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ABSTRACT

Robotic deep RL tasks are intrinsically hard to parallelize, as they usually require

cooperation between the RL agent, the simulator and the physics engine. Context

barriers can be hard to cross between those systems, making device-host transfer costs

during training a challenge. Furthermore, the rapidly evolving world of machine learn-

ing also makes integration increasingly difficult for researchers, as incorporating a new

learning algorithm usually requires huge engineering effort. TocabiLab is developed

as an extension to NVIDIA Isaac Lab with the capability of conducting GPU-native

robotics deep RL tasks. Its unified API inherited from Isaac Lab reduces the difficulty

of integration, as well as enabling data to be swiftly passed between components at a

large scale, accelerating training under computation intensive scenarios. This project

report describes the novel architecture applied in the proposed system and a set of

experiments designed upon a previously published research to validate the system’s

correctness, efficiency and versatility. Evaluation result shows that the system is ca-

pable of handling more than 300% load than the industry standard systems while

providing comparable performance.
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Chapter 1

Introduction

In recent years, the field of robotics has seen significant advancements, particularly in

the area of reinforcement learning (RL)[26, 23]. However, the training of RL models

for robotics applications remains a computationally intensive task, often requiring

substantial time and resources. To address these challenges, this thesis introduces

”TocabiLab”, a novel framework designed to enable efficient and parallelized RL

training for robotics tasks on GPUs. By leveraging the parallel processing capabili-

ties of GPUs, The proposed system significantly increased the scalability of robotics

training environments, making it feasible to develop more sophisticated and capable

robotic systems.

One of the key features of the proposed system is its versatility in switching be-

tween different RL libraries, such as stable baselines, rsl rl, and rl games, with ease.

This flexibility allows researchers and developers to experiment with various RL al-

gorithms and select the most suitable one for their specific application. Additionally,

The proposed system supports a wide range of control models, including torque con-

trol, proportional-derivative (PD) control, and model-based controllers. This adapt-

ability ensures that the framework can be applied to a diverse set of robotic tasks,
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from simple manipulations to complex, dynamic interactions.

Furthermore, The proposed system is designed with user-friendliness in mind,

providing an intuitive interface that simplifies the process of setting up and managing

RL experiments. By streamlining the workflow, The proposed system reduces the

barrier to entry for researchers and developers, enabling them to focus on innovation

and experimentation rather than the intricacies of RL training. Ultimately, this

project report aims to demonstrate how the system can be used for more efficient,

versatile, and powerful robotics applications.

The system is designed as an extension of NVIDIA’s Isaac Lab[17], which allowed

it to utilize the high-fidelity rendering pipeline provided by the Omniverse toolkit.

More importantly, GPU native support enabled it to communicate directly between

the RL library and the physics engine, eliminating the context barrier so that the

RL algorithms can directly fetch the robots’ states with no device-host transfers. A

novel GPU-driven architecture is presented in Chapter 3, which accelerates training

and makes the environments more scalable.

We also reproduced a published research [12] in the proposed system as the starting

task for future users and showed the correctness and versatility by 3 experiments in

Chapter 4. We also achieved a significant performance boost from using GPU-native

architecture, as will be demonstrated in Chapter 5.

1.1 Contribution

The proposed system aims to solve the versatility and training speed issues that are

frequently found in robotic deep RL research projects. Versatility and efficiency

will be the two keywords across this paper.

We define versatility in Robotic RL systems as the ability to rapidly iterate and
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Figure 1.1: Training 64 TOCABI in real time on a regular PC (RTX Enabled at
30FPS)
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integrate new RL libraries or methods. Novel policy optimization methods like Proxi-

mal Policy Optimization (PPO)[29], architectural improvements such as DD-PPO[38]

and more optimized APIs like rsl rl[13] are constantly evolving. It can be difficult to

keep track of new advancements as robotic RL tasks are frequently conducted on an

entire suite of software including simulator, controller and RL libraries. Researchers

are usually challenged by extensively time-consuming engineering tasks when they

want to try out the new methods, as there is no guarantee that the new methods or

tools will fit the existing API. The proposed system extends the unified API provided

by Isaac Lab [17] to fit torque controlled robots, enabling tasks using the torque-based

action space to be transferred between different supported RL toolboxes with little

engineering effort.

Simulated robots ultimately serve the purpose of mirroring their real world coun-

terparts, thus a physics engine is usually used to accept control input and predict

what would happen in the real world. When GPU parallelization and reinforcement

learning are introduced to this scenario, we naturally encounter a context barrier:

communication between the physics engine and the RL policy. Fetching the status of

a robot from physics engine and feeding it to the RL policy is a necessity. Conven-

tionally, it has to be done by transporting the data to the CPU first and distributing

it to the another end. This introduces excessive device-host transfer and impacts the

efficiency of the training greatly. The proposed system utilized the communication

pathway between the PhysX engine and Issac Lab, enabling zero-transfer communi-

cation between reinforcement learning and the physics engine. It also removed the

need of copying multiple scenes by effectively use GPU instancing. This improves the

scalability and speed of the system by a notable margin.

In the following chapters, we will introduce the architecture of the system and the

experiment we performed to prove the correctness and versatility of the system. A
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scalability test will also be conducted between the proposed system and the reference

system, comparing their efficiency.

1.2 Structure of the Report

The rest of the project report is organized as follows:

Chapter 2 introduces existing ideas in the crossing field of Reinforcement Learning,

Robotics and GPU Programming.

Chapter 3 explains the novel architecture design we introduced for the proposed

system, and compares it against the traditional architecture found in the reference

system[12]. Critical physics model comparison is also included in this chapter for

future users’ reference.

Chapter 4 conducts 3 experiments, aiming to reproduce results from the reference

system, showing the correctness and robustness of the proposed system.

Chapter 5 compares the scalability and efficiency of different systems.

Chapter 6 concludes the project and discusses its limitation and future research

potential.



6

Chapter 2

Related Work

In recent years, Graphics Processing Units (GPUs) are becoming more and more im-

portant in our hardware architectures, particularly due to the growing need of com-

putational power in the topics related to machine learning. Reinforcement learning

on legged robots is one such topic. Reinforcement learning provides an intuitive way

to model the objective feedback of the control strategy[32], and is therefore widely

used in robotics. Compared to wheel-supported robots, legged robots are fairly com-

plex and typically need to be trained for longer than to accomplish a task. Apart

from the need of training, physics simulation also requires huge GPU resources. The

computation-intensive nature of RL tasks proposed researchers in the robotics field

to utilize their GPU more efficiently.

This chapter looks at closely related work that have utilized RL and physics

simulator for robotic tasks, as well as papers of the platforms we used to construct

our mass-parallel capable robotic RL framework.
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2.1 RL on Legged Robots

Legged robots face many challenges in real world applications, such as locomotion[8],

dynamic terrain traversal[25] and body coordination[3]. RL-based methods have

shown superiority compared to model-based ones, as such methods usually require

less domain knowledge and exploit full body dynamics better[14].

One particular challenge lies in the locomotion process of legged robots. By dis-

cretely making contact with the ground, legged robots are naturally more capable

of trajectory correction, but this makes controlling them more challenging as well,

since their trajectory is unpredictable during their locomotion. Common ways to ad-

dress this challenge is to employ a phase model [39] or design a footstep planner [3].

In legged robots RL problems, phase modulation is more commonly used, as phase

can be easily modeled as ϕ ∈ [0, 1] and adapted into the RL agent’s observation

space[12, 25, 26].

GenLoco [8] designed generalized locomotion controllers that can be applied on

quadrupeds by feeding data from the training of a diverse set of procedurally gener-

ated robots. It shows that by training locomotion tasks on a very diverse set of legged

robots, the RL agent eventually learns to generalize and obtained a control strategy

that can be directly transferred to novel simulated and real-world robots with diverse

morphologies. This work also hints the need of an efficient parallelization approach,

as intensive training and huge data sets are needed to obtain generalizable results.

Controlling the gait of the legged robots is another challenge in their locomotion

tasks. Different from a model-based controller, it is difficult to control the gait of a

walking robot when it is controlled by an RL-based agent. Peng et al.’s DeepMimic

[23] provides a novel way to solve this problem. By adding rewards for mimicking the

joint position, velocity and end effector status from the reference motion, the legged

robots are actively encouraged to follow the predetermined gait of given motions.
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Regulation rewards are also modeled to encourage the RL agent to use less extreme

movements, adding reliability to Sim-to-Real scenarios. With the growing popularity

of this method and RL in general, our framework must have support for importing

captured motions and utilizing DeepMimic-like methods.

Stable-Baselines3 (SB3)[28] was developed to address the common reproducibility

issues among reinforcement learning works. One of the RL algorithms frequently used

with it, Policy Proximal Optimization(PPO)[29] is commonly employed in robotic

research, as PPO enables multiple epochs to perform minibatch updates, which

will allow the policy to prioritize long-term outcomes of the policy. PPO gener-

ally works very well with tasks like robotic locomotion and game playing and has

been then widely used in similar RL tasks[9, 12, 40], and have shown to be supe-

rior to other methods like Deep-Q Networks(DQN)[33] and Asynchronous Advantage

Actor-Critic(A3C)[4] in terms of performance and stability. PPO is also shown to

be compatible with distributed reinforcement learning, as Erik Wijmans et al. [38]

demonstrated DD-PPO’s capability of mass parallelized training of 2.5 billion agents.

In conclusion, RL on legged robots is a very active subject that requires lots of data

and training time, various methods are developed and tested on a range of different

tasks and different robots. The proposed system is designed to be modular enough

that it handles large scale training on regular hardware efficiently, and is capable of

rapid prototyping and testing of an array of actuator/task/RL library combinations.

In Chapter 3, we will discuss how the proposed system achieved this modularity.

2.2 Torque Controlled Robot

As this project aims to create a versatile, GPU-native framework for legged robot re-

inforcement learning tasks, it is essential to select a task with an appropriate problem
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space and complexity as a starting point. Peng et al.[26] discussed multiple action

spaces that can be used in legged robot RL locomotion tasks. This work trained mul-

tiple articulated figures on various reference actions for different gaits and compared

four different action spaces, namely target joint angles, target joint velocities, torque

and muscle activation.

While torque, muscle activation, target position and target velocity are all valid

action spaces, outputting torque as actions of an RL agent is considered to be de-

cently stable and requires least amount of domain knowledge. Although carefully

tuned PD controllers can easily outperform torque controllers in the learning process,

torque controller is easier to setup and still have comparable performance. We thus

determined it is the appropriate starter actuator model for the framework.

The Torque-controlled Compliant Biped (TOCABI) [30] was developed for re-

search and application of torque-based control humanoid robots. It has 50 degrees

of freedom, which we consider to be fairly complex compared to MuJoCo’s built-in

humanoid (29 DoF)[35]. Despite being specifically designed for torque-based control,

TOCABI is capable of handling model-based or RL-based PD (Proportional Deriva-

tive) Controller as well. PD control is the industry standard for articulated robots

[10, 36], and it’s frequently compared to torque control. Although we eventually de-

cided to start with torque-control, the capability of implementing PD control in the

framework is preserved.

Kim et al.’s Torque-based Deep Reinforcement Learning for Task-and-Robot Ag-

nostic Learning on Bipedal Robots Using Sim-to-Real Transfer [12] used TOCABI in

various tasks including standing, squatting, walking and running and proved torque

controllers trained with PPO and DeepMimic reference action are stable enough for

Sim-to-Real transfer. The paper also provided training performance records, reference

solution and all their reference data captured from DeepMimic. We therefore choose
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the tasks from this work as our reference and starting point. Our framework’s ob-

jective is set to reliably reproduce results from the reference project, while achieving

better visualization, higher performance and higher framework versatility. In Chapter

4’s experiments, we will review this work and go over the key difference between the

reproduced task and its original counterpart to demonstrate the proposed system’s

advantages.

2.3 Physics Engine and Simulator in Robotics

Physics engines and simulators have long been used in robotic deep RL research, as

it serves as a necessary verification stage before deploying the control strategy to

costly real robots. In simulated domains, agents have been developed to perform

a diverse array of challenging tasks in simulated environments supported by physics

engine[18, 15, 5], and approaches to directly transfer control to their real counterparts

(known as Sim-to-Real) are also developed.[24, 41]

Multi-Joint dynamics with Contact (MuJoCo) [35] is a physics engine designed

specifically for articulated robots. It offers powerful contact report API and is still ac-

tively maintained by Google, leading to its frequent presence in robotics RL research.

However, being a system developed 14 years ago, its graphics API is outdated and

does not utilize the GPU very well. It performed poorly when running mass paralleled

tasks when the parallelization exceeds the capacity of the CPU, as our experiments

will later demonstrate.

Erez et al. [6] published a report comparing a few frequently used physics engine

for model-based robotics, namely Bullet, MuJoCo, Havok, ODE and PhysX. We are

particularly interested in the comparison between MuJoCo and PhysX, as most recent

robotics RL research are implemented in MuJoCo, while PhysX is the default physics
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engine in Nvidia’s Omniverse toolchain. Erez’s work deemed PhysX unsuitable for

robotics due to the fact that it ignores the Coriolis force. However, this work was

published before PhysX 5’s release. This version of PhysX added support for Coriolis

force on all rigid bodies. It is also worth noting that MuJoCo performed best when less

disconnected rigidbodies are present, which is a good trait since many tasks involves

one robot and one terrain. However, in some cases, we might want more than one

robots to appear in the scene, MuJoCo’s performance rapidly degrades when more

and more bodies participate in collision resolution, while PhsyX is able to maintain

a relatively consistent performance.

Isaac Sim [19] is Nvidia’s dedicated simulation tool for robotics applications. It

provides a specialized set of APIs built upon PhysX[21] for robotics. This project

aims to create a framework using it and its capability of going entirely GPU native. It

is capable of transferring data directly from the RL environment to the physics engine,

thus eliminating device-host transfer. Isaac Lab (previously named Orbit)[17] is an

Isaac Sim extension that provides unified API for reinforcement learning purposes.

This framework simplified the process of task creation and RL policy customization

and can also provide great performance and rendering quality, and is thus selected as

the basis of this work. Rendering quality wise, Isaac Sim uses the Omniverse RTX

renderer, which provides efficient real-time ray-traced visualization capabilities.

Projected Gauss-Seidel Solver (PGS)[2] is a widely used numerical solver in rigid-

body simulation scenarios[37, 31, 7]. While PhysX provides a more efficient method

called Temporal Gauss-Seidel, as clear from the previous section, the proposed project

needs a reproduction of a previous work [12] done in MuJoCo, we’ve decided to use

the PGS solver as it’s supported in both MuJoCo and PhysX.[35]
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2.4 GPU Programming in RL

The efficiency of machine learning algorithms in parallelization is a pivotal factor

in their rapid advancement and widespread application. This efficiency stems from

the inherent nature of many machine learning tasks, which can be decomposed into

smaller, independent operations. For instance, matrix multiplications, which are

fundamental to deep learning, can be parallelized effectively, as each element of the

resulting matrix can be computed independently. In many scenarios including robotic

RL, data parallelism allows for the simultaneous processing of data batches during

training, significantly accelerating the learning process. Model parallelism further

enhances efficiency by distributing large models across multiple GPUs, enabling the

handling of complex distributed architectures on multiple GPUs[38]. Moreover, tasks

such as hyperparameter tuning and ensemble methods, which involve running mul-

tiple independent experiments, are inherently parallelizable. As a result, many high

level GPU programming frameworks such as Caffe[11], Tensorflow[1] and PyTorch[22]

emerged, providing accessible and productive ways for researchers to use their GPUs.

PyTorch[22] was created to address the challenge of parallelizing tasks in Python.

Due to the Global Interpreter Lock (GIL) that existed until Python 3.12 preventing

a Python process to use multiple threads, it is notoriously difficult to parallelize a

Python environment. PyTorch bypassed the GIL by writing a C++ based core li-

brary that allows operations to be dispatched from Python within minimal overhead.

Stable-Baselines3 [28] utilized PyTorch extensively to handle the matrix operations,

making it an ideal choice for researchers using MuJoCo with its Python bindings.

However, as mentioned in documentation[27], Stable-Baselines3’s implementation of

PPO is intended to be run in CPU mode, although it uses GPU for matrix operations.

More specifically, Stable-Baselines3’s PPO runs its core loops in Python, meaning Py-

Torch is only used to handle large matrix operations such as policy updates, while the
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buffer collected from the learning environment still resides in host memory. Running

this version of PPO will require data transportation to the CUDA device, which in-

curs excessive device-host transfer, as buffers need to be moved to and from the host

memory and the GPU’s VRAM.

Rsl rl[13] is a dedicated framework designed by ETH’s Robotic Systems Lab for

robotics tasks. It re-implements PPO and vectorized environments in a different way

that allows legged robotics learning tasks to be fully on GPU. Rsl rl solves Stable-

Baselines3’s buffer transfer overhead by migrating PPO entirely to PyTorch-GPU,

making it more scalable for mass paralleled training tasks. TocabiLab will modularly

support both RL libraries and remain compatible to other RL libraries as will be

discussed in Chapter 3. An experiment to compare the scalability of Rsl rl against

Stable-Baselines3 will also be conducted in Chapter 5.
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Chapter 3

Design and Architecture

Rrobotics is one of the scenarios where reinforcement learning is frequently used[23,

41, 38]. The proposed system aims to provide mass parallel capability for robotics

reinforcement learning tasks with versatility and efficiency. It provides modular com-

ponents that can be swapped and customized, high parallelization capability, unified

RL API and modern visual quality, thus reducing future research efforts and time

commitment while producing better results.

3.1 Design Purpose

TocabiLab is named after the two essential previous research projects it is based on

- Torque-controlled Compliant Biped (TOCABI)[30] and Isaac Lab[17]. While Isaac

Lab provides our rendering capability and interfaces with the PhysX physics engine,

TOCABI is chosen to be used for the first task that we implement in the system to

prove the correctness of the system and provide a performance baseline. See appendix

for more information on the base systems. We will hereafter refer the TOCABI paper

as ”reference work”, and the codes it provides as ”the MuJoCo codebase”.

The proposed system aims to fulfill the need of performing mass paralleled robotic
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Figure 3.1: Generic Architecture of a robotics RL task

reinforcement learning tasks with versatility and efficiency.

Versatility by Modular Design

In robotics RL, the cooperation of three components, namely physics, learning and

control, is critical. Figure 3.1 shows a generic architecture of a robotics reinforcement

learning system, where an RL agent generates actions that get translated to force or

torques controlling the robot, altering the environment and receive a reward. The

system generally loops over this process, observing the correlation between actions,

observations and rewards to learn an optimal strategy.

Problems arise when new RL libraries or controller models appear and researchers

want to test them in their current environments. It is frequently the case that re-

searchers need to start all from scratch so that novel methods or libraries can be

integrated, since the new API can differ drastically from the old ones. This need is

acknowledged by Issac Lab [17], and the proposed system thus extends the unified

API provided by Isaac Lab to fulfill this purpose on torque-controlled legged robots.

Efficiency by GPU-driven Environment

As previously discussed in Chapter 2.4, parallelization in Python for RL tasks is

largely handled by PyTorch, due to the lack of a thread model in the language
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itself. However, using Stable-Baselines3 as-is wastes computational power due to

additional host-device memory transfer. To address this issue, TocabiLab takes ad-

vantage of Nvidia’s ecosystem and implemented a completely GPU-driven pipeline

for the robots.

3.2 System Design

The TocabiLab Framework is a direct expansion of the concept presented in Figure

3.1, where we use PhysX as our physics engine and implement a parallel capable

framework that contains the learning algorithm and robotic controller under a unified

API.

Additionally, TocabiLab implements the ideal torque actuator that controls the

interaction between RL agent and the physics engine, one locomotion task and inte-

grated two RL agents. These contents serve as a tool to verify TocabiLab’s correctness

in reproducing previous results from the reference work, as well as a base example

project of future research.

3.2.1 System Diagram

Figure 3.2 provides an overview of the components within the system. A booting

script is executed first, starting the policy runner. The policy runner initialize the

RL tool that the user specified, which starts the scene creation process. A unified

API is designed to make this policy runner universal, and it does so by routing APIs

from different RL libraries (such as SB3, rsl rl) to a set of API that the policy runner

can universally execute. As a result, the policy runner and the the DirectRLEnv

base class don’t need any modification when users wish to run their RL tasks using

different RL libraries, as long as they implement their own unified wrapper.
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The task itself extends the DirectRLEnv class and its APIs. The task will sample

actions from the policy runner and progress the physics simulation with the action

sampled. The controller applies torques or forces to the articulations it controls

using the actuator model it owns. Lastly, the physics engine updates the scene and

provides sensor data, such as measured forces and torques and contact reports. The

task updates its states, and calculate a reward to feed to the policy runner.

We can notice that the system is designed to provide a layer of abstraction so that

researchers can easily define new actuator models, tasks and customized RL policies

without the need to touch the base workflow constructed by the policy runner and

the base classes it uses. This design choice ensures the proposed system’s ability

to switch reinforcement learning backends with minimal engineering efforts, enabling

researchers to do rapid prototyping to choose the optimal algorithm and RL library

for their tasks.

3.2.2 System Interface and Specification

The proposed system uses a data-driven approach to ensure effortless transition of

the robot assets and its properties between different RL tools.

Physics Properties

In robotics reinforcement learning tasks, we generally want the subjects to handle

a predefined task autonomously. While Isaac Sim still provides interfaces to modify

the training environment, they are rarely used at runtime. Instead, users should

define the physics properties in the configuration files. Figure 3.3 and 3.4 shows the

configuration interface for the Articulation Root and Physics Scene which govern the

robots’ joint force solver and the scene physics solver respectively. These parameters

are contained in the task specification, as they should remain unchanged when the



18

F
ig
u
re

3.
2:

D
ia
gr
am

O
ve
rv
ie
w

of
th
e
S
y
st
em



19

Figure 3.3: PhysX Articulation Setting Graphical Interface

task is trained under different RL tools.

PhysX uses Nvidia’s closed-source Lula kinematic solver to resolve articulation

kinematics, we therefore do not have mathematical insights towards the mechanism

of the Articulation Root API. The two iteration counts here determines the solver’s

accuracy in approximating a joint’s position and velocity, sleep threshold determines

the minimum kinetic energy a joint must preserve to not be ignored by PhysX, and

stabilization threshold determines the minimum kinetic energy for it to participate

in stabilization. In practice, we try to tune these parameters manually to strike a

balance between performance and stability.

The physics scene controls the scene’s collision and contact resolution. In most

cases in robotics, only rigid bodies are involved. As our experiment chapter involves a

reproduced task from MuJoCo, we selected the Projected Gauss-Seidel Solver, which

is supported by both MuJoCo and PhysX. The Gauss-Seidel method works by putting

n active rigid bodies’ kinetic equation and constraints to form an Linear Complimen-

tary Problem (LCP) Ax = b, and iteratively solving it by running a loop for rigidbody
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Figure 3.4: PhysX Scene Setting Graphical Interface
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i ∈ [0, n]:

∆xi = [bi −
n∑

j=1

Aijxj]/Aii (3.1)

xi = xi +∆xi (3.2)

until the algorithm converges, i.e. |∆xi| < ϵ,∀i. Check Catto’s work [2] for details

of the problem’s formulation. In the proposed system, we setup our solver to get the

maximum accuracy possible (255 iterations); The PhysX engine is set to update at

2000Hz, meaning the solver is executed 2000 times per second. Both settings align

with the reference work [12].

Import Robots

A simulated robot is a combination of many rigid bodies and articulations connecting

them. The proposed system uses a MuJoCo Modeling XML File (MJCF) importer

tool provided by Issac Sim to directly import robot assets from the MuJoCo codebase.

Similar to the PhysX backend settings, Isaac Sim also provides graphics interfaces for

the robot’s joints and bodies which are also rarely changed at runtime. The import

tool copies the mass and center of mass properties from MJCF and the joint structures

when importing the robot, then the user is required to create an ArticulationCfg

configuration class to set its articulation properties and actuators.

Figure 3.5 illustrates the structure of this config file. The task will load this config

class with a .usd file path to load the robot asset, and configure PhysX Articulation

and Scene settings. It also handles the robots’ initial world position and initial joint

position.

The robot’s actuator settings also resides in this configuration file. We can set the

type of controller (e.g. PD, torque, model-free) and its properties such as stiffness,
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Figure 3.5: Articulation Config Structure

damping, torque limit and friction here. This part of the config will be discussed in

more details in section 3.3.

Task Definition

We define a task as a universal workflow that can be extended to learn different control

strategies to solve different problems. Figure 3.6 shows a flow chart of a running task

workflow. Users add new task by simply extend the DirectRLEnv base class and

implement these three functions and register it in the system. The task should then

become executable for any RL libraries that is currently supported in the system.

Using the API wrapper provided by Isaac Lab, we are able to wrap popular

reinforcement learning tools such as stable-baselines3 and rsl rl under a unified API.

This enables us to define tasks without the RL tool’s context. The users will only

need a few steps to run the task under a new RL policy or a different RL framework.

As long as the task comply to the unified API provided by Isaac Lab, no changes will

be needed for the task itself. This greatly reduced the effort needed from researchers
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Figure 3.6: Policy Runner Task Flow

when they need to test out the performance of novel RL algorithms.

GPU-driven Pipeline

TocabiLab is a GPU-native system. In ideal situations, all data of TocabiLab will

live within the GPU’s VRAM. Since Isaac Lab and PhysX are both developed by

NVIDIA, when using CUDA as computation backends, TocabiLab will be able to

directly communicate between PhysX and the RL tool’s data buffer (provided that

the buffer is GPU-native). This drastically reduced the device-host transfer overhead

and improved the speed and scalability of the training system by a notable margin,

as we will show in Chapter 4 and 5.

This pipeline works differently from the MuJoCo codebase. To enable GPU-driven

control over the learning process, we need to expose data-level parallelism for the

RL problem. Effectively, this means all environments’ data needs to be collectively

handled. To achieve this parallelism, the CPU portion (non-PyTorch Python code)
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must be synchronized at all times, meaning no branches can occur. However, it is very

common for RL agents running in parallel to have different states, thus we cannot

remove branches from the problem. Instead, we can ensure that a copy of data that

only contains those need to be updated to be sent to the compute kernel. Namely,

we need to form boolean buffers by state and slice the PyTorch tensor by that buffer,

then we run the branchless kernel and write back to the flagged positions in the tensor.

The task we will later run in the experiment chapter is a good example to illustrate

this difference. The agent only has two states, ’walking’ and ’dead’. The IsDead()

function will return True/False in both workflows based on the input shape, in it lies

a few conditions that determines if the robot(s) queried should be terminated.

Figure 3.7 shows a typical multi threads/processes CPU-driven RL pipeline, where

n environments learn independently but collectively update the policy. The state of

each agent is determined and handled individually. This model is widely used because

it’s relatively easy to implement, as users can write the RL task in a single-threaded

fashion and the RL library can handle the rest by vectorizing the data when the

collective update happens.

Figure 3.8 shows the GPU-driven pipeline that TocabiLab uses. We removed

the two branches presented in the CPU pipeline by introducing two buffers, Timeout

Buffer and IsDead Buffer. The main difference is that all actions, observations and

states are now gathered in a data buffer that includes all environments - for example,

if the action space has a length of 13, then the action buffer will be a tensor of shape

(n,12). Similarly, when we update the controllers (denoted in the flow graph as

”Apply Actions”), this buffer will be sent to the controller, then translated to (n,12)

torque values we apply simultaneously to an array of joints by calling a vectorized

PhysX interface function.

When branching is needed, such as in the Reset Env function, the ResetFlag
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Figure 3.7: Typical CPU-driven RL Pipeline
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Figure 3.8: GPU-driven RL Pipeline
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Buffer we formed from bitwise operation will be fed to a similarly vectorized reset

function, which simply writes the default state back to the flagged environments,

effectively resetting them without branching.

We can see that in TocabiLab’s GPU driven pipeline, one CPU process is enough to

govern any number of parallelized environments provided their scale does not exceed

the capacity of the GPU, while the reference work’s CPU-driven pipeline is bound

by the CPU’s thread count. We removed this bound by moving all relevant data into

the VRAM, and CPU is thus only used to dispatch GPU calls.

3.3 Torque Control on TOCABI

In the proposed system, there are multiple actuators available to control the robot.

We implemented an ideal torque controller and an ideal PD controller under a unified

API, enabling them to be swapped at the user’s disposal. More actuators can be

added to extend this system.

3.3.1 Controller Model

The controller refers to an interface that takes a set of actions of shape (n,a), where

n is the number of parallelized environments and a is the size of action space, and

convert them to actuation on the robots. The actuation can be forces on a rigid body

or torque applied to a revolute joint. In TocabiLab, we only support revolute joints

as all joints found on TOCABI are revolute joints, and other types of joints (such as 3

DoF ball joints) can be modeled as multiple 1-DoF controllers. All actuators output

torque, but they can be controlled by different models.

Multiple controller models are present in the proposed system, there are two

main categories of controllers that are applied on TOCABI in the referenced work,
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namely position-based and direct torque. They share the same interface, where they

essentially implement a function for a group of joints:

τcmd = Fcon(πθ) (3.3)

where τ is the command torque, πθ is the policy output (actions).

Position-based Controller

In the position-based deepRL method, the policy outputs the target joint angle,

and the target joint angle is tracked by a low-level PD controller. PD stands for

”Proportional-Derivative”, which is a sub model of PID (Proportional-Integral-Derivative)

feedback-based control loop mechanism. Position-based PD controller gets feedback

in the form of position (Proportional) and speed (Derivative), outputting torque with

the following equation:

τcmd = Kp · (qtarget,πθ
− q) +Kd · (−q̇) (3.4)

The policy output here is a target angle, and the output torques are generated based

on two parametersKp andKd. In practice, they are often called stiffness and damping,

as higher Kp usually makes the controller snap faster to the target angle, while higher

Kd makes the controller slow down quicker. PD controller is widely used in articulated

robots, as it can react to predefined tasks quickly and precisely. However, the tuning

of PD controllers requires domain knowledge, and usually don’t work well when the

operational environment changes[26]. In Experiment 4 and 6 in the reference work

[12], torque control shows superiority adapting to tracking errors.

In practice, the policy will output a ∈ [−1, 1] with shape (n, a) corresponding to

n ∗ a controlled joints in the scene. Each element in a will then be mapped to the
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angle limit of the robots. We then apply this action as a target angle directly on

PD-controlled joints.

Torque-based Controller

Torque controller is simpler in robotics deep RL context, since the controller will

directly output a torque value from the policy. The policy output πθ will now be

mapped to the torque limit of the joint directly, as opposed to a target angle.

τcmd = πθ (3.5)

This means no parameter tuning is required on the controller itself. The removal of

tuning also means that researchers with less domain knowledge can work with robotic

problems more productively. This method is also shown to be stable and applicable

to Sim-to-Real scenarios[12].

3.3.2 Actuator Model

Currently, all actuators in the proposed system are ideal models, meaning that the

command torque are only affected by the friction model:

τ = τcmd − Fresist(τcmd, Ftrans) (3.6)

where τ is the actual torque that is applied to the joint in the physics engine. Fresist

models the friction resistance of the joint, which reduces the actual torque.
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3.3.3 Comparison to the Reference System

Since this framework’s first deep RL task involves a reproduction of an existing re-

search project, the comparison between the reference system and the new system is

essential.

The control model is interchangeable between the two systems, as the weight unit

(kg) and torque unit (N·m) are the same. As a result, when importing an MJCF file

into the proposed system, the body mass will be automatically copied and applied.

Joint stiffness and damping values need to be set manually in the robot’s configuration

file, this is by the data-driven design of the system, since we want to adjust joints

configurations from the codes rather than modifying the usd file itself.

The joints’ naming is the same in both system. However, due to PhysX’s articu-

lation system not yet supporting joint reordering, we will have to remap some data

(particularly the DeepMimic reference action) to MuJoCo’s order so that we can get

correct results. This functionality is implemented as get mj joints access array

and get mj bodies access array in the proposed system, they essentially convert

an array slice in MuJoCo to an access array in TocabiLab that accesses the same

joints or bodies.

The control frequency is kept the same across both systems. Both systems update

the controller at a frequency of 250Hz, and the controller applies action to the robots

at 2000Hz.

Lastly, the most important difference is friction modeling in the two systems.

This is an intrinsic trait built into the physics engine that we can’t really change, and

indeed PhysX models friction differently from MuJoCo.

PhysX documentation [21] shows that frictions between surfaces use the Coulomb
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friction model, which is governed by this equation:

Ff ≤ µFn (3.7)

where µ is the friction coefficient between the two materials, Fn is the normal force.

On joints, a different model that still simulates static and Coulumb friction is

applied. This model applies a force to resist joint motion based on force and torque

transmitted per-axis from the parent body to the child body. Omniverse documen-

tation listed the model [20] as:

Fresist ≤ µ(|Ftrans + Ttrans|) (3.8)

where Ftrans Ttrans are the transmitted force and torque. This is not a physical

model, but chosen because the calculating transmitted force and torque is very cheap

for joints. Note that this model is used to model both static and dynamic friction, as

the transmitted torque and force are non-zero even when the joint is not moving.

For our reference system, MuJoCo’s original paper [35] described its friction mod-

eling. Friction between rigidbodies in MuJoCo is also using Coulomb friction model.

The joint friction model, however, is different. Chapter II, Section C of MuJoCo’s

theory paper [34] explained MuJoCo’s model of dry friction. We can notice that there

are not a model specifically for dynamic friction - the reason is that dynamic fric-

tion is included in the contact constraints in MuJoCo. In other words, the dynamic

joint friction is modeled by the Coulumb model as well. For static friction, MuJoCo

define a constant η(i) for each joint. This value is represented by a constant field

friction loss in the MJCF file, and is essentially the maximum dry friction force

in Newtons(N) associated with a joint.

From above analysis, we conclude that there’s not a direct equivalent way to
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model MuJoCo’s dry friction in PhysX. We set the friction parameter in TocabiLab’s

configuration to be proportional to the MuJoCo static value in order to approximate

its dry friction. In practice, we simply set the friction coefficient in TocabiLab to be:

µ = 0.02 ∗ Fstatic (3.9)

This is tested to work pretty well, as we will show in the training and joint trajectory

experiments in the following chapter. For dynamic friction, as both system simulates

Coulomb friction, we keep default µ = 0.05 for both systems. Although the two

systems use different ways to represent the normal force Fn, it is reasonable to assume

that they still perform relatively similarly.
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Chapter 4

Correctness Experiments

Chapter 4 and 5 will examing the correctness and efficiency of the system thoroughly

by performing multiple experiments. This chapter will be geared towards correctness,

while the next chapter will be more on the efficiency and scalability side.

In this chapter, we present 3 experiments designed to verify the correctness of the

system and compare the performance (in terms of training and locomotion quality)

across multiple systems including our reference[12]. We will implement TOCABI’s

walking task in the proposed system with GPU-driven architecture.

The first experiment port the learning algorithm(Stable-baselines3’s PPO) directly

from the MuJoCo codebase and run the experiment to show that we can still achieve

similar training results in a new physics engine; The next two experiments examine

how well the robots in the new system learns the reference motion and then repro-

duced an obstacle experiment from the reference work. While this chapter focuses

more on the correctness expressed by new training frameworks, more performance

metrics will be presented in Chapter 5.
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4.1 Experiment 1: Reproducing Reinforcement Learn-

ing Task from TocabiRL

A robot control problem in the proposed system is modeled as a discrete-time Markov

Decision Process (MDP) [12]. The robot’s state at timestep t is modeled as st, and

the policy runner samples an action at ∼ πθ(·|st). The given action is passed to

the actuator, the actuator generates torque or forces to transition the robot to state

st+1 ∼ p(·|st, at). Reward for this step rt = r(st, at, st+1) is calculated subsequently.

The agent wrapped in the policy runner then tries to learn a policy through interac-

tion with the environment that maximizeds the expected return J(πθ), which is the

expected cumulative discounted reward over a finite-horizon T

J(πθ) = Eτ∼p(τ |πθ)[
T−1∑
t=0

γtrt] (4.1)

where τ is the command torque when executing the policy πθ.

An RL task is formed by implementing the reward function rt = r(st, at, st+1), the

stepping function p(·|st, at) and an observation function st = obs(t). In the stepping

function, the user-defined actuator converts the action at to a command that changes

the trajectory in the physics engine, τ .

4.1.1 Task Design

We chose to reproduce the reference work’s walking task where TOCABI tries to

walk with a given target speed. We made a few changes to the design of the envi-

ronment aiming to simplify the problem space, since this task is the starter task in

this framework and making it simpler aligns with its purpose of getting new users on

board. The design of observations, rewards and actions remain largely unchanged,
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but we removed most noises and randomness, which was originally implemented in

the reference codebase for a more stable Sim-to-Real behavior.

Action Space

The action space remains unchanged from the reference work. The upper body of the

robot is controlled by a PD controller to remain in the reference pose at all times, and

the lower body (12 DoFs) are controlled by the policy generated action Ajnt ∈ R12.

In addition, one action that modulates the phase ϕt ∈ [0,∆t] is generated. The phase

variable controls the reference phase we load from DeepMimic cyclic motion, which

can be expressed as:

ϕt+1 = fmod(ϕt +
∆t

Tref

+ aδϕ,t, 1.0) (4.2)

The action space A = [Ajnt, aδϕ,t] ∈ R13 will update at 250Hz with 8 decimations,

meaning the controller is executing at 2000Hz.

State Space

The state space is kept the same as the reference work S ∈ R31. It consists of the

robot’s base orientation in Euler angles αt ∈ R, βt ∈ R, γt ∈ R. The lower body joint

position qt ∈ R12, and joint velocity q̇t ∈ R12, the phase information represented by

sine and cosine sin(2πϕt) ∈ R and cos(2πϕt) ∈ R, a command velocity vcmd
t ∈ R2.

Differences compared to the reference work include:

1. Removed low pass filtering of the joint velocity for simplicity.

2. Added y-axis movement for the command velocity. This allows the robot to

move slightly sideways.
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These changes are also applied to the MuJoCo codebase for experiments. The noise

injected to the joint position sensors is removed as well.

The observation buffer we feed to the policy includes more information. In ad-

dition to the above state space S, we add supporting force of both feet on the Z

axis Fz,l, Fz,r ∈ R, roll / yaw torque on the feet Tx,l, Tx,r ∈ R, Ty,l, Ty,r ∈ R, form-

ing O ∈ R37. From here, we then use two circular buffers to form an observa-

tion buffer of the previous 4 steps of state transition, including 5 observation spaces

Ot−4, Ot−3, Ot−2, Ot−1, Ot and corresponding actions At−4, At−3, At−2, At−1. In total,

Obf ∈ R237.

Training Process

Both system run the same episode length of 8000 steps, meaning a robot can run

for 8000 steps if it isn’t terminated prematurely. At 250Hz, the simulation length is

capped at 32 seconds. During this 32 seconds, we change the command velocity vcmd
t

each 2000 steps (8s) to simulate a user input. The velocity vcmd ∈ R2 is sampled from

two uniform distributions vcmd,x ∼ U(0.0, 0.7), vcmd,y ∼ U(−0.2, 0.2), except for the

initial speed on X axis where we sample from U(0.2, 0.7) for a higher starting speed

- this reduces the possibility of converging to a standing local optimum.

The episode terminates prematurely under the following conditions:

1. When a self collision happens on the robot.

2. When any part of the robot except the feet contacts the ground.

3. When the torso height of the robot is less than 0.6m.

4. When the neck height of the robot is less than 0.8m.

We also removed Gravity Pre-training and Dynamic Randomization from the ref-

erence work for simplicity.
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Rewards

In table 4.1, we show the mathematical definition of the reward components. They are

kept similar to the reference work, albeit implemented differently with GPU buffers.

The buffer names will be included with following interpretation of the component.

Like the reference work, the reward components are heavily based on Peng et al.’s

DeepMimic[23] with specific components for cyclic motions on bipedal robots.

rbase,imitate
t (mimic body orientation reward) is the base reward for keeping

body orientation in the same direction of the reference motion. This reward is calcu-

lated by calculating the quaternion error of the base frame compared to the reference

motion.

rq,imitate
t (qpos regulation) is the DeepMimic imitation reward. This component

calculates a regulated reward based on the total deviation of all controlled joints

from the reference action. The reference animation data is captured in the MuJoCo

codebase and directly copied to TocabiLab, which contains 3600 frames of joint angle

record and feet with 2 cyclic walking animation in total.

rc,imitate
t (foot contact reward) is calculated based on the current support phase

indicated by the reference motion. The agents only receive this reward when their

feet contact situation matches with the current reference motion. There are in total

3 support phase defined for our reference motion: ΦDSP (Double Support Phase),

where both feet make contact with the ground; ΦSSP,l/r where only one foot makes

contact with the ground. We use contact sensors on TOCABI’s feet to determine if

the agents receive the reward.

rv,taskt (body vel reward) is given to the agent by calculating the world frame

speed’s difference with the command speed vcmd
t .

rq̇,regt (qvel regulation) is a regulation reward that encourages the robot to reg-

ulate joint speeds. q̇ is the current angular speed measured on all joints on the robot
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in rad/s.

rq̈,regt (qacc regulation) is a regulation reward that encourages the robot to take

smoother actions. The robot is rewarded if it tries to apply less acceleration to the

joints.

rF,regt (contact force penalty) is applied to the agent based on the readings from

the feet FT (Force & Torque) sensors. While rc,imitate
t encourages the robot to make

periodic feet contact according to the reference action, this less-weighted component

makes the agent try to keep the contact force on the robot’s feet minimal.

r∆F,reg
t (contact force diff regulation) regulates the stepping process of the

robot, encouraging it to lift/lower the feet in a smoother manner.

rτ,regt (torque regulation) and r∆τ,reg
t (torque difference regulation) regu-

late the command torque similarly, encouraging gradual change of the commanding

torque instead of extreme actions.

rF,imitate
t (force ref reward) takes the recorded contact force readings in the

reference motion as reference. The robot is thus encouraged to use similar level of

actuation force to imitate the reference cyclic motion.

Additionally, two penalty components are applied to prevent sudden change of

supporting forces, which is usually detrimental in real world scenarios. Table 4.2

shows their definitions. The two thresholds are defined as:

F threshold
spf = 1.4 ·G (4.3)

F threshold
∆spf = 0.2 ·G (4.4)

where G is the total gravity force applied on the robot.

G = 9.81 ·
n∑

i=0

mi (4.5)
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Reward Definition

rbase,imitate
t 0.3 · exp(−13.2∥qrefbase,t − qbase,t∥)
rq,imitate
t 0.35 · exp(−4.0∥qreft − qt∥22)

rc,imitate
t

 0.2 if


cr,t = 1, cl,t = 1 if ϕt ∈ ΦDSP

cr,t = 1, cl,t = 0 if ϕt ∈ ΦSSP,r

cr,t = 0, cl,t = 1 if ϕt ∈ ΦSSP,l

0 else

rv,taskt 0.3 · exp(−3.0||vcmd
t − vt||22)

rq̇,regt 0.05 · exp(−0.01||q̇t||22)
rq̈,regt 0.05 · exp(−20.0||q̈t||22)
rF,regt 0.1 · exp(−0.0005(||Fr,t||2 + ||Fl,t||2))
r∆F,reg
t 0.2 · exp(−0.0005(||∆Fr,t||2 + ||∆Fl,t||2))
rτ,regt 0.05 · exp(−0.01(||τcmd,t||2))
r∆τ,reg
t 0.6 · exp(−0.01(||∆τcmd,t||2))

rF,imitate
t 0.1 · [exp(−0.001(||Fr,t − F ref

r,t ||)) + exp(−0.001(||Fl,t − F ref
l,t ||))]

Table 4.1: Reward Components (Torque Experiment)
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Penalty Definition

pspft

{
-0.08 if ||Fr,t|| > F threshold

spf or ||Fl,t|| > F threshold
spf

0 else

p∆spf
t

{
-0.05 if ||Fr,t − Fr,t−1|| > F threshold

∆spf or ||Fl,t − Fl,t−1|| > F threshold
∆spf

0 else

Table 4.2: Penalty Components (Torque Experiment)

pspft (force thres penalty) is applied when either foot’s supporting force ex-

ceeded the total gravity on the robot by 40%. This usually happens when the robot

start or finishes a jump. We apply this penalty to stop the robot from learning to

jump.

p∆spf
t (force thres diff penalty) is applied when the difference in supporting

force on either foot in one controller update differs more than 20% of the robot’s

total gravity. This penalty works with contact force diff regulation to regulate

the supporting force on the robot’s feet in order to prevent acute changes which are

generally undesirable.

4.1.2 Learning Algorithm

Both the reference work and the proposed system use variants of PPO (Proximal

Policy Optimization) algorithm [29]. The versatility of the proposed system enables

us to directly port the original algorithm implemented in the reference work. Our

first experiment is a correctness experiment that compares the training curve and

the results directly from the ported algorithm.

The reference work trains the task defined above in section 4.1.1 using a modified

version PPO. Namely, the standard deviation of the policy output Σ where πθ ∼

N(µθ,Σ
2) is fixed and scheduled value which is calculated using the following method:
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log Σ =

 log(exp(Σstart ∗ (2P − 1) + Σend ∗ (2− 2P ))) if P > 0.5

log(exp(Σend)) else
(4.6)

P = n/Nstep (4.7)

where P indicates the current progress of the training, calculated by the current

timesteps count divided by the maximum timesteps allowed in this training run.

Here we write Σ in log form since it is expressed this way in the original PPO code,

as log std. This method ensures the agent explores the action space enough in the

first half of the training, and exploit the knowledge it learns in the later half by fixing

the log standard deviation of actions to a lower value.

The proposed system is capable of running the original customized PPO directly,

but the performance degrades significantly due to device-host transfer overheads. As

previously mentioned in Chapter 2.4, Stable Baselines 3 introduces excessive device-

host transfer and is not suitable for GPU-native applications like the proposed system.

We will show the difference in Chapter 5 through experiments.

Instead of SB3, we are using Rsl rl with its implementation of PPO. To simulate

the scheduling behavior, a specific set of hyper parameters can be used with Rsl rl’s

adaptive std mode, and in our results it demonstrated similar behaviors compared

to the manually scheduled PPO. Following (Figure 4.1) is a comparison between the

standard deviation scheduling.

4.1.3 Results

This experiment shows that the migration of the reference system to Isaac Sim remains

stable, while still generating a similar training process under higher parallelization
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workloads. A ”full training” refers to a process where the robot controller is trained

for 1.2 ∗ 108 timesteps. For this experiment, we run 8 environments in MuJoCo

(iteration = 7324), 16 environments in TocabiLab with SB3 (iteration = 3662), and

64 environments in TocabiLab with Rsl rl (iteration = 916) and do a full training in

each of these setups.

By quantitatively compare the reward curve, we can get a rough picture that all

three different setups are training and converging to similar optimum in Figure 4.2.

The reward curve alone is not a sufficient evidence of the system’s correctness,

although it does prove that we did not introduce any instability or local optimum in

the process of reproducing this experiment. To prove that we get a similar controlling

policy with the proposed system, more quantitative and qualitative results will be

shown in Experiment 2.

Reward rq,imitate
t (qpos regulation) directly reflects how well the robot is learn-
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Figure 4.3: Imitation Reward Curve

ing to imitate the reference pose. In both systems, the reference motion is the same,

therefore the similarity in this reward reflects the similarity in motion. Figure 4.3

illustrates this similarity. Note that the episodic rewards are reported differently in

MuJoCo because of the difference in the thread model. MuJoCo reports episodic

rewards each time an environment finishes an episode, while TocabiLab updates this

value once per iteration (with a fixed timestep interval), therefore we have approxi-

mately 8x more data points from MuJoCo.

We can conclude from this experiment that the proposed system trains similarly

to the reference system, and is still imitating the reference motion relatively well.

4.2 Experiment 2: Gait Comparison

Our reinforcement learning task is designed to make TOCABI learn to walk in a

simulated environment. In this chapter, we will compare the gait of the robots running
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learned policy in the proposed system and the original system. Quantitatively, we will

present the joint torque comparison of several critical joints in the first few seconds

on the trained policy; Qualitatively, we will present robot gait time-lapse shots as

well as video evidences.

To make this experiment as consistent as possible, we will set the initial command

speed to a fixed value of vt = (0.5, 0) in inference mode instead of randomizing it.

We will also let each system run for 8 seconds instead of 32, which does not trigger a

random speed change. The expected behavior of the robot is they walk forward for

approximately 4m in a manner that resembles the reference pose.

4.2.1 Visualization of Gait

There will be 3 groups for comparison:

1. TocabiLab SB3 (Torque)

2. TocabiLab Rsl rl (Torque)

3. TocabiLab Rsl rl (PD)

The camera (fixed at position (2, 6, 2.5)) will start capture a frame when t = 0s,

and each follow up shot will take an interval of ∆t = 2s, resulting in 5 screen captures

from the side. These photo shots are then edited together for comparison. The robot

walks from the right side of the camera to the left, and each grid on the ground

represents a 1m distance.

The video stips show that different systems work relatively well when walking on

plain terrain they learned on. The gaits of the robots are shown to be similar to

the reference motion visually. In the next subsection, we will compare the trajectory

and torque output between different systems quantitatively. The Rsl rl policy walks

slightly faster than the other two, but the pose did not deviate from acceptable
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Figure 4.4: Inference using SB3 trained policy

Figure 4.5: Inference using RSLRL trained policy

Figure 4.6: Inference using Position-based policy
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range. All 3 groups of this experiment walked approximately 4m which align with

the command speed.

4.2.2 Joint Trajectory

We can also show that the 3 different groups of systems are learning the reference

motion by comparing the joint trajectory to the reference motion.

In the charts, the joint position is shown in radian θ ∈ [−π, π], the reference

motion is plotted in black. Figure 4.7 shows the left knee’s joint position compared to

reference; Figure 4.8 shows the right knee. Since the phase variable partially controls

the system, we can see a slight deviation at times, but all 3 groups maintained in

motion cyclically. The result shows that TocabiLab reached acceptable level of control

on the robot with different combination of RL libraries and control methods, proving

its correctness and versatility.

4.2.3 Result

We can conclude that the proposed system can be used to train robotic locomotion

tasks effectively using different controllers or different RL libraries, as all three com-

bination of RL library and controllers managed to successfully imitate the reference

motion. We can also notice that the higher initial noise we set for the rsl rl system (see

Figure 4.1 from last section) resulted in slightly more impulsive actions and slightly

higher speeds, but all three groups managed to stay in a cyclic motion manner in

locomotion.
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Figure 4.7: Left Knee Trajectory in 6s
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4.3 Experiment 3: Handling Obstacles

The reference work showed interesting results in Chapter. V, Experiment 4, where a

small obstacle is added to the scene and the robot’s handling of unexpected contact

is tested. While the MuJoCo codebase used a separated code branch to implement

PD control, in the proposed system, this experiment is reproduced in a cleaner way.

This experiment reproduced the expected result and demonstrated the versatility of

our unified API.

Similar to the original experiment, we put an additional obstacle on the path of

the robot. The obstacle is a thin cuboid that has variable height. We will put it at

approximately 60 cm distance to the robot’s left foot and set the target velocity to

(0.5, 0) so that the robot steps on the box when taking the first step. The policy has

no perception of the obstacle, and the obstacle will not move as we set its mass to

∞.

4.3.1 Handling unexpected contact

We experiment on 3 different heights (5mm, 12mm, 20mm) with the torque-based

policy and position-based policy, both obtained from rsl rl. The experiment result

is classified as ”Failure” if the robot triggers the episode termination after stepping

onto the obstacle.

The PD controlled robot handles unexpected contacts poorly, and creates oscilla-

tions on contact no matter if there is an obstacle or not. This could be due to poor

tuning, which further emphasize the importance of domain knowledge required for a

PD controller. The PD controlled robot successfully passed an 5mm obstacle, but

fails immediately after stepping on the 12mm and 20mm obstacles.

On the other hand, the torque controller proves to be more resistant to small
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obstacles. It succeeded in passing the obstacles in all 3 experiments, but started

deviation from its original path in the 20mm experiment.

The obstacle takes 3 steps to go through, we therefore observe the first 3 steps

starting at the robot’s first step on the obstacle for each experiment.
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Figure 4.9: PD - 5mm obstacle

Figure 4.10: PD - 12mm obstacle

4.3.2 Observation

The PD controller performed poorly in all three experiments. It managed to not trip

over from the 5mm obstacle shown in Figure 4.9, but a tendency of sideway propulsion

can be observed, and it started to move to the right-hand side after the unexpected

contact.

Figure 4.11: PD - 20mm obstacle
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It failed both 12mm (Figure 4.10) and 20mm (Figure 4.11) experiments. In the

former, a self collision between feet happened after the second step and terminated

the experiment. The latter sees the robot propels backwards and fall over after the

first step.
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Figure 4.12: Torque - 5mm obstacle

Figure 4.13: Torque - 12mm obstacle

The torque controller passed through the 5mm(Figure 4.12) and 12mm (Figure

4.10) with no obvious deficiency observed. The 20mm obstacle (Figure 4.14) caused

a slight deviation in moving directions.

Figure 4.14: Torque - 20mm obstacle
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4.3.3 Torque variation caused by the obstacle

We also monitored the torque output from the left ankle joint. While we did not

tune the PD controller to the smoothness of the reference work[12], we observed the

similar patterns as the Experiment 4 in that paper.

Figure 4.15 and 4.16 shows the left ankle torque output from both policies with

obstacles compared to without. The unexpected contact happens at around t = 2.6s.

We observed similar pattern to the reference work [12] with a similar obstacle (5mm),

and obtained comparable results. We also experimented on larger obstacles than the

original experiment where instabilities started to appear on torque controllers, but

torque controllers recovers to normal stance within 0.2s in both experiments.

4.3.4 Results

We can see from the chart and the screenshots that PD control struggles to stabilize

with the lowest obstacle. Although it eventually managed to not fall over, the path

deviates from the reference. For higher obstacles, PD-controlled robot fails to step

through, resulting in early termination. Torque-control managed to pass all three

experiments and continue on walking. Some instabilities appeared when stepping on

higher obstacles, but it returns to normal torque output quickly and maintained an

overall stable pose.

This experiment also serves to further proof the versatility offered by the system,

as virtually no engineering is required in modifying the scene (such as the obstacle or

the terrain) or the action space of the robot (PD and torque).
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Chapter 5

Efficiency and Scalability

Evaluation

Chapter 4 examined the correctness of the system by running both training and

inference on a reproduced publication and comparing them to reference. While the

experiments are successful, it is more important that we see the proposed system’s

key advantage over MuJoCo - scalability.

In this chapter, we run three training sections for 3 system combination below to

measure the performance of the performance and efficiency of the proposed system.

All three groups will be running the torque-based controller. The system will be

denoted by a single letter in Table 5.1. We measure training time by starting the

timer when the environment setup is complete, and stopping the timer before the

process ends.

1. MuJoCo with Stable-Baselines 3 (M)

2. TocabiLab with Stable-Baselines 3 (S)

3. TocabiLab with rsl rl (R)
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No. System Time Horizon Env. Count Iteration Total Steps Training Time(s)
1 M 2048 8 60 983040 1535.22
2 S 2048 8 60 983040 8847.47
3 R 2048 8 60 983040 9013.46
4 M 2048 32 15 983040 979.49
5 S 2048 32 15 983040 2672.08
6 R 2048 32 15 983040 2522.88
7 M 2048 48 10 983040 7832.77
8 S 2048 96 5 983040 1076.25
9 R 2048 96 5 983040 850.37
10 M 2048 96 5 983040 Failed

Table 5.1: Training Speed Result

5.1 Training Efficiency Benchmarks

We examine the training time under different loads to quantitatively compare the

performance of different setups under different loads. We set the time horizon to 2048,

and control the total timesteps by adjusting the amount parallelized environments

and the maximum iteration count. We run a total of 983040 steps, which gives the

cache on both processors enough time to warm up.

The PC used for this test runs on a 32-core i9-13900 CPU and an RTX 4070Ti-

Super GPU, with 32 GB of RAM. The proposed system runs on Windows while the

reference system is hosted on WSL on the same machine, and all systems will run

headlessly to prevent rendering impacting performance.

We expect to see CPU bound when above 32 environments are parallelized (the

CPU has 32 cores), which means all three system should get a similar performance

boost from low to mid parallelization loads, while the GPU-based system gets more

from mid to high parallelization loads.

In practice, we noticed that the CPU-based solution gained less performance than

expected from more threads being dispatched, even when the number is below the

core counts. This could be due to architecture reasons, as our test machine has a
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8P16E setup, meaning 16 threads on the Eco cores are lower powered than the other

16 threads on performance cores. At 32 threads, the P cores are already bottle-necked

by the E cores, thus less performance benefits are achieved by increasing thread counts

from 8 to 32.

The MuJoCo system failed to run 96 threads. we then lowered the environment

counts to 48 and encountered significantly worsened performance, indicating the CPU

is struggling to keep up with the task.

We can convert the training time T to an efficiency metric by

E = S/(T ∗ 480) (5.1)

[Nenv ∗Niter = 480] (5.2)

S = 983040 (5.3)

which indicates the steps that are learned per environment per second under each

setup.

As shown in Figure 5.1, the GPU-based environments are significantly inferior to

CPU under low loads, but they can scale roughly to the parallelization load without

harming per-environment efficiency. The CPU-based system, while performs better

under lower load, begins to experience sharp drops in efficiency once it passed the

capability of the CPU, and cannot handle mass parallelized environments.

Meanwhile, we also notice slight deviations between performances of the two GPU-

based solutions. As previously mentioned, although SB3 is wrapped to work on

the GPU in TocabiLab, it does not support GPU-native buffers, which means more

and more device-host transfer will happen when the parallelization load grows. We

anticipate this difference to grow larger when more environments are parallelized.
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Host RAM Usage(MB) / Env Count 8 16 32
MuJoCo SB3 6430.3 9638.8 15562.2
TocabiLab SB3 5439.8 5507.7 5554.5

TocabiLab RSLRL 5406.4 5496.4 5574.1

Table 5.2: Host RAM Usage

Device VRAM Usage(MB) / Env Count 8 16 32
MuJoCo SB3 280 328 383
TocabiLab SB3 4796 4992 5089

TocabiLab RSLRL 4739 4766 4828

Table 5.3: Device VRAM Usage

5.2 RAM and VRAM Usage Benchmarks

Since the MuJoCo solution is already failing at higher loads, for the memory bench-

marks we’ll be lowering the experiments to run on 8, 16, 32 environments. Each

experiment will run one iteration and report the average RAM consumption. We

extract host RAM data using the PyCharm profiler, and VRAM usage by NSight

profiler during said time.

RAM and VRAM usage is critical for a system’s scalability. The maximum amount

of objects that a system can host on a fixed memory budget can greatly affect the

parallelization capability as well as calculation efficiency. TocabiLab supports GPU-

instancing which essentially creates only one instance of a robot and copying the data

to create duplicates of it, instead of directly create more robots. The RAM/VRAM us-

age is expected to increase by a noticeably smaller margin compared to non-instancing

methods, as we are only copying variable data (such as rigidbody, transform and

physics properties) but not mesh and vertices which took lots of space.
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Figure 5.3: Device VRAM Scalability

The reason for MuJoCo failing for higher loads is highly likely RAM overflowing,

as we can observe a pattern of linear RAM usage growth. Running 96 MuJoCo

processes can take up to 47GB RAM which is more than the test machine’s capability.

Running 48 environments also exceeded the test machine’s physical memory capacity

and introduced lag from virtual memory page exchange, resulting in much poorer

performance.

Figure 5.2 and 5.3 show that both GPU-based experiment groups in TocabiLab

proved to be very scalable, as we did not observe linear growth in either RAM or

VRAM. The system is GPU-native and utilized GPU-instancing technology, therefore
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CPU Utilization(%) / Env Count 8 16 32
MuJoCo SB3 22.5 39.1 88.6
TocabiLab SB3 23.2 23.6 26.1

TocabiLab RSLRL 18.6 19.2 18.9

Table 5.4: CPU Utilization

we do not introduce additional robot instances when we parallelize more environments

in training, this prevents redundant data existing in the memory space while retains

the ability of the system to individually assess and control different environment

instances. SB3 uses slightly more RAM and VRAM than rsl rl when load grows,

which is likely caused by the device-host transfer overhead.

Unfortunately, TocabiLab does not scale beyond 96 robots at this moment due to

a bug related to FT sensors (see the next chapter and appendix) although it is the-

oretically possible to run 4096 TOCABIs in the proposed system from the statistics.

We expect this issue to be fixed soon as Isaac Lab will add support for FT sensors in

newer versions.

5.3 CPU Usage Benchmarks

In this section, we run the same experiment as last section, collecting CPU utilization

rates. The rates will be a rough estimate collected from PyCharm profiler. Table 5.3

shows the result.

We can observe the same pattern as the previous section from Figure 5.4 where

TocabiLab generally remains very scalable when the number of environments grows,

making it very suitable for mass paralleled applications compared to MuJoCo. The

CPU’s workload stayed around the same across experiments for TocabiLab, which

indicates it’s less reliant on the CPU for computation. Meanwhile, MuJoCo quickly

approaches the limit of physical cores with the growth of load as expected, since it is
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creating copies of the entire environment when vectorizing the training process.

5.4 Conclusion

Regarding scalability, the proposed system shows great benefit gained from the novel

GPU-native architecture, as we can grow the parallelization load without introducing

significant overhead. The system is also less reliant on host RAM, VRAM and CPU

when scaled, albeit requiring a higher starting hardware specification compared to

MuJoCo.
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Chapter 6

Conclusions, Limitation and

Future Work

6.1 Conclusion

Through reproducing a well established research under the proposed system, we com-

pleted the framework development of the proposed system and proved its versatility

and efficiency. The unified API for reinforcement learning already support a wide

range of available algorithms and frameworks and can be easily extended or cus-

tomized. The novel GPU-native architecture successfully overcomes the context bar-

rier between RL systems and physics engine and achieved comparable performance

under normal load and avoided CPU bound under higher loads. Modular design of

the controller API supports different joint control models.

We also proved the transition from MuJoCo to the proposed system can be done

with relatively low efforts, and provided the experiment design as part of the report

as well as a starter environment of the system. Overall, TocabiLab proves to b a valid

new framework that can be used in future robotics research. In broader terms, this
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system can be further extended to support generalized physical character control, and

the mass-parallelization capabilities enables the potential for application in physical

crowd simulation as well.

6.2 Limitations

While we managed to reproduce a highly-sophisticated research in this project, we

removed some features that were deemed unnecessary to validate the reproduction,

such as gravity pre-training and dynamic randomization. We also did not tune the

PD controller to match the reference work’s performance, resulting in less stability

on PD-controlled robots.

Due to the system being GPU-native, programming in the proposed system can

be more difficult compared to MuJoCo. Most data manipulations and control must

be done in a matrix operation fashion, and branching must be done with index buffers

- this makes the codes less readable and harder to maintain. However, we still believe

this system to be a good investment, as it provides much better scalability than CPU

based system.

The proposed system is less feasible when used under low loads. Some traffics

between the host and the GPU are still happening, such as logging and kernel dis-

patches. This extra cost outweighs the performance boost before we hit the CPU

bound, resulting worse performance below 32 environments. CPU mode is supported

in Isaac Lab, but a existing bug prevents us from using it, as the contact sensors do

not work in CPU mode. Another bug is causing PhysX to stall when more than 96

environments are created. Both of these issues are reported to NVIDIA and will be

fixed soon, as listed in the appendix.

Isaac Lab is a relatively new framework and is updated frequently. Users are



68

advised to upgrade TocabiLab along with Isaac Lab until the parent system reaches

a stable Long-Term-Support version.

6.3 Future Work

The system itself is very robust and modular, thus the future work will mostly be

expanding its current functionalities. More RL framework wrappers and controllers

can be implemented and integrated, and we can validate it with more tasks and other

robots by migrating previous works from other lab members.More efforts are required

to keep it updated, as we will need bugfixes and new features in the future.

Looking beyond the current scope of the project, while this report only explores

parallelization of single-robot environments in the proposed system as of now, it

is entirely possible to be used to handle multi-agent systems. The perceptions and

contacts of the robots are all available natively on the GPU in the form of sensors, and

the mass parallelization capability makes the system a great tool for future research

on physical crowd simulation.

On the ease-of-use side, there are also efforts from NVIDIA that aim to making

GPU-programming easier. Warp [16] is a Python-based programming framework that

JIT compiles single-thread fashion python codes to GPU-kernels. Currently, NVIDIA

is working on supporting the Warp toolkit in Isaac Lab, and we may be able to start

experiment Warp usage soon in the proposed system.
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Appendix A

Additional Information

A.1 Hyperparameter Configuration for Different

Systems

All of our experiments are conducted using the PPO algorithms , despite under two

different frameworks (Stable-Baselines 3 and rsl rl).

The checkpoint for the original system is obtained with the following hyperpa-

rameters:

Parameter Name seed n steps batch size n epochs gae lambda clip range vf coef max grad norm activation net arch (actor/critic)
Value 42 2048 128 3 0.65 0.2 0.5 0.5 relu [256,256] / [256,256]

Table A.1: Hyperparameter settings: SB3 PPO

The torque-controller trained using migrated SB3 are using the same set of hy-

perparameters.

Rsl rl is used to train another torque controller and the PD controller. The hyper

parameters are as follows:

Both systems use virtually the same hyperparameters except the network archi-

tecture. The learning rates are not shown here because they are both scheduled. See

Chapter 4.
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Parameter Name seed num steps mini batches learning epochs lam
Value 42 2048 128 3 0.95

clip param value loss coef max grad norm activation net arch (actor/critic)
0.2 0.5 0.5 relu [400,200,100] / [400,200, 100]

Table A.2: Hyperparameter settings used in rsl rl PPO

A.2 Parent Toolchain Version

As extensions of Isaac Lab, the proposed system relies on correct version of the

simulator (Isaac Sim) and base framework (Isaac Lab) to work. NVIDIA usually

update these two systems together.

The system started developments in Isaac Sim 4.0.0 and Isaac Lab 1.2.0. It was

later updated to Isaac Sim 4.2.0 and Isaac Lab 1.4.1. At time of writing (Feb. 2025),

both has been updated again to Isaac Sim 4.5.0 and Isaac Lab 2.0.0. NVIDIA updates

this toolchain approximately two times a year, and it’s highly suggested to keep this

extension updated.

TocabiLab, as of now, runs on Isaac Sim 4.2.0 and Isaac Lab 1.4.1.

A.3 Related Github Issues

As previously mentioned in the Limitation section, there are many existing bugs and

missing features in the system that prevents the system from using CPU mode and run

more than 96 robots in parallel. This is normal considering Isaac Lab is a relatively

new system, and all of these issues are reported to NVIDIA during development and

the community and the project team are actively working on address them. Users

are advised to keep an eye on these issues.

IsaacLab Issue #1725 Additional PhysX View used for FT Sensor, causing the

scene to stall under high load.

https://github.com/isaac-sim/IsaacLab/issues/1725
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IsaacLab Issue #1390 Contact sensor does not work in CPU mode.

IsaacLab Issue #1335 max episode length causing crash when truncated.

https://github.com/isaac-sim/IsaacLab/issues/1390
https://github.com/isaac-sim/IsaacLab/issues/1390
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