UC San Diego

UC San Diego Electronic Theses and Dissertations

Title
Democratizing Visual Robot Learning

Permalink

bttgs:ééescholarshiQ.orgéucéitemg8gv3586g

ISBN
9798255415199

Author
Almuzairee, Abdulaziz

Publication Date
2026-06-25

Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/8qv3586x
https://escholarship.org
http://www.cdlib.org/

UNIVERSITY OF CALIFORNIA SAN DIEGO

Democratizing Visual Robot Learning

A dissertation submitted in partial satisfaction of the
requirements for the degree Doctor of Philosophy

in

Computer Science (Computer Engineering)

by

Abdulaziz Almuzairee

Committee in charge:

Professor Henrik I. Christensen, Chair
Professor Nikolay Atanasov

Professor Julian McAuley

Professor Michael Yip

2026



Copyright
Abdulaziz Almuzairee, 2026

All rights reserved.



The Dissertation of Abdulaziz Almuzairee is approved, and it is acceptable in

quality and form for publication on microfilm and electronically.

University of California San Diego

2026

il



DEDICATION

To my dear family and friends, you make it all worthwhile.

iv



TABLE OF CONTENTS

Dissertation Approval Page . ........ .. iii
Dedication . . ... ...t e v
Table of CONENLS . .. ..ottt e e e e e e \'%
List Of FigUIES . . .. oot e viii
Listof Tables . .. ..ot e Xiv
Acknowledgements . . . ... e XV
1 P XVii
Abstract of the DisSertation . ......... ... .ot XViii
Chapter 1 Introduction . ....... .. . 1
Chapter 2 Visual Generalization . ........... ...ttt 5
2.1 Prior Work on Data Augmentation for Visual RL .......... ... ... ... ... 6
2.2 Background & Definitions ........... ...t 9

2.3 Stabilized Actor-Critic Learning under Data
AUZMENLAtION . . . ..ottt e 10
2.3.1 Shortcomings of Prior Work ....... ... ... ... ... ... ... 10
2.3.2 OurProposed Recipe . .........ooiiiii i 12
2.4 EXPErIMENtS . . ..ottt ettt et e e e e e 13
24.1 Results & DiSCUSSION . . .ottt 15
2.5 SUMMATY . .ottt e e e e 19
Chapter 3 Visual RobuStness . .. ... e 20
3.1 Related Works . .. ..o 22
3.2 Preliminari€s . . ... ...ttt e 24
3.3 Merge And Disentangle Views in Visual Reinforcement Learning ............ 25
33.1 MergeModule ........ ... 26
3.3.2 Feature-level Data Augmentation . ................covuiuninenan... 27
3.3.3  Augmentation Strate€gy . ............iiuiit i 27
3.4 EXPEIIMENLS . . ..o ottt et et et et e e e 29
34.1 Empirical Results . .......... . 31
3.5 Limitations and Conclusion . ......... ... ..ttt 36
Chapter4  Visual Efficiency ....... ... 38
4.1 Related Work . .. ..o 40
4.2 Background . ... ... 41
4.3 Method . ... 43



4.4 EXPEIIMENLS . . . oottt ittt e e e e e e e 46
4.5 ReSUItS ... 48
4.6 DISCUSSION ..ttt et e e e e e e e 50
477 ConCluSion . .. ... 53
Chapter 5 CONCIUSION . . .ot e e e 56
Appendix A Visual Generalization: Extended Material ............................ 58
A.1 Setup and Implementation ............. ... .. i 59
A 1.1 Hyper-parameters . ... .....couutmnn ettt 59
A.1.2 Training and Evaluation Setup ............. ... . ... ... ... ... 60
A.1.3 SACBased Formulation ............. ... ... .. ... 61
All4d Pseudocode ... ... ..ot 62

A2 Extended AnalysSis ... ...t e 62
A2 1 ADIationS .. ...t e 62
A.2.2 Distracting Control Suite Results ........... ... ... ... ... ..... 63
A.2.3 T-SNE Visualization ..............iiiiniinieiiniinnann.n. 64

A3 ViSUalS .o 65
A3.1 AUZMENAIONS . .\ v vttt ettt e et e e e e 65
A.3.2 DeepMind Control Suite . ........ ...t 67
A3.3 Meta-World . . ... 70

A4 Extended Results .. ... 71
A.4.1 DeepMind Control Suite Results ............... ... .. ... ... ..... 71
A42 Meta-World Results ........ ... 78

A.5 Statistical Significance Testing . .. ....... .. i 80
A.5.1 Overall Category Results: ........ ... ... . i ... 80
Appendix B Visual Robustness: Extended Material ................ ... .. ... ..... 83
B.1 Experiment SEtUp .. ... ...ttt 84
B.1.1 Hyper-parameters . . ... ....c.uuutte ittt 84
B.1.2 Baseline Implementations . ...............cuiiiiiiiininennenn .. 84
B.1.3 Environment Setups . .. ... ovti it e 85

B.2 Camera Scalability Experiments . .......... ... i, 87
B.2.1 Increased Camera VIEWS .. .........iiniiniinneiinnnennn. 87
B.2.2 Different Input Camera View Sizes .............ccuiiininnenn .. 87

B.3 Extended AnalySis ... .......oouiiniii 89
B.3.1 Best Camera View for Learning ........... ... .. .. .. .. ..., 89

B.4 Extended Results .............. . i 90
B.4.1 Overall Robustness. . ...........ooiiiini it 90
B.4.2 ADIations .. ...t 92
B.4.3 Multi-View Merging . ...........uuniiiiie i 92

B.5 Visuals .. ..o 94
B.5.1 Meta-World . . ... 94
B.5.2 ManiSKill3 . ... . 96

Vi



Bibliography

vii



Figure 2.1.

Figure 2.2.

Figure 2.3.

Figure 2.4.

Figure 2.5.

Figure 2.6.

Figure 2.7.

Figure 2.8.

LIST OF FIGURES

Augmentation Effect on CNN Output. We illustrate how the output
embedding of a trained CNN changes wrt. image augmentations. The
output of unaugmented and photometrically augmented images are identical
due to the ability of a CNN to learn color invariances. However, the output
of a CNN is generally not invariant to geometric augmentations (e.g.,
0] 7215 (0 o) TR

Our approach. Overview of SADA applied to a generic actor-critic
algorithm. We highlight our algorithmic contributions in yellow. SADA
selectively applies augmentations to the actor and critic inputs, and modifies
the learning objectives accordingly. . .............. ... ... ... .. ...

Overall Robustness. (7op) Samples from the DMC-GB2 test distributions,
divided into geometric and photometric test sets. (Bottom) Episode reward
on DMC-GB2 when trained under all (geometric and photometric) aug-
mentations, averaged across all DMControl tasks. Mean and 95% CI over
S SBBAS. L

Geometric vs Photometric Robustness. Episode reward averaged over
all DMControl tasks. (Top) Trained under geometric augmentations and
evaluated on DMC-GB2 geometric test set. (Bottom) Trained under
photometric augmentations and evaluated on DMC-GB2 photometric test
set. All hard levels visualized. Mean and 95% CI over 5 random seeds. ..

Actor Prediction Variance. Actor prediction variance between augmented
and unaugmented observations. | Lowerisbetter......................

Ablations. Episode reward on DMC-GB2 when trained under all aug-
mentations, averaged across all DMControl tasks. SADA (Naive Actor
Aug) and SADA (Naive Critic Aug) correspond to naive application of
augmentation to the actor and the critic respectively. SADA (No Critic
Aug) corresponds to applying augmentation only to the actor without any
application of augmentation to the critic. More details in Appendix A.2.1.
Mean and 95% Cl over 5 random seeds. ............. ...,

TD-MPC2 Baseline. Episode reward on DMC-GB2 when trained under all
augmentations with a TD-MPC2 backbone, averaged across all DMControl
tasks. Mean and 95% Clover 5seeds. . ...,

Meta-World. Success rate (%) on Shift Hard (Meta-World) distribution
when trained under strong shift augmentation only, averaged across all
Meta-World tasks. Mean and 95% CI for 5 random seeds. ..............

viii

14

18

19

19



Figure 3.1.

Figure 3.2.

Figure 3.3.

Figure 3.4.

Figure 3.5.

Figure 3.6.

Figure 3.7.

Figure 3.8.

Merge And Disentangle (MAD). We introduce a method that can merge
multiple camera views during training to learn better representations, while
simultaneously disentangling the camera view representations, such that
the policy can function with any singular view input during deployment. . .

Environment Setup. Our environment setup for robotic manipulation
where we use three input camera views as inputs, namely First Person,
Third Person A, and Third Person B across two visual RL benchmarks:
(Left) Meta-World (Right) ManiSkill3. Extended visuals in Appendix B.5.

MAD framework. Update diagram of a generic visual actor-critic model
with our modifications. MAD merges camera views through feature
summation and disentangles camera views by selectively augmenting
inputs to the downstream actor and critic with all the singular view features.
The agent is trained end-to-end with our defined MAD loss functions.
(Left): Single Shared CNN Encoder. (Middle): Actor Update diagram
(Right): Critic Update diagram. ................c..ciiiniunennenn..

Overall Robustness. Success rate as a function of environment steps,
averaged over all (Top) 15 Meta-World and (Bottom) 5 ManiSkill3 visual
RL tasks. Methods are trained on all three camera views and evaluated on
all and singular camera views with the final average displayed on the far
right. Mean and 95% CI over 5 random seeds. .......................

Ablations. Success rate as a function of environment steps, averaged over
5 Meta-World hard tasks. (7Top) Component Ablations. (Bottom) Alpha
Ablations. Methods trained on all camera views and evaluated on all and
singular camera views. Mean and 95% CI over 5 random seeds. ........

Multi-view Merging. Success rate as a function of environment steps
averaged over 5 Meta-World hard visual RL tasks. Methods were trained
and evaluated on (Left) two camera views - First and Third A - (Right) three
camera views. Dashed line indicates highest performance of singular view
baselines. Mean and 95% CI over 5 random seeds. . ...................

Occlusion Adaptability. Success rate as a function of environment steps,
averaged over 5 ManiSkill3 tasks. Methods are trained on all three views,
with two views fully occluded and only Third Person A being observable.
Mean and 95% Cl over Srandomseeds. . ..............oivniunenn..

Modality Adaptability. Success rate as a function of environment steps
averaged over 5 ManiSkill3 tasks. (Left) RGB and Depth images from
the PokeCube Third Person A view. (Right) Methods are trained on one
camera view (Third Person A) but with different modalities, and evaluated
accordingly. Mean and 95% CI over 5 random seeds. .................

X

20

22

29

34



Figure 4.1.

Figure 4.2.

Figure 4.3.

Figure 4.4.

Figure 4.5.

Figure 4.6.

Figure 4.7.

Figure A.1.

Figure A.2.

Fast Sim-to-Real Robotics. We setup 8 visual tasks on the 5 DoF SO-101
Robotics Arm in ManiSkill3 and train our method, Squint, purely from
images and proprioceptive state on these tasks for 15 minutes. After 15
minutes, we take the final checkpoint, and deploy it zero-shot to our real
robot setup. We show visuals of the real robot for each of the tasks above,
along with an image of the ”Start” frame, the final ”Success” frame, and

the ”Time” it takes our agent to converge in simulation for each task on a
single 3090 RTX GPU. . ... ... i

Robot Setup. (Left) Setup of the real robot from an external camera.
(Middle) The input camera image for the robot in both the real world and
simulation. We only use the wrist camera as the input image for the robot.
(Right) We display different preprocessing effects, downsampling from a
higher resolution vs rendering at the target resolution directly............

Method Diagram. Squint is a fast off-policy actor-critic visual rein-
forcement learning algorithm that accelerates training speed by leveraging
parallel environments and downsampling input image observations. . . . . ..

Design Choices. We experiment with the most critical design choices that
allow our agents to be trained while maximizing wall-time for sim-to-real
robotics deployment. Mean Success Rate and 95% CI over 5 seeds for all 8
BaSKS. .«

Overall Results. (Left) Comparison with visual RL baselines. (Right)
Comparison with State-to-Visual DAgger, where we include the time it
takes to train an SAC state expert into the comparison. Mean Success Rate
and 95% Cl over S seedson all tasks. ............ .. ... .. ... ... ..

Detailed Results. We train all methods for 15 minutes on all 8 tasks, and
plot the results above. Mean Success Rates and 95% CI over 5 seeds. (Top
Left) Simulation success rate table of all methods after 15 minutes. (7op
Right) Real world success rate table over 10 trials for each task. (Bottom)
Per-task success rate plots in simulation during training. ...............

Qualitative Examples. We show timesteps from left to right, and demon-
strate successful deployment on our real world robot. ..................

Ablations. Episode reward on DMC-GB2. Methods trained under all
augmentations and averaged across all DMControl tasks. Mean and 95%
Clfor Srandom seeds. . ........c.uiiniiniinn i

Distracting Control Suite. Episode reward on Distracting Control Suite.
Methods trained under all augmentations and averaged across all DMControl
tasks. Mean and 95% CI for S random seeds..........................

38

44

47

49

50

63



Figure A.3.

Figure A 4.

Figure A.S.

Figure A.6.

Figure A.7.

Figure A.8.

Figure A.9.

Figure A.10.

Figure A.11.

Figure A.12.

T-SNE Embeddings. We use T-SNE to visualize the projections of
converged SADA and SVEA agents trained under all augmentations in the
Walker Walk task. ... ...

Data augmentation. Visualizations of data augmentations applied in this
study. Left column contains samples from the Cheetah Run task, and right
column contains samples from the Cartpole Swingup task. Sets (c)-(h)
constitute of photometric augmentations while sets (i)-(n) constitute of
gEeOmEtric aUZMENtAtIONS. . . ...\ v vttt ettt

DMControl Train environment. (Left) Cheetah Run task. (Right)
Cartpole Swingup task. . ..... ... . ... . i

DMC-GB2 Photometric Test Set. Visualizations from the 6 photometric
test distributions inDMC-GB2. ....... ... .. .. .. ... . i

DMC-GB2 Geometric Test Set. Visualizations from the 6 geometric test
distributions in DMC-GB2. ....... ... . . .

Meta-World Train environment. (Left) Door Open task. (Right) Basket-
ball task. . ... e

Meta-World Test environment. Geometric test distribution in Meta-World.

DMC-GB2 Overall Robustness Results. Episode Reward. Methods
trained under all (geometric and photometric) augmentations and evaluated
on the all DMC-GB2 Test Sets. Mean and Stddev over 5 random seeds.
Highest scores in bold. Asterisk (*) indicates that the method is statistically
significantly greater than all compared methods with 95% confidence.. . ..

DMC-GB2 Overall Robustness Graphs. Episode Reward. Methods
trained under all (geometric and photometric) augmentations and evaluated
on all DMC-GB?2 Test Sets. Hard levels visualized. Mean and 95% CI over
S1andom SEEdS. .. ...t

DMC-GB2 Geometric Test Set Results. Episode Reward. Methods trained
under geometric augmentations and evaluated on DMC-GB2 Geometric
Test Set. Mean and Stddev over 5 random seeds. Highest scores in bold.
Asterisk (*) indicates that the method is statistically significantly greater
than all compared methods with 95% confidence. .....................

X1

64

68

69

72

73

74



Figure A.13.

Figure A.14.

Figure A.15.

Figure A.16.

Figure A.17.

Figure A.18.

Figure A.19.

Figure A.20.

Figure A.21.

DMC-GB2 Photometric Test Set Results. Episode Reward. Methods
trained under photometric augmentations and evaluated on DMC-GB2
Photometric Test Set. Mean and Stddev over 5 random seeds. Highest
scores in bold. Asterisk (*) indicates that the method is statistically
significantly greater than all compared methods with 95% confidence.. . . .

DMC-GB2 Geometric Test Set Graphs. Episode Reward. Methods
trained under geometric augmentations and evaluated on DMC-GB2 Geo-
metric Test Set. Hard levels visualized. Mean and 95% CI over 5 random

DMC-GB2 Photometric Test Set Graphs. Episode Reward. Methods
trained under photometric augmentations and evaluated on DMC-GB2
Photometric Test Set. Hard levels visualized. Mean and 95% CI over 5
random SEEAS. . . ..ottt e

Meta-World Results. Success rate (%). Trained under strong shift
augmentation only. Evaluated on Meta-World Shift Hard. Mean and Stddev
of 5 random seeds. Highest scores in bold. Asterisk (*) indicates that the
method is statistically significantly greater than all compared methods with
05% confidence. . . . ...oitii e

Meta-World Graphs. Success rate (%). Trained under Shift Augmentation,

Evaluated on Meta-World Shift Hard. Mean and 95% CI of 5 random seeds.

Overall Robustness. Statistical Significance Measurement using Welch
t-test on the episode reward on DMC-GB2. Methods trained under all
augmentations and averaged across all DMControl tasks. Mean over 5
random SEeds. . . .. ...

Geometric vs Photometric Robustness. Statistical Significance Measure-
ment using Welch t-test on the episode reward on DMC-GB2. Methods
were trained under geometric augmentations and evaluated on the geometric
test set, and trained under photometric augmentations and evaluated on the
photometric test set, averaged across all DMControl tasks. Mean over 5
random SEEdS. . . . ...t

Ablations. Statistical Significance Measurement using Welch t-test on the
episode reward on DMC-GB2. Methods trained under all augmentations
and averaged across all DMControl tasks. Mean over 5 random seeds. . . . .

TD-MPC2 Baseline. Statistical Significance Measurement using Welch
t-test on the episode reward on DMC-GB2. Trained under all augmentations
with a TD-MPC2 backbone, averaged across all DMControl tasks. Mean
over Srandom Seeds. .. ...

Xii

75

82

82



Figure A.22.

Figure B.1.

Figure B.2.

Figure B.3.

Figure B 4.

Figure B.5.

Figure B.6.

Meta-World. Statistical Significance Measurement using Welch t-test on
the success rate (%) on Shift Hard (Meta-World) distribution. Trained
under strong shift augmentation only, averaged across all Meta-World tasks.
Mean over Srandom seeds.......... .. i

View Robustness. Success rate as a function of environment steps, averaged
over 5 ManiSkill3 visual RL tasks. Methods are trained on all five camera
views and evaluated on all and singular camera views with the final average
displayed on the far right. Mean and 95% CI over 5 random seeds. ......

View Robustness. Success rate as a function of environment steps, averaged
over 5 ManiSkill3 visual RL tasks. Methods are trained on all three camera
views and evaluated on all and singular camera views with the final average
displayed on the far right. Mean and 95% CI over 5 random seeds. ......

First Person Camera View Failure. Success rate as a function of
environment steps on the ManiSkill3 PokeCube task. Methods are trained
on all three views and evaluated an all and singular views separately. Mean
and 95% Cl over Srandomseeds. ............... . ... iiiiiiii..

Overall Robustness. Success rate as a function of environment steps,
averaged over 15 Meta-World and 5 ManiSkill3 visual RL tasks. (7op
Left) Meta-World Medium. (7Top Right) Meta-World Hard. (Bottom Left)
Meta-World Very Hard. (Bottom Right) ManiSkill3. Methods are trained
on all three camera views and evaluated on all and singular camera views.
Mean and 95% CI over 5 random seeds. In reference to Figure 3.4 in the
MAIN TEXE. . . oottt et e e e e

Ablations. Success rate as a function of environment steps, averaged
over 5 Meta-World hard visual RL tasks. (Left) Alpha Ablations. (Right)
Component Ablations. Methods are trained on all three camera views and
evaluated on all and singular camera views. Mean and 95% CI over 5
random seeds. In reference to Figure 3.5 in the main text. ..............

Multi-view Merging. Success rate as a function of environment steps,
averaged over 5 Meta-World hard visual RL tasks. Methods trained and
evaluated on (Left) two camera views - First and Third A - (Right) three
camera views. Mean and 95% CI over 5 random seeds. In reference to
Figure 3.6 inthemaintext. ........... ... .. it

Xiii

87

88

&9

91

92



Table 4.1.

Table 4.2.

Table 4.3.

Table 4.4.

Table A.1.

Table A.2.

Table A.3.

Table B.1.

LIST OF TABLES

Real World Success - Compared with Visual DAgger. .................. 48
Simulation Success Rates (o) . ...t 49
Real-World Success Rates ........ .. .. . i 49
Real World Success - Visual Robustness. ............. .. .. .. ... .... 51
The default set of hyper-parameters used in our experiments. ............ 59

DMControl Task List. Task observations are rgb frames of dimensionality
R(8x84x84) e yse frame stacking of the three most recent rgb frames such
that the observation dimensionality becomes R(®*84x84) Task difficulty is
based on the difficulty classification defined in Yarats et al. [2021b]. ...... 60

Meta-World Task List. Task observations are rgb frames of dimensionality

R(3x84x84) "We yse frame stacking of the three most recent rgb frames such
that the observation dimensionality becomes R(®*84x84) Task difficulty is
based on the difficulty classification defined in Seo et al. [2023a]. ........ 60
The default set of hyper-parameters used in our experiments. ............ 84

Xiv



ACKNOWLEDGEMENTS

I am beyond grateful to my research advisor, Professor Henrik I. Christensen, for his
unwavering support and continued guidance, pushing me to grow as a researcher during my PhD
journey. Our meetings have always left me with renewed determination and optimism, and his
advice has been invaluable in navigating my research path. I am honored for having him as my
research advisor.

I would like to extend my sincere gratitude to my committee members, Professor Nikolay
Atanasov, Professor Julian McAuley, and Professor Michael Yip for their invaluable time and
their insightful feedback on my PhD thesis.

I would like to thank my co-authors: Nicklas Hansen, Rohan Patil, Dwait Bhatt,
Shubhankar Borse, Marvin Klingner, Varun Ravi Kumar, Hong Cai, Senthil Yogamani, and Fatih
Porikli. Without their support, this work would not have been possible.

I would like to thank my lab members: Jing-yan Liao, Jiaming Hu, Seth Farrell, Yang Jiao,
Chenghao Li, Rohan Patil, Yiding Qiu, Julian Raheema, Luobin Wang, Zihan Zhang, Hengyuan
Zhang, Anwesan Pal, Akanimoh Adeleye, Christopher D’Ambrosia, and David Paz. They made
this journey lighter, brighter, and richer.

I would like to express my heartfelt thanks to my supervisors during my Qualcomm
internship Steve Han and Hong Cai for their guidance and support during my internship.

I would like to thank both Professor Hao Su and Jiayuan Gu for their support and time
during our joint work.

I would like to sincerely thank Professor Patrick Virtue from Carnegie Melon University
for his support and advice.

Chapter 2 and Appendix A, in full, are a reprint of the material as it appears from ”A
Recipe for Data Augmentation in Visual Reinforcement Learning” by Abdulaziz Almuzairee,
Nicklas Hansen, and Henrik I. Christensen. In Reinforcement Learning Journal, 2024. The
dissertation author was the primary investigator and author of this paper.

Chapter 3 and Appendix B, in full, are a reprint of the material as it appears from

XV



9

“Merging and Disentangling Views in Visual Reinforcement Learning for Robotic Manipulation’
by Abdulaziz Almuzairee, Rohan Patil, Dwait Bhatt, and Henrik I. Christensen. In Conference
on Robot Learning, 2025. The dissertation author was the primary investigator and author of this
paper.

Chapter 4, in full, is a reprint of the material as it appears from ”Squint: Fast Visual
Reinforcement Learning for Sim-to-Real Robotics” by Abdulaziz Almuzairee and Henrik 1.
Christensen. Under Review, 2026. The dissertation author was the primary investigator and

author of this paper.

Xvi



VITA

2019 Bachelor of Science in Computer Engineering,
San Diego State University

2019-2021 Research Assistant, Carnegie Melon University

2020 Master of Science in Electrical and Computer Engineering,
Carnegie Melon University

2022-2026 Research Scientist, Cognitive Robotics Lab, University of California San Diego
2022 Deep Learning Research Intern, Qualcomm Inc, San Diego

2025 Teaching Assistant, Department of Computer Science and Engineering
University of California San Diego

2026 Doctor of Philosophy in Computer Science (Computer Engineering),
University of California San Diego

PUBLICATIONS

Abdulaziz Almuzairee and Henrik I. Christensen. ’Squint: Fast Visual Reinforcement Learning
for Sim-to-Real Robotics.” Under Submission, 2026.

Abdulaziz Almuzairee, Rohan Patil, Dwait Bhatt, and Henrik I. Christensen. “Merging
and Disentangling Views in Visual Reinforcement Learning for Robotic Manipulation.” Confer-
ence on Robot Learning. PMLR, 2025.

Abdulaziz Almuzairee, Nicklas Hansen, and Henrik I Christensen. ”A Recipe for Unbounded
Data Augmentation in Visual Reinforcement Learning.” Reinforcement Learning Journal, vol. 1,
2024, pp. 130-157.

Shubhankar Borse, Marvin Klingner, Varun Ravi, Hong Cai, Abdulaziz Almuzairee, Senthil
Yogamani, and Fatih Porikli. ”X-Align++: cross-modal cross-view alignment for Bird’s-eye-view
segmentation.” Machine Vision and Applications 34.4 (2023).

Shubhankar Borse, Marvin Klingner, Varun Ravi Kumar, Hong Cai, Abdulaziz Almuzairee,
Senthil Yogamani, and Fatih Porikli. ”X-align: Cross-modal cross-view alignment for bird’s-
eye-view segmentation.” Proceedings of the IEEE/CVF Winter Conference on Applications of
Computer Vision. 2023.

Xvii



ABSTRACT OF THE DISSERTATION

Democratizing Visual Robot Learning

by

Abdulaziz Almuzairee

Doctor of Philosophy in Computer Science (Computer Engineering)

University of California San Diego, 2026

Professor Henrik I. Christensen, Chair

Visual reinforcement learning holds great promise for training robot controllers end-to-end
from image inputs, offering capabilities that classical controllers fail to attain. However, scaling
visual reinforcement learning to diverse backgrounds, setups and tasks remains nontrivial. These
limitations are not due to a lack of data alone, but due to current visual reinforcement learning
methods being too brittle and inefficient for widespread adoption. To further democratize visual
robot learning, we tackle three core limitations of visual reinforcement learning for continuous
control: poor visual generalization, poor visual robustness, and poor visual training efficiency.

We first address poor visual generalization by introducing SADA (Stabilized Actor-Critic

under Data Augmentation), a training recipe that augments the agent’s replay buffer with large

xviii



image datasets and visual transformations, enabling invariance to visual perturbations without
destabilizing training. Second, we tackle visual robustness under multi-camera and multi-sensor
setups with MAD (Merge and Disentangle), a lightweight method that maximizes training
efficiency with multiple inputs while remaining robust to sensor failures at deployment. Third,
we improve training efficiency with Squint, a novel oft-policy visual reinforcement learning
algorithm that achieves faster wall-time training than prior methods through parallel simulation,
resolution squinting, a tuned updated-to-data ratio, a distributional critic, layer normalization,
and an optimized implementation. Squint succeeds in training deployable visual reinforcement
learning policies to our real SO-101 robot setup in minutes. Together, these three contributions
lower the barrier to entry for visual robot learning, making visual reinforcement learning agents

more practical and accessible for the broader research community.
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Chapter 1

Introduction

Reinvention is at the heart of humanity’s essence, as it marks different ages in history. The
most imminent one is that of artificial intelligence and robotics. Both artificial intelligence and
robotics hold the promise of reforming our lives, improving its quality, and advancing humanity.
While the goal is clear, the path towards these advancements is unclear. Towards this endeavor,
many research trajectories have been pursued and formulated. This thesis focuses on training
intelligent agents that learn from experience, namely reinforcement learning (RL) [Kaelbling
et al., 1996, Sutton and Barto, 2018], to control robots from visual inputs. Through trial and
error, these agents can learn to control robots, imbuing them with unprecedented capabilities and
accuracy that classical controllers fail to attain.

While earlier formulations of reinforcement learning are tabular [Watkins and Dayan,
1992], recent advances in reinforcement learning have shown it to work with deep neural networks,
enabling the age of deep reinforcement learning [Mnih et al., 2013]. In Mnih et al. [2013], agents
were trained to play Atari from scratch in simulation. Given input images, a neural network would
be trained to output discrete actions, that maximize an action-reward function, referred to as the
Q-function [Watkins and Dayan, 1992, Mnih et al., 2013, 2015], in a goal to maximize the final
score in the each Atari level. While visual reinforcement learning started with Atari for discrete
control, its implications soon followed into robotics for continuous control [Levine et al., 2016,

Pinto and Gupta, 2016, Kalashnikov et al., 2018]. Learning robot controllers end-to-end purely



from vision allows lightweight deployment to visual tasks without the need of auxiliary models
to extract task-specific representations. In return, this also allows agents to focus on extracting
features that are useful for the downstream task. These two advantages hold the promise of
allowing us to train superhuman agents that can control robots to excel at tasks that we define.

While this proves powerful for training an agent to control a robot on a single task, scaling
this agent to allow it to generalize to different backgrounds, setups, and tasks is nontrivial. This
difficulty is not due to a lack of data alone, but because current visual reinforcement learning
methods are too brittle and inefficient for widespread adoption.

To democratize visual robot learning, the barrier of entry for this field needs to be lower
than ever, and the agents need to be easily trainable, deployable and robust. Since this dissertation
focuses on visual robot learning through the lens of visual reinforcement learning, we focus on
tackling the major limitations of visual reinforcement learning for continuous control. Visual
reinforcement learning agents suffer from (1) poor visual generalization: easily overfitting to
input images, making them fail with the slightest visual perturbations (2) poor visual robustness:
failing when some redundant cameras or sensors fail, even though enough information is present.
(3) slow training times: taking long times to train policies on task due to the use of visual
encoders.

Firstly, we improve visual generalization of visual reinforcement learning agents through
the use of data augmentation. While overfitting stems from the limited images that an agent sees
during training on a single task, we augment the data that the agent learns from by incorporating
large image datasets and visual transformations. During training, reinforcement learning agents
keep a replay buffer of all their experiences, from which they sample from continuously to keep
updating their weights. By augmenting the data in this replay buffer, we allow the agent to see
diverse possibilities of images that map to the same task specific state, thereby learning to be
invariant to different visual perturbations. However, augmenting the replay buffer naively hurts
training efficiency and risks divergence in training. We introduce a training recipe for applying

augmentation in Chapter 2, named SADA (Stabilized Actor critic under Data Augmentation)



[Almuzairee et al., 2024], that produces visual robot agents that can generalize to diverse visual
scenarios.

Secondly, we show that we can produce robust visual reinforcement learning agents
under multi sensor and multi camera setups. When training under multi camera or multi sensor
setups, reinforcement learning algorithms are dependent on all the inputs, even redundant
ones. This renders them fragile whenever a single sensor malfunctions or is not available on
deployment. Furthermore, a common paradigm in training is that we would like to maximize
learning efficiency by using all available cameras and sensors during training, but still allowing
lightweight deployment, with the minimal set of sensors or cameras needed. To achieve this, we
introduce a method named MAD (Merge and Disentangle) [Almuzairee et al., 2025] in Chapter 3.
MAD allows RL agents to maximize training efficiency with multiple input cameras, while still
being robust enough to work with any single camera on deployment. Most importantly, MAD
incorporates lightweight changes that can be applied to any reinforcement learning algorithm.

Third, we highlight how we can speed up training times and improve training efficiency
when training visual reinforcement learning agents. The use of visual encoders, encoding and
storing of input images, combined with non-stationary targets that are present in reinforcement
learning frameworks, introduce many challenges for training fast reinforcement learning agents.
This slows down research iteration, and makes it difficult for practitioners to adopt and build
on these algorithms. Most previous visual reinforcement learning methods show that on-policy
methods, namely ones that waste samples by only using training samples produced by the
current policies, can be faster to train in terms of wall-time than off-policy methods, namely
ones that can reuse samples from any policy. This is mainly due to the use of fast parallel
simulators, as on-policy methods are easy to scale. In Chapter 3, we introduce a novel off-policy
visual reinforcement learning algorithm, named Squint [Almuzairee and Christensen, 2026],
that achieves faster wall-time training speed than prior visual reinforcement learning algorithms.
Squint achieves this via parallel simulation, a distributional critic, resolution squinting, layer

normalization, a tuned update-to-data ratio, and an optimized implementation. We train an



SO-101 robot arm using Squint for 15 minutes and deploy it zero-shot to our real robot setup,
with most tasks converging in under 6 minutes.

To summarize, the rest of this thesis is organized as follows: we discuss improving visual
generalization in Chapter 2, improving visual robustness in Chapter 3, and improving visual
efficiency for reducing training times in Chapter 4. Finally, we discuss concluding remarks and

future directions in Chapter 5.



Chapter 2

Visual Generalization

Visual Reinforcement Learning (RL) has a myriad of real-world applications [Mnih et al.,
2013, Levine et al., 2016, Pinto and Gupta, 2016, Kalashnikov et al., 2018, Berner et al., 2019,
Vinyals et al., 2019], and visual (-learning algorithms are especially enticing because of their
potential for high data-efficiency. However, they are very prone to overfitting on their training
distribution due to the combination of flexible representation, high-dimensional data, and limited
visual diversity in training environments [Peng et al., 2018, Cobbe et al., 2019, Julian et al.,
2020].

Data augmentation is a widely used technique for learning visual invariances in supervised
learning [Noroozi and Favaro, 2016, Tian et al., 2019, Chen et al., 2020], but has been found
to cause training instabilities when applied to visual RL [Lee et al., 2019a, Laskin et al., 2020,
Hansen and Wang, 2021]. Prior work, SVEA [Hansen et al., 2021b], found that a more selective
application of data augmentation in the critic update of actor-critic algorithms [Lillicrap et al.,
2015, Haarnoja et al., 2018] improved training stability significantly. The actor (policy) —
which shares its visual backbone with the critic (Q)-function) — is then optimized solely from
unaugmented observations. By sharing their visual backbone, the actor indirectly benefits from
the learned invariances.

In this work, we revisit the data augmentation recipe proposed in SVEA, and discover an

assumption that limits its practicality to augmentations of a photometric (color or light altering)



nature. SVEA assumes that an encoder’s output embedding can become fully invariant to input
augmentations. If an encoder’s output is fully invariant to input augmentations, then an actor,
only trained on unaugmented observations, can become robust to input augmentations indirectly
through a shared actor-critic encoder. However, this leads to two key failure cases: (i) the output
of a convolutional neural network (CNN) encoder can not become invariant to input geometric
augmentations e.g., rotation or translation; (see Figure 2.1) and (ii) the encoder and critic are
trained end-to-end, thus, part of the invariance may be off-loaded to the critic regardless of the
type of augmentation.

To address these limitations, we propose SADA: Stabilized Actor-Critic under Data
Augmentation, a generalized data augmentation recipe that supports a wide variety of augmenta-
tions. Instead of only augmenting critic inputs, SADA augments both actor and critic inputs,
but does so carefully to avoid training instabilities: (/) in actor updates, only the policy input is
augmented while the ()-function input is left unaugmented, (2) in critic updates, only the online
@-function input is augmented while the target ()-function input is unaugmented, and (3) we
jointly optimize components on both augmented and unaugmented data. Importantly, SADA
requires no additional forward passes, losses, or parameters.

To stress-test our method, we propose DMC-GB2, an extension of the DeepMind Control
Suite Generalization Benchmark [Hansen and Wang, 2021] that encompasses a wider and more
challenging collection of test environments than existing benchmarks. We benchmark methods
across DMC-GB2, tasks from Meta-World [Yu et al., 2020], and the Distracting Control Suite
[Stone et al., 2021], and find that SADA greatly improves training stability and generalization of

RL agents under a diverse set of augmentations.

2.1 Prior Work on Data Augmentation for Visual RL

The practice of learning visual invariances by augmenting data is ubiquitous in machine

learning literature, and has been studied extensively in the context of supervised and self-
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Figure 2.1. Augmentation Effect on CNN Output. We illustrate how the output embedding of a
trained CNN changes wrt. image augmentations. The output of unaugmented and photometrically
augmented images are identical due to the ability of a CNN to learn color invariances. However,
the output of a CNN is generally not invariant to geometric augmentations (e.g., rotation).

supervised learning algorithms for computer vision problems [Noroozi and Favaro, 2016, Wu
et al., 2018, Oord et al., 2018, Tian et al., 2019, Chen et al., 2020, He et al., 2022]. More
recently, use of augmentation has also been popularized in the context of visual RL. However,
there is mounting evidence that much of the wisdom and practices developed in other areas (e.g.
computer vision) do not translate to RL problems, presumably due to differences in learning
objectives, datasets, and network architectures used. For example, while machine learning
literature commonly considers a fixed dataset, RL algorithms are often trained on a non-stationary
data distribution (replay buffer) that changes throughout training, and incoming data is typically
a function of the current (behavioral) policy. As a result, RL datasets are often small and
have limited diversity. This section provides an overview of prior work that leverages data
augmentation to improve data-efficiency and generalization.

Improving data-efficiency with data augmentation. Much of the existing literature on
visual RL leverages weak data augmentation (e.g. random crop or image shift) as a regularizer
when data is limited, i.e., when data-efficiency is critical [Srinivas et al., 2020, Laskin et al.,
2020, Kostrikov et al., 2020, Stooke et al., 2020, Yarats et al., 2021b, Hansen et al., 2023],

without particular emphasis on generalization or robustness to changes in the environment. For



example, seminal works RAD [Laskin et al., 2020] and DrQ [Kostrikov et al., 2020] demonstrate
that randomly cropping or shifting images, respectively, by a few pixels greatly improves data-
efficiency and training stability of ()-learning algorithms — even when agents are trained and
tested in the same environment. However, Laskin et al. [2020] simultaneously find that other
types of augmentation (rotation, random convolution, masking) lead to training instabilities and
a substantial decrease in data-efficiency.

Improving generalization with data augmentation. Visual generalization is a chal-
lenging but increasingly important problem in RL due to its limited data diversity. Multiple
prior works aim to improve the training stability and generalization of RL algorithms by, e.g.,
proposing new types of augmentation [Lee et al., 2019a, Wang et al., 2020, Hansen and Wang,
2021, Hansen et al., 2021b, Zhang and Guo, 2021, Wang et al., 2023], or introducing new
(auxiliary) objectives [Raileanu et al., 2020, Hansen et al., 2021a, Wang et al., 2021, Fan
et al., 2021, Yuan et al., 2022a, Yang et al., 2024]. For example, Lee et al. [2019a] augment
high-frequency content in observations using random convolution, Hansen and Wang [2021]
randomly overlay observations with out-of-domain images, and Yang et al. [2024] adapt to
camera changes at test-time using an auxiliary self-supervised objective and augmented data.
Perhaps most importantly, SVEA [Hansen et al., 2021b] investigate why strong augmentations
(such as those used in the aforementioned works) often destabilize training in an RL context,
and propose an alternative method of applying augmentations that mitigate these instabilities.
Our work builds upon SVEA and demonstrates that — while SVEA is robust to photometric
augmentations — it largely fails when applied to (equally important) geometric augmentations.

We recommend the survey by Kirk et al. [2023] for a more comprehensive overview of

prior work.



2.2 Background & Definitions

Visual Reinforcement Learning (RL) formulates interaction between an agent and its
environment as a Partially Observable Markov Decision Process (POMDP) [Kaelbling et al.,
1998]. A POMDP can be formalized as a tuple (S, O, A, T, R, ), where S is an unobservable
state space, o € O are observations from the environment (e.g., RGB images), a € A are actions,
T:S8S x A~ Sisatransition function, r is a task reward from a reward function R: S x A — R,
and + is a discount factor. Throughout this work, we approximate the unobservable states s € S
by defining observations as a stack of the three most recent RGB frames o, = {x;,X;_1,X; 2}
for frames x;.; - at time ¢ [Mnih et al., 2013]. The goal is then to learn a policy 7: O — A such
that the discounted sum of rewards £, [Zfi 0 ~v'r;] is maximized (in expectation) when following
the policy 7.

(-Learning algorithms developed for visual RL generally estimate the optimal state-
action value function Q*: O x A — R with a neural network (denoted the critic). This is
achieved by dynamic programming using the single-step Bellman error (o, a;) — y; where y,
is the temporal difference (TD) target y; = r; + YQ(0¢11, @r11), a1 ~ 7(-|os11). In practice,
the (Q-network used to compute y; is usually chosen to be an exponential moving average of
the ()-function being learned [Lillicrap et al., 2015, Haarnoja et al., 2018]. The policy 7 is
obtained by taking the action a; &~ arg max,, (0, a;) Vo in the current dataset (replay buffer),
which is typically estimated by training a separate actor network when .4 is continuous. These
two components — the actor and the critic — are iteratively updated by collecting data in the
environment, appending it to a replay buffer D, and optimizing (), © with the following objectives

using stochastic gradient descent:

Lo(D) = Eovarm,000~p [[Q01, 1) = wil2] - (critic) (2.1)

L:(D) = Eo,np [—Q(04, m(04)] (actor) (2.2)



where gradients of the first objective are computed wrt. () only, and gradients of the second
objective are computed wrt. 7 only. When learning from images, observations are commonly
encoded using a shared convolutional encoder f such that ), 7 are redefined as Q(f(o;),a)
and 7(f(o¢)), with f only being updated by the critic objective L. Due to the recurrent and
self-referential nature of Equations 2.1-2.2, ()-learning algorithms are often more data-efficient
than other algorithm classes, but are very prone to training instabilities — especially when data
augmentation is applied to observations.

Image transformations. Throughout this work, we classify image transformations into
two types: photometric and geometric transformations. Photometric transformations alter image
color and lighting properties while preserving the spatial arrangement of pixels (e.g. random
convolution, image overlay). Geometric transformations alter the spatial arrangement of pixels
while keeping image color and lighting properties intact (e.g. rotation, shift). We visualize

examples of photometric and geometric transformations in Figure 2.1.

2.3 Stabilized Actor-Critic Learning under Data
Augmentation

We revisit common wisdom and practices when applying data augmentation in ()-learning
algorithms, and discover that prior work makes an assumption that only holds for augmentations
that are photometric in nature. We propose SADA: Stabilized Actor-Critic Learning under
Data Augmentation, a generalized recipe for data augmentation that significantly improves the
performance of a wider variety of augmentations. We start by outlining the assumptions of prior

work, its implications, and then present our proposed solution.

2.3.1 Shortcomings of Prior Work

Naive augmentation, where all inputs are indiscriminately augmented, has been shown to
lead policies to suboptimal convergence [Raileanu et al., 2020, Hansen et al., 2021b]. Unlike

supervised learning, the application of augmentation in RL can lead to a conflict of task objective,
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Figure 2.2. Our approach. Overview of SADA applied to a generic actor-critic algorithm. We
highlight our algorithmic contributions in yellow. SADA selectively applies augmentations to the
actor and critic inputs, and modifies the learning objectives accordingly.

conflict of learning objective, or increased variance that exacerbates instabilities within actor-critic
frameworks.

To stabilize actor-critic learning under strong applications of data augmentation, SVEA
[Hansen et al., 2021b] selectively applies augmentations in the critic updates, without any
application of augmentation in the actor updates. The actor — optimized purely from unaugmented
observations — becomes robust to augmentations indirectly, through the use of a shared actor-critic
encoder. By using this formulation, SVEA assumes that the encoder can output embeddings
that are invariant to input augmentations, such that an actor can indirectly become robust to
input augmentations. This assumption leads to two key failure cases: (i) the output embedding
of a CNN encoder can not become invariant to input geometric augmentations, (ii) even with
photometric augmentations, part of the robustness could be off-loaded to the critic.

We provide a motivating example for key failure case (i) in Figure 2.1 and show that
geometric transformations will always induce changes in a CNN’s output embedding. Therefore,
an actor not directly trained on these changed output embeddings will not become robust to these
geometric transformations. As for key failure case (i), a CNN can learn to output embeddings
that are invariant to input photometric augmentations. However, the objective is formulated such
that the output of the critic is robust to input image augmentations, indicating that if either the

encoder or the critic is robust, the objective will be satisfied. Therefore, some of the photometric
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resistance might be contained within the critic, rendering the actor weaker against photometric

transformations.

2.3.2 Our Proposed Recipe

To mitigate shortcomings of previous works, the actor needs to directly train on the
augmented stream. However, naively training the actor on the augmented stream exacerbates
training instabilities. Each image augmentation applied adds a more complex distribution for the
agent to learn compared to the original training distribution. To overcome this complexity, we
introduce SADA, a general framework for stabilizing actor-critic agents under strong applications
of data augmentation.

In the actor’s update, we elect to use asymmetric observation inputs to the policy and
@-function [Pinto et al., 2017]. Specifically, we allow the policy to observe both the augmented
and unaugmented streams, while the ()-function estimates the ()-value observing only the
unaugmented stream. Since the ()-value estimates of both the augmented and unaugmented
streams should be identical, we allow the ()-function to exploit only the unaugmented stream
(easier distribution) in making accurate ()-value estimates. Given an observation o,, replay buffer

D, and an encoder f;, the actor objective for a generic actor critic thus becomes:

LN(D) = Eop [~Qo(my, mo(pe)]  (actor) (23)

where p; = fe([o,0;"%]y), m; = fe([or,04]y) and 03" = aug(oy, vy), v, ~ V. We use [|n
to denote concatenation for batch size of dimensionality NV where o, 0" € RVXCXHXW yye
use aug() as the augmentation operator where we stochastically sample from the augmentation
distribution V' and apply it to the input observation.

In the critic update, we apply a similar asymmetric observation setup with the ()-value
and ()-target estimates. We allow the online ()-function, Dy, to estimate the ()-value observing

both the augmented and unaugmented streams, while the target ()-function, (5, estimates the

12



(Q-targets observing only the unaugmented stream. Since the ()-target estimates of both the
augmented and unaugmented streams should be identical, this reduces the variance in ()-target
estimates and allows the target ()-function to exploit the unaugmented stream (easier distribution)
in making accurate ()-target estimates. The ()-target estimate, ¢,%", is unaltered while the critic

objective, £%“:DA, is changed such that:

q;gt = (o, ag) + ’YmaXa’tQE(fé(OtH)a a) GH

L3 (D) = Biowaurvorsyp [1Qo(Pra) = yilla] - (eritic (2.5)

where p; = f¢([or,0,%]y), and y; = [qut, qut] v+ Anoverview of our algorithm is provided in

Figure 2.2. A detailed SAC-based formulation is provided in Appendix A.1.3, and pseudocode is

provided in Appendix A.1.4.

2.4 Experiments

We evaluate our method and baselines across 11 visual RL tasks from the DMControl
[Tassa et al., 2018] and Meta-World-v2 [Yu et al., 2020] benchmarks and 12 test distributions from
our proposed DMControl - Generalization Benchmark 2 (DMC-GB2). We additionally evaluate
on the Distracting Control Suite [Stone et al., 2021] and provide the results in Appendix A.2.2.
All methods are trained under strong augmentations in the training environments and evaluated
in a zero-shot manner on their respective test distributions. See Figure 2.3 for a visualization of
DMC-GB?2 test environments. The full DMControl and Meta-World task lists are provided in

Appendix A.1.2. Concretely, we aim to answer the following questions through experimentation:

- Robustness. How does SADA compare to baselines in terms of overall augmentation

robustness? In terms of geometric vs photometric robustness?

- Analysis. Why do baselines fail to display geometric robustness, and how does SADA solve

the problem? How do each of the SADA design choices affect results?
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Figure 2.3. Overall Robustness. (7op) Samples from the DMC-GB?2 test distributions, divided
into geometric and photometric test sets. (Bottom) Episode reward on DMC-GB2 when trained
under all (geometric and photometric) augmentations, averaged across all DMControl tasks.

Mean and 95% CI over 5 seeds.
- Generality. Can SADA be readily applied to other RL backbones and benchmarks?

Setup. We build on DrQ [Laskin et al., 2020] as our backbone algorithm, and use a fixed
set of hyperparameters across all tasks and environments. All agents are trained for one million

environments steps and use stacks of the three most recent RGB frames (3 x R(3x84x84))

as
observations. A full list of hyperparameters and training details is provided in Appendix A.1.
Test environments. As our experiments will reveal, previous methods largely fail
to generalize to geometric changes, which has gone unnoticed due to existing benchmarks
predominantly evaluating photometric robustness. Therefore, we propose the Deepmind Control
Suite Generalization Benchmark 2 (DMC-GB2), an extension of DMC-GB [Hansen and Wang,
2021] to encompass a wider collection of photometric and geometric test distributions. In
DMC-GB2, we provide geometric and photometric test sets. The geometric test set considers
two types of geometric distributions — rotations and shifts — both individually and jointly, and at
varying intensities categorized as easy and hard environments. The photometric test set considers

a complementary setup for two types of photometric distributions — colors and videos. Detailed

visualizations of all 12 DMC-GB2 test distributions is provided in Appendix A.3.2.
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Data augmentation. We apply a weak augmentation of random shifting to all our inputs
as conducted in our DrQ baseline, and consider it unaugmented. We further employ a set of
strong augmentations, taking into account both geometric and photometric transformations.
For geometric augmentations, we use random shift [Laskin et al., 2020], random rotation,
and a combination consisting of random rotation followed by random shift. For photometric
augmentations we use random convolution [Lee et al., 2019a], random overlay [Hansen and
Wang, 2021], and a combination consisting of random convolution followed by random overlay.
We sample an augmentation from this set of six strong augmentations for each input sample in all
our experiments unless stated otherwise. Detailed visualizations of all augmentations is provided
in Appendix A.3.1.

Baselines. We benchmark our method against the following well-established baselines.
1) DrQ Laskin et al. [2020], a visual based Soft Actor Critic baseline that uses random shifts as
the default augmentation for all inputs. 2) DrQ + Aug, a variant of DrQ implemented with a
naive application of strong augmentations. 3) SVEA Hansen et al. [2021b], which builds on
DrQ with a selective application of augmentation in the (Q-function to increase robustness under

strong augmentations.

2.4.1 Results & Discussion

Robustness. For measuring the overall robustness, we train all methods under all
augmentations (geometric and photometric augmentations) and evaluate them on all DMC-GB2
test sets (geometric and photometric test sets). As our empirical results indicate in Figure 2.3,
SADA’s overall robustness surpasses the baselines in all DMC-GB?2 test sets by a large margin
(77%), all while attaining a similar sample efficiency to its unaugmented DrQ baseline on the
training environment.

To analyze the geometric vs photometric robustness of each method, we conduct another
experiment where we train under each set of augmentations separately. We train under strong

geometric augmentations and evaluate on the geometric test set, and follow a complementary
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Figure 2.4. Geometric vs Photometric Robustness. Episode reward averaged over all DMControl
tasks. (Top) Trained under geometric augmentations and evaluated on DMC-GB2 geometric test
set. (Bottom) Trained under photometric augmentations and evaluated on DMC-GB2 photometric
test set. All hard levels visualized. Mean and 95% CI over 5 random seeds.

setup under strong photometric augmentations with the photometric test set. We visualize the
results in Figure 2.4 along with all the individual hard level intensities in our test suite. SADA
consistently shows superior robustness, outperforming baselines in all separate test sets and
individual levels while achieving similar training sample efficiency to its unaugmented DrQ
baseline. Extended results and per-task breakdowns are provided in Appendix A.4.

Analysis. While baselines show varying degrees of photometric robustness, they fail
to display geometric robustness in Figures 2.3 and 2.4. For the DrQ baseline, geometric
transformations are out of its training distribution. With naive application of data augmentation,
DrQ + Aug achieves poor training sample efficiency. To achieve high training sample efficiency,
SVEA selectively applies augmentation in the critic update. Nevertheless, this performance does
not translate to the geometric test distributions due to key failure case (i), the output embedding
of a CNN can not become invariant to input geometric transformations. This failure case can
only be resolved with an actor directly trained on the input augmentations. When the actor is
directly trained on the input augmentations using SADA’s objective, the agent is able to achieve

high training sample efficiency that effectively translates to the geometric test distributions.
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Figure 2.5. Ac-

by training the actor directly on the input augmentations using SADA’s tor Prediction Vari-
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objective. . .
tion variance between

To quantitatively assess the augmentation robustness of con- augmented and unaug-
mented observations. |

verged SADA and SVEA agents, we measure the variance of actions pre- [ ower is better.
dicted on the augmented observations with respect to the unaugmented
observations in Figure 2.5. Despite being trained on all augmentations,
SVEA’s action predictions have high variance when observing geometric
augmentations as opposed to photometric augmentations, confirming
SVEA’s shortcomings. For a qualitative assessment, we utilize T-SNE
to visualize the encoder’s output embedding before being fed into the actor and the critic in
Appendix A.2.3. Our findings reveal that photometric distributions can share the same space in
the latent embedding as the original training distribution, while geometric distributions are distant
in the latent space and seem to have little overlap with the training distribution, necessitating the
need to directly train the actor on them.

We ablate each of our design choices, evaluating methods under all augmentations on all
DMC-GB2 test sets, and show results in Figure 2.6. Naively applying augmentation to the actor
or the critic, as displayed in SADA (Naive Actor Aug) and SADA (Naive Critic Aug) respectively,
leads to deteriorated performance. As for SADA (No Critic Aug), we only apply augmentation to
the actor using SADA’s objective without any application of augmentation to the critic. SADA
(No Critic Aug) displays impressive geometric robustness and training sample efficiency, but
lacks in photometric robustness. If a user is only interested in geometric robustness, SADA (No
Critic Aug) provides commendable geometric robustness. Overall, each of our design choices

play a key role in establishing the superiority of SADA in all applications of data augmentation.
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Figure 2.6. Ablations. Episode reward on DMC-GB2 when trained under all augmentations,
averaged across all DMControl tasks. SADA (Naive Actor Aug) and SADA (Naive Critic Aug)
correspond to naive application of augmentation to the actor and the critic respectively. SADA
(No Critic Aug) corresponds to applying augmentation only to the actor without any application
of augmentation to the critic. More details in Appendix A.2.1. Mean and 95% CI over 5 random
seeds.

Generality. To demonstrate the generality of our approach, we swap our DrQ backbone
with TD-MPC2 [Hansen et al., 2022, 2024], a state-of-the-art model-based RL algorithm; results
are shown in Figure 2.7. We observe that SADA similarly improves training stability and
generalization of TD-MPC2 on DMC-GB2.

We further evaluate our DrQ-based SADA on our Meta-World setup (see Appendix A.3.3),
and showcase the results in Figure 2.8. Even on Meta-World, SADA surpasses all other baselines
in terms of success rate, all while achieving similar training sample efficiency to its unaugmented
DrQ baseline. This asserts that SADA can be readily applied to diverse tasks, environments,
and backbones, and can be used a generic data augmentation strategy for modern visual based

reinforcement learning.
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Figure 2.7. TD-MPC2 Baseline. Episode
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and 95% CI over 5 seeds.

2.5 Summary
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Figure 2.8. Meta-World. Success rate (%)
on Shift Hard (Meta-World) distribution when
trained under strong shift augmentation only,
averaged across all Meta-World tasks. Mean
and 95% CI for 5 random seeds.

Throughout this work, we give an overview of data augmentation within visual RL,

highlighting the shortcomings of previous work, its implications, and presenting SADA, a generic

data augmentation recipe for modern visual based reinforcement learning. We empirically

prove SADA’s superiority to previous methods and provide a deep analysis of its effectiveness.

Concurrently, we curated a comprehensive visual generalization benchmark, DMC-GB2, which

we make publicly available at https://aalmuzairee.github.io/SADA, with the aim of furthering

research efforts within visual RL.

Chapter 2 and Appendix A, in full, are a reprint of the material as it appears from "A

Recipe for Data Augmentation in Visual Reinforcement Learning” by Abdulaziz Almuzairee,

Nicklas Hansen, and Henrik I. Christensen. In Reinforcement Learning Journal, 2024. The

dissertation author was the primary investigator and author of this paper.
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Chapter 3

Visual Robustness

Disentangle

Figure 3.1. Merge And Disentangle (MAD). We introduce a method that can merge multiple
camera views during training to learn better representations, while simultaneously disentangling
the camera view representations, such that the policy can function with any singular view input
during deployment.

Visual reinforcement learning (RL) has demonstrated remarkable progress, achieving
superhuman performance on Atari games [Mnih et al., 2013] and successfully tackling complex
real-world applications from robotic manipulation to autonomous flight [Levine et al., 2016, Pinto
and Gupta, 2016, Kalashnikov et al., 2018, Kaufmann et al., 2023]. However, the fundamental
limitation of learning from 2D observations constrains these systems’ understanding of the 3D
world, particularly in robotics where depth perception and control are differentiators.

Multi-view approaches offer promising solutions for visual RL, especially when combined
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with data efficient Q-learning algorithms. They can merge multiple views to learn better represen-
tations, overcome occlusions, and achieve higher sample efficiency [Hsu et al., 2022]. However,
they come with a practical challenge: conditioning policies on multi-view representations can be
burdensome to deploy and render them fragile in the case of malfunctioning sensors. To deploy
lightweight policies that are robust to a reduction in available camera views, policies must be
carefully disentangled during training [Dunion and Albrecht, 2024].

Aligning these two directions, we propose a method to Merge And Disentangle views
(MAD), thereby leveraging multi-view representations for improved sample efficiency, while
being robust to a reduction of camera views for lightweight deployment. To accomplish that,
MAD processes each camera view input individually through a single shared CNN encoder. Then,
all singular view features are merged through feature summation to create a merged multi-view
feature representation. This merged feature representation is passed down to the downstream
actor (policy) and critic (Q)-function) for learning. However, to properly disentangle view features,
the downstream actor and critic need to also train on the singular view features. Naively training
on both merged feature representations and all their singular view representations decreases
sample efficiency and destabilizes learning, as they can be viewed as multiple different states
by the downstream actor and critic networks. Therefore, we build upon SADA [Almuzairee
et al., 2024], a framework for applying data augmentation to visual RL agents that stabilizes
both the actor and the critic under data augmentation by selectively augmenting their inputs.
We modify the RL loss objectives, such that we train on each merged multi-view feature, and
apply all its singular view features as augmentations to it. By using this formulation, we are able
to increase sample efficiency while ensuring robustness to a reduction in input camera views.
Most importantly, we achieve this without requiring ordered input views, auxiliary losses, extra
forward passes, or additional learnable parameters.

Methods that merge and disentangle are vital when deploying robots to new environments
or designing benchmarks, where determining optimal camera placement and ensuring task

observability is non-trivial. By learning to merge information from multiple views while
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Meta-World ManiSkill3

First Person Third Person A Third Person B First Person Third Person A Third Person B

Figure 3.2. Environment Setup. Our environment setup for robotic manipulation where we use
three input camera views as inputs, namely First Person, Third Person A, and Third Person B
across two visual RL benchmarks: (Left) Meta-World (Right) ManiSkill3. Extended visuals in
Appendix B.5.

maintaining the ability to generalize to individual perspectives, policies can leverage the
complementary nature of different viewpoints, benefiting from the increased sample efficiency
and ensuring robustness. This process of merging multiple camera views and simultaneously
disentangling individual views to create robust policies is illustrated in Figure 3.1.

We evaluate our method on 20 visual RL tasks from Meta-World [ Yu et al., 2020] and
ManiSkill3 [Tao et al., 2024] benchmarks, and find that MAD is able to achieve higher sample

efficiency than baselines while being robust to a reduction in available camera views.

3.1 Related Works

Data Augmentation in Visual Reinforcement Learning. To improve the visual
generalization of models, data augmentation has been a commonly employed strategy in
supervised and self-supervised learning for computer vision tasks [Noroozi and Favaro, 2016,
Wu et al., 2018, Oord et al., 2018, Tian et al., 2019, Chen et al., 2020, He et al., 2022]. Due
to its limited data diversity, visual reinforcement learning is especially prone to overfitting on
visual inputs. Recent works have found that applying data augmentation with input image
transformations such as random crops or random shifts regularizes the learning and increases
sample efficiency in RL agents [Srinivas et al., 2020, Laskin et al., 2020, Kostrikov et al., 2020,

Stooke et al., 2020, Yarats et al., 2021b,a]. In contrast, [Laskin et al., 2020, Raileanu et al., 2020]
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find that stronger image transformations such as rotation, random convolution, and masking lead
to training instabilities and a decrease in data efficiency. To mitigate this, many works focus on
improving training stability under stronger data transformations [Raileanu et al., 2020, Hansen
et al., 2021b, Wang et al., 2021, Fan et al., 2021, Yuan et al., 2022a, Grooten et al., 2023, Yang
et al., 2024, Almuzairee et al., 2024] and increasing visual generalization by proposing new
types of transformations [Lee et al., 2019b, Wang et al., 2020, Hansen and Wang, 2021, Zhang
and Guo, 2021, Huang et al., 2022b, Wang et al., 2023, Teoh et al., 2024]. Most importantly,
Almuzairee et al. [2024] propose a generic recipe for applying data augmentation, named SADA,
which allows RL agents to generalize to many types of stronger image transformations, without
sacrificing training sample efficiency. Our work builds on SADA and shows that it can be
extended to feature level data augmentation within our framework.

Robot Manipulation from Multiple Views. While robots can learn from singular
camera views, increasing the available cameras and using merged representations have been
shown to improve performance in robotic manipulation. [Akinola et al., 2020, Hsu et al.,
2022, Seo et al., 2023b, Gervet et al., 2023, Goyal et al., 2024, Qian et al., 2024, Yuan et al.,
2024]. These approaches leverage multiple camera perspectives to mitigate occlusions and
improve representations, leading to enhanced task performance [Szot et al., 2021, Hsu et al.,
2022]. Most notably, Hsu et al. [2022] show that a first-person view outperforms a third-person
view when considering only one single view. However, due to the first-person view’s limited
observability, fusing it with a third person camera improves learning, as long as the third person
view is regularized with a variational information bottleneck. They show that their method,
VIB, outperforms singular and combined views on tabletop robot manipulation. Jangir et al.
[2022] achieve similar conclusions, where fusing first and third person views with cross attention
achieves better real-world transfer than their singular view counterparts. Although there is merit
in using multiple views, performance degradation is significant when a view that was available
during training is not present during inference, especially if the views were not disentangled

properly during training [Dunion and Albrecht, 2024].
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Merging and Disentangling Features. Research in computer vision has extensively
explored feature merging [Su et al., 2015, Yao et al., 2018, Borse et al., 2023, Li et al., 2024]
and feature disentanglement [Oord et al., 2018, Khosla et al., 2020, Oquab et al., 2023] across
multiple camera views and sensor modalities. Inspired by these efforts, multiple works in visual
RL have explored feature merging [Li et al., 2019, Yang et al., 2022, Jangir et al., 2022, Hsu
et al., 2022] and feature disentanglement [Eysenbach et al., 2018, Srinivas et al., 2020, Park et al.,
2023]. However, policies trained on multiple feature inputs often suffer significant performance
degradation when any feature inputs become unavailable [Vasco et al., 2021, Dunion and
Albrecht, 2024]. Multiple works have researched this problem of feature disentanglement for
reinforcement learning. Hu et al. [2024] explore the use of scaffolding through extra privileged
features at training time, and disentangling them to achieve better test time performance than
their unscaffolded counterparts. Skand et al. [2024] introduce a multi sensor feature encoder
for RL polices that disentangles features through dropout, yielding robust policies. Recently,
Dunion and Albrecht [2024] addressed feature disentanglement in the multi-camera view RL
setup for robotic manipulation. They introduced MVD, an actor-critic method that disentangles
view representations into shared and private components through contrastive losses, enabling
policies to maintain performance despite a reduction in input camera views. While MVD focuses
exclusively on disentangling views, our approach focuses on both merging and disentangling
views: we merge multi-view features to improve sample efficiency and we train on both merged
multi-view features and singular-view features to ensure disentanglement in the case of a singular

camera view input.

3.2 Preliminaries

Visual Reinforcement Learning formulates the interaction between the agent and the
environment as a Partially Observable Markov Decision Process (POMDP) [Kaelbling et al.,

1998], defined by a tuple of (S, 0, A, T, R,~). Ina POMDP, S C R? is an unobservable state
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space by the agent, o € O is the observation space, a € A the action space, T : Sx AxS — [0, 1]
is the state-to-state transition probability function, R : S x A — R is the reward function and
~ is the discount factor. To better approximate the current state s; € S, we follow Mnih et al.
[2013] in defining observations as a stack of three prior consecutive RGB frames at time ¢. The
goal is to learn a policy 7 : O — A that maximizes the expected discounted sum of rewards
E.[> "2, 7'r] where 1y = R(st, ay).

Data Regularized Q-Learning (DrQ) [Kostrikov et al., 2020] is an actor critic algorithm,
based on Soft Actor Critic [Haarnoja et al., 2018] commonly used for continuous control in
visual RL. DrQ concurrently learns a Q-function @)y (critic) and a policy 7, (actor) with a
seperate neural network for each. The Q-function )y aims to estimate the optimal state-action
value function Q)*: O x A — R by minimizing the one step Bellman Residual L, (D) =
E(o,a0,r1,0001)~D [ (Qa(0¢, &) — 1t — ¥Qg(044+1,a"))?] where D is the replay buffer, a’ is an action
sampled from the current policy a’ ~ m,(-|0s41), and @Yy represents an exponential moving
average of the weights from )y [Watkins and Dayan, 1992, Lillicrap et al., 2015, Haarnoja et al.,
2018]. The policy 7, is a stochastic policy with temperature alpha « that aims to maximize
entropy and ()-values. For simplicity, we abstract the entropy objective and define a generic
actor loss to be Ly, (D) = Eo,~p [~Qs(0¢, T4(0;))]. Both the critic and actor losses are updated
iteratively using stochastic gradient descent in an aim to maximize the expected discounted sum
of rewards. DrQ also applies small random shifts to all input images sampled from the replay

buffer which improves learning sample efficiency [Kostrikov et al., 2020, Yarats et al., 2021a].

3.3 Merge And Disentangle Views in Visual Reinforcement
Learning

Building on prior work in multi-view reinforcement learning, we found it to pursue two
distinct directions: one focusing on merging views to improve sample efficiency, while the other

focusing on disentangling views to create policies that are robust to view reduction. To unify these
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Figure 3.3. MAD framework. Update diagram of a generic visual actor-critic model with our
modifications. MAD merges camera views through feature summation and disentangles camera
views by selectively augmenting inputs to the downstream actor and critic with all the singular
view features. The agent is trained end-to-end with our defined MAD loss functions. (Left):
Single Shared CNN Encoder. (Middle): Actor Update diagram (Right): Critic Update diagram.

complementary approaches in pursuit of both increased sample efficiency and policy robustness,
we propose MAD: Merge And Disentangle views for visual reinforcement learning. Our method
merges views through feature summation, and simultaneously disentangles views by training the
downstream actor and critic on both the merged and singular view features. However, naively
training on both merged and singular view features deteriorates policy performance. Therefore,
we elect to train using the merged features, and apply singular view features as augmentations to
the inputs of the downstream actor and critic networks. We start by defining our merge module,
followed by our application of feature-level data augmentation, and finally our augmentation

strategy.

3.3.1 Merge Module

Given a multi-view input o]* = o}, 0?, ..., o} consisting of n views at time ¢, where each

o! represents a single view, each view is passed separately through a shared CNN encoder f;.
The output features of a single view input is then defined to be V; = f¢(0!). After encoding all
singular views V!, V2, ..., V", the features are merged through summation such that the combined

multi-view representation becomes: M, = > V}.
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Feature summation is chosen as the merging method for two reasons: 1) To make the
downstream actor and critic robust to a reduction in views, they need to be trained on both
merged features M, and singular-view features V. With feature summation, both M, and V;
have equal dimensionality, and thus no architectural changes need to be made to accommodate
different feature dimensions in the case of missing input views. 2) Feature summation preserves
the magnitude of different view features, such that the downstream actor and critic have a signal
of how many views are inputted. As our experiments will show, most merging methods in visual
RL perform similarly, and so the choice of the merging method comes down to the properties

desired within a certain framework.

3.3.2 Feature-level Data Augmentation

Feature-level augmentation in MAD differs from traditional RL data augmentation
techniques. While conventional approaches apply data augmentation by modifying input images
through random cropping and color jittering, or altering input states via amplitude scaling and
Gaussian noise injection [Laskin et al., 2020], MAD introduces augmentation at the feature
level—specifically between the image encoder and the downstream actor and critic networks. The
process begins by encoding each camera view image into its corresponding singular-view feature
representation V;, then combining these features through summation to produce the merged
representation M. Standard multi-view algorithms would only pass this merged representation
M, to the downstream components. However, to strengthen the robustness of the downstream
actor and critic to missing input camera views, MAD augments the downstream component

inputs with all the singular-view feature representations V.

3.3.3 Augmentation Strategy

To generalize to all singular view inputs o¢, MAD applies their corresponding features V!
as feature-level augmentations to the downstream actor and critic. However, naive application

of data augmentation in visual RL has been shown to degrade policy performance and stability
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[Laskin et al., 2020, Raileanu et al., 2020, Almuzairee et al., 2024]. Later works established
ways to stabilize actor-critic learning under data augmentation [Hansen et al., 2021b, Almuzairee
et al., 2024]. We follow SADA [Almuzairee et al., 2024] in their recipe for applying data
augmentation, where given an encoder f¢, actor 74, and critic (), data augmentation is selectively
applied to the actor and critic inputs such that: (/) In the critic update, the target ()-value is
predicted purely from the unaugmented stream, while the online ()-value is predicted from both
the augmented and unaugmented streams. (2) In the actor update, the ()-value is predicted purely
from unaugmented stream while the policy action is predicted from both the augmented and
unaugmented streams. By predicting the learning targets in both actor and critic updates from
the unaugmented stream, the variance in the targets is reduced, thereby stabilizing the learning
objective under data augmentation.

We build on this loss formulation with some modifications. Given n input camera views,
n single-view features V; = f¢(o}) fori € {1,...,n}, and a multi-view feature representation M,

=", Vi, the MAD update loss function for generic actor becomes:

L2Y%(D) = Eopop [~Qo(Mi, mg(My))]

Eﬁzg(D,i) = Eopop [—Qo(My, w5 (V)]

1 .
LP(D) = ax LEME(D) + (1—a)x > L2¥%(D,i) (actor) (3.1
=1

where « is a hyperparameter that we add to the SADA loss. This a hyperparameter
weighs the unaugmented and augmented streams for more fine grained control over the learning,

similar to Hansen et al. [2021b]. Setting this o hyperparameter to 0.5 recovers the original SADA
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Figure 3.4. Overall Robustness. Success rate as a function of environment steps, averaged over
all (Top) 15 Meta-World and (Bottom) 5 ManiSkill3 visual RL tasks. Methods are trained on
all three camera views and evaluated on all and singular camera views with the final average
displayed on the far right. Mean and 95% CI over 5 random seeds.

loss. On the other hand, the MAD update loss function for a generic critic becomes:

EgI;Aug(D) = E(o?,at,n,oﬁl)ND [(QO(Mt> at) — Ty — VQé(MtJrla a,))Q]

u; . i 2
*ngg(pa Z) = E(o;",at,rt,oﬁ_l)wD [(QG(Vta at) — Ty — ’YQE(MH—M a,)) ]

ng;&D(D> — o Eg';Aug(D) + (1—a)=* 1 Z ﬁg‘;g(lli) (critic) (3.2)

n <
=1

A higher value of o« would increase the weight of the unaugmented objective, while a lower «
would increase the weight of the augmented objective. Using this formulation, and after tuning
a, MAD is able to train on both the merged features and singular view features with minimal loss

to training sample efficiency. A detailed diagram of our method update is provided in Figure 3.3.

3.4 Experiments

We benchmark our method and baselines on a total of 20 visual RL tasks, consisting of
15 Meta-World v2 tasks [Yu et al., 2020] and 5 ManiSkill3 tasks [Tao et al., 2024], focusing

on tabletop robot manipulation tasks. Both environments are set up with three camera views,
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consisting of a first-person camera attached to the robot arm, and two third-person cameras with
reasonable observability to the task at hand. See Figure 3.2 for visualizations of our camera setup
in each environment. The full task list is defined in B.1.3, and detailed visuals of all tasks can be

found in B.5. Through experimentation, our aim is to answer the following questions:

- Robustness. How does MAD compare to baselines in terms of sample efficiency? Does

MAD function with a reduction in camera views?

- Analysis. Why do baselines fail to achieve similar sample efficiency to MAD? How much

does each component contribute within MAD? How do different merge methods compare?

- Adaptability. How well does MAD adapt with occluded views? Can MAD be adapted to

other modalities?

Implementation. We use DrQ [Kostrikov et al., 2020], a visual based Soft Actor
Critic algorithm [Haarnoja et al., 2018], as the backbone algorithm for our method across
both environments, with detailed hyper parameters defined in Appendix B.1.1. To process all
input camera views, we use a single shared DQN CNN encoder [Mnih et al., 2015]. For our
observations, we pass in a stack of three most recent RGB images such that input observations

for each view are of shape (3 x R(3x84x84))

. We further pass in proprioceptive robot state
input to the actor and critic, similar to prior works [Hsu et al., 2022, Dunion and Albrecht,
2024]. When learning from images, DrQ regularizes its learning by applying small random
shift transformations to input images, which has been shown to improve performance. We apply
identical random shifts to all input camera views at each timestep.

Environments. We evaluate on 15 Meta-World [Yu et al., 2020] tasks spanning medium,
hard, and very hard difficulties, as defined in Seo et al. [2023a], and 5 tasks from ManiSkill3
[Tao et al., 2024]. For each of the two benchmarks, we use a fixed camera setup consisting of a

first person camera view and two third person camera views. When evaluating, we report the

mean success rate of the agent across 20 episodes.
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Baselines. We compare MAD against the following strong baselines. 1) MVD [Dunion
and Albrecht, 2024], a contrastive learning method that learns to disentangle multi-view image
inputs by encoding a shared and private representation for each view. The shared representation
is pushed to align with other views while the private representation is pushed to differ. Through
combined contrastive losses, they are able to learn representations that are robust to a reduction
in views. 2) VIB [Hsu et al., 2022], a variational information bottleneck approach that merges
first person and third person views with a variational information bottleneck objective applied
only on third person views to provide complementary information to the first person view. 3)
MV-MWM [Seo et al., 2023b], a multi-view masked autoencoder that learns representations
across multiple views while using a world model for planning. While MV-MWM uses expert
demonstrations to bootstrap its learning, we train it without any expert demonstrations for a fair
comparison with our method and baselines. 4) Single Camera DrQ [Kostrikov et al., 2020],

where DrQ agents are trained only on a single view and evaluated on that same single view.

3.4.1 Empirical Results

Robustness. To quantify the sample efficiency of MAD, we train all methods on 20
visual RL tasks from Meta-World and ManiSkill3, using all three cameras as input, and evaluate
the methods on all cameras views combined, and individual, reporting the combined, individual
and average success rates in Figure 3.4. As our results indicate, MAD demonstrates superior
performance to baselines on Meta-World by (30%) success rate over 15 tasks, and on ManiSkill3
by (36%) over 5 tasks. These improvements in success rates within the same number of
environment steps as baseline methods directly reflect the enhanced sample efficiency of MAD.

With a reduction in camera views, MAD achieves stronger robustness on the Third Person
A and Third Person B singular views than all the baselines, including the Single Camera baseline
that was trained solely on these third person views. This indicates that MAD was able to leverage
better representations from All Cameras to achieve higher success rates on these third person

views. On the First Person View, MAD outperforms most baselines and achieves similar success
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Figure 3.5. Ablations. Success rate as a function of environment steps, averaged over 5
Meta-World hard tasks. (7Top) Component Ablations. (Bottom) Alpha Ablations. Methods trained
on all camera views and evaluated on all and singular camera views. Mean and 95% CI over 5
random seeds.

rates as the Single Camera and VIB baselines. Overall, MAD is able to achieve consistent success
rates whether All Cameras are present, or when only singular camera view inputs are available,
indicating a robustness to a reduction in camera views. Detailed graphs of all results can be
found in Appendix B.4. Extended experiments on increasing views (5 views), and varying input
view resolutions are provided in Appendix B.2.

Analysis. Based on our experiments, baselines fail to achieve similar sample efficiency and
robustness to MAD over the two benchmarks. Our disentanglement baseline, MVD, successfully
disentangles representations such that it is robust to a reduction in views, but it struggles with
poor sample efficiency. This limitation stems from its design approach: rather than leveraging all
input views simultaneously, MVD randomly selects individual views to encode into shared and
private representations. While this strategy effectively promotes disentanglement, it deliberately
avoids creating representations dependent on all views combined — a trade-off that preserves
robustness at the cost of efficiency. On the other hand, our merge baseline, VIB, appears highly

dependent on the first person view, since it applies a variational information bottleneck only
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on third person views. Therefore, it achieves high sample efficiency only when the first person
view is available, and it fails otherwise. Our third baseline, MV-MWM, is able to disentangle
views effectively. However, it uses a heavy auxiliary objective of learning masked multi view
representations that hinders its learning speed when no expert demonstrations are provided. In
contrast to MVD, MAD is able to leverage all input views combined to increase its learning
speed, while augmenting with singular view features to disentangle representations. In contrast
to VIB, MAD is agnostic to input perspectives, allowing it to function even without first person
view inputs. In contrast to MV-MWM, MAD uses no heavy auxiliary objective that requires
expert demonstrations to increase its learning speed. Overall, MAD is able to achieve higher
sample efficiency and robustness than MVD, VIB, and MV-MWM.

To measure the contribution of each component within MAD, we conduct ablations
over 5 hard tasks from Meta-World and plot the results in Figure 3.5. We first ablate different
components. In (MAD - Naive Both), we train our DrQ baseline naively on both merged and
singular view features without using the MAD loss formulations. In (MAD - Merged Only), we
train our DrQ baseline on the merged multi view features only without any disentanglement, and
in (MAD - Singular Only) we train our DrQ baseline on all the singular view features without
merging them. MAD outperforms all these alternative setups by (29%) success rate, indicating
the necessity of each component within our formulation. We further ablate different o values for
the loss, where we find a = 0.8 to outperform other alpha values, including the original SADA
formulation of @ = 0.5. In summary, each of our design choices appears to be essential for the
superior performance of MAD.

Furthermore, we compare different merge methods with our merge module. We train DrQ
agents on 5 hard tasks from Meta-World using different merge methods for multi view inputs.
These merge techniques consist of early, middle, and late merging. For early merging we employ:
1) Frame Stack, where multiple views are stacked across the channel dimension before being
passed to the CNN encoder [Mnih et al., 2013, 2015]. For middle merging we include: 2) Concat,

where singular views are passed through the encoder and their features are then concatenated
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Figure 3.7. Occlusion Adaptability. Suc-
cess rate as a function of environment steps,
averaged over 5 ManiSkill3 tasks. Methods
are trained on all three views, with two views
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and 95% CI over 5 random seeds.

[Hsu et al., 2022] 3) Sum (Ours), where singular view features are summed instead of being
concatenated [Lancaster et al., 2024], 4) Attention, where cross attention is used between singular
view features [Jangir et al., 2022], 5) ViT, where singular view features are passed through a ViT
layer to leverage attention across views [Seo et al., 2023b]. For late merging we add: 6) Q-mean,
where we predict a separate Q-value for each view and then average across all views to get the
final Q-value [Akinola et al., 2020, Jang et al., 2023]. We train these merge strategies using our
DrQ baseline on two views and on three views and display the results in Figure 3.6. The results
indicate that all merge methods achieve similar sample efficiency on two and three views. The
only merging method that slightly under performs is Q-Mean, which indicates that late merging
might not be as effective as other merging strategies for multi view RL.

Adaptability. To test the adaptability of MAD to occluded or partial views, we alter
the angles of two cameras to face uninformative views and align only one camera, namely
Third Person A, to face the robot arm and task. We train all methods using this setup on 5
ManiSkill3 tasks and report the results in Figure 3.7. Our method, MAD, is able to solve the
tasks with similar success rate (63%) as the Single Camera (62%), despite it being overloaded

with uninformative views. Compared to MAD, neither the MVD nor the VIB baselines seem to
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Figure 3.8. Modality Adaptability. Success rate as a function of environment steps averaged
over 5 ManiSkill3 tasks. (Left) RGB and Depth images from the PokeCube Third Person A view.
(Right) Methods are trained on one camera view (Third Person A) but with different modalities,
and evaluated accordingly. Mean and 95% CI over 5 random seeds.

achieve similar sample efficiency. For the MVD baseline, the three views don’t have a useful
shared representation, since only one view is observant of the task, and thus it fails to solve the
tasks effectively. On the other hand, the VIB baseline fails to solve the tasks due to its heavy
dependency on the first person camera view.

We further evaluate whether MAD can be adapted to different modalities such as depth
and RGB as opposed to different camera views, and display the results in Figure 3.8. We train
MAD and DrQ agents on 5 ManiSkill3 tasks, with only one camera view input. We pass in
RGBD inputs to MAD, and different combinations of RGB and Depth to DrQ agents to measure
the baseline performance on that modality. While RGBD input is usually merged by adding
depth as an extra channel to the CNN input, we merge it in MAD by summing its features after
encoding them separately, for consistency with the MAD framework. Based on the results, MAD
is able to achieve similar sample efficiency to the RGBD baseline, while generalizing to both the
RGB-Only and Depth-Only modalities. Most surprisingly, MAD is more sample efficient than
the Depth baseline on the Depth-Only evaluation, mainly due to it leveraging more informative
representations from the RGB inputs. This can prove to be an effective way to train deployable

depth-only policies from RGBD inputs.
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3.5 Limitations and Conclusion

A limitation of the current study is the absence of real-world experimental validation.
Future research could address this gap by implementing MAD on physical robots through
simulation-to-real transfer methods [Lin et al., 2025], demonstration-bootstrapped methods [Hu
et al., 2023], or enhanced sample efficient visual Q-learning methods [Xu et al., 2023, Hansen
et al., 2024, Fujimoto et al., 2025]. Furthermore, generalizing to novel unseen viewpoints in
both MAD, and visual RL in general, remains challenging. Future research is needed to expand
on the potential of MAD for tackling novel view points, especially with the aid of generative
foundational models [Van Hoorick et al., 2024], to deploy robust robot policies to the real world.

To conclude, throughout this work, we identified that the two directions in visual
reinforcement learning of: (/) merging views and (2) disentangling views, can be complementary.
We proposed our framework, Merge And Disentangle (MAD), which bridges these two directions,
benefiting from the merits of each. Concretely in MAD, multi-view inputs are merged for higher
sample efficiency from multi-view representations, while singular view features are selectively
applied as feature-level augmentations to the downstream components to ensure disentanglement.
This produces policies that are robust to a reduction of available cameras, whether in training
or deployment. We heavily benchmarked MAD on 20 visual RL tasks from Meta-World and
ManiSkill3 against multiple baselines, showcasing its superiority in terms of sample efficiency
and robustness. Furthermore, we showed that the application of MAD could be versatile, whether
to multiple camera views, or multiple input modalities. Bringing this work forward, we hope this
can aid in democratizing visual reinforcement learning, making it more accessible, and serve as a
strong baseline for future work in multi view reinforcement learning.

Chapter 3 and Appendix B, in full, are a reprint of the material as it appears from
”Merging and Disentangling Views in Visual Reinforcement Learning for Robotic Manipulation”
by Abdulaziz Almuzairee, Rohan Patil, Dwait Bhatt, and Henrik I. Christensen. In Conference

on Robot Learning, 2025. The dissertation author was the primary investigator and author of this
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paper.

37



Chapter 4

Visual Efficiency
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Figure 4.1. Fast Sim-to-Real Robotics. We setup 8 visual tasks on the 5 DoF SO-101 Robotics
Arm in ManiSkill3 and train our method, Squint, purely from images and proprioceptive state on
these tasks for 15 minutes. After 15 minutes, we take the final checkpoint, and deploy it zero-shot
to our real robot setup. We show visuals of the real robot for each of the tasks above, along with
an image of the ”Start” frame, the final ”Success” frame, and the ”Time” it takes our agent to
converge in simulation for each task on a single 3090 RTX GPU.

Visual reinforcement learning (RL) [Mnih et al., 2013] offers a compelling paradigm for
robotics — enabling deployment onto real robots with camera inputs and requiring no task-specific
instrumentation [Kalashnikov et al., 2018, Zhuang et al., 2023, Kaufmann et al., 2023]. Despite
this appeal, training visuomotor policies remains notoriously expensive, demanding millions of
environment interactions and substantial compute.

Over the past few years, researchers have made strides in reducing the number of

environment interactions needed, often referred to as sample efficiency, by improving off-policy
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algorithms. These off-policy algorithms, such as SAC [Haarnoja et al., 2018], TD3 [Fujimoto
et al., 2018], and TD-MPC?2 [Hansen et al., 2024], reuse experiences through a replay buffer.
Yet, these improvements come with computational costs that increase training wall-time of these
agents in simulation. This slows research iteration. On the other hand, on-policy methods like
Proximal Policy Optimization [Schulman et al., 2017] offer poor sample efficiency, without
any experience reuse, but can parallelize trivially across thousands of environments on modern
GPUgs, achieving faster wall-times than their off-policy counterparts. This has led to on-policy
dominance in GPU-accelerated simulators and PPO to be the de facto standard for sim-to-real
robotics in the past decade [Heess et al., 2017, Hwangbo et al., 2019].

While sample efficiency and wall-time are both important axes for reinforcement learning,
recent works like FastTD3 and FastSAC [Seo et al., 2025b,a] explore an intermediate axis, one
where off-policy algorithms can be tuned to maximize wall-time rather than sample efficiency,
achieving faster wall times than their on-policy counterparts in parallelized simulations. These
works made significant progress in scaling off-policy learning for state-based control. Yet,
extending these works to visual reinforcement learning remains nontrivial: high-dimensional
input images complicate training dynamics, storing them in replay buffers strains memory, and
encoding them through convolutional networks adds computational overhead.

Motivated by these challenges, we introduce our method, Squint, a visual based Soft
Actor Critic method, that through careful image preprocessing, architectural design choices,
and hyperparameter selection, is able to leverage parallel environments and experience reuse
effectively, achieving faster wall-clock training time than both prior visual off-policy and on-policy
methods, and solving visual robotic tasks in minutes.

To train Squint, we leverage ManiSkill3 [Tao et al., 2024], a fast-GPU simulator, with
powerful batched rendering capabilities, and create a digital twin of our real robot setup. Our real
robot setup consists of a 5 DoF SO-101 Robot Arm [Cadene et al., 2024]. We build 8 distinct
tasks, which we term the SO-101 Task set, and use them as a testbed for investigating scalable

visual reinforcement learning. We train our method and baselines on the SO-101 Task set for 15
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Figure 4.2. Robot Setup. (Left) Setup of the real robot from an external camera. (Middle)
The input camera image for the robot in both the real world and simulation. We only use the
wrist camera as the input image for the robot. (Right) We display different preprocessing effects,
downsampling from a higher resolution vs rendering at the target resolution directly.

minutes, and deploy them to our real robot setup, which can be seen in Figure 4.1 and Figure 4.2.

Our key contributions are (1) Squint: A fast off-policy visual actor critic method that
achieves faster wall-clock training than prior visual RL methods, with extensive experiments
justifying each design choice. (2) SO-101 Task Set: eight manipulation tasks in ManiSkill3 with
heavy domain randomization for sim-to-real transfer. (3) Real-world validation: Policies trained

in 15 minutes on a single RTX 3090, deployed zero-shot to the real world SO-101 hardware.

4.1 Related Work

Parallel Simulators for Robotics. Simulators provide a fast way for reinforcement
learning agents to learn in a safe, constrained environments [Bellemare et al., 2013, Collins et al.,
2021]. Early parallelization in CPU allowed agent to train faster in terms of wall time [Heess
et al., 2017, Tassa et al., 2018, Kalashnikov et al., 2018, Yu et al., 2020, Zhu et al., 2020]. With
the advent of fast GPU-based parallelization, these simulators became faster, and allowed the
community to iterate faster on training and deployment. [Liang et al., 2018, Makoviychuk et al.,
2021, Mu et al., 2021, Gu et al., 2023, Tao et al., 2024, Sferrazza et al., 2024, Zakka et al., 2025]
Most notably, ManiSkill3 [Tao et al., 2024] provides fast GPU-based batched rendering, which

allows researchers to train fast visual based reinforcement learning agents for deployment. Due
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to its realism, and ease of use, we use ManiSkill3 as our main simulator for this work. Despite its
realism, domain randomization [Tobin et al., 2017] is necessary to bridge the sim-to-real gap.
Thus, we apply domain randomization to our task set to allow better sim to real transfer.

Visual Reinforcement Learning. Learning from vision has driven the start of deep RL
in the recent decade [Mnih et al., 2013, 2015]. Building on it, many works explored different
methods to improve off-policy training sample efficiency, including: autoencoder architectures
[Finn et al., 2015, Yarats et al., 2019], contrastive learning representations [Srinivas et al., 2020],
data regularized representations [Laskin et al., 2020, Yarats et al., 2021a], and model-based
representations [Hafner et al., 2023, Hansen et al., 2024, Fujimoto et al., 2025]. Perhaps most
notably, DrQ-v2 [Yarats et al., 2021a] is widely used as a solid baseline for visual reinforcement
learning sample efficiency. Unfortunately, this sample efficiency comes at the cost of training
wall-time, which on-policy PPO [Schulman et al., 2017] exceeds at in scale. While most prior
visual off policy learning algorithms focus on sample efficiency, we follow PQL[Li et al., 2023],
PQN [Gallici et al., 2024], FastTD3 [Seo et al., 2025b] and FastSAC [Seo et al., 2025a] in
focusing on training wall-time, and introduce our algorithm, Squint, to excel at this axis in the

visual RL domain.

4.2 Background

Visual Reinforcement Learning formulates the interaction between the agent and the
environment as a Partially Observable Markov Decision Process (POMDP) [Kaelbling et al.,
1998], defined by a tuple of (S, 0, A, T, R,v). Ina POMDP, s € S is the state space, o € O
is the observation space, a € A the action space, 7 : S x A x S — [0, 1] is the state-to-state
transition probability function, R : & x A — R is the reward function and 7 is the discount
factor. At each time step ¢, the agent receives as input: a single RGB image as an observation
o € O and optionally the proprioceptive state sP"P"° € S, and is queried to select an action a .

The goal is to learn a policy 7 : O — A that maximizes the expected discounted sum of rewards
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E.[> ", 7'r] where 1y = R(s¢, az).

Soft Actor Critic (SAC) [Haarnoja et al., 2018] is an off-policy actor critic algorithm,
commonly used for continuous control. SAC concurrently learns a Q-function () (critic) and a
policy 7, (actor) with a separate neural network for each. The Q-function () aims to estimate

the optimal soft state-action value function by minimizing the one step Bellman Residual:

y=r+ ’Y(Q@(StH, a41)
— alog 7T¢(5t+1|3t+1)> 4.1)

‘C’Qe (D) = ]E(St7at77”t,St+1)~D [(Q9<St7 at) - y)z} (42)

where D is the replay buffer, 8,11 ~ 7, (-|se11), @ represents an exponential moving average of
the weights from @)y, and « is the temperature parameter [Watkins and Dayan, 1992, Lillicrap
et al., 2015, Haarnoja et al., 2018]. SAC also employs clipped double-Q learning [Hasselt et al.,
2016, Fujimoto et al., 2018] which we omit from our notation for simplicity. The policy 7 is a

stochastic policy that aims to maximize both entropy and ()-values:

Errq; (D) = Es,~p [Oé log 7T¢>(5t|st) - Qe(st, ét)] (4.3)

where a; ~ 74(-|s;). The temperature parameter « can either be fixed or learned by minimizing
against a target entropy H"“"¢' [Haarnoja et al., 2018]. Both the critic and actor losses are updated
iteratively using stochastic gradient descent in an aim to maximize the expected discounted sum
of rewards.

When learning from images, the SAC agent does not have access to state s; but rather
observation o;,. We follow DrQ and DrQ-v2 [Kostrikov et al., 2020, Yarats et al., 2021a] in
encoding o, with a single shared CNN encoder f,, such that all previous state inputs s, can be
replaced with [f,(o;)] or [f,(0,), s7"”"*°] when proprioceptive state is available. The encoder

fy 1s trained end-to-end by the critic gradients.
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Figure 4.3. Method Diagram. Squint is a fast off-policy actor-critic visual reinforcement learning
algorithm that accelerates training speed by leveraging parallel environments and downsampling
input image observations.

4.3 Method

We present Squint, a visual Soft Actor Critic [Haarnoja et al., 2018] method that trains
successfully within minutes through: parallel simulation, a distributional critic [Bellemare et al.,
2017], resolution squinting, layer normalization [Ba et al., 2016], tuned update-to-data ratio, and
an optimized implementation. These trained policies transfer zero-shot to a real-world SO-101
robotic arm. We present the flow of our training pipeline in Figure 4.3. We further show the
impact of each design choice in Figure 4.4 and discuss them below:

Update-to-Data Ratio. Tuning the update-to-data (UTD) ratio has long been a tradeoff
between sample efficiency and training wall time [D’Oro et al., 2023]. For minimizing training
wall time, prior work has shown that one needs to use a very large number of parallel environments
with a very low number of updates [Shukla, 2025, Seo et al., 2025b,a], creating a low UTD
ratio. In Figure 4.4, we study the impact of these choices, and find that a large number of
parallel environments (1024) along with a large number of updates (256) can reduce training
time significantly. These findings indicate that while very low UTD ratios (<0.06) work for
humanoids [Seo et al., 2025b,a], manipulation domains seem to benefit from larger UTD ratios,

seemingly (0.25) in our task set.
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Figure 4.4. Design Choices. We experiment with the most critical design choices that allow
our agents to be trained while maximizing wall-time for sim-to-real robotics deployment. Mean
Success Rate and 95% CI over 5 seeds for all 8 tasks.

Batch Size. While larger batch sizes have been shown to improve training efficiency in
Seo et al. [2025b,a], we find that using a lower batch size of 512 provides the same stable training
efficiency, while minimizing wall time for every update.

Pytorch Optimizations. Our codebase builds on LeanRL and CleanRL [Huang et al.,
2022a]. We add support for both PyTorch compile and cudagraphs [Paszke et al., 2019], which
leverage kernel fusion and reduced CPU launch overhead to significantly accelerate the training
loop. We further add AMP bfloat16 support for the update loops, reducing training time with
convolutional neural networks. Combined, these optimizations give more than a 5x speedup in
training speed.

Critic Design Choices. We adopt a Distributional C51 Critic [Bellemare et al., 2017],

similar to [Li et al., 2023, Seo et al., 2025b,a], where we minimize cross entropy loss rather than
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the mean square error on TD-targets. We find that the choice of a distributional critic greatly
improves wall time speed, even though it requires more computation than a standard Critic. We
further investigate the effect of Clipped Double Q-learning (CDQ) [Fujimoto et al., 2018] and
find a slight improvement in using the average rather than CDQ.

Encoder Design Choices. We leverage a small two layer CNN encoder, and share it
between the actor and critic. The encoder is only updated by the critic’s TD-loss. After encoding
the images, we pass them through separate one layer projections for each of the actor and critic.
We adopt these design choices following prior state-of-the-art visual RL methods [Kostrikov
et al., 2020, Yarats et al., 2021a], though our ablations reveal they yield negligible performance
gains on our task set.

Normalization. All our linear layers are followed by Layer Normalization layers [Ba
et al., 2016], which we find to improve training speed, similar to the findings of Ball et al. [2023],
Nauman et al. [2024], Seo et al. [2025a].

Input Image Resolution. We compare training agents with larger and lower input image
resolutions, and find them to achieve identical sample efficiency, but varying wall time training
speed. We only show the wall time axis in Figure 4.4. Our findings show that the smaller the
resolution, the faster the wall time, and thus we use a 16 x 16 input image resolution.

Squinting. We compare rendering at 16 x 16 vs rendering at a high resolution of 128
x 128 and then area downsampling to 16 x 16, which we refer to as squinting. We find that
downsampling improves performance on our task set. This downsampling provides natural
anti-aliasing and preserves scene structure, which we hypothesize aids sim-to-real transfer. We
further show a visual comparison in Figure 4.2.

Replay Buffer Size. Due to our use of squinting and low image sizes of 16 x 16, we are
able to scale replay buffer size to easily fit on the GPU for faster training speed. We compare
using 100K vs 1M replay buffer storage size, and find that the 1M improves asymptotic method
success rate on our task set by 7%. While we use a simple FIFO buffer, we leave it to future

work to use more advanced buffer sampling techniques [Schaul et al., 2015, Hou et al., 2017]
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that could further improve wall time.

Simulation Control Frequency. To facilitate faster training times, we train with 10Hz
control frequency using a PD Joint Position Target Delta controller. We use large position offset
limits, to allow the agent to move faster in simulation.

Real-World Robot Transfer. To transfer trained agents to the real robot, without
compromising safety, we scale all actions down by 0.15, and triple the control frequency to 30Hz.
While this constitutes a mismatch between simulation and real world control frequency, we find
that a higher control frequency in the real world provides faster recovery control for the robot,

and provides smoother trajectories.

4.4 Experiments

We setup 8 distinct tasks in ManiSkill3 [Tao et al., 2024] simulator with the 5-DoF
SO-101 robotic arm [Cadene et al., 2024], and train our method and baselines on each of these
tasks for 15 minutes over 5 seeds. We only use the wrist camera image and proprioceptive state
as input. We then deploy the best seed from each method on each task, and evaluate it zero-shot
on our real world robot setup. Our real robot setup is shown in Figure 4.2.

Task Design. We design the tasks to be digital twins of the real world setup, thereby
reducing the visual gap. We use the wrist camera for learning, as it has been shown to provide better
representations than third person cameras in robot manipulation [Hsu et al., 2022, Almuzairee
et al., 2025]. For each task in our task set, the objects are randomly placed on the table in a 0.2m
x 0.2m xy box around the gripper’s starting xy position. The tasks are: (/) Reach Cube: robot
reaches 2 cm above the cube. (2) Reach Can: robot reaches 2 cm above the can. (3) Lift Cube:
robot lifts the cube and moves to a predefined rest position. (4) Lift Can: robot lifts the can and
moves to a predefined rest position. (5) Place Cube: robot lifts the cube and places it into the
container. (6) Place Can: robot lifts the can and places it into the container. (7) Stack Cube:

robot lifts the red cube and stacks it on top of the blue cube. (8) Stack Can: robot lifts the cube
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Figure 4.5. Overall Results. (Left) Comparison with visual RL baselines. (Right) Comparison
with State-to-Visual DAgger, where we include the time it takes to train an SAC state expert into
the comparison. Mean Success Rate and 95% CI over 5 seeds on all tasks.

and stacks it on top of the can. We show the start and success position of each task in Figure 4.1.

Domain Randomization Setup. Even though we design simulation tasks to be similar to
the real world setup, domain randomization is necessary to be able to bridge the gap between the
simulation and the real world. We apply visual domain randomization consisting of small random
position, rotation, and FOV perturbations to the wrist camera, as well as lighting and color jitter
alterations. We apply physical domain randomization where we randomize object sizes, object
frictions and gripper closing speed. Furthermore, we apply additive isotropic Gaussian noise
(o0 = 5) to joint positions in the proprioceptive state to ensure robustness to any joint position
mismatches between simulation and real world setups. We emphasize that Squint is able to
achieve fast training speed despite these aggressive randomizations.

Baselines. We compare our method, Squint, against the following competitive baselines:
(1) SAC: an optimized implementation of Soft Actor Critic [Haarnoja et al., 2018] for parallel
simulators, with Squint’s tuned hyper parameters, but without Squint’s architectural differences.
(2) PPO: an optimized implementation of Proximal Policy Optimization [Schulman et al., 2017],
the de facto standard for visual sim-to-real robotics due to its fast wall time training speed with
parallel simulators. (3) DrQ-v2: Data Regularized Q-Learning, the sample efficiency standard

for off-policy visual learning [Yarats et al., 2021a]. We note that we kept DrQ-v2 sequential
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with one environment, rather than parallelized, to stay true to its original implementation, and
compare our method with the standard for off-policy visual learning. (4) BC: Behaviour Cloning
[Pomerleau, 1988, Atkeson and Schaal, 1997] from expert demonstrations, commonly used for
distilling visual agents. (5) DAgger: Dataset Aggregation [Ross et al., 2011], a stronger imitation
learning baseline than Behaviour Cloning, commonly used to train visual agents when there is
access to the environment and the expert agent. We specifically focus on State-to-Visual DAgger
[Ross et al., 2011, Mu et al., 2025], where one trains an expert SAC state based agent and distills

it into a visual actor for deployment.

4.5 Results

Overall Results. We display the overall average plot in Figure 4.5 and all detailed results
in Figure 4.6, showcasing per-task breakdowns and the tables for both simulation and real world
success rates. Our method, Squint, surpasses all baselines in terms of training wall-time speed,
and achieves an average success rate of 96.1% over all tasks at the end of 15 minutes of training.
On the real world results, our method achieves 91.3% success rate averaged over 80 trials for 8

tasks, surpassing baselines on the real robot setup.

Table 4.1. Real World Success - Compared with Visual DAgger.

Squint (Ours) Visual DAgger

Total 73/80 53/80
Average 91.3% 66.3%

Comparison with Visual DAgger. We further compare our method with Visual DAgger
agents that are distilled from SAC state experts and display the results in Figure 4.5. We include
the time it takes to train SAC state experts as done in [Mu et al., 2025]. We find that Squint
achieves similar training speed as the SAC state agent, and achieves higher success rate at the

end of training than the State-to-Visual DAgger agent on our task set. Furthermore, we deploy
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DAgger onto our real robot setup, showcasing the results in Table 4.1, and we find that Squint

outperforms DAgger’s success rate by 25% in the real world.

Table 4.2. Simulation Success Rates (%) Table 4.3. Real-World Success Rates
Task Squint (Ours) SAC PPO DrQ-v2 BC Task Squint (Ours) SAC PPO DrQ-v2 BC
Reach Cube 100.0=00 99451 88.0+0s 123453 612402 Reach Cube 10/10 10/10  7/10 4/10 8/10
Reach Can 100.0+00 991415 96.6124  23.64176 5621125 Reach Can 10/10 10/10  10/10 4/10 7/10
Lift Cube 99.8+04 98.1424  92.84s5 0.0+00 46.2+3, Lift Cube 10/10 10/10 6/10 0/10 6/10
Lift Can 98.8+25 954135 96.2+47 0.0+00 53.8+120 Lift Can 9/10 9/10 7/10 0/10 6/10
Place Cube 97.543, 991417 29.013s 0.000 38.8:483 Place Cube 10/10 8/10 9/10 0/10 7/10
Place Can 96.3130 98.6+15  71.1xs3 0.0=+00 28.8:1ss Place Can 10/10 6/10 4/10 0/10 0/10
Stack Cube 95.0+6:1 97.7+16 4.9:97 0.0+00 26.2+92 Stack Cube 8/10 6/10 3/10 0/10 2/10
Stack Can 81.2:85 18.7+2m2  3.0s61 0.0=00 2384133 Stack Can 6/10 6/10 4/10 0/10 2/10
All Tasks 96.1+416 883434 602440 45120 419400 Total 73/80 65/80  50/80  8/80  38/80
All Tasks 91.3% 81.3% 62.5% 10.0% 47.5%
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Figure 4.6. Detailed Results. We train all methods for 15 minutes on all 8 tasks, and plot the
results above. Mean Success Rates and 95% CI over 5 seeds. (Top Left) Simulation success rate
table of all methods after 15 minutes. (Top Right) Real world success rate table over 10 trials for
each task. (Bottom) Per-task success rate plots in simulation during training.
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4.6 Discussion

(c) Stack Can task.

Figure 4.7. Qualitative Examples. We show timesteps from left to right, and demonstrate
successful deployment on our real world robot.

Quantitative Analysis. Based on simulation and real world results in Figure 4.6, we
find that the real world results closely align with the simulation results. This indicates that the
simulated environments provide a good test bed for measuring success in the real world. Our
SAC baseline outperforms the other baselines, but falls short of Squint, due to its architectural
limitations. Our PPO baseline doesn’t learn as fast as off-policy methods on the harder tasks
of our task set, mainly due to the reuse of data that off-policy algorithms can leverage. Our
DrQ-v2 baseline fails to learn, primarily due to it learning from one environment only with
heavy randomization, and doesn’t benefit from the speed of parallelization. Our BC baseline
learns, but is limited in performance due to the state distribution mismatch that DAgger can

alleviate. While DAgger learns better, we find that it still falls short of Squint. Both BC and
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Table 4.4. Real World Success - Visual Robustness.

Squint (Ours) Squint - No Color Jitter

Total 73/80 58/80
Average 91.3% 72.5%

DAgger share a key limitation in our setting, which is learning from a state-based agent. Our task
setup uses wrist cameras, which require active vision, and a different exploration movement than
an all-seeing state agent would take. Overall, Squint shows promise as it accelerates wall-time
speed of training deployable visual agents to the real world.

Qualitative Analysis. We display sample trajectories of Squint on the real SO-101 robot
in Figure 4.7. The three trajectories consist of the three hardest tasks: PlaceCan, StackCube and
StackCan.

Visual Robustness Analysis. Despite building a digital twin of the environment in
simulation, visual reinforcement learning agents are brittle to changes in visuals that they haven’t
encountered before [Almuzairee et al., 2024]. We found that even slight lighting changes in the
real robot setup were degrading the performance of our deployed agent. We ablate removing
color jitter from our environment pipeline and evaluate it on the real robot setup. We display our
results in Table 4.4, where we find that our agent’s real world performance decreases by 18% on
all tasks without the application of color jitter. We leave it to future work to integrate more visual

robustness into the training pipeline.
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Algorithm 1. Squint: Pseudocode (distributional critic is omitted for simplicity)

1: Initialize encoder fy, actor 74, two critics Qy, , Qp,, entropy temperature «, replay buffer B
2: Initialize target critics (g, , Qg, with 6; < 6; and 65 < 0,

3: for each environment step ¢ do

4: Observe (0}, sP°) and downsample image , = DowNsampLE(0}E")
5 Sample a; ~ m4(fy(6;), s7*™°) and take action a,
6: Observe next (0%, s7°P"°) and reward r,
7: Store transition 7 = (31, s7""", ay, 7, DowNsaMpPLE(0[%} ), s'P") in B+ BU {7}
8: for j = 1 to num_ updates do
9: Sample mini-batch B = {Tk}Llel from B
10: Encode observations: z; <— fy,(01),  2zi11 < fy(0r41)
11: Compute target Q-value via average:
12: Qg1 ~ 7o !Zm, SPET)
13: y=r+ 5 Z (Qe Zi41, Syt © s Gp1) — alog m (G| 241, ngfrl()))
14: Update critic and encoder:
Is: (,0,) (1, 6,) — Z (@0, (s 0) ) " for i € {1,2)
16: Update entropy temperature TkEB
17: a—a— \B| Z (HT298T — H (2, spmpno)) e
m€B
18: if § % policy_freq == 0 then
19: Update actor:
20: 2% ¢ STOPGRAD(2;)
21 iy ~ (|22, )
2 60+ Vogzn 3 5 (Qua. 47,2 — alogme(adl, 7))
TEB i=1
23: end if
24: Update target critic 0; < p0; + (1 — p)0; fori € {1,2}
25: end for
26: end for
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4.7 Conclusion

Limitations and Opportunities. Building on this work, there are several limitations and

promising directions that warrant further investigation:

* Visual Robustness. Visual reinforcement learning agents remains brittle to visual changes.
While most prior works in off-policy learning focus on improving visual robustness under
the sample efficiency axis, optimizing visual robustness under the wall-time axis presents an
equally compelling objective—whether through visual augmentations [Hansen et al., 2021b,
Almuzairee et al., 2024, Teoh et al., 2024, Ma et al., 2025], pretrained encoders [ Yuan
et al., 2022b, Wang et al., 2023, Brown and Berseth, 2026], or auxiliary representation

learning objectives [Batra and Sukhatme, 2024, Echchahed and Castro, 2025].

» Sample Efficiency. Numerous advances in off-policy learning have yielded significant
gains in sample efficiency [Hansen et al., 2024, Lee et al., 2024, 2025, Fujimoto et al.,
2025, Castanyer et al., 2025, Obando-Ceron et al., 2025, Chang et al., 2026]. Incorporating

these methods into Squint while maximizing wall-time efficiency is a promising direction.

* Gripper Design. Despite the 5 DoF robot’s remarkable capability for its price point,
sim-to-real transfer for can grasping was challenging due to tipping and insufficient gripper
friction. More adhesive [Glick et al., 2018] or alternative grip designs could mitigate this

issue.

* Generalization. While this work addresses single-task visual RL, natural extensions
include multi-task [Espeholt et al., 2018, Xu et al., 2024, Nauman et al., 2025], multi-view
[Yuan et al., 2024, Almuzairee et al., 2025, Li et al., 2025, Kim et al., 2025], or multi-agent

[Yu et al., 2022] settings as a step towards more generalist agents.

* Privileged Training. We formulated Squint as a symmetric visual based reinforcement

learning agent for simplicity. Extending Squint to an asymmetric pipeline, where the critic
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could leverage privileged information [Pinto et al., 2017, Hu et al., 2024], could further

speed up the learning.

* Dataset Diversity. Our work extensively evaluated the SO-101 task set in simulation and
the real world. Evaluating and improving Squint on larger and diverse visual benchmarks

is another promising direction [Tassa et al., 2018, Yu et al., 2020, Hansen et al., 2025].

 Imitation Learning Limitations. Imitation learning agents achieve suboptimal policies
when given an active vision observation space and asked to imitate a state based agent.
Future work could introduce imitation learning agents that address this limitation [Hu et al.,

2024, Song et al., 2025].

* Sim and Real Co-training. While we train Squint policies purely from simulation,
co-training with both parallel simulation and real world demonstrations could prove a

powerful way to bootstrap the learning [Maddukuri et al., 2025].

Summary. Fast GPU-based parallel simulators have dramatically lowered the entry
barrier for robot learning. In this work, we integrate the 5-DoF SO-101 robotic arm — a
low-cost platform — into ManiSkill3, establishing 8 benchmark tasks with extensive domain
randomization for sim-to-real transfer. We introduce Squint, an off-policy visual reinforcement
learning algorithm that, through careful architectural design, hyperparameter tuning and image
preprocessing, achieves superior wall-time efficiency and success rates compared to existing
baselines on our proposed SO-101 Task Set. Squint trains on a single RTX 3090 GPU in under
15 minutes, producing policies ready for real-world deployment. We hope this work accelerates
iteration cycles in robot learning, makes the field more accessible to researchers, and provides a
strong foundation for future advances in visual reinforcement learning.

Chapter 4, in full, is a reprint of the material as it appears from ”Squint: Fast Visual
Reinforcement Learning for Sim-to-Real Robotics” by Abdulaziz Almuzairee and Henrik 1.

Christensen. Under Review, 2026. The dissertation author was the primary investigator and
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author of this paper.
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Chapter 5

Conclusion

Throughout this thesis, we introduced the motivation behind advancing visual robot
learning. In its current form, visual robot learning, particularly through visual reinforcement
learning, suffers from poor visual generalization, poor visual robustness, and poor training
efficiency that makes it difficult for researchers to adopt it for training deployable robot policies.
To democratize visual robot learning, we proposed multiple algorithmic changes that can alleviate
these challenges.

In Chapter 2, we introduced a recipe named SADA [Almuzairee et al., 2024], for visual
reinforcement learning agents, that can improve visual generalization of visual RL agents to
different visual backgrounds. SADA achieves this through a selective application of data
augmentation, through diverse image transformations and large image datasets, that allows visual
policies to generalize to different photometric and geometric variations of the backgrounds.

In Chapter 3, we proposed a method named MAD [Almuzairee et al., 2025], for visual
reinforcement learning agents, that improves the robustness of agents in multi camera setups.
Specifically, MAD combines multiple camera or multiple sensors during training to improve
training efficiency while carefully disentangling features, such that the policy is robust to failing
cameras during deployment. This allows MAD to run with even single camera setups during
deployment.

In Chapter 4, we showed how we can improve training efficiency and speed up wall time
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training with a novel off-policy visual RL method named Squint [Almuzairee and Christensen,
2026]. Squint achieves this via parallel simulation, resolution squinting, a distributional critic,
a tuned update-to-data-ratio, layernorm, and an optimized implementation. In a few minutes,
Squint is able to train successful visual RL policies that deploy zero-shot to our real robot setup.

While these lower the barrier of entry for visual robot learning, there are many exciting

future directions that can be explored:

* Combining the three algorithms into one comprehensive algorithm would be a natural
extension, which would introduce a large method with many beneficial properties for

general purpose policies.

* Furthermore, scaling to multi task settings would be an interesting future direction, as
multi task settings allow an agent to share latent features across embeddings, and transfer

skills across different setups.

* Also, starting from an offline reinforcement learning setup or demonstrations, and then
converting to an online visual reinforcement learning setup for finetuning can prove a

powerful way for training general purpose visual robot learning policies.

While we mention a few future directions here, we note that there are many other
unmentioned interesting directions. By introducing these algorithms, we hope that this further
democratizes visual robot learning, making it easier for practitioners to build upon and iterate,

and allowing researchers to easily train deployable robust robot policies to the real world.
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Appendix A

Visual Generalization: Extended Material
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Al

A.l.1

Setup and Implementation

Hyper-parameters

Table A.1. The default set of hyper-parameters used in our experiments.

Parameter Setting
Replay buffer capacity 106
Action repeat 2
Frame stack 3
Seed frames 4000
Exploration steps 2000
Mini-batch size 256
Discount ~y 0.99
Optimizer Adam
Learning rate 5x 107
Agent update frequency 2
Critic Q-function soft-update rate 7 0.01
Features dim. 20
Hidden dim. 1024
Actor log stddev bounds [—10,2]
Init temperature 0.1

Max Random Shift Pixels: 16 x 16
Strong Augmentations Max Random Rotation Degrees: 180°

Random Overlay Alpha: 0.5
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A.1.2 Training and Evaluation Setup

DMControl. Each episode length is set to 1000 environment steps. We train all models
for 1M environment steps, evaluating on the training environment every 20,000 environment
steps for 10 episodes. Post training, we evaluate trained agents on each level of our test suite for
100 episodes and report our mean episode reward. We consider six tasks defined below:

Table A.2. DMControl Task List. Task observations are rgb frames of dimensionality R(3%84x84) e
use frame stacking of the three most recent rgb frames such that the observation dimensionality becomes

R(9x84x84) Tyek difficulty is based on the difficulty classification defined in Yarats et al. [2021b].

Tasks Action Dim Difficulty
Walker Walk 6 Easy
Walker Stand 6 Easy
Cheetah Run 6 Medium

Finger Spin 2 Easy
Cartpole Swingup 1 Easy
Cup Catch 2 Easy

Meta-World. Each episode length is set to 200 environment steps. We train all models
for 1M environment steps. Every 20,000 environment steps, we evaluate for 50 episodes and
report the mean success rate. At the end of training we evaluate on the test environments for 50
episodes as well, and report the mean success rate. We use the same camera setup as Seo et al.

[2023a] and consider five tasks defined below:

Table A.3. Meta-World Task List. Task observations are rgb frames of dimensionality R(3%84x84) Wwe
use frame stacking of the three most recent rgb frames such that the observation dimensionality becomes
R(9%84x84) Taqk difficulty is based on the difficulty classification defined in Seo et al. [2023a].

Tasks Action Dim Difficulty
Door Open 4 Easy
Peg Unplug Side 4 Easy

Sweep Into 4 Medium

Basketball 4 Medium
Push 4 Hard
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A.1.3 SAC Based Formulation

In the following section, we formulate our objective in the context of our base algorithm,
Soft Actor Critic [Haarnoja et al., 2018], but we stress that these changes are applicable to any
actor critic framework. The actor update objective for SAC with a learned temperature « thus

becomes:

1
LAPYD) = Eo,up[Dicr (16 (-p1)) ] exp{ Qs (my, -)}))- (A.1)
L5APA(D) = E oD )[—alog mo(ag|pe) — aH], (A2)
ag~To|Pt

where p; = fe([0s, 0, F]y), my = fe([or, 0¢]y), and 0;"® = aug(o, v;), v, ~ V. We use fe to
denote the CNN encoder, and [-]y to denote concatenation for batch size of dimensionality N
where oy, 0} € RN*CHXW "We use aug() as the augmentation operator where we stochastically
sample from the augmentation distribution ) and apply it to the input.papers/sada/

On the critic’s side, the critic’s target prediction is unaltered:

¢" = r(o, ay) + ymaxy Qg(fe(0p41), ) (A.3)

while the critic’s objective is changed to become:

E%IEDA (D) = Eot,at,rt,0t+1~D [HQ@ (pta at) —Y: H2:| (A4)

where P: = ff([ob Oiug]N)’ and Yyt = [qut’ qggt}N'
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A.1.4 Pseudocode

Algorithm 2. Generic SADA Visual Actor Critic Algorithm
(» naive augmentation, » our modifications)

fe, gy, Qo encoder, policy, and Q-function respectively

T, n, D, T: training steps, learning rate, data replay buffer, target update rate
aug, V: choice of strong image augmentation, augmentation distribution
for each timestep t = 1..7" do

1:

2: ag ~ 7(-|oy)

3: 0111 ~ p(-|og, ag)

4: D < DU (04, a¢, (04, a¢),041)

5: UppATECRITIC(D)

6: UppATEACTOR(D)

7. procedure UpDATECRITIC(D)

8: {0i,a;,7(0;,8;),0;11 | i =1..N} ~D > Sample batch of transitions
9: O;, Oj4+1 = aug(oi, Vi)7 aug(0i+1, Vi’) Vi, Uiyr ~ 1%

10: ¢ =r(o;a;) + Ymaxa Q7 fe(0ir1), @) > Compute Q-target
11: 0"® = aug(o;,v;), v; ~V » Apply stochastic data augmentation
12: pi = [0:, 0]y, yi = [¢", ¢*"] » Pack data streams
13: 0 «— 0 — VLA (pi, yi) » Update Q-function and encoder
14: 0 (1—7)0+ 70 > Update target Q-function weights
15: end procedure

16: procedure UpDATEACTOR(D)

17: {0;,a;,7(04,8;),0i41 |1 =1..N} ~D >> Sample batch of transitions
18: o; = aug(o;, 1), v; ~V

19: 0, ¢ = aug(o;,v;), v ~V » Apply stochastic data augmentation
20: p; = [0;,0; %]y, m; = [0;, 0]y » Pack data streams
21: O +— P — nwﬁi‘;"“ (pi, m;) » Update policy
22: end procedure

A.2 Extended Analysis

A.2.1 Ablations

We ablate all our design choices and show the specific modifications in Figure A.1. We

refer to SADA’s application of augmentation as selective, where not all inputs are augmented.

We use ’naive’ to refer to a naive application of augmentation, where all inputs are augmented.

We use - to denote no application of augmentation.
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Method Actor Aug Critic Aug Avg Geometric Avg Photometric Avg All

SADA Selective Selective 690 658 674

SADA (Naive Actor Aug) Naive Selective 410 581 496
SADA (Naive Critic Aug)  Selective Naive 358 312 335
SADA (No Critic Aug) Selective - 655 432 543
SVEA - Selective 232 527 380

DrQ + Aug Naive Naive 217 246 231

DrQ - - 184 322 253

Figure A.1. Ablations. Episode reward on DMC-GB2. Methods trained under all augmentations
and averaged across all DMControl tasks. Mean and 95% CI for 5 random seeds.

A.2.2 Distracting Control Suite Results

We train all methods in the DMControl training environments under all strong aug-
mentations, and evaluate them in a zero-shot manner on the Distracting Control Suite. The

results are shown below in Figure A.2, where SADA outperforms all baselines using the current

augmentations.
350
3300
3 250
< 200
150
100 \
0 0?1 0?2 0?3 0?4 0.5
— SADA SVEA DrQ + Aug = DrQ

Figure A.2. Distracting Control Suite. Episode reward on Distracting Control Suite. Methods
trained under all augmentations and averaged across all DMControl tasks. Mean and 95% CI for
5 random seeds.
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A.2.3 T-SNE Visualization

We visualize the T-SNE projection of converged SADA and SVEA agents in Figure A.3.
Analyzing the graph, we notice a general trend where photometric distributions largely overlap
with the training distribution, while geometric distributions seem distant and have little overlap
with the training distribution. This asserts the fact presented in Figure 2.1, that the CNN encoder
can align the photometric augmentations with the training distribution, such that their latent
space is similar. On the other hand, geometric augmentations induce changes in the encoder’s

output embedding that force it to be placed in seperate latent space.
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Figure A.3. T-SNE Embeddings. We use T-SNE to visualize the projections of converged
SADA and SVEA agents trained under all augmentations in the Walker Walk task.
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A.3 Visuals

A.3.1 Augmentations
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(a) No augmentation (cheetah) (b) No augmentation (cartpole)

(i) Random rotate (cheetah) (j) Random rotate (cartpole)

(k) Random shift (cheetah) (1) Random shift (cartpole)

(m) Random rotate and shift (cheetah) (n) Random rotate and shift (cartpole)

Figure A.4. Data augmentation. Visualizations of data augmentations applied in this study.
Left column contains samples from the Cheetah Run task, and right column contains samples
from the Cartpole Swingup task. Sets (c)-(h) constitute of photometric augmentations while sets
(1)-(n) constitute of geometric augmentations.
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A.3.2 DeepMind Control Suite

(a) Training environment (cheetah) (b) Training environment (cartpole)

Figure A.5. DMControl Train environment. (Left) Cheetah Run task. (Right) Cartpole
Swingup task.
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(a) color_easy environment (cheetah) (b) color_easy environment (cartpole)

(c) color_hard environment (cheetah) (d) color_hard environment (cartpole)

(i) color_video_easy environment (cheetah)  (j) color_video_easy environment (cartpole)

e Y N

(k) color_video_hard environment (cheetah) (/) color_video_hard environment (cartpole)

Figure A.6. DMC-GB2 Photometric Test Set. Visualizations from the 6 photometric test
distributions in DMC-GB2.
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(c) rotate_hard environment (cheetah) (d) rotate_hard environment (cartpole)

(e) shift_easy environment (cheetah) (f) shift_easy environment (cartpole)

(i) rotate_shift_easy environment (cheetah) (j) rotate_shift_easy environment (cartpole)

(k) rotate_shift _hard environment (cheetah) (I) rotate_shift _easy environment (cartpole).

Figure A.7. DMC-GB2 Geometric Test Set. Visualizations from the 6 geometric test
distributions in DMC-GB2.
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A.3.3 Meta-World

(a) Training environment (door-open) (b) Training environment (basketball)

Figure A.8. Meta-World Train environment. (Left) Door Open task. (Right) Basketball task.

(a) shift hard environment (door-open) (b) shift_hard environment (basketball)

Figure A.9. Meta-World Test environment. Geometric test distribution in Meta-World.
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A.4 Extended Results

A.4.1 DeepMind Control Suite Results
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a) Rotate Easy

b) Rotate Hard

DrQ DrQ+Aug SVEA SADA DrQ DrQ+Aug SVEA SADA
Walker Walk 232423 166£33 278+21  808+90 * Walker Walk 133£11 147422 1547  799+89 *
Walker Stand 408+24  329+113 505+24 958+6 * Walker Stand 268+11 288+79 33020 9609 *
Cheetah Run 89+10 84+44 12726 30257 * Cheetah Run 4643 86+48 72£16 29080 *
Finger Spin 116+39 618+80 148+15 870+152 * Finger Spin 59420 603£116 75+7  862+149 *
Cartpole Swingup 228+29 21917 295423 743+56 * Cartpole Swingup 178+15  211%19 21949 74657 *
Cup Catch 409+45  111+40  408+150  909+30 * Cup Catch 277438 10746 241£76  908+39 *
c¢) Shift Easy d) Shift Hard
DrQ DrQ+ Aug SVEA SADA DrQ DrQ+ Aug SVEA SADA
Walker Walk 638 153+32 288436 82495 * Walker Walk 362 93+25 58+8  641+139 *
Walker Stand 299+73  307+89 656+53 9625 * Walker Stand 16112 251+59 228430  870%38 *
Cheetah Run 35+7 104445 90+28  348+27 * Cheetah Run 114 54+30 23+£15 284126 *
Finger Spin 287+84 772423 386+47  903+152 Finger Spin 3+2 573+38 13+15 802112 *
Cartpole Swingup 274443 212420 421+80 798+33 * Cartpole Swingup 206+31 189+29 284453 719459 *
Cup Catch 884+77 12860  771x353  947+15 Cup Catch 67691 13150  674+284  871x62
e) Rotate Shift Easy f) Rotate Shift Hard
DrQ DrQ+ Aug SVEA SADA DrQ DrQ+ Aug SVEA SADA
Walker Walk 43+5 107+32 102+13  663+140 * Walker Walk 3443 57+11 38+4 30770 *
Walker Stand 19627 280+83 32719 897+30 * Walker Stand 14710 191£35 180£19  652+78 *
Cheetah Run 12+6 50+24 25+9 231444 * Cheetah Run 6+2 19+13 136 131+18 *
Finger Spin 2+2 381+83 3+2 732493 * Finger Spin 1+0 155+61 0+0 476+46 *
Cartpole Swingup 139428 189+£12 19514  644+71 * Cartpole Swingup 111+16 172412 149+12  497+33 *
Cup Catch 353493 131+64 369+147  815+70 * Cup Catch 189+52 144+80 204+72  668+102 *
g) Color Easy h) Color Hard
DrQ DrQ+Aug SVEA  SADA DrQ DrQ+Aug SVEA  SADA
Walker Walk 582+47 228+48 755+55 83770 * Walker Walk 265+41 238+44 66751 82572 *
Walker Stand 826+39 333+103 900+47  965%10 * Walker Stand 527465  355+121 86160 9637 *
Cheetah Run 34142 * 88+39 203+89 252469 Cheetah Run 178+25 87+35 133£73 239475
Finger Spin 795+61 693+74 924433  895+162 Finger Spin 466+73 66176 802+108 868+150
Cartpole Swingup ~ 696+54 230428  542+104 70433 Cartpole Swingup 441+43  240+22  478+£101 716434 *
Cup Catch 833+37 139£62 821322 969+5 Cup Catch 52068 15766  779+320 961+11
i) Video Easy j) Video Hard
DrQ DrQ+ Aug SVEA SADA DrQ DrQ+ Aug SVEA SADA
Walker Walk 390456 132433 788£103  791+56 Walker Walk 36+5 16629 264+57 27031
Walker Stand 603+41 279+63 945+13 92345 Walker Stand 154£17 225447 429495 70265 *
Cheetah Run 75+52 4949 102456 12159 Cheetah Run 2516 75+20 28+8 8220
Finger Spin 441+39 654488 774+137 875157 Finger Spin 7+4 234+29 263123 566+118 *
Cartpole Swingup 375+54 204+34 427485 524449 * Cartpole Swingup ~ 98+21 154+26 259432 36331 *
Cup Catch 523+21  150+45  736x303 934423 Cup Catch 111431 152455 416+252 66243 *
k) Color Video Easy 1) Color Video Hard
DrQ DrQ+ Aug SVEA SADA DrQ DrQ+ Aug SVEA SADA
Walker Walk 208+49 219436 681+44 79159 * Walker Walk 42+10 215437 421+67 68661 *
Walker Stand 487+28  330+105 852436 94515 * Walker Stand 170+17  288+84 659+69  906+30 *
Cheetah Run 60+36 64£16 100+58  153+64 Cheetah Run 2617 82+23 4424 99+43
Finger Spin 310£30 653+74 705+147 850£150 Finger Spin 2+2 365+52 307+139 633106 *
Cartpole Swingup 327443 217423 427+86  570+38 * Cartpole Swingup ~ 94+17 166+30 294445  426x39 *
Cup Catch 447461 160+54 716+£318  931+36 Cup Catch 122448 16377 484+291 697437

Figure A.10. DMC-GB2 Overall Robustness Results. Episode Reward. Methods trained under
all (geometric and photometric) augmentations and evaluated on the all DMC-GB2 Test Sets.
Mean and Stddev over 5 random seeds. Highest scores in bold. Asterisk (*) indicates that the
method is statistically significantly greater than all compared methods with 95% confidence.
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Figure A.11. DMC-GB2 Overall Robustness Graphs. Episode Reward. Methods trained under
all (geometric and photometric) augmentations and evaluated on all DMC-GB2 Test Sets. Hard
levels visualized. Mean and 95% CI over 5 random seeds.
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a) Rotate Easy

b) Rotate Hard

DrQ DrQ+Aug SVEA  SADA DrQ DrQ+Aug SVEA  SADA
Walker Walk 232423 431+41 426+£37 728+369 Walker Walk 133+11 41645 228425 729+367
Walker Stand 408+24  809+159  629+60 96845 * Walker Stand 26811 777167  406+46 961+9 *
Cheetah Run 89+10 180433 147+31  420+76 * Cheetah Run 46+3 168+42 86+26 41576 *
Finger Spin 116£39  829+26 257458 885150 Finger Spin 59+20 820+28 128+25 862158
Cartpole Swingup 228429  304+77 422423 80154 * Cartpole Swingup 178+15 28963  280+11 79862 *
Cup Catch 409+45  600+167 618+86 803+350 Cup Catch 277438  569+173  397+94 797352
¢) Shift Easy d) Shift Hard
DrQ DrQ+ Aug SVEA SADA DrQ DrQ+ Aug SVEA SADA
Walker Walk 63+8 41561 692467  740+374 Walker Walk 36+2 304483 154446 636+324 *
Walker Stand 299473 822+166 76598  946x15 Walker Stand 161£12  671£167 38770 89731 *
Cheetah Run 35+7 179+£22 133£18  413£72 * Cheetah Run 11+4 129+14 52+18 344443 *
Finger Spin 287+84  678+142  460+85 899+136 * Finger Spin 3+2 588+204 90+48  781+147
Cartpole Swingup 274443 288+29  564+89 767+57 * Cartpole Swingup 206+31 216423 318+33 634+104 *
Cup Catch 884+77  695+137 940+43 8114343 Cup Catch 676£91  604+188  859+77  790+348
e) Rotate Shift Easy f) Rotate Shift Hard
DrQ DrQ+Aug SVEA SADA DrQ DrQ+Aug SVEA SADA
Walker Walk 4345 31672 228+17 678+345 * Walker Walk 3443 166+75 62+12  356+183 *
Walker Stand 196+27  705£196 489492 934422 * Walker Stand 147410  484+189 222433 791441 *
Cheetah Run 1246 14614 56+16 33128 * Cheetah Run 6+2 78+13 20£6 18057 *
Finger Spin 2+2 683+169 52439  802+147 Finger Spin 1+0 513£201 1+1 663+£193
Cartpole Swingup 139428 257451 269+37 742458 * Cartpole Swingup 11116 183+28 162+14 553494 *
Cup Catch 353493  586+156 58961  788+347 Cup Catch 189452  512+159  327+49 7494333

Figure A.12. DMC-GB2 Geometric Test Set Results. Episode Reward. Methods trained under
geometric augmentations and evaluated on DMC-GB2 Geometric Test Set. Mean and Stddev
over 5 random seeds. Highest scores in bold. Asterisk (*) indicates that the method is
statistically significantly greater than all compared methods with 95% confidence.
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a) Color Easy

b) Color Hard

DrQ DrQ+Aug SVEA  SADA DrQ DrQ+Aug SVEA  SADA
Walker Walk 582447 91134  841x126 94726 Walker Walk 26541 90731  834x127 946x23
Walker Stand ~ 826£39  964+7  815£341 975+4 Walker Stand ~ 527+65 96310  813%343  974+2
Cheetah Run 34142 27434  348+71 368+54 Cheetah Run 178425 273237 33360 36248
Finger Spin  795+61  948+51  910£142 9832 Finger Spin  466+73 94453  882+132 98043
Cartpole Swingup 696+54  626+152 84316 842+19 Cartpole Swingup 441+43 627149 83315 843%17
Cup Catch 83337  713#353  976%2 9733 Cup Catch 520468 7224339 9742 9724
¢) Video Easy d) Video Hard
DrQ DrQ+Aug SVEA  SADA DrQ DrQ+Aug SVEA  SADA
Walker Walk 39056 88541  824+143 936x24 Walker Walk 36+5  255%49 243291  329+20
Walker Stand 603241  964+5  813%339 9722 Walker Stand ~ 154+17  669+79  533+203 692240
Cheetah Run  75£52  264#41 298440 34050 CheetahRun  25%16 15138  105£54 9127
Finger Spin 441239 92341  879+140 9724 Finger Spin 7#4  600£100 4362106 735+44 *
Cartpole Swingup 375+54  533%157  770+44 749474 Cartpole Swingup  98+21 257+41 38751  407+81
Cup Catch 523+21  690£355  947+16  961%5 Cup Catch 111231 5184256  664+48 816270 *
e) Color Video Easy f) Color Video Hard
DrQ DrQ+Aug SVEA  SADA DrQ DrQ+Aug SVEA  SADA
Walker Walk ~ 208+49  879+42  817+140 93524 Walker Walk 4210 639+69  600£150 736+68
Walker Stand ~ 487#28 9636 811341 9704 Walker Stand 17017 889+48 730315 92022
Cheetah Run ~ 60£36  263+48 294427 33157 Cheetah Run 2617  216%53 15366 18763
Finger Spin 310230 92042  866+137 9724 Finger Spin 242 68482  500+151 81525+
Cartpole Swingup 327#43  528+154 76144 74864 Cartpole Swingup  94+17  300£57 46463  469+80
Cup Catch 447461 697353  944x17 95948 Cup Catch 122448 570+300 792463 87343 *
Figure A.13. DMC-GB2 Photometric Test Set Results. Episode Reward. Methods trained

under photometric augmentations and evaluated on DMC-GB2 Photometric Test Set. Mean and
Stddev over 5 random seeds. Highest scores in bold. Asterisk (*) indicates that the method is
statistically significantly greater than all compared methods with 95% confidence.
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Figure A.14. DMC-GB2 Geometric Test Set Graphs. Episode Reward. Methods trained under

geometric augmentations and evaluated on DMC-GB2 Geometric Test Set. Hard levels
visualized. Mean and 95% CI over 5 random seeds.
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Figure A.15. DMC-GB2 Photometric Test Set Graphs. Episode Reward. Methods trained
under photometric augmentations and evaluated on DMC-GB2 Photometric Test Set. Hard

levels visualized. Mean and 95% CI over 5 random seeds.
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A.4.2 Meta-World Results
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Shift Hard (Meta-World)

DrQ DrQ+ Aug SVEA SADA

Door Open 242 51£12
Peg Unplug Side 2+1 33427
Sweep Into 3+2 769
Basketball 0£0 48+31
Push 2+2 43423

28+7 59+9
32+13  70+18 *
4248 74+8
18£16 7516
28+4 6116

Figure A.16. Meta-World Results. Success rate (%). Trained under strong shift augmentation
only. Evaluated on Meta-World Shift Hard. Mean and Stddev of 5 random seeds. Highest scores
in bold. Asterisk (*) indicates that the method is statistically significantly greater than all

compared methods with 95% confidence.
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Figure A.17. Meta-World Graphs. Success rate (%). Trained under Shift Augmentation,
Evaluated on Meta-World Shift Hard. Mean and 95% CI of 5 random seeds.
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A.5 Statistical Significance Testing

We conduct statistical significance testing for all our experiments and provide it below.
Given two methods A and B, we use a one tailed Welch t-test to determine the statistical

significance and formulate the following hypotheses:

Null Hypothesis #,: A < B (A.5)

Alternative Hypothesis #,: A > B (A.6)

Using an alpha value of 0.05 (95% confidence), all p-values greater than 0.05 indicate that
the null hypothesis cannot be rejected and that the expected mean of A is statistically significantly
less than or equal to the expected mean of 3. On the other hand, all p-values less than 0.05
indicate that we should reject the null hypothesis in favor of the alternative hypothesis, indicating
that the expected mean of A is statistically significantly greater than the expected mean of 5.
To control for multiple pairwise comparisons, we apply the Holm-Bonferroni method, where we
sort the p-values in ascending order, and compare them with their adjusted alpha values (0.0167,
0.025, 0.05) respectively. Using the Holm-Bonferroni method, there is only a 5% chance of
rejecting at least one true null hypothesis (i.e., making a Type I error) from the three hypotheses
in every comparison.

We provide per-task statistical significance testing results in the tables in Appendix A.4.

We also provide the overall category statistical significance testing results below.

A.5.1 Overall Category Results:

For all the overall category results of the experiments conducted throughout this
paper, there is sufficient evidence (with 95% confidence) that the mean performance of
SADA is statistically significantly greater than all of the baselines.

In the overall category statistical significance testing, we provide both the p and t values
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for the Welch t-test results. p denotes the p-value which represents the probability of observing
the data or more extreme data under the assumption that the null hypothesis is true. t denotes the
test statistic which is a standardized measure of the difference between two group means, adjusted

for the variability within the groups, used to assess the significance of the observed difference.

Overall Robustness

Method B
Method A
SVEA DrQ + Aug DrQ
Avg Geometric | p=4.0x107%,t=27.21 | p=8.1x1071°, p=4.0x107%,t=45.78
SADA t=30.62
Avg Photometric | p=1.2x1073,t=5.77 | p=1.4x1071°, p=2.9x10719,
t=47.60 t=36.17
Avg All p=3.4x107°,t=15.42 | p=1.1x1071°, p=1.9x1077, t=44.27
t=38.84

Figure A.18. Overall Robustness. Statistical Significance Measurement using Welch t-test on
the episode reward on DMC-GB2. Methods trained under all augmentations and averaged across
all DMControl tasks. Mean over 5 random seeds.

Geometric vs Photometric Robustness

Method B

Method A
SVEA DrQ + Aug DrQ

Avg Geometric | p=6.2x107%,t=12.96 | p=8.8x1075,t=7.53 | p=2.0x107%,t=18.28

SADA
Avg Photometric | p=7.3x1073,t=3.80 | p=1.4x107%,t=3.29 | p=1.3x10"1,

t=50.40

Figure A.19. Geometric vs Photometric Robustness. Statistical Significance Measurement
using Welch t-test on the episode reward on DMC-GB2. Methods were trained under geometric
augmentations and evaluated on the geometric test set, and trained under photometric
augmentations and evaluated on the photometric test set, averaged across all DMControl tasks.
Mean over 5 random seeds.
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Ablations

Method B

Method A
SADA (Naive Actor | SADA (Naive Critic | SADA (No Ceritic

Aug) Aug) Aug)

Avg Geometric | p=1.3x107",t=16.88 | p=6.3x107%,t=23.43 | p=1.6x1072, t=2.61

SADA | Avg Photometric | p=3.2x1072, t=4.30 | p=2.0x1077,t=22.86 | p=2.3x1078%,t=20.58

Avg All p=1.1x1077,t=10.89 | p=1.6x10=%,t=24.05 | p=1.3x107, t=12.01

Figure A.20. Ablations. Statistical Significance Measurement using Welch t-test on the episode
reward on DMC-GB2. Methods trained under all augmentations and averaged across all
DMControl tasks. Mean over 5 random seeds.

TD-MPC2 Baseline

Method B

Method A
TD-MPC2 + Aug

TD-MPC2 + SADA | Avg All | p=8.1x107°, t=7.90

Figure A.21. TD-MPC2 Baseline. Statistical Significance Measurement using Welch t-test on
the episode reward on DMC-GB2. Trained under all augmentations with a TD-MPC2 backbone,
averaged across all DMControl tasks. Mean over 5 random seeds.

Meta-World
Method B
Method A
SVEA DrQ + Aug DrQ
SADA Shift Hard p=1.5x107%,t=10.26 | p=2.2x1073, t=3.90 | p=1.4x107°,t=20.45

Figure A.22. Meta-World. Statistical Significance Measurement using Welch t-test on the
success rate (%) on Shift Hard (Meta-World) distribution. Trained under strong shift
augmentation only, averaged across all Meta-World tasks. Mean over 5 random seeds.
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Appendix B

Visual Robustness: Extended Material

83



B.1 Experiment Setup

B.1.1 Hyper-parameters

Table B.1. The default set of hyper-parameters used in our experiments.

Parameter Setting
Replay buffer capacity 500,000
Image Size (3, 84, 84)
Frame stack 3
Exploration steps 2000
Mini-batch size 256
Optimizer Adam
Learning rate 5x 1074
Agent update frequency 2
Critic Q-function soft-update rate 7 0.01
Features dim. 50
Hidden dim. 1024
Actor log stddev bounds [—10,2]
Init temperature 0.1
MAD Alpha « 0.8
Discount y (Meta-World) 0.99

(ManiSkill3) 0.8

B.1.2 Baseline Implementations

For all baselines, we reimplement them on top of our DrQ baseline for a fair comparison.
The MV-MWM baseline however was kept using its model-based baseline, as DrQ is model-free.

Nevertheless, MV-MWM was tuned accordingly on both benchmarks.
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B.1.3 Environment Setups

Meta-World. We evaluate on 15 tasks where 5 tasks are chosen from each of medium,
hard, and very hard difficulties, defined in Seo et al. [2023a]. Every 25,000 environment steps,

we evaluate for 20 episodes and report the mean success rate.

MetaWorld-v2 Tasks

Task Difficulty Action Dim Proprioceptive State Dim
Basketball Medium 4 4
Hammer Medium 4 4
Peg Insert Side Medium 4 4
Soccer Medium 4 4
Sweep Into Medium 4 4
Assembly Hard 4 4
Hand Insert Hard 4 4
Pick Out Of Hole Hard 4 4
Pick Place Hard 4 4
Push Hard 4 4
Shelf Place Very Hard 4 4
Disassemble Very Hard 4 4
Stick Pull Very Hard 4 4
Stick Push Very Hard 4 4
Pick Place Wall ~ Very Hard 4 4

ManiSkill3. We evaluate on 5 visual tasks from ManiSkill3. Every 20,000 environment
steps, we evaluate for 20 episodes and report the mean success rate. We alter the default camera
setups of the tasks to accommodate our setup. For both PushCube and PokeCube tasks, we
alter the state to include the goal position of the cube to keep consistent with other tasks in the

ManiSkill3 environments.
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ManiSKkill3 Tasks

Tasks Difficulty Action Dim Proprioceptive State Dim
Push Cube - 4 28
Pull Cube - 4 28
Pick Cube - 4 29
Place Sphere - 4 29
Poke Cube - 4 28
Environment Settings
Environment Steps Episode Length Action Repeat Metric Number of Eval Episodes
Meta-World M 200 2 Success 20
ManiSkill3 0.5M 50 1 Success 20
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B.2 Camera Scalability Experiments
B.2.1 Increased Camera Views

We further evaluate how our method would scale with larger number of views. We
setup ManiSkill3 with five views as outlined below and evaluate our method and baselines on 5

ManiSkill3 tasks. As shown below, MAD outperforms all baselines by (48%) success rate when

increased to 5 views.

Camera View Scalability (5 Views)

All Cameras First Third A Third B Third C Third D Average
100 100 100

751 7519
50 50
25 25

ManiSkill3

0+ ; 04 ; ,
0 025M 05M 0  025M 05M

- MAD

MVD VIB Single Camera

Figure B.1. View Robustness. Success rate as a function of environment steps, averaged over 5

ManiSkill3 visual RL tasks. Methods are trained on all five camera views and evaluated on all

and singular camera views with the final average displayed on the far right. Mean and 95% CI
over 5 random seeds.

B.2.2 Different Input Camera View Sizes

We also evaluate the case where we have multiple camera inputs with different resolutions.
If we have multiple cameras with different resolutions, some options to process them are:

(a) As a preprocessing step, resize all images to a fixed size.

(b) Use separate CNN encoders for each image size. This would mean that the input
views need to be ordered, such that it is possible to assign each input view to its corresponding
CNN encoder.

We opt for option (a) due to its simplicity. Given a First Person View of size (64x64),

a Third Person A View of size (96x96) and a Third Person B View of size (84x84), we resize
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all input images to (84x84) and train MAD on 5 ManiSkill3 tasks to empirically validate our
suggestions. We display the results in the figure below, where we find that MAD is able to

support different sizes of camera views with a similar performance to our original setup.

Camera View Scalability (Different Image Sizes)
All Cameras First Person Third Person A Third Person B Average

100 100 100 1001787 80.2

-
1)
=]

~
o
. L ;

754 754 754
50 504 504

N
o
n

254 254 254

ManiSkill3

o
.

04 o —
0 025M 05M 0  025M 0.5M 05M 0  0.25M 0.5M

—— MAD (Different Image Sizes) = MAD (Same Image Size)

Figure B.2. View Robustness. Success rate as a function of environment steps, averaged over 5

ManiSkill3 visual RL tasks. Methods are trained on all three camera views and evaluated on all

and singular camera views with the final average displayed on the far right. Mean and 95% CI
over 5 random seeds.
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B.3 Extended Analysis
B.3.1 Best Camera View for Learning

Is there a single camera view that consistently outperforms other camera views?
Based on our experiments, there is a singular view that outperforms other singular views, and
that being the First Person view. This observation aligns with findings from Hsu et al. [2022].
Due to the first person camera’s attachment to the robot arm, and active perception system, it
provides the best representations for robot learning. However, its attachment to the robot arm can
be a double edged sword, as it can suffer from limited observability that prevents it from solving
the task. We shed light on the PokeCube task from ManiSkill3 in Figure B.3, where the First
Person view isn’t sufficient to solve the task as it has limited observability. Nevertheless, MAD is
able to leverage useful information from other third person views and achieve high success rate
on All Cameras. In the case of a reduction in views, MAD can still maintain the highest possible

success rate on the First Person view given its limited observability.

All Cameras First Person
1004 1004
m
= 754 754
LY
V50 50+
5
25 25+
Z / /\/\’N
04 ww' N 0- WW
0 0.25M 0.5M 0 0.25M 0.5M
= MAD (Ours) VIB
e MVD Single Camera

Figure B.3. First Person Camera View Failure. Success rate as a function of environment
steps on the ManiSkill3 PokeCube task. Methods are trained on all three views and evaluated an
all and singular views separately. Mean and 95% CI over 5 random seeds.
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B.4 Extended Results

B.4.1 Opverall Robustness
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Figure B.4. Overall Robustness. Success rate as a function of environment steps, averaged over

15 Meta-World and 5 ManiSkill3 visual RL tasks. (Top Left) Meta-World Medium. (Top Right)

Meta-World Hard. (Bottom Left) Meta-World Very Hard. (Bottom Right) ManiSkill3. Methods

are trained on all three camera views and evaluated on all and singular camera views. Mean and
95% CI over 5 random seeds. In reference to Figure 3.4 in the main text.
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B.4.2 Ablations

Ablation — Alpha
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Figure B.5. Ablations. Success rate as a function of environment steps, averaged over 5
Meta-World hard visual RL tasks. (Left) Alpha Ablations. (Right) Component Ablations.
Methods are trained on all three camera views and evaluated on all and singular camera views.
Mean and 95% CI over 5 random seeds. In reference to Figure 3.5 in the main text.

B.4.3 Multi-View Merging
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Figure B.6. Multi-view Merging. Success rate as a function of environment steps, averaged over
5 Meta-World hard visual RL tasks. Methods trained and evaluated on (Left) two camera views -
First and Third A - (Right) three camera views. Mean and 95% CI over 5 random seeds. In
reference to Figure 3.6 in the main text.
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B.5 Visuals
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B.5.2 ManiSkill3
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