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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 iibernehmen. Mit
dem technologischen Fortschritt hin zu dynamischen Robotern, die mit ihrer Umgebung
interagieren konnen, wird die Steuerung dieser Systeme immer komplexer. Lernbasierte
Regelung bietet einen vielversprechenden Ansatz, der es den Robotern ermdéglicht, sich
auf der Grundlage ihrer Erfahrungen in dynamischen Umgebungen an neue Aufgaben
anzupassen. Eine solche Anpassungsfihigkeit ist entscheidend fiir den Erfolg in realen
Anwendungen.

Diese Dissertation bietet eine umfassende Untersuchung von Methoden des gefiithrten
Verstarkungslernens (Guided Reinforcement Learning, RL), welche darauf abzielen die
Trainingsgeschwindigkeit und Performance zu verbessern, sowie die Ubertragbarkeit der
lernbasierten Regler von der Simulation auf die realen Roboter zu ermoglichen. Der erste
Teil dieser Arbeit stellt eine neuartige Taxonomie fiir Guided RL vor, die systematisch
externe Wissensquellen einbezieht. Dieser Ansatz steigert die Effizienz und Effektivitdt des
Trainingsprozesses. Die Dissertation enthélt auch eine umfassende Studie zu Guided RL
Methoden sowie praktische Richtlinien fiir deren Anwendung in verschiedenen Kontexten
der Robotik, die es Forschern und Anwendern erméglichen, die am besten geeigneten
Strategien fiir ihre individuellen Anforderungen auszuwéhlen. Der zweite Teil der Ar-
beit enthélt eine umfassende Fallstudie zur lernbasierten Regelung von evoBOT, einem
dynamischen zweiradrigen Roboter, der vom Fraunhofer-Institut fiir Materialfluss und
Logistik IML entwickelt wurde. Diese Studie veranschaulicht, wie Guided-RL-Techniken
die gelernten Regler erheblich verbessern konnen, was zu schnellerem Training, Robus-
theit gegeniiber Stérungen und der erfolgreichen Ubertragung der trainierten Regler auf
den physischen Roboter fithrt. Schliefllich wird im dritten Teil dieser Arbeit ein ver-
allgemeinerter Aktionsraum fiir die Robotersteuerung eingefiihrt, der eine Formulierung
bietet, die direkt auf Drehmomentebene arbeitet. Dieser Aspekt der Arbeit bewertet
die Auswirkungen verschiedener Aktionsrdume auf die Performance gelernter Regler fiir
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 fiir ein effektives Training und die Imple-
mentierung lernbasierter Regelstrategien in komplexen, dynamischen Robotern. Somit
legt diese Arbeit den Grundstein fir die Verbesserung der Fahigkeiten autonomer Roboter
in realen Anwendungen und das tagliche Leben. Zentrale Ergebnisse dieser Arbeit, ein-
schlieflich der Veroffentlichungen, des Simulationsmodells und des Trainingscodes, sind
frei zugénglich, um die weitere Forschung auf diesem Gebiet zu fordern.

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

This introduction outlines the scope of the dissertation, which aims to advance the eld
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 speci c objectives, research questions this thesis aims to address, and the
scienti ¢ 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 arti cial
intelligence (Al) 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 Al, also known as physical Al, explores the integration of Al into physical
systems, such as robots, enabling them to interact meaningfully with their surroundings
[80, 46]. This eld encompasses all aspects of interaction and learning, from perception and
understanding to reasoning, planning, and execution. Unlike traditional Al models that
often operate in abstract, virtual environments, Embodied Al emphasizes the importance
of physical presence and interaction. An Al 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 Al paradigm, one approach to advancing Embodied Al 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 Al demonstrates
its relevance beyond theoretical interests, impacting various domains such as logistics,
manufacturing, and production.



Chapter 1. Introduction

The growing signi cance of automation in various industries is fueled by labor shortages,
increasing e ciency demands, and the potential for enhanced productivity. The logistics
sector, in particular, faces signi cant 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 e ciency 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 Al 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 e ectiveness 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 e ectively 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,
guadrupedal robots, which move using four legs, have been enhanced with robotic manip-
ulators to interact with di erent 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 signi cantly. While four-wheeled robots benet 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 exible mobile
robot that operates on the principles of an inverted pendulum. This robot exempli es
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 signi cant 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 prede ned 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

e ects 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.

2



1.2. Objective and Contributions

1.2. Objective and Contributions

This thesis aims to advance the eld 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 scientic
contributions of this thesis.

Guided Reinforcement Learning

RL o ers 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 (e ciency), policy performance
(e ectiveness), 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 e cient and e ective training for real-world scenarios.
Research contributions to hybrid learning for Embodied Al often come from various
disciplines, highlighting the need for a structured overview. Therefore, the rst 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 e ciency, e ectiveness, and sim-to-real transfer?

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

A

Contribution 1LA: 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 1.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.
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Figure 1.1.: evoBOT developed by Fraunhofer IML. A highly dynamic and exible two-wheeled
robot used as case study for learning-based control of challenging systems within this thesis [62].

evoBOT is a highly exible 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 ndings from this research contribute to the broader eld of robotics, enhancing the
understanding of how learning-based approaches can be e ectively applied to dynamic
and versatile robotic systems.

The learning-based controller is supposed to ful Il the following requirements:

Training within a few minutes from scratch for fast iteration speed (E ciency).
Save training in simulation to prevent damage to the real robot (E ciency).

Fast control reaction times utilizing the dynamic limits of the robot (E ectiveness).
Robustness against both internal and external disturbances (E ectiveness).
Policies should be transferable from simulation to the real robot (Sim-to-Real).
Seamless integration of trained policies into the robot's rmware (Sim-to-Real).

Consequently, the most promising methods from the Guided RL taxonomy are selected to
enhance the e ciency and e ectiveness 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 e ciency and
e ectiveness of learning-based control for the two-wheeled mobile robot evoBOT?



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 I1.A: A robust RL framework designed for highly dynamic motions,
including robust balancing and whole-body locomotion with object handling.

Contribution I11.B: A reference study aimed at minimizing the sim-to-real gap for
highly dynamic two-wheeled robots, using real-world measurements.

Contribution 11.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 signi cantly in u-
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
de ned 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 bene cial for the community to have a method for identifying the most

e cient and e ective action space for their robotic tasks. Finally, the third research
guestion addressed in this thesis is as follows:

Research Question Ill: How does action space design a ect 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. Speci cally, the contributions include:

Contribution [11.A: A formulation of a generalized action space for con guration-
based robot learning that operates directly at the torque level.

Contribution 111.B: Benchmarking the impact of action spaces on training speed
(e ciency) and policy performance (e ectiveness) across multiple robot platforms.

Contribution 111.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.



Chapter 1. Introduction

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
speci ¢ 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 e ciency, performance, and sim-to-real transfer.

Chapter 4 (Case Study) demonstrates the application of Guided RL to improve the
e ciency and e ectiveness 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 ndings of the thesis and
provides recommendations for future research.

Figure 1.2.: Overview of the thesis structure . The interconnection of chapters is highlighted
along with the related open-source contributions.



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 a ect learning e ciency and overall performance. Finally,
the current state of the art in the eld of robot learning is summarized.

2.1. Reinforcement Learning (RL)

Introduction to RL in Robotics

RL is a sub eld 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 eld of robotics [7]. It has e ectively 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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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 state$s, commonly referred to as observation®
in robot learning, a set of actionsA, a transition function P(sjs; a), a reward function
R(s; @), and a discount factor 2 [0;1).
A policy (ajs) determines the probability of taking actiona in state s. The agent aims
to learn an optimal policy that maximizes the cumulative expected reward over time.
To evaluate the e ectiveness of a policy, we de ne the State Value Functio¥ (s) as:
* 7
V(s)= E ‘R(st; &)jso = s (2.1.1)
t=0
This function represents the expected return starting from state and following the policy
. The Action Value Function Q(s; a) is de ned as:
..)4 4
Q(s;a) = E 'R(si;a)jso = S;a0 = a (2.1.2)
t=0
This function estimates the expected return for taking actiom in state s and then following
the policy . To relate these value functions, we use the Bellman Equations. For the value
function, we have:

X X
V(s) = (ajs) P(sys;a)(R(s;a)+ V (sY) (2.1.3)
a s0
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:
|

sa= " Pisia RE+ - (aJ9Q(L D) (2.1.4)

s0 ao

Neural Networks

In the eld 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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2.1. Reinforcement Learning (RL)

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 de ned as:

h i
L()=E (y Q(s;& ))? (2.1.5)

wherey is the target value de ned as:

y = R(s;a)+ mang(s“,a“, ) (2.1.6)

Here, are the parameters of the neural network, and 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 states can be represented by the board
con guration, while the actions a correspond to placing a stone in one of the empty
intersections. The reward functionR(s; a) is typically de ned as +1 for winning, -1 for
losing, and O for a draw or non-terminal state.

The agent uses a neural network to approximate the action value functid(s; @), learning
from numerous games played. Over time, through trial and error, the agent re nes its
policy , 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:

! I#

_ (@ds) 1+ A (2.1.7)

(ajst) A Ty

LCYP ()= E; min .
( ) t old (atjst)

t; clip
Here, A; is the estimated advantage at timet, and is a hyperparameter that controls
the clipping range. The objective encourages the new policy to stay close to the old
policy . thus preventing extensive updates that could destabilize training.

PPO operates on a trust region approach, where the clipped objective e ectively 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 e ective 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 o -policy data further
enhances its e ciency in learning optimal policies.
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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 eld 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 signi cance of collecting high-quality samples
and e ciently 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 e ectively resolve these chal-
lenges. In this direction, the concept of Triangular Al integrates three key dimensions:
data, knowledge, and context [193]. Current Al 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 Al can o er 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-speci ¢ knowledge to improve
sample e ciency and policy robustness. Building upon this foundation, hybrid approaches
may o er valuable avenues for advancing RL in real-world robotics applications.
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2.3. RL for Dynamic Motions

Ef cient and Effective Reinforcement Learning

In the context of robotics, numerous research avenues have emerged to enhance the
e ciency of exploration and e ectively deploy policies for real-world systems. For in-
stance, specialized algorithms have been developed to augment sample e ciency [6, 14,
173]. Demonstration data has been utilized to expedite RL methodologies [24, 203, 108].
Thoughtfully selecting task-speci c state representations, reward functions, and action
spaces can signi cantly 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 eld. For example, [217] emphasizes
strategies to improve sample e ciency in RL in a general context, while [100] focuses
speci cally 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] o ers 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 e ciency
and e ectiveness 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 eld 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 uidly. Additionally, RL has been applied to determining foot place-
ments [40], enabling robots to optimize their gait for stability and e ciency. 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 e cient
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 e ective
operation. Two-wheeled robots, also known as two-wheeled inverted pendulums (TWIP),
present more signi cant 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 simpli ed 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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