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Abstract

The creation of standardized environment implementations and an Appli-
cation Programming Interface (API) for OpenAl/Gym has had a transforma-
tive impact on reinforcement learning (RL) research. However, the current
set of standardized environments has to be extended, so as to contribute
to the further advancement of reinforcement learning algorithms. In this
diploma thesis, we have developed, and we provide a plethora of novel
environments and frameworks for robotic reinforcement learning, including
Gymnasium/Mujoco-v5, Gymnasium-Robotics/Maze-v5, and Gymnasium-Robotics
/MaMujJoCo, along with offline RL datasets for Gymnasium/MuJoCo environ-
ments with the Minari API. These advancements can potentially enable re-
searchers to develop and test new algorithms in more realistic and challeng-
ing environments, which will ultimately lead to more robust and generaliz-
able reinforcement learning algorithms.
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[TeplAndn

H dnuioupyla tunomomuévmy vhonotioewy Tep3dihovtog xou evoc Application
Programming Interface (API) vy to OpenAl/Gym, énouie xadopiotind pdAo
oty Tedogatn Tedodo Tne épcuvag Yoo reinforcement learning (RL). Qotéoo,
TO TEPLOPLOPEVO GE dpLIUO %o BUVATOTNTES TEEYOV GUVOAO TUTIOTIOUNUEVKY TEPL-
BohhOvTwY amoTeAEl £V BUVAUEL EUTOBLO VLo TNV TEQULTERE TEO0DO0 TwV ahyop{luwy
evioyUTXC pdinong. Xtny mopoloa SITAOUATIXT epyaoia, €YOUUE avamTOZEL Xal
TOEEYOVUE (Lol TANDGEA VEWY TEQIBUAAOVTWY X TAUGIWY YLl QOUTOTIXT EVIGYL-
T} pdinom, ovunepthopfovopévey twyv  Gymnasium/Mujoco-v5, Gymnasium-
Robotics/Maze-v5, xou Gymnasium-Robotics/MaMujJoCo, pall pue cOvoha dedo-
uévav yio yerion ond offline RL pedodouc oe nepiBddhovia Gymnasium/MujoCo
ue To Minari APL. O cuvelogopéc Yag autég umopolv SuvnTxd vo emtpédouy
OTOUC EPELVNTES VoL avamTUEOLY X0l VoL BOXIUAGOUY VEOUS ahyoplduoug oe o pe-
MO TG Xt 5UGXOAS TepU3dALOVTA, TO oTolo TEAXd Vo 0ONYoEL OE THO Loy UEOUS
xa yevixelouloug alyoplduoug evioyutixc udidnorng.
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Chapter 1

Introduction

Reinforcement Learning (RL) is one of the major fields of Artificial Intelli-
gence (Al) that enables the learning of intelligent agents capable of interact-
ing with an environment. The field of reinforcement learning is employed
in many fields, such as Autonomous Driving [1], Medical System Control
[2], Financial Automated Trading [3], Energy Systems [4], Mathematics [5],
Telecommunication Systems [6] and Robotics [7] [8] [9] [10] [11] [12] [13].

TI963]
MENACE: the first "Learning
with Reinforcment feedback”
algorithm (now known as RL)

FIGURE 1.1: Timeline of the most significant RL developments.

A concise historical overview of RL is presented here and the timeline is
also illustrated in Figure 1.1. The focus is on both the development of RL
algorithms and the corresponding RL environments they solved. In 1963,
the MENACE algorithm [14] was introduced as the first instance of an RL
algorithm, and it was used to solve the "TIC-TAC-TOE against a random
opponent" environment. In 1968, [15] developed BOXES, the first partially
model-free ! RL algorithm, and used it to solve a simplified version of the
CartPole environment, which consisted of a pole attached to a cart and con-
trolled by an actuator. The objective was to maintain the pole’s balance by
learning probabilistic decision boxes. In 1983, ACE/ACE [16], was the first
paper to employ Model-Free RL, which used a simple neural network (prior
to backpropagation [17]) to solve a CartPole environment. This environment
implementation constituted the first-ever standardized implementation of an

1By "partially model-free" we define as an approach in which certain attributes of the
environment, were abstracted away. such as the environment dynamics, while others, such
as observation correlations, were not.
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RL environment. It was used in other research to cross-evaluate learning al-
gorithms [18], [19], [20], [21], [22], [23], [24], [25], [26] (these are just from
1984-1989).

In 1989, Q-Learning [27] marked the development of the first "general pur-
pose" RL algorithm, which was capable of solving a diverse range of (then)
state-of-the-art control problems. This was followed by other similar algo-
rithms such as, SARSA [28] in 1993. Then, employing backpropagation [17]
and deep neural networks, DON [29] was created in 2013, solving a wide
variety of ATARI video games and many real-world problems, effectively
opening the road for modern deep reinforcement learning (DRL) algorithms
(i.e., RL algorithms employing deep neural networks for function approxi-
mation).

It has to be noted that in 1990, SRV [30] was the first algorithm to learn on
continuous action spaces. This was followed by REINFORCE in 1992 [31],
which also learned on continuous action spaces and was model-free. REIN-
FORCE was the basis for subsequent DRL algorithms, like DDPG [32] and
TD3 [33].

FIGURE 1.2: The collection of Gymnasium/MujoCo environ-

ments, from left to right, (1, 2) InvertedPendulum and Inverted-

DoublePendulum, CartPole robots, (3,4) Reacher and Pusher, arm

manipulator, (5,6,7) HalfCheetah, Hopper and Walker2D, 2d walk-

ing robots, (8, 9, 10) Swimmer, Ant and Humanoid 3d locomoting
robots, (11) HumanoidStandup, a standup task.

Recently, an important milestone for the use of (deep) RL in many fields
including robotics, was the creation of OpenAl/Gym [34], a Python library,
in 2016. It provided two significant advancements to the field of RL: (1)
The gym.ENV API, which enabled for the first time environments and learn-
ing algorithms to be interoperable, and (2) a collection of high-quality, well-
documented RL environments were made available, including Gym/MujoCo,
a collection of 11 robot control environments based on the MuJoCo simula-
tor [35] (Figure 1.2). The most challenging of the OpenAl/Gym environments,
which had become a cornerstone of RL development, have been used to eval-
uate many of the state-of-the-art training algorithms, including PPO [36],
TD3 [33] and SAC [37].
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The Gym/MujoCo environments have undergone several revisions, commenc-
ing with the release of version 0 in 2016 and followed shortly thereafter
by version 1 in 2016, which addressed numerous bugs. The release of ver-
sion 2 in 2018 saw the implementation of significant enhancements to the
back-end physics simulation improvements by using the new (at the time)
mujoco-py==1.5. The release of version 3 in 2018 introduced the ability
to customize a limited number of environmental elements. The release of
version 4 in 2022 also introduced significant enhancements to the back-end
physics simulation improvements by moving to mujoco==2.2 [35], but the
customization options introduced in version 3 were removed.

The most significant limitation of the Gym/MuJoCo environments, across all
versions, is that they use the same robot models. These models were created
around 2012, preceding the "modern" robotics revolution. As a result, they
are not representative of real robots (see example [38]).

In October 2022, the Farama Foundation was established. Its objective was
to further develop the OpenAl/Gym, now known as Farama/Gymnasium [39]
and many other open-source libraries. This development brings improve-
ments to the API These include a new API for vectorized environments, sib-
ling projects that include new domain-specific environments like those in
Farama/Gymnasium-Robotics [40], and the subject of this thesis, the new ver-
sion of the Gymnasium/MuJoCo-v5 framework/environments.

Real Applications of autonomous robotics include toy examples like, RoboCup,
a soccer competition for robots founded in 1996, [41], [42], [43]. But RL
robotics have not seen mass adoption in real-world industrial problems. Only
some applications, such as pick-and-place tasks, object rotation, and contact-
based object representation, have shown success in diverse lab environments
for arm and hand manipulation tasks [44] [45] [46]. Most RL robotics re-
search is conducted in simulations before being tested on real-world robots
[47]. It is anticipated that tools like the one we provide in this thesis will as-
sist researchers in developing new algorithms and testing them across a wide
range of environments to address real-world problems.

1.1 Contributions

Our most significant contributions, that constitute the main part of this thesis,
are:

¢ Development of the Gymnasium/MuJoCo version 5 environments and
framework, which was integrated into the Gymnasium 1.0 release in
October 2024. The initial alpha release, 1.0al, was made available in
February 2024.

¢ Creation of a set of baseline offline RL datasets for the Gymnasium/MuJoCo-
v5 environments using the Minari API [48]. The datasets were made
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available in January 2025.

* Development of the Gymnasium-Robotics/Maze-v5 environments and frame-
work, based on Gymnasium/MuJoCo, which was included in the Gymnasium-
Robotics 1.3 release in October 2024.

* Development of the Gymnasium-Robotics/MaMuJoCo version 0 and ver-
sion 1 frameworks, multi agent factorizations of the Gymnasium/Mu-
JoCo environments, based on [49]. This is the first standarized frame-
work for multi-agent factorized robotics environments. Version 0 was
included in release 1.2.1 in May 2024, while version 1 was integrated
into release 1.3 in October 2024.

Additionally, as side-projects to this thesis, we conducted experiments to in-
vestigate:

¢ The performance impact of centralized critics versus decentralized crit-
ics in multi-agent factorized robotics environments and centralized critic
re-use across different factorizations.

* The effect of observing contact forces on the Ant environment and other
quadruped locomotion environments.

We present these results in Appendices C and D.

1.2 Thesis Outline

In Chapter 2, we present the background of RL, DRL, and MARL. In Chap-
ter 3, we present our contributions to the new frameworks and environ-
ments. In Chapter 4, we present our conclusions and future work. In Ap-
pendix A, we present the full changelog for the Gymnasium/MuJoCo-v5 envi-
ronments. In Appendix B, we present the full changelog for the Gymnasium-
Robotics/MaMujoCo environments. In Appendix C, we present our evalua-
tion experiments of centralized critics in multi-agent factorized robotics en-
vironments, and the transfer RL method of critic re-use. In Appendix D, we
present our evaluation experiments of the impact of contact forces on the Ant
environment and other quadruped locomotion environments.



Chapter 2

Background and Related Work

This chapter provides an overview of fundamental concepts and techniques
in reinforcement learning. We cover deep reinforcement learning, multi-
agent reinforcement learning, and offline RL. Additionally, we introduce the
Gymnasium API and the Gymnasium/MuJoCo environments. These environ-
ments are widely used to evaluate the performance of reinforcement learning
algorithms across a variety of challenging scenarios.

2.1 Markov Decision Process

A Markov Decision Process (MDP) is a mathematical framework used to
model decision-making problems in a stochastic environment. MDPs are
an extension of Markov chains that introduce the concept of actions and re-
wards. MDPs operate in discrete time steps.

An MDP consists of the following components:

* A set of possible states S, called the state space.

A set of possible actions A, called the action space.

An initial state distribution I; — S.

A state transition function T'(s,a) — S.

A reward function R(s,a,s") — R.

A termination function Tie,pination (S) — B.

2.2 Partially Observable Markov Decision Process

Partially observable Markov Decision Process (POMDP) is a generalization
of a Markov decision process (MDP). A POMDP models an agent’s decision
process in which it is assumed that the system dynamics are determined



6 Chapter 2. Background and Related Work

by an MDP, but the agent cannot directly observe the underlying state. In-
stead, it receives observations that are probabilistically related to the under-
lying state. This partial observability introduces uncertainty into the agent’s
decision-making process, as it must infer the true state of the environment
based on its observations.

Therefore, a POMDP additionally consists of the following components:
* A set of possible observations O, called the observation space.

e An observation stochastic function O(s) — o.

2.3 Reinforcement Learning

Reinforcement learning is a process wherein an intelligent agent interacts
with a an MDP or more generally a POMDP environment, with the aim of
determining a sequentially optimal course of actions (a “policy”), learning
via trial and error. Spercifically, the agent learns a policy 7t(0) — a that maps
observations to actions, with the objective of maximizing the cumulative re-
wards over time.

2.4 Deep Reinforcement Learning

Deep Reinforcement Learning (DRL) integrates the principles of reinforce-
ment learning with deep neural networks to tackle complex decision-making
problems. This approach is particularly well-suited for environments with
large state spaces, where traditional reinforcement learning methods may
struggle due to their reliance on hand-crafted features and limited scalabil-

ity.

In DRL, deep neural networks are used to approximate the value function
(V(s)), the action-value function (Q(s, a)), or to directly learn a policy (7t(a|s)).
These networks serve as function approximators that can generalize from
observed experiences, allowing agents to make informed decisions in previ-
ously unseen situations.

Key DRL algorithms include:

* Critic-only Methods: like Deep Q-Network (DQN) [29], the deep learn-
ing version of Q-Learning. It utilizes a deep neural network to approx-
imate the action-value function (Q(s, 2)). Experience Replay and Target
Networks are employed to stabilize learning and improve generaliza-
tion.
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¢ Actor-only Methods: like Proximal Policy Optimization (PPO) [36] di-
rectly optimizes the policy using a clipped' surrogate objective func-
tion. This method ensures that updates to the policy remain close to
the previous policy, facilitating stable and efficient training.

* Actor-Critic Methods: like Twin Delayed Deep Deterministic Policy
Gradient (TD3) [33] and Soft Actor Critic (SAC) [37]. These methods
combine an actor network, which learns the policy (77(als)), with a critic
network Q, which estimates the value function (V(s)) or action-value
function (Q(s, a)). This dual approach facilitates more effective learning
and faster convergence.

Despite its successes, DRL faces challenges such as sample inefficiency and
high computational demands. Ongoing research aims to address these is-
sues through improved algorithm design and transfer learning to enhance
the scalability and robustness of deep reinforcement learning systems.

2.5 Multi-agent Reinforcement Learning

Multi-Agent Reinforcement Learning (MARL) extends the traditional rein-
forcement learning framework to scenarios involving multiple interacting
agents. These agents operate within a shared environment and must take ac-
tions to achieve their objectives while considering the impact of other agents’
behaviors. MARL introduces additional complexity due to the non-stationary
environment dynamics caused by the interactions among agents.

In MARL, multi-agent POMDPs, also known as partially observable Marko-
vian games, model the environment. Each agent executes its own action
(a;) using its policy (7r;) and receives its own observation (0;) and reward
(r;). The environment dynamics are influenced by the interactions among
all agents, making the decision-making process more complex compared to
single-agent scenarios. The primary goal is for each agent to learn an op-
timal policy that maximizes its cumulative rewards over time while taking
into account the actions of other agents.

MARL can be categorized into three main types:

* Cooperative MARL: Agents work together towards a common objec-
tive. The reward functions are designed such that the collective perfor-
mance is improved when agents coordinate their actions.

¢ Competitive MARL: Agents compete against each other to achieve their
individual objectives. The reward structure often incentivizes adversar-
ial behaviors, requiring strategies like deception or defense.

* Mixed MARL: Where agents may cooperate or compete with each other.

IClipping is the mathematical function that limits the value of a variable to a specified
range, preventing it from exceeding a maximum or falling below a minimum threshold.
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MARL training methods can be categorized into two main types:

* Centralized Training Decentralized Execution (CTDE): Agents are trained
using global observation elements that are not available to individual
agents during execution.

* Decentralized Training Decentralized Execution (DTDE): Agents are
trained using only local observations and rewards, and must learn to
cooperate or compete based on these limited inputs.

The applications of MARL are widespread across diverse fields, including
autonomous driving, robotics, network security, and game playing, where
multiple entities need to interact intelligently in dynamic environments.

2.6 Offline RL

Offline Reinforcement Learning (also known as batch RL) is a subfield of
reinforcement learning that focuses on learning policies from previously col-
lected data, without interacting with the environment. This approach is par-
ticularly useful when interaction with the environment is expensive, risky,
or impossible. In traditional online reinforcement learning, an agent learns
by trial and error, exploring the environment and receiving feedback in the
form of rewards. However, in many real-world applications, such as health-
care, finance, or robotics, it is not feasible or safe to have an agent explore the
environment through trial and error.

Offline RL addresses this challenge by leveraging existing datasets of experi-
ences, which can be collected from various sources, including human demon-
strations, simulations, or previous experiments. The goal of offline RL is to
learn a policy that maximizes the cumulative reward over a sequence of ac-
tions, based solely on the available offline data.

2.7 Gymnasium API

Farama/Gymnasium and its predecessor OpenAl/Gym, provide a simple Pythonic
API, capable of representing general RL problems. The API consists of 3 core
functions: gymnasium.make(), env.reset(), and env.step().

* gymnasium.make() creates an environment instance by specifying the en-
vironment name and any additional parameters.

o env.reset() resets the environment to an initial state and returns:
— observation: the initial observation of the environment.

— info: a dictionary containing additional information such as the
environment’s state and metadata.
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e env.step() executes an action in the environment and returns:
— observation: the next observation from the environment.
— reward: the reward received after taking the action.

- termination: a status indicating whether the episode has ended due
to reaching a terminal state.

— truncation: a status indicating whether the episode has ended due
to a time limit or other constraints.

- info: a dictionary containing diagnostic information such as the
state of the environment, debugging data, or additional metrics.

Additionally, the API provides functions for visualizing the environment,
providing compatibility with the gym.Env API, debugging the environment,
and more. A minimal example of the Gymnasium core API, demonstrating
how to initialize, reset, and step through an environment, is shown in Listing
1.

2.8 Gymnasium/MujJoCo Environments

The Gymnasium/MuJoCo environments provide a diverse set of robot con-
trol tasks designed to evaluate reinforcement learning algorithms. The Gym-
nasium/MujoCo environments are a collection of 11 robot control environ-
ments based on the MuJoCo simulator [35]. These environments are designed
to test and evaluate reinforcement learning algorithms in a variety of chal-
lenging scenarios, including locomotion, manipulation, and control tasks.
The environments are characterized by continuous action and observation
spaces, making them suitable for deep reinforcement learning algorithms.
The action spaces represent the control signals sent to the robots” actuators/-
motors. The observation spaces consist of sensor readings from the robots.
The reward function and termination conditions are specific to each environ-
ment and are designed to encourage the agent to learn the desired behavior.
The initial state distribution is random, and the state transition function is
deterministic.

2.8.1 Cartpole based environments

The InvertedPendulum environment is a Cartpole environment (first row, first
column of Figure 1.2), based on the work of [16]. It is a simple 2D environ-
ment where the agent must balance a pole on a cart by applying forces to the
cart. The environment is considered solved when the pole remains upright
for a specified duration. The agent observes the cart’s position and veloc-
ity, and the pole’s angle and angular velocity, and applies a force to the cart
to control the system, and receives a reward of 41 for each step the pole
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import gymnasium

# Initialize the environment
env = gymnasium.make("LunarLander-v3",
render_mode="human")

# Reset the environment

# to generate the first observation

observation, info = env.reset(seed=42)

for _ in range(1000):
# this is where you would insert your policy
action = env.action_space.sample()

# step (transition) through the environment

# with the action

# receiving the next observation, reward

# and if the episode has terminated or truncated

observation, reward, terminated, truncated, info
= env.step(action)

# If the episode has ended

# then we reset to start a new episode

if terminated or truncated:
observation, info = env.reset()

env.close()

LISTING 1: This minimal example demonstrates how to initial-
ize an environment, reset it to obtain the initial observation,
and step through it using the Gymnasium core API. It high-
lights the basic interaction loop and the handling of episode
termination and truncation. More examples can be found at
https://gymnasium.farama.org/

remains upright. Unlike the original Cartpole environment, the InvertedPen-
dulum environment has continuous observation and action spaces, making it
more challenging for reinforcement learning algorithms.

The InvertedDoublePendulum environment is an extension of the InvertedPen-
dulum environment, where a second pendulum is attached to the first pen-
dulum (first row, second column of Figure 1.2). The addition of the second
pendulum increases the complexity of the environment, making it more chal-
lenging for the agent to balance both pendulums simultaneously. The reward
function is given by:

T = Thealthy — Cdistance — Cvelocity

where:


https://gymnasium.farama.org/
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® Theaitny = 10 if the pole is upright; otherwise ¢4, = 0.

_ 2
® Cdistance = 0.01- xpole2—tip

distance from the upright position.

+ (Y potea-tip — 2)? is the cost associated with the

— 10— -3 - -
® Coelocity = 10 3. Wpolel-angle + 5 X 1077 - Wpole2-angie 18 the cost for moving
too fast.

2.8.2 Arm manipulation based environments

The Reacher environment is a 2D robotic arm environment (first row, third
column of Figure 1.2). The environment consists of a robotic arm with two
joints that must reach a random target location. The significance of the 2D
robotic arm lies in its simplicity and effectiveness for testing basic control
algorithms. The 2 degrees of freedom of the robotic arm correspond to 2
continuous actions, making it more complex than the Cartpole environments.
The reward function is given by:

"= Tdistance — Cctrl
where:
® Taistance = — || (Pﬂngertip — Prarget)||2 is the reward for reaching the target.
* ¢y = 0.1]|action])3 is the cost of control.

The Pusher environment is a 3D robotic arm environment (first row, fourth
column of Figure 1.2). The environment consists of a robotic arm with 3
joints that must push a cylindrical object to a random target location. The
reward function is given by:

" = Tdistance + Tnear — Cctrl

where:
* Taistance = — || (Povject — Prarget)||2 is the reward for moving the object to
the target.
* Tnear = —0.5[[(Pfingertip — Prarget) ||2 is the reward for moving the arm to
the object.

* ¢y = 0.1]|action])3 is the cost of control.

2.8.3 2D Locomotion Environments

The HalfCheetah environment is a 2D cat-like robot environment based on
the work of [50] (first row, fifth column of Figure 1.2). The robot’s objective
is to run as fast as possible while minimizing the control cost. The reward
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function is given by:
=7 forward — Cctrl

where:

® 7 forward = ‘fi—f is the reward for moving forward.

* ¢y = 0.1]|action||3 is the cost of control.

The Hopper environment is a 2D monoped robot environment based on the
work of [51] (first row, sixth column of Figure 1.2). The robot consists of four
body parts: the torso, the thigh, the leg, and the foot. The objective is to hop
as far as possible while minimizing the control cost. The reward function is
given by:

" = Thealthy + T forward — Cetrl

where:

® Theaithy = 1 if the Hopper is standing; otherwise 7jeq11, = 0.
® 7 forward = ‘Zi—f is the reward for moving forward.

* ¢y = 1073||action||3 is the cost of control.
The environment terminates when the Hopper falls over.

The Walker2D environment is a 2D bipedal robot environment, based on the
Hopper (second row, first column of Figure 1.2). The robot consists of five
body parts: the torso, the thigh, the leg, the foot, and the toes. The goal,
reward function, and termination condition are similar to the Hopper envi-
ronment.

2.8.4 Swimmer Environment

The Swimmer environment is a 2D swimming robot environment based on
the work of [52] (second row, second column of Figure 1.2). The robot con-
sists of three body parts: the torso, the tail, and the head, and 2 joints. The
robot is submerged in water and must swim as fast as possible while mini-
mizing the control cost. The reward function is given by:

' =T forward — Cctrl
where:

® 7 forward = ‘fi—’t‘ is the reward for moving forward.

* .ty = 1074 ||action|3 is the cost of control.
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2.8.5 Quadruped Environment

The Ant environment is a 3D quadruped robot environment based on the
work of [53] (second row, third column of Figure 1.2). The robot consists of
four legs, each with two joints and 1 torso. Despite the name, the robot is not
ant-sized but rather a 75¢m tall and 911¢ heavy robot. The reward function
is given by:

T = Thealthy + T forward — Cctrl — Ccontact

where:

® Theaithy = 1if the Ant is standing; otherwise 7,011, = 0.
® 7 forward = % is the reward for moving forward.

* ¢y = 0.5]|action||3 is the cost of control.
* Ceontact = 5 X 107%|| Fontact||3 is the cost associated with contact forces.

The environment terminates when the Ant falls over.

2.8.6 Humanoids Environments

The Humanoid environment is a 3D bipedal robot environment based on the
work of [54] (second row, fourth column of Figure 1.2). The robot consists of
11 body parts, 17 joints, and 2 tendons. The reward function is given by:

" = Thealthy T 7 forward — Cctrl — Ccontact

where:

® Theaithy = 5 if the Humanoid is standing; otherwise 7p,eq11y = 0.
® Tforward = 1.25‘;—’; is the reward for moving forward.

* c.y = 0.1action H% is the cost of control.
* Contact =5 X 1077|| Feontact |3 is the cost associated with contact forces.

The environment terminates when the Humanoid falls over. The Humanoid
environment is the most complex environment in the Gymnasium/MuJoCo en-
vironments.

The HumanoidStandup environment uses the same robot as the Humanoid en-
vironment, but the robot starts lying on the ground and must stand up (sec-
ond row, fifth column of Figure 1.2). The reward function is r = ryp +1 —
Cetrl — Ccontact, Where:
* Tup = Zafternction 0 5 e reward for standing up, where z,e;_ction 1S the
height of the humanoid after taking the action, and dt is the time step
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duration.
* .4y = 0.1]|action])3 is the cost of control.

* Ceontact = 5 X 1077 || Feontact ||% is the cost associated with contact forces.

2.9 Minari

Minari[48] provides an API for offline RL and hosts a diverse collection of
reference datasets. It is designed to facilate the creation (example in Listing
3), sharing and usage of offline datasets (example in Listing 2), from envi-
ronments that follow the family of Farama’s APIs including the Gymnasium
APIL

import minari

dataset = minari.load_dataset("D4RL/door/human-v2")
dataset.set_seed(seed=123)

for i in range(5):
# sample 5 episodes from the dataset
episodes = dataset.sample_episodes(n_episodes=5)
# get id's from the sampled episodes
ids = list(map(lambda ep: ep.id, episodes))
print(f"EPISODE ID'S SAMPLE {i}: {ids}")

LISTING 2: Minimal example of loading a Minari dataset and
sampling from it.

2.10 Related Work

In this section, we review existing open-source libraries and frameworks of-
fering environments for robotic reinforcement learning. These libraries have
been instrumental in advancing the field by offering standardized bench-
marks and tools for evaluating RL algorithms.

Open source general-purpose robotic reinforcement learning environment
libraries, such as RoboSchool [36] and PyBullet Gymperium [55], have been
developed using Python. However, these libraries are not actively main-
tained and are limited to providing only the same type of simplified, not
realistic robot models as the Gymnasium/MuJoCo environments, which do
not accurately represent real-world robotic systems. The closest library to
Gymnasium-Robotics is Nvidia/IsaacLab [9], which provides reference environ-
ments with realistic robot models but does not offer a general-purpose API
for creating new environments with any robot model. Moreover, it is not
open source and requires Nvidia-specific hardware.
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import minari
import gymnasium as gym
from minari import DataCollector

env
env

gym.make('CartPole-vl")
DataCollector(env, record_infos=True)

total_episodes = 100

for _ in range(total_episodes):
env.reset(seed=123)
while True:
# random action policy
action = env.action_space.sample()
obs, rew, terminated, truncated, info = env.step(action)

if terminated or truncated:
break

dataset = env.create_dataset(
dataset_id="cartpole/test-vO",
algorithm_name="Random-Policy",
code_permalink=. ..
author=. ..
author_email=...

LISTING 3: Example of creating a Minari dataset with a random
policy.
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Chapter 3

New Environments and
Frameworks

This chapter introduces the new environments and frameworks developed
as part of the Gymnasium and Gymnasium-Robotics projects. Additionally, we
present the new Minari offline RL datasets, which are used for training re-
inforcement learning agents offline. We clarify that all environments and
frameworks presented in the subsequent sections in this chapter are all our
implementations, developed as part of this thesis, unless explicitly stated
otherwise.

3.1 Gymnasium/MuJoCo-v5 framework

The latest version, version 5, of the Gymnasium/MujJoCo environments was
released with the Gymnasium 1.0 update. This new version offers a plethora
of enhancements and improvements over version 4:

1. Third-party robot models, including realistic ones, can now be loaded.

2. Performance: Training performance improved by 5-7% for Ant, Hu-
manoid, and HumanoidStandup.

3. Customizability: New arguments have been added for all environments,
and arguments that were removed during the version 3 to version 4
transition for customizing the environments have been restored.

4. Quality of Life: New fields have been added to info, which now in-
cludes all reward components and non-observable state elements. Ad-
ditionally, the reset () function now returns an info dictionary con-
taining non-observable state elements.

5. A total of 24 bugs have been fixed.

6. The documentation has been updated to provide more detailed expla-
nations of the observation, action, and reward functions.
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More specifically,

3.1.1 Using Third-Party Robot Models

Version 5 not only enhances the existing environments but also facilitates
the loading of third-party robot models via the xml_file argument. Users
can provide their own model in either MJCF or URDF format. An illustra-
tive example of this process can be seen in Listing 4, where a third-party
robot model is being loaded (the Unitree Gol robot model). The resulting
environment is shown in Figure 3.1. Once the argument has been provided,
the class will proceed to create the environment. It will load the model into
the simulator and set the observation function, reward function, and initial-
ization function of the environment. The class creates the environment us-
ing the provided argument, loads the model into the simulator, and sets the
observation function, reward function, and initialization function of the en-
vironment. The supported robot types include quadrupeds (e.g., dog-like),
bipedal (e.g., humanoids), and crawlers, with limited support for Hands,
Arms, and Aerial Robots. This modification is noteworthy for two reasons.
Most notably, it removes barriers to training real robots using RL in a sim-
ulator. Secondly, it provides a means of evaluating the efficacy of novel RL
training algorithms.

3.1.2 Performance Improvements

In the Ant, Humanoid, and HumanoidStandup environments, the observation
function included elements that always had a constant value of 0, regard-
less of the current state. In the Ant environment, 6 out of 111 observation
elements had a constant value of 0, while in the Humanoid and Humanoid-
Standup environments, 28 out of 376 observation elements had a constant
value of 0. These observations were of no benefit to the learning algorithms
and resulted in a slight decrease in runtime performance. The correction of
this programming error resulted in a 5-7% increase in learning speed. This
was determined by measuring the elapsed time for training SB3/TD3 [56].

3.1.3 Increased Configurability

In version 3, a few arguments existed that allowed the configuration of cer-
tain environment behaviors. However, these were removed in version 4. Ver-
sion 5 reintroduces the previously removed arguments and systematically
adds new arguments for the environments/frameworks to customize every
component of the reward function, termination conditions, and episode ini-
tial state distribution, and to include/exclude observation elements. For ex-
ample, the Ant environment now has the forward_reward_weight, ctrl_cost_weight,
and contact_cost_weight arguments, which allow for easy customization of the
reward function. Furthermore, this is also advantageous when used in con-
junction with the loading of third-party models.
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3.1.4 info fields

The functions env.reset() and env.step() in the gymnasium API re-
turn an info dictionary. This dictionary includes additional information
intended for the user rather than for the training algorithm. In version 5
of Gymnasium/MujoCo, the env.step() function provides more info and
now fully includes all reward components and non-observable state elements.
The env.reset () function now returns non-observable state elements in
the info dictionary, whereas previously it returned an empty dictionary.

3.1.5 Bug Fixes

¢ The coefficient of friction of Walker2D’s feet was different for each foot.
The coefficient of friction of the right foot was y = 0.9, while the left
foot had y = 1.9, resulting in an unnatural walking motion. This issue
has been rectified in version 5, wherein both feet now have a friction
coefficient of u = 1.9, resulting in a more natural walking motion.

* In the Pusher environment, the cylinder movable object’s density was
lighter than air, resulting in both unrealistic pushing behavior and
sometimes unexpected behavior. The density was increased to a more
realistic value.

* healthy_reward is a reward component that is given to the Ant, Hopper,
Humanoid, InvertedDoublePendulum, InvertedPendulum, and Walker2d en-
vironments when they are "healthy". By "healthy", we mean that they
have not fallen over. This incentivizes the training agent not to fall over.
In version 4 and earlier, the value of healthy_reward was constantly 1, re-
gardless of if the robot had actually fallen over. Now, in version 5, it is
given properly, resulting in faster early learning (the agent learns not
to fall over more quickly). Ensuring the proper functioning of this re-
ward component is imperative for the development of realistic robots,
as falling over can result in significant damage to the robot.

* The contact_cost is a reward component that penalizes the Ant and Hu-
manoid for taking actions that have high contact forces, but in version
4 and earlier, the value of contact_cost was constantly 0. In version 5, it
iS NOW Ceontact = Weonctact|| Feonctact||?, which did not have a significant
impact on the learning performance because of the low default value of
contact_cost_weight Weonctact = 0.5 - 1073, Ensuring the proper function-
ing of this reward component is imperative for realistic robots, as high
contact forces could potentially compromise their integrity.

* Reacher’s and Pusher’s reward function was calculated based on the pre-
vious state before it was updated for the new step, not the current state
after the step was executed. In practice, it did not have a significant
impact on learning performance with state-of-the-art RL algorithms
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but could theoretically cause training instability on other training al-
gorithms.

¢ Fixed several info fields.

- Ant:  Fixed info["reward_ctrl"] sometimes containing
contact_cost instead of ctrl_cost.

- Ant:  Fixed info["x_position"], info["y_position"]
and info["distance_from_.origin"] giving Xpos instead of
gpos state (XpOSs state are behind 1 mj_step()).

— Pusher and Reacher: Fixed info["reward_ctrl" ] notbeing mul-
tiplied by the reward weight.

3.1.6 Documentation

A substantial portion of the documentation has been revised, and numerous
technical inaccuracies have been rectified.

A full changelog of Gymnasium/MuJoCo-v5 can be found in appendix A.

mujoco

Ren[d]er every frame On

Switch camera (#cams = 2) [Tab] (camera ID = 0)
[C]ontact forces Off

T[rlansparent Off

Stop [Space]

Reterenc[e] frames Off

[Hlide Menu
| Cap[t]ure frame

Toggle geomgroup visibility 0-4

[F7s 88/
,Solver iterations 2

Step 20
timestep 0.00200

FIGURE 3.1: Unitree Gol Robot Model in a Gymnasium environ-
ment, with the objective to locomote as fast as possible while
minimizing total control. Code example at Listing 4

3.2 Offline RL Minari Datasets

Farama/Minari [48] is an API library for offline RL. A Minari dataset is a col-
lection of episode trajectories that can be used to train a reinforcement learn-
ing agent offline. For each timestep, the observation, action, reward, and next
observation are stored, in addition to termination, truncation signals, and
info dictionaries. We are providing RL datasets for all Gymnasium/MuJoCo
environments. A comprehensive list of these datasets can be found in Table
3.1. The datasets were created using a policy that was trained for a variable
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import gymnasium

env = gymnasium.make (
"Ant-v5', # Quadruped Framework
xml_file='./mujoco_menagerie/unitree_gol/scene.xml’,
forward_reward_weight=1,
ctrl_cost_weight=0.05,
contact_cost_weight=5e-4,
healthy_reward=1,
main_body=1,
healthy_z_range=(0.195, 0.75),
include_cfrc_ext_in_observation=True,
exclude_current_positions_from_observation=False,
reset_noise_scale=0.1,
frame_skip=25,
max_episode_steps=1000,

. # run your RL algorithm

LISTING 4: Example of loading the Unitree Gol Robot
Model in a Gymnasium environment and defining the re-
ward function parameters, observation space, starting
state distribution, simulation speed, and episode trun-
cation. More instructions can be found at the Tutorial:
https://gymnasium. farama.org/main/tutorials/
gymnasium_basics/load_quadruped_model/

length of time using stable baselines 3 algorithms [56]. Most environments
were trained using SAC [37], which produced optimal agent performance in
testing, but TQC [57] and PPO [36] were used for some environments.

Expert and medium datasets were created for the CartPole-based environ-
ments (InvertedPendulum and InvertedDoublePendulum). The expert dataset is
generated from an agent that never falls over, while the medium dataset is
from an agent that falls after 100 steps. Expert and medium datasets were
created for the Arm manipulation environments (Reacher and Pusher). The
expert dataset is from an agent that always achieves the objective quickly,
while the medium dataset is from an agent that achieves it most of the time
but slowly. Expert, medium, and simple datasets were created for the 2D
locomotion environments (HalfCheetah, Hopper, Walker2D). In the HalfCheetah
environment, the expert dataset is from an agent that runs as fast as possi-
ble with a natural motion. The medium dataset is from an agent that runs
fast but slower than the expert, and the simple dataset is from an agent that
runs slowly and occasionally falls over. In the Hopper environment, the ex-
pert dataset is from an agent that hops as fast as possible while remaining
upright with a natural motion. The medium dataset is from an agent that
hops fast while remaining mostly upright, and the simple dataset is from
an agent that hops slowly while remaining mostly upright. In the Walker2D
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environment, the expert dataset is from an agent that runs fast with a wide
gait and a natural motion. The medium dataset is from an agent that walks
fast, and the simple dataset is from an agent that walks slowly. In the Swim-
mer environment, the expert dataset is from an agent that swims fast with a
serpentine motion, while the medium dataset is from an agent that swims
slowly with a serpentine motion but also makes unnecessary movements. In
the Ant environment, the expert dataset is from an agent that gallops quickly
but occasionally falls over. The medium dataset is from an agent that walks
fast without falling over, and the simple dataset is from an agent that walks
slowly without falling over. In the Humanoid environment, the expert dataset
is from an agent that runs. The medium dataset is from an agent that walks
quickly, and the simple dataset is from an agent that walks slowly by slid-
ing its feet. Non-expert datasets are important for evaluating the robustness
of learning algorithms, as they provide more challenging scenarios. Expert
datasets may be too easy for the algorithms to learn from. In the real world,
learning often involves imperfect agents, such as humans.

The Datasets can be found at https://minari.farama.org/
datasets/mujoco/.

3.3 Other Robotics Environments

Gymnasium/MuJoCo offers not only a set of environments but also a base class
that is utilized across all environments in Gymnasium-Robotics, Gymnasium/-
MujoCo, MO-Gymnasium/MujJoCo [59], and a few third-party environments.
Consequently, a significant number of improvements to Gymnasium/MujJoCo
are inherited by those projects.

3.3.1 Gymnasium-Robotics/Maze-v5

The Gymmnasium-Robotics/Maze [60] contains environments in which a robot
navigates a maze to reach a designated goal. In version 4, the robot can be
either an abstract point or the Gymnasium/Ant robot. In version 5, the maze
environments are capable of utilizing any robot model that is supported by
Gymnasium/MuJoCo version 5 (example in Figure 3.2).

3.4 Gymnasium-Robotics/MaMuJoCo-vl frame-
work

MaMujoCo [49] is a set of multiagent factorizations [61] of Gym/MuJoCo (Fig-
ure 3.5). Agent factorization, as described by [61], is the process of decom-
posing the domainfls state-action space into subsets to be controlled by each
agent and defining the communications between the agents (Figure 3.3).

In the context of factorization, the action space A must be partitioned into
disjoint sub-action spaces (U;c;a; = A, Vi # ja;Na; = O) where [ is the
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FIGURE 3.2: Example of the Unitree Go2 robot inside a trivial
maze; the robot’s objective is to reach the red goal.:
env = gymnasium.make('AntMaze_UMaze-v5’,
xml_file="./mujoco_menagerie/unitree_go2/scene.xml",
maze_size_scaling=2, maze_height=0.4,
max_episode_steps=100)

Agent Factorization #0  Agent Factorization #1 ~ Agent Factorization #2  Agent Factorization #3

Agent #0 Agent #0

Agent #0 Agent #0 | Agent #1

Agent #1 Agent #1 | Agent #2

FIGURE 3.3: Agent factorization spaces, examples

index set of the action spaces. Furthermore, the observation space O can be
partitioned in accordance with the specifications set forth by the designer,
ranging from a scenario in which all agents have a comprehensive view of
the system! to one in which they only have access to the observations directly
associated with their actions.

The original implementation of MaMujoCo constituted the basis for
the subsequent developments of Gymnasium-Robotics/MaMuJoCo-v0 and
Gymnasium-Robotics/MaMuJoCo-vl. Here, we present the cumulative im-
provements resulting from both versions over the original version [49].

1. Based on Gymnasium/MuJoCo-v5 instead of Gym/MuJoCo-v2, and there-
fore inherits all their improvements, including the ability to utilize
third-party models with the xml_file argument.

2. Added support for custom agent factorizations and the gym_env argu-
ment, enabling the usage of environment wrappers. It can also be used
to load third-party Gymnasium.MujocoEnv environments, such as a

U1t is important to acknowledge that this configuration is not logically coherent. In
essence, this approach trains a single policy to generate a joint action for all agents within
the environment.
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FIGURE 3.4: Example Factorization of Boston Dynam-
ics’s spot with arm robot. The robot is factorized into
two agents: the quadruped agent and the arm agent.
Code example can be found in the Documentation:
https://robotics.farama.org/envs/MaMuJoCo/
#example-boston-dynamics-spot-arm-with-
custom-quadruped-arm-factorization

"quadruped | arm" factorization of spot with arm robot (Figure 3.4).

3. Uses PettingZoo APIs in lieu of an original API, allowing interoperabil-
ity with the existing infrastructure of multi-agent reinforcement learn-
ing algorithms implementations.

4. Added new functions:
MultiAgentMujocoEnv.map_global_action_to_local_actions(),
MultiAgentMujocoEnv.map_local_actions_to_global_action(),
MultiAgentMujocoEnv.map_global state to_local observations(),
MultiAgentMujocoEnv.map_local observations_to_global _state(),
which are useful for interoperation between factorized and single agent
environments.

5. General code cleanup, factorization, type hinting, adding documenta-
tion, and comments.

This constitutes a significant development, as it represents the inaugural
standardized framework for multi-agent factorizations, thereby enabling the
comparison of different algorithms on multi-agent factorized environments.
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FIGURE 3.5: Sample factorizations of the Gymnasium/Ant envi-
ronment in MaMujJoCo. Showing a vizualization the factorized
action spaces. (Top Left) Single agent factorization, (Top Right)
Two agent factorization, (Bottom Left) Two agent in a diagonal
factorization, (Bottom Right) four agent factorization.
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3.4. Gymnasium-Robotics/MaMuJoCo-v1 framework
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Chapter 4

Conclusions and Future Work

This thesis has presented an in-depth exploration and advancement in the
tield of RL, with a particular focus on its application within robotic systems.
The contributions aim to enhance both the capabilities and usability of RL en-
vironments, specifically through the development and enhancement of sev-
eral key frameworks.

First, we introduced Gymmnasium/MujoCo version 5, a significant advance-
ment that provides support for third-party robot models, performance im-
provements, increased configurability, enhanced information availability,
and numerous bug fixes. This framework not only improves upon its pre-
decessor but also lays the groundwork for future research by enabling re-
searchers to train physical robots using RL algorithms.

Second, we developed offline RL datasets for the Gymnasium/MuJoCo-v5 en-
vironments using the Minari API. These datasets offer a valuable resource for
testing and benchmarking RL algorithms in controlled environments, thus
facilitating more effective research and development.

Furthermore, we explored additional robotic environments through the de-
velopment of Gymnasium-Robotics/Maze-v5, which extends maze-based navi-
gation tasks to any robot model supported by Gymnasium/MuJoCo. This work
enhances the versatility and applicability of RL in real-world scenarios.

Lastly, we presented advancements in multi-agent reinforcement learning
through the development of the Gymnasium-Robotics/MaMuJoCo-v1 frame-
work. By leveraging agent factorizations and utilizing existing PettingZoo
APIs, this framework facilitates interoperability with a wide range of multi-
agent RL algorithms, providing a standardized platform for comparison and
evaluation.

In summary, the contributions made in this thesis have significantly ad-
vanced the state of the art in RL robotic environments. These developments
not only improve the functionality and usability of current frameworks but
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also pave the way for future research that will further enhance the capabil-
ities of intelligent agents in complex, dynamic environments. As reinforce-
ment learning continues to evolve, the frameworks and datasets developed
here are expected to play a crucial role in shaping the next generation of Al-
driven systems in robotics.

4.1 Future Work

Gymnasium-Robotics should be adaptable to the needs of ongoing RL re-
search, and any bugs that are found should be fixed. Parallelizing robotics
environments on GPUs/NPUs using MuJoCo-JAX is an ongoing develop-
ment topic.

Additional Minari datasets could be created for the Gymnasium/MuJoCo
framework, incorporating third-party robot models in addition to the in-
cluded ones.

Future versions of Gymnasium/MujJoCo could be extended to support addi-
tional robot types, such as aerial, aquatic, arms, and hands. Furthermore,
expanding the range of robot tasks within Gymnasium-Robotics would be ben-
eficial.

These projects are open to community contributions, and we encourage re-
searchers to submit their own environments and datasets.
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Appendix A

Gymnasium MuJoCo-v5 full
changelog

¢ General

e Ant:

Minimum muj0Co0 version is now 2.3.3.

Added support for fully custom/third party MuJoCo models using
the xml_file argument (previously only a few changes could be
made to the existing models).

Added default_camera_config argument, a dictionary for set-
ting the mj _camera properties, mainly useful for custom environ-
ments.

Added env.observation_structure, a dictionary for specify-
ing the observation space compose (e.g., qpos, qvel), useful for
building tooling and wrappers for the MuJoCo environments.

Return a non-empty info with reset(), previously an empty
dictionary was returned, the new keys are the same state informa-
tion as step().

Added frame_skip, used to configure the dt (duration of
step()), default varies by environment check environment doc-
umentation pages.

Fixed bug: healthy_reward was given on every step (even
if the Ant is unhealthy), now it is only given when the Ant is
healthy. The info["reward_survive"] is updated with this
change (related GitHub issue https://github.com/Farama-
Foundation/Gymnasium/issues/526).

The reward function now always includes contact_cost, before
it was only included if use_contact_forces=True (can be set


https://github.com/Farama-Foundation/Gymnasium/issues/526
https://github.com/Farama-Foundation/Gymnasium/issues/526
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to 0 with contact_cost weight=0).

— Excluded the cfrc_ext of worldbody from the observation
space, as it was always 0 and thus provided no useful infor-
mation to the agent, resulting in slightly faster training (related
GitHub issue https://github.com/Farama-Foundation/
Gymnasium/issues/204).

— Added the main_body argument, which specifies the body used
to compute the forward reward (mainly useful for custom MuJoCo
models).

- Added the forward_-reward weight argument, which defaults
to 1 (effectively the same behavior as in v4).

- Added the include_cfrc_ext.in_observation argument,
previously in v4 the inclusion of cfrc_ext observations was
controlled by use_contact_forces which defaulted to False,
while include_cfrc_ext_in_observation defaults to True.

- Removed the use_contact_forces argu-
ment (note: its  functionality has been replaced
by include_cfrc_ext_in_observation and

contact_cost weight) (related GitHub issue https:
//github.com/Farama-Foundation/Gymnasium/issues/
214).

— Fixed info["reward ctrl"] sometimes containing
contact_cost instead of ctrl_cost.

- Fixed info["x_position"] & info["y_position"] &
info["distance_from.origin"] giving Xxpos instead
of Qpos observations (Xp0S observations are behind 1
mj_step() more at https://github.com/deepmind/
mujoco/issues/889#issuecomment-1568896388) (related
GitHub issues https://github.com/Farama-Foundation/
Gymnasium/issues/521 & https://github.com/Farama-
Foundation/Gymnasium/issues/539).

- Removed info["forward.reward"] as it is equivalent to
info["reward_forward"].

e HalfCheetah:
— Restored the xml_file argument (was removed in v4).

— Renamed info["reward_run"] to
info["reward_forward"] to be consistent with the other
environments.


https://github.com/Farama-Foundation/Gymnasium/issues/204
https://github.com/Farama-Foundation/Gymnasium/issues/204
https://github.com/Farama-Foundation/Gymnasium/issues/214
https://github.com/Farama-Foundation/Gymnasium/issues/214
https://github.com/Farama-Foundation/Gymnasium/issues/214
https://github.com/deepmind/mujoco/issues/889#issuecomment-1568896388
https://github.com/deepmind/mujoco/issues/889#issuecomment-1568896388
https://github.com/Farama-Foundation/Gymnasium/issues/521
https://github.com/Farama-Foundation/Gymnasium/issues/521
https://github.com/Farama-Foundation/Gymnasium/issues/539
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¢ Hopper:

— Fixed bug: healthy_reward was given on every step (even if
the Hopper was unhealthy), now it is only given when the Hopper
is healthy. The info["reward_survive"] is updated with this
change (related GitHub issue https://github.com/Farama-
Foundation/Gymnasium/issues/526).

— Restored the xml_file argument (was removed in v4).

— Added individual reward terms in info
(info["reward_forward"], info["reward_ctrl"],
info["reward_survive"]).

— Added info["z_distance_from.origin"] which is equal to
the vertical distance of the “torso” body from its initial position.

e Humanoid:

— Fixed bug: healthy_reward was given on every step (even if the
Humanoid was unhealthy), now it is only given when the Humanoid
is healthy. The info["reward_survive"] is updated with this
change (related GitHub issue https://github.com/Farama-
Foundation/Gymnasium/issues/526)).

— Restored contact_cost and the corresponding
contact_cost.weight and contact.cost_range argu-
ments, with the same defaults as in Humanoid-v3 (was removed
in v4) (related GitHub issue https://github.com/Farama-
Foundation/Gymnasium/issues/504).

— Excluded the cinert & cvel & cfrc.ext of worldbody
and root/freejoint qfrc_actuator from the observation
space, as it was always 0 and thus provided no useful infor-
mation to the agent, resulting in slightly faster training (related
GitHub issue https://github.com/Farama-Foundation/
Gymnasium/issues/204)

— Restored the xml_file argument (was removed in v4).

— Added include_cinert_in_observation,
include_cvel_in_observation,
include gfrc_actuator_in_ observation,
include_cfrc_ext_.in.observation arguments to allow
for the exclusion of observation elements from the observation
space.

- Fixed info["x_position"] & info["y position"] &


https://github.com/Farama-Foundation/Gymnasium/issues/526
https://github.com/Farama-Foundation/Gymnasium/issues/526
https://github.com/Farama-Foundation/Gymnasium/issues/526)
https://github.com/Farama-Foundation/Gymnasium/issues/526)
https://github.com/Farama-Foundation/Gymnasium/issues/504
https://github.com/Farama-Foundation/Gymnasium/issues/504
https://github.com/Farama-Foundation/Gymnasium/issues/204
https://github.com/Farama-Foundation/Gymnasium/issues/204
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info["distance_from.origin"] returning Xpos in-
stead of Qpos based observations (Xp0S observations are
behind 1 mj_step() more at (github.com/deepmind/
mujoco/issues/889#issuecomment-1568896388) (related
GitHub issues https://github.com/Farama-Foundation/
Gymnasium/issues/521 & https://github.com/Farama-
Foundation/Gymnasium/issues/539).

Added info["tendon_length"] and
info["tendon_velocity"] containing observations of the
Humanoid’s 2 tendons connecting the hips to the knees.

Renamed info["reward_alive"] to
info["reward_survive"] to be consistent with the other
environments.

Renamed info["reward_linvel"] to
info["reward_forward"] to be consistent with the other
environments.

Renamed info["reward_quadctrl"] to
info["reward_ctrl"] to be consistent with the other en-
vironments.

Removed info["forward_reward"] as it is equivalent to
info["reward_forward"].

¢ HumanoidStandup:

Excluded the cinert & cvel & cfrc_ext of worldbody and
root/freejoint qfrc_actuator from the observation space,
as it was always 0, and thus provided no useful information to the
agent, resulting in slightly faster training (related GitHub issue
https://github.com/Farama-Foundation/Gymnasium/
issues/204).

Restored the xml_file argument (was removed in v4).

Added uph_cost weight, ctrl_cost.weight,
impact_cost.weight, impact_cost_range arguments to
configure the reward function (defaults are effectively the same as
in v4).

Added reset_noise_scale argument to set the range of initial
states.

Added include_cinert_in_observation,
include_cvel_in_observation,
include_qfrc_actuator_in_observation,


github.com/deepmind/mujoco/issues/889#issuecomment-1568896388
github.com/deepmind/mujoco/issues/889#issuecomment-1568896388
https://github.com/Farama-Foundation/Gymnasium/issues/521
https://github.com/Farama-Foundation/Gymnasium/issues/521
https://github.com/Farama-Foundation/Gymnasium/issues/539
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include_cfrc_ext_.in.observation arguments to allow
for the exclusion of observation elements from the observation
space.

- Added info["tendon_length"] and
info["tendon_velocity"] containing observations of the
Humanoid’s 2 tendons connecting the hips to the knees.

- Added info["x_position"] & info["y_position"]
which contain the observations excluded when
exclude_current_positions_from_observation ==
True.

— Added info["z_distance_from_origin"] which is the verti-
cal distance of the "torso" body from its initial position.

¢ InvertedDoublePendulum:

- Fixed bug: healthy_reward was given on every step
(even if the Pendulum is unhealthy), now it is only given
if the DoublePendulum is healthy (not terminated)(related
GitHub issue https://github.com/Farama-Foundation/
Gymnasium/issues/500).

— Excluded the gfrc_constraint ("constraint force") of the hinges
from the observation space (as it was always 0, thus providing
no useful information to the agent, resulting in slightly faster
training) (related GitHub issue
https://github.com/Farama-Foundation/Gymnasium/
issues/228).

— Added xml_file argument.

— Added reset_noise_scale argument to set the range of initial
states.

— Added healthy_reward argument to configure the reward func-
tion (defaults are effectively the same as in v4).

- Added individual reward terms in info (
info["reward_survive"], info["distance_penalty"],
info["velocity penalty"]).

¢ InvertedPendulum:

- Fixed bug: healthy_reward was given on every step (even
if the Pendulum is unhealthy), now it is only given if the
Pendulum is healthy (not terminated) (related GitHub issue
https://github.com/Farama-Foundation/Gymnasium/


https://github.com/Farama-Foundation/Gymnasium/issues/500
https://github.com/Farama-Foundation/Gymnasium/issues/500
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issues/500).
— Added xml_file argument.

- Added reset_noise_scale argument to set the range of initial
states.

— Added info["reward_survive"] which contains the reward.
e Pusher:

— Fixed bug: increased the density of the object to be higher
than air (related GitHub issue https://github.com/Farama-
Foundation/Gymnasium/issues/950).

— Added frame_skip argument, used to configure the dt (duration
of step()), default varies by environment check environment
documentation pages.

- Added xml_file argument.

- Fixed bug: reward_distance & reward_near was based on the
state before the physics step, now it is based on the state after
the physics step (related GitHub issue https://github.com/
Farama-Foundation/Gymnasium/issues/821).

— Added reward_near_weight, reward_dist weight,
reward_control_.weight arguments to configure the reward
function (defaults are effectively the same as in v4).

- Fixed info["reward_ctrl"] not being multiplied by the re-
ward weight.

- Added info["reward_-near"] which is equal to the reward
term reward_near.

e Reacher:

- Fixed bug: reward._distance was based on the state before
the physics step, now it is based on the state after the physics
step (related GitHub issue https://github.com/Farama-
Foundation/Gymnasium/issues/821).

— Removed "z - position_fingertip” from the observation space since
it is always 0 and therefore provides no useful information to
the agent, this should result is slightly faster training (related
GitHub issue https://github.com/Farama-Foundation/
Gymnasium/issues/204).

- Added xml_file argument.


https://github.com/Farama-Foundation/Gymnasium/issues/500
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— Added reward_dist weight, reward_control weight argu-
ments to configure the reward function (defaults are effectively the
same as in v4).

— Fixed info["reward_ctrl"] not being multiplied by the re-
ward weight.

e Swimmer:
— Restored the xml_file argument (was removed in v4).

- Added forward_reward weight, ctrl_cost weight, to con-

tigure the reward function (defaults are effectively the same as in
v4).

— Added reset_noise_scale argument to set the range of initial
states.

- Added exclude_current_positions_from_observation ar-
gument.

e Walker2d:

— In v2, v3 and v4 the models have different friction values for the
two feet (left foot friction == 1.9 and right foot friction
== 0.9). The Walker-v5 model is updated to have the same fric-
tion for both feet (set to 1.9). This causes the Walker2d’s the right
foot to slide less on the surface and therefore require more force
to move (related GitHub issue https://github.com/Farama-
Foundation/Gymnasium/issues/477).

— Fixed bug: healthy_reward was given on every step (even if
the Walker2D is unhealthy), now it is only given if the Walker2d
is healthy. The info "reward_survive" is updated with this
change (related GitHub issue https://github.com/Farama-
Foundation/Gymnasium/issues/526).

— Restored the xml_file argument (was removed in v4).

— Added individual reward terms in info
(info["reward_forward"], info["reward_ctrl"],
info["reward_survive"]).

— Added info["z_distance_from.origin"] which is equal to
the vertical distance of the "torso" body from its initial position.


https://github.com/Farama-Foundation/Gymnasium/issues/477
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Appendix B

Gymnasium-Robotics/MaMuJoCo
Full Changelog

B.1 Gymnasium-Robotics/MaMuJoCo-v1

¢ General

— Based on Gymmnasium/MuJoCo-v5 instead of Gymnasium/MuJoCo-v4
(https://github.com/Farama-Foundation/Gymnasium/
pull/572).

— When factorizatoion=None, the
env.gent action partitions.dummy_node now contains
action_id (it used to be None).

- Added map_local observations_to_global state
& optimized runtime performance of
map_global_state_to_local_observations.

- Added gym_env argument for using environment wrappers, also
can be used to load third-party Gymnasium.MujocoEnv environ-
ments.

e Ant

- Now observes local_categories of cfrc_ext by default
(same as Gymnasium/MuJoCo-v5/Ant).

- Renamed global node torso — root.
¢ Humanoid

- No longer observes qfrc_actuator of root & cinert,
cvel, qfrc_actuator, cfrc_ext of worldbody (same as
Gymnasium/MuJoCo-v5/Humanoid).

¢ Humanoid Standup


https://github.com/Farama-Foundation/Gymnasium/pull/572
https://github.com/Farama-Foundation/Gymnasium/pull/572
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- No longer observes qgfrc._actuator of root & cinert,
cvel, qfrc_actuator, cfrc_ext of worldbody (same as
Gymmnasium/MuJoCo-v5/HumanoidStandup).

* ManySegmentSwimmer

— Now uses the same option.timestep as Gymnasium/Swimmer
(0.01).

- Updated model to work with mujoco>=3.0.0.
o Walker2d

— Fixed bug: global nodes are now [root_x, root.z, root.y]
(used tobe [root x, rootx, root_z]).

B.2 Gymnasium-Robotics/MaMuJoCo-v0

* General
— Based on Gymnasium/MuJoCo-v4 instead of Gym/MujJoCo-v2.
— Uses PettingZoo APIs instead of an original APL
— Added support for custom agent factorizations.

— Added new functions
MultiAgentMujocoEnv.map_global_action_to_local_actions,
MultiAgentMujocoEnv.map_local_actions_to_global_action,
MultiAgentMujocoEnv.map_global state to_local observations.

e Ant
— Fixed diagonal factorization ("2x4d") not being diagonal.

— Fixed Global observations (The Ant’s Torso: rootx, rooty,
rootz) not being observed.

— Changed action ordering to be same as Gymnasium/MuJoCo/Ant.

¢ Coupled Half Cheetah

— Fixed action mapping of the second cheetah (It would previously
not work)

— Fixed tendon Jacobean observations

— Added/Fixed Global observations (The Cheetahes’s front tips:
rootxs, rootys, rootzs) not being observed.
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- Improved node naming

— Changed action ordering to be same as Gymnasium/Mu]jo-
Co/HalfCheetah.

e Half Cheetah

- Added/Fixed Global observations (The Cheetah’s front tip:
rootx, rooty, rootz) not being observed.

— Changed action ordering to be same as Gymnasium/Mujo-
Co/HalfCheetah.

* Hopper

— Fixed Global observations (The Hopper’s top: rootx, rooty,
rootz) not being observed.

¢ Humanoid

— Added/Fixed Global observations (The Humanoids’s torso:
rootx, rooty, rootz) not being observed.

— Fixed abdomen observations ordering.
- Added support for body observations (cvel, cinert, cfrc_ext)

— Changed action ordering to be same as Gymnasium/MuJoCo/Hu-
manoid.

¢ Humanoid Standup

— Added/Fixed Global observations (The Humanoids’s torso:
rootx, rooty, rootz) not being observed.

— Fixed abdomen observations ordering.
— Added support for body observations (cvel, cinert, cfrc_ext)

— Changed action ordering to be same as Gymnasium/MuJoCo/Hu-
manoid.

e Reacher

- Added/Fixed Global observations (The Targets’s coordinates:
targetx, targety) not being observed.

e Swimmer

— Added/Fixed Global observations (The Swimmer’s front tip:
free_body_rot) not being observed.
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e Walker2d

— Added/Fixed Global observations (The Walker’s top: rootx,
rooty, rootz) not being observed.
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Appendix C

Centralized Critic Experiment

We tested the performance of TD3 [33], MATD3 [62] and MATD3 with a cen-
tralized critic (MATD3-cc)! on MujoCo/Ant. As illustrated in Figure C.1, the
results demonstrate first that the baseline of single Agent TD3 is the best per-
forming case. Secondly, a comparison of MATD3 and MATD3-cc reveals that
MATD3-cc exhibits superior performance across all factorizations. Thirdly,
an examination of the performance of different factorizations reveals that the
Ant/2x4 factorization performs similarly to the Ant/2x4d factorization, while
the most decentralized factorization, Ant/4x2 performs the worst.

Algorithm 1 presents the MATD3-cc algorithm, which is a modification of
MATD3 that utilizes a centralized critic.

Further research is required to investigate the advantages and disadvantages
of centralized critic approaches in cooperative environments. It is possible to
apply the centralized critic in other actor-critic multi-agent algorithms. Prior
to this work, the centralized critic has previously been utilized in COMA
[63], yet a comparison with a decentralized critic has not been conducted.
To date, there hasn’t been sufficient comparative analysis of centralized and
decentralized /independent critics, the only existing work in this area is that
of [64].

C.1 Centralized Critic Re-use Policy Reconstruc-
tion Across Different Factorizations

A noteworthy similarity of the TD3 and MATD3-cc algorithms is the sharing
of the critic architecture across all factorizations. Consequently, a trained
critic can be utilized in any of these factorizations by simply reusing it.

As shown in Figure C.1, the best policy of single agent TD3 achieved a re-
turn of 6556.94. Upon reusing the corresponding critic, Ant/2x4 gave a return
of 6154.69, Ant/2x4d gave a return of 6196.59, and Ant/4x2 gave a return of

! An alternative full name would be "Multi Agent Centralized Twin Delayed Critic Deter-
ministic Policy Gradient"
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Algorithm 1: MATD3 with Centralized critic.

Data: Hyperparameters:
¢ Discount factor 7y
e Network architectures
* Experience Replay Buffer Size R B,
Mini batch sizes M Bjjze—q, MBsize—
* Target update rates 7o, 7
Initialize the Experience Replay Buffer R, networks Q, 7r; with
parameters 6, 0, target networks Q’, 77/
for timestep € {1, .., Tpray } do
select (a1, ...,aN) ~ 71i(0;) + €, € ~ Noy Iy-o
step with actions (a3, ..., ax), get local observation (07, ..., 0}), global
reward 7, terminated signal T
store transition (01, ...,0n, 41, ...,an, 1, T,0}, ..., 0)y) in RB
01, ..., ON = 01, ..., 0y
# Update Centralized Twin Critic
Sample a random mini-batch of M B;;,,_ g samples
(03, ..., 0’;\], al, ...,a?\], rt, ot ...,og\b], T?) from RB
ay, .., ay = nf(o’lb, ...,of}) +¢€, € ~clip(Nyr, £c’)
y =1+ =T -min(Qg (0, ..., 0%, ), ..., aly))
update twin critic 0 < mslize——Q Yoy — Qg(oll’, ey 0?\]/ all’, ...,all’\[))2
if t mod d then
# Update Actors

foragentic1,..,N do
Sample a random mini-batch of M Byj,,_  samples

(ob,ab, _,_,_) from RB
Update policy 7w with deterministic policy gradient:
VO] (0r;) =
MB:izefn Zb V(;?Tgni (of?)Vain (Ob, al{, ceny 7[9711- (Oi)/ ceey LZZI?\[)
# Update target networks
HIQ < TQ@Q + (1 — TQ)@lQ
0, < 20+ (1 — )0/,
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FIGURE C.1: Experiments on MuJoCo/Ant and MaMujJoCo/Ant

with TD3, MATD3, and MATD3-cc. The X-axis shows the train-

ing time steps, and the Y-axis shows the max agent episodic
return.

(Blue Line, 1st in legend) Single Agent TD3.

(2nd, 3rd, 4th in legend) MATD3 of the various factorized cases.

(5th, 6th, 7th in legend) MATD3-cc of the various factorized
cases.

6270.75. The discrepancy in performance can be attributed, at least in part, to
the inability to identify the optimal critic through the training process.

This training paradigm may be considered as an alternative to Centralized
Training Decentralized Execution (CTDE), in which the multi-agent system is
trained using global observation elements not available to individual agents
during execution [65]. The training paradigm we used is that of Single Agent
Training Transfer to Decentralized Execution (SATDE), in which a single
agent is trained, and then the policy is transferred to a multi-agent system
through the reuse of the centralized critic. However, additional testing is
necessary to substantiate the efficacy of this approach.
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Appendix D

Impact of Contact Forces
Observations on Quadruped
Experiment

The Gymnasium/MuJoCo/Ant’s observation space, consists of three compo-
nents: the position of the body parts (04p0s), the velocity of those parts (04.1),
and external contact forces of those parts from the ground (0 f/c ext)-

The MujJoCo/Ant was tested with and without the external contact forces ob-
servation elements (0. f/c_ext)- The results of SAC and TD3 are shown in Fig-
ure D.1, we also tested PPO and A2C, but they did not produce useful results.
Two points are evident from the results: First, SAC outperforms TD3 (same
as [66]). Secondly, when external contact forces are excluded, superior per-
formance is observed, although the episode variance is markedly elevated.
This can be attributed to the higher effective exploration rate, which can be
attributed to the observation-action space representing a smaller percentage
of the total space being explored.

Indeed, the performance was markedly superior, reaching a record-breaking
level in comparison to all previous bests. The return was approximately
+900 points higher than the previous best (Table D.1). This policy was used
for the Minari’s Ant-expert dataset!

An identical test was conducted on the Unitree Gol robot, (Figure D.2). As
with the MuJoCo/Ant-v5 robot, a clear performance improvement was ob-
served when external contact forces were not present, accompanied by a
slight increase in training variance. One potential explanation for this dis-
crepancy is that the agent is more adept at maintaining its balance while run-
ning (Figure D.3).

11t should be noted that there was a discrepancy between the return performance dif-
ference 6702.535 # 6683.96. This can be attributed to the use of different versions of the
MuJoCo simulator. The aforementioned experiments were conducted using version 2.3.3,
whereas the Minari datasets were created using version 3.2.3.
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Algorithm Environment | Best episodic return

RLzoo’s TD3 (Previous best) Ant-v3 5813.274
Mine TD3 without CTN Ant-v4 6169.537
Mine TD3 with CTN Ant-v4 5284.448
Mine TD3 without CTN Ant-v5 5692.833
Mine TD3 with CTN Ant-v5 5975.278
Mine SAC without CTN Ant-v5 6702.535
Mine SAC with CTN Ant-v5 6582.3189

TABLE D.1: Comparison of learning algorithms and the impact
of o, frc_ext iN the Ant environment.
Note: even though we are comparing different revisions of
Gymnasium/MuJoCo/Ant, the differences are within £2%.

SB3 on MujoCo/Ant, for 10 Runs, episodic returns

—— v5 with ctn (TD3)

v5 without ctn (TD3)
—— V5 with ctn (SAC)
6000 - —— v5 without ctn (SAC)

4000 1

2000

—2000 (

0.00 0.25 0.50 0.75 100 125 150 175 2.00
le6

FIGURE D.1: Experiment on MuJoCo/Ant-v5, The X-axis shows
the training time steps, and the Y-axis shows the maximum
agent episodic return.

Two Algorithms show here are TD3 and SAC, with subcases
for with and without external contact forces being observed

(chrc_ext)-
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SB3 on MujoCo/gol, for 10 Runs, episodic returns

— with ctn (SAC)
without ctn (SAC)
4000 A

3000 A

2000

1000 A

le6

FIGURE D.2: Experiment on Unitree Gol, The X-axis shows the
training time steps, and the Y-axis shows the maximum agent
episodic return.

Two Algorithm show here is SAC, with subcases for with and
without external contact forces being observed (0. frc_ext)-

SB3 on MujoCo/gol, for 10 Runs, episodic lengths

—— with ctn (SAC)
without ctn (SAC)

e A

1000 4

600 1

200 4
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FIGURE D.3: Experiment on Unitree Gol, The X-axis shows the
training time steps, and the Y-axis shows the average episode
length.

Two Algorithm show here is SAC, with subcases for with and
without external contact forces being observed (0. frc_ext)-
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