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Abstract

Autonomous mobile robots have the potential to transform industries by performing
various tasks, such as material handling and transportation. As technology advances
towards dynamic robots capable of interacting with their environments, controlling these
systems becomes increasingly challenging. Learning-based control offers a promising
approach, enabling robots to adapt to new tasks based on their experiences in dynamic
environments. Such adaptability is crucial for success in real-world applications.
This dissertation explores Guided Reinforcement Learning (RL) methodologies aimed at
addressing common challenges such as training speed, policy performance, and the transfer
from simulation to reality, all of which are essential for deploying robots in real-world
scenarios. The first part of this thesis introduces a novel taxonomy for Guided RL that
systematically incorporates external knowledge sources, including expert demonstrations
and prior experiences. This approach enhances the efficiency and effectiveness of the
training process. The dissertation also includes a comprehensive survey of Guided RL
methods and practical guidelines for their application in various robotics contexts, allowing
researchers and practitioners to choose the most suitable strategies for their specific needs.
The second part includes an extensive case study on learning-based control for evoBOT, a
dynamic two-wheeled robot developed by the Fraunhofer Institute for Material Flow and
Logistics IML. This study illustrates how Guided RL techniques can significantly improve
learning-based control, resulting in rapid training, robustness against disturbances, and
successful transfer of trained policies to the physical robot. Lastly, the thesis introduces a
generalized action space for robot control, providing a formulation that operates directly at
the torque level. Benchmarking evaluates the impact of different action spaces on training
efficiency and policy performance across multiple robotic platforms, offering valuable
insights into optimizing control strategies.
Overall, this work contributes to the advancement of robot learning, offering valuable
insights and methodologies for effectively training and implementing learning-based control
strategies in complex, dynamic robotic systems. Therefore, this work lays the groundwork
for improving the capabilities of autonomous robots in real-world applications, promoting
greater integration of robotics into everyday life. Key results of this work, including
publications, the robot simulation model, and the training code, are available for open
access to encourage further research in this field.

Keywords: Embodied AI, Robotics, Reinforcement Learning, Dynamic Locomotion,
Two-Wheeled Robot, Physics Simulation, Sim-to-Real Transfer, Action Space Design.



Kurzfassung

Autonome mobile Roboter haben das Potenzial die Industrie zu transformieren, indem
sie verschiedene Aufgaben wie Materialhandhabung und Transport übernehmen. Mit
dem technologischen Fortschritt hin zu dynamischen Robotern, die mit ihrer Umgebung
interagieren können, wird die Steuerung dieser Systeme immer komplexer. Lernbasierte
Regelung bietet einen vielversprechenden Ansatz, der es den Robotern ermöglicht, sich
auf der Grundlage ihrer Erfahrungen in dynamischen Umgebungen an neue Aufgaben
anzupassen. Eine solche Anpassungsfähigkeit ist entscheidend für den Erfolg in realen
Anwendungen.
Diese Dissertation bietet eine umfassende Untersuchung von Methoden des geführten
Verstärkungslernens (Guided Reinforcement Learning, RL), welche darauf abzielen die
Trainingsgeschwindigkeit und Performance zu verbessern, sowie die Übertragbarkeit der
lernbasierten Regler von der Simulation auf die realen Roboter zu ermöglichen. Der erste
Teil dieser Arbeit stellt eine neuartige Taxonomie für Guided RL vor, die systematisch
externe Wissensquellen einbezieht. Dieser Ansatz steigert die Effizienz und Effektivität des
Trainingsprozesses. Die Dissertation enthält auch eine umfassende Studie zu Guided RL
Methoden sowie praktische Richtlinien für deren Anwendung in verschiedenen Kontexten
der Robotik, die es Forschern und Anwendern ermöglichen, die am besten geeigneten
Strategien für ihre individuellen Anforderungen auszuwählen. Der zweite Teil der Ar-
beit enthält eine umfassende Fallstudie zur lernbasierten Regelung von evoBOT, einem
dynamischen zweirädrigen Roboter, der vom Fraunhofer-Institut für Materialfluss und
Logistik IML entwickelt wurde. Diese Studie veranschaulicht, wie Guided-RL-Techniken
die gelernten Regler erheblich verbessern können, was zu schnellerem Training, Robus-
theit gegenüber Störungen und der erfolgreichen Übertragung der trainierten Regler auf
den physischen Roboter führt. Schließlich wird im dritten Teil dieser Arbeit ein ver-
allgemeinerter Aktionsraum für die Robotersteuerung eingeführt, der eine Formulierung
bietet, die direkt auf Drehmomentebene arbeitet. Dieser Aspekt der Arbeit bewertet
die Auswirkungen verschiedener Aktionsräume auf die Performance gelernter Regler für
verschiedene Roboterplattformen und bietet wertvolle Einblicke in die Optimierung von
Regelungsstrategien.
Insgesamt leistet diese Arbeit einen Beitrag zur Weiterentwicklung des Roboterlernens
und bietet wertvolle Einblicke und Methoden für ein effektives Training und die Imple-
mentierung lernbasierter Regelstrategien in komplexen, dynamischen Robotern. Somit
legt diese Arbeit den Grundstein für die Verbesserung der Fähigkeiten autonomer Roboter
in realen Anwendungen und das tägliche Leben. Zentrale Ergebnisse dieser Arbeit, ein-
schließlich der Veröffentlichungen, des Simulationsmodells und des Trainingscodes, sind
frei zugänglich, um die weitere Forschung auf diesem Gebiet zu fördern.

Schlagworte: Embodied AI, Robotik, Reinforcement Learning, Dynamische Fortbewe-
gung, Zwei-Rädriger Roboter, Physiksimulation, Sim-to-Real-Transfer, Aktionsraum.
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1
Introduction

This introduction outlines the scope of the dissertation, which aims to advance the field
of robot learning. It begins with a motivation for advanced robotic systems, highlighting
learning-based control as a promising avenue for automation. Following this, the chapter
outlines the specific objectives, research questions this thesis aims to address, and the
scientific contributions made in this area. Finally, a brief overview of the structure of the
thesis is provided.

1.1. Motivation

Humanity has always been fascinated by the potential of intelligent robots to assist with
everyday tasks. These machines are designed to perform jobs that are too dangerous,
heavy, or repetitive for humans to handle regularly. To operate autonomously, they
require cognitive reasoning similar to that of humans. Recent advancements in artificial
intelligence (AI) have created new opportunities for developing these cognitive abilities in
autonomous systems. This progress could transform not only industries but also everyday
life by enhancing human capabilities and improving the overall quality of life.
Embodied AI, also known as physical AI, explores the integration of AI into physical
systems, such as robots, enabling them to interact meaningfully with their surroundings
[80, 46]. This field encompasses all aspects of interaction and learning, from perception and
understanding to reasoning, planning, and execution. Unlike traditional AI models that
often operate in abstract, virtual environments, Embodied AI emphasizes the importance
of physical presence and interaction. An AI system learns and understands its environment
through direct engagement, similar to how humans and animals learn through exploration
and interaction.
In line with the Triangular AI paradigm, one approach to advancing Embodied AI involves
structuring machine learning (ML) methods to enhance the perception and planning of
complex interactions between agents and their environments [193]. This methodology
enables agents to learn from limited experiences and adapt their behavior accordingly.
Simulation plays a critical role in creating a digital reality where agents can learn, relearn,
and validate their actions [95]. The practical application of Embodied AI demonstrates
its relevance beyond theoretical interests, impacting various domains such as logistics,
manufacturing, and production.

1



Chapter 1. Introduction

The growing significance of automation in various industries is fueled by labor shortages,
increasing efficiency demands, and the potential for enhanced productivity. The logistics
sector, in particular, faces significant challenges, such as an aging workforce and rising
consumer expectations for faster delivery times. As a result, companies are looking for
solutions that improve operational efficiency while intuitively supporting their human
workers. This has led to advancements in the use of Autonomous Mobile Robots (AMRs)
[179]. Unlike traditional automation systems that depend on installed infrastructure,
these robotic systems are equipped with advanced sensors and AI algorithms, enabling
them to perceive and interact with their environments. This technology allows robots to
make real-time decisions and carry out complex tasks independently, ultimately improving
throughput and operational effectiveness in logistics applications [197].

The ability of robots to interact with and explore their environments has become a signif-
icant focus of research and development in the robotics community. As a result, the next
generation of robotic systems will integrate both locomotion and manipulation skills to
interact effectively with their surroundings. This emphasis on the synergy between these
two skills, known as loco-manipulation [57], has led to various innovative robotic designs.
For example, humanoid robots are versatile machines that replicate human functions,
utilizing two legs for movement and two arms for handling objects [191]. Additionally,
quadrupedal robots, which move using four legs, have been enhanced with robotic manip-
ulators to interact with different objects [117]. Hybrid legged-wheeled robots have also
been developed, combining the agility of legs with the speed of wheels, thus broadening
the capabilities of mobile manipulation systems [198].

As robotic technology continues to advance, the complexity of control mechanisms is
increasing significantly. While four-wheeled robots benefit from inherent stability, the
next generation of robotic systems requires more advanced control strategies. For instance,
humanoid and two-wheeled robots need active control to maintain balance. Furthermore,
integrating handling tasks, such as lifting or transporting objects, adds another layer of
complexity. The recently introduced evoBOT (see Fig. 1.1) is a dynamic and flexible mobile
robot that operates on the principles of an inverted pendulum. This robot exemplifies
the challenges of modern robotics by incorporating arms that allow for simultaneous
manipulation skills [99]. Designing control systems for these advanced robots becomes
increasingly intricate, especially when dealing with tasks that involve high dynamics and
uncertainties in real-world environments.

Learning-based control has emerged as a promising approach to address challenges in
robotics. In particular, reinforcement learning (RL) has shown significant success in
robot control applications, enabling robots to learn from experience in a manner similar to
humans [186]. This paradigm shift allows robots to progressively improve their performance
by interacting with their environments and adjusting their behaviors based on feedback
[100, 82, 182]. Unlike model-based controllers that depend on predefined rules, learning-
based methods empower robots to adapt autonomously to new tasks and environments.
This adaptability is crucial for applications that involve uncertainties and unmodeled
effects of the real world, especially in dynamic settings. Robots trained using RL have
demonstrated resilience across various challenges, including dexterous manipulation [146],
robust navigation [77], and dynamic locomotion [104] tasks.
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1.2. Objective and Contributions

This thesis aims to advance the field of robot learning by accelerating the training process
and enhancing performance for real-world robotic applications. This section will present
the three primary research questions associated with this objective and the scientific
contributions of this thesis.

Guided Reinforcement Learning

RL offers a promising approach to learning-based control in robotics, enabling agents
to acquire skills like human learning through trial-and-error interactions with their en-
vironments. However, challenges such as training speed (efficiency), policy performance
(effectiveness), and the transfer of learned behaviors from simulations to reality (sim-to-
real) continue to pose obstacles to broader implementation.
To address these issues, guiding the data-driven training process with external knowledge,
such as expert demonstrations or previous experiences, has emerged as a viable solution.
This approach facilitates more efficient and effective training for real-world scenarios.
Research contributions to hybrid learning for Embodied AI often come from various
disciplines, highlighting the need for a structured overview. Therefore, the first research
question relevant to this thesis can be formulated as follows:

Research Question I: How can external knowledge sources be systematically incor-
porated into RL training to enhance efficiency, effectiveness, and sim-to-real transfer?

This thesis explores the field of robot learning through the lens of the research question
regarding Guided RL. Key contributions associated with this research question include:

• Contribution I.A: A novel taxonomy for Guided RL serves as a modular toolbox
that integrates various knowledge sources into the RL training pipeline.

• Contribution I.B: A comprehensive survey of Guided RL methods, focusing on
problem representations, learning strategies, task structures, and sim-to-real.

• Contribution I.C: Practical guidelines to select Guided RL methods for typical
robotics applications, including locomotion, manipulation, and navigation tasks.

For more detailed information about the concept of Guided RL and the associated contri-
butions, please refer to Chapter 3.

Case Study: Learning-based Control for evoBOT

Building upon the foundations of Guided RL, this thesis aims to develop learning-based
control methods for a dynamic and challenging real-world robotic system. The two-wheeled
robot evoBOT, developed by the Fraunhofer Institute for Material Flow and Logistics
IML, is selected as a case study platform for this research (see Fig. 1.1). With a weight
of 50 kg and a maximum arm reach of 1.5 m, evoBOT can handle many objects, making
it suitable for various applications.

3



Chapter 1. Introduction

© Fraunhofer IML

Figure 1.1.: evoBOT developed by Fraunhofer IML. A highly dynamic and flexible two-wheeled
robot used as case study for learning-based control of challenging systems within this thesis [62].

evoBOT is a highly flexible mobile robot that can reach up to 10 m/s, representing a new
class of robotic systems operating on the principle of an inverted pendulum. Therefore,
the findings from this research contribute to the broader field of robotics, enhancing the
understanding of how learning-based approaches can be effectively applied to dynamic
and versatile robotic systems.
The learning-based controller is supposed to fulfill the following requirements:

• Training within a few minutes from scratch for fast iteration speed (Efficiency).

• Save training in simulation to prevent damage to the real robot (Efficiency).

• Fast control reaction times utilizing the dynamic limits of the robot (Effectiveness).

• Robustness against both internal and external disturbances (Effectiveness).

• Policies should be transferable from simulation to the real robot (Sim-to-Real).

• Seamless integration of trained policies into the robot’s firmware (Sim-to-Real).

Consequently, the most promising methods from the Guided RL taxonomy are selected to
enhance the efficiency and effectiveness of the real-world robotic application. In particular,
the second research question explored in this thesis is as follows:

Research Question II: How can Guided RL methods improve the efficiency and
effectiveness of learning-based control for the two-wheeled mobile robot evoBOT?

4



1.2. Objective and Contributions

This thesis thus also contributes to the technical advancements and insights necessary for
training two-wheeled mobile robots, such as evoBOT, in complex and dynamic tasks. The
key contributions related to this research question are as follows:

• Contribution II.A: A robust RL framework designed for highly dynamic motions,
including robust balancing and whole-body locomotion with object handling.

• Contribution II.B: A reference study aimed at minimizing the sim-to-real gap for
highly dynamic two-wheeled robots, using real-world measurements.

• Contribution II.C: An initial pipeline to deploy policies trained in simulation onto
the physical robot in real-time critical control applications.

For detailed technical information regarding implementing the learning-based controller
in the case study, please refer to Chapter 4.

Generalized Action Space for Robot Control

The case study demonstrates that highly dynamic tasks in training are significantly influ-
enced by the control commands that a neural network can direct to a real robot, commonly
referred to as the action space in RL. Typically, robots operate within an action space
defined by physics. For instance, electric actuators utilize current to track torque through
a high-frequency control loop. While RL policies can directly output torque values, many
research papers use alternative action spaces such as joint position, joint velocity, or
task-space setpoints. These values are then converted into torques using feedback laws.
However, practitioners often rely on intuition when selecting action spaces in RL. There-
fore, it would be beneficial for the community to have a method for identifying the most
efficient and effective action space for their robotic tasks. Finally, the third research
question addressed in this thesis is as follows:

Research Question III: How does action space design affect the performance of
learning-based control strategies across various robot morphologies and learning tasks?

This thesis also contributes to developing and evaluating a novel action space for robot
control. Specifically, the contributions include:

• Contribution III.A: A formulation of a generalized action space for configuration-
based robot learning that operates directly at the torque level.

• Contribution III.B: Benchmarking the impact of action spaces on training speed
(efficiency) and policy performance (effectiveness) across multiple robot platforms.

• Contribution III.C: Practical guidelines for action space selection, considering
robot dynamics, parameter selection, control frequencies, and sim-to-real transfer.

For technical details about the generalized action space and its application to various
robotic platforms, please refer to Chapter 5.
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1.3. Outline of the Thesis

Based on these contributions, this thesis consists of seven chapters (see Fig. 1.2). Below
is a summary of each chapter to facilitate easy navigation through the document.

Chapter 1 (Introduction) motivates the problem and outlines the overall objective and
specific contributions of this thesis. It also provides an overview of the thesis structure.

Chapter 2 (Related Work) summarizes the current state of learning-based control, high-
lighting the research gap and unique aspects of the approach.

Chapter 3 (Guided RL) investigates the integration of additional knowledge into the RL
pipeline to improve training efficiency, performance, and sim-to-real transfer.

Chapter 4 (Case Study) demonstrates the application of Guided RL to improve the
efficiency and effectiveness of learning-based control for the two-wheeled robot evoBOT.

Chapter 5 (Action Space) proposes a generalized parametrization of action spaces and
benchmarks its impact on a diverse set of robot platforms and tasks.

Chapter 6 (Conclusion) summarizes the contributions and findings of the thesis and
provides recommendations for future research.

Case Study

Generalization

Conclusion

Research

Approach

1 Introduction 2 Related Work

3 Guided Reinforcement 
Learning

5 Generalized Action Space 
for Robot Control

6 Conclusion and
Future Work

Survey Study

Model & 
Training Code

Benchmarking
Study

Open-Source 
Contributions

4 Learning-based Control 
for evoBOT

Figure 1.2.: Overview of the thesis structure. The interconnection of chapters is highlighted
along with the related open-source contributions.
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2
Related Work on Robot Learning

This chapter provides a comprehensive overview of the latest advancements in RL for robot
control. It begins with a mathematical formalization of the RL problem, followed by an
explanation of neural networks and algorithms. The discussion then explores the concept
of inductive bias in RL, emphasizing its importance in tackling challenges related to robot
control. The section on RL for dynamic motions examines the application of RL to various
complex tasks and platforms, underscoring the necessity of robust training under sim-to-
real conditions. Additionally, the discussion on action space design in RL highlights how
the choice of action spaces can affect learning efficiency and overall performance. Finally,
the current state of the art in the field of robot learning is summarized.

2.1. Reinforcement Learning (RL)

Introduction to RL in Robotics

RL is a subfield of ML that focuses on how agents can learn to make decisions by in-
teracting with an environment. It represents a promising methodology for addressing
decision-making challenges by emulating human behavior through trial-and-error inter-
actions. In recent years, RL has exhibited remarkable advancements across a diverse
array of complex tasks, including traditional strategy games, real-time computer games
[147], and applications within the field of robotics [7]. It has effectively been employed
to tackle continuous control problems [115], encompassing dynamic locomotion [104, 168,
180], robot navigation [77, 32, 88], and dexterous manipulation [146, 24, 86]. These ac-
complishments are predicated upon the data-driven nature of the approach, facilitating
extensive exploration of the solution space.

Markov Decision Process

Mathematically, at the core of RL is the Markov Decision Process (MDP), which provides
a formal framework for modeling decision-making scenarios [186]. In RL, an agent observes
the current state of the environment, selects actions based on a policy, and receives rewards
as feedback for its actions. The primary goal of the agent is to maximize the cumulative
reward over time (see Fig. 2.1).
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Agent

(e.g. Robot)

Environment

(virtual / real)

Rewards 𝑅𝑡 (Optimization)

Actions 𝐴𝑡 (Motors)

Observations 𝑂𝑡 (Sensors)

Figure 2.1.: Overview of RL based on Markov Decision Processes in the context of robotics.
Sensory observations and related rewards are processed by the agent to generate a set of actions.

An MDP is characterized by a set of states S, commonly referred to as observations O

in robot learning, a set of actions A, a transition function P (s′|s, a), a reward function
R(s, a), and a discount factor γ ∈ [0, 1).
A policy π(a|s) determines the probability of taking action a in state s. The agent aims
to learn an optimal policy that maximizes the cumulative expected reward over time.
To evaluate the effectiveness of a policy, we define the State Value Function V (s) as:

V (s) = E
[ ∞∑

t=0
γtR(st, at)|s0 = s

]
(2.1.1)

This function represents the expected return starting from state s and following the policy
π. The Action Value Function Q(s, a) is defined as:

Q(s, a) = E
[ ∞∑

t=0
γtR(st, at)|s0 = s, a0 = a

]
(2.1.2)

This function estimates the expected return for taking action a in state s and then following
the policy π. To relate these value functions, we use the Bellman Equations. For the value
function, we have:

V (s) =
∑

a

π(a|s)
∑
s′

P (s′|s, a) (R(s, a) + γV (s′)) (2.1.3)

This equation decomposes the value of a state into the expected rewards from taking
actions and transitioning to subsequent states. The action value function is expressed as:

Q(s, a) =
∑
s′

P (s′|s, a)
(

R(s, a) + γ
∑
a′

π(a′|s′)Q(s′, a′)
)

(2.1.4)

Neural Networks

In the field of robotics, deep learning techniques are frequently used to approximate value
functions in RL [7, 113]. These neural networks are capable of processing high-dimensional
inputs, which makes them well-suited for environments represented by complex data.
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These approaches, also known as Deep Reinforcement Learning (DRL), will be referred
to as RL in the remainder of this thesis. The neural network approximating the action
value function Q(s, a) is trained using a loss function defined as:

L(θ) = E
[
(y −Q(s, a; θ))2

]
(2.1.5)

where y is the target value defined as:

y = R(s, a) + γ max
a′

Q(s′, a′; θ−) (2.1.6)

Here, θ are the parameters of the neural network, and θ− represents the parameters of a
target network, which stabilizes learning by providing consistent targets.
A practical example of RL can be seen in the game of Go [181], where the agent learns
to play against itself or human players. The state s can be represented by the board
configuration, while the actions a correspond to placing a stone in one of the empty
intersections. The reward function R(s, a) is typically defined as +1 for winning, -1 for
losing, and 0 for a draw or non-terminal state.
The agent uses a neural network to approximate the action value function Q(s, a), learning
from numerous games played. Over time, through trial and error, the agent refines its
policy π, becoming increasingly adept at selecting moves that lead to victory. This
combination of deep learning and RL enables the agent to develop complex strategies,
surpassing human-level performance in the game.

Proximal Policy Optimization

One popular algorithm in the RL landscape is Proximal Policy Optimization (PPO) [175].
PPO is designed to stabilize training and improve performance through a clipped objective
function. The objective function for PPO is given by:

LCLIP (θ) = Et

[
min

(
πθ(at|st)

πθold(at|st)
Ât, clip

(
πθ(at|st)

πθold(at|st)
, 1− ϵ, 1 + ϵ

)
Ât

)]
(2.1.7)

Here, Ât is the estimated advantage at time t, and ϵ is a hyperparameter that controls
the clipping range. The objective encourages the new policy πθ to stay close to the old
policy πθold , thus preventing extensive updates that could destabilize training.
PPO operates on a trust region approach, where the clipped objective effectively constrains
the policy’s updates, ensuring that changes are not too aggressive. This mechanism
allows for a good balance between exploration and exploitation, making it robust to
hyperparameter choices.
The algorithm has been shown to perform well across various tasks [81, 93]. Consequently,
it is widely used in the robot learning community due to its balance between ease of
implementation and effective performance. Its versatility and stability have made it a
preferred choice for many applications, including games, robotics, and continuous control
tasks. The ability of the algorithm to leverage both on-policy and off-policy data further
enhances its efficiency in learning optimal policies.
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more approachable. In this regard, we refer to recent a survey
on graph neural networks and a research direction framed as
relational inductive bias [24]. Our work complements the
aforementioned surveys by providing a systematic categori-
zation of knowledge representations that are integrated into
machine learning. We provide a structured overview based
on a survey of a large number of research papers on how to
integrate additional, prior knowledge into the machine learn-
ing pipeline. As an umbrella term for such methods, we
henceforth use informedmachine learning.

Our contributions are threefold: We propose an abstract
concept for informed machine learning that clarifies its build-
ing blocks and relation to conventional machine learning. It
states that informed learning uses a hybrid information source
that consists of data and prior knowledge, which comes from
an independent source and is given by formal representations.
Our main contribution is the introduction of a taxonomy that
classifies informed machine learning approaches, which is
novel and the first of its kind. It contains the dimensions of
the knowledge source, its representation, and its integra-
tion into the machine learning pipeline. We put a special
emphasis on categorizing various knowledge representa-
tions, since this may enable practitioners to incorporate
their domain knowledge into machine learning processes.
Moreover, we present a description of available app-
roaches and explain how different knowledge representa-
tions, e.g., algebraic equations, logic rules, or simulation
results, can be used in informedmachine learning.

Our goal is to equip potential new users of informed
machine learning with established and successful meth-
ods. As we intend to survey a broad spectrum of methods
in this field, we cannot describe all methodical details and
we do not claim to have covered all available research
papers. We rather aim to analyze and describe common
grounds as well as the diversity of approaches in order to
identify the main research directions in informed machine
learning.

In Section 2, we begin with a formulation of our concept
for informed machine learning. In Section 3, we describe how

we classified the approaches in terms of our applied survey-
ing methodology and our obtained key insights. Section 4
presents the taxonomy and its elements that we distilled
from surveying a large number of research papers. In Sec-
tion 5, we describe the approaches for the integration of
knowledge into machine learning classified according to the
taxonomy in more detail. After brief historical account in
Section 6, we finally discuss future directions in Section 7
and conclude in Section 8.

2 CONCEPT OF INFORMED MACHINE LEARNING

In this section, we present our concept of informed machine
learning. We first state our notion of knowledge and then pres-
ent our descriptive definition of its integration into machine
learning.

2.1 Knowledge

The meaning of knowledge is difficult to define in general
and is an ongoing debate in philosophy [25], [26], [27].
During the generation of knowledge, it first appears as
useful information [28], which is subsequently validated.
People validate information about the world using the
brain’s inner statistical processing capabilities [29], [30] or
by consulting trusted authorities. Explicit forms of valida-
tion are given by empirical studies or scientific experi-
ments [27], [31].

Here, we assume a computer-scientific perspective and
understand knowledge as validated information about
relations between entities in certain contexts. Regarding
its use in machine learning, an important aspect of knowl-
edge is its formalization. The degree of formalization
depends on whether knowledge has been put into writing,
how structured the writing is, and how formal and strict
the language is that was used (e.g., natural language ver-
sus mathematical formula). The more formally knowledge
is represented, the more easily it can be integrated into
machine learning.

Fig. 1. Information flow in informed machine learning. The informed machine learning pipeline requires a hybrid information source with two compo-
nents: Data and prior knowledge. In conventional machine learning knowledge is used for data preprocessing and feature engineering, but this pro-
cess is deeply intertwined with the learning pipeline (*). In contrast, in informed machine learning prior knowledge comes from an independent
source, is given by formal representations (e.g., by knowledge graphs, simulation results, or logic rules), and is explicitly integrated.

VON RUEDEN ETAL.: INFORMED MACHINE LEARNING 615

Figure 2.2.: Informed machine learning combines data-driven and knowledge-driven strategies
by integrating additional knowledge into the training process [169].

2.2. Inductive Bias in RL

Challenges in Reinforcement Learning for Robotic Control

Recent accomplishments in the field of RL are predicated upon the data-driven nature
of the approach, facilitating extensive exploration of the solution space. Nevertheless,
acquiring control policies through such methods necessitates numerous interactions with
the environment, thereby underscoring the significance of collecting high-quality samples
and efficiently exploring the search space. While the prospect of direct learning on real
robots is enticing, it is accompanied by substantial challenges, such as elevated sample costs,
partial observability, and safety constraints [41]. Consequently, simulators are frequently
employed as scalable training environments, alleviating safety concerns associated with real-
world scenarios. Although training within the simulation is expedited, more economical,
and inherently safer, the deployment of these policies onto physical robots may fail due
to discrepancies between the simulated and actual environments, a phenomenon referred
to as the sim-to-real gap [220].

Hybrid Approaches as a Promising Solution

Combining data-driven and knowledge-driven strategies may effectively resolve these chal-
lenges. In this direction, the concept of Triangular AI integrates three key dimensions:
data, knowledge, and context [193]. Current AI systems often overlook these critical ele-
ments essential for reliable and trustworthy decision-making in dynamic environments. By
incorporating knowledge from various contexts, informed simulations, and explicit human
input, Triangular AI can offer a promising framework.
In this context, hybrid strategies, such as those proposed by Von Rueden et al. [169],
exemplify the integration of knowledge into learning systems. Their abstract framework for
informed machine learning considers the sources of knowledge, their representations, and
their integration into the ML pipeline (see Fig. 2.2). This approach highlights the potential
for combining physical laws, human expertise, and domain-specific knowledge to improve
sample efficiency and policy robustness. Building upon this foundation, hybrid approaches
may offer valuable avenues for advancing RL in real-world robotics applications.
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Efficient and Effective Reinforcement Learning

In the context of robotics, numerous research avenues have emerged to enhance the
efficiency of exploration and effectively deploy policies for real-world systems. For in-
stance, specialized algorithms have been developed to augment sample efficiency [6, 14,
173]. Demonstration data has been utilized to expedite RL methodologies [24, 203, 108].
Thoughtfully selecting task-specific state representations, reward functions, and action
spaces can significantly improve both convergence time and overall performance [131, 180,
128]. Additionally, RL approaches can be synergistically combined with classical control to
facilitate learning within lower-complexity state spaces [40, 208]. Finally, the integration
of knowledge regarding the structure of the learning task has been shown to enhance
performance and accelerate convergence [143, 214]. The rich variety of approaches from
diverse disciplines complicates a comprehensive understanding of the current state-of-the-
art learning control policies for real-world robotics, thereby underscoring the need for a
structured overview.

Related Survey Studies

Recent surveys provide partial insights into this field. For example, [217] emphasizes
strategies to improve sample efficiency in RL in a general context, while [100] focuses
specifically on its applications in the robotics domain. Von Rueden et al. [170] analyze
how ML and simulation can be harmoniously combined into a hybrid modeling approach.
Another survey [220] places special emphasis on sim-to-real transfer methods for robotics.
Dulac-Arnold et al. [41] delineate unique challenges associated with real-world RL. Lastly,
a recent case study [82] offers valuable practical insights for deploying policies in real-
world scenarios. This research complements the above-mentioned work by providing a
systematic overview of integrating knowledge into the RL pipeline to enhance efficiency
and effectiveness in real-world robotic applications.

2.3. RL for Dynamic Motions

Learning Dynamic Locomotion

RL has been employed to achieve dynamic locomotion in various robotic platforms. In
the field of humanoid robotics, RL is used for tasks such as learning omnidirectional
movement [166], which demonstrates the capability of humanoid robots to navigate in
multiple directions fluidly. Additionally, RL has been applied to determining foot place-
ments [40], enabling robots to optimize their gait for stability and efficiency. Ensuring
robust locomotion on diverse indoor and outdoor terrains is another critical application of
RL [161], where the focus is on adapting locomotion strategies based on varying environ-
mental conditions. For quadruped robots, RL has been applied to navigate increasingly
complex terrains [168], showcasing their ability to traverse challenging environments while
maintaining stability. Furthermore, RL has been utilized to mimic the agile movement
skills of animals [155], allowing quadrupeds to perform complex maneuvers that enhance
their mobility. Developing safe recovery strategies [213] is also a key focus, ensuring that
robots can regain balance and stability after disturbances.
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(a) Dynamic Locomotion [127] (b) Robust Balancing [198] (c) Loco-Manipulation [67]

Figure 2.3.: Dynamic robot learning tasks recently been trained with RL.

RL also facilitates rapid motor adaptations [104], enabling quadrupeds to adjust their
locomotion dynamics in real-time based on sensory feedback. Additionally, research
focused on RL-based locomotion has aimed to push the physical limits of robots, including
achieving high velocities [127], demonstrating the potential for faster and more efficient
movement. Traversing extreme parkour environments [31] further illustrates the versatility
of RL in training robots to perform complex and dynamic tasks.

Learning Robust Balancing

As two-wheeled robots become increasingly important in research and industrial appli-
cations (see Fig. 2.4), developing robust balancing strategies is crucial for their effective
operation. Two-wheeled robots, also known as two-wheeled inverted pendulums (TWIP),
present more significant challenges in control than wheeled robots, quadrupeds, and hu-
manoids, which have inherent stability due to their multiple points of contact with the
ground. RL has been employed to improve control strategies for these platforms to address
this issue. Research in this area has primarily focused on the learning control of inverted
pendulums using RL, but most studies have dealt with simplified models [149, 116, 38].
Initial investigations have also looked into the control of hybrid legged-wheeled robots.
For example, Vollenweider et al. demonstrate how to learn multiple advanced skills simul-
taneously for a quadruped-humanoid transformer, including balancing, standing up, and
navigating obstacles [198]. Baltes et al. propose an RL algorithm for the dynamic control
of a two-wheeled scooter integrated with a humanoid robot, showing robustness against
external disturbances. Additionally, Baek et al. explore a hybrid approach that combines
RL with model-based techniques to control a wheeled humanoid robot [9].

Learning Loco-Manipulation

Recent research and development in robotics have increasingly focused on how robots
can both explore and interact with their environments simultaneously. Consequently, new
tasks for robot learning have been designed to combine locomotion and manipulation skills
to enhance engagement with surroundings. This emphasis on integrating these capabilities,
called loco-manipulation [57], has initiated research into learning-based control methods.
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(a) Handle [23] (b) Ascento [97] (c) Wheeled-Humanoid [9]

Figure 2.4.: Two-wheeled robots have recently been introduced in research and industry.

RL has been successfully applied to general-purpose humanoid robots, which utilize two
legs for movement and two arms for handling objects [37]. Additionally, quadrupedal
robots operate using four legs and are equipped with robotic manipulators that enable
them to interact with a variety of objects [67, 183]. Early research is also investigating the
use of RL for loco-manipulation in hybrid legged-wheeled robots. These robots combine
the agility of legs with the speed of wheels, thereby enhancing the capabilities of mobile
manipulation systems [176].

RL with High Control Frequencies

Many approaches discussed concerning RL in robotic locomotion tasks focus on quasi-static
systems. While the low-level control of these systems typically operates at frequencies
between 500 Hz and 2 kHz, the control policies developed are often trained and executed
at rates of 50 Hz or lower [40, 166, 168, 155, 105]. Even for the high-speed running
capabilities of these robots, inference rates up to 100 Hz prove effective for maintaining
their dynamic stability [126, 18]. However, learning dynamic movements in highly unstable
systems necessitates higher control frequencies, which have already been explored, such
as decentralized control for aggressive drone maneuvers [17].

Physics Simulators for Robot Learning

Simulators are often used as scalable training environments in robot learning, helping
to mitigate safety concerns associated with real-world scenarios. As interest in robotics
simulation continues to grow, the variety of available physics simulators has significantly
expanded [34]. However, selecting the appropriate simulator can be challenging due to the
rapidly evolving technologies in this field. Standard physics simulators used in robotics
include Gazebo [101], developed by the Open Robotics Foundation, Bullet [35], and
MuJoCo [190], which is known for its precise contact models. For the evoBOT simulation
model, the Graphics Processing Unit (GPU)-based NVIDIA Isaac SIM framework is
chosen as the simulation platform [192]. This framework integrates advanced RL tools,
such as Isaac Gym [123], Omniverse Isaac Gym [74], and Isaac Lab [133], which enable
GPU-accelerated training.
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Abstract—Deep reinforcement learning has recently seen huge
success across multiple areas in the robotics domain. Owing to the
limitations of gathering real-world data, i.e., sample inefficiency
and the cost of collecting it, simulation environments are utilized
for training the different agents. This not only aids in providing a
potentially infinite data source, but also alleviates safety concerns
with real robots. Nonetheless, the gap between the simulated and
real worlds degrades the performance of the policies once the
models are transferred into real robots. Multiple research efforts
are therefore now being directed towards closing this sim-to-
real gap and accomplish more efficient policy transfer. Recent
years have seen the emergence of multiple methods applicable
to different domains, but there is a lack, to the best of our
knowledge, of a comprehensive review summarizing and putting
into context the different methods. In this survey paper, we
cover the fundamental background behind sim-to-real transfer
in deep reinforcement learning and overview the main methods
being utilized at the moment: domain randomization, domain
adaptation, imitation learning, meta-learning and knowledge
distillation. We categorize some of the most relevant recent works,
and outline the main application scenarios. Finally, we discuss
the main opportunities and challenges of the different approaches
and point to the most promising directions.

Index Terms—Deep Reinforcement Learning; Robotics; Sim-
to-Real; Transfer Learning; Meta Learning; Domain Random-
ization; Knowledge Distillation; Imitation Learning;

I. INTRODUCTION

Reinforcement learning (RL) algorithms have been increas-
ingly adopted by the robotics community over the past years
to control complex robots or multi-robot systems [1], [2], or
provide end-to-end policies from perception to control [3].
Inspired by the way we learn through trial-and-error processes,
RL algorithms base their knowledge acquisition in the rewards
that agents obtain when they act in certain manners given
different experiences. This naturally requires a large number
of episodes, and therefore the learning limitations in terms
of time and experience variability in real-world scenarios is
evident. Moreover, learning with real robots requires the con-
sideration of potentially dangerous or unexpected behaviors
in safety-critical applications [4]. Deep reinforcement learning
(DRL) algorithms have been successfully deployed in various
types of simulation environments, yet their success beyond
simulated worlds has been limited. An exception to this is,
however, robotic tasks involving object manipulation [5], [6].
In this survey, we review the most relevant works that try to
answer a key research question in this direction: how to exploit

Real Robot Deployment

Robot Dynamics Modeling

Training in Simulation

Sim-to-Real
Transfer

Fig. 1: Conceptual view of a simulation-to-reality transfer process.
One of the most common methods is domain randomization, through
which different parameters of the simulator (e..g, colors, textures,
dynamics) are randomized to produce more robust policies.

simulation-based training in real-world settings by transferring
the knowledge and adapting the policies accordingly (Fig. 1).

Simulation-based training provides data at low-cost, but in-
volves inherent mismatches with real-world settings. Bridging
the gap between simulation and reality requires, first of all,
methods that are able to account for mismatches in both sens-
ing and actuation. The former aspect has been widely studied
in recent years within the deep learning field, for instance with
adversarial attacks on computer vision algorithms [7]. The
latter risk can be minimized through more realistic simulation.
In both of these cases, some of the current approaches include
works that introduce perturbances in the environment [8] or
focus on domain randomization [9]. Another key aspect to
take into account is that an agent deployed in the real world
will potentially be exposed to novel experiences that were not
present in the simulations [10], as well as the potential need
to adapt their policies to encompass wider sets of tasks. Some
of the approaches to bridge the gap in this direction rely on
meta learning [11] or continual learning [12], among others.
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Figure 2.5.: Workflow of sim-to-real transfer in RL for robotics. It involves robot dynamics
modeling, training RL policies in simulation, and deploying them to the real robot [220].

Sim-to-Real Transfer

For transferring trained policies from simulation to real robots, domain randomization
introduces significant variability in the simulation environment [220], initially focusing on
randomizing visual elements [189]. Instead of altering visual aspects, Peng et al. [153]
propose dynamics randomization, which emphasizes variations in parameters related to the
robot and its environment, such as link weights, joint damping, and friction coefficients.
Similar visual and dynamic randomization concepts have been utilized in other studies,
where disturbances are introduced to create more resilient agents. For instance, Rodriguez
et al. [166] incorporate noisy sensor inputs, while Rudin et al. [168] apply random external
forces to enhance policy deployment in real-world conditions. Additionally, methodologies
like multi-modal delay randomization [83] have been suggested to ensure that deployed
policies are robust against time delays.

2.4. Action Space Design in RL

Action Spaces for Robot Control

Choosing the appropriate action space for robot learning often relies on intuition. For
instance, a wheeled robot may use a wheel velocity action space, while a legged robot
typically employs joint positions [60]. Robots operate within an action space defined by
physical principles. For example, electric actuators utilize current input, which is regulated
to achieve a target torque through high-frequency control [21]. While it is feasible with RL
to generate torques as actions [115, 174] directly, many studies opt for alternative action
spaces such as joint position [109, 188, 127], joint velocity [209, 99], or task space [128]
setpoints that converted into torques using a state-dependent feedback mechanism.
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Fig. 2: The proposed learning torque control framework. The common position-based method (top left) has two main modules
where a neural network (blue) runs at a low frequency and a PD controller (green) executes at a high frequency. The proposed
torque-based method (top right) merges the two modules in the position-based method into a high-frequency neural network
module (red), as the RL policy is queried at a high frequency to directly output torques. A detailed illustration of the
high-frequency neural network module is shown at the bottom, consisting of training in the simulation environment and
test on the real quadruped. During the training, we add noise and disturbance to facilitate sim-to-real transfer. During the
test, the state information is collected through proprioceptive sensors with appropriate preprocessing. The comprehensive
explanation of the framework is presented in Sec. II.

C. Observation Space

We choose a concise representation of the robot that
can prove the advantage of learning direct torque control,
alleviate overfitting to simulated dynamics, and facilitate sim-
to-real transfer [36], excluding any history of proprioceptive
sensor measurements or privileged information. The obser-
vation space consists of 7 parts and they together form a
48×1 vector. The different components consist of robot base
linear and angular velocities, orientation, joint positions and
velocities, last action, and user commands. Comprehensive
definitions of the observation space can be found in Table I.
Base linear and angular velocities and projected gravity are
in the robot frame. The projected gravity is a unit vector
capturing the robot’s orientation with respect to gravity.
Desired forward velocity, lateral velocity, and yaw rate are
sent to the controller as the user commands to modify the
policy behavior online. Joint position, joint velocity, and
last action are each 12-dimensional corresponding to the
hip, thigh, and calf joints of each of the four legs of the
quadruped. The last action is the last neural network output
without being multiplied by the action scale.

D. Action Space

The action space of our model is a 12×1 vector consisting
of unscaled joint torques. This vector is then multiplied by

TABLE I: Detailed definitions of the components forming
the observation space. The observation space is divided into
7 observation items whose corresponding symbols are listed
side by side. The scale factors stand for the coefficients that
are multiplied to the observation items as a preprocessing
step. The upper bounds of the zero-mean uniform noise
added to the observation are also listed below.

Observation item Symbol Scale factor Noise

Base linear velocity vbase = [vx vy vz ]T ∈ R3 2.0 0.2

Base angular velocity ωbase = [ωx ωy ωz ]T ∈ R3 0.25 0.2

Projected gravity gproj = [gx gy gz ]T ∈ R3 1.0 0.05

Joint position q = [q1 · · · q12]T ∈ R12 1.0 0.01

Joint velocity q̇ = [q̇1 · · · q̇12]T ∈ R12 0.05 1.5

User command u = [vx vy ωz ]T ∈ R3 [2.0 2.0 0.25]T 0

Last action alast = [τ1 · · · τ12]T ∈ R12 1.0 0

a constant action scale to produce the actual desired torque
values sent to the 12 motors.

The intuition behind the action scaling is as follows:
typical position-based RL policies usually add or subtract
position values from a reference or nominal position vector,
like a standing pose for the robot. There are two reasons
for this choice. First, learning a residual on a nominal
configuration of joint positions makes it easier for the agent
to survive during the early stages of training by giving it a

Figure 2.6.: Action space design and its implications for robot learning tasks [28].

Studies on Action Space Design

Numerous studies have explored how the selection of action space influences robot learning
for character animation [157, 165], manipulation [196, 3], and aerial robots [94]. Research
focusing on simulated characters [157, 165] and manipulation tasks [196] often highlights
the advantages of position control in these areas.
Conversely, Aljalbout et al. found that joint velocity is preferable for sim-to-real transfer
in manipulation tasks. Moreover, Kaufmann, Bauersfeld, and Scaramuzza determined that
a Proportional-Derivative (PD) control feedback scheme is optimal for quadrotor flight.
Despite these findings favoring position control, the reality of action space implementation
in contemporary RL frameworks is complex. For instance, the OmniIsaacGymEnvs task
suite [123] features environments balanced between position, delta position (velocity), and
torque action spaces, illustrating their varied dynamics.
Additionally, various studies have examined alternative design considerations for action
spaces in robotics, such as configuration-space versus end-effector-space control [128, 36,
144, 70], or whether to maintain a continuous action space or discretize it [177]. These
avenues show promise for enhancing learning when additional insights into the robot’s
dynamics are utilized. In our research, we limit our focus to configuration-space action
spaces, as joint space control is prevalent in sim-to-real RL and involves design decisions
that can significantly influence learning.

Temporal Aspects in Action Space Design

Choosing an action space introduces an inductive bias in RL algorithms, as noted by Reda,
Tao, and Van De Panne. This design choice can limit or modify the policy’s hypothesis
space before learning begins, which can also be viewed as a form of environment shaping
or policy initialization [55]. Each action space choice comes with parameters that can
affect learning.
Control frequency is one such parameter; lower frequencies may restrict controller band-
width but can simplify learning by shortening trajectory lengths, resulting in smoother
performance [71]. For action spaces that track setpoints, the selection of gains can influence
effectiveness and sim-to-real transfer [211, 184, 180]. Other considerations include action
filtering [140] for smoother movements and action chunking [219] to facilitate learning in
long-horizon tasks.
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Chapter 2. Related Work on Robot Learning

2.5. Concluding Remarks

This chapter provided a comprehensive overview of recent advancements in RL for robot
control. Most research in this field currently focuses on static or quasi-static robotic
systems, such as manipulators and quadrupeds. At the same time, fewer studies address
dynamically unstable systems like humanoids and two-wheeled robots. In contrast, this
thesis develops methods for the dynamically unstable two-wheeled robot, evoBOT, where
precise real-time control is crucial for maintaining balance and preventing falls.
Many existing methods are tested through experiments involving tasks with limited dy-
namics, such as slow grasps or low-velocity locomotion. These tasks result in simpler MDP
formulations due to minimal state transitions. This work, however, emphasizes highly dy-
namic tasks, including high-velocity locomotion and rapid arm movements, where robots
often operate at their actuator limits. To explore actual dynamic limits, the study eval-
uates the impact of an accurate simulation model with optimized dynamic parameters,
such as compliant contacts for wheels and actuator models based on real-world data.
Additionally, numerous publications primarily present simulation-only experiments, which
overlook the real-world challenges of policy transfer, including limited data, sensor noise,
latency, and actuator dynamics. This work directly deploys policies trained in simulation
onto real-time hardware, facilitating a seamless connection between neural networks,
sensors, and actuators. These tasks notably benefit from high control frequencies and
torque action spaces, allowing complete control over the robot’s dynamics.
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3
Guided Reinforcement Learning

RL is a promising approach for learning-based control in robotics. Agents develop skills
similar to human learning by interacting with their environment through trial and error.
However, as highlighted in the current literature (see Chapter 2), several challenges still
hinder wider adoption. These include issues related to training speed (efficiency), policy
performance (effectiveness), and the transfer of learned behaviors from simulations to real-
world situations (sim-to-real). Utilizing external knowledge, such as expert demonstrations
or prior experiences, has become a practical solution to address these challenges. This
approach can enhance the efficiency and effectiveness of training for real-world applications.
Research contributions in hybrid learning for Embodied AI often come from various fields
and would benefit from a structured overview on integrating knowledge into the RL pipeline
for robotics applications. Therefore, the underlying research question to be covered in this
chapter is:

Research Question I: How can external knowledge sources be systematically incor-
porated into RL training to enhance efficiency, effectiveness, and sim-to-real transfer?

To overcome this challenge, this chapter introduces Guided RL, a modular framework to
accelerate training and improve performance in real-world robotics applications. It begins
with a conceptual overview, outlining the overall pipeline for incorporating knowledge into
RL and providing essential definitions (Section 3.1). Next, a novel taxonomy is introduced
to categorize various Guided RL approaches, illustrating how different sources of knowledge
can be integrated into the learning process (Section 3.2). The chapter then surveys existing
methods in the field of Guided RL and provides comprehensive descriptions of different
strategies to integrate knowledge into the RL pipeline (Section 3.3). Following up, an
evaluation study quantitatively assesses the effects of Guided RL methods on efficiency,
effectiveness, and sim-to-real transfer (Section 3.4). Finally, the chapter provides practical
guidelines for selecting Guided RL methods for typical robotics applications (Section 3.5).

Disclaimer: Parts of this chapter are based on a prior publication of this thesis [55].
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Figure 3.1.: Pipeline of Guided Reinforcement Learning (based on prior publication [55]).
Additional knowledge can be integrated at all levels of the RL pipeline to accelerate the training
process and improve the performance for real-world robotic settings.

3.1. Conceptual Overview

This section introduces the concept of Guided RL, outlining its definition, objectives for
effective and efficient deployment in real-world robotics, and its connections to related
research fields.

3.1.1. Idea & Pipeline

Guided RL refers to incorporating external knowledge into the learning process to enhance
the speed and success of robotics applications in real-world scenarios. As illustrated in
Fig. 3.1, this knowledge can be integrated at various stages of the RL pipeline: problem
representation, learning strategy, task structuring, or sim-to-real transfer methods. Refer
to Section 3.2.3 for an in-depth pipeline discussion.

3.1.2. Efficient & Effective Learning

The central goal of Guided RL is to foster success in real-world robotics deployment by
ensuring learning occurs in both an efficient and effective manner, as shown in Fig. 3.2.
Based on commonly used metrics in the literature [128, 45, 168, 77, 158, 166, 86], the
following definitions are adopted:

Definition 3.1.1 (Efficiency): A training process is deemed more efficient if it requires
fewer interactions with the environment or less time to reach convergence compared to the
baseline.

Definition 3.1.2 (Effectiveness): A training process is considered more effective if the
policy’s performance, in terms of total return or success rate, exceeds the baseline.

Definition 3.1.3 (Sim-to-Real): A training process is classified as sim-to-real if it utilizes
simulation for training policies or evaluating methods before real-world deployment.

While efficient and effective policy training and real-world robotics deployment are natural
dimensions of Guided RL, integrating these three aspects serves as the primary motivation.
For a comprehensive evaluation of existing approaches in this area (see Section 3.4), the
following term is introduced:
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Figure 3.2.: Objective of Guided Reinforcement Learning (based on prior publication
[55]). Guided RL aims to accelerate training and optimize performance for real world robotic
systems.

Definition 3.1.4 (Guided RL Compliance): A training process is regarded as fully Guided
RL compliant when improvements are observed across all three dimensions: efficiency,
effectiveness, and sim-to-real.

3.1.3. Related Research Areas

This study centers on Guided RL, which directly incorporates prior knowledge into the
learning pipeline to enhance success in real-world robotics applications. Thus, this review
occupies the intersections of deep RL, robotics, and simulation.
Several related research areas are noted but are not explicitly addressed in this study. For
instance, using model-based or off-policy algorithms has been shown to improve sample
efficiency relative to on-policy algorithms [82]. Additionally, fine-tuned hyperparameters
in learning algorithms can enhance overall policy performance [79]. Moreover, multi-task
learning, which involves training multiple tasks simultaneously, can lead to more efficient
training [90]. Similarly, meta-learning research aims to solve previously unseen tasks
quickly and efficiently [64].
However, the methods identified in the realm of Guided RL remain agnostic regarding the
choice of algorithm (e.g., [175, 75, 115, 135, 45]) and learning tasks such as locomotion,
navigation, or manipulation.
This study does not aim to establish a strict distinction between efficient, effective, and
Guided RL. Instead, its primary motivation is to review existing approaches and provide
a structured overview of recent research directions that may strengthen the relationship
between the RL and robotics communities.

19



Chapter 3. Guided Reinforcement Learning
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Figure 3.3.: Taxonomy of Guided Reinforcement Learning (based on prior publication [55]).
The taxonomy organizes Guided RL research based on the underlying knowledge source, specific
methodological approaches, and their integration into the learning pipeline. The thickness of the
connecting lines indicates the relevance of knowledge sources. This taxonomy aims to provide a
structured overview for categorizing recent research activities (see Table 3.1).

3.2. Guided RL Taxonomy

This section presents a taxonomy for Guided RL (Fig. 3.3). Based on the concept of
informed machine learning [169], the taxonomy is organized according to the knowledge
source, methodical representation, and integration into the pipeline. In the following, central
components of the taxonomy are introduced on a conceptual level, while a comprehensive
categorization of approaches will be detailed in Section 3.3.

3.2.1. Knowledge Source

There are three main types of prior knowledge that support most Guided RL methods.
These can be categorized into scientific knowledge, world knowledge, and expert knowledge.
According to [169], these sources of knowledge range from formal and structured to intuitive
and experiential. A brief description of each category is provided below.

Scientific Knowledge

Scientific knowledge is formalized and derived from the domains of physics, biology, or
engineering. It can be validated through experiments or empirical analysis. This knowledge
aids in developing realistic simulators and enhances the integration of biological insights
into the learning process.
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World Knowledge

World knowledge can be either formalized or intuitive and includes facts from everyday
life, making it accessible to a wide range of people. In the context of Guided RL, world
knowledge can help design intuitive observation and action spaces and guide the natural
structuring of the learning tasks.

Expert Knowledge

Expert knowledge is typically held by a specific group of experienced professionals with
strong ties to the fields of robotics and RL. This knowledge is often informal and can
significantly influence engineering design decisions. For example, it may be incorporated
when defining an RL problem or developing an overall learning strategy.

3.2.2. Guided RL Methods

This category is the core of the taxonomy (see Fig. 3.1), connecting to the RL pipeline
and related robotic applications. An overview of these methods is given here, along with
detailed descriptions of the most common approaches found in Section 3.3.

• State Representation involves transforming or extending the observable state into
more informative representations for the model (see Section 3.3.1).

• Reward Design encompasses techniques for inducing knowledge by creating suit-
able dense reward functions or automatic learning methods (see Section 3.3.2).

• Abstract Learning involves selecting a task-specific action space for a robotics
problem, which may integrate model-based approaches (see Section 3.3.3).

• Offline RL focuses on utilizing offline data to learn policies from recorded training
sets efficiently (see Section 3.3.4).

• Parallel Learning concerns the parallelization of algorithmic components while
maintaining scalability and robustness in the learning process (see Section 3.3.5).

• Learning from Demonstration, also known as imitation learning, leverages ex-
ample trajectories to inform the trained policy (see Section 3.3.6).

• Curriculum Learning is based on gradually solving more straightforward tasks
with increasing difficulty in structuring complex tasks (see Section 3.3.7).

• Hierarchical RL utilizes the hierarchical structure of the learning task to address
different subtasks or deploy high- and low-level policies (see Section 3.3.8).

• Perfect Simulator seeks to build more realistic simulations with accurate robot
models, physics computation, and environment representation (see Section 3.3.9).

• Domain Randomization aims to enhance policy robustness by randomizing sim-
ulation parameters, such as visual or dynamic properties (see Section 3.3.10).
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• Domain Adaptation involves conditioning an adaptation module to transition
observations between the simulated and real worlds, or vice versa (see Section 3.3.11).

3.2.3. Knowledge Integration

An extensive literature review indicates that a practical RL pipeline for real-world robotics
can be structured into four components: problem representation, learning strategy, task
structuring, and sim-to-real methods (see Fig. 3.1). Each iterative step in this pipeline
can incorporate additional knowledge through Guided RL methods.

Problem Representation

Representing a real-world robotics problem in a formal RL framework requires substantial
knowledge. Key challenges include selecting appropriate observations, defining a reward
function, and specifying the agent’s action space for the desired learning task. Additionally,
choosing suitable training data necessitates careful consideration of real-world versus
synthetic data.

Learning Strategy

Incorporating expert knowledge into the learning strategy can involve employing parallel
learning architectures for specific problems, framing the issue online or offline, or utilizing
real or synthetic demonstration samples.

Task Structuring

Depending on the complexity of the robotics problem, further knowledge can be integrated
to structure the learning task meaningfully. For example, complex tasks may be learned
sequentially with increasing difficulty or decomposed into several subtasks.

Sim-to-Real Methods

Finally, additional knowledge can be leveraged to enhance success in real-world robotics
deployment by minimizing discrepancies between simulated and real environments. For
instance, scientific knowledge might be used to fine-tune the simulation environment,
while world knowledge through domain randomization could enhance the robustness of
the policy training process.

3.3. Description of Methods

This section offers a comprehensive overview of the Guided RL strategies identified during
the literature review. These descriptions align with the taxonomy introduced in Section 3.2,
establishing a clear link between knowledge sources and practical applications.
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Table 3.1.: Recent research activities in the field of Guided RL. Various approaches and their
methods are connected to the corresponding knowledge sources within the Guided RL taxonomy.

Guided RL Methods Scientific World Expert
Knowledge Knowledge Knowledge

State Representation [131, 33, 132, 145,
87]

[30, 212, 89]

Reward Design [180, 68] [139, 207, 25] [88, 32, 61, 44]

Abstract Learning [40] [158, 159] [128, 208, 206, 4,
22]

Offline RL [39] [69, 205, 1, 173, 215,
27, 103]

Parallel Learning [84, 171] [134, 45, 78, 15, 123,
168, 92, 124]

Learning from Demonstration [10, 65] [26] [29, 203, 108, 2, 85,
106]

Curriculum Learning [166, 129, 66, 178,
121, 42]

[98]

Hierarchical RL [214, 126] [154, 142, 107, 141,
112, 201]

Perfect Simulator [72, 163, 136, 120] [216, 81, 76, 210]

Domain Randomization [130, 160, 146, 194] [189, 154, 137, 200]

Domain Adaptation [24, 86, 218, 118, 77,
155, 164, 104]

(a) State Representation (b) Reward Design (c) Abstract Learning

Figure 3.4.: Guided RL methods for problem representation (based on prior publication
[55]). (a) Example of an enhanced state representation utilizing tactile sensor data (see Sec-
tion 3.3.1). (b) Employing a dense reward function to steer the policy towards convergence (see
Section 3.3.2). (c) Abstract learning across various action spaces, such as joint or end-effector
space (see Section 3.3.3).
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3.3.1. State Representations

Selecting an appropriate state representation is crucial for addressing learning tasks, as
it defines the agent’s observable environment. Crafting the observation space in a task-
specific manner, supported by measurable sensor data, can significantly boost training
efficiency (see Fig. 3.4a).
Melnik et al. [131] enhanced the shadow-dexterous hand with tactile sensor data, ultimately
improving the performance of RL agents. Other studies, like Church et al. [33], have
explored tactile-based RL agents that learn from tactile inputs depicted as depth images.
They achieved zero-shot policy transfer using a GAN that translates real tactile images
to simulated depth images. Ning et al. [145] introduced a robotic ultrasound imaging
system where observations comprised a concatenated latent vector from two standard
autoencoders. Chen et al. [30] assessed the feasibility of conveying ambient sounds to
inform 3D scene structures. Xu et al. [212] constructed a dataset of 15,000 transparent
objects and developed TransparentNet to estimate depth images, accounting for light
refraction and absorption. Ji et al. [89] proposed a state estimator for quadrupedal
locomotion to enhance state representation.
Some research combines existing sensor modalities. For example, Miki et al. [132] created
a state representation merging proprioception and exteroception for the quadrupedal
ANYmal, facilitating locomotion across diverse terrains with occasional sensor failures.
Jangir et al. [87] demonstrated a manipulator setup with two cameras, incorporating a
transformer-based cross-view attention mechanism to extract related features.

3.3.2. Reward Design

Reward design focuses on refining reward functions, both in terms and parameters, and
automatically learning them from data.
This approach is an effective means of incorporating expert knowledge into RL. For intri-
cate tasks where conventional RL algorithms struggle to converge, crafting suitable dense
reward functions can enhance sample efficiency and overall performance (see Fig. 3.4b).
Research incorporating reward shaping includes Jestel et al. [88], who developed a robust
multi-robot navigation policy that learned emergent behaviors in scenarios like swapping
and intersections while recovering from dead ends. Siekmann et al. [180] designed a
parametric reward function for common bipedal gaits, demonstrating successful policy
transfer to the real robot Cassie. Fu et al. [68] proposed a bio-inspired reward function
for locomotion to minimize energy consumption while walking and generating natural
gaits based on command velocity. Eteke et al. [61] presented a skill learning framework
that derives rewards from minimal demonstrations using a hidden Markov model, yielding
better performance than sparse reward signals. Chiang et al. [32] employed AutoRL
[151] to automatically apply reward-shaping techniques for navigating a mobile robot in
extensive indoor environments.
Reward learning often emerges in human-robot interaction contexts, where users rate
agent trajectories to derive a reward function. Myers et al. [139] introduced a multi-modal
reward learning method that requires users to rank given trajectories. Wilde et al. [207]
proposed a new feedback mechanism using a slider bar for scaled user ratings. Cabi et
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(a) Offline RL (b) Parallel Learning (c) Learning from
Demonstration

Figure 3.5.: Guided RL methods for learning strategy (based on prior publication [55]).
(a) Offline RL from a recorded dataset (see Section 3.3.4). (b) Parallel learning utilizing multiple
samplers and trainers (see Section 3.3.5). (c) Learning from Demonstration with distilled student
policies (see Section 3.3.6).

al. [25] introduced reward sketching for efficiently gathering dense human feedback to
train reward models. Escontrela et al. [44] implemented an adversarial RL approach
[156] to adjust rewards, effectively translating the walking style of a real dog to a robotic
counterpart.

3.3.3. Abstract Learning

Beyond carefully selecting the observation space, the choice of the action space significantly
influences the representation of the learning problem (see Fig. 3.4c). Approaches that
employ an abstract action space typically exhibit enhanced sample efficiency, with some
methods integrating hybrid learning and model-based strategies. Varin et al. [196] provide
an introductory comparison of commonly utilized action spaces in various manipulation
tasks.
In manipulation, some studies advance beyond the traditional end-effector space. For
example, Martin-Martin et al. [128] introduced variable impedance control in the end-
effector space, enhancing exploration ease and robustness to disturbances. Wong et al.
[208] presented OSCAR, a data-driven version of Operational Space Control [96] that
adapts to changes in manipulation dynamics. Bogdanovic et al. [22] proposed a policy
learning approach that manages impedance and desired position in joint space, comparing
it with torque control and fixed gain PD controllers. Duan et al. [40] suggested a task
space for bipedal locomotion, where the policy learns to select foot setpoints, which are
then translated to joint-level control by an inverse dynamics controller.
Other methods leverage learned action spaces to simplify the learning problem. Pertsch
et al. [158, 159] utilized offline datasets to learn latent space representations of action
sequences along with prior distributions. They demonstrated that these priors can guide
policy learning in new downstream tasks, allowing agents to efficiently tackle long-horizon
challenges like robotic manipulation. Whitney et al. [206] and Allshire et al. [4] proposed la-
tent action representations for manipulation that effectively handle dynamic manipulation
settings, showing improvements in sample efficiency and performance within pixel-based
continuous control environments.

3.3.4. Offline RL

Offline RL, or batch RL, can significantly enhance the sample efficiency of other RL
methods by training policies on offline data. Given the novelty of this field, researchers are
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primarily focused on developing algorithms that yield high-performance policies. Offline
datasets are typically gathered from past online RL training runs or preprocessed real-world
sensor recordings (see Fig. 3.5a). More details on offline RL can be found in [110].
Offline RL faces the extrapolation problem, where the policy may generate out-of-distribution
actions that are inaccurately overestimated by the value function [69]. Various algorithms
have shown robustness against this issue, including Batch-Constrained Deep Q-learning
[69], Random Ensemble Mixture [1], Critic Regularized Regression [205], Implicit Q-
learning [103], and MuZero Unplugged [173].
Another approach within offline RL involves employing machine learning techniques. For
instance, Chen et al. [27] utilized a transformer architecture conditioned on the desired
reward, past states, and actions to produce actions that achieve a specified return. Other
studies focus on the offline data itself. Yarats et al. [215] proposed using reward-free
unsupervised data first, then annotating the reward to train an RL policy.
Efforts to create extensive offline datasets have also emerged. For example, Dasari et al.
[39] introduced an open database for learning vision-based robotic manipulation models,
comprising 15 million video frames across seven robot manipulators.

3.3.5. Parallel Learning

Parallel Learning optimizes one or more heterogeneous hardware resources through par-
allelization (see Fig. 3.5b). It also addresses scalability and robustness to accommodate
varying learning process sizes.
Numerous parallel learning architectures have been developed in recent years, including
A3C [134], IMPALA [45], Ape-X [78], D4PG [15], and R2D2 [92]. Each of these architec-
tures demonstrates robustness in parallel deployment, leading to significant improvements
in sample efficiency and final policy performance compared to baseline methods.
Adjacent optimization paradigms, like evolutionary strategies [171], can also scale to large
extents and produce competitive policies relative to RL-based methods. Mania et al. [124]
proposed a scalable variant of random search called augmented random search, which
yields near-optimal policies.
Some studies utilize hardware accelerators to enable extensive parallelization, facilitating
the training process [114]. For instance, Makoviychuk et al. [123] introduced Isaac
Gym, a fully GPU-based RL simulator capable of simulating numerous environments
simultaneously. Building on this, Rudin et al. [168] employed Isaac Gym to train a
quadruped to walk across progressively complex terrains in mere minutes.
The combination of other optimization techniques with RL appears promising. Jaderberg
et al. [84] presented a two-level optimization evolutionary process targeting a population
of RL agents, enabling agents to play a complex 3D game with performance comparable
to humans.

3.3.6. Learning from Demonstration

Although learning from demonstration [172] is a distinct research area, many RL strategies
incorporate such techniques. For foundational insights into this field, refer to Osa et al.
[148] and Billard et al. [20].
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(a) Curriculum Learning (b) Hierarchical RL

Figure 3.6.: Guided RL methods for task structuring (based on prior publication [55]).
(a) Curriculum learning for progressively complex tasks (see Section 3.3.7). (b) Hierarchical RL
utilizing dedicated low-level policies for various subtasks (see Section 3.3.8).

In addition to standard methods like behavior cloning [12] (offline supervised learning)
and DAgger (online expert imitation) [167], novel approaches have emerged. Florence et
al. [65] proposed implicit behavior cloning using an energy-based model to represent the
policy. Laskey et al. [106] introduced the DART algorithm, which collects demonstrations
with injected noise and adjusts the noise level according to the trained policy.
Some methodologies train a teacher policy on fixed task setups through RL and subse-
quently distill a policy capable of interpolating between different setups. For instance, [10]
utilized neural dynamical policies [11] for this purpose. Others derive a student policy
from a teacher policy based on accurate state information, such as Chen et al. [29], whose
vision-based policies successfully reorient objects in the shadow hand domain, or Lee et al.
[108], who also distilled vision-based policies for their RGB-stacking benchmark. Some
studies leverage classical optimization methods to represent the expert and convert their
demonstrations into trainable policies, like Wang et al. [203], who combined RL and
imitation learning with the OMG planner [202] as an expert.
In addition to teacher models, some research benefits from human demonstrations. Akbulut
et al. [2] introduced the ACNMP framework, merging supervised and RL to retain old
skills from robot demonstrations while adapting to new environments. James and Davison
[85] presented a coarse-to-fine discrete RL method to tackle sparse reward manipulation
tasks with minimal Demonstration and exploration data. Celemin et al. [26] incorporated
human corrective feedback into the action domain through an LfD strategy guided by an
RL algorithm that filters out non-reward-maximizing human input.

3.3.7. Curriculum Learning

In RL, curriculum learning [19] provides a framework to improve sample efficiency by
structuring tasks. It involves developing policies for complex tasks in a progressive manner,
progressively increasing the difficulty (see Fig. 3.6a). This approach can reduce convergence
time and assist in solving challenges that may be too complex to tackle from the outset
[143, 185]. Most methodologies rely on either expert insights for gradually increasing task
difficulty or data-driven methods for automatic curriculum generation.
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Matiisen et al. [129] introduced a framework for automatic curriculum learning called
teacher-student curriculum learning, where a teacher selects appropriate subtasks based
on the student’s learning progress. Klink et al. [98] proposed self-paced contextual
reinforcement, granting agents control over the intermediate task distribution. Florensa et
al. [66] presented a method for reverse curriculum generation, enabling robots to gradually
learn to reach more distant goals from nearer ones. Similarly, Sharma et al. [178] devised
a curriculum of initial states, where agents learn to reset to generated subgoals based
on their performance. Rodriguez and Behnke [166] developed an approach for learning
omnidirectional locomotion in humanoid robots, progressively increasing task difficulty
with scheduled target velocities.
Lastly, some studies utilize curriculum learning for complex tasks involving multiple
goals or robots. For instance, Luo et al. [121] established a curriculum to gradually
adjust precision requirements for multi-goal reach experiments, demonstrating performance
improvements. Eoh et al. [42] applied curriculum learning to challenging multi-robot
object transportation tasks, incrementally increasing the transportation distance and the
number of robots involved. Leyendecker et al. [111] combined reward curriculum with
domain randomization to develop a robust sim-to-real transferable policy for executing
manipulation tasks in industrial environments.

3.3.8. Hierarchical RL

Hierarchical RL [16, 152] enhances training efficiency and effectiveness by breaking down
complex tasks into a hierarchy of subtasks (see Fig. 3.6b). These subtasks are typically
managed by specialized low-level policies, coordinated by a more general high-level pol-
icy, allowing for potential reuse in a sample-efficient manner. A foundational model for
hierarchies is the options framework introduced by [187], where high-level policies select
options instead of individual actions, executed by low-level policies that generate outputs
for specified durations, facilitating temporal abstraction. Bacon et al. [8] expanded on
this concept with an option formulation for the critic.
Various hierarchical algorithms have been proposed, such as Yang et al. [214], who intro-
duced hierarchical-deep deterministic policy gradient for continuous robotic control tasks,
enabling simultaneous learning of compound and essential skills across two hierarchical
levels. Nachum et al. [142] developed a general, data-efficient Hierarchical RL algorithm
named HIRO, designed to learn complex robotic behaviors through low-level controllers
supervised by automatically generated high-level goals.
Others have implemented hierarchies in their policies, like Peng et al. [154], who proposed a
two-level hierarchical control framework for diverse locomotion skills in a simulated bipedal
robot. Le et al. [107] introduced a hierarchical guidance framework that effectively utilizes
expert feedback, directing the low-level learner toward pertinent areas of the state space.
Margolis et al. [126] tackled dynamic locomotion over uneven terrain using a high-level
controller to generate a trajectory based on visual inputs, which a low-level controller
then tracks. Nachum et al. [141] employed a hierarchy to learn low-level goal-reaching
skills coordinated by a high-level controller for multi-agent object manipulation. Wang et
al. [201] applied a hierarchical policy in a 6D, cluttered scene for grasping, learning an
embedding space based on expert plans to select sampled plans via a critic and appropriate
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(a) Perfect Simulator (b) Domain Randomization (c) Domain Adaptation

Figure 3.7.: Guided RL methods for sim-to-real transfer (based on prior publication [55]).
(a) Perfect simulator to minimize the reality gap (see Section 3.3.9). (b) Domain randomization
to align the real-world parameter distribution (see Section 3.3.10). (c) Domain adaptation for
matching source and target domains (see Section 3.3.11).

options [187] through an option classifier. Lastly, Li et al. [112] utilized a hierarchical
structure for interactive navigation tasks, where a high-level policy generates subgoals and
selects low-level policies to produce task-phase-specific robot actions.

3.3.9. Perfect Simulator

A promising approach for effective real-world deployment is the development of a realistic
simulator that minimizes the reality gap (see Fig. 3.7a). Simulators that accurately
reflect real-world physics are valuable, as they may enable the direct zero-shot transfer of
trained models into real-world applications [220]. Enhancing the realism of a simulated
environment involves improving robot models, physics computation, and environment
representations.
System identification [119] involves creating an accurate mathematical model of a physical
system. In robotics simulation, precisely tuning physical parameters like friction, weight, or
elasticity can greatly enhance simulator realism. Additionally, machine learning techniques
can be applied either offline [91] or online, as demonstrated by Yu et al., who predict
dynamics model parameters in real-time [216].
Accurate simulation of complex robot dynamics demands careful selection of a physics
engine. Erez et al. [43] evaluated simulation performance and speed concerning the
numerical challenges of multi-body dynamics in robotics. The chosen physics simulator
must also cater to the specific needs of the robotics application; as noted by [34], different
simulators are preferred across various robotics sub-domains based on factors like sensor
relevance, dynamic contacts, or friction modeling. Muratore et al. [136] applied dynamics
randomization and employed a novel algorithm to adjust parameters, preventing overfitting
to simulator dynamics. Lowrey et al. [120] utilized real-world robot data to identify robot
parameters accurately [102], facilitating direct policy transfer from simulation to reality.
Heiden et al. [76] proposed a hybrid simulator incorporating learned neural networks
to alternate between analytical and learned computations of physical effects. Xia et al.
[210] introduced the Gibson environment, designed for realistic visual perception of active
agents based on real-world data.
Lastly, a precise representation of the environment can substantially minimize the reality
gap. Ramos et al. [163] introduced BayesSim, a framework providing adaptive Bayesian
estimates for simulation parameters through simulation-based inference, while Golemo et
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al. [72] developed neural-augmented simulation to enhance robotic simulators with real
robot trajectories. Hwangbo et al. [81] presented a neural network trained on real data for
the robot ANYmal, converting policy actions into torque values for the simulation model.

3.3.10. Domain Randomization

Domain randomization involves extensively randomizing simulation parameters across
various distributions (see Fig. 3.7b). Rather than meticulously modeling real-world pa-
rameters in simulation, the real world is treated as another variation of these distributions
[220]. Depending on the parameters to be randomized, standard methods include ran-
domizing either visual or dynamic components. A comprehensive review of randomization
simulations can be found in [138].
Tobin et al. [189] pioneered randomizing rendering within simulators to transfer neural
networks to reality for robotic control. Mehta et al. [130] proposed active domain random-
ization, which learns a parameter sampling strategy to optimize the informative ranges of
randomization. OpenAI et al. [146] introduced Automatic Domain Randomization that
adjusts environmental randomization parameters based on policy success when solving
Rubik’s Cube with a real robot hand. Prakash et al. [160] presented structured domain
randomization, which generates context-aware synthetic data by considering the scene’s
structure. Instead of focusing solely on visual components, Peng et al. [154] introduced dy-
namics randomization, encompassing parameters such as link masses, joint damping, and
PD gains. Muratore et al. [137] proposed neural posterior domain randomization, which
fine-tunes simulator parameters using a limited number of real-world rollouts to align with
observed dynamics. Tsai et al. [194] utilized a single human demonstration to identify
the simulator’s distribution over dynamics parameters, adapting domain randomization
to minimize the sim-to-real gap.
Similar concepts in visual and dynamics randomization have been adopted in other studies,
introducing perturbations to create more robust agents. For instance, Wang et al. [200]
considered noisy rewards. Other works have implemented noisy sensor signals [166] or
random external forces [168] for effective policy deployment in the real world.

3.3.11. Domain Adaptation

Domain adaptation methods aim to bridge the reality gap by training adaptation modules,
often represented as autoencoders, capable of transforming one domain into another, such
as real-world camera images into simulation-like images (see Fig. 3.7c). The target domain
may be simulated environments, the real world, or abstract latent spaces. Wang et al.
[204] provide a thorough survey in this area of research.
Several researchers have explored vision-based domain adaptation. Bousmalis et al. [24]
implemented this concept through GraspGAN, training an adaptation module to convert
synthetic images from simulation to more photorealistic representations. James et al. [86]
introduced randomized-to-canonical adaptation networks that learn to project synthetic
images from randomized simulations into the style of canonical simulations. Rao et al.
[164] developed RL-CycleGAN to convert synthetic images into more realistic ones. Liu
et al. [118] presented Real-Sim-Real, which adapts real-world states into simplified ones
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through a segmentation model. Zhang et al. [218] proposed adaptation modules that
are trained independently of the DRL agent and can be applied across various scenarios,
such as indoor and outdoor navigation. Hoeller et al. [77] introduced a navigation policy
for the quadrupedal robot ANYmal, enabling navigation in cluttered environments with
static and dynamic obstacles.
Other studies examined the use of adaptation modules to address environmental factors.
Peng et al. [155] presented a framework for training quadrupedal robots to imitate agile
locomotion skills from animals, facilitating sim-to-real transfer of learned policies through
efficient domain adaptation. Kumar et al. [104] introduced the rapid motor adaptation
algorithm, which adapts to previously unseen real-world scenarios in real time.

3.4. Evaluation Study

This section provides a systematic assessment of Guided RL methods. Combining various
techniques and approaches will be shown to improve all three aspects of Guided RL:
efficiency, effectiveness, and sim-to-real transfer. First, the methodological approach is
outlined, followed by key findings related to individual methods and their combinations.

3.4.1. Methodical Approach

Table 3.2 provides an overview of the Guided RL methods discussed in Section 3.3. Each
method is evaluated against the three dimensions of Guided RL (Section 3.1), determin-
ing if (i) training time has decreased (efficiency), (ii) policy performance has improved
(effectiveness), or (iii) the policy has been successfully applied in real-world scenarios
(sim-to-real). These evaluations are based on the claims made by the authors, supported
by figures, tables, or textual evidence. The table’s last column also details the Guided RL
methods employed in each approach, offering a comprehensive view of their achievements
across the three dimensions.
Based on these categorized references, Fig. 3.8 illustrates the normalized contributions of
the respective methods in terms of efficiency, effectiveness, and sim-to-real transfer. For
example, several papers that utilize hierarchical RL have reported enhancements in policy
performance, indicating this method’s significant role in boosting learning effectiveness.
To strengthen the statistical validity of this evaluation, the papers corresponding to each
method are considered, and all papers adopting that method (see Table 3.2).

3.4.2. Key Insights on Individual Methods

The quantitative evaluation of references (Fig. 3.8) reveals that specific methods are linked
with efficiency, effectiveness, or sim-to-real transfer enhancements. The following insights
can guide the selection of methods to boost the likelihood of achieving greater efficiency,
effectiveness, or successful real-world deployment.
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Table 3.2.: References for the evaluation study on efficiency, effectiveness, and sim-to-real.
Approaches with an asterisk achieved simultaneous improvements along all three dimensions.

Ref Efficiency Effectiveness Sim-to-Real Guided RL Methods

State
Representation
(SR)

[131] ✓ ✓ SR (PL,DR)
[132] ✓ SR (RD,LfD,CL,DR)
[33] ✓ ✓ SR (PL,DR,DA)
[30] SR
[212] SR
[145] ✓ SR
[87] ✓ ✓ SR (DR)
[89] ✓ ✓ SR (CL,DR)

Reward
Design
(RD)

[180] ✓ RD (DR)
[88] ✓ RD
[139] ✓ ✓ RD
[32] ✓ ✓ RD (CL)
[61]* ✓ ✓ ✓ RD (LfD)
[68] ✓ RD (LfD,DR,DA)
[207] ✓ ✓ RD
[25] ✓ RD (OL)
[44] ✓ ✓ RD (PL,LfD,DR)

Abstract
Learning
(AL)

[128]* ✓ ✓ ✓ AL (RD,CL,DR,DA)
[40]* ✓ ✓ ✓ AL (RD,PS)
[158] ✓ ✓ AL (LfD)
[208] ✓ AL (PS,DR)
[159] ✓ ✓ AL (HL,LfD)
[206] ✓ ✓ AL (SR,LfD)
[4] ✓ AL (LfD)
[22] ✓ ✓ AL (RD)

Offline RL
(OL)

[69] ✓ OL
[1] ✓ OL
[103] ✓ ✓ OL
[205] ✓ OL
[39] OL (PS)
[173] ✓ ✓ OL (LfD)
[215] ✓ OL (LfD)
[27] ✓ OL

Parallel
Learning
(PL)

[134] ✓ ✓ PL
[45] ✓ ✓ PL
[78] ✓ ✓ PL
[15] ✓ PL
[92] ✓ ✓ PL
[84] ✓ PL
[123] ✓ PL (PS,DR)
[168] ✓ ✓ PL (SR,RD,CL,PS,DR)
[124] ✓ ✓ PL
[171] ✓ PL

Learning from
Demonstration
(LfD)

[29] LfD (SR, PL, CL,DR)
[10]* ✓ ✓ ✓ LfD (AL,PL)
[203] ✓ ✓ LfD (SR,AL,PL,DR)
[65] ✓ ✓ LfD
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[108] ✓ ✓ LfD (SR,RD,AL,OL,CL,DR)
[2]* ✓ ✓ ✓ LfD (SR,AL)
[85]* ✓ ✓ ✓ LfD (SR,AL)
[26]* ✓ ✓ ✓ LfD (AL)
[106]* ✓ ✓ ✓ LfD (AL,DR)

Curriculum
Learning
(CL)

[166] ✓ CL (RD,PS,DR)
[129] ✓ CL
[66] ✓ CL
[121]* ✓ ✓ ✓ CL
[178] ✓ ✓ CL
[42] ✓ ✓ CL
[98]* ✓ ✓ ✓ CL (DR)
[111]* ✓ ✓ ✓ CL (RD,AL,PL,PS,DR)

Hierarchical
RL
(HL)

[154] ✓ HL (RD,LfD)
[214] ✓ HL
[142] ✓ ✓ HL
[107] ✓ ✓ HL (LfD)
[201] ✓ ✓ HL (SR,LfD)
[126] ✓ ✓ HL (RD,AL,PL,LfD,DR)
[141] ✓ ✓ HL (DR)
[112] ✓ HL (RD)

Perfect
Simulator
(PS)

[216] ✓ PS
[76] ✓ ✓ PS (LfD)
[120] ✓ PS (PL)
[72] ✓ ✓ PS (DA)
[163] PS (DR)
[136] ✓ PS (DR)
[81] ✓ PS (DR)
[210] PS (DA)

Domain
Randomization
(DR)

[189] ✓ DR
[130]* ✓ ✓ ✓ DR
[160] DR
[154] ✓ ✓ DR
[137] ✓ DR
[146] ✓ ✓ DR (PL,LfD,CL)
[194] ✓ ✓ DR (RD)
[200] ✓ DR

Domain
Adaptation
(DA)

[24]* ✓ ✓ ✓ DA (DR)
[86]* ✓ ✓ ✓ DA (DR)
[118]* ✓ ✓ ✓ DA
[218] ✓ ✓ DA
[77]* ✓ ✓ ✓ DA (SR,PL,CL,DR)
[155] ✓ DA (DR)
[164]* ✓ ✓ ✓ DA (DR)
[104] ✓ ✓ DA (SR,RD,CL,DR)
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Enhancing Efficiency

The findings indicate that parallel learning architectures, abstract learning, and learning
from demonstration data particularly expedite the RL training process. Firstly, efficient
parallelization of algorithmic components allows for scaling the learning problem [134, 45,
78]. Secondly, simplifying the learning task through task-specific action spaces or hybrid
model-based and model-free approaches can enhance overall efficiency.
Lastly, training with expert demonstrations often provides rich information, thus acceler-
ating policy training [10, 203, 194]. Moreover, more informative state representations may
improve efficiency by implementing a curriculum for progressively tackling challenging
tasks or utilizing precise simulation environments.

Enhancing Effectiveness

Regarding effectiveness, offline RL, hierarchical RL, and curriculum learning influence
overall policy performance. Training policies on recorded datasets can be a productive
route to effectiveness, as the full spectrum of potential information can be extracted
from the samples [69, 205, 25]. Additionally, employing curricula or hierarchical learning
schemes enhances policy performance and addresses more intricate robotic tasks [166, 168,
129].
Furthermore, other methods can also improve overall task performance, such as clearly
defining the learning problem, incorporating demonstration data, or leveraging parallel
learning structures.

Enhancing Sim-to-Real Transfer

As the evaluation results indicate, domain randomization, domain adaptation, and perfect
simulators are frequently used for transitioning policies trained in simulation to the real
world. Firstly, domain randomization is a widely adopted method for effective sim-to-real
transfer [130, 154, 168], likely due to its straightforward implementation applicable to
most robotics challenges. Secondly, domain adaptation through adaptation modules is
often employed for successful transfers between simulated and real environments [24, 86,
77].
Lastly, many methods aim to minimize the reality gap by enhancing simulator realism,
focusing on improved robot models, better physics calculations, or enhanced environment
representation to close the sim-to-real gap [216, 43, 104].

3.4.3. Key Insights on Guided RL Compliance

Efficient and effective policy training and real-world robotics deployment are crucial com-
ponents of Guided RL. The ultimate goal is to integrate these three dimensions effectively
(see Fig. 3.2). To achieve this, correlations among the papers that have successfully im-
proved all three dimensions are analyzed, referred to as Guided RL compliant (Table 3.2,
marked with an asterisk). These papers identify three recurring patterns that enhance
training efficiency, boost policy effectiveness, and facilitate the transfer from simulation
to real-world applications.
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Figure 3.8.: Evaluation study on Guided RL methods (based on prior publication [55]).
Based on the literature review (see Table 3.2), quantitative results depict the relative contribu-
tions of various methods toward accelerating the training process (efficiency), enhancing overall
policy performance (effectiveness), and successful real-world deployment (sim-to-real).

Utilizing Multiple Guided RL Methods

Firstly, Guided RL-compliant papers frequently employ a variety of Guided RL methods.
For example, [40, 10, 85] utilize at least three different Guided RL approaches, while [128,
111, 77] implement five or more methods to achieve enhancements across all three Guided
RL dimensions.

Combining Specific Guided RL Methods

Secondly, not only does the quantity of methods matter, but combining specific Guided
RL techniques can also increase the likelihood of improving efficiency, effectiveness, and
sim-to-real transfer simultaneously. The analysis of Pearson correlation coefficients reveals
significant positive associations between DA-DR for sim-to-real transfer and PL-DR for
data-driven scalability. Furthermore, the findings indicate that AL-LfD is often integrated
through reduced action spaces, while RD-PS incorporates additional knowledge for both
simulation and reward design.

Leveraging Multiple Levels of the Guided RL Pipeline

Lastly, Guided RL-compliant papers tend to incorporate multiple levels of the Guided RL
pipeline (see Fig. 3.1). For instance, [61, 106, 98] utilize Guided RL methods across two
or three pipeline stages. Additionally, several of the compliant papers [77, 111] integrate
knowledge across all four levels of the Guided RL pipeline, facilitating improvements in
training efficiency, policy performance, and sim-to-real transfer simultaneously.
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3.5. Practical Guidelines for Methods Selection

This section offers a set of practical guidelines on when to select which of the Guided
RL methods (see Section 3.3). The survey identified three typical robot learning tasks:
locomotion, manipulation, and navigation. Beginning with general recommendations for
all robotic tasks, this section will then provide specific guidelines for these three main
areas of robot learning.

General Recommendations

The evaluation study (see Section 3.4) has already shown that using multiple Guided RL
methods and leveraging various levels of the Guided RL pipeline can enhance efficiency,
effectiveness, and the transfer from simulation to real-world applications simultaneously.
Therefore, it is generally essential to carefully consider each Guided RL method when
establishing the RL training pipeline for a new robotic task. However, some methods can
and should be applied at least to a certain extent across most robotic tasks. The following
two are generally recommended Guided RL methods.

1. Parallel Learning: Parallel learning schemes significantly improve the speed of
training iterations and are now widely adopted for various robotic tasks. With the
advent of GPU-accelerated frameworks for robot learning, experiences can now be
collected from thousands of robots operating in parallel on local machines. This
advancement has considerably increased speed, making parallel learning one of the
most popular Guided RL methods that benefit each robotic learning task.

2. Perfect Simulator: Accurate simulation models are crucial for minimizing the
reality gap, facilitating more effortless transfer of trained models to real robots.
A realistic simulator improves training effectiveness by authentically representing
real-world physics and enabling better tuning of robot models and environmental
representations. Techniques such as system identification and the incorporation of
real-world data help to find accurate estimates for simulation parameters, enabling
randomization approaches that enhance effective sim-to-real transfer.

Case I: Locomotion

Locomotion is the area of robot learning focused on generating control policies that enable
robots to navigate their environments robustly and quickly. These environments range
from flat terrain to more complex and challenging surfaces, such as stairs, stones, or
inclined pathways. Therefore, locomotion highly benefits from structured rewards and
tasks and randomization techniques.

1. Reward Design: Learning to move can be difficult, especially for articulated robots
like quadrupeds or those needing balance, such as humanoid or two-wheeled robots.
Complex reward functions are often used to address this challenge, incorporating
various regularization terms to promote efficient exploration.
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2. Domain Randomization: Agile robots frequently operate near their physical lim-
its, such as contact stability constraints or the torque capabilities of their actuators.
Domain randomization techniques are employed in simulations to enhance the gen-
eralization of control policies across extreme scenarios. This involves varying robot
dynamic parameters, including mass distribution, stiffness, damping, and actuator
limits.

3. Curriculum Learning: To enhance both the efficiency and effectiveness of locomo-
tion tasks, curriculum learning techniques are commonly adopted. These methods
typically involve a gradual increase in the target velocity for locomotion tasks or
progressively challenging the robots with more difficult terrains as their performance
improves over time.

Case II: Manipulation

Robotic manipulation is a key area where learning-based control is applied, as these
platforms are often more affordable, and experimental setups tend to be more reproducible
than in other tasks. Many approaches focus on developing control policies that generalize
to unseen objects, grasp challenging items, or perform manipulation tasks requiring high
precision. Consequently, manipulation often benefits from randomization and reducing
the task complexity.

1. Domain Randomization: A major challenge in manipulation involves grasping
various, potentially unknown, and complex objects. To address this, domain random-
ization techniques are commonly used in simulations to help generalize the training
of policies across different objects and conditions. Typical randomization parameters
often include mass, friction, and the material properties of the objects to be grasped.

2. Learning from Demonstration: The reproducibility of experiments in manipu-
lation, combined with effective interfaces for human-machine interaction, allows for
demonstrations to guide the training process. These demonstrations may include
real-world data from actual manipulation tasks, such as those performed through
teleoperation or direct human control. Additionally, teacher-student approaches
distill policies based on real-world (visual) sensor inputs.

3. Abstract Learning: Manipulation and object grasping often require high-level
reasoning and complex scene perception using vision or depth information. As
a result, simpler action spaces are frequently chosen over joint-space control to
enhance exploration in these challenging and often sparse task settings. Typical
architectures involve an RL controller that operates on task space setpoints (like
end-effector commands), with a low-level controller translating these into desired
joint configurations.

Case III: Navigation

Learning-based navigation aims to develop control policies that guide robots on where to
go. This task often encounters challenges due to environments that are partially unknown,
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difficult in terms of traversability, or subject to dynamic obstacles, such as those found in
multi-robot scenarios or situations involving human interactions. As a result, navigation
greatly profits from integrating knowledge into the task structure and high-level action
spaces.

1. Hierarchical RL: In multi-robot learning tasks, incorporating a form of hierarchy
can enhance initial exploration and the final performance of the policy. For instance,
a high-level policy can orchestrate different local low-level policies across various
robots. Alternatively, a high-level policy can make real-time decisions between
different locomotion skills to reach a target destination.

2. Curriculum Learning: Gradually increasing the difficulty of tasks can make naviga-
tion more manageable and improve sample efficiency and effectiveness. One method
involves progressively increasing the density of obstacles in the environment based
on the policy’s performance, thereby raising the challenge. Another approach could
be incrementally increasing the distance between the starting and target positions,
which fosters more effective exploration of the environment.

3. Abstract Learning: Navigation tasks often require high-level reasoning and may
involve multi-agent decision-making. Abstracting the action space can be beneficial
in these instances. For example, low-level controllers can manage the robot’s dy-
namics or kinematics, allowing the reinforcement learning controller to operate in
task space by outputting velocity vectors instead.

3.6. Concluding Remarks

This chapter presented the concept of Guided RL and its potential to enhance the efficiency
and effectiveness of training in real-world robotics. The contributions discussed here
provide a solid foundation for understanding and applying Guided RL in various robotic
contexts. The introduction of a novel taxonomy for Guided RL serves as a modular toolbox,
enabling the integration of diverse knowledge sources into the RL training pipeline and
enriching the learning process. Additionally, the comprehensive survey of existing Guided
RL methods highlights critical aspects of problem representation, learning strategies, task
structures, and knowledge transfer from simulation to real-world environments. The
quantitative evaluation of these methods demonstrates their potential to improve sample
efficiency, task performance, and successful transfer from simulation to real-world scenarios.
Furthermore, the practical guidelines for selecting appropriate Guided RL methods cater
to the specific needs of typical robotics applications, such as locomotion, navigation, and
manipulation tasks. Together, these contributions advance the understanding of Guided
RL and provide valuable insights and tools for the robotics community, paving the way for
more efficient and effective learning-based control strategies in dynamic robotic systems.
All findings from this chapter are available for open access, alongside a comprehensive
survey to encourage further research and collaboration. These insights will serve as a
foundation for the subsequent case study, which focuses on applying Guided RL methods
to the two-wheeled robot evoBOT to train dynamic motions.
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Case Study: Learning-based Control for

evoBOT

Building upon the foundations of Guided RL (see Chapter 3), this chapter presents a case
study on learning-based control methods for a dynamic and challenging real-world robotic
system. The two-wheeled robot evoBOT, developed by Fraunhofer IML, is selected as a
case study platform for this research. evoBOT is a highly flexible mobile robot representing
a new class of robotic systems operating on the principle of an inverted pendulum. The
robot can handle many objects, making it suitable for various applications. Therefore,
the findings from this research contribute to the broader field of robotics, enhancing the
understanding of how learning-based approaches can be effectively applied to dynamic
and versatile robotic systems. Hence, the key research question to be addressed in this
chapter is:

Research Question II: How can Guided RL methods improve the efficiency and
effectiveness of learning-based control for the two-wheeled mobile robot evoBOT?

This chapter begins by selecting the most promising methods from the Guided RL tax-
onomy for the case study on learning-based control (Section 4.1). It then provides an
overview of the physics simulation model developed for evoBOT, outlines strategies for
optimization using real-world data, and evaluates the resulting sim-to-real gap using a
large-scale motion capture system (Section 4.2). Next, the learning-based control frame-
work is introduced, detailing the GPU-accelerated training setup, definitions of the RL
tasks, and mathematical formalization of the learning problem to enhance the robot’s per-
formance (Section 4.3). The chapter then evaluates the trained policies through simulation
experiments, assessing their velocity tracking performance, benchmarking efficiency and
effectiveness, and evaluating their adaptability to new tasks. (Section 4.4). Finally, an
initial pipeline for transferring the trained policies to the real robot is presented, including
an ablation study on the underlying sim-to-real methodologies (Section 4.5).

Disclaimer: Parts of this chapter are based on a prior publication of this thesis [99].
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4.1. Selection of Guided RL Methods

This section provides an overview of the Guided RL methods selected to train control
policies for the two-wheeled robot evoBOT case study (see Fig. 4.1). The evaluation
study (see Section 3.4) demonstrates that employing multiple Guided RL methods and
utilizing various levels of the Guided RL pipeline can simultaneously enhance efficiency,
effectiveness, and the transfer from simulation to real-world applications. Consequently, it
is generally recommendable to consider each Guided RL method when establishing the RL
training pipeline for a new robotic task. In line with the practical guidelines for Guided
RL (see Section 3.5), the methods selected for this case study include:

1. Reward Design: Learning dynamic tasks can be challenging, especially for ar-
ticulated robots like quadrupeds or those requiring balance, such as humanoid or
two-wheeled robots. Dense reward structures are employed for task completion and
regularization to address this, facilitating early exploration and later exploitation
during training (see Section 4.3).

2. Parallel Learning: Collecting training experiences in a parallelized fashion signifi-
cantly accelerates training iterations and is widely adopted for various robotic tasks.
This case study utilizes a GPU-accelerated framework for robot learning, enabling
the collection of experiences from thousands of robots operating in parallel on local
machines (see Section 4.3).

3. Curriculum Learning: To improve both efficiency and effectiveness, curriculum
learning techniques are commonly implemented. An adaptive training schedule is
incorporated, gradually increasing task difficulty based on the robot’s performance
(see Section 4.3).

4. Perfect Simulator: Accurate simulation models facilitate the sim-to-real transfer
of trained models to real robots. A realistic simulator improves training effective-
ness by authentically representing real-world physics and enabling better tuning of
robot models and environmental representations. System identification methods are
combined with real-world data to minimize the sim-to-real gap for the two-wheeled
robot (see Section 4.2).

5. Domain Randomization: Agile robots often operate near their physical limits,
such as contact stability constraints or actuator torque capabilities. Domain ran-
domization techniques are employed in simulation to enhance the generalization of
control policies across extreme scenarios by varying robot dynamics, including mass
distribution, stiffness, damping, and actuator limits (see Section 4.5).

The specific implementations of the selected Guided RL methods for the case study are
detailed in the corresponding sections. In particular, the mathematical foundations for
the training setup (rewards, parallel learning, and curriculum learning) are presented in
Section 4.3, domain randomization techniques for sim-to-real transfer are addressed in
Section 4.5, and methods related to perfect simulator are discussed in the next section.
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Figure 4.1.: Selection of Guided RL methods for learning-based control of evoBOT. The
chosen methods are highlighted in orange in the Guided RL taxonomy (see Section 3.2).

4.2. Physics Simulation Model

This section describes the physics simulation model created for evoBOT (see Fig. 4.2),
which will build the foundation for training control policies in the case study. It starts with
an overview of the simulation model, covering the kinematic model, dynamic parameters,
and collision shapes. Then, it outlines system identification strategies to reduce the
sim-to-real gap using real-world data from the robot. Finally, it presents results from
experimental runs of the robot, using a motion capture system, to assess the sim-to-real
gap of the simulation model.

4.2.1. Simulation Modeling in Isaac SIM

The simulation model is designed to comprehensively capture the kinematic and dynamic
aspects of the evoBOT while minimizing complexity to improve simulation performance. It
uses detailed Computer-Aided Design (CAD) data of the robot, which includes more than
300 individual parts, as the foundation for determining the overall dimensions, weights,
and materials of the components (see Fig. 4.3). Additionally, the simulation model offers
interfaces to the popular Robot Operating System (ROS).

Kinematic Structure

The overall kinematic structure of the robot consists of links connected by corresponding
joints for translational or rotational movements. In particular, the simulation model
contains eight links and seven joints, with wheels attached to the main body via revolute

1https://git.openlogisticsfoundation.org/silicon-economy/simulation-model/e
vobotsimmodel
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Figure 4.2.: evoBOT simulation model in NVIDIA Isaac SIM (based on prior publication [99]).
Available in the state-of-the-art framework and via the Open Logistics Foundation repository 1.

Figure 4.3.: CAD data serves as foundation for the evoBOT simulation model [63]. The dimen-
sions, weights, and materials of the individual components are transferred into the simulation.

42



4.2. Physics Simulation Model

(a) Arms fixed. (b) Arms stretched.

Figure 4.4.: Arm mechanism in different joint configurations.

joints. This setup allows for separate control of the right and left wheels. The arms are
connected with one revolute joint, permitting simultaneous control (see Fig. 4.4).
Grippers on the evoBOT’s arms facilitate object handling, with prismatic joints enabling
the grippers to open and close, assisted by rotational joints for precise object placement.
Joint drives and an articulation root are integrated into the model to control the joints.
The articulation root is defined at the head_link, which serves as the robot’s origin, located
at the head area of the main body. The model includes several invisible links that provide
access to position and orientation data during physics simulations. Due to pitch angle
changes from acceleration, the origin may not align with the wheel axis, complicating
navigation tasks. To address this, an invisible link, base_footprint, is added to accurately
project the wheel axis center onto the ground, enhancing positioning and enabling the
derivation of linear velocity from this reference. Additionally, two more invisible links,
base_link and grab_center, are included to ensure proper frame alignment during robot
learning tasks.
The simulation model is represented in Universal Scene Description (USD), the standard
data format for Isaac SIM that enables flexible 3D scene representation and seamless
integration of various environments for robot interaction testing. Based on the available
CAD data, a Unified Robot Description Format (URDF) file is first generated to retain
material properties and import them into Isaac SIM. Moreover, the model is optimized for
performance by removing invisible internal parts, and adjustments are made in Blender
before defining dynamic parameters and collision shapes within URDF. Feldmeier [63]
provides further details on transferring CAD to USD format, reducing the file sizes, and
implementing the gripper mechanism.

Dynamic Parameters

Accurate dynamics modeling is essential when creating simulation models for highly dy-
namic robots like the evoBOT. To achieve this, the masses, centers of mass (CoM), and
moments of inertia of all links are calculated and incorporated into the simulation model.
Rigid bodies must be assigned to each link to integrate these dynamic parameters, enabling
the physics engine to compute gravitational and external forces acting on the components.
Masses of the links are determined by segmenting existing CAD files into their respective
components while retaining internal parts to preserve dynamic integrity. Detailed CAD
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(a) Convex hull. (b) Convex decomposition.

Figure 4.5.: Main body with different approximations of collision shapes.

files for electronic components from the manufacturer ensure accurate representation, while
other files specify dimensions, materials, and densities. Wiring is omitted for simplicity
in mass distribution.
Positioning the CoM is critical for simulating the inverted pendulum. The evoBOT is
assumed to be symmetric along the Z-axis, placing the CoM along this axis. The CoM
for all links can be estimated using CAD data, applying a translational transformation
to account for differences in coordinate origins between the CAD files and the simulation
model. Moments of inertia for complex shapes can also be recalculated based on CAD data.
These moments of inertia are represented as an inertia tensor, which must be transformed
into principal moments of inertia and principal axes for use in Isaac SIM.

Collision Shapes

Collision shapes are essential for facilitating physical interactions between the links of the
robot simulation model and the environment. These colliders can be defined for all robot
links using representations such as boxes, cylinders, spheres, or custom mesh files. In Isaac
SIM, colliders can be approximated with the visual meshes of the links, taking the form of
bounding boxes or spheres for a straightforward and computationally efficient definition.
For greater precision, collision shapes can also be modeled as a convex hull that adapts
to the mesh’s shape, though this approach may not be ideal for complex geometries
like the arms or main body of the evoBOT (see Fig. 4.5a). An alternative method,
convex decomposition, approximates the mesh with multiple convex shapes, providing
a more accurate representation of intricate geometries but at a higher computational
cost. Figure 4.5b illustrates this decomposition, with separate geometric shapes shown in
distinct colors and the complete collider represented by green boundary lines.
For cylindrical or spherical shapes, precise representation is achievable in the physics
engine, eliminating the need for approximation. Accurate collider representation is crucial
for realistic behavior, especially in simulations involving the evoBOT, where the wheels
maintain constant ground contact and turntables frequently engage with objects. Therefore,
these components’ colliders are defined as cylindrical geometries to enhance simulation
fidelity. Figure 4.6 compares the two approaches, showing that the wheel approximated
with convex decomposition leads to uneven representation, negatively impacting driving
behavior and balance control. At the same time, the collider created with a precise
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(a) Convex decomposition. (b) Cylindrical mesh.

Figure 4.6.: Wheel model with different approximations of collision shapes.

cylindrical mesh definition optimizes contact with the ground.

4.2.2. Model Optimization using Real-World Data

The following outlines methods to reduce the sim-to-real gap of the evoBOT simulation
model. A realistic simulation model aims to improve accuracy and facilitate the sim-to-real
transfer of trained models to the real robot. To achieve this, real-world data regarding
actuator dynamics, friction, contacts, sensors, and communication delays is collected on
the robot and incorporated to optimize the physics simulation model (see Table 4.1).

Actuator Dynamics

Physics simulators like Isaac SIM typically use idealized motor models that assume in-
stantaneous responses, infinite torques, and perfect tracking capabilities. However, to
accurately represent a physical robot, it is essential to realistically model the actual mo-
tor behavior, which is crucial for reducing the sim-to-real gap. Actuator dynamics, in
particular, play a vital role in executing dynamic motions that involve fast accelerations.
While technical data sheets provide initial information about motor characteristics, actual
performance can vary based on usage time, control specifications, environmental condi-
tions, and other factors. Therefore, collecting real-world data from the robot’s physical
actuators is essential for minimizing the sim-to-real gap.
Several experiments have been conducted on the real robot to analyze various aspects of
actuator dynamics. Specifically, the following factors were investigated:

• Actuator limits (position, velocity, torque)

• Tracking accuracy of the low-level controller

• Verification of the torque-current constant

• Modeling of delays in actuator responses

In particular, actuator limits are assessed to ensure the model accurately reflects the
physical capabilities of the actuators. For evoBOT, this includes evaluating the velocity
and torque limits of the wheel motors responsible for balancing and locomotion. Next,
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Table 4.1.: System identification techniques utilized to optimize the simulation model.
Based on different real-world measurements collected on the actuators, materials, and sensors.

Category Collected Real-World Data

Actuator Dynamics Speed and torque limits, tracking accuracy, response time
Friction Material properties for static/dynamic friction, restitution
Compliant Contacts Material properties for compliant stiffness and damping
Sensor Noise Gaussian approximations for static sensor noise profiles
Latency Model Communication delay in the sensing and actuation pipeline

the tracking accuracy of the low-level controller is assessed to confirm that the commands
sent to the actuators lead to precise movements. Additionally, the torque-current constant
is verified to represent how electrical input translates to mechanical output accurately.
Finally, delays in actuator responses are modeled to account for inherent latencies in
actuator behavior. These factors ensure that the motor behaviors in the simulation closely
mimic real-world performance during dynamic tasks.

Friction

Material properties, particularly frictional forces, significantly impact the interactions
when two objects come into contact. In Isaac SIM, these properties can be accurately
represented by creating and assigning physics materials to the colliders associated with
the robot components. This precise definition of material characteristics is essential for
simulating realistic physical interactions in robot simulations. Frictional forces opposing
relative motion between objects can be defined using static and dynamic friction parameters
within the physics material properties. However, it is essential to note that frictional forces
depend on the interaction between the contacting materials, meaning that the friction
between rubber and rubber differs from that between rubber and wood.
To account for these interactions, Isaac SIM includes a friction combine mode feature that
considers the material properties of both contacting components. This feature outlines
the priority order for multiple components and is accessible within the physics material
properties. As the evoBOT operates on a single surface type in this study, the combined
mode for the tires is set to ensure that the simulated surface material parameters do not
influence friction behavior. To realistically model the interaction between the rubber tires
and the ground, corresponding parameters for static and dynamic friction and restitution
are selected.

Compliant Contacts

Rigid body simulators are often preferred for training control policies in robot learning
due to their performance advantages. However, the rigid-body assumption does not apply
universally to all robot learning tasks and can vary depending on the type of robot. For
instance, in real-world applications of the evoBOT, low tire pressures have been found
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(a) Default Rigid-body simulation, resulting in a
contact line between the wheel and the ground.

(b) Compliant contacts active, resulting in a contact
surface between the wheel and the ground.

Figure 4.7.: Compliant contacts with stiffness and damping variations on the wheel model.

to enhance performance. Specifically, a larger contact surface area helps prevent slippage
during highly dynamic tasks, allowing for more significant acceleration changes.
Consequently, modeling this compliance aspect of the wheels becomes essential to minimize
the sim-to-real gap. Isaac SIM provides compliant stiffness and damping parameters for
rigid body materials to account for compliance in the rigid body simulation, enabling the
simulation to avoid complex and computationally intensive soft-body simulations. These
parameters simulate material compliance and capture the deformable nature of bodies in
contact. For the evoBOT, a spring-damping system is utilized with approximated values
for compliant stiffness and damping to replicate the deformation observed in real-world
experiments.
Fig. 4.7 shows the effects of compliant contacts emulating high tire pressure (left) and low
tire pressure (right) for evoBOT within the simulation. This method offers a more accurate
representation of deformable materials’ physical interactions and behaviors within the
simulation environment, thereby enhancing the realism and precision of the robot learning
tasks.

Sensor Noise

Sensor noise is another critical factor in ensuring the accuracy of robotic perception and
control. To address this issue, real-world data from the evoBOT’s sensors has been
collected to evaluate the inherent noise characteristics of the sensor readings. Fig. 4.8
presents the experimental results of these measurements on the robot. By analyzing this
data, the statistical properties of the noise are identified and typically modeled using
Gaussian approximations (see Table 4.2).
Based on these measurements, realistic sensor profiles can be incorporated into the ground
truth data generated from the simulation. Adding these noise characteristics to the sim-
ulated sensor data creates a more realistic environment for training and testing control
policies. This approach helps bridge the gap between simulation and real-world perfor-
mance, enabling the robot to better manage uncertainties and variability in its sensory
inputs during operation.
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Figure 4.8.: Noise measurements from the sensors on the real robot. Gaussian approximations
are incorporated into the simulation based on the identified statistical properties (see Table 4.2).
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Table 4.2.: Gaussian approximation values of the measured sensor noise.

Sensor Data Mean Standard Deviation

Linear Base Velocity 1.87× 10−3 3.04× 10−4

Angular Base Velocity −3.59× 10−3 3.93× 10−4

Left Motor Current −0.12 9.68× 10−3

Right Motor Current −0.062 8.48× 10−3

Pitch Angle −0.011 1.08× 10−4

Pitch Rate 3.04× 10−3 7.41× 10−4

Latency Model

Accurate modeling of delays is crucial in robot control, as it accounts for the time lag
between sensory inputs and actuator commands. Experimental analyses have been con-
ducted on these delays in the evoBOT to enhance simulations and reduce the gap between
simulated and real-world performance. The experiments focus on two main components:
the communication cycle between the sensors and actuators and the slight delays that
occur within the actuators as they reach the desired torque levels.
By measuring these delays and applying Gaussian approximations, their statistical prop-
erties can be identified and modeled accordingly. Integrating realistic latency effects into
the simulation provides a more accurate representation of the timing dynamics involved
in robot control. Ultimately, incorporating this latency model improves the robot’s perfor-
mance in real-world scenarios, ensuring effective and timely responses to sensory inputs.

4.2.3. Evaluation of the Sim-to-Real Gap

The following evaluates how closely the simulation model aligns with the behavior of
the real robot. An experimental setup utilizing a motion capture system facilitates the
collection of ground truth data from real-world robot runs. By benchmarking these real-
world runs against identical simulations, the resulting sim-to-real gap can be quantified
and analyzed.

Experimental Setup

The PACE Lab, based at Fraunhofer-IML, is a unique research facility specializing in
precise positioning within an industrial context. The word PACE stands for Positioning
Accuracy Communication Evaluation. The lab includes a high-precision VICON motion
capture system that can detect objects in the sub-millimeter range, covering an area of
about 1000 square meters (see Fig. 4.9).
The VICON motion capture system generates ground truth data to compare with noisy
sensor data. This system employs infrared cameras to identify and track reflective markers
placed on the robot. By positioning multiple markers on the robot, VICON achieves
tracking with six degrees of freedom (position and orientation) at 250 frames per second.
Ten markers are strategically arranged to detect the evoBOT and differentiate it from other
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Figure 4.9.: Experimental setup at Fraunhofer IML [150]. The PACE Lab is equipped with a
large-scale motion capture system to track robots and accurately evaluate their sim-to-real gap.

objects accurately; markers are placed vertically on each wheel axle and along the robot’s
legs to capture the pitch angle, while the remaining markers are arranged asymmetrically
for clear orientation. The collected position data can also be integrated to calculate the
robot’s velocity.
To evaluate the sim-to-real gap, the experimental setup proceeds as follows: First, the
real robot is driven along a specific trajectory using a predetermined set of commands
for linear and angular velocity. The recorded data from this run includes internal sensory
measurements and external measurements from the VICON system, serving as ground
truth data. Next, the same driving commands are applied in the simulation using the same
control approach as the real robot. This approach enables observation and quantitative
analysis of differences in robot responses to identical trajectories and can be used to assess
the accuracy of the physics simulation model.

Benchmarking Real and Simulated Trajectories

To evaluate the accuracy of the simulation model, trajectory profiles of commanded
velocities are compared between real and simulated robots. The real robot’s response is
analyzed against two models: the baseline simulation model (refer to Section 4.2) and the
simulation model optimized using real-world data (see Section 4.2.2). This study aims
to assess the effects of system identification on the two-wheeled robot. The experiment
involves simultaneous commands for linear and angular velocities, achieving a maximum
linear velocity of 1.7 m/s and a maximum angular velocity of 1.7 rad/s, alongside rapid
acceleration changes.
Figure 4.10 compares simulation results with the real robot’s performance concerning
commanded velocities, actuator responses, and robot orientation. Findings indicate that
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the real robot and the simulation model effectively track commanded velocity profiles,
exhibiting similar control characteristics during rapid acceleration changes. Additionally,
the physics simulation accurately reflects actuator responses, such as motor current and
velocity, underscoring the importance of system identification with real-world motor data.
Finally, the experiment offers insights into the real robot’s sensor characteristics. While
the pitch rate is accurately represented in the simulation, discrepancies in pitch angle
estimation on the real robot reveal drifts and offsets. A comparative analysis of pitch
angles from the Inertial Measurement Unit (IMU) and VICON systems shows that changes
in pitch angle are primarily captured by the IMU data, indicating sensor-related behavior.

Practical Guidelines for Model Optimization

The following provides practical guidelines for reducing the sim-to-real gap in two-wheeled
robots. Section 4.2.2 has introduced various system identification methods to improve the
simulation model, including the collection of real-world data to accurately model actuator
dynamics, friction, contacts, sensors, and delays (refer to Table 4.1).
Based on benchmarking real and simulated trajectories for the evoBOT, we can evaluate
how these system identification methods affect the sim-to-real gap. The following guidelines
(in descending order of importance) are recommended for collecting real-world data:

1. Actuator Dynamics: Accurate modeling of motor characteristics is crucial, espe-
cially for dynamic tasks with high accelerations. In addition to assessing low-level
tracking accuracy, verify the torque-current constant and realistic torque limits.

2. Friction: Precise modeling of static and dynamic friction is essential, particularly
for the wheel model of two-wheeled robots. Optimizing friction parameters is also
vital for object manipulation, as appropriate contact forces are necessary for effective
handling.

3. Compliant Contacts: With an accurate friction model, incorporating compliant
stiffness and damping parameters can help reduce the sim-to-real gap. Compliant
contacts enhance traction during dynamic motions and prevent wheel slippage on
the ground.

4. Sensor Noise: Experimental results show that Gaussian distributions of sensor
noise have a limited impact on the sim-to-real gap for two-wheeled robots. However,
accounting for sensor characteristics such as drift or offset can be beneficial.

5. Delay Model: Delays in the sensor-actuator communication cycle appear to have a
low effect when comparing simulated and real trajectories. While these parameters
may not directly influence the sim-to-real gap, they could still be relevant for robot
learning and improving generalization capabilities.

4.3. Training Setup

This section outlines the training setup for the learning-based control of evoBOT. It starts
with an overview of the simulation framework, parallel training configuration, and the
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Figure 4.10.: Sim-to-Real benchmarking of the simulation model [63]. The resulting trajec-
tories from the simulation and the real robot are shown with the same velocity commands.
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Figure 4.11.: Parallel training with 4096 evoBOT instances in Isaac Gym. Experiences from
all robots are combined into one neural network for robust control within minutes of training.

learning algorithm. Next, the RL task includes the learning objectives, conditions, and
curriculum approach. Finally, the MDP formulation provides a mathematical definition
of the observation space, action space, and reward structure.

4.3.1. Parallel Training in Isaac Gym

To train control policies using simulation, Isaac Gym, a GPU-accelerated physics sim-
ulation framework designed for robot learning, is employed [123]. Its efficient parallel
processing capabilities enable simultaneous experience gathering from thousands of robots
(see Fig. 4.11). This parallel training scheme allows for the rapid development of control
policies for evoBOT within a couple of minutes on a consumer notebook equipped with
an NVIDIA RTX A5000 GPU.

Instanceable Assets

The physics simulation model of evoBOT (see Section 4.2) serves as the baseline for training
control policies. To optimize performance in large simulation scenes with multiple clones
of the same robot, the USD file is converted into an instanceable asset. USD’s scenegraph
instancing functionality allows shared mesh assets to be marked as instanceable, enabling
each evoBOT instance to reference a single mesh copy. This reduces memory usage in the
simulation environment. By correctly structuring the robot hierarchy, multiple evoBOT
instances can efficiently share mesh data, facilitating faster and more memory-efficient
training of control policies.

53



Chapter 4. Case Study: Learning-based Control for evoBOT

Table 4.3.: Hyperparameters for the learning algorithm, reward scaling, and task configuration.

Algorithm Reward Task

Horizon 48 w1 1.0 Linear velocity commands ±1m/s
Mini-batch size 32768 w2 0.5 Angular velocity commands ±1rad/s
Clip range 0.2 w3 -0.001 Total episode length 10 s
Discount factor γ 0.99 w4 -0.001 Initial pitch randomization ±0.4 rad
GAE discount factor λ 0.95 w5 -0.001 Command velocity interval 4 s
Learning rate α 0.0005 Alternating push interval 6 s

Learning Algorithm

For the learning algorithm, Proximal Policy Optimization (PPO) is utilized [175]. A
horizon length of 48 timesteps is chosen to effectively capture short-term dynamics while
maintaining computational efficiency, which is critical for balancing a dynamically unstable
system. Using five minibatches per epoch with a mini-batch size of 4096 ensures that each
policy update benefits from diverse samples, enhancing stability in updates. The discount
factor is set to 0.99 to prioritize long-term reward optimization, which is crucial for tasks
like velocity tracking.
The Generalized Advantage Estimation (GAE) parameter is set to 0.95 to balance bias and
variance, promoting stable training for continuous control of evoBOT. An adaptive learning
rate dynamically adjusts the step size for stability during updates, while a KL threshold
of 0.008 prevents excessive divergence from the previous policy. These hyperparameters
are tailored to the evoBOT task, ensuring the PPO algorithm achieves stable convergence
amid dynamic disturbances and payload variability.

Neural Network Structure

Control policies are implemented using fully connected neural networks, specifically Multi-
Layer Perceptrons (MLP), featuring two hidden layers with 128 and 64 neurons, re-
spectively, and employing the Exponential Linear Unit (ELU) activation function. The
experiences collected from all robot instances are aggregated into a single neural network,
benefiting the learning-based controller from diverse training scenarios. This enables the
neural network to learn from various states, enhancing the robustness and adaptability of
the learning-based controller.

4.3.2. RL Task Definition

A single control policy is trained for robust balancing, dynamic locomotion, and packet
handling with the evoBOT. The episode length is set to 10, which improves training
convergence compared to longer episodes. Additionally, training with fixed velocity targets
per environment results in higher rewards than when variations occur during the episode.
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Command Ranges

Control commands for the evoBOT are defined within specific ranges to ensure stability
and effectiveness during training. The ranges are as follows:

• Linear velocity commands: vcmd
x ∈ [−1, 1] m/s

• Angular velocity commands: ωcmd
z ∈ [−1, 1] rad/s

• Arm angle commands: qcmd
arm ∈ [−135◦, 135◦] (relative to the main body)

This bounded control space prevents overly aggressive movements that could lead to
instability, making careful selection of command ranges crucial for achieving the desired
balance and performance in various training scenarios.

Reset Conditions

Reset handling terminates episodes when the robot enters an unrecoverable state, providing
a structured mechanism to enforce safety constraints and avoid accumulating undesirable
behaviors that could destabilize the training process. It is essential to distinguish between
resets triggered by failure and those based on episode time-out. Time-out resets are
managed separately, where the total reward is replaced by a high negative cost, signaling the
agent’s failure to maintain task objectives. The following reset conditions are established:

• Pitch angle exceeding > 60◦ (close to the ground)

• Contact between the gripper and the ground

• Episode time-out, resulting in a negative cost

Curriculum Approach

Incorporating unknown payloads and variable arm states presents significant challenges for
achieving stable locomotion, especially during abrupt changes in command velocity or arm
movement. A structured reward-based curriculum addresses these complexities, enabling
the RL agent to tackle increasing difficulties progressively. This curriculum dynamically
adjusts task difficulty based on the agent’s performance, measured through cumulative
rewards. Rajendran [162] shows that it can allow for faster progression when the agent
demonstrates proficiency, aligning task complexity with the agent’s learning pace.
Key parameters regulated by the curriculum include payload mass, arm motion range,
and command velocity range. Training begins with minimal payloads to support initial
learning, progressively increasing the mass to challenge the agent’s balance control. The
curriculum also starts with limited arm movement, facilitating gradual adaptation to
disturbances caused by arm motion. The command velocity range expands after the agent
has navigated the entire range of payload masses. Empirical results indicate that this
reward-based curriculum leads to improved stability and velocity tracking, as it prevents
the agent from encountering overly complex challenges prematurely, thereby enhancing
overall learning outcomes.
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Actions 𝐴𝑡
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Parallel Training in Isaac SIM

Figure 4.12.: MDP framework for learning-based control of evoBOT. The neural network is
trained based on observed experiences, collected rewards, and actions taken in the environment.

4.3.3. Mathematical MDP Formulation

The RL task is modeled as a Markov Decision Process (MDP) by defining a tuple of
state space S (referred to as observation space in this thesis), action space A, rewards
rt(st, st+1), and transitions p(st+1 | st, at). These components enable the RL agent to learn
and make decisions based on maximizing cumulative rewards. The agent acts according
to a stochastic policy π(at | st) parametrized by θ. The learning algorithm updates θ to
maximize the cumulative discounted rewards E

[∑∞
t=k γt−krt

]
through interactions with

the environment, where k is the current timestep and γ is the discount factor.

Observation Space

The overall observation space O is defined as:

O = [vx, ωz, θbase, φbase, harm, qarm, q̇wheels, q̇arm, at−1, vcmd
x , ωcmd

z , qcmd
arm ]. (4.3.1)

This representation includes the linear base velocity vx, angular base velocity ωz, pitch
orientation θbase, roll orientation φbase, gripper position harm, arm joint position qarm, arm
joint velocity q̇arm, wheel joint velocities q̇wheels, previous actions at−1, and the command
velocities vcmd

x , ωcmd
z , and the arm command qcmd

arm .
This formulation provides the policy with sufficient task-relevant information, enabling it
to anticipate the effects of arm motion and improve overall stability and velocity tracking.
To enhance training efficiency, all observations are scaled to consistent dimensions, clipped
within the range of ±5, and the pitch orientation is normalized using the 2-argument
arctangent function to ensure a continuous representation of state changes.

Action Space

The RL action space defines the range of control inputs available to the agent for influ-
encing the environment. An appropriate action space is essential for effective whole-body
locomotion and balance control, closely tailored to specific task requirements. The action
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space of the policy is defined by the control inputs to the wheel joints A ∈ R2, which can
be configured as either wheel joint torque or wheel joint velocity.
In Isaac Gym [123], actions generated at each pre-physics step are normalized such that
a ∈ [−1, 1], which are subsequently scaled by the maximum torque or velocity limits before
being applied as control targets for the wheel joints. A torque-based action space allows
the RL agent to control wheel torques directly. The torque control can be formulated as:

τ = Kp(ascaled − q̇), (4.3.2)

where ascaled ∈ [−20, 20] rad/s represents target wheel velocities. Explicit velocity control
can also be achieved using a Proportional Controller (P-controller) that computes wheel
torques based on the scaled RL actions. Velocity-based control may offer smoother transi-
tions between commands and reduce system sensitivity to rapid input changes. In contrast,
torque control can be implemented more straightforwardly, requiring only scaled actions
without additional damping parameters. Torque control provides the agent refined control
over joint accelerations, allowing for improved responsiveness to dynamic disturbances
such as arm movement and payload-induced shifts.

Reward Structure

The reward formulation includes terms that track the command velocities, while regular-
ization terms promote smooth control.
The total reward rtotal is calculated as:

rtotal = rlin,xw1 + rang,zw2 − raccw3 − rtorw4 − rpoww5. (4.3.3)

In this formulation, rlin,x represents the linear velocity tracking reward, encouraging the
agent to minimize the error between the commanded linear velocity vcmd

x and the actual
base linear velocity vx. Similarly, rang,z promotes accurate tracking of the commanded
yaw rate ωcmd

z relative to the actual yaw rate ωz. The joint acceleration penalty raccw3
discourages excessive acceleration and promotes smoother control by penalizing rapid
changes in joint velocities. The joint torque penalty rtor aims to minimize abrupt torque
changes, ensuring gradual adjustments in wheel torques for stability. The energy penalty
rpow discourages high power consumption by penalizing excessive torque and velocity
products τ · q̇, thereby promoting energy-efficient operation.
The maximum reward values for rlin,x and rang,z are set at 1 and 0.5, respectively, ensuring
that the agent adjusts precisely near target velocities and discourages significant corrections.
Adaptive factors scale penalties based on tracking errors, guiding the robot to focus on
restoring balance while discouraging abrupt movements during large deviations. The
weights for regularization penalties are tuned to maintain their impact relative to primary
rewards (see Table 4.3). This ensures that acceleration and torque penalties are effective
without overwhelming the agent’s learning process. This structured approach enhances
the agent’s ability to track velocities while accurately maintaining stability in dynamic
environments.
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Chapter 4. Case Study: Learning-based Control for evoBOT

4.4. Simulation Experiments

This section examines the proposed learning-based control approach for evoBOT. It starts
with a performance analysis regarding velocity tracking and actuator responses. Next, it
reviews relevant benchmarking studies to evaluate the training framework’s efficiency and
effectiveness. Finally, the learning-based controller is tested in unseen scenarios to assess
its generalization capabilities to new tasks.

4.4.1. Task Performance Analysis

Based on the described training setup (see Section 4.3), a learning-based controller is
trained for evoBOT. This policy is trained for various task variants, including robust bal-
ancing, dynamic locomotion, whole-body locomotion, and packet handling (see Fig. 4.13).

Performance Metrics

To evaluate the overall performance of the trained control policy, the following metrics
are utilized:

Survival = Σfinishes/Σresets,

∆Lin Vel = |vcmd
x − vx|,

∆Ang Vel = |ωcmd
z − ωz|,

∆Actions = |at − at−1|,

(4.4.1)

where Survival indicates the overall success rate of the policy in terms of finished episodes,
∆Lin Vel and ∆Ang Vel account for the relative linear and angular velocity tracking errors,
and ∆Actions represents instantaneous changes in commanded actions.

Velocity Tracking

Fig. 4.14 shows the resulting tracking performance of a trained policy for evoBOT. The
experiment contains several phases with increased levels of dynamics. In phase I (0 to 2 s),
the policy is requested to balance itself from a difficult initial pitch position of up to 30
degrees. Phase II (2 to 6 s) consists of alternating linear velocity commands of ±0.5m/s,
while turn rates of up to ±1rad/s are requested. In phase III (6 to 10 s), both linear and
angular velocity commands change instantaneously, before returning to dynamic balancing
again.

Actuator Responses

The results indicate that the policy learns to respond to the given velocity targets dy-
namically. With average tracking errors of 0.13m/s and 0.05rad/s for linear and angular
velocity tracking, respectively, the system can operate at the physical boundaries of the
system. On the one hand, to realize such rapid changes in linear velocity, the robot first
needs to accelerate in the opposite direction to create the necessary tilting moment. On
the other hand, the policy learns to exploit the limits of the physically constrained robot
given by the motor dynamics to reach both maximum speed and acceleration limits.
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(a) Balancing Task.

(b) Locomotion Task.

(c) Whole-Body Locomotion Task.

(d) Packet Handling Task.

Figure 4.13.: Task variants for learning-based control with evoBOT. A single control policy is
trained for all aspects simultaneously, leading to fast iteration cycles in robot development.
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Figure 4.14.: Performance analysis of the learning-based controller. Dynamic responses to
linear and angular velocity commands and actions sent to the actuators are shown (top down).
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4.4.2. Benchmarking RL Design Choices

The following evaluates the RL framework developed for the evoBOT task, specifically
benchmarking the design choices of the learning-based controller in terms of training
efficiency and effectiveness. Key aspects analyzed include the dense reward formulation,
the parallelized training setup, and the curriculum approach outlined in Section 4.3.

Reward Design

The dense reward formulation for the evoBOT task integrates regularization terms with
primary task rewards. This design promotes smoother control and efficient exploration
during training. The reward structure includes penalties for excessive acceleration, abrupt
torque changes, high energy consumption, and rewards for achieving target velocities.
This combined approach encourages the agent to prioritize stability while maintaining
performance. Including regularization terms resulted in significantly higher performance
and faster training times than using plain task rewards alone. Agents exhibited improved
exploration capabilities, enabling them to adapt more readily to dynamic environments
and achieve better overall task performance.

Parallel Learning

The parallelized training setup utilizes Isaac Gym to train control policies across multiple
instances of evoBOT simultaneously. This strategy accelerates training by allowing the
agent to gather diverse experiences concurrently. In this setup, 4096 evoBOT instances
are trained in parallel, facilitating rapid experience collection and policy updates. The
shared learning across instances enables the neural network to learn from a broader range
of scenarios. Training with 4096 robots resulted in significantly faster training times than
configurations using 512, 1024, and 2096 environments. The enhanced parallel processing
capability directly correlates with an increased convergence rate of the policies, facilitating
robust control development in a fraction of the time.

Curriculum Learning

The curriculum learning approach is designed to progressively increase task difficulty,
which benefits the evoBOT’s dynamic balance and locomotion tasks. By systematically
introducing more complex challenges, the agent develops its skills in a structured manner.
The curriculum adjusts key parameters such as command velocities, arm motion ranges,
and payload weights throughout the training process. This gradual escalation helps the
agent build a strong foundation before tackling more demanding scenarios. Implementing
curriculum learning resulted in faster training and higher final performance on challenging
tasks. The agent effectively adapted to increased velocities, arm angles, and packet weights,
demonstrating improved stability and control as it advanced through the curriculum stages.

Neural Network Structure

This analysis compares different neural network structures used during training (see Sec-
tion 4.3) to determine if the learned policies can be deployed on a small robot micro-
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Table 4.4.: Neural network structures and their influence on the overall policy performance.

Neurons Weights Survival ↑ ∆ Lin Vel ↓ ∆ Ang Vel ↓ ∆ Actions ↓

512× 256× 128 169216 99.6± 0.8 0.33± 0.09 0.02± 0.0 4.18± 1.08
256× 128× 64 43648 99.2± 1.6 0.43± 0.13 0.14± 0.17 5.71± 2.2
128× 64× 32 11584 98.8± 3.43 0.36± 0.07 0.05± 0.18 3.7± 2.11
64× 32× 16 3232 97.6± 4.8 0.44± 0.09 0.15± 0.01 2.6± 1.46
64× 32 864 98.2± 3.12 0.55± 0.13 0.22± 0.18 1.6± 1.1

controller, thereby reducing sensor and actuator communication delays. Various fully
connected neural networks with three hidden layers were evaluated, featuring neuron con-
figurations of 2n[64, 32, 16] where n ∈ [0, 3], as well as a two-layered network with [64, 32]
neurons, as shown in Table 4.4. The performance of the trained policies for balancing
success and dynamic locomotion is consistent across all three-layered networks with n ≥ 2.
In contrast, smaller networks exhibit increased survival rates or tracking errors, likely due
to their inability to accurately represent the nonlinearities in highly dynamic motions.

Control Frequencies

Different control frequencies are analyzed to determine suitable inference rates for the
neural network during highly dynamic motions. A range of control frequencies from 25 Hz
to 500 Hz was examined. It was found that dynamic balancing requires control frequencies
of at least 100 Hz, with optimal performance achieved at 200 Hz. This requirement arises
because the highly dynamic nature of the learning task necessitates a minimum update rate
for stabilization. Conversely, control frequencies of 500 Hz or higher can lead to minimal
state changes, potentially overwhelming the stochastic nature of the learning process.

4.4.3. Robustness Tests on Unseen Scenarios

This section demonstrates the robustness of the trained policy for the evoBOT, mainly
focusing on configurations not encountered during training. The experiments evaluate
the policy’s adaptability to new tasks and variants, encompassing various challenging
scenarios. The robustness tests include random external pushes, high velocities, heavy
payloads, unknown terrains, and communication delays, with visualizations provided in
Fig. 4.15.

External Forces

The policy’s resilience to disturbances is assessed through experiments involving random
external pushes, both linear and angular. These pushes simulate unpredictable environ-
mental interactions that the robot might encounter in real-world scenarios. The trained
policy maintained stability and balance during these disturbances, demonstrating effec-
tive control and recovery strategies. This robustness is crucial for operating in dynamic
environments where external forces vary significantly.
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4.4. Simulation Experiments

(a) External Forces.

(b) Higher Velocities.

(c) Heavier Payloads.

(d) Unknown Terrains.

Figure 4.15.: Robustness tests of the control policy on unseen scenarios. Various challenging
scenarios demonstrate the adaptability and generalization of the trained policy to new tasks.
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Higher Velocities

The trained policy is further assessed under increased velocity conditions, where the
corresponding commands exceed the trained maximum of 1 m/s. This test examines
the policy’s ability to adapt to rapid movements and maintain control under high-speed
conditions. Results indicate that the policy performed well, effectively managing balance
and locomotion even at elevated speeds. This adaptability is essential for tasks that require
quick maneuvers and responsive control.

Heavier Payloads

To assess the policy’s robustness in handling increased weight, experiments were conducted
with a payload of 40 kg, double the training payload of 20 kg. This scenario tests the
policy’s stability and control under heavier loads. The trained policy exhibited strong
performance, effectively managing the additional weight without significantly degrading
balance or locomotion capabilities. This demonstrates the policy’s adaptability to varying
operational conditions.

Unknown Terrains

The policy’s performance on unknown terrains, specifically rough and stony surfaces,
was also evaluated. These tests simulate real-world conditions where the robot might
encounter unpredictable ground characteristics. The trained policy successfully navigated
these challenging surfaces, showcasing its robustness and ability to adapt to different
terrain types. This capability is vital for applications in diverse environments with varying
terrain conditions.

Communication Delays

Finally, the impact of communication delays on the policy’s performance was examined,
simulating delays of up to 50 ms, typical in 5G communication scenarios [199]. These
delays can affect the responsiveness of the control system, making it critical to evaluate the
policy’s robustness under such conditions. The trained policy demonstrated resilience to
these communication delays, maintaining effective control and stability despite the latency.
This adaptability is essential for applications that rely on real-time communication in
dynamic environments.

4.5. Sim-to-Real Transfer

This section outlines the approach and results for transferring policies trained in simulation
to the real robot. It begins with a discussion of domain randomization techniques to
enhance the generalization of the policies for real-world applications. An ablation study
is presented to benchmark the impact of these techniques on overall policy performance.
Next, a deployment pipeline is introduced, designed for resource-constrained hardware to
facilitate real-time control applications. Finally, the performance of the learning-based
controller is evaluated, focusing on both velocity and torque control on the real robot.

64



4.5. Sim-to-Real Transfer

4.5.1. Domain Randomization

Introducing variability in simulation parameters enhances the generalization of trained
policies, making them more robust for real-world deployment. This section outlines several
approaches that expose learning algorithms to a broader range of scenarios, improving their
adaptability to unforeseen conditions. These approaches include dynamics randomization,
noise injection, delay randomization, and external disturbances. Additionally, an ablation
study is conducted to evaluate the impact of these techniques on overall policy performance.

Dynamics Randomization

To address discrepancies in dynamics modeling, dynamics randomization is implemented to
enhance the simulation model. Variations in robot link masses are introduced, adjusted by
±20% to account for unmodeled cabling and small electronic components. Additionally,
Gaussian noise is applied to the gravity vector, permitting variations of up to +5%.
For motor dynamics, both the stiffness and damping of the implicit PD controllers are
randomized by ±50%, while the identified acceleration ramp is subject to an uncertainty of
±20%. Physical ground parameters such as static and dynamic friction and restitution are
randomized within [0.5, 1.0] and [0.0, 0.5], respectively, to develop robust policies adaptable
to various floor types.

Noise Injection

To enhance the robustness of the policy, noise is introduced to all observations before
they are presented to the learning algorithm. This noise is derived from real-world sensor
data measurements (see Fig. 4.8), with different scalings of the measured noise variances
applied in each environment. This noise injection is essential for training policies that
execute highly dynamic motions. Given the high control frequencies, minor state changes
occur relative to the injected noise, necessitating that the policy learns to distinguish
between noise and actual state changes that demand rapid action adjustments.

Delay Randomization

To account for varying delays experienced in real robot deployments, measurements of
different delay ranges are taken from the robot. During simulation training, a buffer of the
last observations is maintained, and data is randomly sampled from this buffer for policy
training. The findings indicate that feasible delay ranges can extend to 10, ms, aligning
with the measured delays in real-world scenarios. This approach ensures the policy can
effectively handle the latency inherent in sensor data communication.

External Disturbances

External disturbances are incorporated into the training process to enhance the robustness
of the policies in dynamic environments. Randomized pushes are introduced, applying
linear and angular forces to the robot base. This approach allows the robot to learn how
to dynamically recover from challenging initial poses, fostering more robust behaviors and
improving its adaptability to unpredictable conditions.
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Table 4.5.: Sim-to-real methods and their influence on the overall policy performance.

Sim-to-Real Methods Survival ↑ ∆ Lin Vel ↓ ∆ Ang Vel ↓ ∆ Actions ↓

Baseline (none) 100.0± 0.0 0.26± 0.09 0.06± 0.01 2.67± 0.6
Random Pushes 98.33± 2.36 0.24± 0.02 0.05± 0.0 2.39± 2.24
Dynamics Randomization 98.67± 1.89 0.22± 0.02 0.07± 0.02 5.32± 2.15
Noise Injection 99.33± 0.94 0.28± 0.03 0.05± 0.0 4.45± 2.99
Delay Randomization 85.0± 19.1 0.62± 0.33 0.1± 0.04 0.59± 0.29

Sim-to-Real Ablation

An ablation study is conducted to assess the impact of domain randomization techniques on
the sim-to-real gap. Policies are iteratively trained by adding different components aimed
at sim-to-real transfer, with performance evaluated over 1000 trials for each configuration
(see Table 4.5). Five training runs with varying random seeds are analyzed regarding
survival rates, action rates, and velocity tracking accuracy. The results, summarized
in Table 4.5, indicate that the best policy performance is achieved without any sim-to-
real methods activated (baseline). Nevertheless, policies with activated random pushes,
dynamics randomization, and noise injection also demonstrate strong performance. In
contrast, benchmarking policies with delayed observations reveals a significant increase in
task difficulty, likely due to the rapid state changes required for effective control in highly
dynamic scenarios.

4.5.2. Deployment Pipeline

To transfer trained policies from simulation to the real evoBOT, the neural networks must
be deployed on hardware. This section provides an overview of the available hardware
options for evoBOT, the conversion of the learning-based controller, and its integration
onto real-time hardware.

Embedded Hardware

The evoBOT includes several key electronic components essential for its functionality. A
microcontroller is responsible for real-time control and motor actuation, enabling quick
responses during dynamic motions. In contrast, an embedded computer manages higher-
level processing and decision-making tasks. Additionally, the robot features an IMU, which
provides real-time data critical for motion tracking and stabilization. The trained policies
are implemented directly on the microcontroller, allowing for real-time control and rapid
responses by facilitating direct connections to sensor data and motor actuation.

Neural Network Conversion

The firmware, developed in MATLAB/Simulink, generates C code for deployment on
the robot’s microcontroller. Since MATLAB/Simulink does not support direct import
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Figure 4.16.: Deployment pipeline for the trained neural network via MATLAB/Simulink. The
generated C code is deployed directly on the microcontroller of evoBOT for real-time inference.

of PyTorch files for neural networks, the policy is first converted to the Open Neural
Network Exchange (ONNX) format. The converted ONNX model is then imported into
MATLAB/Simulink and integrated using the predict block for inference. The neural
network is linked to the relevant sensor inputs and actuator outputs, incorporating scaling
commands that align with the training setup (see Fig. 4.16).

Firmware Integration

The trained neural network is integrated at the firmware level, where sensor processing
and communication occur. This integration allows the generated C code, including the
neural network, to be deployed on the microcontroller. Although microcontrollers typically
offer faster communication with sensors and actuators, they are also resource-constrained
compared to embedded computers. While the real-time inference speed is sufficient, the
static memory allocated on the microcontroller limits the neural network size. Therefore,
a neural network with two hidden layers is utilized, enabling real-time integration of the
learning-based controller onto the robot’s embedded hardware.

4.5.3. Performance Evaluation

The following evaluates the performance of the trained policies deployed on the real
evoBOT, based on the described sim-to-real methods and the deployment pipeline for the
trained neural networks. It begins with an overview of the experimental setup, followed
by an analysis of the policies operating at both velocity and torque control levels.

Experimental Setup

A two-layered neural network is chosen for the sim-to-real transfer to accommodate the
size constraints of the microcontroller, based on findings from evaluation studies. The
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policies are trained and deployed at an inference rate of 200 Hz, while low-level motor
control operates at 1 kHz. The sim-to-real ablation study (see Table 4.5) indicates that
the learned control policies are highly sensitive to delays due to rapid state changes.
Consequently, control policies utilize all proposed sim-to-real methods, excluding delay
randomization.

Velocity Control

Initially, a learning-based controller that operates at the motor speed level is deployed
on the real robot. In this configuration, the motor velocity commands generated by the
trained neural network are converted to torques using a low-level PD controller. This
initial transfer of trained policies effectively enables the dynamic stabilization of the robot.
An analysis of the robot’s base velocities shows that the average velocities achieved closely
match the commanded target velocities for locomotion tasks. However, higher action rates
are observed in the real system compared to the simulation. Further analysis reveals that
the tracking accuracy of the low-level PD controllers is less effective for small velocity
commands, contributing to a more significant sim-to-real gap. This hardware limitation
mainly affects the balancing task, leading to increased energy consumption despite initial
attempts to replicate this behavior in simulation to reduce the gap.

Torque Control

Next, a learning-based controller that operates directly at the torque level is deployed
on the real robot. This approach simplifies the interface, as the neural network can
directly produce torques sent to the motors, eliminating the need for a dedicated PD
controller and addressing the actuator tracking accuracy limitations discussed earlier.
Like the velocity control case, an analysis of the robot’s base velocities indicates that the
average velocities align closely with the commanded target velocities for locomotion tasks.
However, the torque interface significantly enhances the performance of the balancing task,
improving both smoothness and energy efficiency. Real-world experiments demonstrate
a high robustness of the policies against external disturbances, such as random pushes,
confirming the successful transfer of behaviors from simulation to the real robot.

4.6. Concluding Remarks

This chapter presented a comprehensive case study on learning-based control methods
for the evoBOT, a dynamic two-wheeled robot developed by Fraunhofer IML. A detailed
physics simulation model was established to accurately capture the kinematic and dynamic
aspects of the evoBOT, serving as a foundation for effective policy training. Real-world
data was utilized to optimize the sim-to-real gap, incorporating techniques such as actua-
tor dynamics modeling, friction analysis, and noise injection. The performance analysis
revealed that the trained policies achieved high velocity tracking and actuator respon-
siveness levels, effectively stabilizing the robot during various dynamic tasks. Insights
from evaluating the Guided RL design choices indicated that dense reward structures,
parallel learning, and task curricula significantly improved training efficiency and policy
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effectiveness. Robustness tests demonstrated the policies’ adaptability to unseen scenar-
ios, including handling external disturbances, navigating unknown terrains, and managing
higher payloads. Finally, the sim-to-real pipeline illustrated the successful transfer of
trained policies to the real robot, including an initial setup for real-time critical control
applications. Key results from this chapter, including the simulation model and training
code, have been released as open-source and are available in the latest release of NVIDIA
Isaac SIM. Building on these findings, the next chapter will explore the role of action
spaces and their impact on dynamic control tasks, further investigating how a generalized
action space can enhance the performance and adaptability of robotic systems.
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5
Generalized Action Space for Robot

Control

The case study on learning-based control (see Chapter 4) demonstrates that dynamic
robot learning tasks are significantly influenced by the control commands a neural network
can direct to a real robot, commonly referred to as the action space in RL. Typically,
robots operate within an action space defined by physics. For instance, electric actuators
utilize current to track torque through a high-frequency control loop. While RL policies
can directly output torque values, many research papers use alternative action spaces such
as joint position, joint velocity, or task-space setpoints. These values are then converted
into torques using feedback laws. However, practitioners often rely on intuition when
selecting action spaces in RL. Therefore, it would be beneficial for the community to have
a method for identifying the most efficient and effective action space for their robotic tasks.
Consequently, this chapter addresses the following research question:

Research Question III: How does action space design affect the performance of
learning-based control strategies across various robot morphologies and learning tasks?

This chapter introduces the concept of a generalized action space for robot control, aiming
to create a comprehensive framework that addresses the complexities of robot interactions
within dynamic environments. It begins with a general mathematical formulation, pre-
senting a generalized parameterization of action space at the torque level, covering specific
cases of the parameterization, and the importance of temporal considerations in action
space design (Section 5.1). Next, the experimental setup for the benchmarking study is
described, which includes various robot platforms and tasks, the policy training methodol-
ogy, and strategies for sim-to-real transfer (Section 5.2). Following up, the results of this
benchmarking study are discussed, focusing on applying the proposed action space to a
range of robots, detailing initial exploration behaviors and the effects of varying control
frequencies (Section 5.3). Finally, the chapter discusses the implications of these findings
and offers practical guidelines for the robot learning community when designing action
spaces for new robotic tasks (Section 5.4).

Disclaimer: Parts of this chapter are based on a prior publication of this thesis [60].
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5.1. Mathematical Formulation

This section introduces the concept of a generalized action space for robot control, aiming
to provide a unified approach for evaluating action space design in RL at the torque level.
First, the motivation and mathematical formalization of the generalized parametrization
of action spaces are presented. Next, several specific cases of this generalized parametriza-
tion are discussed, including well-known action spaces such as position, velocity, and
torque control. Finally, the temporal aspects of action space design in RL are addressed,
emphasizing the importance of control frequencies for robot learning tasks.

5.1.1. Generalized Parameterization of Action Space

Practitioners must thoughtfully choose the action space where learning occurs, often
relying on intuition to guide their decisions. For example, a wheeled robot is typically
associated with a wheel velocity action space. In contrast, a legged robot is linked to joint
positions, and a manipulator operates within Cartesian space targets. In well-established
tasks, the field has often converged on standardized action spaces. For instance, position
control action spaces are commonly used for learning legged locomotion.

Decomposition in Policy and Controller

In robot motor control, the design of the action space in RL is generally divided into
two components: the policy network and a low-level controller (see Fig. 5.1:A). In this
setup, the actions generated by the policy network are translated into torques using a PD
Controller. These feedback laws must apply to simulation environments and real robot
operations to effectively control the robot’s movements.

Universal Transformation into Motor Torques

In a generalized form for RL, the transformation T from the policy output at, state st, and
historical information ht := ∑

k=[0..t−1] ak into motor torque commands τt can be expressed
as:

τt = T(at, st, ht) (5.1.1)

This formulation includes both task-space action spaces and configuration-based action
spaces. Given its significance in sim-to-real RL for dynamic motions, this study focuses on
configuration-based action spaces. When the command update and torque update operate
at the same frequency (i.e. fCtrl = fRL, see Section 5.1.3), it becomes possible to combine
them to express any of these action spaces as a linear mapping from the state and action
to torque.

Parametrization for Configuration-based Tasks

This leads to the following general parametrization for configuration-based action spaces,
which represents a specific instance of the formulation described above:

72



5.1. Mathematical Formulation

Policy 
Network

Policy Network

MLP at

ht

qt

τt

Linear 

c2
c3
c4

·qt

c1
Policy Network PD 

Controller
at τt

Cross-action space initialization loss

A B

C

st

st

Random RolloutsPoli τtst
Random RolloutsPoli τtst

fRL
fCtrl

fRL

fCtrl

Accumulator 

Figure 5.1.: Generalized action space for robot control tasks (based on prior publication [60]).
A. Classical decomposition of policy and controller. B. Generalized parameterization of action
spaces, where the low-level controller can be represented as a linear layer within the network. C.
Seamless transitions between action spaces and novel analysis of their structural differences.

τt = TJ(at, st, ht), (5.1.2)
TJ(at, st, ht) = c1qt + c2q̇t + c3at + c4ht. (5.1.3)

This set of parameters c1, c2, c3, c4 can be interpreted as the final linear layer ϕA(·) of the
policy network π(st) (see Fig. 5.1:B). In particular, these coefficients for qt, q̇t, at, ht rep-
resent linear combinations of joint positions, velocities, actions, and historical information,
respectively, when the learning frequency fRL matches the control frequency fCtrl. The
coefficients c1, c2, c3, c4 serve to linearly map these variables to the torque command τt.
The choice among different action spaces corresponds to manually initializing these policy
weights. This interpretation allows us to evaluate whether the advantages of an action space
are related to the architecture itself, meaning that allowing the policy to learn parameters
leads to better performance, or whether they are linked to initialization, suggesting that
appropriate initialization of the network parameters improves performance. Furthermore,
it allows for pre-training one action space to enhance initial exploration in another action
space, such as for smooth sim-to-real transfer (see Fig. 5.1:C).

5.1.2. Special Cases of the Generalized Parametrization

Table 5.1 presents several action spaces in this generalized parameterization. Each action
space is defined as a linear function of the state and action, which is independent of each
joint. The command update connects the policy output at to the desired state, which can
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be (qdes
t , q̇des

t , or τ t). In contrast, the torque update relates the command to the desired
state.

Formalization of Common Action Spaces

Common action spaces in RL for robotics include joint position, joint velocity, and torque
control (see Chapter 2). In position action spaces, the command update directly translates
the policy actions into the desired joint positions. The torque update in this scenario
converts the desired state into the motor’s torque target, utilizing the stiffness and damping
coefficients, respectively. The network outputs correspond to the desired joint velocities
for velocity action spaces. In this case, the torque update function acts as a speed-tracking
controller that generates the appropriate motor torques. No torque update is required
when using torque control because the policy outputs directly represent the desired motor
torques.

Formalization of Delta Action Spaces

In addition to the typical action spaces, some studies implement delta variants for control-
ling position and velocity. The policy output is incorporated as an offset in the command
update in these delta action spaces. The network’s action can either be applied as a
delta to the previous desired state (e.g., qdes

t−1), which represents the cumulative sum of all
previous actions ht (referred to as multi-step integrator, or MS), or as delta to the current
state (known as a one-step integrator, or OS).
As a result, the torque updates for delta position control are equivalent to those for
position control. However, the command update varies depending on whether the action
is integrated as an offset to the previous desired joint positions (MS) or the current state
(OS). Similarly, torque updates for delta velocity and velocity action spaces are the same.
Still, the command updates for these cases also involve integrating action offsets to the
desired joint velocities (MS) or the current state (OS).

Relationships between Action Spaces

Under this generalized parameterization, several interesting relationships between the
action spaces can be observed. First, it is evident that RL policies operating closer to the
motor control level require fewer parameters to tune, as the torque update rules become
simpler. For example, in the case of torque control, the policy network is directly mapped
to the torques. Conversely, additional parameters are needed for torque updates in joint
position action spaces.
Furthermore, delta action spaces facilitate an implicit implementation of higher-order
action spaces. For instance, delta position control action spaces present another method
for effective velocity control. In contrast, delta velocity control pertains to acceleration
control, operating at a dynamic level similar to direct torque control.
Interestingly, some relationships may be counterintuitive. For example, delta position
control with a one-step integrator is equivalent to velocity control, while delta velocity
control with a one-step integrator is akin to torque control. Consequently, the generalized
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Table 5.1.: Special cases of the generalized parametrization of action spaces (based on prior
publication [60]). The corresponding command and torque updates, including the generalized
parameter set, are provided for each action space. MS = Multi-step, OS = One-step integrator.

Action Space Command Update Torque Update [c1, c2, c3, c4]

Position qdes
t ← at τ t ← Kp(qdes

t − qt)−Kdq̇t [-Kp,-Kd,Kp,0]
∆ Position (MS) qdes

t ← at + qdes
t−1 τ t ← Kp(qdes

t − qt)−Kdq̇t [-Kp,-Kd,0,Kp]
∆ Position (OS) qdes

t ← at + qt τ t ← Kp(qdes
t − qt)−Kdq̇t [0, -Kd, Kp, 0]

Velocity q̇des
t ← at τ t ← Kd(q̇des

t − q̇t) [0, -Kd, Kd, 0]
∆ Velocity (MS) q̇des

t ← at + q̇des
t−1 τ t ← Kd(q̇des

t − q̇t) [0, -Kd, 0, Kd]
∆ Velocity (OS) q̇des

t ← at + q̇t τ t ← Kd(q̇des
t − q̇t) [0, 0, Kd, 0]

Torque τ t ← at – [0, 0, 1, 0]

action space allows for a novel analysis of structural differences and seamless transitions
between them.

5.1.3. Temporal Aspects of Action Space Design

The generalized action space for robot control suggests that all action spaces can be
represented as a linear function applied to the state and policy output (see Fig. 5.1).
However, this representation does not fully account for the policy’s behavior between
timesteps, mainly when the linear function is executed at a higher frequency than the
policy evaluation, which is common in real robot systems. To address this, a higher-
frequency module is sometimes used to bridge the gap between simulation and reality.
For example, an actuator with a high gear ratio may demonstrate a misalignment between
the torques in the real world and those in simulation. When torque control is not critical,
a well-tuned low-level position controller can help mitigate the need for precise torque
modeling in simulations. However, in scenarios where force plays a vital role, such as
locomotion and contact-rich manipulation, successful implementations aim to minimize
the torque sim-to-real gap by utilizing quasi-direct drive motors that are easier to model,
either analytically or through learning-based system identification.
The benchmarking study of action spaces (see Section 5.3) focuses on these force-intensive
tasks and examines whether high-frequency low-level control provides advantages when
actuation torque is accurately modeled. The following descriptions detail each relevant
frequency, including the physics, control, and learning frequency.

Physics Frequency

In physics simulations, including those used for robotics, a physics frequency denoted as
fPhys approximates the physics stepping. This frequency is relatively insignificant for real
robots since physical interactions occur continuously at an infinitely high rate. Because
the physics frequency is highly dependent on the simulator’s physics engine, it was not
examined in detail during the benchmarking study. Instead, the physics frequency is set
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as high as possible while balancing it with computational efficiency.

Control Frequency

The control frequency, represented as fCtrl, influences the updates for torques (see Ta-
ble 5.1). A lower control frequency limits the variety of action sequences the policy can
execute by determining how often actions can change. On the other hand, it can also
enhance stability during the learning process, as shorter trajectories simplify the task of
credit attribution. Various control frequencies are tested in the benchmarking process,
while maintaining consistent practical discount factors and batch sizes.

Learning Frequency

The learning frequency, denoted as fRL, refers to the rate at which command updates occur
(see Table 5.1). The same action is generally maintained for several timesteps when this
frequency is lower than the control frequency. This approach helps to shorten trajectories,
facilitates credit attribution, and accelerates computational learning by decreasing the
number of policy inferences required. In such cases, torque may be updated multiple times
between policy evaluations since it depends on the state and is recalculated at the control
frequency. High frame skipping is often justified in physical systems because the feedback
law for the action space computes quickly and relies solely on the local state of each joint.
This allows for high-frequency implementation without communication overhead between
the motors and a central processor.

5.2. Experimental Setup

This section outlines the experimental setup for the benchmarking study, which is based
on the generalized parameterization of action spaces (refer to Section 5.1). It specifically
details the policy training configuration and provides an overview of the robot platforms
and tasks involved in the study (see Fig. 5.2 and Section 5.3).

5.2.1. Policy Training Setup

The PPO algorithm is utilized for training the RL policies, which is recognized for its
effectiveness in sim-to-real motor control [174, 81]. Detailed policy training and network
architecture information can be found in the appendix. Training is conducted on five
continuous control tasks, including three from the OmniIsaacGymEnvs suite (Ball Balance,
Cartpole, and Franka Cabinet) [123], as well as two custom locomotion tasks for the
evoBOT and Go1 robots. The primary focus is on the evoBOT and Go1, where the reward
structure incorporates velocity tracking and regularization terms. Training parameters
and reward formulations are adapted from previous studies [127, 99], ensuring that all
terms remain independent of action representations for a fair comparison. The simulation
is conducted using NVIDIA Isaac Sim.
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Different Tasks from Omniverse Isaac Gym (NVIDIA)GO1 Sim-to-Real (MIT)

evoBOT Sim-to-Real (IML)

Figure 5.2.: Overview of robot learning tasks for the benchmarking study on action spaces.
A subset of the Omniverse Isaac Gym suite [74] and the evoBOT [99] and Go1 [73] platforms
are analyzed to guide practitioners in selecting the appropriate action space for new tasks.

5.2.2. Robot Platforms & Tasks

The benchmarking study includes two real robots to evaluate the choice of action spaces:
the Unitree Go1 and the evoBOT (see Fig. 5.2). The Unitree Go1 is a quadrupedal robot
equipped with twelve electric actuators. It stands 40 cm tall and weights 12 kg. The
evoBOT is a two-wheeled robot based on the principle of a compound inverted pendulum.
It features eight electric actuators, stands 80 cm tall (excluding the arms), and has a total
weight of 50 kg. While the study incorporates robot learning tasks from Omniverse Isaac
Gym, the primary focus of the experiments is on these two robot platforms.

5.2.3. Sim-to-Real Transfer

Domain randomization techniques are utilized to transfer trained policies from simulation
to the real world. Gaussian noise is added to the sensor observations to account for
uncertainty in the robot’s sensing and actuation, and a lag model is implemented to
simulate processing delays. Additionally, ground friction is randomized to ensure the
robot can adapt to varied terrains and disturbances, and random pushes are applied to the
robot during training. Detailed information about the domain randomization parameters
and their ranges for each task is provided in the appendix.
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5.3. Benchmarking Study

This section presents a study on the generalized action space for robot control. The
study includes experiments designed to evaluate performance within this action space.
Additionally, it examines how these action spaces enhance performance, focusing on initial
exploration behavior, expressive capacity, and the impact of control frequency selection.
Most of the experiments are conducted in simulation to facilitate scaling and reproducibility.
To ensure the environment accurately reflects a simulation-to-real scenario, the highest-
performing learned policies were tested on the Go1 and evoBOT robots in the real world.

5.3.1. Performance Evaluation

The performance analysis develops control policies for the Go1 and evoBOT robots using
100 different parameter sets within the generalized action space. The primary goal of this
experiment is to analyze trends in action space parameters for the two robots, each exhibit-
ing distinct dynamics, rather than to identify a single optimal action space for each task.
To accomplish this, the investigation does not center on employing the most efficient search
techniques, such as Bayesian optimization. Instead, the objective is to explore various
action spaces to reveal trends. Consequently, a grid search approach is conducted, with pa-
rameter ranges selected to encompass the settings from OmniIsaacGymEnvs, representing
the optimized default action spaces for comparable robots.

Trends Across the Generalized Action Space

Figure 5.3 presents the results from the sweep over the generalized action space in the
evoBOT and Go1 locomotion tasks. Each entry in the table corresponds to a unique
combination of generalized parameters, representing a specific action space. The color
gradient, ranging from green (highest performance) to red (lowest performance), visualizes
the normalized return across three seeds for a policy trained in each action space.
The color gradient indicates that the optimal action space varies significantly depending on
the learning task. Even for the two locomotion tasks, the Go1 and evoBOT demonstrate
nearly opposite trends in how changes to action space parameters affect performance. For
the evoBOT locomotion task, position control action spaces (found in the upper part of
the table) perform poorly, while the best-performing action spaces for the Go1 task are
located within these same spaces. In contrast, the evoBOT performs optimally in torque
and velocity control action spaces, where the Go1’s performance declines.

Selection of Action Space Parameters

The learning dynamics are highly sensitive to the selection of action space parameters.
For the evoBOT, introducing a nonzero value for c1 (related to a position control loop)
significantly degrades performance, as does increasing c2 (which pertains to the damping
parameter). Conversely, the Go1 robot struggles to achieve high rewards without a
sufficiently elevated c1. This variation arises from the distinct natural dynamics of each
robot. The Go1 benefits from a tendency to maintain a nominal standing position, as
effectively compensating for gravity is a key aspect of its task. Its optimal strategy

78



5.3. Benchmarking Study

Table 5.2.: Performance evaluation of the evoBOT task for various special cases of the
generalized action space. The normalized return, linear and angular velocity errors, and the
corresponding parameter set are shown for the best-performing action space (see Fig. 5.3).

Action Space Normalized Return ∆ Lin Vel ∆ Ang Vel [c1, c2, c3, c4]

Position 0.54 0.51 0.43 [-10, -0.5, 30, 0]
∆Position (MS) 0.81 0.17 0.37 [-10, -2, 0, 3]
∆Position (OS) 0.64 0.30 0.75 [-10, 0, 0, 3]
Velocity 0.99 0.05 0.02 [0, -1, 30, 0]
∆Velocity (MS) 1.0 0.03 0.03 [0, -2, 0, 1]
∆Velocity (OS) 0.91 0.11 0.09 [0, 0, 30, 0]
Torque 1.0 0.04 0.02 [0, 0, 10, 0]

involves oscillating its joints around these nominal positions. On the other hand, the
evoBOT requires continuous wheel rotation for effective locomotion; consequently, the
bias introduced by a nonzero c1 can negatively impact its performance.

Task-Related Performance Metrics

In addition to the trends observed in the generalized action space regarding normalized
return, utilizing task-specific metrics for performance assessment is beneficial. For loco-
motion tasks, evaluating a policy’s ability to follow a specified velocity target involves
examining the tracking errors in both linear and angular velocities.
Table 5.2 presents these task-related performance metrics for selected special cases within
the sweep of the generalized action space (see Fig. 5.3). Specifically, the best-performing
action spaces for each special case (as shown in Table 5.1) have been selected for further
evaluation. The results indicate that the poor performance observed in the position
and delta position action spaces is also reflected in the velocity tracking performance.
However, integrating a damping term, as seen in the delta position multi-step case, results
in linear velocity errors of less than 20 cm/s. In contrast, significantly better performance
is observed from the velocity, delta velocity multi-step, and torque action spaces, yielding
optimal velocity tracking results of under 5 cm/s and 3 rad/s, respectively.

5.3.2. Initial Exploration Behavior

The evaluation of the generalized action space has revealed that the performance of a
policy can be highly sensitive to the selection of action space parameters. One possible
reason for the significant influence of action space design on training performance is that it
enhances initialization behavior, facilitating more effective exploration during the training
process. For example, Hwangbo et al. found that using a position control action space
leads to effective standing behavior. At the same time, directly commanding torques
makes the robot more prone to wriggling and falling during quadrupedal locomotion tasks.
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c3= 10 15 20 30
c1=-40 c2=-3.0 0.47±0.00 0.50±0.01 0.53±0.00 0.54±0.01
c1=-40 c2=-2.0 0.48±0.00 0.50±0.00 0.53±0.00 0.56±0.01
c1=-40 c2=-1.0 0.49±0.00 0.51±0.01 0.56±0.01 0.68±0.01
c1=-40 c2=-0.5 0.51±0.01 0.53±0.00 0.63±0.02 0.61±0.01
c1=-40 c2=0.0 0.47±0.01 0.50±0.02 0.49±0.02 0.51±0.02
c1=-30 c2=-3.0 0.49±0.01 0.51±0.01 0.53±0.01 0.54±0.00
c1=-30 c2=-2.0 0.50±0.00 0.53±0.00 0.55±0.01 0.57±0.01
c1=-30 c2=-1.0 0.51±0.00 0.55±0.00 0.57±0.01 0.62±0.02
c1=-30 c2=-0.5 0.51±0.01 0.57±0.01 0.59±0.01 0.60±0.01
c1=-30 c2=0.0 0.49±0.00 0.50±0.02 0.48±0.02 0.52±0.01
c1=-20 c2=-3.0 0.51±0.01 0.53±0.00 0.54±0.00 0.56±0.00
c1=-20 c2=-2.0 0.51±0.00 0.53±0.01 0.54±0.01 0.59±0.01
c1=-20 c2=-1.0 0.52±0.01 0.56±0.01 0.58±0.01 0.63±0.00
c1=-20 c2=-0.5 0.53±0.00 0.57±0.00 0.59±0.01 0.62±0.00
c1=-20 c2=0.0 0.53±0.00 0.59±0.02 0.59±0.02 0.59±0.01
c1=-10 c2=-3.0 0.54±0.01 0.55±0.00 0.55±0.00 0.57±0.01
c1=-10 c2=-2.0 0.53±0.01 0.54±0.00 0.54±0.00 0.59±0.01
c1=-10 c2=-1.0 0.52±0.00 0.54±0.01 0.56±0.02 0.64±0.01
c1=-10 c2=-0.5 0.53±0.01 0.57±0.00 0.63±0.00 0.65±0.01
c1=-10 c2=0.0 0.55±0.00 0.60±0.01 0.62±0.01 0.63±0.02
c1=0 c2=-3.0 0.71±0.01 0.78±0.00 0.84±0.01 0.94±0.00
c1=0 c2=-2.0 0.76±0.02 0.88±0.01 0.94±0.02 0.97±0.03
c1=0 c2=-1.0 0.94±0.01 0.99±0.00 1.00±0.00 0.99±0.01
c1=0 c2=-0.5 1.00±0.00 0.99±0.01 1.00±0.00 0.97±0.03
c1=0 c2=0.0 0.99±0.01 1.00±0.00 0.99±0.01 0.98±0.01

(a) evoBOT
c3= 10 15 20 30

c1=-40 c2=-3.0 0.22±0.01 0.26±0.01 0.39±0.00 0.36±0.01
c1=-40 c2=-2.0 0.54±0.03 0.62±0.01 0.64±0.01 0.58±0.02
c1=-40 c2=-1.0 0.91±0.00 0.96±0.00 0.96±0.02 0.85±0.01
c1=-40 c2=-0.5 0.94±0.01 0.99±0.01 0.84±0.02 0.71±0.02
c1=-40 c2=0.0 0.91±0.01 0.84±0.02 0.46±0.06 0.27±0.05
c1=-30 c2=-3.0 0.17±0.01 0.27±0.01 0.39±0.00 0.43±0.09
c1=-30 c2=-2.0 0.55±0.01 0.64±0.00 0.64±0.00 0.57±0.07
c1=-30 c2=-1.0 0.96±0.01 0.99±0.01 0.97±0.01 0.80±0.03
c1=-30 c2=-0.5 0.98±0.01 0.97±0.01 0.77±0.02 0.66±0.05
c1=-30 c2=0.0 0.94±0.00 0.76±0.05 0.51±0.04 0.30±0.15
c1=-20 c2=-3.0 0.16±0.03 0.34±0.02 0.44±0.06 0.65±0.04
c1=-20 c2=-2.0 0.47±0.01 0.65±0.01 0.64±0.00 0.78±0.00
c1=-20 c2=-1.0 0.95±0.01 1.00±0.01 0.96±0.00 0.68±0.02
c1=-20 c2=-0.5 1.00±0.01 0.94±0.02 0.78±0.03 0.60±0.00
c1=-20 c2=0.0 0.95±0.01 0.71±0.02 0.52±0.09 0.52±0.05
c1=-10 c2=-3.0 0.04±0.03 0.32±0.17 0.40±0.18 0.69±0.02
c1=-10 c2=-2.0 0.62±0.01 0.70±0.04 0.67±0.03 0.67±0.01
c1=-10 c2=-1.0 0.95±0.01 0.82±0.03 0.73±0.02 0.62±0.03
c1=-10 c2=-0.5 0.96±0.04 0.74±0.01 0.64±0.02 0.53±0.05
c1=-10 c2=0.0 0.72±0.02 0.62±0.01 0.57±0.01 0.43±0.06
c1=0 c2=-3.0 0.52±0.02 0.59±0.02 0.61±0.07 0.48±0.04
c1=0 c2=-2.0 0.61±0.01 0.59±0.02 0.54±0.03 0.51±0.02
c1=0 c2=-1.0 0.56±0.03 0.59±0.04 0.61±0.05 0.54±0.03
c1=0 c2=-0.5 0.61±0.00 0.53±0.03 0.50±0.01 0.48±0.02
c1=0 c2=0.0 0.54±0.02 0.40±0.09 0.39±0.07 0.43±0.05

(b) Go1

Figure 5.3.: Sweep over the generalized action space with 100 different parameterizations
(based on prior publication [60]). The mean and standard error of the normalized return across
three seeds are reported for each unique combination of the generalized action space.
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Random Policy Rollouts

Figure 5.4 shows the initial exploration behaviors of random policies across a position and
torque action space for the Go1 and evoBOT tasks. It displays the data from random
rollouts for joint position, velocity, and acceleration of multiple joints of the robots. Both
time series plots and histograms are provided to analyze the range of motions the random
policy explores.
To experimentally assess the effect of initialization, an intervention is designed to modify
the initial exploration of the policy. Therefore, a teacher policy πc1,c2,c3,c4

θT
and a student

policy πc1,c2,c3,c4
θS

are randomly initialized. The student policy is trained using supervised
learning to mimic the torque outputs of the randomly initialized teacher, but with a
different internal action space

min
θS

E[(πc1,c2,c3,c4
θT

(s)− πc1,c2,c3,c4
θS

(s))2], for s ∼ πc1,c2,c3,c4
θT

(s), (5.3.1)

obtained by rolling out the teacher in the training environment. This approach promotes
the alignment of the student’s rollouts, which operate within a single action space, with
the initial exploratory behavior of the other. The green-highlighted blocks in Fig. 5.4
show that the random rollouts from the student policy share characteristics similar to
each teacher’s. As a result, the teacher-student framework facilitates a seamless transfer
between action spaces within this generalized parameterization.

Pre-Trained Policy Initializations

To evaluate the impact of initial exploration on learning dynamics, Figure 5.5 analyzes
four configurations: torque from scratch, torque with PD-like initialization, position from
scratch, and position with torque-like initialization. In this context, “X with Y -like
initialization” means that the X policy is pretrained to mimic rollouts from a randomly
initialized Y policy, followed by training the X policy using RL.
For the Go1 task, the torque policy with position-like initialization significantly improves
final performance, bringing it close to the performance achieved with a position-controlled
policy. Conversely, for evoBOT, where the torque action space is more effective, pre-
initializing a PD controller with torque-like initialization results in some performance
gains, although it does not completely recover the final performance level.
Additional tasks include the FrankaCabinet, BallBalance, and Cartpole, derived from the
OmniIsaacGymEnvs suite. Findings indicate that for specific tasks (such as Go1 and
evoBOT), the performance gap between action spaces can be partially or fully mitigated
by modifying the initial exploration behavior. However, for other tasks, this factor appears
to have less influence. Notably, the FrankaCabinet achieves the highest performance with
a torque policy that uses PD-like initialization. This suggests that the task may benefit
from initially exploring using a PD policy, which provides gravity compensation, before
transitioning to a different range of movements.
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(a) evoBOT Position Control.

(b) evoBOT Torque Control.

(c) Go1 Position Control.

(d) Go1 Torque Control.

Figure 5.4.: Random rollout behavior of various action spaces (based on prior publication
[60]). Joint positions, velocities, and torques from a rollout of a random policy are shown together
with the histogram. Green shading indicates pre-training with another action space.

82



5.3. Benchmarking Study

0 50 100 150
Timestep (×10³) ×103

0

1

2

3

4

5

6
Re

wa
rd

Go1

0 50 100 150
Timestep (×10³) ×103

0.4

0.6

0.8

1.0

1.2

1.4

Re
wa

rd

evoBOT

0 20 40 60 80 100
Timestep (×10³) ×103

1

2

3

4

5

6

Re
wa

rd

FrankaCabinet

0 20 40 60 80 100
Timestep (×10³) ×103

0.1

0.2

0.3

0.4
Re

wa
rd

BallBalance

0 25 50 75 100
Timestep (×10³) ×103

0.075

0.100

0.125

0.150

0.175

0.200

0.225

0.250

Re
wa

rd

Cartpole

Figure 5.5.: Initial exploratory behavior plays a major role in the performance of different
action spaces. For dashed lines, the policy underwent a pretraining stage where it was trained
through imitation learning to match the random rollouts sampled from another action space.
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Table 5.3.: Expressive capacity plays a negligible role in the performance of various action
spaces. The best-performing policy identified during the action space exploration acts as the
teacher, while the student policies mimic it using designated action space representations.

Normalized Return

evoBOT Go1

Teacher 1.00± 0.00 1.00± 0.07
Position Student 1.00± 0.00 1.00± 0.13
Velocity Student 1.00± 0.00 1.03± 0.16
Torque Student 1.00± 0.00 0.99± 0.18

5.3.3. Expressive Capacity

Initial exploration behavior plays a significant role in the performance of different action
spaces. Another potential explanation for the relevance of action space design to training
performance is that they have different expressive capacities related to their distinct
architecture. The findings of this study indicate that this is not true for policies operating
at synchronized frequency.
Table 5.3 shows that a policy can be trained with any position, delta position, or torque
action space to match the best-performing policy trained in another action space using
teacher-student distillation. This is naively true because neural networks are universal
function approximators. However, it also illustrates that this comparison lacks factors that
would make the policies impossible to imitate, such as varied behavior between timesteps,
which will be evaluated in the following experiment.

5.3.4. Behavior Between Timesteps

The impact of temporal factors on policy performance across different action spaces is
examined. Policies are trained for the case study at various control frequencies ranging
from 25 to 200 Hz for both evoBOT and Go1, with performance evaluated based on total
rewards across different action spaces. To ensure comparability, the physics frequency is
set to 200 Hz for all experiments, and the RL frequency is implemented using a frame skip
of [1, 2, 4, 8]. The methodology from [71] is adopted to analyze different control frequencies
while keeping the effective discount factor and batch size constant.
Figure 5.6 illustrates that control frequency significantly affects final policy performance.
For learning locomotion with evoBOT, higher control frequencies generally result in in-
creased rewards, especially in torque control mode. In the Go1 environment, lower fre-
quencies can also produce satisfactory performance. Furthermore, the behavior between
physics substeps can considerably influence final policy outcomes. To differentiate these
two effects, the policy performance is analyzed under two conditions: one in which torques
are recomputed at each physics substep (fCtrl = fPhys) and another in which they remain
fixed until the next RL update (fCtrl = fRL). Consequently, updating the torques at the
physics level, rather than at the RL level, typically yields better performance across most
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Figure 5.6.: Temporal behavior of policies across multiple action spaces across three seeds
with reported mean and standard error of the normalized return (based on prior publication
[60]). For various RL frequencies (frame skip), different trends in the policies’ performance
can be observed. Similarly, torque updates in physics steps also affect final policy performance
significantly.

action spaces and tasks. This finding is particularly significant for position control, likely
due to the effects of stiffness and damping in PD control.

5.4. Practical Guidelines for Action Space Selection

The results from the benchmarking study (see Section 5.3) indicate that the choice of action
space significantly impacts learning performance. However, the analysis across various
robot learning tasks reveals no optimal action space applicable to all tasks. Instead, the
design of the action space seems to be highly dependent on both the robot and task-specific
characteristics. Below are some general guidelines to assist practitioners in designing an
appropriate action space for new robot learning tasks:

1. Consider Robot Dynamics: When selecting an action space for a new task,
evaluate the robot’s dynamics and expected movements first. A position-based
action space may be beneficial if it is necessary to maintain the joints near a nominal
posture by applying torque. For joints requiring continuous rotation, using a higher-
level dynamics action space, such as acceleration or torque, may be preferable.

2. Impact on Exploration: The chosen action space greatly influences the initial
exploration behavior of the policy. Visualizing position, velocity, and torque rollouts
from a random policy on the robot can help you understand this impact. Ensure that
the selected action space efficiently explores high-reward states within the learning
task.
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3. Action Space Parameters: Learning dynamics are highly sensitive to selecting
action space parameters. Choose action space gains that enhance learning dynamics
for your specific task. Conducting a sweep over the generalized action space can
provide insights into how changing parameters affect policy performance for your
particular task.

4. Control Frequency Selection: Designing an appropriate action space is closely re-
lated to the choice of control frequency. The behavior of the policy between timesteps
can significantly influence performance, but these effects may vary depending on the
task. Generally, it is advisable to operate the policy at a higher frequency without
frame skips.

5. Sim-to-Real Transfer: If your physical robot is limited to a specific control in-
terface, the generalized action space can help transition behaviors from one action
space to another during an initial imitation phase. To deploy the final policy on the
robot with different gains, consider using teacher-student learning to facilitate this
conversion.

These guidelines hopefully assist the robot learning community in designing effective action
spaces tailored to their particular robot learning tasks.

5.5. Concluding Remarks

This chapter introduces a generalized parameterization for action spaces in RL for robot
motor control. It explored the selection of action spaces for various types of robots, in-
cluding a wheeled-legged robot, a quadruped robot, and a simulated suite of locomotion,
manipulation, and control tasks. An extensive benchmarking study was conducted, train-
ing over 600 policies using the novel generalized action space to analyze how action space
design can enhance performance across different robot learning tasks.
Several important insights emerged from the findings. The choice of action space signifi-
cantly affects learning outcomes. Different robots exhibited opposite trends when faced
with the same locomotion objectives, highlighting the necessity for tailored action space
selection that considers the unique dynamics of each robot. Modifying initial exploration
behavior can help reduce performance disparities between action spaces for specific tasks.
However, this strategy is not universally effective, emphasizing the task-dependent na-
ture of exploration tuning. Despite performance variations among different action spaces,
effective policies can often be adapted with similar success. This indicates that while
expressive capacity is crucial, it does not impose strict limitations on achieving optimal
performance. A significant link was observed between tuning control frequency and action
space representation, emphasizing the complex nature of optimizing action spaces with
temporal control parameters.
Overall, the results demonstrate that action space selection substantially impacts learning
performance, which varies depending on the task. The practical outcomes of selecting an
action space are primarily attributed to improved policy initialization and behavior across
time steps. These insights provide valuable guidance for enhancing robotic learning and
control across various platforms and tasks.
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6
Conclusion and Future Directions

This dissertation has explored learning-based control techniques for dynamic robots, focus-
ing on key challenges in the field, including efficient exploration, robust task performance,
and bridging the sim-to-real gap. The research aimed to develop methods for integrating
knowledge into RL while improving action space design to enhance real-world robotic
applications’ training efficiency and effectiveness. The two-wheeled mobile robot evoBOT
serves as a case study for this work. However, the developed methods and design strategies
can be applied to other learning tasks and dynamic robots. Based on the contributions
outlined in Section 1.2, the following summarizes how each chapter of this dissertation
addresses these challenges (refer to Section 6.1) and presents directions for future research
in this area (see Section 6.2).

6.1. Summary of Findings

Guided Reinforcement Learning Chapter 3 introduced the concept of Guided RL, high-
lighting its potential to improve robotic systems’ training efficiency and effectiveness. By
systematically integrating external knowledge sources, such as expert demonstrations or
historical experiences, into the RL training process, Guided RL not only speeds up the
learning curve but also enhances the quality of the learned policies. A key achievement
of this chapter was the development of a novel taxonomy for Guided RL, which acts as a
modular toolbox. This taxonomy facilitates the incorporation of diverse knowledge sources
into the RL pipeline, enriching the learning experience and making it more adaptable to
various robotic contexts. The chapter also provided a comprehensive survey of existing
Guided RL methods, emphasizing critical aspects such as problem representation, learn-
ing strategies, and task structures. This survey highlighted the significance of knowledge
transfer from simulation to real-world environments, demonstrating that well-structured
guidance can significantly improve sample efficiency. This means that fewer interactions
with the environment are required to achieve optimal performance. Quantitative evalua-
tions showed that applying Guided RL methods improved task performance across various
robotic applications, reinforcing the framework’s relevance in the field. Furthermore, prac-
tical guidelines for selecting appropriate Guided RL methods were outlined, stressing the
importance of aligning the chosen method with the task’s specific requirements and the
robot’s characteristics. These guidelines recommend considering factors such as the nature
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of the task (e.g., locomotion, manipulation), the availability of expert knowledge, and the
desired balance between exploration and exploitation during training. By following these
recommendations, practitioners can optimize the effectiveness and efficiency of their RL
implementations in real-world scenarios.

Case Study on Learning-based Control In Chapter 4, the focus was on developing dy-
namic motions for the two-wheeled robot evoBOT. The chapter detailed the implemen-
tation of learning-based control methods specifically designed for this robot, emphasizing
the need for rapid training speeds and robust performance in real-world situations. Key
findings demonstrated that policies trained using Guided RL achieved high levels of veloc-
ity tracking and actuator responsiveness, effectively controlling the robot during various
dynamic tasks. A significant achievement was the successful optimization of the sim-to-real
gap, which was accomplished through techniques such as modeling actuator dynamics,
analyzing friction, and injecting noise. These methods facilitated the effective integration
of real-world data into the training process, resulting in policies that were effective in
simulation and transferable to the physical robot. Additionally, performance analyses in-
dicated that the trained policies exhibited remarkable adaptability, successfully managing
external disturbances, navigating unknown terrains, and handling varying payloads. The
chapter also underscored the importance of structured reward designs and task curricula in
enhancing training efficiency. The findings revealed that utilizing dense reward structures
and parallel learning strategies significantly improved both the convergence speed and
effectiveness of the learned policies. Overall, this case study demonstrated the practical
implications of Guided RL in developing robust and dynamic control systems for real-world
robotic applications.

Generalized Action Space for Robot Control Chapter 5 examined the role of action space
design in RL for dynamic robot control. It found that the choice of action space signifi-
cantly affects learning outcomes, with different robots demonstrating varying performance
trends when tackling the same locomotion objectives. This discovery emphasizes the need
for a customized approach to action space selection that considers each robot’s unique
dynamics and operational constraints. A significant achievement was the development of
a generalized parameterization for action spaces, which enables the evaluation of learning-
based control strategies across different robot morphologies. An extensive benchmarking
study involving training over 600 policies showed that modifying the action space could
enhance training speed and policy performance across various tasks. While the chapter
pointed out that having a rich and expressive action space is essential, it also suggested
that this does not create strict limits on achieving optimal performance. Effective policies
can often be adapted to different action representations. Furthermore, the chapter offered
practical guidelines for selecting action spaces, highlighting the importance of aligning the
action space with the robot’s dynamics and considering temporal factors, such as control
frequency. This systematic analysis provides researchers and practitioners with valuable
tools to improve robotic learning and control across diverse platforms and tasks.
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6.2. Implications for Future Research

Key results of this work, including publications, the robot simulation model, and the
training code, are available for open access to promote further research in this field.

Further Guided RL Applications Guided RL (see Chapter 3) is a modular framework
that enhances training efficiency, task effectiveness, and the sim-to-real transfer process
by incorporating knowledge into robot learning tasks. The case study (see Chapter 4)
evaluated how Guided RL can improve learning-based control of the two-wheeled mobile
robot, evoBOT. Integrating multiple methods from the Guided RL framework has demon-
strated improvements in training efficiency, enhanced robustness in task performance, and
successful transfer of learned policies to the real robot. Future research could explore how
Guided RL can enhance robot learning tasks from other domains. Integrating knowledge
to improve cognitive reasoning could benefit challenges such as dexterous manipulation in
cluttered environments or multi-robot cooperation. Since evoBOT has simple kinematics
with just eight joints, studies could also investigate the impact of Guided RL on training
for more complex robot morphologies, such as humanoid robots.

Sim-to-Real Transfer for Complex Tasks The case study (see Chapter 4) investigated
methods to optimize the sim-to-real transfer for two-wheeled robots. By incorporating
real-world data from the robot and benchmarking with a motion capture system, improved
model accuracy and successful sim-to-real transfer of trained policies were achieved. How-
ever, the sim-to-real experiments conducted in this work were limited to locomotion tasks
in controlled lab environments. Future research could focus on evaluating sim-to-real
transfer for more complex tasks. For instance, highly dynamic tasks that involve rapid
accelerations at the robot’s limits, where wheel slippage becomes unavoidable, warrant
further investigation. Additionally, experimental trials examining the effects of varying
loads on the real robot would be valuable for assessing the generalization capabilities of
the learning-based controller.

Automated Action Space Design The action space study (see Chapter 5) explored how
robot control can be enhanced across various platforms and tasks by training hundreds
of policies within the proposed generalized action space. The results indicate that the
selection of the action space significantly influences learning performance, which varies
depending on the specific robot learning task. Although this work identified trends in
action space design across multiple tasks, these trends do not fully explain the differences
in learning dynamics across varying action spaces. Future work could build upon the
generalized action space formulation to automate its design. For example, the generalized
parameters of the action space could be incorporated into the training process, allowing
the agent to fine-tune robot motor control for new tasks automatically. Another promising
direction would involve establishing metrics to predict the suitability of an action space
for new tasks before training begins, potentially accelerating the automated design of
environments, such as using foundation models [122].

89



Chapter 6. Conclusion and Future Directions

Autonomous Environment Interaction The case study (see Chapter 4) developed methods
for learning-based control of the two-wheeled robot evoBOT. Specifically, the reinforce-
ment learning controller was trained to accomplish various task variants simultaneously,
such as robust balancing, dynamic locomotion, and effective packet handling. This ma-
chine learning-based approach facilitates faster iteration cycles and reduces the need for
manual tuning in future robot control designs. Future research could focus on integrating
additional capabilities into the learning-based controller. While the current controller
has demonstrated its ability to manage various objects during locomotion, enhancing it
to enable complete control over the arms and grippers could be a future direction for
achieving more autonomous interactions with the environment. Similarly, incorporating
additional sensor modalities, such as vision or tactile sensing, into the training process
could pave the way for even more autonomous interactions of robots with the real world.
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A.2. Open-Source Contributions

A.2.1. Guided Reinforcement Learning (Chapter 3)

Survey Study:
https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=99261
59

A.2.2. Case Study: Learning-based Control for evoBOT (Chapter 4)

Simulation Model:
https://git.openlogisticsfoundation.org/silicon-economy/simulat
ion-model/evobotsimmodel

Training Code:
https://github.com/julesser/omni-isaac-gym-envs/tree/main/omni
isaacgymenvs/tasks/evobot.py

A.2.3. Generalized Action Space for Robot Control (Chapter 5)

Benchmarking Study:
https://openreview.net/pdf?id=GGuNkjQSrk

Training Code:
https://github.com/julesser/corl-action-spaces
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A.3. Detailed Training Setup

A.3. Detailed Training Setup

A.3.1. Hyperparameters

Table A.1.: Hyperparameters used during training with PPO.

Hyperparameter Value

Timesteps per rollout 48
Minibatches per epoch 5
Mini-batch size 32768
Discount factor 0.99
GAE parameter 0.95
Learning rate adaptive
KL threshold 0.008
Workers 1
Environments per worker 4096

Table A.2.: Neural network architecture for the Go1 task.

Hyperparameter Value

Hidden layer dimensions [512, 256, 128]
Activation function elu

Table A.3.: Neural network architecture for the evoBOT task.

Hyperparameter Value

Hidden layer dimensions [128, 64]
Activation function elu
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A.3.2. Reward Formulations

Table A.4.: Reward for the Go1 task (adapted from [125] to eliminate dependence on action
representation, e.g. action change penalty is replaced by corresponding smoothness terms).

Term Form Coefficient

Lin vel tracking (xy) exp{−|vxy − vcmd
xy |2/σvxy} 1.0

Ang vel tracking (yaw) exp{−(ωz − ωcmd
z )2/σωz} 0.5

Joint acceleration |q̈t|2 −2.5e− 7
Delta torque |τ t − τ t−1|2 −5e− 8
Delta pos |qt − qt−1|2 −4e− 3
Lin vel (z) v2

z −1.0
Ang vel (roll-pitch) |ωxy|2 −0.05
Power |τ t · q̇t|2 −2e− 5
Foot clearance ∑

foot(hf
z,foot − hf,cmd

z )2Ccmd
foot (θcmd, t) −20.0

Base height (hz − href)2 −80.0
Base orientation |gt|2 −0.2
Foot contact (force) ∑

foot[1− Ccmd
foot (θcmd, t)] exp{−|ffoot|2/σcf} 0.2

Foot contact (velocity) ∑
foot[Ccmd

foot (θcmd, t)] exp{−|vfoot
xy |2/σcv} 0.2

Raibert heuristic (pf
x,y,foot − pf,cmd

x,y,foot)2 −5.0

Table A.5.: Reward for the evoBOT task (adapted from [99]) to eliminate dependence on action
representation, e.g. action change penalty is replaced by corresponding smoothness terms).

Term Form Coefficient

Lin vel tracking (x) exp{−|vx − vcmd
x |2/σvxy} 1.0

Ang vel tracking (yaw) exp{−(ωz − ωcmd
z )2/σωz} 0.5

Joint acceleration |q̈t|2 −1e− 4
Delta torque |τ t − τ t−1|2 −1e− 4
Power |τ t · q̇t|2 −1e− 4
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A.3. Detailed Training Setup

A.3.3. Sim-to-Real Conditions

Table A.6.: Observations for the Go1 task.

Term Dim Scale Noise Std

Gravity vector 3 1.0 0.01
Velocity command 3 1.0 0.0
Joint positions 12 0.5 0.005
Joint velocities 12 0.05 1.0
Clock variable 1 1.0 0.0

Table A.7.: Observations for the evoBOT task.

Term Dim Scale Noise Std

Velocity command 2 2.0 0.0
Linear velocity (x) 1 2.0 0.0003
Angular velocity (yz) 2 0.25 0.0005
Pitch angle 1 0.5 0.005
Joint positions 2 0.5 0.001
Joint velocities 2 0.05 0.01

Table A.8.: Domain randomization parameters for the Go1 and evoBOT tasks.

Term Min Max

Ground friction 0.5 1.0
Ground restitution 0.0 1.0
Initial joint velocities −0.1 0.1
Random pushes (every 10 seconds) −0.5 0.5
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