from a variety of initial
states. In this paradigm, learning a multitask policy constitutes embedding plans into a continuous
latent space, which happens without using those plans to shorten a task’s horizon. Indeed, the
learned skills usually don’t have a termination condition (although TACO-RL assumes having a
mechanism for detecting subgoal attainment), and policies produced by the aforementioned methods
resample a latent skill at every time step. This is in contrast to PRISE and, e.g., TAP [60] that learn
temporally extended action primitives and apply them for several time steps during deployment.
Pretraining data assumptions. In terms of the assumptions PRISE imposes on the trajectories it
uses for pretraining, it is more similar to Play-LMP [89], RPL [4 1], MCIL [20], and TACO-RL [1 19]
rather than to IL or offline RL. Namely, PRISE needs this data to contain meaningful behavioral
patters, which it extracts using an imitation-like procedure (as does RPL). While PRISE could be
applied to arbitrary-quality data commonly assumed by offline RL or some state representation
pretraining algorithms such as [124, , , 176], many of the patterns there are unlikely to be
useful, and may not easily aggregate into common temporally extended sequences that BPE aims to
extract. On the other hand, the pretraining data doesn’t need to be imitation-quality either.
Tokenization in language models Subword tokenization methods such as BPE [37], Unigram [73],
and WordPiece [31] play an important role in training modern large language models. These
algorithms learn tokens from a large corpus texts to mine reusable patterns. A trained tokenizer is
used to compress training text data into tokens, and a large language model is trained to predict over
this compressed tokens. Compared to directly predicting at the alphabet level, predicting tokens
(with a proper vocabulary size) allows better generalization, because the effective sequence length
that the model needs to predict is shorter.

Next token prediction in NLP is a special case of behavior cloning in the context of decision
making, where the state is the history of tokens (context). Therefore, our algorithm can be viewed as
extension of the next-token-prediction paradigm in NLP to the continuous control domain. However,
our setup introduces additional complexities not faced in NLP. Our raw action space is continuous
rather than discrete finite alphabets in NLP. In addition, our decision agents need to consider
high-dimensional image observations as part of the state representation, whereas in NLP the history
is simply past tokens. Namely, if I view alphabets in NLP as action vectors here, the BC problem in
NLP has a stateless dynamical system, but in, e.g., robotics it has a non-trivial internal state. These
complications motivate the need for observation and action encodes as well as an action quantizer.
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4.6 Supplementary Material: Additional Details and Experiments

4.6.1 Implementation details of PRISE

# next_observation: A sequence of K=3 future pixel observations o_{t

+1},..., o_{t+K}
> # past_observation: A sequence of H historical pixel observations o_{t-H
+1},..., o_{t}
action: A sequence of $K$ action a_t,..., a_{t+K-1}
obs_encoder: Observation Encoder (CNN+Transformer)
quantizer: Discrete action code quantizer
dynamics: Latent Dynamics Model
project: Projection layer
predictor: Latent state predictor
action_decoder: Quantized action code decoder
beta: Weight of decoder loss (1.0 in MetaWorld and 0.01 in
LIBERO for # numerical stability)
dynamic_losses, quantization_losses, decoder_losses = 0, 0, O
: z = state_encoder (past_observation)
z_hat = z
s for k in range (K):
z = state_encoder (past_observation)
past_observation.push(next_observation[k])
u_quantized, quantization_loss = quantizer (action[k], z.detach())
quantization_losses += quantization_loss
decode_action = decoder(z, u_quantized)
decoder_losses += action_loss (decode_action, actionl[k])
z_hat = dynamics(z_hat, u_quantized)
z_next = state_encoder (observation[k+1])
y_hat = predictor(project(z_hat))
y_next = project(z_next).detach()
dynamic_losses += -cosine_similarity(y_hat, y_next)

(dynamic_losses + quantization_losses + beta*decoder_losses).backward()

Figure 4.13: Pseudocode for the pretraining stage I of PRISE

Metaworld: I generate 100 expert trajectories for each pretraining task using the scripted policy
provided in MetaWorld. The observation for each step includes an 84 x 84 third-person view image
as well as an 8-dimensional proprioceptive state vector of the robot’s end-effector. I use the same
shallow CNN as in [157] to encode the observations into a 64-dimensional latent vector and apply a
linear layer to embed the 8-dimensional state vector also into a 64-dimensional latent vector. The
architecture of the shallow CNN is presented in Figure 4.14. Next, I apply a transformer decoder
module with 4 layers and number of heads equal to 8 to extract the observation embedding. I set the
context length to be 10. The action decoder y is a three-layer MLP with hidden size being 1024.

LIBERO: For LIBERO, I pretrain PRISE on the provided LIBERO-90 dataset. The pretraining
dataset contains 50 demonstration trajectories for each task, collected by human teleoperation. For
each timestep, the agent observes a third-person view image, a first-person view image from its
wrist camera (both with resolution 128 x 128), a 9-dimensional vector of the robot’s proprioceptive
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class Encoder (nn.Module):
def __init__(self):

super () . __init__Q)

self .repr_dim = 32 * 35 x 35

self.convnet = nn.Sequential (nn.Conv2d (84, 32, 3, stride=2),
nn.RelLU(), nn.Conv2d (32, 32, 3, stride=1),
nn.RelLU(), nn.Conv2d (32, 32, 3, stride=1),
nn.RelLU(), nn.Conv2d (32, 32, 3, stride=1),
nn.RelLU(),
nn.Linear (self.repr_dim, feature_dim),
nn.LayerNorm(feature_dim), nn.Tanh())

self .trunk = nn.Sequential(nn.Linear (self.repr_dim, feature_dim),
nn.LayerNorm(feature_dim), nn.Tanh())

def forward(self, obs):
obs = obs / 255.0 - 0.5
h = self.convnet(obs).view(h.shape[0], -1)
return self.trunk(h)

Figure 4.14: Architecture of the Shallow CNN encoder used in MetaWorld.

state, and a task instruction in natural language. I use the exact same architecture as ResNet-T
in [85]. In particular, I use two ResNet18 encoders [52] to process the image observations, utilizing
FiLLM [109] encoding to incorporate the 768-dimensional BERT embedding of the task language
instruction. The action decoder y is also a three-layer MLP with hidden size being 1024.
Evaluation of Few-shot Imitation Learning A batch size of 128 and a learning rate of le-4 are
used for Metaworld, and a batch size of 64 is used for LIBERO. In total, I take 30,000 gradient
steps and conduct evaluations for every 3000 steps. For both MetaWorld and LIBERO, I execute 40
episodes and calculate the success rate of the trained policy. I report the highest success rates across
10 evaluated checkpoints.

Computational Resources For our experiments, I use 8 NVIDIA RTX A6000 with PyTorch
Distributed DataParallel for pretraining PRISE, and I use NVIDIA RTX2080Ti for downstream
imitation learning on Metaworld, and RTX A5000 on LIBERO.
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Chapter 5:  Visual Trace Prompting: From Neural Latent Representations To
Explicit Visual Cues

In the previous chapters, I discussed my research on achieving effective state and action abstraction
through temporal contrastive representation learning and a tokenization-based approach to temporal
abstraction. In this chapter, in the context of the recent success of large multimodal Vision-Language-
Action (VLA) models, I discuss how such representations can also help these large multimodal
foundation models, pretrained on large-scale internet data. Specifically, I introduce a surprisingly
simple yet effective strategy: encoding the robot’s historical execution trajectory as a visual trace
and using it to prompt the VLA model. This visual prompting significantly enhances the model’s
ability to understand and reason about spatio-temporal dynamics.

5.1 Introduction

Robotic manipulation policies, typically trained on specific task demonstrations, often struggle to
generalize beyond their training data, particularly when faced with novel objects, environments,
instructions, and embodiments. In contrast, foundation models for vision and language—such as
CLIP [113], LLaVA [86], Phi-3-Vision [2], and GPT-4V [3]—have demonstrated impressive gener-
alization across diverse vision-language tasks. However, these models are not equipped to handle
the challenges unique to robot manipulation, such as understanding kinematics, adapting to different
embodiment configurations, and executing reliable physical actions. Vision-Language-Action mod-
els (VLAs) [15, 67] seek to address this gap by fine-tuning vision-language models to generate robot
control actions using large-scale robotic datasets [e.g., 30], combining the generalization power of
foundation models with task-specific robotic expertise. The approach has yielded promising results
in developing generalist robot policies capable of adapting to a wide range of manipulation tasks.
However, VLA-powered robots often struggle to maintain awareness of their past movements,
leading to decisions that are more reactive to current inputs rather than informed by spatial history.
I posit that this limitation arises because simply mapping image inputs as current states to control
actions is insufficient. To address this, I propose explicitly computing multi-point temporal tra-
jectories and overlaying them directly onto the image inputs for VLA models. I hypothesize that
this will effectively provide spatial and temporal relations necessary for improving manipulation
tasks [ 148, ].

Our approach introduces an additional multi-point visual input during VLA training that tracks the
robot’s past movement trajectory [62]. I refer to these multi-point trajectories as visual traces, and
show that even with only 2D images as inputs (which allows for better scalability and integration
with existing VLM models), VLA models enhanced with visual traces exhibit improved spatial-
temporal awareness. This visual trace prompting technique enables better adaptation to variations
in manipulation tasks and improves overall generalization.
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(Learnable)
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Prompting with
Task Language Instructions

Original Image Image with visual trace

You are given two images: one with the original robot observation, and another one marked
with historical traces of the robot end effector and moving objects, separated by a special
separator token. What action should the robot take to move sponge near blue plastic bottle?

Downstream
Manipulation

SimplerEnv: Google Robot Real Robot: WidowX Robot

Figure 5.1: An illustration of our method. The first image shows the original robot’s observation, while the
second contains the same image with overlaid visual traces. A separator token is then inserted between the
visual tokens of these two images, then concatenating with text tokens and feeding into the underlying vision
language model backbone to output action tokens.

I introduce TraceVLA, a 7B-parameter VLA model fine-tuned from OpenVLA using our novel
visual trace prompting dataset, which includes 150K robot manipulation trajectories as shown in
Figure 5.1. In additional, I finetuned a more compact VLA model, TraceVLA-Phi3, using the
4B-parameter Phi-3-Vision as a backbone on the Open X-Embodiments dataset, which comprises
970K trajectories across diverse robot embodiments, tasks, and scenes. TraceVLA-Phi3 offers
improved inference efficiency and reduced computational requirements while maintaining robust
performance.

To assess the generalization capabilities of our models, I conducted evaluations across 131 diverse
environment settings on Google Robots in the SimplerEnv simulator, which closely mimics real-
robot scenarios. Additionally, I design diverse manipulation experiments on a physical WidowX
robot to evaluate performance in real-world settings. Notably, our models consistently outper-
form existing VLA models across all embodiments and environments, demonstrating exceptional
generalization under environmental variations.

Our key contributions are summarized as follows.

* Method. I introduce visual trace prompting, a novel technique that significantly enhances VLA
models’ spatial-temporal reasoning in manipulation tasks.

* Dataset & models. I provide a visual trace prompting dataset and present state-of-the-art 7B
and 4B VLA models fine-tuned using our proposed visual trace prompting, offering an efficient
method to boost VLA model performance.
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* Validation. Our approach is rigorously validated through extensive evaluations in both simulated
and real-world robot tasks across diverse embodiments, demonstrating superior generalization
capabilities by leveraging spatial-temporal information.

5.2 Preliminaries

Visual-Language-Action Models. Vision-language-action models (VLAs) extend vision-language
models (VLMs) to predict discretized robot actions. Their architecture comprises: (1) a visual
encoder [ 167, 102] that converts input images into patch embeddings, (2) a projector that maps these
embeddings to the language model’s input space, and (3) a large language model backbone [139].
Action discretization, a crucial feature of VLAs, involves mapping continuous robot actions to
discrete tokens. This process typically divides each action dimension into 256 bins based on data
quantiles. These discrete actions are then incorporated into the language model’s vocabulary, often
replacing the least frequently used tokens. VLA training builds upon the foundation established
during VLM training. During VLM training, the model is trained end-to-end with a next text token
prediction objective on paired or interleaved vision and language data curated from various Internet
sources. VLA training then extends this approach, encompassing fine-tuning of the pretrained VLM.
The cross-entropy loss focuses specifically on the predicted action tokens. This approach allows
VLAs to leverage the capabilities of VLMs for complex robot control tasks while operating within

the constraints of tokenized language models.
Generalist Control Policies. Robotic policy learning typically relies on task-specific demonstra-

tions 2 = {11, 12, ..., Ty }, Where each 7; = {(ot,s,,at)}thl represents an expert-level trajectory. The
learning architecture comprises a visual encoder .%, mapping image observations o; to features
zi = F4(0i), and a policy network 7y outputting action distributions @ ~ 7 (+|z,s). Training mini-
mizes the error between predicted @ and optimal a actions. To overcome task-specificity limitations,
generalist policies are being developed, aiming to handle diverse sensors, action spaces, and robotic
platforms in various scenarios. Vision-Language-Action (VLA) models, leveraging VLM’s visual
understanding and multimodal reasoning capabilities, show promise in creating more adaptable
generalist policies. These models offer improved generalization across tasks, enhanced semantic
understanding of environments, and the ability to follow natural language instructions, paving the
way for more flexible and intuitive robotic control in broader applications.

5.3 TraceVLA

Our ultimate goal is to equip the Vision-Language-Action (VLA) model with the necessary context
to better understand both temporal and spatial dynamics. In this section, I describe the details
of our method, TraceVLA, to achieve this objective. First, I introduce visual trace prompting in
Section 5.3.1. Next, I explain the model architecture of TraceVLA in Section 5.3.2. Finally, I
provide the implementation details in Section 5.3.3.

5.3.1 Visual Trace Prompting

A straightforward way to have VLMs understand temporal history information is to concatenate
historical frames and feed them into the VLA model. However, this approach can often distract the
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Figure 5.2: An illustration of visual trace generation. Given a sequence of historical image observations,
I first use Co-tracker to extract dense point trajectories and keep active point trajectories with significant
movement. I then overlay active point trajectories on the robot’s initial observation frame as visual trace
prompting. I feed both the image overlaid with visual traces and the original image into VLA as model input.

model, as the frames are typically highly visually similar and redundant, making it difficult for the
model to focus on the control-relevant information.

In this chapter, I introduce visual trace prompting to address this challenge. Instead of naively
concatenating history frames, I employ an off-the-shelf point tracking algorithm to generate traces
of key points. These visual traces are then visually overlaid on the robot’s original observations,
serving as visual prompts that provide the model with a spatial memory of its historical actions.
At any given timestep ¢ and a time window budget N, I first extract a set of dense point trajectories,
2, from a sequence of historical image observations, h; = (0;_y,...,0;), using a dense point
tracking model. Specifically, a point trajectory represents the trace of a moving point over time.
Thus, a set of dense point trajectories captures the traces of multiple critical moving points. The
specific dense point tracking model I employ is Co-Tracker [62], chosen for its efficiency and
simplicity. Co-Tracker partitions the starting frame o, into a K x K grid and tracks each grid cell
across N frames to construct point trajectories. Consequently, I generate a total of K x K dense
point trajectories, with each trajectory representing the location of a single point from timestep
t — N to timestep .

While Co-Tracker provides a K x K grid of dense point trajectories, it does not inherently identify
“active points.” To address this, I identify active point trajectories in & by analyzing changes in
pixel locations, focusing on those with significant movement and distinguishing them from static
background points. For each point trajectory p € &2, I first compute the absolute movement Ap,/
between two adjacent frames at timestep ¢’ and ' + 1, as Apy = |py.1 — py|;. I then identify active
point trajectories P by computing the total movement over N timesteps, keeping those whose
movement exceeds a threshold x. In other words, & = {p €| Zi; lt_N Apy > K}. From 2, I
randomly sample M active point trajectories, denoted as &, for use in visual prompting.

Finally, I generate the visual trace by overlaying the sampled active point trajectories & onto the
robot’s original observation frame o;, as shown in Figure 5.2. This overlaid frame serves as a visual
prompt, providing the model with spatial information about its historical states and actions.
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5.3.2 Model Architecture Design

In Figure 5.1, I outline the design of TraceVLA using visual trace prompting. While the overlaid
visual trace provides valuable spatial-temporal information about the robot’s historical movements,
it may obstruct the robot’s end-effector or key objects, potentially hindering the model’s ability to
generate the correct action. To address this, I also include the original image observation in the
model input, inserting a special separator token between the two images. As shown in Figure 5.1, I
adjust the text prompt to inform the VLA model of this additional visual input before requesting the
appropriate action output.

Additionally, since visual traces may not be available in all test-time scenarios—such as when the
Co-Tracker model fails under pool lightning conditions—I implement a dropout mechanism during
training. For each training example, with probability «, I replace the visual trace prompt image
with the original image and remove the corresponding hint from the text prompt. This dropout
strategy introduces variability into the inputs, encouraging the model to effectively utilize both the
original image and the visual trace. As a result, at test time, even if the Co-Tracker model is unable
to extract the visual trace, our model can still function correctly.

5.3.3 Implementation Details

In this section, I describe the implementation details of the dataset and models used in this chapter.
For the visual trace generation pipeline in training, I use a grid size of K=40, sample M=5 active
point trajectories, and employ a time window N=6. To reduce computational overhead, I run dense
point tracking every N step for the future 2N frames, rather than at every timestep. I divide demo
trajectories into overlapping 2N-sized segments (e.g., [0, 2N), [N, 3N), etc.) and run Co-Tracker
once per segment. This approach ensures that for each timestep t > N, at least N steps of historical
context are available, while significantly reducing computational costs.

To create our dataset with visual trace annotations, I applied our visual trace generation pipeline to
the following training datasets: BridgeData-v2 [? ], Google RT1 Robot datasets [15], as well as
to 120 demonstrations collected from 4 manipulation tasks on our WidowX-250 Robot setup for
downstream evaluation. In total, I gathered approximately 150,000 robot trajectories annotated with
visual trace prompting, forming our fine-tuning dataset for TraceVLA.

To obtain real-time visual traces during inference, I reduce the computational overhead of densely
querying the Co-tracker at every timestep by tracking M active points and sparsely querying Co-
tracker. Specifically, at timestep t=0, I perform dense Kx K point tracking to identify these active
points (see Sec. 5.3.1 for details). For every timestep t>0, I query Co-tracker only for these active
points to generate M corresponding traces, and update the tracked active points from the traces.
For the VLA models, I started with OpenVLA [67], a 7B VLA model based on the Prismatic vision-
language model [63], trained on the Open X-Embodiment dataset [29]. Additionally, I pretrained a
4B VLA model with Phi3-Vision as its backbone VLM [ 1], on the Open X-Embodiment dataset
using a batch size of 4096 for 30 epochs with 32 H100 GPUs, following the same recipe as
OpenVLA. This lightweight 4B model allows us to test the flexibility of our visual trace prompting
across different VLM model architectures. Additionally, the 4B Phi3V-based VLA model will also
provide the community with a more compact VLA model for finetuning compared to the larger 7B
Prismatic model, while the reduced memory cost allows fine-tuning to be performed on smaller
GPUs such as RTX4090 or RTX A5000’s. For both TraceVLA and TraceVLA-Phi3, I finetune the
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Visual Matching Variant Aggregation
Models Performance
Move Near Pick Coke Open/Close || Move Near Pick Coke  Open/Close
Can Drawer Can Drawer
OpenVLA- 53.3% 56.7% 38.4% 55.4% 57.7% 19.3% 46.8%
Phi3
TraceVLA- 70.8% 69.7% 35.4% 75.4% 67.8% 37.5% 59.4%
Phi3 (117.5%) (113.0%) {3.0%) (120.0%) (110.1%) (118.2%) (112.6%)
OpenVLA 65.0% 23.7% 57.4% 55.8% 61.3% 24.9% 48.0%
Trace VLA 63.8% 45.0% 63.1% 60.6% 64.3% 61.6% 59.7%
(1.2%) (121.3%) (15.7%) (14.8%) (13.0%) (1 36.7%) (111.7%)
Octo-Base 3.0% 1.3% 1.0% 4.2% 17.0% 22.0% 8.2%
RT1-X 55.0% 52.8% 22.5% 34.2% 54.0% 56.0% 45.8%

Table 5.1: Performance results on three SimplerEnv robot tasks under two evaluation metrics: visual matching
and variant aggregation. Overall performance is the mean across all six task-metric pairs. For each TraceVLA
method, we report both the raw success rate and its difference (1 or |) versus the corresponding base model.

base VLA model for an additional five epochs.

5.4 Experiment

To comprehensively evaluate our model’s performance, I conducted experiments across a wide
range of environmental setups, including 3 tasks with 137 different configurations in simulation and

4 tasks on real robots.
Baseline. I benchmark our approach against the following generalist policies, including state-of-

the-art open-sourced models:

OpenVLA [67]: A 7B parameter VLA trained on the Open-X-Embodiment [29] Dataset, represent-
ing large-scale generalist policies.

OpenVLA-Phi3: A 4.5B parameter VLA pretrained model using Phi-3-Vision as backbone.
Octo-Base [137]: A 93M parameter transformer-based policy trained on 800k trajectories from the
Open-X-Embodiment Dataset.

RT1-X [29]: A compact 35M parameter model trained on the same dataset as Octo-Base, exempli-
fying efficient architectures.

TraceVLA and TraceVLA-Phi3: Finetuned from OpenVLA and OpenVLA-Phi3 with visual trace
prompting.

5.4.1 Simulation Evaluation

SimplerEnv. Our simulation evaluation utilizes SimplerEnv, which incorporates two distinct
settings: visual matching and variant aggregation. The visual matching setting aims to minimize
the visual appearance gap between real environments and raw simulation, significantly enhancing
the correlation between policy performance in simulation and real-world scenarios. Complementing
this, the variant aggregation setting covers a wide range of environmental variations as shown in
Figure 5.4, including backgrounds from different rooms, lighter and darker lighting conditions,
varying numbers of distractors, solid color and complex table textures, and different robot camera
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poses. This comprehensive set of variations allows us to assess the robustness and adaptability of
our approach in handling diverse manipulation scenarios, particularly evaluating the spatial and
temporal awareness brought by visual trace prompting.

Overall Performance. As shown in Table 5.1, TraceVLA consistently outperforms OpenVLA
across various tasks and evaluation metrics in the SimplerEnv Google robot tasks. The improvements
are evident in both the full-scale 7B models (TraceVLA vs OpenVLA) and their 4B versions
(TraceVLA-Phi3 vs OpenVLA-Phi3). TraceVLA shows significant performance gains, with
improvements ranging from 2.4% to 12.7% in all three tasks across different metrics. When
compared to other baselines like Octo-Base and RT1-X, both TraceVLA and TraceVLA-Phi3
generally perform better, with a few exceptions where RT1-X, shows competitive performance
in specific tasks. These results suggest that the visual trace prompting technique employed in
TraceVLA enhances the model’s ability to generalize across different robotic manipulation tasks
and environmental conditions, leading to improved performance in both visual matching and variant
aggregation scenarios.

OpenVLA - SimplerEnv Phi3 - SimplerEnv

s OpenVLA
44.0% mmm (Ours) TraceVLA

I OpenVLA-Phi3

27.1% @5 (Ours) TraceVLA-Phi3
Drawer

Open/Close

Drawer
Open/Close

52.3%

Pick Coke Pick Coke

52.7%
Move Near
49.0%

20% 25% 30% 35% 40% 45% 50% 55% 60% 20% 25% 30% 35% 40% 45% 50% 55% 60%
Success Rate (%) Success Rate (%)

Figure 5.3: Performance comparison of TraceVLA against OpenVLA (Left): 7B TraceVLA vs. 7B
OpenVLA. (Right): 4B TraceVLA-Phi3 vs. 4B OpenVLA-Phi3. Numbers are averaged across the visual
matching and variant aggregation metrics.
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Figure 5.4: Comparison of OpenVLA and TraceVLA performance across various environmental variations:
camera orientations, lighting, background, distractors, and table texture.

Environmental Variant Aggregation. Figure 5.4 demonstrates significant performance improve-
ments of Trace VLA over OpenVLA across various environmental conditions. Notably, Trace VLA

66



shows substantial enhancements under camera orientation changes, distractor presence, and back-
ground alterations, with an average improvement exceeding 20% in these categories. The use of
visual trace prompting proves particularly effective when camera angles shift, as the trace provides
valuable spatial trajectory information. This helps the model maintain performance despite changes
in perspective. Similarly, when faced with background changes, varying table textures, or lighting
alterations, the visual trace allows the model to remain more stable and less influenced by envi-
ronmental backgrounds. In scenarios with added distractors, the visual trace effectively reminds
the policy of past trajectory interferences, evidenced by noticeable arm diversions. These varied
environmental conditions collectively validate the spatial and temporal understanding provided by
visual trace prompting.

5.4.2 Real Robot Experiments

W AV
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3rd Person 11‘ WidowX 250

Camera [ “Robot Arm
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Figure 5.5: Real robot setup of TraceVLA. I design 4 real-world robot tasks with different manipulation
skills and objects.

Push Cloth
Left to Right

Pick Banana to the Pick Eggphant
Right of Plate on Plate

Lift AAA Battery

Figure 5.6: Four unseen tasks for testing TraceVLA generalization in real robot settings.

I evaluate TraceVLA on physical WidowX-250 robot manipulation tasks using a fixed-mounted
third-person view camera capturing 256 x 256 RGB images. Despite sharing the same robot
embodiment as BridgeData-v2, differences in setup, lighting, and camera angles necessitated
collecting 30 demonstration trajectories per task for finetuning.

As shown in Figure 5.7a, Trace VLA consistently outperforms the baseline across diverse tasks
including soft object manipulation, pick-and-place operations, and object movement. Notably, in the
pick-place corn task, which was not included in training data, Trace VLA achieved 8/10 successful
trials compared to OpenVLA’s 1/10, demonstrating strong generalization from similar training tasks,
e.g., picking and placing eggplant in a pot.

To further evaluate generalization capabilities, I conducted additional experiments with four unseen
tasks involving novel objects, goals, and language instructions. These trials included 2-3 random
distracting objects in the scene except for pushing cloth. The results in Figure 5.7b demonstrate
TraceVLA’s superior generalization over OpenVLA. In the pick-place banana task, TraceVLA’s

67



Real Robot Performance Additional Real Robot Generalization Tasks
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(a) TraceVLA outperforms OpenVLA on diverse real- (b) TraceVLA showcases superior generalization on
robot manipulation tasks. unseen real robot experiments.

Figure 5.7: Performance comparison of TraceVLA and OpenVLA on8 real-world WidowX-250 robot
manipulation tasks.

only failures occurred due to grasping issues, while OpenVLA, even when successfully grasping
the banana, failed to follow the language instruction by placing it on the plate rather than to its right.
This highlights TraceVLA’s enhanced language grounding capability and resistance to spurious
correlations.

5.4.3 Ablation Studies

To analyze the performance gain from visual trace prompting, I further study the following questions.
Is performance gain of TraceVLA coming from further finetuning on a smaller subset of Open
X-embodiment dataset? To answer this, I also tested the performance of the 7B OpenVLA and 4B
OpenVLA-Phi3 models finetuned on the exact same dataset as ours, but without using visual trace
prompting. The results, as shown in Figure 5.8 (Left), indicate that the performance gain observed
in TraceVLA is unlikely due to finetuning the pretrained VLA model on a smaller subset. While
finetuning the pretrained OpenVLA model brings a 1.1% gain, finetuning OpenVLA-Phi3 model
even degrades the performance by 0.3%. However, when visual trace prompting is incorporated, the
success rate of OpenVLA model increases to 47.7%, highlighting the significant impact of visual
traces on model performance.

Will appending historical image observations also give similar performance gain as TraceVLA?
Instead of using visual trace prompting, the most straightforward way to integrate the model’s
historical movement knowledge is to provide it with multiple past image observations. To test this
method, I input N frames into the VLA model, separated by a learnable separator token, similar
to our approach in TraceVLA. I also include a sentence in the text prompt to inform the model
of this change in observation. Here, N = 6, which matches the length of the visual trace used in
TraceVLA. In theory, the model should receive more information from these 6 complete frames
compared to visual trace prompting. However, as shown in 5.8 (Right), finetuning OpenVLA with
historical information not only fails to improve overall performance but also reduces it by 6%. This
performance drop is likely due to redundant information between visual tokens at different timesteps,
which may distract the model from focusing on the most relevant information for deciding next
actions. In contrast, visual trace prompting offers useful hints that enhance the context for the
vision-language model.
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TraceVLA vs. Directly Finetuned VLA TraceVLA vs. OpenVLA finetuned with History
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4B VLA

7B VLA

10% 20% 30% 40% 50% 10% 20% 30% 40% 50%
Success Rate (%) Success Rate (%)

Figure 5.8: (Left): Comparison of average success rates between the base OpenVLA and OpenVLA-Phi3
models and their finetuned versions, with and without visual trace prompting. (Right): Comparison of
average success rates between the base OpenVLA, TraceVLA, and OpenVLA finetuned with a sequence of 6
images.

Is visual trace prompting better than text trace prompting for grounding VLA with temporal-
spatial understanding? In addition to guiding the model with point tracking by overlaying
the visual trace on the original image, I can also describe the movement of the points using 2D
coordinates in text. To assess whether visual prompting is the most effective method for improving
the VLA model’s spatial-temporal understanding, I implemented an alternative approach that
describes the points’ movement verbally, treating the trace as text tokens, as shown in Figure 5.9
(Right).

Interestingly, using this text-based trace yields a 2.4% average performance gain over the baseline
VLA model, suggesting that point tracking information is indeed useful for the robot model.
However, compared to our approach (TraceVLA), the additional 6.4% gain indicates that leveraging
the vision encoder’s ability to process visual prompts is much more effective than describing the
points’ location and movement in text. While text descriptions can precisely convey the location
and movement of each point, they also increase token count (by ~150 tokens) compared with visual
trace prompting, leading to substantially higher GPU costs. Moreover, relying solely on text fails to
fully leverage the multimodal grounding capabilities of current vision-language models. Our visual
trace prompting approach strikes an optimal balance between efficiency and efficacy, demonstrating
superior performance gains (an additional 6.4% improvement) over text-based alternatives while
maintaining computational efficiency.

s OpenVLA - VLA ft. Text Trace i LA ft. Visual Trace
P /You are given an image of robot's observation. Additionally, you \

are given the movement information of 5 points in the image. Over
the last 6 frames, the 5 points moved as follows:

47.7%

Point 1 moved through positions: [244,80], [200,115], [177,31], ...
42.6% Point 2 moved through positions: [218,96], [200,122], [185,10], ...
Point 3 moved through positions: [237,118], [208,42], [161,79], ...
Point 4 moved through positions: [225,49], [200,127], [171,72], ...

20.2% Point 5 moved through positions: [251,93], [200,103], [181,91], ...
2%

0% 10% 20% 30% 40% 50% Qow what the robot should do to pick up the coke can? /
Success Rate (%)

Figure 5.9: (Left): Comparing visual trace prompting and text trace prompting. (Right) Text trace prompts
example.
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How does TraceVLA perform under different lengths of  so%
visual trace? An important hyperparameter of TraceVLA 470% 47.5%
is the length of visual trace prompting N, which determines
the length of the historical information provided in the visual
prompt. While a longer N includes more past observations,
it can clutter the visual context and potentially obscure key
objects or the robot end-effector, while a shorter N has less risk
of covering the key information but contains less historical
information. As shown in Figure 5.10, using a smaller number ~ ss%!—; : ; -
of steps (N = 3) results in a 3.2% performance improvement. Steps of Visual Trace
However, since a visual trace of only three steps is often too
brief, the performance gain is not as substantial compared to
larger values of N. Conversely, setting N too large, such as
N =12, may lead to a less informative trace that obscures key scene elements and overlaps partially
with previous motion traces of robots in the overlaid images, potentially distracting the VLM model,
thereby slightly reducing overall performance. In practice, tuning N should be straightforward, and
might be dataset-specific. It involves sampling a few episodes and visually inspecting the generated
trace to ensure that the selected N provides an appropriate balance between historical context and
the clarity of the scene.

46.6%

45%
43.5%

OpenVLA Success Rate: 40.2%
L e i e

Average Success Rate

Figure 5.10: TraceVLA under differ-
ent length of visual traces.

5.5 Limitation Analysis: Training Memory Cost and Inference Speed

Since TraceVLA introduces an additional image input into the model and uses CoTracker to obtain
the visual trace during testing, I examine both the training memory cost and inference speed of
TraceVLA. For evaluating memory cost, I launch a single-node multi-gpu training job with 8 H100
graphics cards under varying batch sizes, and I measure the maximum GPU memory usage across
8 H100s. All tests are conducted with flash attention and torch.bfloat16 as the datatype of model
weights and inputs. As shown in Figure 5.11 (left), when the batch size is 32, the memory difference
between TraceVLA and models without visual trace prompting (for both Phi3 and OpenVLA) is
less than 10GB. Notably, this difference becomes even smaller with a reduced batch size, indicating
that while TraceVLA incurs some extra GPU memory cost, this additional GPU memory cost
remains manageable and not significantly impactful.

For testing inference speed, I evaluate the time cost using a single H100 GPU. In addition, I also
analyze the time cost of each additional component introduced in TraceVLA compared to the
original OpenVLA model. During inference time, the extra computation introduced by TraceVLA
consists of approximately 300 additional image and text tokens for the transformer model at each
timestep, S-point CoTracker point tracking for every timestep, and K x K (where K = 40) dense
point tracking every 20 steps. For the 40 x 40 dense point tracking, as it requires recalculation only
every 20 steps, the average time cost per timestep is computed by evenly distributing the total cost
over each timestep. As shown in Figure 5.11 (right), I observe that the additional text and image
tokens result in a negligible inference cost (around 0.002 seconds), likely due to GPU optimization
for attention. Using M points (M = 5) for CoTracker per timestep adds an extra 0.03 seconds per
step, while the dense 40 x 40 point tracking has an amortized cost of 0.004 seconds per step.
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Figure 5.11: (Left):Comparison of GPU memory cost of 7B TraceVLA, OpenVLA and 4B TraceVLA-Phi3,
OpenVLA-Phi3. (Right): Comparison of inference time across different models.

5.6 Supplementary Material: Additional Details and Experiments

5.6.1 Additional Ablation Studies of TraceVLA: Thickness, Transparency, and
Color of Visual Prompting

To further investigate the impact of visualization parameters, I conducted additional ablation studies.
Specifically, I fine-tuned the TraceVLA model on datasets with variations in trace visualization
settings, including different line thicknesses, transparency levels, and color schemes. Our findings
indicate that performance variations across these parameters are minimal within a reasonable range.
Below, I provide detailed experimental results for each parameter setting.

Thickness: The effect of varying the line thickness of visual traces on the SimplerEnv Average
Success Rate is shown in Table 5.2. I observe only minor differences in performance when adjusting
this parameter.

Thickness SimplerEnv Average Success Rate
linewidth=1 47.2%
linewidth=2 (TraceVLA) 47.7 %
linewidth=3 47.8%

Table 5.2: Impact of line thickness on Trace VLA performance.

Transparency: I varied the transparency of the visual traces by adjusting the o parameter. Lower
« values result in more transparent traces. Table 5.3 summarizes the findings, demonstrating the
robustness of TraceVLA’s performance to these adjustments.

Transparency (o) SimplerEnv Average Success Rate
o =1 (TraceVLA) 47.7 %
o=0.38 47.3%

Table 5.3: Impact of transparency on TraceVLA performance.

Color: The choice of color scheme was also tested. The default TraceVLA color scheme uses
RYPBG (Red, Yellow, Purple, Blue, Green), while an alternative scheme POBGG (Pink, Orange, Blue,
Grey, Green) was evaluated. Results are presented in Table 5.4, showing negligible differences in
success rates.
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Color Scheme SimplerEnv Average Success Rate
RYPBG (TraceVLA) 47.7 %
POBGG 47.3%

Table 5.4: Impact of color scheme on TraceVLA performance.

Takeaway: Our experiments reveal that the choice of visualization parameters, including thickness,
transparency, and color, has a negligible impact on TraceVLA’s performance when chosen within
reasonable ranges. These results suggest that such parameters do not require extensive hyperparam-
eter tuning, simplifying their selection process. This robustness underscores Trace VLA’s reliability
across different visualization settings.

5.6.2 Baseline with Different Steps of Historical Observations

In Figure 5.8, I compared Trace VLA with OpenVLA using 6 steps of observation history to ensure
both models had access to the same amount of historical information. Here, in Figure 5.12, I
further compare Trace VLA with OpenVLA fine-tuned using 2 and 3 steps of observation history on
SimplerEnv. While a slight performance improvement is observed with 2-step history for OpenVLA,
TraceVLA consistently and significantly outperforms the baseline in success rates, highlighting the
effectiveness of visual trace prompting.

50%

TraceVLA Success Rate: 47.7%

IS
[
X

. 41.0%
— 39.5%

2%

Average Success Rate
w N
[0, ] o
X X

% > 3 6
Number of historical observation steps
Figure 5.12: Comparison of TraceVLA against OpenVLA with different steps of observation history.

5.6.3 Additional Real Robot Experiments

In this section, I present additional real robot experiments to further evaluate the generalization
capability of TraceVLA. I designed four unseen tasks to test the model’s ability to handle novel
objects, goals, language instructions, and motion scenarios. Additionally, for each trial except for
pushing cloth, I also add 2-3 random distracting objects into the scene.

» Task 1: pickplace banana: Pick up the banana and place it to the right of the plate. The
trial is counted as a success only when the robot correctly picks up the banana and places
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Figure 5.13: Four additional tasks for testing generalization in real robot settings.
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Figure 5.14: Number of successful trials for TraceVLA against OpenVLA on four additional real robot

experiments.
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it to the right of the plate. This task is particularly challenging because the banana object is
unseen in our real-robot finetuning dataset. Additionally, solving this task requires the model
to leverage its language understanding capability to ground spatial knowledge, rather than
relying on spurious correlations, as the instructions in our finetuning dataset only involve
placing objects on the plate.

» Task 2: pickplace eggplant: Pick up the eggplant and place it on the plate. The trial is
counted as a success only when the robot correctly places the eggplant on the plate. This task
tests the model’s capability for handling unseen goals, as the finetuning dataset only includes
placing the eggplant into a pot. Additionally, the eggplant is difficult to grasp, as incorrect
placement of the end-effector could easily cause the eggplant to rotate and miss the target.

» Task 3: lift battery: Lift the AAA battery. The trial is counted as a success only when the
robot correctly picks up the battery and lifts it without dropping or damaging it. This task
tests the model’s capability to handle unseen objects, as the battery is not included in our
finetuning dataset.

* Task 4: push cloth: Push the cloth from the left to the right of the table. The trial is counted
as a success only when the robot successfully pushes the cloth to within 1 inch of the right
edge of the table. This task evaluates the model’s motion generalization capability, as the
finetuning dataset only includes tasks involving folding cloth.

Analysis and Discussion. Interestingly, I find that TraceVLA demonstrates stronger language
grounding capability compared to OpenVLA, as evident in the pickplace banana task, where the
model successfully interprets the spatial relation “to the right of the plate” despite never encountering
such an instruction during finetuning. This suggests that TraceVLA is not merely overfitting to
the finetuning data distribution but instead learns to condition its actions based on natural language
instructions. Moreover, across all four unseen tasks, TraceVLA consistently achieves higher
success rates, reflecting its improved robustness to novel objects and goals. I attribute this enhanced
generalization to TraceVLA ’s temporally grounded visual-language alignment, which enables
more coherent reasoning over sequential observations and instructions.
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Chapter 6: Conclusion and Future Direction

6.1 Conclusion

This thesis studies representation learning for embodied agents by developing a unified framework
grounded in the principle of world-model-based latent representation learning. Across diverse
embodiments, modalities, and tasks, the central insight is that learning to model the dynamics of the
world, rather than merely imitating actions, provides a foundation for scalable and generalizable
intelligence in sequential decision-making systems.

Through this perspective, the thesis contributes along three major dimensions. First, it establishes
that learning compact latent state representations can substantially improve the efficiency and
generalization of downstream policy learning. TACO and Premier-TACO demonstrate how temporal
contrastive learning objectives can encode predictive structure and control-relevant dynamics,
yielding transferable visual representations that enable few-shot task adaptation. Building upon
this principle, FLARE extends the world-model formulation to large vision-language-action (VLA)
foundation models by incorporating a future latent alignment loss, enabling these models to learn
from action-free human video data and bridge human observation with robotic execution.

Second, the thesis shows that the same world-model objective can guide the learning of temporal
action abstractions. PRISE introduces a framework for discovering temporally extended actions
directly from raw trajectories, shortening the effective planning horizon in complex control problems.
By discretizing and tokenizing long-horizon behaviors, PRISE connects world modeling with the
hierarchical structure of action generation, leading to more efficient and robust multitask policy
learning.

Finally, the thesis explores the complementary role of symbolic representations in grounding large
multimodal models. TraceVLA demonstrates that explicit visual traces, symbolic encodings of
execution history, can serve as powerful visual prompts, enhancing a model’s ability to connect
perception with executable actions. This approach provides large VLA models with richer spatio-
temporal grounding and achieves significant improvements in real-robot manipulation tasks.
Together, these contributions outline a cohesive trajectory toward scalable generalist embodied
agents. By combining predictive world modeling, latent abstraction, and symbolic grounding, this
work moves beyond task-specific imitation to a deeper understanding of how agents can learn to
reason, plan, and act in dynamic environments.

6.2 Future Work

Building upon this foundation, the next step toward truly general-purpose embodied intelligence
is scaling world-model-based learning to large and diverse data. World models thrive on rich and
varied interaction data that captures the underlying physics of the real world. Thus, expanding their
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training distribution beyond narrowly collected robot demonstrations is both natural and necessary.
To reach the capability frontier observed in language models, robotic foundation models will require
orders of magnitude more diverse and physically grounded data covering the full spectrum of
interactions and embodiments.

However, collecting such large-scale data purely through robot teleoperation is prohibitively expen-
sive. Unlike text or image corpora that can be scaled automatically, teleoperation data collection
demands human operators, robotic platforms, and specialized motion-tracking devices such as
exoskeletons and mocap suit, all constrained by hardware availability and human effort. As a
result, current datasets remain several orders of magnitude smaller than those needed to train truly
generalist models.

A promising path forward lies in leveraging the most abundant source of interaction data avail-
able—humans themselves. Humans perform manipulation activities continuously in everyday life,
across diverse environments and with a wide variety of objects and goals. If we can capture this
rich stream of naturalistic human activity through lightweight, wearable devices such as cameras,
inertial sensors, or gloves, and translate it into robot-trainable representations, we can unlock an
unprecedented scale of data for embodied learning. Such data would enable robots to learn from
both expert demonstrations and everyday human behaviors, improving their understanding of how
the physical world works.

In this thesis, I have already taken preliminary steps in this direction through FLARE, which showed
that even action-free human video data can contribute meaningfully to robot policy learning via latent
alignment objectives. Nevertheless, these datasets still involve humans mimicking robot motions
rather than capturing natural human behavior in unconstrained settings. Future research should
therefore explore how to bridge this gap by combining advances in computer vision, such as pose
estimation and motion retargeting, to map human activities into robot-executable representations.
Once such mappings are established, world-model-based learning objectives can serve as a powerful
framework to digest and learn from this heterogeneous data, just as demonstrated in this thesis for
robot-collected teleoperation data. By doing so, we can train robots on truly large, diverse, and
physically grounded data, enabling embodied intelligence to scale in the same way that language
models scaled with text.
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