
Towards Robust and Generalized Quadruped

Locomotion in the Physical World

Dikai Liu

College of Computing and Data Science

A thesis submitted to the Nanyang Technological University

in partial fulfillment of the requirements for the degree of

Doctor of Philosophy

2026

http://www.ntu.edu.sg
https://www.ntu.edu.sg/computing




Statement of Originality

I hereby certify that the work embodied in this thesis is the result of

original research, is free of plagiarised materials, and has not been

submitted for a higher degree to any other University or Institution.

28 July 2025
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Date Dikai Liu





Supervisor Declaration Statement

I have reviewed the content and presentation style of this thesis and

declare it is free of plagiargism and of sufficient grammatical clarity

to be examined. To the best of my knowledge, the research and

writing are those of the candidate except as acknowledged in the

Author Attribution Statement. I confirm that the investigations were

conducted in accord with the ethics policies and integrity standards

of Nanyang Technological University and that the research data are

presented honestly and without prejudice.

28 July 2025
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Date Assoc Prof Tianwei Zhang





Authorship Attribution Statement

This thesis contains materials from 3 papers accepted at conferences

and 1 technical report preprint, in which I am listed as an author.

Chapter 3 is published as: Dikai Liu, Tianwei Zhang, Jianxiong Yin, and Simon
See. “Masked Sensory-Temporal Attention for Sensor Generalization in Quadruped
Locomotion”. In IEEE International Conference on Robotics and Automation
(ICRA), 2025.

The contributions of the co-authors are as follows:

• I was the lead author. I wrote the manuscript draft and conducted all the
experiments.

• Prof. Tianwei Zhang guided the initial research direction and revised the
manuscript draft.

• The rest of the co-authors participated in the discussion.

Chapter 4 is published as: Dikai Liu, Jianxiong Yin, and Simon See. “Towards
Fault-tolerant Quadruped Locomotion with Reinforcement Learning”. In IEEE
Conference on Artificial Intelligence (CAI), 2024.

An extended technical report is available as: Dikai Liu, Tianwei Zhang, Jianxiong
Yin, and Simon See, “Saving the Limping: Fault-Tolerant Quadruped Locomotion
via Reinforcement Learning”, arXiv preprint arXiv:2210.00474.

The contributions of the co-authors are as follows:

• I was the lead author. I wrote the manuscript draft and conducted all the
experiments.

• Prof. Tianwei Zhang guided the initial research direction and revised the
manuscript draft.

• The rest of the co-authors participated in the discussion.

Chapter 5 is published as: Dikai Liu, Tianwei Zhang, Jianxiong Yin, and Simon
See. “Unified Locomotion Transformer with Simultaneous Sim-to-Real Transfer for
Quadrupeds”. In IEEE/RSJ International Conference on Intelligent Robots and
Systems (IROS), 2025.

The contributions of the co-authors are as follows:

• I was the lead author. I wrote the manuscript draft and conducted all the
experiments.

• Prof. Tianwei Zhang guided the initial research direction and revised the
manuscript draft.



viii

• The rest of the co-authors participated in the discussion.

28 July 2025
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Date Dikai Liu



Acknowledgements

As my journey in pursuing a Ph.D. comes to its end, I would like to convey my

heartfelt gratitude to all the people who have been supporting and encouraging me

throughout this experience.

First and foremost, I would like to express my deepest gratitude to my academic

supervisor, Prof. Tianwei Zhang, for his invaluable guidance and intellectual

mentorship throughout my doctoral studies. I am equally grateful to my industry

supervisors, Dr. Simon See for his continuous advice and encouragement. Their

expertise, patience, and dedication have been instrumental in shaping my research

direction and fostering my growth as an independent researcher. I would thank the

opportunity given by EDB-IPP to make this journey happen by bridging the gap

between academic research and industry innovation.

I would like to extend my sincere appreciation to my NVIDIA colleague Mr.

Jianxiong Yin, and manager Dr. Aik Beng Ng, for their exceptional support in

balancing my work responsibilities and research commitments. Their understanding,

flexibility, and encouragement have made it possible for me to pursue my doctoral

studies while contributing to meaningful industry projects. The opportunity to

work within such a supportive environment has been invaluable to my professional

and academic development.

I would also like to extend my thanks to all the remarkable individuals I have

encountered in the univeristy, workplace, and various venues during this journey.

For my lab colleagues, thank you for your insightful discussions and creating our

shared moments of discovery. To my workspace friends and collaborators, thank

you for creating an environment of learning and innovation. To everyone who has

engaged in meaningful conversations, shared insights, or simply provided moments

of joy during this journey, if you are reading this and wondering if you are included,

yes, you are. In the spirit of friendship and to stop the fighting, I create this

wonderful Every Friend as First Friend following [1]:

ix



x

Kangjie Chen; Jovan Chew; Gelei Deng; Dr. Wenhao Fu; Wei Gao; Xingshuo Han; Meng Hao; Qinghao Hu; Dr. Ming Hu; Ke Jiang; Zhengyi Kwan; Guanlin Li; Dr. Anran Li; Tianlin Li; Dr. Shangqing Liu; Dr. Chengwei Liu; Timothy Liu; Xiaoxuan Lou; Haoran Ou; Megani Rajendran; Adjovi Sim; Darren Tan; Vincent Tang; Ng Wen Zheng Terence; Chenyuan Wang; Yidi Wang; Yutong Wu; Dr. Xiuheng Wu; Yi Xie; Dr. Guowen Xu; Dr. Yuan Xu; Dr. Juntao Yang; Jin Qi Yeo; Meng Zhang; Shiqian Zhao; Kangqiao Zhao                                               

Finally, I would like to express my profound gratitude to my parents and family

for their unconditional love, endless support, and unwavering belief in my abilities.

Their encouragement and understanding throughout the many years of my academic

pursuit have been the foundation upon which this achievement stands and this

work would not have been possible without their constant support and patience.

To everyone, thank you for being a part of this remarkable experience.

Dikai Liu



xi

Better to run than curse the road.





Contents

Acknowledgements ix

Abstract xvii

List of Figures xx

List of Tables xxv

1 Introduction 1

1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.1 Legged Locomotion in the Era of Physical AI . . . . . . . . 1

1.1.2 Simulation-first Learning-based Agents with Persistent Sim-
to-real Gap . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.1.3 Robustness and Generalization in Locomotion . . . . . . . . 3

1.1.4 The Rise of Transformer Paradigms . . . . . . . . . . . . . . 4

1.2 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.3 Main Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.4 Contribution of the Thesis . . . . . . . . . . . . . . . . . . . . . . . 10

1.5 List of Materials Related to the Thesis . . . . . . . . . . . . . . . . 11

1.6 Outline of the Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2 Preliminary and Related Works 13

2.1 Robot Learning for Real World Applications . . . . . . . . . . . . . 14

2.1.1 Partially Observability in Robotics . . . . . . . . . . . . . . 14

2.1.2 Partially Observable Markov Decision Process with Reinforce-
ment Learning . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.1.3 Robot Learning with Simulation . . . . . . . . . . . . . . . . 18

2.1.4 Closing Sim-to-Real Gap . . . . . . . . . . . . . . . . . . . . 19

2.2 Learning-based Legged Locomotion . . . . . . . . . . . . . . . . . . 22

2.2.1 Legged Locomotion with Reinforcement Learning . . . . . . 22

2.2.2 Robustness in Legged Locomotion . . . . . . . . . . . . . . . 23

2.2.3 Generalization in Legged Locomotion . . . . . . . . . . . . . 24

2.3 Robotic Foundation Models . . . . . . . . . . . . . . . . . . . . . . 25

2.3.1 RFM with Transformer Architecture . . . . . . . . . . . . . 25

xiii



xiv CONTENTS

2.3.2 Vision-Language-Action Models . . . . . . . . . . . . . . . . 26

2.3.3 Challenges in Real-Time Low-level Control . . . . . . . . . . 27

3 Masked Sensory-Temporal Attention for Sensor Generalization in
Quadruped Locomotion 29

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.2 Preliminary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.2.1 Simulation Environment . . . . . . . . . . . . . . . . . . . . 33

3.2.2 Teacher Policy and Training . . . . . . . . . . . . . . . . . . 36

3.3 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.3.1 Tokenization and Embeddings . . . . . . . . . . . . . . . . . 37

3.3.2 Attention with Missing Information . . . . . . . . . . . . . . 38

3.4 Experiments and Results . . . . . . . . . . . . . . . . . . . . . . . . 39

3.4.1 Impact of Mask Ratio . . . . . . . . . . . . . . . . . . . . . 39

3.4.2 Comparison with Baselines . . . . . . . . . . . . . . . . . . . 41

3.4.3 Generalization, Robustness and Flexibility . . . . . . . . . . 41

3.4.4 Physical Deployment . . . . . . . . . . . . . . . . . . . . . . 46

3.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4 Saving the Limping: Fault-tolerant Quadruped Locomotion via
Reinforcement Learning 49

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

4.2.1 Joint Locking in Quadruped Locomotion . . . . . . . . . . . 53

4.2.2 Reinforcement Learning Architecture . . . . . . . . . . . . . 55

4.2.3 Joint Teacher-Student Framework . . . . . . . . . . . . . . . 57

4.3 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.3.1 Implementation and Experimental Setup . . . . . . . . . . . 59

4.3.2 Teacher-Student Transfer . . . . . . . . . . . . . . . . . . . . 60

4.3.3 Virtual Deployment . . . . . . . . . . . . . . . . . . . . . . . 61

4.3.4 Physical Validation . . . . . . . . . . . . . . . . . . . . . . . 65

4.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

5 Unified Locomotion Transformer with Simultaneous Sim-to-Real
Transfer for Quadrupeds 71

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

5.2 Simulation Environment . . . . . . . . . . . . . . . . . . . . . . . . 74

5.2.1 Terrain and Curriculum . . . . . . . . . . . . . . . . . . . . 74

5.2.2 Domain Randomization . . . . . . . . . . . . . . . . . . . . 74

5.2.3 Observations and Actions . . . . . . . . . . . . . . . . . . . 75

5.2.4 Reward Function . . . . . . . . . . . . . . . . . . . . . . . . 76

5.3 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

5.3.1 Model Architecture . . . . . . . . . . . . . . . . . . . . . . . 78

5.3.2 Action Mixer and Unified Training . . . . . . . . . . . . . . 80



CONTENTS xv

5.3.3 Direct Sim-to-Real Deployment . . . . . . . . . . . . . . . . 81

5.4 Experiments and Results . . . . . . . . . . . . . . . . . . . . . . . . 83

5.4.1 Action Mixer Ratio . . . . . . . . . . . . . . . . . . . . . . . 83

5.4.2 Comparison with Baselines . . . . . . . . . . . . . . . . . . . 84

5.4.3 Ablation Studies . . . . . . . . . . . . . . . . . . . . . . . . 85

5.4.4 ULT with Supervised Transfer . . . . . . . . . . . . . . . . . 86

5.4.5 Physical Deployment . . . . . . . . . . . . . . . . . . . . . . 87

5.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

6 Conclusion and Future Work 89

6.1 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

6.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

List of Publications 95

Bibliography 97





Abstract

Physical AI systems represent a transformative paradigm for creating autonomous

agents capable of perceiving, reasoning, and interacting within complex real-world

environments. Among various robotic platforms, multi-legged systems, for example

quadrupedal robots, have gained significant attention due to their exceptional capa-

bility to traverse rough and complex terrains with high agility, while simultaneously

maintaining substantial payload carrying capacities for continuous operation. Loco-

motion is a fundamental skill in multi-legged systems that draws extensive research

interest, as it enables the deployment of quadrupedal platforms in challenging

real-world environments to provide a stable foundation for critical missions. How-

ever, the development of robust locomotion remains fundamentally constrained by

challenges in environmental generalization, hardware reliability, and the persistent

simulation-to-reality transfer gap. This thesis addresses these critical limitations

through novel methodologies specifically designed for quadrupedal locomotion, ad-

vancing robust and generalizable quadruped locomotion agent through efficient

simulation-based training approaches utilizing reinforcement learning (RL) and

knowledge transfer.

The research confronts the inherent brittleness of simulation-first learning-based

approaches, where the physical dynamics in unpredictable environments deviate

significantly from the simulated training conditions. Traditional robotic control sys-

tems often exhibit catastrophic performance degradation when faced with hardware

malfunctions, sensor failures, or environmental variations, severely limiting prac-

tical deployment in mission-critical applications. To overcome these fundamental

challenges, this thesis presents three primary contributions that collectively advance

robust and generalized quadrupedal locomotion through innovative simulation-based

training methodologies.

First, we propose the Masked Sensory-Temporal Attention (MSTA) mechanism, a

transformer-based architecture that addresses the sensor generalization challenges

in quadrupedal locomotion. Unlike conventional approaches that rely on fixed

sensor configurations, MSTA employs attention mechanisms to fuse available sensory

xvii
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information while compensating for missing inputs. The framework tokenizes

individual sensor modalities and channels with random masking during training,

enabling robust performance across different sensor configurations and hardware

platforms for generalized and fixable deployment.

Second, we introduce a comprehensive Fault-Tolerant Locomotion (FTL) framework

that enables quadrupedal robots to maintain stable locomotion despite hardware

failures, particularly joint locking scenarios. With the simulation strategies designed,

dynamic failure situations can be added randomly to enhance the diversity of

training scenarios. Through a teacher-student reinforcement learning paradigm

with additional domain randomization, our approach demonstrates the capability to

dynamically adapt locomotion patterns when joints face hardware failure, achieving

zero-shot transfer from simulation to physical robots.

Third, we develop the Unified Locomotion Transformer (ULT) architecture, facilitat-

ing simultaneous optimization of teacher and student policies for effective knowledge

transfer and simulation-to-reality transfer. Unlike traditional sequential training

approaches that require separate phases of knowledge distillation, ULT integrates

privileged information and proprioceptive observations within a unified transformer

framework. The architecture employs action-mixing strategies, combining reinforce-

ment learning loss with next state-action prediction and policy imitation objectives

for a single-stage training.

Comprehensive experimental validation includes simulation studies using Isaac

Gym and real-world validation on Unitree A1 quadrupedal platforms. The results

demonstrate substantial improvements in robust fault-tolerance capabilities with

successful locomotion across diverse failure scenarios, sensor generalization that

maintains consistent performance across varying observation configurations, efficient

training through unified frameworks that allow simultaneous development of teacher

and student agents. Additionally, all the agents can be zero-shot sim-to-real

transferred to physical robots without fine-tuning using real-world data.

The implications extend beyond quadrupedal locomotion, providing fundamental

insight for developing robust physical AI systems in diverse robotic applications. By

addressing core challenges in fault tolerance, sensor generalization, and knowledge

transfer, this thesis contributes essential building blocks towards generalizable
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physical AI systems capable of reliable operation in complex, dynamic real-world

environments.
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Chapter 1

Introduction

1.1 Background

1.1.1 Legged Locomotion in the Era of Physical AI

Physical AI represents a transformative paradigm in artificial intelligence, funda-

mentally shifting the field from purely computational systems to embodied agents

capable of perceiving, reasoning, and interacting within dynamic physical environ-

ments [5, 6]. This emerging discipline integrates advanced artificial intelligence

with autonomous physical systems, creating intelligent agents that must seamlessly

bridge the gap between digital- and physical-world, to advance toward artificial

general intelligence (AGI). The development of physical AI systems typically begins

with the mastery of fundamental capabilities such as locomotion, which serve as

essential building blocks for more complex autonomous behaviors and real-world

deployment capabilities [3, 7–10].

Multi-legged robots, especially quadrupedal systems, provide unmatched mobility

over rugged, cluttered, and steep terrain that wheeled or tracked platforms suffer [8]

and has become the iconic platform in the era of physical AI. Their stable gaits enable

them to transport sizable sensing and manipulation payloads while withstanding

external force from slips and pushes [3, 8]. In order to carry out critical missions,

robust locomotion capability is an non-negotiable capability, which all higher-

level behaviors are built upon, even for advanced vision-language-action (VLA)

models [11, 12].

1



2 1.1. Background

1.1.2 Simulation-first Learning-based Agents with Persis-

tent Sim-to-real Gap

The evolution of autonomous AI systems reflects a fundamental paradigm shift from

classical, model-based control methodologies to adaptive, learning-based approaches

capable of handling complex, unstructured environments. Classical autonomous

systems relied heavily on pre-programmed hand-crafted control strategies based on

extensive human prior knowledge, such as Model Predictive Control (MPC) [13–15]

integrated with Quadratic Programming (QP) solvers [16–18]. Although these

classical approaches demonstrated remarkable precision and reliability in controlled

industrial environments with well-defined dynamics, they increasingly exhibit fun-

damental limitations in dynamic, unstructured settings where model uncertainty

and environmental variability challenge their assumptions, especially with signifi-

cant breakthroughs in multi-legged robots like quadrupeds and humanoids and the

deployment of intelligent physical systems in real-world applications [3, 8, 19]. This

paradigm shift has necessitated the transition from rule-based control systems to

learning-based approaches, such as reinforcement learning (RL), which can adapt

and generalize to complex, previously unseen scenarios through experience and

data-driven optimization, eliminating the need for extensive prior knowledge and

manual parameter tuning [3, 4, 7–9, 20].

The development of advanced simulation technologies [2, 21, 22] capable of creat-

ing photorealistic and physically accurate virtual environments has fundamentally

revolutionized physical AI development through a simulation-first paradigm that

enables massively parallel training architectures, allowing thousands of virtual

agents to execute simultaneously, reducing policy development from days or weeks

to a mere hours [7, 8, 23, 24]. These modern simulation platforms provide safe, con-

trolled, and computationally scalable environments that have made it economically

and practically feasible to train increasingly complex robotic behaviors without

expensive, time-consuming, and potentially dangerous real-world data collection,

thus simulation environments have become the primary development platform for

advanced embodied AI systems ranging from agile quadrupeds to complex humanoid

systems [3, 7, 20].

Despite remarkable advances in simulation fidelity and physics modeling, inevitable

discrepancies between virtual environments and physical world dynamics create
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the fundamental simulation-to-reality (sim-to-real) gap, which remains a critical

challenge limiting seamless transfer of simulation-trained agents to real-world de-

ployment [25–28]. While various techniques have been developed to address this

challenge—including domain randomization strategies that inject controlled ran-

domness during training [7, 25, 26, 29], domain adaptation methods that bridge

simulation-reality differences with real-world data [30, 31], and knowledge distil-

lation frameworks leveraging privileged simulation information [3, 8, 9], the gap

persists as a fundamental bottleneck, particularly under increasing environmental

uncertainty with hardware degradation and extreme operating conditions where

robotic agents encounter unexpected perturbations that challenge simulation-based

training paradigms, especially for critical low-level capabilities like locomotion.

1.1.3 Robustness and Generalization in Locomotion

While the reliability and robustness of software-centric AI models have been exten-

sively studied [32, 33], physical robots face compounded challenges when deployed in

untrusted environments that go beyond algorithmic limitation. These systems must

also address hardware-level vulnerabilities caused by unpredictable real-world condi-

tions, including actuator wear and sensor failures due to human-robot interaction or

environmental interference [34]. Physical AI agents must simultaneously maintain

operational integrity, requiring resilience strategies for fault detection, adaptive

control architectures, and robust sensor fusion, which are still underdeveloped in

current RL-based paradigms for low-level locomotion control.

Effective deployment of physical AI systems requires addressing these fundamental

robustness challenges before we can fully leverage their high-level capabilities. The

recent surge in research on embodied AI has primarily emphasized task planning,

reasoning, and interaction capabilities [5, 11, 35], often overlooking the critical

importance of low-level system robustness. As cutting-edge foundation models

enable increasingly complex high-level behaviors [36, 37], the gap between advanced

cognitive capabilities and fundamental operational reliability widens. This imbalance

creates systems that can reason about complex tasks, but may fail catastrophically

when facing basic hardware or sensor issues, undermining their practical utility in

real-world deployment.
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Although learning-based agents have demonstrated remarkable capabilities in dif-

ferent domains, current approaches based on deep neural networks suffer from

several critical limitations in generalization that hinder their widespread real-world

deployment [38] for basic locomotion skills. With the growing diversity of robotic

platforms on the market, each with different hardware designs, sensor suites, and

capabilities, some early attempts have been made for cross-morphology [39] or

cross-embodiment [40, 41]. However, these methods are not easy to scale out with

fixed input and output dimensions defined in convolutional neural network (CNN)

and multi-layer perceptron (MLP), making them incapable of adapting to changes

in sensor configurations. This inflexibility becomes particularly problematic in

real-world scenarios where sensor failures or new sensor modalities are needed.

1.1.4 The Rise of Transformer Paradigms

Transformer architectures have shown promising results to address these generaliza-

tion challenges through their attention mechanisms and token-based processing [9,

42, 43] and has started a new era of unified frameworks in Natural Language

Processing (NLP) [42, 44, 45], Computer Vision (CV) [46–48] and multimodal pro-

cess [49–52], which is ideal to handle multi-sensor fusion in robotic applications [36,

43, 53, 54].

However, transformers introduce their own set of challenges when applied to real-time

robotic control. Although transformer-based VLA models [11, 36, 37, 43, 54–57] have

recently demonstrated remarkable progress in multimodal information processing

for sensor fusing, high-level task reasoning and language grounding with human-

robot interaction (HRI), their application to real-time low-level control remains

fundamentally constrained by computational demands and latency requirements

VLAs also remain fundamentally constrained by persistent challenges in action

robustness under hardware failures, observation generalization across diverse sensor

configurations, and learning efficiency for training adaptive agents capable of zero-

shot transfer from simulation to reality.

Furthermore, most transformer-based RL agents are now trained with the teacher-

student paradigm, which is promising for leveraging privileged information by first

training the teacher with access to all needed information and then distilling this

knowledge into student policies that operate with limited observations [3, 8, 9] and
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Figure 1.1: An overview of the research topics discussed in this thesis, while
specifically applied to quadruped locomotion with sim-to-real transfer, are repre-
sentative of broader challenges in physical AI across a variety of embodiments.

with new trajectories and associated action labels of the teacher created through

algorithms such as Data Aggregator (DAgger) [58]. However, this requires multi

stage of training and the student policy had limited self-exploration, which limits

the overall training efficiency and performance, especially in corner cases where

students cannot effectively imitate due to their limited observational capabilities

and lack of self-exploration.

1.2 Motivation

The motivation of this thesis stems from the critical need to bridge the sim-to-

real gap to achieve zero-shot deployment of simulation-first learning-based agents

in physical environments and the the imbalance between research on high-level

reasoning and fundamental low-level skills such as locomotion in the era of physical

AI. For any learning-based agent, it generates desired actions based on sensor
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input processed through a trained neural network, and these agents require action

robustness and observation generalization while commonly being trained using

simulation only, as illustrated in Figure 1.1. Although current robotic agents have

demonstrated impressive capabilities across various tasks, they still face significant

challenges when deployed in dynamic and uncertain environments, where robustness

and adaptability are crucial for reliable operation. This thesis addresses three

fundamental pillars that form the cornerstone of reliable embodied AI systems:

observation generalization, action robustness, and learning efficiency.

Observation Generalization: Towards Sensor-Level Perception. Current

locomotion controllers are fundamentally constrained by their architectures, which

bind them to specific sensor configurations and input modalities. This limitation

becomes particularly problematic when sensors fail during operation or when new

sensor modalities need to be integrated into existing systems to enhance capabilities

or address evolving task requirements.

The inability to handle dynamic sensor configurations represents a critical barrier

to the practical deployment of robotic agents in real-world scenarios. Current

approaches require complete retraining when sensor configurations change, which

is impractical for deployed systems that must maintain operational capability

with minimal downtime and flexibility to payload modifications. The traditional

paradigm of training separate models for different sensor configurations leads to

inefficient resource utilization, increased maintenance complexity, and reduced

system robustness in the face of sensor failures or hardware modifications.

The emergence of transformer architectures presents a compelling opportunity

to address these sensor-level generalization challenges through their flexibility in

processing variable-length input sequences and their attention mechanisms for

capturing complex inter-modal dependencies. However, realizing this potential

requires novel approaches to sensor tokenization, training methodologies, and

architectural design that can effectively leverage these capabilities while satisfying

the stringent latency and reliability requirements of real-time robotic control systems.

Action Robustness: Resilience Under Hardware Degradation. Action

robustness addresses the critical need for physical AI agents to maintain functional

performance despite hardware failures and environmental uncertainties. Real-world

environments present numerous sources of uncertainty and unpredictable hardware
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malfunctions, including actuator degradation, sensor failures, and mechanical wear

that can compromise system performance.

The growing imbalance between rapid advances in high-level AI capabilities and

the relative neglect of low-level system robustness creates a critical vulnerability

in physical AI systems. Although foundation models have enabled unprecedented

progress in reasoning, planning, and human-robot interaction, these advanced

capabilities often rest on fragile low-level control systems for locomotion that are

unable to handle hardware failures and environmental uncertainties in real-world

deployment. This discrepancy between cognitive sophistication and operational

reliability represents a fundamental bottleneck in developing truly dependable

embodied AI systems.

The development of fault-tolerant locomotion agents represents a crucial stepping

stone toward creating robust autonomous systems that can be confidently deployed

in remote and challenging terrains. Quadrupedal platforms serve as an ideal

testbed for investigating robustness challenges due to their high degree-of-freedom

(DoF) control complexity and their intended operation in unstructured outdoor

environments, which expose them to various environmental challenges and hardware

stress conditions. Understanding how physical AI agents can be trained to maintain

functionality despite critical hardware failures is essential to build trustworthy

autonomous systems capable of mission-critical operations.

Learning Efficiency: Beyond Sequential Knowledge Transfer. While the

teacher-student framework has demonstrated promising utilization of privileged

information during training, it suffers from limitations that constrain its effectiveness

due to its multi-stage approach to knowledge distillation. Teachers trained with

access to privileged information often converge to near-optimal policies with fewer

training iterations. However, given the limited observational information available

to students, supervised-based knowledge transfer struggles to cover comprehensive

behavioral scenarios, resulting in suboptimal student policies that remain vulnerable

to distribution shift during deployment.

The sequential nature of traditional knowledge distillation pipelines creates com-

putational inefficiencies that limit their scalability to complex models and tasks.

The rigid separation between teacher training and student learning phases prevents

mutual adaptation and co-evolution, resulting in knowledge transfer processes that
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are suboptimal and fail to leverage the full representational potential of both models.

Furthermore, as model and task complexity increase, the computational cost and

temporal requirements of these multi-stage approaches become expensive, creating

significant barriers to practical deployment.

There exists a critical need for unified frameworks that can more effectively bridge

the gap between privileged training information and deployment constraints, en-

abling superior utilization of available knowledge through a balanced integration of

teacher guidance and student self-exploration while ensuring robustness to informa-

tion limitations during real-world deployment. A unified training approach that

seamlessly integrates policy optimization and knowledge transfer within a single

computational process could potentially overcome these fundamental limitations,

substantially reducing computational requirements while improving the effective-

ness of knowledge transfer for complex embodied AI systems operating in dynamic

environments.

1.3 Main Work

This thesis presents three complementary approaches that systematically address

critical challenges in learning-based methods for quadrupedal locomotion, specif-

ically targeting robustness under hardware failures, generalization across sensor

configurations, and efficient knowledge transfer for sim-to-real deployment. Each

contribution leverages advanced simulation strategies and transformer-based ar-

chitectures to advance the state-of-the-art in physical AI systems through unified

learning frameworks.

Masked Sensory-Temporal Attention for Sensor Generalization. We

propose a Masked Sensory-Temporal Attention (MSTA) framework to address the

challenge of deploying control policies across robots with varying proprioceptive

sensor configurations. This transformer-based approach introduces direct sensor-

level tokenization that treats each proprioceptive measurement as an independent

token, enabling unified processing of diverse sensor types across temporal windows.

The framework employs a straightforward random masking technique during training

that forces robust state representation learning even with significant portions of

sensory input missing or corrupted.
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MSTA’s flexible architecture handles variable sensor configurations without retraining,

enabling zero-shot deployment on robots with different proprioceptive sensor sets.

Experiments demonstrate stable locomotion maintenance even with most of the

sensory information masked out, establishing a foundation for universal quadruped

policies that can adapt to diverse robotic platforms and sensor degradation scenarios.

Fault-Tolerant Quadruped Locomotion with Reinforcement Learning.

We propose a Fault-Tolerant Locomotion (FTL) framework, one of the first com-

prehensive RL-based methodology for fault-tolerant quadruped locomotion, to

address the inevitable reality of hardware failures in real-world deployments. The

approach pioneers a novel joint failure simulation framework that accurately models

both soft-lock and hard-lock joint failures, creating realistic training scenarios

that match physical world conditions. Our joint optimization approach within the

teacher-student RL paradigm enables zero-shot transfer of fault-tolerant policies to

physical robots without fine-tuning. The general fault-tolerance strategy integrates

seamlessly with existing RL-based controllers without requiring specialized reward

design or pre-defined gait patterns.

Extensive validation on physical Unitree A1 robots demonstrates the controller’s

ability to maintain locomotion stability during joint failures, significantly outper-

forming baseline approaches. Notably, the system exhibits remarkable generalization

beyond training scenarios, handling multiple simultaneous joint failures despite

training only on single-joint failure cases. This work establishes the foundation for

robust RL-based control that can operate reliably despite hardware failures.

Unified Training Pipeline for Knowledge Transfer. We propose a Unified

Locomotion Transformer (ULT) framework to revolutionize sim-to-real knowledge

transfer by integrating policy optimization and knowledge transfer in a single-

phase training process. This approach addresses the computational inefficiency of

traditional multi-stage teacher-student frameworks through a transformer-based

architecture that simultaneously generates both teacher and student actions from

a unified model. The innovative action mixer mechanism dynamically balances

exploration between teacher and student policies during training, enhancing both

policies while facilitating effective knowledge transfer.
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ULT’s joint optimization combines reinforcement learning, next state-action predic-

tion, and action imitation in a single training stage, eliminating separate super-

vised learning phases and significantly reducing computational requirements. The

framework achieves superior performance compared to sequential teacher-student

approaches while dramatically simplifying the training pipeline, enabling direct

sim-to-real deployment with zero-shot transfer across various terrains and movement

directions.

1.4 Contribution of the Thesis

This thesis makes three primary contributions that advance learning-based con-

trollers for quadrupedal robots through integrated simulation strategies and unified

frameworks:

Sensor-Level Generalized Policy. A novel transformer-based framework enabling

single policies to adapt across diverse sensor configurations through sensor-level tok-

enization and masking strategies. The approach addresses fundamental limitations

in current locomotion controllers by enabling cross-sensor generalized deployment

with a single policy, maintaining stable performance even with substantial sensor

masking.

RL-Based Fault-Tolerant Control. The first comprehensive RL approach

for hardware fault tolerance in quadrupedal locomotion, featuring novel joint

failure simulation strategies that enable zero-shot transfer to physical systems.

The methodology is generalized beyond training scenarios, handling multiple joint

failures through innovative teacher-student optimization that integrates seamlessly

with existing RL-based locomotion controllers.

Unified Knowledge Transfer Framework. A novel single-phase training archi-

tecture that eliminates traditional multi-stage teacher-student processes through

unified transformer design and action mixing mechanisms. The framework signifi-

cantly reduces computational complexity while maintaining superior performance,

streamlining development pipelines for transformer-based robotic controllers.

These contributions collectively establish a comprehensive framework for robust,

adaptable, and efficiently deployable quadrupedal robots that can operate reliably
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in dynamic real-world environments despite hardware failures, sensor variations,

and deployment constraints. By addressing the critical gap between high-level

capabilities and low-level reliability, this work lays the foundation for physical AI

systems that can successfully bridge the sim-to-real divide and maintain operational

integrity in the face of real-world challenges.

1.5 List of Materials Related to the Thesis

The thesis mainly contains the materials from the following papers:

• Dikai Liu, Tianwei Zhang, Jianxiong Yin, and Simon See. Masked Sensory-

Temporal Attention for Sensor Generalization in Quadruped Locomotion. In

IEEE International Conference on Robotics and Automation (ICRA), 2025.

• Dikai Liu, Jianxiong Yin, and Simon See. Towards Fault-tolerant Quadruped

Locomotion with Reinforcement Learning. In IEEE Conference on Artificial

Intelligence (CAI), 2024.

• Dikai Liu, Tianwei Zhang, Jianxiong Yin, and Simon See, Saving the Limping:

Fault-Tolerant Quadruped Locomotion via Reinforcement Learning. arXiv

preprint arXiv:2210.00474. (extended technical report of the above conference

paper)

• Dikai Liu, Tianwei Zhang, Jianxiong Yin, and Simon See. Unified Locomo-

tion Transformer with Simultaneous Sim-to-Real Transfer for Quadrupeds.

In IEEE/RSJ International Conference on Intelligent Robots and Systems

(IROS), 2025.

1.6 Outline of the Thesis

The remainder of this thesis is structured as follows:

• Chapter 2 presents a comprehensive literature review on various tools and

techniques for learning-based robotic controller, such as essential knowledge for



12 1.6. Outline of the Thesis

robotic RL and simulation development. In particular, extensive approaches

to closing the sim-to-real gap and achieving a generalized RL are reviewed.

In addition, a brief introduction to transformer-based controllers, especially

VLAs, is also provided.

• Chapter 3 focuses on sensor-level generalization for locomotion agent, intro-

ducing MSTA, a novel framework to enhance sensory-temporal understanding

and improve the capabilities of a single agent to handle missing information.

• Chapter 4 focuses on handling real-world challenges for quadruped locomotion,

introducing FTL, a pioneering comprehensive approach to train a fault-tolerant

agent that can handle joint failure.

• Chapter 5 focuses on improving the utilization of privilege knowledge when

training locomotion agents, introducing ULT, a unified framework to transfer

teacher-student learning into a single phase to simplify the pipeline.

• Chapter 6 concludes the thesis, summarizes the findings, discusses the impli-

cations of all chapters, and offers insights for future research directions.



Chapter 2

Preliminary and Related Works

Robotics has been widely applied in industry and real-world applications to assist

humans in various tasks, such as search & rescue [59, 60], patrol [61, 62], and

delivery [63, 64]. Although developing continuous control algorithms in real-world

environments remains challenging due to data acquisition costs and domain knowl-

edge requirements, reinforcement learning (RL) has become a promising approach

for training robots to perform complex tasks across diverse environments. This

paradigm shift has been accelerated by advances in deep learning, simulation tech-

nologies [2, 21, 65] and robotic hardware [66–72]. The landscape of robotic control

has undergone a fundamental transformation with the adoption of embodied artifi-

cial intelligence and Vision-Language-Action (VLA) models [11, 36, 37, 43, 54–57],

which represents a significant departure from classical automation, where robots

follow pre-programmed sequences, toward systems capable of generalized reasoning

and adaptation in dynamic environments.

This chapter systematically reviews foundational concepts and recent advances in

RL-based robotic control, focusing on key challenges, methodological innovations,

and emerging trends that shape the current landscape of robotic learning.

13
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2.1 Robot Learning for Real World Applications

2.1.1 Partially Observability in Robotics

Real-world robotic systems typically operate under partial observability due to mul-

tiple limitations that distinguish them from idealized simulated environments [73].

Unlike simulation environments where complete state information is readily accessi-

ble, physical robots face fundamental constraints that prevent direct access to the

underlying state of the system [74].

Additionally, physical sensors introduce measurement uncertainty and noise that

corrupt state observations. In robotics, observations from sensor measurements,

such as motor encoders for joint states; inertial measurement unit (IMU) for body

orientation; ultra-wideband (UWB) and Global Positioning System (GPS) for indoor

and outdoor localization; and cameras for visual and depth information, can be

derived from ground truth, as these sensor readings often contain noise due to

interference from other onboard electronics and rapid motion [38]. These sensor

uncertainty and noise propagate through the robot’s perception pipeline, affecting

environmental understanding and ultimately decision-making capabilities.

The unpredictable and dynamic real-world environment also introduces an increased

difficulty in observability [74], unlike the simulation environment or even controlled

laboratory settings. The hardware and computational constraints also mean that

physical robots are operating under strict computational, power, and bandwidth

limitations that require balance of achieving real-time process and maintaining

accuracy for multi-sensor systems.

Since the underlying privileged ground truth states like root velocity, surrounding

height maps, and friction coefficients are often expensive or impossible to retrieve in

the real world, robotic systems often rely on temporal sequences of observations to

infer hidden state information for effective control. Historical observations enable

robots to maintain implicit state representations through temporal dependencies

that capture system dynamics over time [75].

Classical control theory approaches have long recognized the importance of incor-

porating historical information to address partial observability in robotic systems.

Model Predictive Control (MPC) frameworks utilize sliding window approaches
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to process historical observation sequences, enabling robust state estimation and

control synthesis under partial observability constraints [76]. Similarly, Optimal

Control for Switched Systems (OCS2) employ receding horizon strategies that

maintain temporal memory of past states and actions to optimize future control

decisions [77].

Modern robotic systems leverage neural network architectures to process sequential

observation data and reconstruct latent states from partial sensor information.

Temporal Convolutional Networks (TCNs) [78] have become a powerful paradigm

for handling time-series data in robotic applications, demonstrating superior per-

formance in tasks such as action segmentation [79] and quadruped locomotion [8].

Recurrent Neural Networks (RNNs) [80], particularly Long Short-Term Memory

(LSTM) networks [81], remain fundamental for sequential learning tasks due to their

ability to maintain temporal memory and handle variable-length sequences and is

applied in tasks such as 3D scene understanding [82]. Transformer architectures [42]

represent the latest frontier in robotic sequential learning, bringing unprecedented

capabilities, and become the foundation for VLA models [43].

For reinforcement learning applications, leveraging privileged information during

training can significantly improve performance and yield better policies [83, 84].

By learning privileged knowledge representations from historical trajectories with

underlying changeable dynamic information, the sim-to-real gap can be bridged

through temporal information processing [85]. Although simulation environments

provide access to complete state data, deployment policies must operate using only

available sensor observations, making temporal state reconstruction capabilities

essential for successful real-world performance.

Recent advances in sensor fusion and state estimation have shown promising results

in addressing the partial observability challenge with deep learning approaches.

Furthermore, the integration of multiple sensory modalities through learned rep-

resentations has shown potential for robust state reconstruction under varying

environmental conditions.
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2.1.2 Partially Observable Markov Decision Process with

Reinforcement Learning

The foundation of reinforcement learning lies in the Markov Decision Process (MDP)

framework [86], which provides a mathematical formulation for sequential decision

making under uncertainty. An MDP is formally defined as a 5-tuple:

M = (S,A, T ,R, γ) (2.1)

where S represents the state space, A denotes the action space, T (s′|s, a) is the

state transition probability from state s to state s′ after taking action a ∈ A,

R : S ×A → R is the reward function for each state-action pair, and γ ∈ [0, 1) is

the discount factor.

The MDP framework fundamentally assumes that states satisfy the Markov property,

which asserts that the probability of transitioning to a future state depends solely

on the current state and action taken, independent of the entire history of previous

states and actions. Mathematically, this memoryless property of MDP can be

expressed as:

P(st+1|st, at) = P(st+1|st, at, st−1, at−1, . . .) (2.2)

which significantly simplifies the computational complexity of decision making

by eliminating the need to consider the complete trajectory history. In robotic

applications, the agent is guided by a policy π : S → A that maps states to

actions, allowing the robot to make optimal decisions based on current sensory

observations. The optimal policy π∗ maximizes the expected cumulative discounted

reward, formally expressed through the Bellman optimality equation:

V ∗(s) = max
a∈A

[
R(s, a) + γ

∑
s′∈S

P (s, a, s′)V ∗(s′)

]
(2.3)

However, most robotic applications operate under partial observability, necessitating

the Partially Observable Markov Decision Process (POMDP) framework. POMDP
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extends MDP by introducing an observation space Ω and an observation function

O : S ×A → Ω, creating the 7-tuple formulation:

M = (S,A, T ,R,Ω,O, γ) (2.4)

where O(o|s′, a) represents the probability of observing o ∈ Ω when transitioning

to state s′ after taking action a.

Proximal Policy Optimization (PPO) [87] has become the dominant policy gradient

algorithm for RL-based robotic applications due to its balance in simplicity, stability,

and performance. Compared to traditional policy gradient methods, which often

suffer from high variance and instability, or more complex algorithms such as Trust

Region Policy Optimization (TRPO) [87], the clipped surrogate objective in PPO

prevents destructive policy updates while maintaining computational efficiency,

while searching for the optimal policy π∗(s, a):

π∗(s, a) := arg max
π

Est+1∼T (·|st,at)

[
∞∑
t=0

γtr(st, at)

]
(2.5)

The PPO algorithm operates by collecting trajectories τ = (s0, a0, r0, s1, a1, r1, . . .)

using the current policy πθk , then optimizing a surrogate objective function. The

probability ratio between new and old policies is defined as:

rt(θ) =
πθ(at|st)
πθk(at|st)

(2.6)

The clipped surrogate objective prevents large policy updates through:

LCLIP (θ) = Et

[
min(rt(θ)Ât, clip(rt(θ), 1 − ϵ, 1 + ϵ)Ât)

]
(2.7)

where Ât represents the advantage estimate and ϵ (typically 0.2) defines the clipping

range. The advantage function measures how much better an action is compared to

the average:

Ât = R̂t − Vϕ(st) (2.8)
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where R̂t =
∑T−t

l=0 γlrt+l is the discounted return and Vϕ(st) is the value function

approximation.

PPO is effective in continuous control tasks, which dominate robotic applications,

with the capability to handle high-dimensional action spaces and produce smooth,

continuous control signals, making it particularly suitable for robotic manipula-

tion [88] and locomotion [3, 4].

The complete PPO objective incorporates value function learning and entropy

regularization:

L(θ, ϕ) = LCLIP (θ) − c1LV F (ϕ) + c2S[πθ](st) (2.9)

where LV F (ϕ) = Et[(Vϕ(st) − R̂t)
2] is the value function loss and S[πθ](st) =

−∑
a πθ(a|st) log πθ(a|st) represents the entropy bonus for exploration. The co-

efficients c1 and c2 control the relative importance of value function fitting and

exploration, respectively.

2.1.3 Robot Learning with Simulation

Simulation represents the cornerstone of modern reinforcement learning in robotics,

enabling scalable policy training while avoiding the high cost and safety constraints

in physical experimentation [89]. The high-fidelity simulation for robotic RL provides

controlled environments where millions of hours of experience can be accumulated

within short wall time, which would be impossible to achieve in the real world.

Without robust simulation frameworks, the sample complexity requirements of deep

RL algorithms would make it infeasible [24].

Robotic simulators continue to evolve rapidly to meet the increasing demands

for enhanced simulation accuracy, performance, and scalability in reinforcement

learning contexts. GPU-accelerated physics engines like Isaac Gym deliver extraor-

dinary performance improvements compared to legacy simulators with photore-

alistic rendering, physical-accurate modeling, and end-to-end acceleration for RL

researchers [2]. For robotic RL training in virtual environments, computational

scalability through massively parallel simulation represents a critical enabler for

practical algorithm development. Modern simulation frameworks support parallel
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training across thousands of independent simulation instances, allowing training

iterations to be executed at high frequency within constrained timeframes [24].

The fragmentation of simulation environments has increased the difficulty in repro-

ducibility and generalization across different platforms. A comprehensive survey by

Collins et al. [89] systematically analyzes common simulators reveals a significant

difference in their capabilities for robot learning. Many simulators like Gazebo [90],

PyBullet [91], and MuJoCo [21] lack realistic rendering, while other platforms like

RaiSim [92] excel in contact-rich scenarios with realistic rendering but sacrifice

multi-physics flexibility. Isaac Sim achieves the optimal balance of comprehensive

sensor modalities with photorealistic visual output and accurate physics, but is

very computationally intensive [28]. To address the fundamental challenge of cross-

simulation, RoboVerse [93] introduces a unified simulation framework that supports

multiple simulators and robotic embodiments with unified APIs to launch environ-

ments, load assets and interact with physics engines. The challenge of transferring

knowledge across different simulation environments has gained increasing attention

with sim-to-sim transfer serving as an essential preliminary validation for eventual

sim-to-real deployment by leveraging diverse simulation capabilities.

2.1.4 Closing Sim-to-Real Gap

Although utilizing simulators can significantly relax the requirement of domain

knowledge, and accelerate the development process, a major challenge in this

approach is the sim-to-real gap, which refers to the difficulty of transferring skills

learned in simulation to the real world due to the persistent difference between two

environments.

To bridge the reality gap, it is essential to improve generalization in reinforce-

ment learning. A critical milestone in this pursuit is zero-shot transfer, which

denotes an RL agent’s capability to apply acquired skills and knowledge to novel,

unseen scenarios without any fine-tuning, such as deploying to the physical world.

Unlike generalization in well-established domains such as Computer Vision (CV)

and Natural Language Processing (NLP), which benefit from shared foundational

architectures, generalization in RL remains comparatively underexplored and under-

developed [38]. Although recent work by Reed et al. [53] introduced a generalized
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agent, it functions as a wrapper around a pre-trained RL agent rather than being

trained end-to-end with RL.

Generalization in RL is typically examined across three environmental contexts:

identical environments, independent and identically distributed (IID) environments,

and out-of-distribution (OOD) environments. For identical environments, training

and testing conditions are identical (e.g., classical Atari benchmarks). In IID,

test environments are drawn from the same distribution as training data (e.g.,

procedurally generated levels in OpenAI’s Procgen Benchmark [94]). Robotic

applications frequently encounter OOD challenges, where testing conditions exhibit

significant distributional shifts from training data, due to the sim-to-real gap [38]

Domain Randomization. As the most commonly used technique for closing

the sim-to-real gap, Domain Randomization (DR) randomizes key environment

factors (e.g. friction, motor strength, sensor noise) and even multiple types of rough

terrains [3], enabling agents to experience diverse situations during training and

improve generalization to noise, environment, and unseen or novel scenarios. DR can

be extended to almost every parameter in the simulation, including environmental

texture [95] and object status [96].

Since DR is applied at the simulation level, any robotic application can take

advantage of it, as demonstrated in racing drones [95], manipulation tasks [96], and

quadruped locomotion [7]. Sensor data, hardware specifications, and environmental

factors are the parameters randomized most frequently [3, 7, 8]. With the recent

focus on multi-terrain deployment, randomly generated terrains with curriculum

strategies [3, 8, 24] are frequently applied to make policies robust across different

outdoor environments.

However, there exists a trade-off between policy performance and training speed,

as agents can become overly conservative, and training requires more sample steps

with increased DR parameters and ranges [97]. The complexity of the sample

increases exponentially with the number of randomization parameters, making

the uniform sampling of the environment parameters suboptimal [98]. Recent

research has explored more efficient approaches such as Active Domain Random-

ization (ADR) [99] and Automatic Domain Randomization [98] that address these

limitations by learning parameter sampling strategies or automatically expanding
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randomization ranges over time. Real-world information can be further introduced

to tune randomization parameters [29] to reduce unnecessary complexity.

Knowledge Distillation. In order to utilize the privileged information avail-

able in simulators but inaccessible in the real world, knowledge distillation tech-

niques—particularly the teacher-student framework—have been developed. This

approach allows a student model to learn from a teacher model that has access

to complete state information, effectively transferring knowledge while taking into

account the real-world observation constraints [100].

In the teacher-student framework, the teacher model leverages privileged information

including all relevant state information S to guide the student model’s inference

process based on limited observations O [3, 8]. The privileged information can

include ground truth states, such as noise-free robot states, surrounding terrain

information [8, 101, 102], and domain parameters [3, 4]. The student model learns

to mimic the teacher model using perceptible but noisy sensor input, such as IMU

readings and joint encoders [3, 4]. For high-dimensional input, point cloud data

and camera imagery can also be used for imitation learning [101, 102].

In robotic knowledge distillation, Data Aggregation (DAgger) [58] is commonly

used as a core mechanism to train the student policy in a supervised manner.

DAgger addresses the distribution mismatch problem inherent in standard behavior

cloning by iteratively collecting new trajectories and using optimal actions from

the pre-trained teacher to guide the randomly initialized student policy [58]. This

approach can operate in both offline and online modes, or combine both strategies [3,

8, 9]. In the offline setting, DAgger aggregates pre-collected expert demonstrations

with student-generated trajectories for supervised training [8], which is efficient

but contains only good trajectories. The online variant actively queries the expert

with the rollout of the student policy, to guide the exploration of the student with

a more comprehensive training dataset [3]. With the increased complexity from

transformers, two-stage transfer by combining offline and online is used to better

initialize the student policy for diverse and high quality trajectories [9]. Active

exploration can also be added with RL loss [20].

The effectiveness of knowledge distillation in robotics has been demonstrated in

various applications, from quadruped locomotion to manipulation tasks, showing
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consistent improvements in sim-to-real transfer performance while maintaining

computational efficiency during deployment [3, 4, 8].

2.2 Learning-based Legged Locomotion

Locomotion represents a fundamental capability in robotics, enabling legged systems

to traverse through complex, unstructured environments that remain inaccessible

to conventional wheeled or tracked platforms, which is critical for real-world appli-

cations across challenging terrains [60]. The inherent complexity of legged systems,

characterized by high-dimensional and nonlinear dynamics, challenges classic model-

based approaches, which struggle to address in a comprehensive way [27].

2.2.1 Legged Locomotion with Reinforcement Learning

The utility of RL for legged locomotion control has fundamentally shifted the

paradigm from hand-crafted, rule-based controllers toward adaptive, data-driven

policies capable of learning complex behaviors through environmental interaction.

Pioneering work by Tan et al. [7] demonstrated the feasibility of sim-to-real transfer

for quadrupedal locomotion, establishing domain randomization and robust policy

learning as foundational techniques for bridging the reality gap. Subsequent advances

in learning-based agile locomotion by Lee et al. [8] showcased the potential for

RL policies to achieve dynamic gaits and rapid maneuvering capabilities over

challenging terrains. The development of the Rapid Motor Adaptation (RMA)

framework by Kumar et al. [3] marked a significant milestone by introducing the

adaptation architecture that enables environmental adaptation through privileged

learning and knowledge distillation. Margolis et al. [4] utilized curriculum learning

approach to achieve unprecedented agility for quadrupedal robots, demonstrating

world-record-level locomotion speed.

With the adoption of the transformer architecture, the Terrain Transformer (TERT)

developed by Lai et al. [9] represents a paradigmatic change in locomotion control,

demonstrating superior performance in varied terrain conditions. More recently,

Radosavovic et al. [20] have extended these principles to humanoid locomotion,
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employing causal transformer architectures trained through large-scale model-free

reinforcement learning to achieve zero-shot real-world deployment capabilities.

The integration of visual perception has catalyzed a revolutionary advancement in

legged locomotion, enabling extreme parkour capabilities. Vision-based end-to-end

control architectures have enabled unprecedented athletic maneuvers in complex

environments. With an end-to-end neural network, the agent can operate directly

based on egocentric depth camera perception to climb over high obstacles and leap

over large gaps [103–105]. The parkour capability is extended to humanoid robots

for complete body control without any motion priors [106].

These developments collectively illustrate the evolution from reactive, environment-

specific controllers toward generalizable, adaptable systems that embody the prin-

ciples of physical AI for autonomous systems to gain capability of perceiving,

reasoning, and interacting effectively across diverse operational contexts without

extensive manual parameter tuning or environment-specific programming.

2.2.2 Robustness in Legged Locomotion

In physical AI, the trained agent is often closely dependent on robot specifications,

sensor sets, and tasks due to the nature of neural network design and the training

process. Thus, a policy is often difficult or even impossible to expand to another

robot model with different sensing capabilities for a new task without re-training or

even re-designing the entire network. However, there are diverse models of robots,

and many are designed to take new payload for customization to enhance their

capabilities, retraining for each configuration is not scalable. In addition, robots are

often deployed in remote, unstructured areas where hardware degradation or even

damage can occur. These introduce urgent requirements to enhance the robustness

and generalization of physical AI.

Quadrupedal robots are recognized for their exceptional agility and mobility, thanks

to their 12 degree-of-freedom (DoF) control and ability to carry diverse sensors

and equipment. However, despite their widespread usage in various applications,

the field of fault-tolerant control for quadrupedal robots remains relatively limited,

with only a few studies addressing this critical research area [107].
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Traditional control theory methods in fault-tolerant control for quadrupedal robots

often face challenges with generalization. Most research focuses on addressing

specific failures, such as joint locking, using control theory to develop fault-tolerant

gaits and inverse kinematics solutions [108–110]. More recently, Cui et al. [34]

proposed a whole-body control (WBC) method that optimizes robot posture to

handle joint lock failures. However, these methods are often tailored to specific

quadrupedal robot platforms and require extensive manual analysis and modeling

for different failure scenarios.

In pursuit of designing intelligent fault-tolerant controllers, Koos et al. [111] devel-

oped an algorithm for a hexapod robot that enables the discovery of compensatory

behaviors in unforeseen situations. However, this approach still relies on the gath-

ering of real-world data under failure conditions and can be time consuming and

dangerous, making it potentially unsuitable for modern quadrupedal robots deployed

in critical missions.

2.2.3 Generalization in Legged Locomotion

The challenge of transferring policies between different robot configurations has

gained significant attention in cross-morphology and cross-embodiment domains as

the diversity of robotic platforms continues to grow.

Cross-morphology learning specifically addresses variations in physical structure

while maintaining consistent core design. For example, transferring policies between

quadrupedal robots with different limb lengths and joint configurations represents a

cross-morphology challenge. GenLoco [39] exemplifies successful cross-morphology

transfer through systematic morphology randomization during training. By proce-

durally generating quadrupedal robots with randomized body sizes, leg lengths, and

mass distributions, GenLoco policies learn robust locomotion strategies that directly

transfer to novel morphologies without platform-specific tuning. The framework

demonstrates zero-shot transfer to real-world robots, including A1, Mini Cheetah,

and Sirius, with performance often exceeding robot-specific policies.

In contrast, cross-embodiment transfer aims to enable a single policy to work

effectively across different robots with varying morphology, sensors, or actuators [40,

41, 53, 112–115]. Recently, with transformers and robotic foundation models, Doshi
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et al. [41] proposed CrossFormer, a cross-embodied transformer with action heads

for different tasks and embodiments, including quadrupeds, single arm, bimanual

manipulation and navigation. CrossFormer achieves state-of-the-art performance

across six distinct embodiments without requiring action space alignment.

Recent developments have further advanced cross-morphology and cross-embodiment

capabilities. The Unified Robot Morphology Architecture (URMA) [40] employs

morphology-agnostic encoders and decoders that abstract robot-specific details into

a shared latent space, enabling a single policy to control 16 different embodiments

from three different legged robot morphologies with description vectors that uniquely

characterize each joint through dynamics and kinematics properties, allowing the

same network to adapt to arbitrary joint configurations without requiring predefined

morphologies.

While significant progress has been made in morphological adaptation and cross-

embodiment learning, sensor-level generalization remains a critical gap in current

physical AI research. Most existing approaches assume fixed sensor configurations

and modalities, requiring complete system redesign when sensing capabilities change

due to mission requirements, hardware failures, or equipment upgrades.

2.3 Robotic Foundation Models

2.3.1 RFM with Transformer Architecture

The transformer architecture is a revolutionary breakthrough in machine learning

with self-attention mechanisms that enable models to process sequential data

effectively [42]. The mathematical foundation of this architecture lies in the scaled

dot-product attention mechanism, which enables models to dynamically weigh the

importance of different elements in input sequences, formulated as:

Attention(Q,K, V ) = softmax

(
QKT

√
dk

)
V (2.10)

where Q, K, and V represent query, key, and value matrices, respectively, and

dk is the dimension of the key vectors [42]. This mechanism allows models to
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attend to different positions in input sequences simultaneously, capturing long-

range dependencies more effectively than traditional sequence modeling approaches

with Recurrent Neural Networks (RNNs) [80], such as Long Short-Term Memory

(LSTM) [81] and Gated Recurrent Units (GRU) [80]. With this fundamental

advantage, transformers have become the predominant architecture in domains

such as Natural Language Processing (NLP) [42, 44, 45] and Computer Vision

(CV) [46–48].

The evolution of transformers has been particularly profound in cross-modal pro-

cessing through large language models (LLM), exemplified by systems such as

ChatGPT [45, 52] and DeepSeek [116, 117]. These models demonstrate remarkable

capabilities in processing language and vision information within unified architec-

tures through vision-language models (VLMs) [118–121]. This multimodal capability

has created the foundation for applications in robotic foundation models (RFM) [36,

122], where the integration of visual perception, natural language understanding,

and action generation represents a paradigm shift toward more generalized robotic

systems.

The adoption of RFMs represents a fundamental transformation toward general-

purpose robotic systems capable of adapting across diverse platforms and tasks, by

leveraging transfer learning from large-scale vision and language models and data,

and subsequently fine-tuned on robotic datasets to acquire embodied intelligence [55,

123]. The theoretical foundation for this approach rests on the hypothesis that

web-scale semantic knowledge, when properly adapted through robotics-specific

training, can provide robust generalization capabilities across diverse task scenarios

and environmental conditions.

2.3.2 Vision-Language-Action Models

Within the broader RFM framework, vision-language-action (VLA) models have

become the predominant paradigm [11, 36, 37, 43, 54–57]. These models are

typically implement with action heads attached to the VLM backbones, enabling

end-to-end learning from visual observations and language instructions to motor

commands. By leveraging behavior cloning with diffusion control policy [11, 37,

124, 125] on large-scale datasets comprising real-world, synthetic, and online data,

and employing techniques such as Low-Rank Adaptation (LoRA) [126], VLAs
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can be effectively fine-tuned from VLM backbones and further transferred to new

embodiments.

RT-1 [43] pioneered this approach by demonstrating how transformer models can be

adapted for real-world robotic control at scale, processing camera images, language

instructions, and motor commands through compact token representations. The

fundamental innovation lies in treating robotic control as a sequence modeling

problem analogous to natural language processing, where all modalities are encoded

into tokens and robot actions are de-tokenized from the output [127]. Building on

this foundational work, RT-2 [54] demonstrated how vision-language models trained

on web-scale data can be directly incorporated into end-to-end robotic control

pipelines to enhance generalization and enable semantic reasoning capabilities. This

approach leverages the rich semantic representations learned from web-scale vision-

language data, allowing robots to exhibit behaviors that extend beyond their direct

training experiences. The field has subsequently evolved with open-source initiatives

including the Open X-Embodiment dataset, RT-X [36], and OpenVLA [55], which

have demonstrated the potential for generalist robotic policies that inherit semantic

understanding from large-scale real-world data with cross-embodiment compatibility.

2.3.3 Challenges in Real-Time Low-level Control

Although RFMs demonstrate superior performance in robotic control with high-level

reasoning, they face a fundamental limitation that due to their large scale, inference

operates at relatively low frequencies of only 5-10Hz [43, 54], which is not ideal for

real-time control applications, particularly high-agility tasks such as locomotion and

dexterous manipulation. To address this constraint, one of the approaches involves

using RFMs for high-level planning actions such as gait pattern selection and velocity

commands, which are subsequently passed to external controllers for execution [128,

129]. For an end-to-end controller, Physical Intelligence introduced π0 [37], which

uses a novel conditional flow matching architecture for continuous action chunk

generation with high precision and multimodal modeling capability, making it

particularly suitable for high-frequency dexterous tasks. However, these methods

limits the capabilities for direct joint control and timely reaction to unpredicted

situations, which is critical to high-agile tasks like locomotion.
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The progression from single, unified models to dual-system designs represents

another exploration in the architecture of the RFMs [11, 12, 130]. This paradigm

addresses the increased tension between high-level reasoning capabilities and real-

time control requirements in robotic systems by decoupling these functionalities with

inspiration drawn from human cognitive processing. Both Figure AI’s Helix [12]

and NVIDIA’s GR00T N1 [11] feature a multi-billion-parameter VLM (System

2) for semantic understanding and scene interpretation and are coupled with a

much smaller transformer system (System 1) for high-frequency motor control. This

separation enables real-time responsiveness while maintaining reasoning capabilities.

The key advantage of these dual-system approaches lies in their ability to optimize

each component for specific computational requirements. System 2 can leverage

large-scale pre-trained models for complex reasoning and semantic understand-

ing, while System 1 can be designed for efficient, precise control execution. This

architectural evolution represents a maturation of the field, moving beyond mono-

lithic models toward more complex, cognitively-inspired designs that better balance

reasoning capabilities with real-time performance demands.
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Masked Sensory-Temporal

Attention for Sensor

Generalization in Quadruped

Locomotion

With the rising focus on quadrupeds, a generalized policy capable of handling dif-

ferent robot models and sensor inputs becomes highly beneficial. Although several

methods have been proposed to address different morphologies, it remains a chal-

lenge for learning-based policies to manage various combinations of proprioceptive

information. This chapter1 presents Masked Sensory-Temporal Attention (MSTA), a

novel transformer-based mechanism with masking for quadruped locomotion. It

employs direct sensor-level attention to enhance the sensory-temporal understand-

ing and handle different combinations of sensor data, serving as a foundation for

incorporating unseen information. MSTA can effectively understand its states even

with a large portion of missing information, and is flexible enough to be deployed

on physical systems despite the long input sequence. Supplementary video available

at https://johnliudk.github.io/msta/.

1The content of this chapter is published in [131].
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Table 3.1: Default sensor set for common commercial quadrupedal robots out
of the box

Robot Model
Joint

Encoder
IMU

Foot
Contact

RGB-D
Camera

LiDAR

A1[66] ✓ ✓ ✓ ✓ ✗

Mini Cheetah[67] ✓ ✓ ✗ ✗ ✗

ANYmal C[68] ✓ ✓ ✓ ✓ ✓

Spot[69] ✓ ✓ ✓ ✓ ✗

Minitaurs[135] ✓ ✓ ✗ ✗ ✗

3.1 Introduction

Benefiting from the rapid advancements of deep reinforcement learning (RL) tech-

nology [3, 7, 8, 27], quadrupedal robots have showcased their capability to navigate

in diverse complex terrains. With the increasing availability of affordable quadruped

robots on the market, such as Unitree A1 [66], MIT Mini Cheetah [67] and ANY-

botics ANYmal C [68], which are equipped with different sensor sets out of the box

as summarized in Table 3.1, there is a growing interest in developing general-purpose

locomotion policies that can fit all types of quadrupedal devices. Unfortunately,

existing learning-based locomotion policies are trained for specific models, obser-

vation spaces, and tasks, making it challenging to transfer or generalize to other

unseen robots or scenarios.

Recently, researchers have developed some generalized policies for quadruped loco-

motion, such as GenLoco [39], ManyQuadrupeds [132] and BoT [133], which have

the ability to adapt to diverse morphologies and degrees of freedom (DoF). However,

these methods still depend on a fixed observation space input for generating latent

space representations. They become ineffective when facing the following situations:

(1) deployment on quadrupeds with a different sensor set; (2) unreliable sensor data

due to wear and tear, (3) adapting to a new task with new input. Since sensory

feedback is interrelated and each sensor plays a critical role at different stages of the

locomotion [134], a policy with a deep understanding of proprioceptive information

to handle flexible inputs is desired, to enhance the generalization, flexibility, and

extensibility.
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Complete Information

Missing Channels

Missing Sensors

……

Figure 3.1: Commonly seen low-level sensors on a quadrupedal robot. However,
actual sensor set is still different across models, and sensor degradation can cause
part of sensor data to be unreliable or even unavailable. With MSTA, we create a
generalized model to enhance the understanding of sensor information to handle
variable sensor input for quadruped locomotion.

One promising solution is self-attention-based transformers [42], which have demon-

strated exceptional capabilities in understanding complex sequential information

of arbitrary lengths. Transformers have become the preferred choice in domains

such as Natural Language Processing (NLP) [42, 44, 45] and Computer Vision

(CV) [46–48]. They can efficiently capture sequential information with arbitrary

input length and outperform traditional sequence modeling methods such as Long

Short-Term Memory (LSTM) [81] and Gated Recurrent Units (GRU) [80]. They

have been widely used in robotics to enhance various tasks with multimodal pro-

cesses [36, 43, 53, 54]. However, due to the complex model structures and vast

parameters, robots driven by transformers often run at very low frequency [43,

54], or depend on external high-power computing platforms [136]. with Vision

Language Models (VLM) [43] and Vision Language Action Models (VLA) [36, 54]

to achieve embodied intelligence. However, since most of these models are based on

multi-million-parameter Large Language Models (LLM) such as GPT-4 [52], they

often run at only 5 Hz [43, 54] or depend on an external high-power computing

platform [136]. To alleviate these issues, two common strategies are proposed to

achieve smooth and stable control for transformer-based locomotion tasks. The first

strategy involves outputting high-level commands as an interface, such as gait pat-

tern [128] and velocity commands [129]. An external joint controller, which requires

additional design and training, is then used to convert these high-level commands

into joint commands. The second strategy, targeting the vanilla locomotion tasks,

applies linear projections to observation-action data for tokenization [9, 10, 20, 137].
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This method is straightforward and efficient for producing joint commands in an

end-to-end manner and can be used to merge multiple specialist policies into a

single policy [137]. However, it limits the transformer’s direct access to sensory

information and still relies on fixed sensor input, thereby constraining its in-context

understanding capability and multimodal nature of the data. For locomotion tasks,

the observation-action data are commonly encoded at the timestep level [9, 10,

20, 137], which is straightforward and efficient for producing joint commands in

an end-to-end manner. However, it limits the transformer’s direct access to sen-

sory information and still relies on fixed sensor input as they are hidden behind

linear projection, thereby constraining its in-context understanding capability and

multimodal nature of the data.

To address the above limitations, we propose Masked Sensory-Temporal Attention

(MSTA), a novel transformer-based model for end-to-end quadruped locomotion con-

trol. It achieves sensor input generalization with its multimodal nature, while still

being directly deployable on physical systems. Specifically, in MSTA, all sensory data

are discretized and tokenized to form a long proprioceptive information sequence.

Inspired by the work [138] on learning spatiotemporal information in video under-

standing, a random mask is applied to remove a portion of the observation during

training. This significantly enhances the model’s sensory-temporal understanding,

to better handle different combinations of sensor data and serve as a foundation for

incorporating unseen data. Additionally, it aids in identifying the most essential

sensory information, thereby reducing the computational power required for physical

deployment.

We conduct extensive experiments in the simulation and physical world. Evaluation

results demonstrate that MSTA can efficiently handle incomplete sensory information,

even with half of the data missing. It is also robust against unseen data, making it

a solid foundation for further extensions. With direct sensory-temporal attention,

the model is flexible enough to mix-and-match desired information for finetuning,

meeting the requirement for different end-to-end quadruped locomotion control in

the physical world.
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3.2 Preliminary

We adopt the two-stage teacher-student transfer approach from TERT [9] as the

basis, which utilizes a well-trained teacher policy through RL with privileged

information.

3.2.1 Simulation Environment

We implement the simulation environment based on Isaac Gym and its open-source

library IsaacGymEnvs [2] to enable massive parallel training.

Terrain and Curriculum. We adopt the terrain curriculum from [24] with five

terrain types (smooth slope, rough slope, stairs up, stairs down, discrete obstacle)

and difficulty curriculum. A total of 20 terrains are spawned with proportions

of [0.1, 0.1, 0.35, 0.25, 0.2] respectively. Each terrain has 10 levels with increasing

difficulty. for larger slope angle, higher stairs step and larger obstacle size. During

training, the agent progresses to the next level when the tracked linear reward

reaches 80% of the maximum achievable value and regresses if it fails to reach 25%.

If any agent finishes the highest level, it will be sent to a random level to continue

the exploration. The agent progresses and regresses the level based on the episode

cumulative tracked linear reward.

Domain Randomization.

Table 3.2 lists the key parameters of domain randomization used in the simulation to

enhance the robustness of the policy following [24, 139]. To simulate user commands,

we frequently resample linear commands in longitudinal and lateral directions, as

well as the angular heading, which are then converted to angular velocity commands

capped at [-1.0, 1.0] rad/s. To enhance the robustness and generalization of our

policy, key robot control factors such as stiffness, damping, and motor strength are

randomized. External interferences, such as payload variations and push forces, are

also randomized. To accommodate the processing time of the transformer, each

action can be delayed by up to 15 ms. The same randomization techniques are

applied to both the teacher training session and the knowledge transfer session.
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Table 3.2: Key simulation parameters of domain randomization.

Parameters Range Unit

Linear Command [-1, 1] m/s
Angular Heading [-3.14, 3.14] rad

Kp Scale [0.9, 1.1] -
Kd Scale [0.9, 1.1] -

Friction Scale [0.7, 1.3] -
Motor Strength Scale [0.9. 1.1] -

Payload [0, 5] kg
Payload CoM Offset [-0.1, 0.1] m

External Push [-1, 1] m/s
Gravity [9,41, 10.21] m/s2

System Delay [0, 0.015] s

Table 3.3: Observation Noise Distribution

Obs
Distribution

Scale

q 0.01
q̇ 1.5
ω 0.2
g 0.05

cmd 0.02

To enhance generalizability, in our simulation environment, following [24], the noise

was generated from a uniform distribution with the scale specified in Table 3.3 and

added to each element of the observation.

Observations and Actions. The privilege observation et for teacher training

contains ground-truth data gathered from simulation, including base linear and

angular velocity, orientation, surrounding height map and randomized parameters

as described above. For proprioceptive information, we use three commonly seen

low-level sensors from quadrupeds. i.e., joint encoders, IMU and foot contact sensors.

These sensors can provide five sensory data, including joint position q ∈ R12, joint

velocity q̇ ∈ R12, angular velocity ω ∈ R3, gravity vector g ∈ R3 and binary

foot contact c ∈ R4. Furthermore, the randomly sampled user command target

cmd = [vx, vy, ωz] and actions from previous step at−1 ∈ R12 are added, resulting in

an observation of ot ∈ R49 for each step. To gather the temporal information, a list

of historical proprioceptive information [o0, o1, · · · , oT ] from past T = 15 steps is

stored. Thus, full observation is in the R49×15 space. Both the teacher and student

output the desired joint position at, which is further processed by a PD controller
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Table 3.4: Reward terms for reinforcement learning

Reward Definition Scale

Linear Velocity Tracking exp [−4(vcmd
xy − vxy)] 1.0

Angular Velocity Tracking exp [−4(ωcmd
z − ωz)] 0.5

Body Z Velocity ∥vz∥2 -2.0
Body Rotation ∥ωz∥2 -0.05

Joint Acceleration ∥θ̈∥2 -2.5e-7

Output Work
∫
∥τ · θ̇∥ -2e-5

Power Distribution var(|τ · θ̇|) -1e-5
Action Rate (at − at−1)

2 -0.1
Action Smoothness (at − 2at−1 + at−2)

2 -0.1
Feet Slip ∥gt · vfeetxy ∥ -0.04
Collision 1collision -1

Joint
Encoder

IMU

Foot
Contact

Sensors
Sources

Controller

Historical
Proprioceptive Information

Tokens with MaskSensor Type

Sensor Dim
Learnable

State Embedding

Embeddings

Sensor TypeSensor Dim
and 

Transformer

Figure 3.2: Overview of our MSTA. We gather proprioceptive information from
commonly seen low-level sensors for discretization and tokenization. Similar to
video understanding, we add additional embedding in three dimensions: sensor
type, sensor dim and time. Before being passed to the transformer, a random mask
is applied to partially remove the information and a learnable state embedding
<S> is used to consolidate the information for action prediction. The target joint
position output is passed to the PD controller for direct joint control.

for the output torque τ = Kp(q̂ − q) + Kd(ˆ̇q − q̇), with base stiffness and damping

set to 30 and 0.7 respectively and the target joint velocity ˆ̇q set to 0.

Reward Function for RL. The reward functions are designed to encourage

the agent to follow the commanded velocity. Following [3, 24, 139], we primarily

penalize the linear and angular movement along other axes, large joint acceleration

and excessive power consumption. Details of each reward term can be found in

Table 3.4
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Table 3.5: Hyper-Parameters for different training session

Parameters PPO Supervised Transfer

Number of GPUs 2 2
Actors per GPU 4096 2048
Episode Length 20s 20s
Horizon Length 24 24

Number of Epochs 5 5
Minibatch Size 16384 3072
Learning Rate 3e-4 5e-4

Scheduler adaptive cosine
Optimizer Adam AdamW
Clip range 0.2 -

Entropy coefficient 0.001 -
Reward Discount 0.99 -
GAE Discount 0.95 -

Desired KL-divergence 0.008 -
Weight Decay - 0.1

3.2.2 Teacher Policy and Training

We implement a teacher policy following [3]. The teacher first encodes the privilege

information et, with a factor encoder µ into a latent space lt, which is then combined

with the latest observation-action pair ot for the teacher policy π̂ to output the

desired joint position ât:

l̂t = µ(et) (3.1)

ât = π̂(l̂t, ot) (3.2)

The µ and π networks are implemented as MLP with hidden layers of [512, 256, 128]

and [256, 128], respectively. The teacher policy is trained with PPO [140] directly

to maximize the reward return and is shared across all student transfers at later

stages for a fair comparison.

In Table 3.5, present the detailed training hyper-parameters for PPO training of the

teacher policy and the knowledge transfer for transformer-based student policies.

The two stages in the knowledge transfer process share the same hyper-parameters.
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3.3 Methodology

We present MSTA, a novel transformer-based model to generate a generalized un-

derstanding of low-level proprioceptive information for quadruped locomotion in

complex terrains to handle different sensor set equipped on various robot models or

when the sensors are damaged and not available. Unlike previous works [9, 10, 20],

where each observation-action pair is processed at the timestep level, we treat each

sensor modality individually so that the transformer can learn at the lowest level

possible. With this foundational understanding, our model is capable of handling

different combinations of sensor inputs, enabling better generalization and flexibility.

It can potentially be extended to incorporate high-dimensional sensors for more

complex tasks. Figure 3.2 shows the overview of MSTA.

3.3.1 Tokenization and Embeddings

Sensory-Action Data Tokenize. To learn in-context information at the lowest

sensor level, each modality is encoded individually. Instead of the linear projection

used in previous transformer-based locomotion controllers [9, 10, 20], where all

sensory observations are merged, individual continuous sensor and control data

are mapped to tokens directly. Following previous works [43, 53, 54], we pass the

normalized data through an encoder to discretizes the value into 256 bins, which

are further mapped into a learnable embedding space with d = 128 dimensions.

Compared to timestep level encoding, in this way, the most information is preserved

for in-context understanding by transformer.

Positional Embedding and Sensor Type Embedding. We view the encoded

information in a three-dimensional way, sensor type, sensor channel and timestep.

To distinguish proprioceptive information from different sources with temporal

relations, two additional embeddings are added. The first one is a fixed 2D sin-cos

position embedding ep [141] applied on the channel dimension and time axis of each

sensor. For instance, ei,tP means the embedding added to the i -th channel at timestep

t This allows the model to handle sensors with varying lengths of dimensions and

historical time windows directly and be easily extendable. To accommodate the

multimodal nature of the sensory data, another learnable embedding eS is add to

indicate each sensor type. This enables easy mix and match of information from
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different sensors without concerns about the order or placeholders. When new

sensors are added, a new sensor embedding can be trained and added in. Thus,

for the embedding of i -th channel of a sensor at timestep t, with original encoded

token embedding ea,it , the finial value in the sequence T is:

T a,i
t = ea,it + ei,tP + eaS (3.3)

3.3.2 Attention with Missing Information

Random Masking. Inspired by the use of masking in image and video under-

standing [48, 138] with autoencoders to improve vision understanding, we create a

binary mask M based on the target ratio α to randomly mask out portions of the

collected sensory, which are directly removed from the original sequence:

Mi =

0, if mi < α

1, otherwise
where mi ∼ U(0, 1), i = 1, · · · , 49T (3.4)

TM = {ei ∈ T : Mi = 1} (3.5)

Since only part of the sensory data are visible to the network, the model is required

to infer and reconstruct the missing information from them, thereby enhancing its

understanding of the relationships between different sensory inputs. Furthermore,

random masking significantly reduces the training time and computational resources

required. With sensor level tokens, the input sequence length grows from T to 49T

for observation, and as the complexity of self-attention is necessarily quadratic in

the input length [142], the added overhead is enormous, and masking makes it more

feasible to run during massive parallel training.

Transformer Model. We implement a vanilla transformer model to process the

generated tokens. The model consists of multi-head self-attention blocks with an

MLP ratio of 2.0. An additional learnable state embedding <S> is added to the end

of the masked sequence TM to consolidate the processed information [46], which is

subsequently projected into the action space with an MLP network π:
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lt = MSTA([TM , <S>]) (3.6)

at = π(lt) (3.7)

Teacher-Student Transfer. Following TERT [9], we train MSTA with a two-stage

transfer strategy. In the first offline pretraining stage, trajectory is gathered by

unrolling the well-trained teacher policy while the student will predict the next

actions. This is to ensure that the student can produce reasonable actions during

the second online correction stage to overcome the gap of distribution shift by

training on its own trajectory. We minimize the loss for action prediction:

L = ∥at − ât∥2 (3.8)

3.4 Experiments and Results

We design and conduct various simulation experiments to evaluate the effectiveness

of the proposed MSTA, and its generalization ability for different sensor data. We

mainly adopt three metrics: linear velocity tracking return per step, angular velocity

tracking return per step, and total final reward return. They indicate how the agent

can conduct the task following users’ commands and the overall performance. All

reported results are averaged over 5000 trails with five terrain types and different

levels. They are normalized on the basis of respect teacher data for easy comparison.

3.4.1 Impact of Mask Ratio

First, we investigate the maximum portion of missing data that MSTA can handle

to reconstruct robot states. During each the transfer stages, we set the masking

ratio to 0%, 25%, 50% and 75% independently. Figure 3.3 shows the resultant

heatmap matrix. When trained without masking, despite the model having very

good performance with all the information available, it suffers from missing data

and cannot efficiently reconstruct the status. We can also see that the performance

is more dependent on the masking ratio in the second stage than that in the first

stage. This is because in the second transfer stage, the student is interacting with
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Figure 3.3: Heatmap matrix for the performance of models that are trained
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represent the linear velocity tracking, angular velocity tracking and total reward
return respectively. The four columns denote different masking ratios applied
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the offline pretraining stage and the x-axis is the masking ratio applied during
the online correction stage.

the environment to reduce the gap caused by missing information and observation

shift. In contrast, the mission of the first stage is to generate a usable policy that

outputs reasonable actions so the agent does not fail dramatically and has the

chance in the second stage to generate high-quality trajectories for optimization,

which is achievable even with a masking ratio of 75%. This also demonstrates the

importance of using two-stage transfer.

Comparing the performance of these models, we choose the one trained with the

masking ratio of 75% in the first stage and 50% in the second stage, which can well

balance the resource requirement and agent performance.
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3.4.2 Comparison with Baselines

We compare MSTA with two baselines. The first is RMA [3], which is implemented

with TCN [78] to capture temporal information. The second is TERT [9], a

transformer-based framework with linear projection for observations and actions in

two flavors: concatenated single token and separate tokens for states and action,

resulting in T and 2T tokens respectively [10]. To evaluate the masking mecha-

nism in our method, we replace the selected observation in MSTA with a learnable

representation instead of removing them. To further evaluate the importance and

capability of the transformer structure, we replace it with a GRU [80] model. We

expand the missing information testing to TERT. However, since the observations

and actions in TERT are encoded through linear projection before passing to the

transformer, it is impossible to directly remove any input. Thus, the the same

learnable masks method is applied to TERT.

All variations of MSTA, TERT and other baselines are trained with the same two-

stage transfer, sharing a common well-trained teacher network, and we apply a

testing mask of up to 50%, as identified in Chapter 3.4.1.

Table 3.6 shows the comparison results. When fully optimized with teacher-student

transfer, the performance of all fully trained vanilla policies with complete observa-

tions is very close, often within just 2% difference. When faced with incomplete

information, transformer-based MSTA can have a better understanding of the data

and reconstruct the robot state more accurately than the GRU-based network, even

with only half of the information. When using a learnable representation mask, with

MSTA or TERT, the agent underperforms to the vanilla removing mask, especially

with full observation, showing that a direct removing mask has an advance in

both better performance and less resource required. Although we can hack the

linear projection in the TERT network to take in missing information, it is not

comparable to direct sensor level tokenization and attention for sensory information

understanding.

3.4.3 Generalization, Robustness and Flexibility

While achieving state-of-the-art performance, MSTA offers additional benefits of

generalization and flexibility to customize the model after training or even on the
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Figure 3.4: Performance with certain sensory feedback completely removed.

fly to fit the deployment requirement. Quadrupeds are equipped with different

sensor sets, and sensor damage can cause certain channels or the entire sensor to

be unavailable during deployment, which required the robustness against missing

information to handle. Furthermore, we can balance the performance and required

computation power by using a shorter sequence based on the insights from in-context

sensory information understanding.

Important Sensory Feedback. To understand the importance of each sensory

feedback, we further investigate the impact of removing each sensor completely

from the observation and the results are shown in Figure 3.4. It is clear that

certain feedback like q̇, c, ω and even at−1 are quite redundant and a well trained

transformer-based MSTA can easily compensate the missing information from other

sources, while the other sensor data are more critical.

Missing of Sensor Dimension. Some proprioceptive information has multiple

channels, such as joint encoders and force senors. This means that these sensors can

also be damaged independently due to wear and tear from daily operations and it

is not easy to have a redundant sensor. Among these sensors, joint encoders are the

source of both q and q̇ for the observation. From previous analysis, missing of joint

information can be crucial. We investigate the scenario where only a few encoders

are dead or the data are compromised and need to be excluded. We conduct the

test by masking certain numbers of joint encoders and for each masked joint, the

related q and q̇ are removed completely from the observation. The results are

shown in Figure 3.5A. The loss of the joint encoder can have a great impact on the

performance as the related information is very essential for quadruped locomotion.
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Figure 3.5: Performance with various setups: A certain numbers of joint
encoders are masked out; B different history time window T is applied.

However, our transformer model can still handle multiple missing encoders before

large performance degradation.

Time Window. Another special masking is to completely remove some timesteps,

the default window, T = 15, is equivalent to past 0.3s. We check whether such

a long sequence of information is necessary by applying different time windows

without masking. The results are shown in Figure 3.5B. It is clear that MSTA can

efficiently extract and reconstruct the robot state for actions even with only 7 steps

of past information. Interestingly, given a longer timeframe like T = 20, which the

transformer has never seen during training, MSTA is still robust and not affected by

such unknown information.

Minimized Observation and Fine-tuning. It is not feasible to infer the trans-

former with full observation space and long windows with the limited computation

power onboard. From the previous analysis, we have identified the important
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Figure 3.6: Performance using minimized observations with finetuning and
extension of height map.

sensors and the minimal history length required. We further explore the feasibility

of creating a minimized observation policy based on the information. Using an

observation with only cmd, q, g and at−1 with a window of T = 7, we are essentially

removing 71% of the tokens from the complete training observation space.

When directly deployed with such mask, the policy cannot perform well due to all

the missing information. To restore the performance, we freeze the transformer for

fast fine-tuning of the projection layers and test both the vanilla PPO [140] and

supervised learning with online correction [9]. The performance of the policies is

shown in Figure 3.6. While both algorithms can help improve the performance of

the policy with only minimized observations, supervised learning gives larger boost.

Training with the teacher has been identified as one major approach to achieve

quadruped locomotion on challenging terrains [3, 9]. Although our foundation with

the transformer can provide a solid start point of student policy, additional work is

still needed for pure RL-based fine-tuning to reduce the dependence on privilege

information.

Extension with New Information. In previous analysis, MSTA is robustness

against new timestep information. When extending the capability for quadrupeds,

additional sensors such as cameras and LiDAR are often needed. We assess the

model’s capability of handling previously unseen information, which can be appended

into T as new tokens. For instance, we tokenize the height map information using

a vanilla MLP encoder and directly extend it to our minimized observation agent

for fine-tuning. The performance of the extended agent is shown in Figure 3.6.

Height information significantly aids in navigating challenging terrains, such as
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Figure 3.7: Performance with various network size with a random mask of 50%:
A using different numbers of self-attention blocks tested with; B using different
sizes of the embedding dimension.

staircases, and improves the overall locomotion performance even with minimal

observations and new encoder needed to be trained. To take the test to an extreme,

we added 256 randomly generated dummy tokens, equivalent to a camera frame

with ViT [46] before processing, and the agent can still produce explore, which is

crucial for two-stage knowledge transfer. This demonstrates that the model can be

used as a solid foundation for further extension with high-dimensional information

by direct deployment in virtual environments to gather new trajectories. Please

refer to the supplementary video for more information.

Model Size. We adjust our model by stacking [1, 2, 3, 4] attention blocks, resulting

in a model with 0.2M, 0.33M, 0.46M and 0.59M parameters respectively. Figure 3.7A

shows that the model performance increases with the model size, reaching the

optimal results with three stacked layers.

We also evaluate the impact of the embedding dimension size, ranging between

[16, 32, 64, 128, 256]. Figure 3.7B shows that the transformer needs an embedding

size of at least 128 for good performance but does not scale beyond that.

3.4.4 Physical Deployment

We successfully deploy the trained policy, exported with JIT, directly on a Unitree

A1 robot equipped with a Jetson AGX Orin Developer Kit that serves as both the

main processor and a payload. No further model optimization is required for a

zero-shot transfer. Although MSTA introduces sensor-level tokenization that increases
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Figure 3.8: Deployment in the physical world on Unitree A1 with minimized
observations with zero-shot transfer.

the input sequence length from T to 49T , the quadratic complexity of self-attention

is effectively managed through the masking mechanism and minimized observation

strategy. On the Jetson AGX Orin, MSTA with the full observation space runs at

approximately 75Hz, 100Hz when masking out half of the tokens, and 150Hz with

the minimized observation. In comparison, TCN-based controllers [8] and timestep-

level transformer tokenization [9, 20] achieve around 300Hz on the same hardware

due to their simpler architecture and shorter input sequences. While MSTA is slower,

150Hz is sufficient for deployment with a 50Hz control loop, and the system delay

randomization during training (Table 3.2) helps the model adapt to such inference

latency. For more resource-constrained edge devices, model quantization techniques

could further reduce the inference cost while preserving the generalization benefits

of sensor-level attention. We notice that the JIT model has slight differences in

output compared to the original model, indicating additional work is needed for

better portability. Figure 3.8 shows some snapshots from the deployment test.

Please refer to the supplementary video for more information.
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3.5 Conclusion

This chapter introduces MSTA, a transformer-based model for quadruped locomotion.

It leverages the masking technique and direct sensor-level attention to enhance

the understanding and generation of sensory information input. We evaluate the

robustness of MSTA with different combinations of proprioceptive information and

demonstrate its capability to compensate for missing data and handle unseen

information. Finally, we show that MSTA is efficient to be deployed on a physical

robot without any additional optimization.



Chapter 4

Saving the Limping: Fault-tolerant

Quadruped Locomotion via

Reinforcement Learning

Modern quadrupeds are skillful in traversing or even sprinting on uneven terrains in

a remote uncontrolled environment. However, survival in the wild requires not only

maneuverability, but also the ability to handle potential critical hardware failures.

How to grant such ability to quadrupeds is rarely investigated. In this chapter1, we

propose a novel methodology Fault-Tolerant Locomotion (FTL) to train and test hard-

ware fault-tolerant controllers for quadruped locomotion, both in the simulation and

physical world. The teacher-student reinforcement learning framework is adopted

to train the controller with close-to-reality joint-locking failure in the simulation,

which can be zero-shot transferred to the physical robot without any fine-tuning.

Extensive experiments show that our fault-tolerant controller can efficiently lead a

quadruped stably when it faces joint failures during locomotion. Supplementary

video available at https://johnliudk.github.io/saving-the-limping/.

4.1 Introduction

Quadrupedal robots are becoming more intelligent in solving various tasks. They

demonstrate high flexibility and versatility in complex contexts, and are expected

1The content of this chapter is published in [143], with an extended technical report in [144].

49

https://johnliudk.github.io/saving-the-limping/


50 4.1. Introduction

to tackle many critical real-world missions, such as search & rescue [60], patrol [61]

and delivery [63]. Quadrupeds are normally deployed in remote uncontrolled

environments [102], where accidents could happen at any time to cause potential

critical hardware failures to the physical device, e.g., joint locking, free swinging,

broken brackets. These failures could bring significant harm to the robots and

humans, increase the down time, and shorten the service life of the robots. The

nature of quadruped instability makes it more susceptible to failures compared to

other robotic platforms [145] and fault tolerance is a crucial aspect in the design of

quadruped controllers. Therefore, it is important for the onboard controller to be

robust against the hardware failures and bring the quadrupeds back home safely.

Unfortunately, existing commercial quadrupeds employ limited hardware failure

detection (e.g., motor overheating, sensor signal loss) or protection functions (e.g.,

shutting down the system), which are not sufficient to operate the system safely

and effectively in dynamic and unpredictable outdoor environments. In the research

community, previous studies have introduced solutions to achieve various locomotion

tasks under normal conditions, such as traveling through rough terrains [3, 8, 102],

jumping & falling recovery [146], running at high speeds [4] and dexterous manipu-

lation [147]. How to cope with hardware failures at runtime without disruption to

the system is still an unsolved problem.

It is challenging to grant the quadrupeds the capability of handling hardware

failures automatically. Traditional control theory methods, such as model predictive

control (MPC) and whole body control (WBC), require manual tuning of model

parameters with in-depth domain knowledge [14, 148]. Using such a predetermined

motion and trajectory planner is significantly restricted in reality, especially when

facing unknown environmental conditions and failures: even different situations

of the same failure type (e.g., joint locking) need separate modeling [34], making

them more difficult to generalize and scale to different failure types and hardware

configurations.

The study of fault tolerance is expensive in the real world, and the reality gap

makes it difficult to deploy a virtual agent to a physical robot. Recent works of

RL-based quadruped fault tolerance control have been tested only in simulation

and the lack of physical experiment makes it still unclear how such a controller

performs in the real world.
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The limitation of the simulation engine causing inaccurate physical computation and

visual rendering. (2) Real-world environment can be unpredictable and considerably

different from the virtual world. (3) Robot model used in simulation is usually

simplified and can be significantly different from the real robot condition.

A more promising strategy is to apply reinforcement learning (RL) algorithms to

train the policy in a simulator, and then transfer it to the physical world [3, 4, 8].

This can remarkably relax the requirement of domain knowledge. To improve the

model performance in the real world, a number of simulators like Isaac Gym [2],

have been developed with photo-realistic rendering and physical-accurate modeling.

Meanwhile, many techniques are proposed to reduce the sim-to-real gap [25–27].

However, such gap still exists especially in the context of hardware failures for two

reasons. First, it is impossible to simulate every possible environment state where

hardware failures could occur, even with the domain randomization technique [25].

The consideration of too many environment states can significantly slow down

the training process, or even cause convergence failures. Second, the physical

robot model used in the simulator is usually simplified, and cannot reflect the

real robot conditions (e.g., with hardware faults). Recent works proposed several

RL-based controllers to achieve fault-tolerance [149, 150], which are only tested

in the simulation environment. Due to the huge sim-to-real gap, it is unclear how

these methods will perform in the physical world.

Motivated by these limitations, we design a novel framework to achieve robust

fault-tolerance quadruped locomotion in the physical world. We make the following

contributions. (1) We design a simple yet efficient way to add, validate, and test

fault tolerance against joint locking failure to realistically simulate joint locking

failures, and a locking mechanism for real-world testing. The randomized failure in

simulation helps to train a generalized agent that can handle various joint locking

scenarios in the real world, instead of certain pre-defined cases without dedicate

reward design as guidance. (2) We adopt the teacher-student reinforcement learning

paradigm to achieve jointly single-phase training and zero-shot transfer. The student

model can efficiently extract information from the onboard sensors. When deployed

in a physical quadruped, the policy can provide real-time locomotion control against

possible hardware failures in uncontrolled environments. Extensive experiments

are conducted in both simulation and a physical Unitree AI robot (Figure 4.1).
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Figure 4.1: Physical robot and its simulated counterpart. Unitree A1 is
equipped with our joint locking mechanism. Its official URDF model is used in
the Isaac Gym simulator [2] with body links of the locked joint showing in red.

Evaluations show that our method can significantly improve the robustness and

hardware fault tolerance of RL-based control policies.

4.2 Methodology

Our goal is to train a control policy π to guide the stable locomotion of the

quadruped even when it faces critical hardware failures (e.g., joint locking). This

policy takes as input the latent representation ẑt encoded from the perceivable

sensor data and outputs the desired joint position. It is designed to be capable of

zero-shot deployment in the real world. Figure 4.2 presents the overview of our

methodology.
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Figure 4.2: Methodology overview. We adopt the reinforcement learning
architecture with the teacher-student framework from [3, 4] to train the policy.
The architecture consists of a teacher network µ, a student network ϕ, and a
policy network π. During training, synthetic data from the simulator are used
to compute the latent representation zt and ẑt of the teacher and the student,
respectively. By fusing the latent information, all three networks are trained
jointly for fast convergence in the early stage and then an optimized student
policy in the end. The policy and student model will be directly deployed on
the physical robot without any further offline training or fine-tuning. During
deployment, policy network takes only ẑt from student network as the latent
representation.

4.2.1 Joint Locking in Quadruped Locomotion

Quadrupeds deployed in remote uncontrolled environments face the challenges of

unpredictable joint failure, which can immobilize or even damage the robot [34].

Joint locking and free-swinging are the most common faulty situations. A locked

joint cannot be controlled freely and has only a limited range of motion. However,

the actuator can still support the body as torques are still applied. A free swing

joint cannot be controlled and no actions are made. It moves easily by an external

force, and thus cannot support the body. In this chapter, we mainly focus on the

single joint locking failure, which is also the target of recent related works [34, 149,

150].

Joint Failure in Simulation. To safely develop a fault-tolerant controller, Isaac

Gym [2] is used to simulate failure situations in the locomotion task with domain

randomization. An RMA-like vanilla environment BaseEnv is first created, where

no failure occurs.
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We model joint locking failure by restricting the movement of the joint with a

limited range θallowed, controlled by a central position θ̄ and symmetric tolerance

θtol.

θallowed = [θ̄ − θt, θ̄ + θt] (4.1)

We use a failure flag ft ∈ [0, 12] to track the failure status. Then for each virtual

agent, we randomly sample the failure time Tf and failure joint Jf , and and the

failure tolerance θtol:

Tf ∼ U(T f
min, T

f
max) (4.2)

Jf ∼ U{1, . . . , 12} (4.3)

θtol ∼ N (0, θmax
2) (4.4)

Initially and after every reset, ft is cleared as 0 to indicate a normal state. In the

episode, when the agent progresses to Tf , the failure occurs, and ft is updated to

reflect the joint failure ft = Jf . The current position of the selected joint Jt is used

as the central failure angle θ̄ = qJt . Joint locking failure is modeled by restricting

the joint movement with a limited range θallowed, controlled by the central position

θ̄ and symmetric tolerance θtol, which are used to directly overwrite the joint’s limit

with Isaac Gym’s API.

We refer to the failure environment as FailureEnv. Unlike previous methods [149,

150], where joint failures are predefined and fixed, we use domain randomization

to generate versatile and unpredictable situations. Since joint locking directly

affects joint control, and the robot status and surroundings at the failure moment

can greatly alter the result, online randomization can help to train a robust and

generalized policy against various joint locking accidents.

Joint Failure in the Real World. Quadrupedal robots are complex machines,

and modifying the hardware can be dangerous without the support from the

manufacturer, especially when joint failure is intentionally added to the system. To

safely evaluate the fault-tolerant controller on the physical robot, both hardware

and software methods are used to simulate the joint locking situation in the real

world.
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(A) Real world Installation (B) 3D model

Figure 4.3: The 3D-printed joint locking mechanism assembled in the physical
device A, containing two mounts for thigh link and calf link B for rod connection
to form a locking situation.

For hardlock, we design and 3D print an external locking mechanism (Figure 4.3)

to directly limit the motion of the joint. Although such locking is closer to the real

situation, it cannot be easily used on every joint due to the hardware design of the

quadruped. For most quadruped, such as Unitree A1, only the calf joint of each

leg is exposed in the open space and the mechanism can be attached before the

experiment, which could limit the diversity of test cases.

To address this limitation, softlock is also used to simulate joint locking. Similar to

the simulator, the joint position after failure occurs is tracked. The desired joint

position from the controller is clipped in the range of θallowed before being passed to

the onboard PD controller for torque output. With softlock, joint failure can occur

at any time and at any joint during the experiment. However, with a modified

command, the real-world simulation can be different from the actual situation. Both

methods are tested and evaluated in Chapter 4.3.4

4.2.2 Reinforcement Learning Architecture

The fault-tolerant controller is trained with reinforcement learning, which takes

data from the common onboard sensor as observations and outputs the optimal

actions as joint position.

Observation. Data from the equipped low-level sensor are collected to provide

observations. At any time t, joint encoders, IMU and foot encoders provide noisy
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Table 4.1: Reward terms in our RL training methodology

Category Term Formula Scaling

Movement
Forward min(vxt , 0.5) 1.0
Lateral movement ∥vyt ∥2 -1.5
Yawing ∥ωz

t ∥2 -0.5

Stability

Base bumping ∥vzt ∥2 -2.0
Base rolling ∥ωx,y

t ∥2 -0.02
Base orientation ∥gx,yt ∥2 -1.0
Joint off limit 1q>qmax∥q<qmin

-10.0
Collision 1collision -1.0

Smoothness
Joint acceleration ∥q̇t − q̇t−1∥2 -1.0e-8

Power consumption
∫ t

t−1
∥τ · q̇∥dt -5.0e-3

Feet air time
∑

(tair − 0.5) 1.0

sensor data xt ∈ R30, which consists of joint position q ∈ R12, joint velocity

q̇ ∈ R12, gravity vector g ∈ R2 and binary foot contact c ∈ R4. The previous actions

at−1 ∈ R12 are further added to form the observation ot = [xt, at−1] ∈ R42. Following

recent works [3, 4, 8], a historical observations of length H = 50 ([ot−H+1, ..., ot]) is

used to capture the temporal information.

Action. The control policy π predicts the target joint position q̂ = at ∈ R12,

which is consequently processed by a PD controller for the desired torque τ of each

actuator.

τ = Kp(q̂ − q) + Kd(ˆ̇q − q̇) (4.5)

where Kp and Kd are the stiffness and damping gain controlled by DR. The target

joint velocity ˆ̇q is set to 0.

Reward Function. Closely following [3, 4], the reward functions encourage

the agent to move forward stably and smoothly with a target speed of 0.5 m/s.

Penalization is given mainly for movement in other axes, such as lateral movement

and yawing, large joint acceleration, power consumption, and collision with robot

body. No special reward to guide the quadruped to handle the locked joint is

designed in addition. Details of each reward term can be found in Table 4.1

Terrain Generator and Curriculum: We use the terrain generator from [24] to

simulate uneven terrains. Three types of terrains are included in our simulation:

1. rough sloped terrain; 2. smooth sloped terrain; 3. flat terrain with discrete
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obstacles. The terrains are generated with a curriculum strategy. Specifically, each

type of terrain has 10 levels, with increased difficulty (larger slope, higher roughness,

and higher obstacles). We track the assigned level of each agent and update the level

based on the total travel distance during its lifespan. Despite the task of moving

forward, the total distance is used because it indicates the basic maneuverability of

the agent. If any agent has solved all the terrain levels, it will be looped back to

level 1 for further exploration.

Domain Randomization. Besides the failure simulation described in Chap-

ter 4.2.1, ground friction, PD controller settings, payload, and motor strength are

also randomized to add robustness for various situations. Table 4.2 summarizes the

range of different randomized factors during training.

Table 4.2: Domain Randomization parameters

Factor Range Unit

Friction [0.05, 4.5] -
Kp [50, 60] -
Kd [0.4, 0.8] -
Payload Mass [0, 6] kg
Payload CoM [−0.1, 0.1] m
Motor Strength [90, 110] %
Failure Joint {0, . . . , 12} -

4.2.3 Joint Teacher-Student Framework

Our goal is to obtain a zero-shot policy, which is trained completely in the simulator

and transferred to the real world without fine-tuning. For RL-based policies, the

privileged underlying states of the robot and environment can produce better

performance in a smaller number of training iterations [83, 84].The teacher-student

learning paradigm [3, 4, 8] is adopted to achieve this goal. It enables implicit

identification of the hidden dynamics of the environment and robots et for different

behaviors. It also learns dynamics from perceivable data, making the policy

deployable in the real world.
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Specifically, a teacher model µ encodes the environmental factor et into the latent

space representation zt with length D:

zt = µ(et) ∈ RD (4.6)

To better capture the dynamics, et contains necessary underlying ground-truth

synthetic data that are accessible from the simulator including the DR parameters

dt, clean robot states st = [vt, ωt] and height map mt of the surrounding terrain.

A student model ϕ is also introduced to learn from historical observations to mimic

the encoding from µ by performing system identification:

ẑt = ϕ(ot−H:t) ∈ RD (4.7)

To optimize ϕ, previous works [3, 4, 8] focus on imitating µ’s behaviors only by

using supervised learning inspired by DAgger [58]. With the trajectory generated

by trained µ or randomly initialized ϕ in the online or offline fashion, Ladaption =

∥zt − ẑt∥2 is minimized and used with previously trained π. However, it is almost

impossible to get an exact latent representation such that ẑt = zt. The difference

in the latent representation can cause unpredictable behaviours, and performance

degradation. To address this issue and minimize uncertainty, we propose to fuse the

output of µ and ϕ with an adaptive ratio α to jointly optimize the policy network

with the student network:

z′t = αẑt + (1 − α)zt (4.8)

at = π(z′t, ot) (4.9)

During training, α is updated with the progression of policy optimization. In the

early stage, we set α = 0 to train π by leveraging the privilege information encoded

by µ. With the training going on, we gradually increase α, until only ẑt is used for

policy making in the late stage. Thus, even if we cannot get a perfect replica of zt,

π can still have the opportunity to learn to adapt to such a difference in a single

phase to maximize the reward.

We choose PPO [140] for RL optimization as it is commonly used in recent works [4,

9, 151] and demonstrate stable performance in robotics control, which can provide
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a general indication of the performance of the proposed method. To train the

adaption jointly, we append the PPO loss LRL with Ladaption, which is similar to [20,

152]:

L = LRL + βLadaption (4.10)

The adaptive ratio β is negatively correlated with α. As the proportion of the

student output increases for policy making, the focus can be shifted more on the

reward benefits rather than mimicking the teacher’s behavior. The details of PPO

parameters can be found at Table 4.3.

Table 4.3: PPO Hyperparameter

Hyperparameter Value

Discount factor 0.99
GAE parameter 0.95
Clip range 0.2
Value coefficient 1.0
Entropy coefficients 0.001
Learning rate adaptive [24]
KL threshold 0.008
Horizon length 24
Minibatches 6
Mini epochs 5
Optimizer Adam
Total Frames 300M

4.3 Evaluation

4.3.1 Implementation and Experimental Setup

Module Implementation. Both the teacher model µ and control policy ϕ are

implemented in MLP with hidden layers of [512, 256, 128] and [256, 128], respectively,

and ELU activation. µ outputs the latent representation with length D = 8. Two

different student models are implemented to capture temporal information, one

with vanilla 1D CNNs following [3] and another with TCN [78] following [8].

Simulation. Isaac Gym and its open source library IsaacGymEnvs [2] are used to

simulate massive parallel environments with rough terrains, including rough sloped
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terrain, smooth sloped terrain and discrete obstacles [24]. The simulation runs

on two NVIDIA A6000 GPUs, each handling 4096 environments at 200Hz, which

can provide more than 0.1M FPS for simulation. The controller runs at 50Hz for

command.

Hardware. Unitree A1 is used as the test platform. It is a low-cost quadruped

driven by 12 direct-drive actuators, equipped with IMU and foot-end force sensors

used as observations. We use an external NVIDIA Jetson Xavier NX for GPU

acceleration to process the exported JIT model.

Baselines. To evaluate the impact of joint locking, different variants of the following

[T]eacher networks are trained:

• BaseEnv[T]: The teacher network trained in vanilla BaseEnv with privilege

information.

• FailureEnv[T]: The teacher network trained in FailureEnv with privilege

information as a baseline of fault-tolerant performance.

Each teacher model is trained from scratch with the same environment and PPO

configuration.

To evaluate the efficiency of knowledge transfer and performance in terms of reward,

forward velocity, and survival time for fault-tolerant control, various [S]tudent

policies are trained in both BaseEnv and FailureEnv with the proposed joint

training ([JT]) and separate supervised ([SS]) from RMA [3]:

4.3.2 Teacher-Student Transfer

The teacher agent cannot be directly deployed on the physical robot due to the

usage of privilege information, which is either unavailable or expensive to acquire

in real world. Therefore, knowledge transfer is needed to train student policies. To

better demonstrate the efficiency of our proposed joint training, the policy with both

CNN and TCN student network are transferred under different frame configuration:

• [T]: this is trained in two configuration: 600M, which is the default frame count;

and 300M with half of the simulated frame for usage in limited frame supervised

transfer.
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Table 4.4: Normalized Reward return for different Student policy.

Environment
[T] [JT] [SS]

600M 300M
600M 300M+300M 600M+600M

CNN TCN CNN TCN CNN TCN

BaseEnv 1 0.92 0.89 0.92 0.15 0.77 0.85 0.93
FailureEnv 1 0.85 0.97 0.85 0.20 0.73 0.81 0.84

• [JT]: this is is trained with standard 600M total frames.

• [SS]: this is fully trained with 600M+600M frames to achieve optimal perfor-

mance. To compare the performance under the same total frame as [JT], an

additional configuration of 300M+300M is used with teacher and supervised

training stages equally divided.

For supervised transfer, we follow RMA [3] to unroll the teacher policy to generate

trajectories and ground truth for the student. The trained policies are then deployed

in the simulation and the average return is shown in Table 4.4. To better show the

difference in performance, the result are normalized based on the corresponding

teacher performance for BaseEnv and FailureEnv.

Despite supervised transfer showing great performance while fully trained, especially

with TCN, it struggles when the total simulation step is limited, and there is a

signification return drop. For joint training, it can achieve the same level or even

outperform [SS] transfer with only half of the simulation step required in both

BaseEnv and FailureEnv indicating a superior efficiency in knowledge transfer.

4.3.3 Virtual Deployment

Overall Performance. Both BaseEnv and FailureEnv student policies are de-

ployed into the same test environment where robots are spawned across different

terrains and levels evenly with joint locking failure occurs randomly. Each virtual

robot can run a maximum of 20 seconds after joint failure occurs. The forward

velocity both before and after joint locking are tracked and the survival time of

each agent is measured on average, 25% percentile (P25) and 50% percentile (P50)
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Table 4.5: Agent performance with Joint Failure in Simulation.

Agent Terrain
Avg. Forward
Velocity (m/s)

Survival Time (%)

Before After Average P25 P50

BaseEnv

Smooth Slope 0.56 0.45 51.4 6.7 36.5
Rough Slope 0.55 0.41 44.4 4.7 20.7

Discrete 0.54 0.41 40.8 4.4 17.45
All 0.55 0.42 44.7 5.0 21.35

FailureEnv

Smooth Slope 0.59 0.52 68.3 20.1 100.0
Rough Slope 0.57 0.47 59.1 11.7 81.0

Discrete 0.55 0.44 45.8 6.6 31.0
All 0.57 0.47 56.5 10.8 59.0

so that we can see how each agent handles joint locking in the worst scenarios. The

result averaged over 1500 instances per terrain is shown in Table 4.5.

Before joint failure, both agents can drive the robot forward close to the target

velocity of 0.5 m/s. After failure occurs, the velocity drops in both agents, but

the fault-tolerant FailureEnv agent maintain the velocity slightly better. During

deployment, the critical failure mostly kills the robot within seconds after joint

locking, and the surviving instance can normally remain until the end, thus increasing

the average survival time. Despite BaseEnv agent can still walk with a reasonable

velocity after joint locking, it is more vulnerable to joint locking and fails within

5s for half of the instances. In contrast, the fault-tolerant FailureEnv agent can

survival much longer with a locked joint. In smooth slope and rough slope terrains,

even with joint failure, most of the robot can survive to the end of the journey.

Robots in discrete obstacle terrain have significantly worse performance. Due to

the small physical size of the A1 robot, it is too difficult for it to step up and down

even under normal hardware conditions [9, 151].

Gait Pattern Analysis. To understand how FailureEnv agent handles joint

failure, the gait pattern of foot contact is captured during deployment around

the failure moment, with F/R denoting front/rear and L/R denoting left/right.

The patterns of two instances are shown in Figure 4.4. With an unexpected joint

locking failure, the agent can quickly adapt based on the actual situation and

react accordingly. While the top instance can keep the previous gait, if the joint is

locked in an extremely location, the agent will adjust the motion to even drag the
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Figure 4.4: Gait pattern of two instances during virtual deployment before and
after joint locking.

failure leg forward, as shown in the bottom instance. The dynamic adjustment for

different situations demonstrates the generalization ability of FailureEnv agent in

the handling of failures without relaying on some predefined pattern.

Failure Case Study. To further understand how joint locking affects control and

leads to failure, the most vulnerable instances of virtual deployment that fail within

seconds for both agents are identified. Figure 4.5 shows the distribution of the

failure joint in the worst scenarios. The thigh and calf are the most vulnerable

joint for FailureEnv and BaseEnv agents respectively. Both joints have larger

movements compared to the hip joint, making them more sensitive to joint locking.

The distribution shift reflects that while FailureEnv agent learns to overcome the

locking of the calf joint, the thigh joint is still not fully handled.

We then track the joint status of these failure cases in Figure 4.6. Our proposed

simulation strategy can effectively limit joint movement as desired in both position

and velocity. With a locked joint, when the desired position is not in the range of

θallowed, large torque and fast joint jitter are observed, which are two major factors

of critical failure.

Performance with softlock. To better evaluate generalization performance, a

softlock virtual environment is implemented following Section 4.2.1. Although such

an environment is never seen during training, the FailureEnv agent can easily

handle the new type of failure with 5% greater average reward return and 8% longer
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Figure 4.5: Joint distribution of failure joint in the worst cases of FailureEnv
agent and BaseEnv agent

average survival time comparing with hardlock. With the clipping of policy output,

the resulted torque and velocity is smaller and smoother. However, the limited

motion of joint is still a major factor of critical failure.

Multiple Joint Failure. We further evaluated the ability of FailureEnv agent

to handle multiple joint locking failures, which is never seen during training. The

survival time and the average forward velocity after failure are tracked for both

random failure and whole leg failure in Figure 4.7.

Although the FailureEnv agent can easily handle two joint locks simultaneously, it

becomes more difficult to maintain the heading. With more joints locked, the agent

begins to struggle, especially when the failure joints are distributed across multiple

legs. When all failures occur on the same leg, even with all three joints locked,

resulting in the loss of a whole leg, the agent can compensate for the loss with other

legs. The difference in performance between legs indicates that the current agent

may not be perfectly symmetrical. The uniform randomization treats all failure

cases equally, overlooking the fact that some scenarios are more dangerous and

critical. As the policy attempts to cover all possible failure cases, it risks converging
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Figure 4.6: Motion of the most vulnerable joint for FailureEnv and BaseEnv

agent identified in Figure 4.5. The timeline is intercepted from 5 seconds before
joint locking to critical failure, where the agent needs to be reset. The grey box
shows the limited motion range θallowed. The joint position is relative to the
default position for standing.

to a suboptimal equilibrium that compromises overall gait quality. Future work

should investigate more structured curriculum strategies that prioritize critical

failure scenarios, along with gait-aware optimization objectives, to achieve more

balanced and effective fault-tolerant performance.

4.3.4 Physical Validation

RL-Based Controller. To compare the trained RL-based controllers, the trained

model is converted to JIT and deploy it directly on the physical Unitree A1 for

zero-shot transfer without any fine-tuning. We compare the proposed fault-tolerant

FailureEnv agent with the baseline model trained in BaseEnv and the built-in A1

controller. Following Section 4.2.1, both hardlock and softlock are used during the

deployment for comprehensive validation. Figure 4.8 shows the snapshots of the

trials.
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(A) Random Multiple Joint Failure

(B) Whole Leg Joint Failure

Figure 4.7: Performance with multiple joint failure for A random joint failure
and B whole leg failure.

Similar to virtual deployment, the joint motion is tracked during deployment.

Figure 4.9 shows the motion of trails run by FailureEnv agent for both softlock

and hardlock on all eligible joints. Both locking methods can limit the joint motion

and show a similar pattern as the simulation results in Figure 4.6. Due to the

manipulation of target joint position, softlock tends to have a much lower torque

and, sometimes, the joint will overshot the locking range, making it less ideal and

dangerous. But it is still sufficient for real-world validation on joints where hardlock

cannot be applied as discussed in Chapter 4.3.3. For hardlock on calf joint, the

motion is limited to a range of around 0.15 rad and the large torque pattern similar

to the virtual deployment is observed, demonstrating that the designed locking

mechanism is efficient for real-world testing.

We further measure the survival time in the real world with a maximum lifetime



Chapter 4. Fault-tolerant Quadruped Locomotion 67

(A) Running with joint locking by the FailureEnv agent

(B) Running with joint locking by the BaseEnv agent

(C) Running with joint locking by built-in controller

Figure 4.8: Deployment snapshots on the physical robot run by A fault-tolerant
FailureEnv agent, B baseline BaseEnv agent and C A1’s built-in controller. The
safety rope is only used to prevent hardware damage and does not affect running.
Refer to the supplementary video for more information.

Table 4.6: Average Survival time in physical tests under different joint locking

Agent
Softlock

Hardlock
Hip Thigh Calf

FailureEnv 100% 100% 100% 100%
BaseEnv 100% 20% 5% 35%
Built-in - - - 0%

of 20 seconds in Table 4.6. The fault-tolerant FailureEnv agent can handle all

the test seniors while the vanilla BaseEnv agent struggles on thigh and calf joint,

which is in line with the observations of the virtual deployment in Chapter 4.3.3,

and the robot stalls or falls directly to the ground. We further lock two joints for

FailureEnv policy and the quadruped can still move safely, even if this situation is

never seen during training.
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MPC-Based Controller. Further evaluation is conducted with two MPC based

controller: (1) Unitree A1’s built-in proprietary controller. (2) an OCS2 [77] based

controller. Both controller is tested with hardlock while it is commanded to move

forward with a velocity of 0.5 m/s.

The built-in controller cannot handle the locked joint and fall directly to the ground.

The OCS2 based controller can efficiently handle the joint failure most of the

time while still falling at the beginning from time to time and have large lateral

movement. MPC-based controllers required manually tuning and configuration,

which requires prior knowledge, while the RL-based controller can be trained in

simulation within hours, greatly reducing the development challenging to achieve

fault-tolerant quadruped controller.

4.4 Conclusion

In this chapter, we propose a novel methodology to train and test hardware fault-

tolerant RL-based controllers for quadruped locomotion, both in the simulation

and real world. We design a novel simulation strategy for joint locking failures and

a joint training pipeline to efficiently train a fault-tolerant quadruped locomotion

controller with the teacher-student framework. We use commonly equipped low-level

sensors available on quadrupedal robots as observations to generate robust actions.

We demonstrate that even with one joint locked, our controller can still drive the

quadruped without losing too much heading or speed.

Fault-tolerant control is a complex topic that depends heavily on robot specifica-

tions and deployment conditions. Domain randomization has become an important

technique in robot learning to improve robustness against various anomalies includ-

ing sensor drift [24] and system delays [139]. Following our work, recent studies

have further extended this idea to other scenarios, such as weakened motors and

actuator degradation [153]. However, such approaches require training new teachers

whenever novel failure scenarios arise, limiting their scalability. More broadly,

over-randomization introduces a well-known trade-off between robustness and per-

formance [97] that excessively diverse failure scenarios can reduce learning efficiency

and lead to suboptimal policies that sacrifice nominal performance in exchange

for broader fault coverage. Meta-learning is also a promising direction, where
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task-specific teacher policies are trained for different failure conditions and distilled

into a single student policy [149, 154]. How to effectively balance the scope of

failure randomization with training efficiency and final policy quality remains an

open question that warrants further study.



Chapter 5

Unified Locomotion Transformer

with Simultaneous Sim-to-Real

Transfer for Quadrupeds

Quadrupeds have gained rapid advancement in their capability of traversing across

complex terrains. The adoption of deep Reinforcement Learning (RL), transformers

and various knowledge transfer techniques can greatly reduce the sim-to-real gap.

However, the classical teacher-student framework commonly used in existing locomo-

tion policies requires a pre-trained teacher and leverages the privilege information

to guide the student policy. With the implementation of large-scale models in

robotics controllers, especially transformers-based ones, this knowledge distillation

technique starts to show its weakness in efficiency, due to the requirement of multiple

supervised stages. In this chapter1, we propose Unified Locomotion Transformer

(ULT), a new transformer-based framework to unify the processes of knowledge

transfer and policy optimization in a single network while still taking advantage

of privilege information. The policies are optimized with reinforcement learning,

next state-action prediction, and action imitation, all in just one training stage,

to achieve zero-shot deployment. Evaluation results demonstrate that with ULT,

optimal teacher and student policies can be obtained at the same time, greatly

easing the difficulty in knowledge transfer, even with complex transformer-based

models. Supplementary video available at https://johnliudk.github.io/ult/.

1The content of this chapter is published in [155].
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5.1 Introduction

Driven by the advancement of deep reinforcement learning (RL), quadruped robots

have drawn great attention, due to their capability of traversing across complex

terrains [3, 7, 8, 27]. Traditional robotics controllers rely on dedicated models and

heuristics, which require extensive prior knowledge and can struggle to adapt to

dynamic environments and unpredictable situations [3, 8]. Recently, a new paradigm

is introduced to push quadrupeds’ limit to handle complex tasks in challenging

environments [59–61, 63]: a controller is learned from simulations that contain

various environmental and physical factors, and then transferred to the physical

robot through RL and various knowledge transfer techniques [3, 8, 9, 20, 156] to

overcome the sim-to-real gap using privilege information.

One of the commonly used knowledge distillation methods is the teacher-student

framework [8]. A teacher policy is first trained through RL, and privilege information

about the environment is provided for learning the optimal locomotion strategies

efficiently. As additional information, including ground-truth dynamics and terrain

profiles, is often inaccessible in the real world, a student policy is subsequently

trained to make the model deployable. This is typically achieved through supervised

knowledge distillation, either in an offline [8] or online [3] fashion by creating a

data set with new trajectories and associated action labels of the teacher created

through algorithms such as Data Aggregator (DAgger) [58].

Sequential training with policy imitation for locomotion control is generally not

data-efficient [157]. The performance of the student is limited by the teacher policy

and the robustness depends on the diversity of the data set. Generally, they will

deteriorate if the situation deviates from the trajectories in real-world deployment.

To address this, DreamWaQ [139] was introduced with the asymmetric actor-critic

architecture [158] and context estimation, including next observation, base velocity

and latent space. By concurrently training with proprioceptive observation for

exploration and privileged information as the critic, it allows the agent to explore

with indirect guidance.

Recently, self-attention-based transformers [42] have been widely introduced into

robotics in both lower control (e.g., legged locomotion directly [9, 10, 20, 131] or

with a command interface [128]) and high-level decision making with multimodal
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processes [36, 43, 53, 54] with their capability to handle variable context lengths,

sensor combinations [131] and even robot embodiments [133]. In direct locomo-

tion controllers, transformers have demonstrated superior capability in temporal

information capture compared to recurring neural networks (RNN) and temporal

convolutional networks (TCN). However, training transformers is data-hungry in

general. For example, when combing the vanilla transformer with legged locomo-

tion, Lai et al. [9] generated an additional 40M timesteps for 400K updates using a

two-stage supervised training approach. Similarly, Radosavovic et al. [20] doubled

the number of timesteps for joint supervised transfer compared to the teacher

policy training stage. These approaches are not only time-consuming, but also

necessitating additional setup to handle multiple models and the large volumes of

generated data.

Motivated by the above limitation, the objective of this chapter is to simplify

the knowledge distillation process with a unified architecture to keep teacher and

student policies in a single network for simultaneous optimization. Our inspiration

comes from the exceptional capabilities of transformers in multimodal modeling

of temporal and sensory information and context understanding [10], which can

well support the policy optimization [139]. Thus, we can introduce the privilege

information into the observation as another modality to form a unified framework

for single-phase optimization of teacher and student policies, achieving zero-shot

sim-real transfer.

To this end, we propose Unified Locomotion Transformer (ULT), a new unified

framework for end-to-end quadruped locomotion. It is based on the standard

transformer architecture with casual masking to pack teacher and student policies

in a single network. These policies are optimized jointly with reinforcement learning,

next state-action prediction, and action imitation, all in just one training phase, to

overcome the sim-to-real gap and achieve zero-shot deployment. In this way, we

eliminate the need of dedicated design and training of a teacher network, while the

privilege information can still efficiently guide the student policy with proprioception

observation during the exploration to generate more diverse trajectories to improve

the overall generalization and robustness.

We extensively evaluate our framework in simulation and compare it with state-

of-the-art knowledge transfer baselines. We also deploy it directly in the real

world for practicality validation. Evaluation results demonstrate that ULT exhibits
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better performance with less trajectory information needed, indicating its higher

efficiency with the help from next state-action predication, action imitation and

mixed exploration. With unified training in one single phase for simultaneous teacher

and student policy optimization, we ease the pipeline of knowledge distillation for

zero-shot sim-to-real transfer.

5.2 Simulation Environment

In this chapter, we implement the simulation environment in Isaac Gym [2] and

IsaacGymEnvs [2] to train locomotion agents in large scale parallelism. All baselines

and variants of our method are trained with the exact same simulation setups to

ensure fair comparison.

5.2.1 Terrain and Curriculum

To ensure that the policy is robust against different indoor and outdoor environments,

we adopt the terrain curriculum from [24] with smooth slope, rough slope, stairs

up, stairs down and discrete obstacle terrains. Each type of terrain has 10 levels

with incremental difficulty and an overall proportion of [0.1, 0.1, 0.35, 0.25, 0.2],

respectively. The linear velocity return is tracked across each trajectory’s life cycle.

The level is considered solved when an agent reaches 80% of the maximum achievable

tracking reward and progresses to the next level. If any agent fails to reach 25% of

the maximum reward, it will regress to a lower level for more exploration.

5.2.2 Domain Randomization

Following [24, 139], we apply Domain Randomization (DR) on key dynamics

parameters to enhance the robustness of the policy. To simulate the actual user

commands, we sample the linear commands in longitudinal and lateral direction

separately with a uniform distribution in [−0.5, 0.5] m/s. For the angular command,

we first sample the desired heading of the robot and cap the resulted angular velocity

command at 0.5 rad/s. The commands are resampled every 10 seconds. Table 5.1

lists the key parameters of DR used in the simulation.
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Table 5.1: Simulation parameters of domain randomization.

Parameters Range Unit

Linear Command [-0.5, 0.5] m/s
Angular Heading [-3.14, 3.14] rad

Kp Scale [0.9, 1.1] -
Kd Scale [0.9, 1.1] -

Friction Scale [0.7, 1.3] -
Motor Strength Scale [0.9. 1.1] -

Payload [0, 5] kg
Payload CoM Offset [-0.1, 0.1] m

External Push [-1, 1] m/s
Gravity [9,41, 10.21] m/s2

System Delay [0, 0.015] s

5.2.3 Observations and Actions

Privilege Information. To achieve an optimal locomotion policy with the hidden

information about the environment, related privilege data is extracted from sim-

ulation to form the privilege observation et for the teacher policy to utilize. The

privilege information contains randomized dynamics parameters dt sampled from

Chapter 5.2.2, ground truth robot states st including base velocity, orientation, and

precise surrounding height map mt. Although such information is often inaccessible

in the real world, it helps the teacher policy reconstruct the states and improve the

learning efficiency [3, 8].

Proprioceptive Observation. In order to conduct knowledge transfer for a

deployable agent, the student policy only relies on onboard sensors to provide

observations. Typically, quadrupedal robots are equipped with joint encoders, IMU,

and foot contact sensors, which can provide information on joint position q ∈ R12,

joint velocity q̇ ∈ R12, angular velocity ω ∈ R3, gravity vector g ∈ R3 and binary

foot contact c ∈ R4. In order to follow the user command, the agent also needs

access to the randomly sampled cmd = [vx, vy, ωz] ∈ R3 to form the observation of

each step ot = [q, q̇, ω, g, c, cmd] ∈ R37. To provide the state transition and temporal

information, the actions of the previous step at−1 ∈ R12 are added with a list of

historical information T = [a0, o1, a1, o2, · · · , at−1, ot]. We use a rolling window of

t = 15, resulting in a full observation in the space of R49×15.

Actions. As typical RL locomotion policies perform inference at the frequency of

50-100 Hz, both the teacher and student policies output the desired joint position
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Table 5.2: Reward terms for reinforcement learning

Reward Definition Scale

Linear Velocity Tracking exp (−5∥vcmd
xy − vxy∥2) 1.0

Angular Velocity Tracking exp (−5(ωcmd
z − ωz)

2) 0.5
Body Z Velocity ∥vz∥2 -2.0
Body Rotation ∥ωz∥2 -0.05

Joint Acceleration ∥θ̈∥2 -2.5e-7

Output Work
∫
∥τ · θ̇∥ -2.e-5

Action Rate (at − at−1)
2 -0.05

Feet Slip ∥gt · vfeetxy ∥ -0.1
Collision 1collision -1

at, which is passed to a PD controller running at a much higher frequency for a

smooth torque output:

τ = Kp(q̂ − q) + Kd(ˆ̇q − q̇) (5.1)

with base stiffness Kp and damping Kd set to 30 and 0.7, respectively, and additional

DR is added on. The target joint velocity ˆ̇q is set to 0.

5.2.4 Reward Function

We follow the classic reward function design for omni-direction locomotion [3,

24, 139] to encourage the agent to follow the commanded velocity and primarily

penalize the linear and angular movement along other axes, large joint acceleration

and excessive power consumption. The complete reward structure is detailed in

Table 5.2.

5.3 Methodology

We present ULT, a transformer-based framework to unify the process of knowledge

transfer and policy optimization in a single network leveraging the privilege infor-

mation. Compared to the classic teacher-student transfer solution that requires a

pre-trained teacher policy [3, 8, 9], ULT optimizes both policies jointly in a single

phase to simplify the sim-to-real pipeline and reduce the total number of generated

trajectories. Figure 5.1 shows an overview of ULT.
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Deployment

Action Mixer

Privilege
Information 

Dynamics parameters 
Ground-truth states 

Height map 

Unified Locomotion Transformer

Training Losses Environments
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Figure 5.1: Illustration of the Unified Locomotion Transformer (ULT) framework.
ULT is a vanilla transformer-based architecture to unify the optimization of
locomotion policy and knowledge transfer. With state-action trajectories and
privilege information in a single framework, both teacher and student actions can
be generated simultaneously. The optimization is conducted jointly through PPO
by combining the RL loss and transformer loss, which contains the next state-
action prediction for future trajectories, and action imitation between student
and teacher policies. During training in simulation, an action mixer is used to
ensure both policies are played to enhance exploration. During the physical
deployment, only proprioceptive observation is used for student actions to achieve
zero-shot sim-to-real transfer.

RL-based quadrupedal locomotion is often formulated as a Partially Observable

Markov Decision Process (POMDP), defined by a tuple M = (S,A, T,R,Ω,O, γ),

where S,A,R,Ω are the state, action, reward and observation spaces, respectively.

The ground truth states st ∈ S give the most important information about the

environment and can be accessed by the teacher policy in the simulation to search

for an optimal control policy π∗(at+1|st) by maximizing the sum of discounted future

rewards:

π∗(s, a) := arg max
π

Est+1∼T (·|st,at)

[
∞∑
t=0

γtr(st, at)

]
(5.2)

However, such information is often inaccessible in the real world, and the student

policy can only rely on the noisy proprioceptive observation ot ∈ Ω during deploy-

ment. Essentially, knowledge transfer aims to find the observation probabilities
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O : S → Ω such that the student policy can estimate its current status for decision

making, either with latent space estimation [3] or direct action imitation [8, 9, 20].

Although many existing quadruped locomotion solutions have used the historical

information T to capture the temporal information [3, 8, 9], they only treat it as

a whole when predicting the next action at+1 = π(T ) while missing the transition

information T (st+1|st, at) hidden in the sequence itself. With the transformer

architecture and its next token prediction capability [10], we can extract and utilize

information about the state-action transition from the history T . By pairing it

with policy imitation from the privilege information and mixed exploration, we

can greatly improve the sample efficiency to discovery the state transition and

observation probabilities, thus achieving the optimal teacher and student policies

simultaneously in just one training phase.

5.3.1 Model Architecture

The foundational part of ULT is a vanilla transformer [42]. It contains multiple

stacked multi-head attention blocks with causal masking, so the tokens can only

attend to themselves and the past tokens while the proprioceptive tokens will not

access the information from the privilege tokens.

Similarly to [10], we first tokenize the input trajectory T with a concatenated states

action pair by a shared linear projection layer W ∈ Rd×(m+n), where m = 37 and

n = 12 are the dimensions of observation o and a at each step t. We choose d = 128

as the size of the token embedding:

zt = concat(ot, at−1) (5.3)

ht = Wzt (5.4)

For privilege information et = [dt, st,mt], we use an environmental factor encoder µ

with a three-layer MLP similar to [3] to project it into the same embedding space:

he = µ(e) (5.5)

The transformer module takes the entire sequence of H = [h0, h1, · · · , ht, he] with

privilege information at the end to ensure that the information will not be leaked
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to the proprioceptive observation. The sequence is then processed through all the

attention layers:

Ĥ = ULT(H)

= [ĥ0, ĥ1, · · · , ĥt, ĥe]
(5.6)

Next State-Action Prediction. To perform an aligned prediction, we extract

the first (t − 1) tokens from the output Ĥ0:(t−1) = [ĥ0, ĥ1, · · · , ĥt−1], and decode

them through another shared linear project Ŵ ∈ R(m+n)×d to predict the future

state action trajectory for each step:

ẑt+1 = Ŵ ĥt (5.7)

T̂ = [ẑ1, ẑ2, · · · , ẑt] (5.8)

We can compare the next state-action pairs between the predicted trajectory T̂ and

actual trajectory T = [z1, z2, · · · , zt]:

Ln =
1

t

t∑
1

∥zt − ẑt∥2 (5.9)

By optimizing Ln, the transformer can always learn the transition relation of

the robot state and action, regardless of the actions taken or the quality of the

trajectories.

Action Output. ULT can simultaneously output actions from the teacher and

student. For the student, with the next state-action prediction, we already imple-

ment a decoder layer to extract the predicted next state-action trajectory and it

can already output the next action at each time step. Thus, we directly reuse the

information in Eq. 5.7 to form the last concatenated state-action input token:

ât = (ẑt+1)m:(m+n) (5.10)

For the teacher, with the process through all the attention layers, the resulted ĥe

(Eq. 5.6) have already gathered all the information from the state-action trajectory

due to casual masking. In order to generate actions from ĥe, we implement a policy



80 5.3. Methodology

Table 5.3: Hyperparameters for PPO

Parameters Value

Number of GPUs 2
Actors per GPU 4096
Episode Length 20s
Horizon Length 24
Mini Epochs 5
Minibatch Size 16384
Learning Rate 3e-3
Scheduler cosine
Optimizer AdamW
Clip range 0.2
Entropy coefficient 0.005
Reward Discount 0.99
GAE Discount 0.95
Desired KL-divergence 0.008
Weight Decay 0.01

π with an MLP network similar to [3]:

āt = π(ĥe) (5.11)

Thus, we can combine the imitation loss of the action and the next state-action

prediction to get the overall performance with a weighting factor β:

La = ∥āt − ât∥2 (5.12)

LULT = Ln + βLa (5.13)

5.3.2 Action Mixer and Unified Training

In order to achieve optimized performance of āt and ât simultaneously without a

pre-trained policy, online trajectories generated by both actions are needed. In

a massive parallelism training environment with X agents, an agent mask M is

created with a threshold α as the mix ratio such that:

ai =

āi, if Mi < α

âi, otherwise
where Mi ∼ U(0, 1), i = 1, · · · , X (5.14)
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Figure 5.2: Performance of ULT with different values of Action Mixer ratio α
on five terrains and the overall performance across all trails.

Thus, a higher mix ratio α means more involvement of the teacher. The agent

mask M is frequently resampled to ensure exploration for both policies. With the

trajectories generated by the resulted a, we use PPO [140] to jointly optimize the

policy and action imitation by appending the PPO RL loss and transformer loss

with the hyperparameters in Table 5.3:

L = LRL + λLULT (5.15)

Optimization of L can simultaneously leverage the state transition, action imitation,

and guidance from the teacher policy based on the privilege information to achieve

a unified training in a single phase.

5.3.3 Direct Sim-to-Real Deployment

The transformer architecture gives the flexibility of variable input length. During

training, causal masking ensures that future information will not be seen by pre-

vious tokens and the privilege information will never be leaked to proprioceptive

observation. Thus, when deployed in the real world, we can directly remove the

last privileged environmental token he safely from the input sequence to generate

the student action âi directly with only the historical information T .
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5.4 Experiments and Results

We evaluate the effectiveness of ULT in simulated environments, mainly focusing on

three metrics: the average linear and angular velocity tracking return per step for

task-related performance and the final total episode reward return for the overall

locomotion quality. All the reported results are averaged over 5000 trajectories

collected across all terrain types and levels and normalized over the performance of

a pretrained privilege Oracle policy adopted from [3] on respective terrain, which is

also used as the common teacher for all baselines for a fair comparison.

5.4.1 Action Mixer Ratio

The first question we want to answer is: what is the optimal value for the Action

Mixer introduced in Chapter 5.3.2? This mix ratio directly decides the proportion of

the trajectories of the teacher and the student during the exploration and eventually

affects the final performance due to the difference in their information density and

the combined optimization objective with the next prediction and imitation of actin.

To answer it, we train multiple ULT models with different values of α and keep

all other configurations untouched. Figure 5.2 shows the key metrics for different

terrains during testing.

We observe that the teacher policy suffers when the mix ratio is too low, as it

cannot gather enough trajectories to reach an optimal policy, even with the help

from all the privilege information. When the mix ratio is too high, the performance

of the student starts to drop, as the training process is overly dependent on the

guidance from the teacher policy and does not have enough exploration experience

to handle out-of-the-distribution situations in complex environments.

In most cases, the knowledge is transferred efficiently, and the student policy can

achieve similar performance as its respective teacher. One special case is α = 1,

where only the teacher trajectory is generated and used during training while the

student is trained in a purely supervised manner. Although it produces one of

the best performing teacher policies, the student acts poorly due to the lack of

exploration, resulting in low survival rate. Another special case of α = 0 will be
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discussed in Chapter 5.4.3 as it has a fundamental difference due to the lack of

teacher participation and optimization.

For the rest of this chapter, we will use the policies trained with a ratio of α = 0.6

unless specified otherwise.

5.4.2 Comparison with Baselines

We compare ULT with several knowledge transfer solutions and their variants with

a base teacher network similar to [9]:

• Supervised Transfer. Based on [3, 8, 9], we implemented different variants

of supervised knowledge transfer with direct action imitation. Offline-Only:

single stage with Oracle pre-trained policy used for trajectory generation [8];

Online-Only: single stage with the student generating online trajectories

with [3]; Two-Stages: combining two stages with offline pre-training first,

followed by online correction [9].

• Joint Transfer. Following [20], combining the RL exploration of the student

with online supervised transfer with the joint ratio of policy imitation gradually

annealed to zero by the mid-point of training.

• CENet. Implementation of an auto-encoder model from DreamWaQ [139]

with VAE loss for the next observation, base velocity and latent space estima-

tion with asymmetric actor-critic architecture.

• PPO. We use vanilla PPO [140] to train ULT solely on proprioceptive obser-

vation and RL loss, which is equivalent to an action mixer ratio of α = 0, and

with the teacher head and other loss modules disabled.

The comparison results are summarized in Table 5.4. Although ULT only uses the

same number of trajectories as Oracle training, both the teacher and student policies

achieve the similar performance level of Oracle performance and outperform other

baseline models, which require many more trajectories to be generated for most

cases. This shows the high efficiency of our proposed framework. With the increased

difficulty of using omnidirectional control on all types of terrain, single-stage offline

supervised transfer cannot efficiently capture the dynamics of the environment with



Chapter 5. Unified Locomotion Transformer 85

just good trajectories, and the rough terrains make it hard for the student to survive.

Although online supervised transfer and two-stage transfer significantly improve

performance, ULT still outperforms supervised transfer with fewer trajectories used.

Joint transfer require manual tuning of the joint ratio and struggles to handle the

increased environmental challenges with similar performance to vanilla PPO.

Learning with VAE loss shows strong performance, with only slight disadvantages

compared to ULT, making it one of the best performing baselines. These results

strongly support the shared idea of DreamWaQ and ULT, that understanding the

state-action transition can significantly enhance policy optimization and overall

performance.

These results demonstrate that with our ULT framework, optimal teacher and student

policies can be achieved at the same time with a more compact unified network,

without the need for multiple stages of knowledge transfer with complex network

and loss function design. This greatly eases the training setup and the difficulty of

knowledge transfer for quadruped locomotion for sim-to-real deployment.

5.4.3 Ablation Studies

To better evaluate the main components of ULT, we create different variants by

removing the next state-action predictions, imitation of actions, and both from the

unified optimization pipeline. The results are shown in Figure 5.3. With unified

training, our core transformer benefits from both the next state-action prediction

module and action imitation module, to increase its capability of understanding

state-action transition with high-quality action guided by privilege information.

In addition, we explore the special case of the mix ratio α = 0, which is equipment

to remove the action mixer module. As the teacher head will not be optimized,

there is also no need to imitate the action. It is clear that missing the privilege

information makes it difficult to optimize the next state-action prediction resulted

in a performance similar to vanilla PPO. ULT needs all modules to work together in

order to achieve the sample and learning efficiency.
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Figure 5.3: Normalized metrics for ULT and its ablated variants. The return is
averaged across trails on all five terrains.

Table 5.5: Performance of α = 1 student before and after supervised knowledge
transfer.

Avg. Linear
Tracking

Avg. Angular
Tracking

Episode
Return

Original 0.717 0.898 0.233
After Online Transfer 0.760 0.893 0.865

5.4.4 ULT with Supervised Transfer

Training with proper mixed actions ensures that we can achieve optimal teacher and

student policy at the same time, but a teacher-only policy still has slightly better

performance. Can ULT act as the teacher first and then as the classic supervised

knowledge transfer in a single network? Table 5.5 shows the average performance of

the original student agent and after an online supervised transfer phase. Although

we can recover some of the performance with additional transfer stage, it is still not

comparable to ULT as we can hardly update the transformer while fixing the output
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Figure 5.4: Footage snapshots showing a single trained ULT policy deployed in
the real world with zero-shot transfer on Unitree A1 equipped with Jetson Orin
AGX for inference on different terrains with motion in omnidirections.

of the teacher head, demonstrating the importance and efficiency from the action

mixer while training the framework as a whole.

5.4.5 Physical Deployment

Following Sector 5.3.3, we directly extract the ULT framework and use onboard

sensor observations to achieve zero-shot sim-to-real transfer. The policy is exported

as JIT for portability and edge inference on a Unitree A1 robot equipped with a

Jetson AGX Orin Developer Kit. The policy can run at up to 300Hz and we set the

control frequency to 50Hz, Kp = 30 and Kd = 0.7 while communicating with A1’s

onboard low-level controller. Figure 5.4 shows some snapshots from the deployment

test. Please refer to the supplementary video for more information.

5.5 Conclusion

We introduce ULT, a unified framework based on transformers for simultaneous

optimization of teacher and student policies for quadruped locomotion. With next

state-action prediction and action imitation, ULT can efficiently extract valuable

transition information and provide guidance with privileged information for mixed
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exploration to improve the training process. This greatly reduces the complexity

and trajectory data needed for sim-to-real transfer, enabling the direct deployment

of the agent on physical systems.



Chapter 6

Conclusion and Future Work

In this chapter, we summarize the key contributions of the thesis and outline

potential directions for future research.

6.1 Conclusion

This thesis has addressed fundamental challenges in robust and generalized physical

AI systems for quadrupedal locomotion through three primary contributions that

collectively advance the state-of-the-art in learning-based robotic control. The

presented methodologies demonstrate significant progress toward bridging the

persistent gaps between simulation training and real-world deployment, while

enhancing the robustness and generalizability of autonomous robotic systems.

The Masked Sensory-Temporal Attention (MSTA) mechanism presents a novel solu-

tion to the sensor generalization challenges that have long plagued robotic systems

operating in various hardware configurations. By employing transformer-based

attention mechanisms with strategic masking techniques, MSTA achieves remarkable

robustness when facing incomplete or degraded sensory information, maintaining

performance even with substantial sensor data loss. This capability is essential

for deploying robotic systems in real-world environments where sensor reliability

cannot be guaranteed.

The Fault-Tolerant Locomotion (FTL) framework introduced represents a crucial ad-

vancement in ensuring operational reliability for quadrupedal robots in unpredictable

89
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environments. Through the teacher-student reinforcement learning paradigm with

domain randomization, our approach successfully enables zero-shot transfer from

simulation to physical platforms, demonstrating robust locomotion recovery under

various hardware failure conditions. This contribution addresses a critical limitation

in current robotic deployment scenarios where hardware malfunctions can lead to

catastrophic system failures.

The Unified Locomotion Transformer (ULT) framework represents a significant step

toward simplifying the complex multi-stage training processes traditionally required

for effective sim-to-real transfer. By integrating privilege information processing and

proprioceptive observation handling within a single transformer architecture, ULT

achieves performance comparable to conventional approaches while substantially

reducing computational complexity and training requirements.

The experimental validation across both simulation and real-world platforms, par-

ticularly the extensive testing on Unitree A1 quadrupedal robots, demonstrates the

practical viability of these contributions. The zero-shot deployment capabilities

achieved without fine-tuning represent a significant milestone toward realizing truly

autonomous robotic systems capable of reliable operation in complex, dynamic

environments.

6.2 Future Work

The foundations established in this thesis open several promising avenues for future

research that can further advance the field of robust physical AI systems. A natural

and important next step is to find ways to combine the three proposed frameworks

with MSTA for sensor generalization, FTL for fault-tolerant locomotion, and ULT

for unified knowledge transfer, so that we can efficiently train a generalized and

robust controller. By utilizing sensor-level tokenization from MSTA and privilege

information integration from FTL with a better masking strategy, the temporal-

sensory information could directly work with privilege information within ULT’s

unified optimization, and be trained in a more comprehensive environment with

comprehensive failure scenarios. Beyond this integration, there are several domains

that can be further explored.
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• Cross-Embodiment Learning with Embodiment Awareness. While

there has been some work in cross-embodiment learning, most approaches

rely on gathered trajectories, which are expensive and time-consuming to

collect. It also requires new data to be gathered for fine-tuning to new robots.

This limitation stems from the lack of foundational understanding of each

morphology and embodiment in current physical AI systems, such as how

physical variations affect control strategies and performance outcomes, neces-

sitating costly trajectory data collection processes that hinder scalability. The

adoption of multimodal LLMs and VLA models presents unprecedented oppor-

tunities for addressing these limitations by potentially leveraging information

about robot physical parameters. Future research should explore parsing

design information, e.g., from Unified Robot Description Format (URDF)

files, to extract critical morphological parameters and kinematic configura-

tions, enabling automated tuning through calibration processes that could

significantly enhance both cross-embodiment learning and sim-to-real transfer.

The development of embodiment-aware representations will be crucial for

achieving truly universal robotic policies capable of seamless adaptation across

diverse configurations without requiring extensive trajectory data collection.

• Advanced Simulation and World Foundation Model Development.

With the current development of simulators, robot learning has advanced

significantly, enabling training and testing robotic policies in controlled virtual

environments before deployment. However, the simulators are not perfect,

which remains a significant blocker for effective sim-to-real transfer, as the

reality gap continues to limit the direct deployment of learned policies. Cur-

rent simulation-first approaches still require better simulators with enhanced

rendering capabilities, more accurate physical engines to bridge this gap. The

incorporation of differentiable physics engines enables end-to-end learning

through gradient-based optimization to improve data efficiency in policy train-

ing. Furthermore, current simulation frameworks require extensive manual

configuration of simulation parameters, asset creation, and environment mod-

eling, especially for large-scale scenes, that limits scalability and accessibility.

The integration of 3D Gaussian splatting for automatic scene generation

presents a promising solution for reducing manual setup overhead while pro-

viding photorealistic scene reconstruction with physical properties like mesh

generation. We can further leverage world foundation models to accelerate
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both virtual scene generation and trajectory generation, with their capability

in handling complex, long-horizon scenes. The combination of automated

environment reconstruction techniques with world foundation models will

enable efficient synthetic data generation and streamlined simulation setup,

reducing both the reliance on expensive real-world trajectory collection and

the manual labor required for virtual environment creation while improving

sim-to-real transfer capabilities.

• Integration of Reinforcement Learning and Imitation Learning. Pre-

viously, reinforcement learning was primarily utilized for its autonomous

exploration capability, enabling robots to discover optimal behaviors through

trial-and-error interactions with the environment. Though reinforcement learn-

ing represents a theoretically sound approach for learning complex behaviors,

it is well-known for its data inefficiency, requiring extensive exploration and

numerous interactions to achieve satisfactory performance levels. With the

adoption of large-scale transformers and foundation models, current methods

increasingly rely on imitation learning to learn from demonstrations to acceler-

ate training processes, while reinforcement learning is added mainly to handle

the sim-to-real gap with a primary focus on stability and robustness. How-

ever, imitation learning faces significant limitations in learning new functions

beyond the demonstrated behaviors, requiring new data collection for each

novel task or capability, which restricts its adaptability and generalization

potential. Future research should explore better methodologies to integrate

reinforcement learning and imitation learning, where reinforcement learning

learns foundational tasks and motor primitives, while imitation learning adds

high-level task-specific behaviors and complex coordination patterns. With

a well established fundamental capability in locomotion, manipulation and

environmental interaction skills, new task-specific behaviors can be built more

efficiently to achieve a more generalized agent.

• Efficient On-Board Model Deployment. The practical deployment

of advanced AI models on resource-constrained robotic platforms requires

significant advances in model compression and edge computing techniques.

Future research should prioritize the development of small language models

and compressed neural networks specifically optimized for robotic applications

while maintaining high performance. Key areas for investigation include

parameter-efficient fine-tuning techniques that enable rapid adaptation to new



Chapter 6. Conclusion 93

environments without requiring full model retraining. The development of

quantization and pruning strategies tailored for robotic control tasks will be

essential for enabling deployment of complex models on embedded platforms

with limited computational resources. Furthermore, research should explore

dynamic neural networks that can adapt their computational complexity

based on available resources and task requirements. The integration of edge

AI capabilities with advanced cross-embodiment agent will require careful

balance between model capability and computational efficiency. Future work

should investigate hardware-software co-design approaches that optimize both

model architecture and deployment platform for maximum performance under

strict resource constraints.
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