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RESUMO

Esta tese aborda o desafio de projetar fungdes de recompensa eficazes para o treinamento de
agentes utilizando aprendizado por refor¢o profundo (DRL) em tarefas orientadas a objetivos. O
principal objetivo € acelerar o aprendizado, minimizar a ocorréncia de 6timos locais, aumentar
a eficiéncia e garantir que o agente se alinhe corretamente aos objetivos definidos. A pesquisa
explora como as funcdes de recompensa podem contribuir para a melhoria da generalizag¢do das
politicas, permitindo um desempenho robusto em cendérios novos e nao treinados. Um dos focos
centrais da tese € a reducao da lacuna entre simulagao e realidade, facilitando a transferéncia
de politicas aprendidas em ambientes simulados para aplicacdes reais complexas e dinamicas,
sem perda de desempenho ou necessidade de treinamento adicional. Como solucdo para o
problema analisado, propde-se uma funcdo de recompensa com reward shaping baseada no
principio do Potential-Based Reward Shaping (PBRS), em que a recompensa é definida pela
diferenca entre fungdes potenciais. Demonstra-se que a inclusdo do reward shaping proposto a
funcdo de recompensa nao altera a otimalidade da politica, assegurando que o agente aprenda o
comportamento desejado com os beneficios da nova formulaciao de recompensa. A recompensa
proposta, empregada no treinamento de agentes para a navegacdo autdbnoma de robds sem mapas,
apresenta desempenho superior em relacdo a outras fungdes de reward shaping da literatura
baseadas na distancia até o alvo. A comparagao com fun¢des de recompensa existentes indica uma
aceleracdo na convergéncia do treinamento e um aumento no nimero de tarefas concluidas em
um ambiente de teste ap6s o treinamento. Além disso, o método proposto demonstrou robustez
e obteve resultados superiores em relacdo a abordagens da literatura ao operar em ambientes
distintos daqueles utilizados para o treinamento. Resultados similares foram observados na
transferéncia zero-shot, tanto em sim-to-sim quanto em sim-to-real, superando métodos existentes
mesmo quando transferido para robds com arquiteturas diferentes das utilizadas no treinamento.
Dessa forma, a abordagem inovadora apresentada para o uso de reward shaping na navegacao de
robds visa aprimorar a generalizacdo e sua aplicacdo em cendrios desconhecidos, com resultados

promissores tanto em simulacao quanto em cendrios reais.

Palavras-chave: Reward Shaping; Aprendizado por Refor¢co Profundo; Generalizacao do

Modelo; Ambientes Desordenados Desconhecidos; Navegacido de Robos Sem Mapa.



ABSTRACT

This thesis addresses the challenge of designing effective reward functions for training agents
using deep reinforcement learning (DRL) in goal-oriented tasks. The main objective is to
accelerate learning, minimize the occurrence of local optima, increase efficiency, and ensure
that the agent correctly aligns with the defined objectives. The study explores how reward
functions contribute to improving policy generalization, enabling robust performance in new
and untrained scenarios. A key focus of this research is reducing the gap between simulation
and reality, facilitating the transfer of policies learned in constrained simulated environments to
complex and dynamic real-world applications without performance loss or the need for additional
training. As a solution to the explored problem, we propose a reward function with reward
shaping based on the Potential-Based Reward Shaping (PBRS) principle, where the reward is
defined by the difference between potential functions. We demonstrate that adding the proposed
reward shaping to the reward function does not interfere with policy optimality, ensuring that the
agent learns the desired behavior while benefiting from the new reward function. The proposed
reward function, applied to training agents in mapless autonomous robot navigation, achieves
superior performance compared to other reward shaping functions in the literature that rely
on distance to the target. Comparisons with existing reward functions indicate accelerated
training convergence and an increase in the number of tasks completed in a test environment
after training. Furthermore, the proposed method demonstrates robustness and achieves superior
results compared to others in the literature when operating in environments different from those
used for training. Similar results were obtained in zero-shot transfer, both in sim-to-sim and
sim-to-real scenarios, outperforming existing methods even when transferred to robots with
architectures different from those used during training. Thus, this innovative approach to reward
shaping in robot navigation enhances generalization and its application in unknown scenarios,

with promising results in both simulation and real-world environments.

Keywords: Reward Shaping; Deep Reinforcement Learning; Model Generalization; Unknown

Cluttered Environments; Mapless Robot Navigation.
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CHAPTER

INTRODUCTION

In the last decades, robotic platforms have been adopted in several industry sectors (such
as load transportation, farming, and environment exploration, among others), in both civilian and
military scenarios. The interest in such technologies is commonly motivated by the search for

higher efficiency in production, cost reduction, and safety.

For example, companies in the mining and energy industry have adopted mobile robots
in their activities, seeking to increase safety. Figure 1 presents a legged and a wheeled mobile
robot used for inspection tasks in such companies. Similarly, boosted by the growth of e-
commerce, some companies are using mobile robots for inventory control in warehouses and

goods transportation, as shown in Figure 2.

(a) Spot - Boston Dynamics (b) EspeleoRobd - VALE

Figure 1 — UGV for autonomous inspection tasks.
Source (a): bostondynamics.com
Source (b): ITV.org

Autonomous navigation is a complex and interdisciplinary challenge in the mobile robots
field. These tasks represent a union of sub-problems in the robotics areas, such as localization,

mapping, planning, guidance, and control, aiming to move a robot safely to a new location. A


https://bostondynamics.com/blog/autonomous-detection-of-combustible-gas-leaks/
https://www.itv.org/itv-mineracao/projetos/
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(a) Delivery Drone Ifood Concept - SpeedBird (b) Warehouse Control Robots - Amazon

Figure 2 — Mobile Robots used for e-commerce.
Source (a): economia.ig.com.br
Source (b): roboticsandautomationnews.com

common approach to the autonomous navigation problem consists of obtaining exteroceptive data
of the environment to locate and generate a map using Simultaneos Localization and Mapping
(SLAM) techniques, planning a path from the current position to a target point, avoiding obstacles,

and guiding the robot by controlling its movements until reaching the final destination.

Although these methods perform well, those involving planning and SLAM techniques
can impose a considerable computational cost and may underperform in dynamic environments.
Other classical navigation strategies, such as potential fields, can be used as an alternative that
does not rely on pre-planned paths. Instead, they define actions to guide navigation toward the
target while avoiding locally detected obstacles [Choset et al., 2005; Machado et al., 2023].
However, these strategies may encounter issues, such as getting trapped in local minima, mainly

in complex scenarios.

Deep Reinforcement Learning (DRL), a subfield of machine learning, has gained signifi-
cant traction over the past decade, demonstrating its potential across various fields. The ability
of DRL agents to learn complex behaviors through interactions with their environment, trial and
error, offers versatile solutions for autonomous systems, particularly in robotics [Ibarz et al.,
2021]. Robotic systems must make real-time decisions in dynamic and often unpredictable envi-
ronments, rendering DRL an excellent candidate for autonomous navigation tasks in unmapped

environments.

Figure 3 illustrates the DRL design, where the environment represents the physical world
in which the agent operates. The observed states are the set of information collected from the
environment and the agent’s current situation. Actions refer to the ways the agent interacts with
and modifies the environment, while the reward provides feedback on the executed action and
its impact in the environment. Through this feedback, the agent refines its understanding of
which actions are most beneficial in each state, updating its policy or value model to improve

future decision-making. Moreover, in DRL, rewards can be delayed, meaning that an agent


https://economia.ig.com.br/2020-08-16/anac-autoriza-primeiro-servico-experimental-de-entrega-por-drones.html
https://roboticsandautomationnews.com/2017/01/04/amazon-has-45000-robots-working-in-its-warehouses/10043/
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may need to perform a series of actions before receiving feedback on their effectiveness. This
characteristic promotes long-term planning, improved decision-making in sequential tasks,
and learning from interaction with the environment, rather than relying on the labeled data.
Compared to other machine learning techniques, DRL offers greater flexibility, as it can handle
dynamic environments and stands out in situations where the optimal actions and outcomes are
not immediately clear—such as in robotic navigation or game-playing tasks. By learning to
maximize cumulative rewards through experience, the agent becomes well-equipped to solve

complex, goal-oriented problems.

Reward (1)

1___________________I
|
Agent Policy\ /" Environment )

Actions (a)

Observed States (s)

Figure 3 — Design for a Reinforcement Learning system.

Companies in the chemical and energy industries are using DRL to optimize process
control in refineries, adjusting operational parameters to maximize yield. They also have adopted
autonomous mobile robots trained using DRL to navigate their facilities and collect necessary
data, as presented in Figure 4. Transportation and logistics companies use DRL to optimize
delivery routes, taking into account variables like traffic, weather conditions, and fuel costs. Sim-
ilarly, boosted by the growth of e-commerce, some companies are using autonomous Unmanned
Aerial Vehicle (UAV) controlled through DRL to optimize delivery routes and avoid obstacles
in real-time, as shown in Figure 5(b). Other companies like Waymo apply DRL to improve
autonomous driving, helping their vehicles make real-time decisions to avoid collisions, follow

optimized routes, and handle unexpected road scenarios (Figure 5(a)).

A major advantage of DRL is that training can be conducted in simulated environments,
which are much safer, faster, and cost-effective compared to real-world training. Simulation
allows agents to explore various scenarios, learn optimal strategies, and fine-tune their policies
without the risks involved in real-world trials. However, as compelling as these advantages
are, transferring these learned policies from simulated to real-world environments remains a

significant obstacle. This transfer, commonly referred to as sim-to-real transfer, often struggles
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(a) ANYmal X - ANYbotics (b) EXR - EXRobotics

Figure 4 — Autonomous Robots trained using DRL for inspection tasks.
Source (a): Anybotics.com
Source (b): shell.com

icibniiiioe B8, 0 e .

(a) Self-driving system - Waymo (b) Prime Air UAV - Amazon

Figure 5 — Navigation system developed using DRL.
Source (a): dabrownstein.com
Source (b): ktla.com

due to the reality gap—discrepancies between the simulated environment and the real world
[Boeing and Briunl, 2012; Wada et al., 2022].

Replicating the real environment in simulation with high fidelity to minimize the reality
gap 1s always a challenge, especially in robotics. Therefore, a common strategy for transferring a
policy from the simulated (or training) environment to the real-world environment, and bridging
the reality gap, involves conducting a small amount of additional training in the real environment
to adapt to specific dynamics or sensory variations in a fine-tuning process [Chebotar et al., 2019].
However, as already mentioned, access to real platforms for training is not always possible and
may result in higher costs. In this context, zero-shot policy transfer is a promising approach,
where models are trained exclusively in a simulated environment and deployed directly to the
real world without requiring additional interaction, extra training, or fine-tuning [Scarponi et al.,
2024]. Nevertheless, the performance of the models transferred immediately from simulation to
real-world applications is directly connected with the generalization of the policy to respond to

untrained situations. Additionally, it is quite challenging to train model-free policies in growing


https://www.anybotics.com/anymal-autonomous-legged-robot/
https://www.shell.com/what-we-do/digitalisation/digitalisation-in-action/creating-integrated-digital-ecosystems.html
https://dabrownstein.com/2017/03/28/on-the-road-maps-for-self-driving-cars/
https://ktla.com/news/california/amazon-to-close-prime-air-delivery-service-in-california/
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spaces, increasing the generalization with a large set of possible environment configurations.

Some solutions have been proposed in the literature to enhance generalization capacity,
such as data augmentation [Shorten and Khoshgoftaar, 2019], domain randomization [Tobin
et al., 2017], and regularization techniques [Wang et al., 2020]. However, these strategies alone
require extensive data variation and numerous training steps to achieve significant performance.
Moreover, the behavior encoded in a simulation may underperform or even fail when deployed
in the real world. A better approach is to combine these methods with a reward function that
incorporates knowledge of the environment and the task to be performed while simultaneously
increasing the agent’s exploration of actions during training and advancing states toward the

goal.

The reward function is associated with the environment, and for Markov Decision
Processes (MDP), it is typically a function that maps the current state, current action, and
future state to a real value. This reward function can be either deterministic or stochastic. In a
deterministic setting, for a given state, action, or future state, the function always returns the same
value. In contrast, in a stochastic setting, the function’s output is a random variable, meaning
it can vary even for the same state-action pair. Since the agent’s decisions are based on reward
feedback, the definition of the reward is a crucial step in formulating a DRL training strategy.
We can refer to a reward function as sparse or dense, depending on how it is defined. A sparse
reward function provides little to no feedback on the agent’s immediate actions. In most domains,
the reward is typically set to zero, with non-zero rewards being granted only for a limited set of
states, such as when a task or sub-task is completed [Dong et al., 2022]. This limitation makes
the learning process more difficult, forcing it to explore the environment extensively before
receiving any significant reward. On the other hand, a dense reward refers to a reward function
that provides non-zero rewards frequently and consistently throughout the agent’s interaction
with the environment. In environments with dense rewards, the agent receives feedback after
nearly every action or step, which helps it learn more quickly by allowing it to directly associate

its actions with their outcomes.

Defining a dense reward function that represents the desired behavior with some flexibility
to account for unmapped situations is essential for increasing generalization. Therefore, the
reward must be well-defined according to the learning objective in the environment, and reward
shaping methods can assist in improving the reward by including terms to accelerate training
and enhance performance [Ng et al., 1999]. However, the definition of the shaping, as well as the

reward function as a whole, must be carefully designed to avoid local optima.

Therefore, this dissertation proposes a novel reward shaping function to increase explo-
ration, accelerate learning, and minimize the risks of local optima in mapless autonomous robot
navigation applications. Within the DRL framework, we introduce a new state representation,
continuous action space, and reward shaping function to improve sim-to-sim and sim-to-real

transfer capability, both demonstrated through experiments. The proposed strategy enhances
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action exploration during training, avoiding local minima in cluttered environments—i.e., actions
that cause the robot to remain stuck or move around the same location—and ensures policy
optimality. This approach endows the robot with capabilities for untrained scenarios, such as
moving in obstacle-free directions and performing progressive movements (rather than remaining
stationary). We achieve improved generalization by balancing behaviors that increase information

in a local map with those that reduce the distance to the goal.

1.1 Problem Definition

The problem addressed in this dissertation is the challenge of designing an effective
reward function for training DRL agents to bridge the reality gap between simulation and reality,
enhance generalization, and prevent convergence to local optima in goal-oriented tasks, such as

autonomous robot navigation.

The challenges become evident when focusing on the problem of mapless autonomous
navigation, which is a goal-oriented task where a robot must move from an initial location to
a target (goal) using only local navigation (i.e., without a prior map or path planning). The
robot must avoid obstacles, localize itself, and make movement decisions based on progress in
the environment and raw Light Detection And Ranging (LiDAR) data (Figure 6). Defining an
effective reward function for such a high-complexity environment is particularly difficult, as it
can lead to poor performance when transferring policies from the training environment to the

real world.

Goal

Figure 6 — Mapless autonomous navigation problem illustration.
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Several studies in the literature on robot navigation using DRL employ simple and
sparse reward structures for these applications. However, as demonstrated in this dissertation,
such approaches are often ineffective and can lead the robot to become stuck in local minima,
especially when deployed in untrained scenarios and unfamiliar environments. Moreover, even
when techniques like reward shaping are applied, improper implementation can still result in
convergence to local optima. To address these challenges, this dissertation introduces a novel
reward shaping function within a DRL framework, aimed at enhancing exploration, accelerating
learning, and improving generalization for autonomous robot navigation in both simulated and

real-world environments.

1.2 Objectives

The main objective of this research is to propose a novel reward shaping function within
the framework of DRL to increase exploration, accelerate learning, and minimize the risks of
local optima in goal-oriented tasks, such as mapless autonomous robot navigation. The specific

goals are:

1 - Propose a novel reward shaping function that incorporates exteroceptive information
from the environment to enhance the agent’s learning. This function aims to improve the
agent’s robustness to local optima, fostering exploration and accelerating the learning

process.

2 - Perform a comparative analysis between the model trained with the proposed reward
shaping function and those based on existing reward shaping strategies found in the
literature. This comparison will highlight the improvements made by the novel approach

in terms of agent performance and learning efficiency.

3 - Explore the impact of various training algorithms within the DRL framework to determine
their effect on learning performance when combined with the proposed reward shaping

function. The goal is to identify the most effective training strategies.

4 - Explore the combination of the proposed reward shaping function with other gener-
alization techniques to enhance the agent’s ability to generalize its policy to unseen

environments and perform well in scenarios not included in the training process.

5 - Design and implement a series of sim-to-sim and sim-to-real experiments to demonstrate
the performance and robustness of the proposed approach. These experiments provide
evidence of the effectiveness of the reward shaping function in enhancing the zero-shot

transfer method.



Chapter 1. Introduction 21

By achieving these objectives, this dissertation aims to contribute to the field by address-

ing the challenges of local minima in goal-oriented tasks and improving the transferability of

policies trained in simulated environments to real-world applications.

1.3

Contributions

Compared to the existing literature, this research presents the following main contri-

butions, highlighting the innovative approaches and advancements developed to tackle the

challenges in autonomous robot navigation using DRL:

1.4

a novel reward shaping to incorporate exteroceptive information (newer perception in-
formation from the environment map) and to improve the agent’s robustness to the local

minima of the environment;

a comparative analysis among the model trained by the proposed reward shaping and

others from the literature;
a comparative analysis using different training algorithms;

a set of sim-to-sim and sim-to-real experiments to illustrate the generalization of our

proposed approach and enhancement of the zero-shot model transfer.

Text Structure

The document is organized as follows:

Chapter 2 provides a comprehensive review of the current state-of-the-art in DRL, focus-
ing on reward shaping methods, generalization strategies for zero-shot transfer, and DRL

applications for robot navigation.

Chapter 3 presents preliminary concepts, addressing the state-of-the-art in DRL, which

are essential for understanding the content

Chapter 4 provides a detailed presentation of the proposed reward shaping, including
the information gain-based reward, its integration with the learning algorithm, the role of

domain randomization, and how all these elements combine to improve generalization.

Chapter 6 presents the experimental setup and results, including both sim-to-sim and
sim-to-real zero-shot transfer performance, along with a comparison to other methods in

the literature.

Chapter 7 discusses the results and conclusions, suggests future directions, and concludes

the dissertation.
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CHAPTER

LITERATURE REVIEW

This chapter presents a literature review of recent and significant papers related to Deep
Learning and Reinforcement Learning, emphasizing reward shaping, model generalization, and

sim-to-real transfer strategies, applied to robot navigation.

Reward shaping is a critical strategy in DRL that involves augmenting the reward signal
to guide the agent toward desirable behaviors, improving the efficiency of policy learning.
In robotic applications, reward shaping becomes essential for guiding agents toward desired
behaviors, especially when handling complex tasks that may lead to suboptimal local behaviors.
In the context of sim-to-real transfer, reward shaping plays an even more vital role as it aids the

agent in generalizing learned behaviors across tasks with minimal or no additional training.

2.1 Reward Shaping

Reward shaping is commonly used to accelerate policy convergence by providing inter-
mediate rewards that guide the agent toward optimal behavior, overcoming challenges due to
sparse reward environments. Reward shaping can reduce training time and enhance generaliza-
tion to novel environments or tasks without re-learning, essential for zero-shot transfer [Ng et al.,
1999].

The capacity of reward shaping methods to address the scalability problems of Reinforce-
ment Learning (RL) led researchers to further investigate the method, evaluating the influence of
the function type and defined parameters [Grzes and Kudenko, 2008, 2009]. Even though reward
shaping is generally effective, it comes with notable challenges. Creating well-designed reward
functions can be complicated and may be vulnerable to exploitation by the agent. Therefore,
Harutyunyan et al. [2015] addresses the efficacy of designing optimal potential functions that
provide smooth guidance and transform available domain knowledge into a usable form. The

authors introduce a framework to capture the desired shaping rewards based on arbitrary reward
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functions while maintaining policy invariance. This method is evaluated through experiments on
grid-world tasks and a cart-pole benchmark, demonstrating that the dynamic advice approach
outperforms other methods that fail to maintain optimality under potential-based guidance. The
authors conclude that this approach effectively integrates behavioral knowledge and enhances
learning efficiency with minimal added complexity. However, only results from simulations were

presented.

The significance of reward shaping continues to drive the research today. For example,
Gupta et al. [2022] examines the role of reward shaping in RL, highlighting its importance for
improving learning efficiency, especially for practical applications. The authors introduce the
"UCBVI-Shaped" algorithm that integrates shaped rewards into standard RL methods, which
leads to enhanced sample complexity by reducing the effective state space that the agent must
explore. They provide a theoretical analysis showing how these shaped rewards can optimize

exploration strategies and validate their findings through simulated experiments.

Hu et al. [2020b] presents a novel approach called BiPaRS (bi-level optimization of
parameterized reward shaping) for adaptively utilizing shaping rewards in RL. The proposed
method uses a bi-level optimization, where the lower level focuses on maximizing the policy
using shaping rewards, while the upper level optimizes a shaping weight function to enhance true
reward accumulation. The authors demonstrate through simulated experiments in cartpole and

MuJoCo ! environments that their approach can identify and exploit beneficial shaping rewards.

A concern in the reward shaping method is the risk of designing very complex reward
functions, which may lead to suboptimal behaviors, as the agent may exploit unintended shortcuts
in the environment. Moreover, manual reward shaping requires considerable domain knowledge,
limiting its scalability. In this context, the authors in [Trott et al., 2019] discuss a common issue
in RL where naive distance-to-goal reward shaping can lead agents to local optima. To address
this, they propose a method called Sibling Rivalry, which enhances the traditional approach by
introducing auxiliary distance-based rewards derived from sibling rollouts—pairs of trajectories
initiated from the same state and goal. This method encourages exploration while simultaneously
preventing policies from getting trapped in local optima, effectively balancing exploration and
exploitation. It facilitates robust learning in goal-oriented tasks without requiring complex reward
engineering or domain expertise, ultimately converging back to the sparse objective as the agent
learns to achieve its goals. This is an alternative approach to the one proposed in this dissertation.

However, it has a higher level of complexity and only simulated results.

Badnava et al. [2023] introduce a new approach that modifies the Potential-Based
Reward Shaping (PBRS) function based on cumulative rewards from learning episodes, thereby
reinforcing the reward signal, particularly in environments characterized by sparse rewards. This
method proposes a reward function that adapts based on the agent’s performance across episodes.

The algorithm assesses both the maximum and minimum episode rewards obtained to shape the

' https://mujoco.org/
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current reward signal. The potential function updates after each learning episode, allowing the RL
agent to adjust its learning based on past performance. This modification encourages the agent
to explore more when stuck in sub-optimal states by providing negative feedback for inaction
and positive reinforcement for improvement. The proposed method was tested in the Arcade
Learning Environment, demonstrating improvements in both single-task and multi-task scenarios.
The simulated results indicate significant enhancements in learning performance compared to

baseline methods.

In the case of multi-task environments, Zou et al. [2021] propose a meta-learning
approach to automatically learn reward shaping for a distribution of tasks. The authors introduce
a theoretical framework and a new algorithm based on Model-Agnostic Meta-Learning (MAML)
to create a potential function that can be adapted to new tasks. The methodology involves meta-
training and meta-testing phases, where the system learns an initial set of parameters for reward
shaping that can be quickly adapted to new tasks, enhancing the agent’s learning process across
similar tasks. The framework’s efficiency is validated through simulated experiments, showing
it outperforms existing methods, including hand-designed shaping functions. However, meta-
learning requires a larger amount of data for training to achieve effective model generalization
and to reduce overfitting. As a result, it tends to be computationally intensive and highly sensitive

to hyperparameter tuning.

Okudo and Yamada [2023] discusses advancements in reward shaping through the use
of human knowledge via subgoals. Subgoal-based reward shaping is introduced as a technique
that enriches environmental rewards with additional rewards from achieving subgoals, thereby
accelerating the learning process. The authors validate their approach through simple simulated
experiments, achieving superior performance compared to baseline algorithms and other reward

shaping methods. This method requires a deeper understanding of the environment.

Recently, the study of reward shaping has also been intensified by applying RL in
complex robotic systems. The authors in Shahid et al. [2022] and Onori et al. [2024] used the
reward shaping strategy to position a grip’s manipulator around a cube, grasp it, and lift it off,
which can be considered a complex task concerning real-world robots. The first method used
two dense reward functions switching according to the task phase, and the second included an
adaptive parameter tuning for those rewards. The authors highlight that reward shaping involves
iteratively tuning the parameters of the reward function based on observed performance during

interactions with the learning environment.

2.2 Policy Transfer

In RL, training is usually performed in simulated environments, and transferring a
trained agent from simulation to real-world applications is a critical challenge, particularly in

robotics [Zhao et al., 2020]. Therefore, having a generalized model is essential for successfully
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bridging the sim-to-real gap. To be effective, the agent must be capable of performing successful
actions not only in situations where it has been trained but also in untrained contexts, avoiding
the phenomenon of overfitting [Packer et al., 2018]. In this context, several studies discuss the
capability of models to act in untrained situations and address methods to improve their efficiency
[Kirk et al., 2021].

Some papers present forms of quantifying, measuring, and characterizing the generaliza-
tion in DRL methods [Cobbe et al., 2019; Witty et al., 2021], and others focus on developing
strategies to increase the generalization capability of the policies by modifying the learning
algorithms. For instance, reward shaping can significantly enhance model generalization in
reinforcement learning by providing more structured and informative reward signals during train-
ing. It guides the agent toward exploring behaviors that are generalizable across environments,
reducing the chances of overfitting to specific solutions. Therefore, combining reward shaping
with other model generalization strategies, as proposed in this dissertation, can significantly

enhance sim-to-real transfer.

Some works address the generalization problem in DRL, proposing different solutions
such as: increasing the similarity between training and execution environments with data augmen-
tation [Shorten and Khoshgoftaar, 2019], domain randomization [Tobin et al., 2017; Wada et al.,
2022], or generating different environments along training; and handling differences between

environments with traditional regularization techniques [Wang et al., 2020].

Hansen and Wang [2021] presents a novel method called Soft Data Augmentation
(SODA) to enhance the generalization ability of RL methods, especially when using visual
observations. The method decouples data augmentation from policy learning by utilizing non-
augmented data for training the RL policies while performing representation learning on aug-
mented data to maximize the mutual information between these data types. The method was
tested on tasks from the DeepMind Control suite and a robotic manipulation task. The simu-
lated results showed significant improvements in sample efficiency, generalization, and stability

compared to state-of-the-art vision-based RL methods.

The model generalization is also linked to the agent’s exploration capability, i.e., varying
the actions during learning to find useful behavior. Exploration is generally challenging in RL,
but it is important for improving generalization and facilitating sim-to-real transfer. In Jiang et al.
[2024b], the authors discuss the critical role of exploration strategies in enhancing generalization
for RL and show that these strategies can help an agent gather more information about its
environment, thereby improving its ability to generalize to new tasks or environments. The
authors present Exploratory via Distributional Ensemble (EDE), a new method that leverages
uncertainty-driven exploration to effectively gather knowledge around states with high epistemic
uncertainty. Their experiments demonstrate the importance of exploration and show that EDE
outperforms other methods. Ladosz et al. [2022] also presents other techniques to enhance

exploration during training.
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In RL applied to robotics, training through simulations allows for control over the
environment, faster computation, and exploration of complex dynamics without risking damage
to physical robots. The process of transferring learned policies from simulation to real-world
applications typically requires fine-tuning, especially for tasks with complex dynamics such as
friction and acceleration. In this context, Chebotar et al. [2019] presents a method for enhancing
the sim-to-real transfer of policies by mixing simulated and real-world data for training. After
some simulation training, they conduct a few real-world executions and use data from these
executions to adapt the distributions of the simulation parameters based on observed discrepancies
between real-world performance and simulated outcomes. The process is iterative, similar to
a incremental transfer, with the authors repeating the cycle of simulation training, collecting
real-world trials, and updating the simulation parameters multiple times. However, the method

still requires some training using a real environment.

Access to real platforms for training is not always possible, and reducing the need for
fine-tuning may be necessary. In zero-shot policy transfer, the agent can generalize and transfer
knowledge from the learning phase (simulated) to act in a new environment (real world) without
requiring any additional interaction, extra training, or fine-tuning [Scarponi et al., 2024]. The
authors in Peng et al. [2018] present a method for transferring robotic control policies from
simulation to real-world applications by utilizing dynamics randomization during training in a
lower-fidelity simulation. They demonstrate that policies can adapt to varied real-world dynamics
without requiring further training on physical systems. The main idea is to introduce random
variations in the parameters of the training environment, exposing the agent to a wide variety of
different scenarios and conditions during training. The effectiveness of this approach is validated
through an object-pushing task using a robotic arm. The sim-to-real transfer was achieved
with minimal calibration, resulting in performance similar to that observed in the simulations.
Similarly, Baar et al. [2019] and Vacaro et al. [2019] propose varying the dynamics parameters
through domain randomization during training in the simulated environment, allowing the agent

to learn robust policies and facilitating the transfer to real-world applications.

The zero-shot policy transfer method is widely addressed for ground robot navigation.
Tai et al. [2017] presents a mapless navigation policy trained in a simulated environment and
applied to a real-world situation. However, the authors did not apply generalization strategies
and used a simple distance-based reward, resulting in some performance issues in the real-world
scenario. In a different approach, Xu et al. [2018] presents a combination of RL and a disturbance
observer-based (DOB) robust tracking controller to mitigate the impact of discrepancies between
training and deployment environments and improve zero-shot transfer. However, the zero-shot

performance was evaluated only in a sim-to-sim transfer.

To improve sim-to-real transfer in robotics, incorporating generalization strategies and
reward shaping is essential. Generalization techniques, like domain randomization and meta-

learning, prepare agents to handle diverse real-world scenarios by exposing them to varied
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training conditions. Meanwhile, reward shaping refines the learning process by adjusting reward
structures to better align with real-world objectives, leading to more effective and adaptable poli-
cies. Together, these methods enhance the agent’s ability to perform reliably when transitioning

from simulation to real-world environments.

2.3 Deep Reinforcement Learning in Robot Navigation

As presented in the previous Sections, the versatility of neural networks, combined with
the reinforcement learning strategy that relies on metrics and heuristics as rewards for actions
taken, has attracted current research to adopt DRL techniques for complex problems such as

robot navigation.

There are many strategies to safely (and/or efficiently) navigate a robot toward a target
point in the environment, ranging from reactive to deliberative hierarchies. Classical planning
methods generally provide collision-free, shortest distance or time-efficient paths [Chi et al.,
2022; Rezende et al., 2020; Yang et al., 2019; Zhang et al., 2020], but they often require prior
knowledge of the map and the obstacles’ location. Alternative approaches were proposed to meet
the requirement of navigating environments with obstacles. One such approach is to use bug
algorithms that provide actions to bypass obstacles obstructing the path to the destination [S
et al., 2021]. Another method uses potential field-based computation to derive robot velocities for
collision-free paths [Sfeir et al., 2011]. However, these strategies may experience local minimal

issues when operating in complex environments due to the nullification of antagonistic forces.

The utilization of DRL algorithms as the fundamental control [Carlucho et al., 2018;
Jiang et al., 2024a], navigation [Kayakoku et al., 2021], localization [Gao et al., 2020], and
planning [You et al., 2019] systems has gained notoriety recently. The adaptability of Artificial
Neural Networks, combined with the ability to simulate and train, as well as employ them as
end-to-end solutions, has caught the attention of the research community, compelling them to
integrate these advancements into the realm of Robotics. Autonomous robot navigation is an
area of interest for DRL surveys, which examine the effectiveness of policies trained through RL
and the different algorithms specifically designed for this purpose [Jiang et al., 2020; Zhu and
Zhang, 2021].

In the context of robot localization, Bohez et al. [2017] presents a sensor fusion algorithm
using DRL to combine data from multiple sensors, incorporating a DropPath regularization
method to mitigate issues caused by sensor failures. The method combines information from
sensors embedded in the robot and others distributed throughout the environment, which com-

municate wirelessly with the localization system.

Considering path planning problems, the authors in Gao et al. [2020] use a deep rein-
forcement learning technique Twin Delayed Deep Deterministic Policy Gradient (TD3) together

with the traditional Probabilistic Roadmaps (PRM) algorithm to plan and navigate in 3D environ-
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ments. Similarly, You et al. [2019] presents two DRL methods for autonomous vehicles path
planning problems. The first strategy learns by using a specific reward function for autonomous
driving, while the second learns through the inverse reinforcement learning method, estimating

the unknown reward function based on expert driver demonstration data.

Similar to the application presented in this dissertation, some papers explore the use of
DRL to control a robot’s actions within an environment, enabling autonomous navigation from a
starting location to a goal. For instance, Ruan et al. [2019] used discrete actions with a Double
Deep O-Network (DDQN) algorithm for navigating an environment using only camera images,
avoiding obstacles. Though effective in some situations, discrete actions can hinder performance
in complex cluttered environments, and their reward function neglects local minimum problems.
Similarly, Chen et al. [2021] also used a DDQN algorithm with discrete actions for navigation,
relying on distance-based rewards for goal achievement and collision avoidance, but the method
requires an occupancy grid map as input, which increases computational costs at runtime. Liu
et al. [2020] proposed a navigation policy that uses discrete actions with the Asynchronous
Advanced Actor-Critic (A3C) algorithm, allowing for global agent training from parallel agents.

This approach facilitates generalization across a variety of maps and navigation scenarios.

Considering continuous actions, Grando et al. [2021] proposed a method for training a
policy that controls a hybrid UAV to navigate towards a target point while avoiding obstacles
using the Deep Deterministic Policy Gradient (DDPG) algorithm. The model employs the robot’s
states, LIDAR measurements, and distance to the target point, to select the best control actions
for the UAV. Despite the qualitative results, the chosen reward function is too sparse and may
result in poor performance in complex scenarios. In Wu et al. [2021], raw depth images captured
at four steps are fed to a double Soft Actor-Critic (SAC) architecture, where a primary network

trains the navigation policy and a secondary network deals with obstacle avoidance.

Similarly, Zhu and Hayashibe [2022] adopts a hierarchical approach, where a low-level
policy is responsible for navigation towards the target, and a high-level policy ensures safety.
This differs from the method proposed in this dissertation, in which only one policy is used to
learn all tasks. Hierarchical networks generally help to improve learning efficiency and stability
when the agent is facing complex tasks, but there are disadvantages when compared with single
networks, such as an increase in the complexity of the algorithms, demand for more training,

higher risk of overfitting, and more difficulty of hyperparameters tuning.

Zielinski and Markowska-Kaczmar [2021] discusses a DRL model developed for vision-
based navigation of Autonomous Underwater Vehicles (AUVs). The authors focus on a practical
implementation where the goal is to navigate the AUV from a starting point to a target object
using visual and sensor data. The control model utilizes the Advanced Actor-Critic (A2C)
strategy, which has been enhanced with Proximal Policy Optimization (PPO) for improved
training stability. A vision module is also trained using a Convolutional Neural Networks (CNN)

or a pre-trained Tiny You Only Look Once (YOLO) network [Redmon et al., 2016] to serve as
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input to the control model. The authors propose and analyze several reward components, such
as position, velocity, and angular velocity rewards, shaping the function to guide the agent in

learning appropriate behavior for efficiently navigating toward a target.

In the map exploration context, Cimurs et al. [2021] and Hu et al. [2020a] present
strategies to explore the space using a trained policy navigation system. The first one employs
the TD3 algorithm and offers a reward function that observes only arrivals, collisions, and
nonprogressive movement conditions. For the second one, the DDPG was used for training, and a
reward that includes a safety clearance term, avoiding obstacles, and moving in the target direction
was designed. Since the robot must navigate long distances, local minima issues are frequently
seen in map exploration tasks. Additionally, policies trained with distance-based rewards are
also subject to local optima. The authors of Cimurs et al. [2021] propose auxiliary algorithms to
help the target destination avoid local minimum and increase the method generalization, and Hu
et al. [2020a] uses a safety clearance reward to prevent a high attraction of the robot to the target.
However, the algorithms used for training do not present high action exploration during agent

learning, and the proposed reward function does not deal with this issue directly.

A different strategy for map exploration is adopted by Li et al. [2019] which uses DRL to
define exploration goal points in an unknown environment, considering the robot’s position and
the occupancy grid map obtained from a SLAM algorithm as input data. Similarly, Niroui et al.
[2019] presents an algorithm to define frontier points to be explored by analyzing the distance to
the robot and map information gain. They use a DRL technique to select the goal point based on
the robot position, occupancy grid map, and the candidate frontier points, with the last obtained
from a clustering algorithm. Still focusing on exploration but considering multiple robots, Luo
et al. [2019] propose a learning method based on graphs to divide the environment into regions
and use these graphs as input to a CNN that defines an exploration goal point for each robot.
However, all these methods require a grid map as input, which may lead to higher computational

costs and increased training time.

Most DRL approaches for robot navigation focus on goal-oriented tasks to define the
reward function for training. In their work, Jia et al. [2022] introduces a goal-oriented navigation
network to control a robot through continuous actions of linear velocities in the direction of a
defined goal position. The authors utilize the TD3 algorithm to train the model, implementing a
straightforward sparse reward function that accounts for goal arrival, collision detection, and a
component that promotes linear movement. In contrast to the method proposed in this dissertation,
sparse rewards can lead to local optima and may prevent the robot from achieving the desired
behavior in more complex environments. Similarly, Olayemi et al. [2023] propose a DRL method
for goal-oriented navigation of a ground robot that focuses on avoiding static obstacles positioned
in front of the robot. Aligning with the approach proposed in this dissertation, the authors reduce
the state space by segmenting the LiDAR readings, thereby decreasing computational complexity.

However, they employ a simple distance-based reward function, which may lead to local optima,
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as discussed further in this manuscript.

Majid et al. [2024] present a DRL method for robot navigation to a defined goal position.
In this approach, the authors allow the robot to move backward as an alternative means of
avoiding dynamic obstacles. The reward components aim to reduce the distance to the goal,
maintain the robot’s orientation toward the goal, encourage forward movements, limit angular
velocity, and avoid obstacles. Although a dense reward is proposed, the adopted terms are not

designed to avoid local minima.

Alipanah and Moosavian [2022] propose an improved algorithm for mapless navigation
using DRL with reward shaping. The authors’ strategy focuses on creating a composite reward
function for the mobile robot in mapless navigation, consisting of three key components: a
goal-reaching reward; a collision penalty that imposes substantial negative rewards for close
encounters with obstacles and a smaller penalty for being within double the collision threshold;
and a performance reward that evaluates the robot’s progress by rewarding it for reducing the
distance to the goal and penalizing it for moving away, with additional measures to discourage
excessive turning movements. This structured reward function effectively guides the robot to
navigate safely and efficiently while minimizing unnecessary maneuvers. Although simulated
experiments showed good results, this reward approach may lead to local minima in more

complex environments, as discussed in this dissertation.

Addressing the same mapless navigation problem for mobile robots, the authors in [Xu
et al., 2024] introduce the Potential Risk State Augmentation (PRSA) method, which aims to
enhance generalization and decision-making under uncertainty by improving the processing
of high-dimensional LiDAR data. The authors propose an adaptive safety optimization reward
shaping method to mitigate issues associated with sparse rewards while promoting faster learning
and effective obstacle avoidance. The adaptive reward shaping balances the achievement of
navigation goals with obstacle avoidance based on collision risk. The components of the reward
function are: a distance reward that incentivizes the agent to minimize the distance to the target;
an obstacle reward that provides negative rewards when the agent approaches obstacles; and a
Goal-oriented Adaptive Reward that encourages the agent to adapt its behavioral strategies in
response to varying risk levels. However, the main issue with goal-based rewards is the risk of

reaching local optima instead of the objective.

Also related to robot navigation, but employing strategies that differ slightly from those
proposed in this dissertation, Walker et al. [2019] utilize DRL to address a layered problem by
training two policies for UAV navigation. Their approach incorporates one policy for global
planning and another for local planning. The global planner operates in a discrete environment
defined by cells representing rooms within a larger space, using a sparse reward system to
encourage the selection of unexplored cells. In contrast, the local planner is designed for a
goal-oriented policy that directs the UAV to navigate toward targets, with rewards structured to

avoid collisions and promote exploration of unexplored areas. The transition between the cells is
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managed by another model responsible for aligning the UAV in the direction of the next cell and
moving it in that direction. The simulated results presented were conducted in simple scenarios,
and the proposed sparse reward may affect performance in more complex situations. In a similar
approach, Kaufmann et al. [2023] presented a vision-based DRL navigation strategy for a drone
racing application. In this approach, an observation policy was used for localization and a second
control policy transformed the observation policy outputs into commands for the drone. The
reward used is as simple as the task itself, where the policy maximizes progress toward the next
point (the center of the racing gates), with a perception objective included to keep the next goal
in the camera’s field of view. In this environment, local optimality issues are not expected, and

for this reason, the authors don’t address this topic.

Other researchers have been influenced by the work presented in this dissertation to
introduce methods for robot navigation, including Fu and Yao [2024], Wang et al. [2025],
Montero et al. [2025], Li et al. [2025], Wu et al. [2024], Lou et al. [2024], Xu et al. [2024],
and others. For instance, Lou et al. [2024] present a DRL method for collision avoidance in
Unmanned Surface Vehicle (USV) that combines a collision-zone strategy with reward shaping.
The reward function concerns the distance to the goal, proximity to obstacles, risk of collision,
and the ability to predict the collision zone. Given that the navigation space for the USV is
largely open, a distance-based reward shaping may provide adequate performance, which differs

from the environment addressed in this dissertation.

Many works in the literature rely on sparse or distance-based rewards, which can lead to
suboptimal convergence and slow learning. In contrast, we propose a novel PBRS-based reward
shaping method that enhances learning efficiency and prevents local optima. Additionally, most
papers present only simulated experiments, and those that include real-world experiments require
additional training or adaptation when transferring policies. By using the proposed method, we
demonstrate a successful zero-shot sim-to-real transfer without additional fine-tuning, even across
different robot architectures. Finally, we integrate reward shaping with domain randomization
during training and utilize a training algorithm that encourages exploration, all to improve zero-
shot generalization to unknown scenarios. Most works do not explicitly focus on generalization,

leading to performance degradation in untrained settings.

Table 2.1 presents a comparison of the differences between our approach and some

related works mentioned in this Section.



Chapter 2. Literature Review 32
Table 2.1 — Method comparison of related works.
Paper Algorithm Action Reward Shaping | Navigation Real-World Sim-to-Real
Space Experiments Transfer
DDQN Discrete Distance Based Mapless | Only Simulation N/A
Ruan et al. [2019]
DDQN Discrete Distance Based Mapped | Yes - Simple sce-| zero-shot
Chen et al. [2021] narios without local
minima
A3C Discrete Not included Mapped | Yes - Simple sce-| zero-shot
Liu et al. [2020] nario but includes
dynamic obstacles
TD3 Continuous Not included Mapless | Only Simulation N/A
Jia et al. [2022]
TD3 Continuous Distance Based Mapless | Yes - Simple sce-| zero-shot
Olayemi et al. [2023] and heading nario without local
alignment minima
TD3 Continuous Distance Based Mapless | Yes - closed room zero-shot
Majid et al. [2024] and movement with obstacles
progress incentive
SAC Continuous Distance Based Mapless | Yes - closed room zero-shot
Xu et al. [2024] and obstacle safe with obstacles
distance
DDPG Continuous Not included Mapless | Only Simulation N/A
Grando et al. [2021]
TD3 Continuous Distance Based Mapped | Yes - only short dis- |  zero-shot
Cimurs et al. [2021] tances using fron-
tier exploration
DDPG Continuous Distance Based Mapless | Yes - Simple scenar- |  zero-shot
Hu et al. [2020a] and safety ios in a multi-robot
clearance context
Proposed Method SAC Continuous Information Mapless  Yes - Cluttered sce- | zero-shot
from unexplored narios with local
areas and minima and differ-
distance ent robot architec-
tures
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CHAPTER

BACKGROUND AND THEORETICAL
FOUNDATIONS

Machine learning is an evolving branch of computational algorithms designed to work
like human intelligence, solving problems based on previous examples or learning from the

surrounding environment [El Naga and Murphy, 2015].

This chapter reviews key concepts in machine learning, artificial neural networks, deep
learning, and reinforcement learning, essential for understanding the methodologies and ap-

proaches discussed in this dissertation.

3.1 Reinforcement Learning

Reinforcement Learning (RL) is a machine learning process focused on decision-making
by an artificial agent based on observations of the environment, enabling it to perform actions to
complete a specific task. Unlike supervised and unsupervised techniques, in RL, the agent learns
to map situations to actions by observing only some parts of the environment and without the
correct action information to compare. Therefore, the learner is not told which actions to take
but must instead discover which actions yield the most reward by trying them out [Barto and
Sutton, 1995; Sutton, 2018]. Figure 7 represents a basic design of RL, where an environment is a
physical world in which the agent operates, observation is the information collected from the

environment and/or current situation of the agent, and reward is feedback for the action executed.

RL is usually viewed as a general formalization of decision-making tasks and is deeply
connected to dynamic programming and optimal control [Ivanov and D’yakonov, 2019; Sewak,
2019; Sutton, 2018]. Therefore, RL problems are closely related to optimal control problems
or stochastic optimal control problems, which can be solved by dynamic programming or
formulated as a MDP [Bellman, 1957b].
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Figure 7 — Design for a Reinforcement Learning system.

3.1.1 Markov Decision Processes (MDP)

A Markov Decision Processes (MDP) is a mathematical framework that formalizes a
sequential decision-making model, where actions influence not just immediate rewards, but
also subsequent situations, or states, and through those future rewards. MDP is fundamental in
reinforcement learning as it provides a formalism to describe the interaction between an agent

and its environment over time [Sewak, 2019; Sutton, 2018].

As illustrated in Figure 7, in an MDP, the agent continually interacts with the environ-
ment through actions, and the environment responds by presenting new states for the agent’s
observation and a reward for the action taken. In this process, the main objective of the agent is

to maximize the reward over time by choosing appropriate actions.

An MDP can be defined as a set of five tuples comprising of .# = (S,A,T,R, ), where:

* States (5): The set of all possible states the agent can be in. Each state s € S represents a

unique environment configuration.

* Actions (A): The set of all possible actions the agent can take. In each state s, the agent

selects an action a € A(s).

* Transition Function (T): This is the probability of transitioning from one state to another,
given an action. It is often denoted as T = p(s’|s,a) — [0, 1], representing the probability

of ending up in state s after taking action a in state s.

» Reward Function (R): The reward function assigns a scalar value r = R(s,a,s’) to each
state-action transition, determining the immediate reward of moving from state s to state s’

by taking action a.

* Discount Factor (y): A value y € [0, 1] that represents the degree to which future rewards

are considered.

In MDP and RL, the agent’s goal is to maximize the cumulative reward, also known as

the expected return, it receives in the long run. Therefore, an agent learns an optimal strategy,
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called policy m(al|s), to decide which actions to take in each state by interacting with a defined
environment [Sewak, 2019]. The return G; is defined as the cumulative sum of rewards received

over time: -
Gi=Riy1+Ri2+R 3+ =) Ryl 3.1)
k=0

If there exists a policy where the agent receives a constant positive reward at every time

step, i.e. R; = ¢ V t where ¢ > 0, then the return can diverge to infinity:

Gi=c+ctct-=) c—oo (3.2)
k=0

Therefore, the return is typically expressed as the sum of discounted rewards. The
discount factor y ensures that future rewards are weighted less, preventing infinite returns and
making the value function converge:

o)

G =Rip1 + YR 2+ PR+ =Y ¥Roy1, 0<y< 1, (3.3)
k=0

where 7 is the time step, R, is the reward received after taking action at time step 7, and R; ;|

is the reward received k steps into the future from time step ¢.

3.1.2 Policies and Value Functions

In general, the policy 7 is a mapping from states to a probability distribution over actions
7 :S — p(A =alS). The policy w(A|S) is the probability that A; = a if S; = s [Sutton, 2018].

The state-value function of a state s under a policy 7, denoted v(s), is the expected

return when starting in the state s and following the policy 7:

V;'[(S) - En‘ [G[|St — S] — Eﬂ;

Z ’}/(RH-k-i-l | St = S] ,\V/S € S7 (34)
k=0

where [ denotes the expected value under the policy 7, y € [0, 1] is the discount factor, and ¢ is

any time step.

A fundamental property of value functions in RL is that they satisfy recursive relation-
ships. The recursive form of Vy(s) is called Bellman Equation [Bellman, 1957a,b] and is defined
as follows:

Vr(s) =Eqg [Rt+1 +’YV7T(S/):| )

= Zn:(a]s) Zp(s', rls,a) [r+ j/Vn(s’)] Vs eS. (3-5)
a s'r
Similarly, the action-value function of taking an action a in the state s under a policy 7 is

the expected return when starting in the state s, taking the action a and following the policy 7:

(o)

Or(s,a) =Ex | Y VRiis1 | S =54 =al . (3.6)
k=0
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The goal of RL is to find an optimal policy 7* that achieves the maximum expected

return from all states [Arulkumaran et al., 2017]:

n* = argmax E[R|7]. 3.7)
T

A policy is considered better than another policy, T > &', if the value function of the first
policy is greater than or equal to the value function of the second policy, Vz(s) > Vy(s), for all
s € S. That is, a policy is considered optimal, 7%, if its state-value function is also optimal. The

optimal state-value function, V*(s), can be defined as follows:

V*(s) = mi?xVﬂ(s),Vs €S. (3.8)

Optimal policies also share the same optimal action-value function, defined as:
Q*(s,a) = maxQz(s,a),Vs € Sand a € A,
T

(3.9)
=E[Ri1 + 7V (s)[S: =5,A =a].

Following the Bellman optimality principle, the value of a state under an optimal policy

must equal the expected return for the best action from that state [Sutton, 2018]
V*(s) = max Qy(s,a),Vs € S,
acA

= mngp(s',r\s,a) [l’-i— '}’V;(S/)] )

s'r (3.10)
=max)_p(s,rls,a) [r~|— ymax Q;;(s',a’)] .
a s'r @
Finally, the optimal policy 7*(s) can be defined as:
" (s) = argmax Q" (s,a),
acA
(3.11)
7*(s) = argmax [R(s,a) +v) p(s'| s,a)V*(s')] .
acA s

3.1.3 Temporal Difference (TD) Learning

Temporal Difference (TD) learning as presented in Sutton [1988], combines ideas from
both dynamic programming and Monte Carlo methods to estimate value functions. Similar to
Monte Carlo methods, TD methods can learn directly from raw experience without requiring a
model of the environment’s dynamics. Like dynamic programming (DP), TD methods update

their estimates based partially on other learned estimates, rather than waiting for the final result.

A key benefit of TD methods is their suitability for online learning and continuous
reinforcement learning tasks. In TD methods, the policy is updated at each step, without needing

to wait until the episode concludes, different from Monte Carlo methods.
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TD methods use the difference between the predicted reward and the updated prediction
of the future reward, or TD error, to adjust the value function toward more accurate estimates.
The TD error is defined as:

8 = Rip1 + WV (Sit1) = V(Sy), (3.12)

where & is the TD error available at step ¢ + 1.

This TD error is then used to update the value function as follows:
V(S;) < V(S)+ ad, (3.13)

where « is the learning rate, controlling the magnitude of the update at each step.

The simplest version of TD learning is the TD(0), which updates the value function using
only the next immediate time step. This one-step prediction is computationally simple and is
the foundation for more advanced RL methods like Q-learning [Watkins and Dayan, 1992] and
SARSA [Rummery and Niranjan, 1994]. TD(0) assumes that, with enough exploration, the value
function will eventually converge to an optimal solution. There are other variants of TD Learning
as well, like the TD(1), and the more generalist TD(A), which extends TD(0) to an extra step of

multiple steps through a parameter A.

TD(A) combines information from multiple future steps, providing a more robust estimate
of the value function by averaging predictions over several time steps. This allows for a smoother

convergence and a better trade-off between bias and variance. The update rule for TD(A) is:

V(S) < V(S)+a Y (AV)*8 . (3.14)
k=0

3.1.3.1 On-policy vs Off-policy

In RL, we have algorithms categorized as on-policy and off-policy. On-policy algorithms,
such as SARSA (State-Action-Reward-State-Action) [Rummery and Niranjan, 1994; Sutton,
2018], the agent evaluates and improves the same policy that it uses to make decisions. This
allows the agent to learn in a way directly influenced by its actions and experiences. SARSA
updates the Q-value for a specific (s,a) pair by incorporating the immediate rewards the agent
receives at each step, along with the Q-value of the subsequent state-action pair, (s',a’), where
s’ =s;41 and @’ = a,, 1. This update is done after every transition from a nonterminal state as per

the following equation:
Q(S1,Ar) < O(S1,Ar) + 0 [R 1+ YO(Si41,Ar41) — Q(S1,Ar)] - (3.15)

In contrast, off-policy algorithms, like Q-learning [Watkins and Dayan, 1992], learn from
actions taken by a different policy, which can be either a random policy or a more exploratory
one. This enables off-policy methods to benefit from experiences generated by other agents or

previous versions of the policy, allowing for more flexible learning and the ability to improve



Chapter 3. Background and Theoretical Foundations 38

upon existing policies without the need for direct interaction with the environment. In Q-learning,

the Q-value is updated as follows:
O(S1,A;) < O(S1,Ar) + 0 |[Ryy1 + }/méle(S,H,a) —O(S1,Ar) | - (3.16)

Despite its efficiency in some applications, the main practical issue with the TD learning
algorithms is scalability [Ivanov and D’yakonov, 2019]. In traditional TD methods, such as
Q-learning, a table stores value estimates for every possible state-action set. The size of the
Q-table increases exponentially following the complexity of the environment, leading to issues
with memory requirements and inefficient updates. In continuous state spaces, this problem is
worse, as the Q-table would need to store an infinite number of values, making it infeasible.

3.2 Exploration in Reinforcement Learning

Training a model to optimize a policy while avoiding overfitting is always challenging in
Machine Learning. Overfitting occurs when the model fits the training data "too well," capturing
undesirable patterns that degrade performance in test environments or real-world situations
[Goodfellow et al., 2016], as shown in Figure 8. The main objective in training a model is to
achieve high performance on unseen data, i.e., to develop a generalized model. Generalization
refers to the model’s ability to learn beyond the specifics of the training environment and perform

effectively in untrained situations.

Underfit Optimum Overfit
(high bias) (high variance)

High training error Low training error Low training error
High test error Low test error High test error

Figure 8 — Example of Underfitting, Optimal fitting and Overfitting.
Source: IBM Cloud Education - Overfitting

In RL, maximizing the reward according to the objective may seem sufficient to obtain a
good model, potentially giving the impression that overfitting is part of the process. However, in
certain applications, such as robot navigation, the environment can change dynamically, intro-
ducing situations not encountered during training. Therefore, RL algorithms must incorporate
robustness to environmental variations and, consequently, adapt to unexpected changes in the

model’s input to handle unseen (but similar) situations effectively [Kirk et al., 2021].


https://ibm.com/cloud/learn/overfitting

Chapter 3. Background and Theoretical Foundations 39

Many solutions can be implemented to enhance model generalization during training
and improve the agent’s performance, including data augmentation, domain randomization,
and traditional regularization techniques. Additionally, increasing the exploration capacity, i.e.,
varying actions during training to discover useful learning opportunities rather than focusing
solely on reward maximization (exploitation) can positively impact model generalization [Ladosz
et al., 2022]

The trade-off between exploration and exploitation is one of the most important aspects
in reinforcement learning methods and presents a fundamental dilemma [Arulkumaran et al.,
2017]. Moreover, understanding the problem and the application environment aids in defining and
interpreting the impact of this balance on training [Gupta et al., 2006]. This dilemma determines
whether the agent should choose a known action that yields a good reward (exploitation) or

explore new actions in pursuit of a higher reward (exploration).

Many algorithms emerged in the last years seeking to improve the optimization methods
to increase the generalization of the model and the reward at the same time. In terms of increasing
the exploration capacity, a commonly adopted strategy consists of introducing noise to the action,

forcing the model to explore, or introducing noise to the policy parameters [Plappert et al., 2017].

Off-policy algorithms, such as the Deep Q Network (DQN) (Section 3.5.1.1), use the
e-greedy strategy to add randomness to the selection of actions and encourage exploration by

the agent.

3.2.1 ¢&-Greedy Strategy

The e-greedy is a simple but effective method adopted by some algorithms to increase

the exploration during the learning process while maximizing the reward [Sutton, 2018].

The method consists of introducing randomness into the action selection process by
defining a probability € € [0, 1], which represents the likelihood of choosing a random action
(exploration) versus selecting the action with the highest estimated value (exploitation). At each
step, there is a probability € that the agent will select a random action and a probability of (1 — ¢)

that it will choose the action that maximizes the estimated value (Q-function).

Additionally, it is common to dynamically adjust the € value to improve efficiency by
decreasing its magnitude over time following the agent’s progress toward exploitation (maximum
reward) [Arulkumaran et al., 2017]. This strategy, known as € decay, allows the agent to shift
from exploration to exploitation behavior. Different decay methods, such as linear, exponential,

or adaptive can be used.
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3.3 Artificial Neural Networks

The human brain’s information processing capacity intrigues researchers today. Several
studies emerged in an attempt to find a representative model to represent the organ’s physiological
structure and capable of performing tasks similar to the human brain, resulting in the Artificial
Neural Networks (ANNs) models.

The initial research rush about artificial neural networks started in 1943 with the publi-
cation of McCulloch and Pitts [1943], which presents the first artificial model of a biological

neuron, illustrated in Figure 9.

» w1
» w2
. Wn
Figure 9 — Schematic of the McCulloch and Pitts Artificial Model (MCP).

The artificial neuron, illustrated in Figure 9, is formed by the model inputs xq, X1, ..., Xp,
the weights wy,w»,...,w, and a node that computes some mathematical function. This function
maps the inputs given each respective weight to an output. The combination of multiple artificial

neurons forms a neural network.

Another milestone in the ANNSs research is the appearance of the Perceptron, which is a
model based on the McCulloch and Pitts Artificial Model (MCP), that represents a network with
multiple layered neurons presented by Rosenblatt [1958] and the back-propagation training algo-
rithms presented by Rumelhart et al. [1986]. These discoveries enabled the creation of a training
procedure that adjusts the weights of the Neural Network such that the output approximates a

mathematical function.

The following equation represents the weight update during the training of a single-layer

neural network:
w(k) =w(k—1)+n (va(i) —y(i)) x(i), (3.17)

where w(k) is the actual weights vector, w(k — 1) the previous weights vector, y;(i) desired

output, y(i) network output, x(i) vector of inputs, and 1 is the learning rate.

A simple artificial neural network with only one layer produces a binary output and
can classify only linear patterns. However, according to the Universal Approximation Theorem,
networks with more than one layer can approximate any mathematical function [Cybenko,

1989]. For instance, a multi-layer neural network, as shown in Figure 10, combined with
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backpropagation training algorithms to adjust the weights, can be applied to solve nonlinear

classification problems.

Input Hidden Layers Output

Figure 10 — Schematic of a fully-connected multi-layer Neural Network.

3.3.1 Learning Process

ANNSs are widely used for several machine learning tasks, such as classification and
regression of data. However, according to the needs of the target task, their application requires a

learning stage to adjust the parameters of the neural network.

There are three main types of learning methods in Machine Learning. Supervised learn-
ing is widely used in classification and regression tasks and involves training models using
labeled data, where the correct outputs are known, helping the model to learn the relationship
between the input and output. The unsupervised learning, on the other hand, the data used for
training are not labeled and the model is tasked with identifying patterns or structures within the
data, such as clustering or dimensionality reduction [Berry et al., 2019; Bishop and Nasrabadi,
2006; Goodfellow et al., 2016]. Finally, Reinforcement Learning (RL) is a decision-making
approach where an agent interacts with an environment and learns to take actions that maximize
a cumulative reward, usually applied to robotics and game-playing Al systems. Each of these
methods has unique applications and advantages depending on the nature of the task at hand
[Sutton, 2018].

Regardless of whether the learning process is supervised or unsupervised, neural networks
rely on iterative optimization techniques to update their parameters. This is typically done through
gradient-based optimization, where the gradient of the loss function concerning the network’s
weights is computed using backpropagation [Rumelhart et al., 1986]. The objective is to minimize
a predefined loss function, also called the cost function, by adjusting the parameters to reduce

the error.



Chapter 3. Background and Theoretical Foundations 42

Backpropagation is an efficient supervised algorithm used to train neural networks by
computing the gradients of the loss function concerning the network weights. The procedure

consists of two main steps:

* Forward step: To calculate the output, input data is sent throughout the network in this
phase. To generate its output, each neuron applies an activation function after applying
a weighted sum of its inputs. Layer by layer, this process is carried out until the desired
result is achieved.

* Backward step: After computing the output in the previous step, the algorithm calculates
the gradient of the loss function for each weight. This is done in a reverse way, starting
from the output layer and moving back to the input layer. Based on the gradient each
weight is adjusted to minimize the loss.

The expression for the weight update in backpropagation is given by:

dL

8wij’

Awij =-1 (3.18)
where Aw;; is the change in weight between neurons i and j, 1) is the learning rate, and aaTL is

ij
the gradient of the loss concerning the weight w;;. The learning rate 7 is a hyperparameter that
determines the size of the step taken during weight updates in the optimization process [Murphy,
2012].

3.3.2 Activation Functions

Activation functions are crucial components of neural networks that introduce non-
linearity into the model, enabling it to learn complex patterns and relationships in data. Without

activation functions, a neural network will be limited to linear behavior [Anderson, 1995].

The activation function is applied to the output of each layer, including the hidden
layers, of the neural network, as illustrated in Figure 11. After the weights are multiplied by the
inputs and the biases are added, the activation function transforms this output by introducing

non-linearity. The most common activation functions are shown in Figure 12.

3.4 Deep Learning

Following the technological evolution, new research possibilities appear in Machine
Learning and artificial neural networks, approaching different applications. In a historical context,
the third wave of study and research about ANNSs started in 2006 with the Deep Learning present
by Hinton et al. [2006].
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Figure 11 — Example of an ANN with an activation function.
Source: Medium - Deep Learning Activation Functions

The concept of "deep" refers to the depth of these layers, which allows the network to
model intricate relationships in data that simpler models may not capture. The key principle
of deep learning is to automatically learn hierarchical representations of data through layers of
increasingly abstract features. In a deep neural network, each layer learns different levels of
abstraction: the first layers may detect simple features like edges or colors, while deeper layers

capture more complex patterns such as shapes or object parts.

Deep learning techniques have proven to be more advanced than others due to their
capacity to solve problems in image classification and speech recognition [LeCun et al., 2015].
Deep learning emerged from the possibility of using Graphics Processing Unit (GPU) for training
acceleration, as well as advances in unsupervised learning, which is used in the feature extraction

step.

In the beginning of 1990, several works of image recognition and object detection
emerged using CNN, a new neural architecture proposed in [LeCun et al., 1998] for character
recognition. A CNN is a popular deep network widely used for image interpretation problems
due to its capacity for unsupervised feature extraction. Unlike traditional neural networks, CNNs
are specifically designed to handle grid-like data structures such as images, where spatial relation-
ships are crucial. This neural network uses convolution instead of general matrix multiplication

in at least one of its layers [Goodfellow et al., 2016].

Figure 13 presents an example of a deep network to classify handwritten digits. In this

example, the network architecture has two convolutional steps followed by a pooling layer, and


https://medium.com/nerd-for-tech/deep-learning-activation-functions-their-mathematical-implementation-b620d536d39b
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Figure 12 — Commonly adopted activation functions.

finally, a fully connected neural network that classifies the number in the image input.

The convolutional step detects meaningful features using kernels that occupy only tens or
hundreds of pixels instead of thousands or millions of pixels of the input image. The algorithm
convolves the input with a matrix filter kernel to obtain a small-size matrix containing only
important pixels. The max-pooling layer stage is used to reduce the spatial volume of the image
after convolution by selecting the maximum values in the matrix according to the filter parameter,
as shown in Figure 14. Finally, the matrix obtained in the pooling step is flattened into a vector

to be the input of the dense neural network [Goodfellow et al., 2016].

3.5 Deep Reinforcement Learning

In more complex real-world problems, traditional RL approaches become inefficient.
Classical RL methods can be infeasible due to the complexity of the environment, particularly

when the state space becomes large or continuous.

To address this issue, neural networks can be used as function approximators, offering

a scalable alternative for high-dimensional or continuous state spaces. This integration of RL
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Figure 13 — A CNN sequence to classify handwritten digits.

Source: towardsdatascience - A Comprehensive Guide to CNN

Single depth slice
i 2 | 4

oG 7 | 8
3 | 2 3|4
4

max pool with 2x2 filters
and stride 2 6 8

L

y

Figure 14 — A CNN sequence to classify handwritten digits.

Source: towardsdatascience - CNN


https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53
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with deep learning, known as Deep Reinforcement Learning (DRL), allows agents to generalize
across large or infinite state spaces by learning complex representations, thereby overcoming
the limitations of classical methods. DRL has shown great success in tackling a wide range of
complex tasks where traditional RL would otherwise struggle due to the curse of dimensionality.
The generality of DRL framework allows its application in both discrete and continuous domains

to solve tasks in robotics and simulated environments [Lillicrap et al., 2015].

3.5.1 Value-based Methods

In Reinforcement Learning (RL), value-based methods aim to optimize decision-making
by estimating value functions that quantify the expected cumulative rewards for given states or
state-action pairs. These methods are fundamental for determining the optimal policy, where the
agent seeks to maximize long-term returns through the actions it selects. While traditional value-
based methods, such as SARSA and Q-learning (Section 3.1.3), rely on tabular representations,
their scalability to high-dimensional and continuous spaces is limited. This challenge has been
effectively addressed by integrating deep learning techniques, leading to the development of
value-based DRL methods.

3.5.1.1 Deep Q-Network (DQN)

The team of DeepMind introduced the DQN in [Mnih et al., 2013] and demonstrated
its effectiveness later on in [Mnih et al., 2015], showing impressive results of the algorithm
achieving human-level performance on various Atari games by learning directly from raw pixel
inputs. DQN extends the traditional Q-learning algorithm by using deep neural networks to
approximate the Q-value function. In this way, the algorithm can learn in environments with

large or continuous state spaces. Figure 15 presents the DQN architecture used by Mnih et al.
[2015].

The core idea behind DQN is to approximate the optimal action-value function, Q(s,a, ),
where 0 represents the network’s parameters. The neural network provides as output a probability
distribution across all potential actions to identify the optimal action to take. Additionally, DQN
introduced two key innovations to overcome the instability problem of value-based methods
due to the constantly shifting Q-values during training: experienced replay and target network
[Sewak, 2019]

* Experience Replay: To break the correlation between consecutive experiences during
training, the agent stores its experiences (S;,A;,R;+1,5:+1) in a replay buffer. In each
training step, the algorithm samples randomly mini-batches of experiences from this buffer

and fed to the network. This process enhances convergence and reduces overfitting.

* Target Network: In standard Q-learning, the Q-values are updated using estimates from the

same network, which can cause instability. DQN addresses this by employing a separate
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Figure 15 — Schematic illustration of the DQN.
Source: Mnih et al. [2015]

target network, which is updated at slower intervals.

The learning process in DQN involves minimizing the following loss function:
2
Li(6;) = E, [(Rm +ymax Q(Sy+1,:6,) — 0514126, } , (3.19)

where 0~ represents the parameters of a target network, which is a separate copy of the Q-

network that is updated less frequently to improve stability in training.

Following the presentation of the successful DQN approach, further investigations arose,
proposing variations of DQN, such as Double Deep Q-Network (DDQN) and Dueling DQN.
Additionally, Hessel et al. [2018] and Jédger et al. [2021] discuss and present an algorithm that

combines all the mapped improvements.

3.5.1.2 Double DQN

One limitation of the original DQN algorithm is the tendency to overestimate action
values, which can lead to suboptimal policies. This issue occurs because in DQN the same
Q-value is used to select the action and evaluate the action. DDQN, proposed by Van Hasselt
et al. [2016], addresses this issue by decoupling the action selection from the action evaluation,

i.e, using two networks.

In DDQN, the action that maximizes the Q-value is selected using the online network 6,

but the Q-value itself is evaluated using the target network 0. The loss function becomes:

2
Li(6;) = <Rr+1 +Y0(S;11,argmax Q(S;11,a;6;); 0, ) — O(S1,As; 9i)> : (3.20)
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3.5.1.3 Dueling DQN

Dueling DQN [Wang et al., 2016] is an architectural improvement on the standard DQN,
introduced to better capture the value of being in a particular state, regardless of the specific
action taken. The dueling architecture splits the Q-function into two separate streams: one to
estimate the value V(s) of being in a state s, and the other to estimate the advantage of each

action in that state Adv(s,a), relative to the other actions.

By learning separate estimates of state value and action advantage, Dueling DQN enables
the agent to more effectively learn which states are valuable and which actions are critical in

those states. These two streams are then combined to form the Q-value as follows:
O(s,a;0,0,B) =V(s;0,B) +Adv(s,a;0,), (3.21)

where 0 denotes the parameters of the convolutional layers, while a and 3 are the parameters of

the two streams of fully-connected layers.

Despite the success of the value-based methods, several challenges remain. One key
limitation is their reliance on discrete action spaces. While algorithms such as DQN and its
variants are effective in environments with a limited set of discrete actions, they struggle with
continuous action spaces, which are common in robotics. Additionally, value-based methods
often require extensive exploration to discover optimal policies, and balancing exploration with

exploitation is a challenge.

3.5.2 Policy Gradient Methods

Policy Gradient methods present a different approach from traditional value-based meth-
ods such as Q-learning and its variants. Instead of estimating value functions to derive optimal
policies, Policy Gradient methods optimize the policy directly. While a value function is not
required for action selection in these methods, it can still assist in learning the policy parameters
[Sewak, 2019; Sutton, 2018]. This advantage is particularly relevant in high-dimensional state-
action spaces, such as robotic control tasks, where continuous action spaces provide more precise
control over the robot’s movements. Unlike discrete actions, which are limited to a predefined
set of choices, continuous actions allow for smoother, more adaptable behaviors, making them

more suitable for real-world applications and influencing the choice of the DRL method.

The policy 7(als, 0) is typically stochastic, parameterized by 6, and denotes the probabil-
ity that action a is taken at step ¢ given that the environment is in state s at step ¢ with parameter
6. The objective is to optimize the parameters 6 such that the expected cumulative reward is

maximized. The objective function can be formalized as [Sewak, 2019; Sutton, 2018]:

N

J(O)=EY [Yrlm]. (3.22)

t=0
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Therefore, the optimal 6* maximizes the expected reward following this policy, such as

0* = argmaxJ(0). (3.23)
0
The parameters 0 are updated via gradient ascent, which is the inverse of gradient descent.
The gradient ascent updates the parameters 0 in the positive direction of the gradient of the

objective function VyJ(6;) as per the following equation, where « is the learning rate.

* REINFORCE: Monte Carlo Policy Gradient

REINFORCE is one of the earliest and most straightforward policy gradient algorithms
introduced by Williams [1992]. It works by using samples of complete episodes (trajectories of
states, actions, and rewards) to compute the policy gradient. The gradient of the expected return
J(0) is estimated as:

VJ(0) = Ez [G;VInz(A;|S;;0)], (3.25)

where G; = ZI{:z 7’th+1<+ 1.

3.5.3 Actor-Critic Methods

Actor-Critic methods are considered a hybrid approach that combines both policy gradient
and value-based methods in reinforcement learning, where an actor (the policy) and a critic (the
value function) are learned simultaneously. This combination allows this method to leverage the
benefits of policy search methods with learned value functions, which are able to learn from full
returns and/or TD errors [Belousov et al., 2021; Sutton, 2018].

Figure 16 shows the learning architecture of the actor-critic methods. The actor is
responsible for learning the policy and deciding which actions to take in a given state. This
aligns with the policy gradient methods discussed earlier, where the policy is updated directly to
maximize cumulative rewards. The critic, on the other hand, evaluates the actions taken by the
actor by estimating its value through the value function. This component draws from value-based
methods, and this evaluation is the TD error (Eq 3.12). Additionally, the actor uses the Critic’s
output to update its policy [Konda and Tsitsiklis, 1999].

Actor-Critic methods, such as DDPG, TD3, and SAC, are particularly well-suited for

continuous action spaces, making them ideal for applications like robot navigation.

3.5.3.1 Deep Deterministic Policy Gradient (DDPG)

Deep Deterministic Policy Gradient (DDPG) is a model-free actor-critic algorithm
presented in Lillicrap et al. [2015] that extends deterministic policy gradients [Silver et al., 2014]

to work with deep neural networks, enabling it to handle continuous action spaces effectively.
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Figure 16 — Actor-Critic Architecture.

Source: Sutton [2018].

DDPG addresses the limitations of traditional methods such as DQN and its variants, which
are designed for discrete action spaces, making them unsuitable for complex tasks like robotic
control or autonomous vehicles, where continuous and high-dimensional action spaces are

crucial.

In policy gradient methods, the policy is usually stochastic, which is suitable for explo-
ration in discrete action spaces. However, in continuous action spaces, sampling from a stochastic
policy can become inefficient. Therefore, in DDPG the Actor learns from a deterministic pol-
icy p(s|0), which directly maps a state s to an action a, avoiding the need to sample actions
stochastically [Silver et al., 2014].

The Ceritic is learned using the Bellman equation as in Q-Learning (Eq 3.16), and the

deterministic policy gradient is given by:

Voul(0) ~E, s [VHQ(s7a|9Q)’s:s“a:u(st)v(guu(sm“)‘S:SJ , (3.26)

where VguJ(0) represents the gradient of the policy’s objective function with respect to the
actor’s parameters O4; O(s,a|02) is the critic’s estimate of the action-value function; and p# is

the replay buffer.

A major challenge of learning in continuous action spaces is exploration. To increase the
exploration, the authors propose to introduce a time-correlated noise .4 in the actions during

training. Therefore, the problem of exploration is addressed independently from the learning
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algorithm, as follows:
' (st) = (s |6f") + 4. (3.27)

3.5.3.2  Twin Delayed Deep Deterministic Policy Gradient (TD3)

Twin Delayed Deep Deterministic Policy Gradient (TD3) is a DDPG successor off-policy
learning algorithm designed for continuous control [Fujimoto et al., 2018]. The method was
developed to solve critical issues of overestimation bias associated with value-based methods,

such as DDQN, which can result in suboptimal policies and divergent behavior.

TD3 address the overestimation issue by introducing three critical innovations to improve
the DDPG method:

* Clipped Double Q-Learning: Different from the original DDQN, which optimizes a pair
of actor-critics, this method propose to take the minimum value between the two estimates

to the target update. The target function is given by:
y=r+ lei%Qef(slaﬂq)l (s')), (3.28)
=1, t
where s’ represents the state in the step 7 + 1, and r is the reward.

* Delayed Policy Updates: TD3 include a delayed update for the actor (policy), being less
frequently than the critic (Q-function). This approach guarantees that the actor is trained

based on more accurate Q-value estimates.

» Target Policy Smoothing Regularization: Seeking to avoid overfitting and increase the
exploration, TD3 introduces uncorrelated mean-zero clipped Gaussian noise (€) to the

actions during learning. Therefore, the target update is modified as follows:
y=r+yminQg(s', Ty (s) + ), (3.29)
=1, !

e~ clip(N(0,0),—c,c). (3.30)

3.5.3.3 Soft Actor Critic (SAC)

Soft Actor-Critic (SAC) is an off-policy algorithm, which learn from past samples using
experience replay buffers [Haarnoja et al., 2018a,b]. Despite being derived from DDPG [Lillicrap
et al., 2015] and being closest to TD3 [Fujimoto et al., 2018] with the clipped double-Q trick, SAC
seeks to optimize a stochastic policy with an entropy regularization. This method trains the policy
to maximize a trade-off between the expected reward and entropy, promoting more efficient
exploration and robust learning, while minimizing the need for fine-tuning hyperparameters

during training, which is a great advance for real-world applications.

The regularization strategy, including the entropy term, encourages the agent’s explo-

ration by favoring policies that maintain a certain degree of randomness in their actions, helping
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to prevent convergence to suboptimal policies. The maximum entropy objective [Ziebart et al.,
2008] generalizes the standard objective by augmenting it with an entropy term, such that the
optimal policy additionally aims to maximize its entropy at each visited state [Haarnoja et al.,
2018b]:

n* = argmaxE, 4)p, Z Y (R(ss,az,8.41) +ocH (7 (.]s;))) (3.31)
T =0

where o > 0 is the temperature parameter that determines the relative importance of the entropy
term versus the reward, and thus controls the stochasticity of the optimal policy 7*. The entropy
term is given by:

H(r(.|s;)) = log(m(a|s;))- (3.32)

From Eq. 3.31 it is possible to derive the state-value function Vy(s) and the action-value

function Qz(s,a) as follows:

t=0

Ve(s)=E i Y (R(s ar,5041) +aH(m(.|s;))) | so = s] , (3.33)

Or(s,a)=E Z YR(st,a,5+1) + Z YH(r(.|s;)) | so=s,a0= a] : (3.34)
| =0 t=1

Additionally, it is possible to define the relation between Vy(s) and Qr(s,a) and substitute
the term in Eq. 3.32:

Va(s) = Eqon [Q(s,0) — alog(n(ar]s:))] (3.35)

Similar to TD3, SAC uses the minimum value between the two Q-functions for policy
updates, reducing the risk of overestimation. Therefore, the Q-function update is given by
[Haarnoja et al., 2018a]:

Q(St;az) = R<Staat) + YEstvan (IIE%%Qi(St—H ;at+l) - alogﬂ(atH ’SH—] )) . (3.36)

Finally, the policy update is given by [Haarnoja et al., 2018a]:

Jﬂ(e) = ES,~D78,~£/V [108”0 (at|s,) - Q(St,at)] ) (3.37)

where & is an input noise vector, sampled from some fixed distribution, such as a spherical

Gaussian.

3.5.4 Reward Shaping

In reinforcement learning studies, the optimal policy is determined based on a reward
function. A good representation of the reward function is crucial because it defines the agent’s

objective and directly influences the type of behavior that will be learned. In this context,
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techniques such as reward shaping have emerged to enhance the reward function, allowing for

the scaling up of learning to deal with complex problems.

Skinner [1965] introduced the term shaping to describe the effective training of an animal
by reinforcing successive approximations of desired behavior [Sutton, 2018]. Later, Ng et al.
[1999] formalized the term reward shaping in reinforcement learning as the practice of modifying
the reward function to guide an agent to learn faster. By giving additional or modified feedback,
reward shaping can increase learning efficiency, aid in the elimination of sparse rewards, and

promote more robust exploration, particularly in complex and high-dimensional environments.

Reward shaping can be applied by modifying the reward function of the original MDP as
follows:
R'(s,a,s") =R(s,a,s') + F(s,a,s'), (3.38)

where s is the current state, a represents the actions, and s’ is the transition states upon taking
the action a. R(s,a,s’) is the reward function of the original MDP and F (s, a,s’) is the shaping
reward function. We will hide the step term ¢ in the equations for practicality. Using SARSA
algorithm [Sutton, 2018] to represent the concept of reward shaping the Q-value update presented

in Eq. 3.15 can be modified as:

O(s,a) < Q(s,a) + o [R(s,a,s") + F(s,a,s') + yO(s,a) — Q(s,a)] (3.39)

where F(s,a,s’) is the reward shaping.

The concept of modifying reward functions to accelerate learning and enhance perfor-
mance in environments with multiple goals and complex behaviors was early introduced in
reinforcement learning by Gullapalli and Barto [1992], Randlgv and Alstrgm [1998], and Mataric
[1994]. However, the concept lacked theoretical analysis and formalism, and some attempts did

not work as expected, failing to achieve the learning objective.

One challenge in reward shaping is that altering the reward function effectively trans-
forms the original problem M into a new problem M’. This adjustment does not guarantee that
the solutions or policies optimal in M’ are also valid for the original problem M. Ideally, the
reward shaping method should preserve the optimal policies, ensuring that high-quality policies

learned with the modified rewards remain effective for the original problem.

In 1999, Andrew Y. Ng introduced the reward shaping in Ng et al. [1999], providing a
detailed formalization of the method. The authors presented the Potential-Based Reward Shaping
(PBRS) method, which involves adding a shaping reward derived from a potential function
that depends on the state. PBRS formalization became a fundamental concept in RL, providing
both theoretical insights and practical applications for improving learning efficiency without

compromising the final outcome.

Ng et al. [1999] prove that if the reward shaping F is a difference of potential function,
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i.e., if there exists a real-valued function ¢ : S — R such that forall s € S — 59, a €A, s’ € S:

F(s,a,s") =v0(s") — ¢(s), (3.40)

the optimal policy in the new MDP (M’ = (S,A,T,y,R + F)) remains optimal for the original
MDP (M = (S,A,T,7,R)), where T are the next-state transition probabilities, and y € (0,1) is

the discount factor.

Following the method proposed by Ng, undesirable behavior can be discouraged, such
as in Randlgv and Alstrgm [1998], where the reward was modified to include an extra term
encouraging proximity to the goal in a bicycle-riding task aimed at reaching a target location. As

a result, the agent learned to ride in cycles without moving towards the goal.

Reward shaping plays a pivotal role in improving the learning efficiency and performance
of the RL agents, primarily in goal-oriented tasks. By carefully designing the reward structure,
we can guide the agent’s exploration and encourage behaviors that lead to more efficient pol-
icy learning. This is particularly important in complex environments, such as mapless robot

navigation.
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METHODOLOGY

As discussed in Section 1.1, this dissertation aims to propose an autonomous agent design
for mapless robot navigation. This problem can be considered a goal-oriented task and defined

as the modification of a given state (5%) by specifying actions (d):

Skr1 = f(Sk, d)-

The autonomous agent needs to determine control actions based on a set of information and a

state space. Considering robotic systems, we can define the states 5 and actions @ as follows:

, d=T1. (4.1)

“l
I
~1 Ry

For simplicity, we omit the time index k in § and d, assuming that states and actions are implicitly
indexed at each time step. Here, ¢ is the configuration vector of the robot, which may represent
position, orientation, or joint angles, depending on the robot type. g is the time derivative of
the configuration vector and typically represents velocities. [ denotes the exteroceptive sensor

measurements (e.g. LIDAR). The control actions 7 represent commanded velocities or torques.

This model directly maps raw sensor data to velocities in the robot workspace. We do
not constraint the robot’s kinematics and assume that the control frequency is fast enough so
that the robot can plan the next step as new observations arrive. Figure 17 presents a diagram

illustrating this model.

Therefore, using DRL the autonomous agent will learn an optimal policy to determine
navigation actions. In this framework, the navigation problem can be formulated as a MDP,
defined by M = (S,A,T,v,R), where (S) represents the states, (A) the actions, (T') the transition
function, (R) the reward function, and () the discount factor. This formulation allows the agent
to iteratively refine its policy through continuous interaction with the environment, improving its

decision-making over time.
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Figure 17 — Model operation diagram.

The optimal policy, obtained by solving the MDP, provides the agent with the best
strategy for acting in a given environment. During learning, the reward serves as feedback from
the environment, evaluating the agent’s actions in each state. Therefore, defining the reward
function is a crucial step in formulating a DRL problem, as it directly influences the agent’s

behavior and learning efficiency.

In goal-oriented problems, the most straightforward reward function involves providing
a positive reward to the agent upon successfully reaching the goal state, as represented below:
e/
rq ifs =Se0a,7a >0
R(s,a,s) = soan ’ (4.2)
0 otherwise,
where s is the current state, a the action chosen, s’ the state resulting from the action taken, and

Sgoal the goal state.

To consider a mapless navigation scenario, this reward can be rewritten to achieve the
desired collision avoidance behavior by including a negative reward to the agent in case of any
collision. Additionally, the reward can be adjusted to accelerate learning by setting a timeout to
reach the goal. The resultant reward can be:

( . /
Ty if s' = sg0a1, ra >0,

T, it s = Sopstacie, Te <0
R(S7a’s/): C oostacle c Y (43)
rr  if EPy > Timeout, rp <0,

0 otherwise,

where 555001 € O denotes the state in which an obstacle from a set of obstacles is located within
the environment, E Py, is the episode duration, and Timeout the limit established for the episode

duration.

4.1 Reward Shaping

Many works have addressed the reward shaping, aiming to obtain better learning results

and thereby improve the agent’s behavior in the proposed tasks [Alipanah and Moosavian, 2022;
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Randlgv and Alstrgm, 1998]. However, this reward modification must be applied carefully to
avoid unexpected behaviors or convergence to suboptimal solutions. Ng et al. [1999] presented
the importance of policy invariance in reward shaping to avoid “positive reward cycles”, where
the agent learns a suboptimal policy, leading to being stuck in a sub-task loop (rather than the

goal), hindering progress towards the intended goal.

Although the reward function presented in Eq. 4.3 essentially captures the expected
behavior of the agent for the mapless navigation problem [Cimurs et al., 2021; Grando et al.,
2021], this simple and sparse reward structure results in poor learning performance. It leads
to slow training, limited generalization, and hinders zero-shot sim-to-real transfer. Moreover,
it is not ideal for application in more complex and structured environments. To enhance the
reward function, reward shaping can be applied by incorporating a distance-based reward. This
encourages the agent to move directly toward the goal, accelerating learning while preserving

the original behavior defined by the initial reward.

Therefore, a new reward can be defined by building on the initial reward and adding

a shaping function that accounts for the distance from the current state to the goal, as shown
below:

R'(s,a,s") =R(s,a,s') + F(s,a,s'), (4.4)

where R'(s,a,s’) is the new reward, R(s,a,s’) is represented by Eq. 4.3 and F(s,a,s’) is the

distance-based shaping function that can be written as below:

F(s,a,5) = 79(s') = ¢ (s),
1 4.5)
* " D s

where D(s,5,041) is the Euclidean distance between the current state s and the goal state sg4/,
and y € (0,1) is the discount factor.

Most papers in the literature have successfully adopted this distance-based reward or
its variations, including in real-world applications [Cimurs et al., 2021; Hu et al., 2020a; Xu
et al., 2024]. However, even with this reward shaping, the agent can still become trapped in
suboptimal solutions in more complex scenarios, achieving a false maximum reward. Although
the dissertation is primarily focused on reward design and its parameters, it is important to note
that the distance-based approach also relies on precise global localization, which can often be
challenging to achieve in real-world scenarios and may mislead the agent on its way to the goal.
These issues are particularly evident in mapless robot navigation, where the robot can become

stuck in a local optimum, ultimately failing to reach the final goal, as illustrated in Figure 18.

To better illustrate this suboptimal convergence, Figure 19 shows a heatmap representing
the reward distribution in a navigation task, where brighter areas indicate higher rewards and
darker regions correspond to lower values. The concave region in the center creates a local

optimum, where the reward is higher than its immediate surroundings but significantly lower than
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the global maximum near the target. An agent navigating into this region may become trapped,
as moving toward the true goal initially results in a temporary reward decrease, discouraging
escape. This demonstrates a key challenge in reinforcement learning, where agents relying solely
on distance-based rewards, such as Eq. (4.5), may fail to reach the optimal solution. Trott et al.
[2019] also illustrate this behavior through a simple toy task where the agent needs to reach

the goal by controlling its position along a warped circular track, but the distance-based reward
creates a local optimum.

Figure 18 — Local optimum within the concavity: The robot moves into a concave area and receives a positive
reward from the distance-based function (local optimum). It gets stuck when it encounters an obstacle
blocking the goal. Moving back to finding an alternative path results in a reduced reward.
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Figure 19 — Reward heatmap for a navigation task, where the color scale indicates the reward values. The yellow
regions correspond to higher rewards, while darker red and black regions represent lower rewards. The
start position is marked in green, and the target is in blue.
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4.2 A novel reward shaping function for mapless naviga-
tion

Considering the issues presented in the previous section, we propose a reward-shaping
function that, when combined with the original sparse reward function (Eq. 4.3), encourages the
agent to take actions that lead it toward the target, avoid obstacles, and steer clear of local minima.
The shaping function (¢ (s;)) is derived from the environment information (G(s;)) obtained at
each step through the exploration of unexplored areas. In robot navigation applications, this
environment information can be defined by probabilistic maps generated using LiDAR data,

camera images, or any exteroceptive sensor.

This approach reinforces the agent exclusively when it navigates to novel locations. In
this dissertation, the environment information G(s;) is computed as the difference between the
sum of all occupied (Oc) and free (Fc) cells obtained from a occupancy grid map, generated

only for training, at the current step ¢ and the one from the previous step ¢t — 1, as follows:
G(si) =Y (Oc;+Fe;) =Y (Oci_1+Feyy). (4.6)

Therefore, the proposed shaping function can be defined as follows:

G(s,1)+oc),

Gls) + “.7)

¢ (S l) =K (1 —
where G(s;_) is the environment information captured in the previous step r — 1, G(s;) represents
the environment information acquired in the current step ¢ as a result of the action taken, and «

and K are arbitrary constants, where K > 0.

Analysing the Eq. 4.6, G(s;) > 0 Vs € S. Additionally, G(s,) = 0 if s, leads to an already
visited location where Oc; = Oc;+1 and F¢; = F¢,_. Considering Eq. 4.7, the potential increases
as the agent explores new locations, which encourages the exploration of undiscovered areas,
avoiding getting stuck in local minima. Conversely, the potential decreases when the agent
navigates through known areas. Thus, Eq. 4.7 represents a potential function and is therefore

conservative, as demonstrated below.

Theorem 1. Let ¢(s) be a potential shaping function. The function ¢ (s) is conservative if, for
any closed trajectory, where the next state is equal to the starting state, the total shaping reward

sums to zero.

Proof.
Let G(s;) = G(s;—1) = x|x € RJ, thus:

¢<st>=1<<1—”“),

x+a 4.8)

o(s;) =0, VK, R", and a € R.
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Now, let G(s;) > G(s;—1), thus:

o) =K (1- T2 )
xXt+e+o (4.9)
o(s¢) >0, VK,e cR", and o € R.

Based on the previous cases (Eq. 4.8 and 4.9), we can conclude that @ (s;) is a conservative

potential function.

O]

As discussed by [Ng et al., 1999], in PBRS methods, the reward shaping function must
be formulated as the difference of potential functions to maintain the optimality of the original
MDP. This ensures that the agent will keep learning the correct behavior while benefiting from
the additional guidance. Therefore, considering the function ¢ (s;) in Eq. 4.7 and following the

same structure of Eq. 4.4 we can define the following reward shaping function:

Rl(staalast+l) :R(slaat7st+l) +F(s,,a,,s,+1),
F(SlvalasH—l) = Y‘P(SI-H) - q)(st)’

where y € (0, 1) is the discount factor.

(4.10)

To prove that the optimal policy remains unchanged under PBRS, it is necessary to
show that adding the shaping reward does not modify the optimal policy. The following analysis

evaluates the influence of the shaping reward on the SAC off-policy method.

Theorem 2. Let F : § X A x § — R be a shaping reward function. The optimal policy in the new
MDP (#' = (S,A,T,v,R+ F)) remains optimal for the old MDP (.Z = (S,A,T,y,R))if F is a
PBRS function.

Proof. Consider the following SAC objective function that maximizes the entropy:

J(ﬂ) — ]E'L'Nﬂ,'

iV(R(Sr,at,stH)+a,%”(7r(-]st)))] , 4.11)
t=0

where 7 represents trajectories, ¥ is the discount factor, R(s;,a;,s;+1) is the reward, o > 0 is

trade-off coefficient, and .7 (7(-|s;)) is the entropy of the policy.

Also, consider the SAC optimal value function:

V*(s) = maxE
& t=0

Z Y (R(st,ar,5011) + a7 (m(-|s))) | s0 = s,ﬂ] . (4.12)
Substituting the original reward with the potential-based reward shaping results in:

V"™ (s) = maxE
T

i,)?’ (R(st,ar,8141) + Y9 (s11) — @ (s1) + @t (n(-[s1))) | s0 = s, %] . (4.13)
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Separating the potential terms:

V"™ (s) = max <IE

T

i‘(,)?/R(St,at,SzH)+ae7f(7t(-|st)) | 50 :s,n']
i S()—S ﬂ])

ivf“cb(sm) - iv@(st) | s0 = sn]) . (415)
t=0

4.14)
Z }/ D(si41) | s0=s5,7

V™(s) =max [ V*(s) +E
& =0

Notice that the potential term is a telescope sum and can be simplified as:
Y V(i) - LY Pls) = y®(s1) — Dlso) + Y O(s2) = ¥®(s1) + 7 P(s3) — 7 P(s2) +
t=0

Z')/HCD(SHI Z')/‘D st) = —D(s0) + hm }’TCID (s7).
~ (4.16)

Since ®(s) is conservative, Y ®(s7) — 0 with T — oo. Thus we have:

V™ (s) =V*(s) — D(s). (4.17)

The same approach can be used for the SAC Q-function. Consider the following Q-
function:
Q*(s,a) =E [R(s,a,s') + yV*(s') | 5,4] . (4.18)

Substituting the original reward with the potential-based reward shaping results in:

Q*(s,a)=E [R/(s,a,s') + V() | s,a} ) (4.19)

Substituting R'(s,a,s") and V'*(s’), we have:

Q" (s,a) =E [R(s,a,5") +yP(s") — D(s) + y(V*(s') — P(s)) | 5,4] . (4.20)
Simplifying:
0" (s,a) =E[R(s,a,s') +W*(s') —D(s) | 5,a] . (4.21)
Finally:

Q" (s,a) = Q*(s,a) — P(s). (4.22)
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Since ®(s) does not depend on the actions, it can be considered a constant concerning a.

Therefore, the SAC optimal policy is:

T (s) :argmaxQ *(s,a),
" (s) = argmax (Q" (s, a) — (s)),
(4.23)
' (s) = arg max (Q*(s,a) + constant),
' (s) = argmaXQ (s,a).

Therefore, the optimal policy *(s) under the reward shaping is also the optimal policy
for the original reward, proving that the optimality remains unchanged with the PBRS function

for both the value function and the Q-function.

]

Combining distance-based reward shaping with the proposed approach can significantly
enhance policy training by balancing the exploratory behavior of the reward function proposed
in Eq. 4.7 with the distance-based reward function presented in Eq. 4.5. This combination allows
the policy to leverage the strengths of both methods: the proposed reward encourages exploration
by adjusting incentives to promote ongoing exploration throughout the environment, while the
distance-based reward provides a clearer reward signal for actions that move to the goal. This
balancing act is crucial for guiding the agent more efficiently toward the goal, facilitating the

discovery of more effective paths, and avoiding stagnation in suboptimal solutions.

Combining both conservative potential functions (Eq. 4.7 and Eq. 4.5) preserves the

PBRS without loss of generality. Therefore, the final proposed reward can be defined as follows:

( . /
Ta if 5" = Sg0a1, ¥a >0,

R,(S 4 S/) )T if s' = Sobstacles Te <0, (4.24)
Y rr if EP;, > Timeout, rr <0, .

L 7GD otherwise,

where rgp is the shaping term given by the following equation:

K(1- g%
o (s"+a
rGp = D(s,5g0u) . (4.25)

4.3 Enhancing Generalization on Training

In RL, generalization refers to an agent’s capacity to apply knowledge gained from
training in one set of conditions to novel, unseen situations [Kirk et al., 2021]. This capability is

particularly significant in real-world applications where environments are often complex and
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dynamic. Effective generalization ensures that the learned policies are not overly specialized to
the training environment but can instead perform well in diverse scenarios. This is essential for

applying the zero-shot transfer strategy when performing sim-to-real transfer.

As previously discussed, reward shaping is effective in enhancing learning efficiency
by accelerating learning and improving the agent’s performance. Additionally, well-defined
rewards ensure that the agent understands which actions lead to desired outcomes, facilitating

generalization to new scenarios that share characteristics with those seen during training.

However, reward shaping alone may not be sufficient to ensure robust generalization. To
address this limitation, domain randomization can be employed as a complementary strategy.
Domain randomization involves varying the parameters and conditions of the training environ-
ment to expose the agent to a broader range of scenarios [Wada et al., 2022]. This technique aims
to create a training regime where the agent encounters a diverse set of possibilities, enhancing its

adaptability to real-world variations.

Additionally, encouraging the exploratory capacity of the agent is another crucial strategy
for effective learning and generalization. Exploratory behavior allows the agent to discover new
strategies and adapt to unforeseen conditions, improving its overall performance and avoiding

local optimum.

Therefore, we propose the use of the off-policy learning algorithm SAC, which is
designed for continuous and high-dimensional action spaces, aiming to promote both efficiency
and exploration by maximizing not only the expected reward but also the policy’s entropy, as
outlined in Haarnoja et al. [2018a]. Other reinforcement learning algorithms often face a trade-
off between exploration and exploitation. SAC tackles this trade-off by explicitly encouraging
exploration through entropy regularization, which helps prevent premature convergence to
suboptimal deterministic policies. The entropy term encourages stochastic policies that maintain
diversity in actions, which is particularly beneficial in environments with sparse rewards or

deceptive local optima.

Additionally, we implement a domain randomization strategy, where the initial state is
randomly modified in each episode, and the environment configuration is varied throughout train-
ing. This technique exposes the agent to a wide range of scenarios during training, encouraging
it to learn policies that generalize beyond the specific conditions encountered during simulation.
By randomizing aspects of the scenarios, the agent becomes less sensitive to exact environment
specifications and more reliant on invariant, transferable features. Domain randomization is
particularly effective in sim-to-real transfer tasks, aiming to reduce the "reality gap". By training
the agent in a distribution of environments rather than a fixed one, the learned policy is more

likely to perform well when deployed in previously unseen, real-world scenarios.

By integrating the proposed reward shaping, domain randomization, and exploration

strategies with SAC, we establish a comprehensive approach to enhancing both training efficiency



Chapter 4. Methodology 64

and generalization capabilities. This combination is responsible for enhancing the zero-shot

transfer capacity.
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CHAPTER

RESULTS

This chapter provides a performance analysis of the reward shaping and generalization
strategies introduced in Chapter 4. The evaluation focuses on the benefits of the proposed reward
shaping method, which utilizes environment information as described in Eq. 4.7. We compared
the proposed reward againts the sparse reward approach (Eq. 4.3) and the distance-based shaping
method (Eq. 4.5).

This evaluation involved analyzing the progression of rewards throughout the training
phase of an agent within the same environment setup. To achieve this, a simple scenario was
implemented in a basic simulator to represent a differential robot navigating a mapless navigation
problem. The simulator proposed by [Surmann et al., 2020] and shown in Fig. 20 simulates
a robot with a differential architecture, equipped with a configurable LiDAR. It provides the

robot’s pose data, LIDAR readings, and receives linear and angular velocities as input.

Figure 20 — 2D stand-alone simulator of a simple differential robot equipped with LiDAR.



Chapter 5. Results 66

5.1 Training setup

The training process was performed on a laptop with Ubuntu 20.04, equipped with an
NVIDIA GTX 3060 graphics card, 16 GB of RAM, and Intel Core 17-11800H CPU. The learning
environment is represented by a differential wheeled robot equipped with a planar LiDAR and

navigating in limited workspaces, all running in the simulator presented in Fig. 20.

Fig. 21 illustrates the navigation system adopted. First, sensors collect data from the
robot’s states and the environment, and a goal point is defined. In the sequence, the system
processes this data in order to create the observation state for the navigation policy model. Finally,

the system defines the robot’s velocity actions based on the observed states.

Environment Data Processing

Navigation Policy

Figure 21 — Robot navigation system overview.

The observation state vector § includes the robot’s relative position to the target region
pE R? in polar coordinates, absolute linear v and angular @ velocities, and the information data
provided by the robot’s planar LiDAR [ €R!, with ! being the number of laser beams. Formally,

it can be represented as:

S.D

=1
I
~ 8 =< U

where p=[d )T and [ =[l; I, I ... I,]”. Figure 22 illustrates the elements of the observation
space. On the other hand, the continuous action vector includes the commanded linear velocity

v € R, and commanded angular velocity @ € R, such that it can be represented by:

1%

a= ) (5.2)

(0]

All models used in this chapter were defined according to the actor-critic deep networks
illustrated in Fig. 23. The actor network consists of an observation-state input layer, followed
by three hidden dense layers with 512 nodes each, utilizing the Rectified Linear Unit (ReL.U)
activation function. The action output is generated by combining values from a linear layer using
a sigmoid activation function for linear velocity and a hyperbolic tangent function for angular

velocity. In the critic networks, the actor-generated action is combined with the observation state
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Goal

ln—l / l \\
~_| "2\

Figure 22 — Observation state space illustration.

as input, followed by three dense ReLLU layers with 512 nodes each. The Q-value is computed

using a linear activation function.

Actor network
Input

P Dense Dense Dense Dense

o > 61x512 [ 512x512 = 512x 512 B 512x2 a
. ReLU ReLU ReLU Linear

Critic network

Input Dense Dense Dense Dense

s Output
> 63x512 = 512x512 = 512x 512 B 512x1 =

2x1 ReLU ReLU ReLU Linear

Figure 23 — Actor network: input layer formed by the observation state space, followed by three dense ReLU layers
of 512 nodes, and the output action generated by merging values from a linear layer with a sigmoid
and hyperbolic tangent activation functions. Critic network: input layer formed by the observation state
space merged with the action space, followed by three dense ReLU layers of 512 nodes and the output
Q-value generated by a dense linear layer.

In the defined environment, each training episode ends when the robot reaches the
target region, collides with some obstacle, or violates the Timeout. The actions were limited
to v € [0,0.5] m/s, by diving the sigmoid output by 2, and @ € [—1, 1] rad/s. The LiDAR has
readings between —135° to 135° with 684 distance measurements. Seeking to reduce the state
space for the training and avoid overfitting due to repetitive obstacles, we have divided these

684 values into 57 groups of 12 measures and selected the 57 minimum distances of each group



Chapter 5. Results 68

[Choi et al., 2020]. Figure 22 shows the segmentation of the LiDAR readings, with /1,0, ..., 1,

representing the set of » minimum distance of each group of 12 measurements, where n = 57.

5.2 Performance Evaluation

To evaluate the performance of the proposed strategy, we compared training results
using the sparse reward approach (Eq. 4.3) and the distance-based shaping (Eq. 4.5) against the
proposed reward shaping presented below.

Ta ifS/:Sg(,a[, ra>07
Te if s' = Sobstacles Te <0,

R'(s,a,s") = (5.3)
rr if EPy > Timeout, rr <0,

LG otherwise,

where r¢ is the shaping term given by Eq.(4.7) as follows:

ro = K (1 _ %) | (5.4)

In addition, we have set the constants as presented in Table 5.1. These values were
defined empirically based on preliminary experiments and domain knowledge. The chosen
rewards reflect the expected behavior of the agent and were adjusted to ensure stable learning

while encouraging the agent to pursue the desired objectives.

Table 5.1 — Constant parameters defined for the reward shaping function calculation.

K| a| r, Te 2 I8 b | dpin | Timeout
1 |1 ]100|-200 | -200 | 336|348 | 0.5 500

First, we analyzed the rewards progression results throughout the training phase of an
agent within the same environment setup. To achieve this, a simple scenario was implemented in

the simulator to represent a mapless navigation problem.

Fig. 24 presents the reward progression over 10,000 episodes using each reward function
during training with the SAC algorithm in a unique map presented in Figure 26(a). It shows that
the proposed reward shaping accelerates the agent’s learning, reaching the optimal reward after
just 1,000 episodes. In contrast, the distance-based reward method achieves optimal performance
only after 4,000 episodes, while the sparse reward method performs the worst, reaching the
optimal reward only after 5,500 episodes. This demonstrates the importance of reward shaping
and highlights the advantages of the proposed method compared to more commonly used
approaches. It is important to note that we are not focusing on the magnitude of the reward but

rather on the speed of convergence during training.

Moreover, when comparing the proposed reward shaping (Eq. (5.3)) with the final shaping

combination presented in Eq. (4.24) by adding the distance-based term, it can be observed that in
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Figure 24 — Comparison of training reward progression using different reward strategies: sparse reward, distance-
based shaping, and the proposed reward shaping method. The raw reward data are shown as shaded

areas, while the smoothed lines are obtained by applying a moving average with a window size of 200
episodes.

both cases, the optimal reward is reached at around 1,000 episodes, as shown in Fig. 25. However,
the combined reward can accelerate training in larger environments by rewarding exploration
toward the goal instead of other areas.

400 1
300
200

Reward

100 + ;
0_

—100 1 ,/ —— Proposed Shaping
-200 1 Final Proposed Reward
=300 : : , , . : . : .
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Episodes

Figure 25 — Comparison of training reward progression using the proposed reward and the final reward, which
combines the proposed gain of information with the distance-based approach. The raw reward data are
shown as shaded areas, while the smoothed lines are obtained by applying a moving average with a
window size of 200 episodes.

To assess the benefits of the proposed domain randomization, we compared the perfor-
mance of the policies trained using the same rewards evaluated before, with and without domain
randomization. Each policy was trained over 10,000 episodes on a unique map presented in
Fig 26(b) (i.e., no domain randomization applied) and alternating every 500 episodes among
three selected maps shown in Figure 26 (i.e., including domain randomization). The training
maps vary in difficulty depending on the obstacle density, and all of them are bounded by
obstacles. Additionally, certain areas within the maps were designed to induce local minima. For
the performance comparison, we used the office-like map shown in Figure 27. This map includes

obstacles and dead-end rooms designed to create local minima.

Table 5.2 demonstrates that the model trained with domain randomization outperforms
the model trained on a single map when applied to a different scenario than it was trained on. This

highlights the importance of generalization strategies for effective model transfer. Additionally,
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Figure 26 — Simulated scenarios used for training in the learning step.

Figure 27 — Validation scenario used to compare the performance of learning strategies after training.

the model trained using the final proposed reward outperforms the others in any case. The impact

of the SAC algorithm and the reward function will be further evaluated in Chapter 6.

Table 5.2 — Performance Comparison Between Models Trained With and Without Domain Randomization.

Reward \Gen. Strategy | No Domain Randomization | Domain Randomization
Final Proposed Reward 73% 95 %
Distance-Based 53% 61%
Sparse 38% 51%
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CHAPTER

CASE STUDY

This chapter presents a case study for performance analysis of the reward shaping and
generalization strategies discussed in this dissertation, focusing on enhancing training efficiency
and zero-shot policy transfer. The evaluation focuses on autonomous robot mapless navigation,

comparing the proposed method’s performance with existing approaches in the literature.

Two main aspects have been analyzed: i) the impact of the exploration in the context of
generalization employing TD3 or SAC algorithms for safe local navigation for mobile robots, and
ii) the effect of using our novel reward function instead of others. To do so, we have first trained
our policies in different simulated cluttered (sparse and complex) scenarios. Then, concerning
the success rate (the number of times the robot reaches the goal region without collision in a
limited time), we compare our method with other approaches in environments distinct from
those used in the training stage. Next, to advance the generalization analysis of the solution and
the zero-shot capacity, we added comparative trials in a second simulator (sim-to-sim analysis).
Finally, we demonstrate the effectiveness of our proposal in a real-world cluttered scenario

(sim-to-real analysis).

6.1 Training setup

The training process was set to run for 20,000 episodes, using the same simulator and
training configuration presented in 5. The three maps illustrated in Fig. 28 have been employed at
the training, whose dimensions are 12 x 12 m, 20 x 20 m, and 40 x 40 m, respectively. The maps
used for training were carefully designed to challenge the agent’s ability to navigate without
relying on pre-existing maps or global localization. These maps vary in complexity, incorporating
elements such as obstacles, narrow and open spaces, dead-end rooms, and regions with high
similarity. All the maps are relatively simple but simulate real-world scenarios that a mobile
robot may encounter. During the training, the map changes randomly every 500 episodes to

enhance the agent’s generalization ability and prevent overfitting to a specific environment.
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Figure 28 — Simulated scenarios used for training in learning step.

6.2 Reward function

To evaluate the performance of the proposed strategy described in Chapter 4, we have
defined the following reward function based on Eq. 4.24 and including other elements to improve
the learning in the complex task of mapless autonomous navigation, as demonstrated in Miranda

et al. [2024]. The reward function used in the experiments is defined as follows:

Tq if d < dpp,
re if collision,

r= . . (6.1)
T if steps > Timeout,
\rep+ri+ry otherwise,

where r, is a positive reward assigned when the Euclidean distance d between the robot and the
goal is less than or equal to a minimal threshold d,,;;, > 0, indicating that the robot has reached
the goal. r. 1s a negative reward given in the event of a collision, and rr is a negative reward
given if the number of steps exceeds a predefined Timeout limit. Additionally, rgp is the PBRS
term defined in Eq. 4.25.

The other two terms in Eq. 6.1, r; and r,, which constitute the dense part of the reward,
were included to encourage actions moving into free spaces (r;) and prevent movements without
progression (r,) [Cimurs et al., 2021]. However, their conservative behavior was not demonstrated
to qualify as a PBRS. r; is the minimum value measured by the LiDAR within an interval between
[1 and I, representing a read in the robot’s front side, and r, is a reward based on the linear and

angular velocities, as described below:

= min(lidaryfj), (6.2)
ry=v—|0|, (6.3)

The constants were defined with the same values presented in Table 5.1.
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6.3 Comparative Analysis

In order to evaluate the performance of the proposed reward function and training ap-
proach compared to other strategies from the literature, a sequence of tests was conducted in
scenarios different from those previously trained. Fig. 29 illustrates the tested maps, relatively
larger than those of Fig. 28, with dimensions 40 x 40 m, 40 x 40 m, and 60 x 60 m, respectively.
The three maps represent cluttered environments with challenging elements for mapless navi-
gation, such as corridors, dead-end rooms, and high similarity between locations. They were
designed to introduce different levels of challenge in the tests, with Map 1 being the easiest, Map

2 of medium difficulty, and Map 3 the most challenging.

| |
H A

- O .

<@ e e e .

(a) Map 1: 40 x40 m (b) Map 2: 40 x40 m (c) Map 3: 60 x 60 m

Figure 29 — Simulated scenarios used for testing and evaluating the algorithms learning performance.

In our comparative analysis, we have used three different reward functions from the
state-of-the-art literature. In Cimurs et al. [2021], the reward is based on the distance to the goal,
collision information, and shaped based only on the robot’s linear and rotational speeds (v — |@|).
In Hu et al. [2020a], the authors also used the robot’s speeds and distance to the goal, but they
incorporated exteroceptive (LiIDAR) data to compute a safety clearance reward term for collision
avoidance purposes. Finally, in Grando et al. [2021], the reward is the simplest one, using only
collision information and the arrival at the goal.

Our trials were separated into two groups. First, for all rewards functions (including
ours), we have applied the TD3 algorithm proposed by Fujimoto et al. [2018] to train them. Here
it is important to highlight that Cimurs et al. [2021] have used the TD3 to learn the navigation
policy, while Hu et al. [2020a] and Grando et al. [2021] used the DDPG [Lillicrap et al., 2015],
a predecessor of the TD3 and SAC. Second, for the same reward functions, we have replaced
TD3 by the SAC algorithm. These algorithms were selected to compare their performance in
learning policies for the robot navigation task, allowing for a comprehensive evaluation of their

effectiveness in both the training environment and their generalization capacity.

Table 6.1 describes the learning parameters used for training all structures. However, as

we have considered different reward functions for comparison, the reward constants received
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values according to the author’s proposal of each paper in analysis, as shown in Table 6.2. In the

specific case of TD3, the delayed rewards were updated over the last 10 steps.

Table 6.1 — Learning parameters.

Learning Rate

Batch Size

Discount Factor

Update Rate

Policy Noise

0.0003

256

0.99

0.005

0.2

Table 6.2 — Policy reward constant values used by literature papers considered for comparing.

Strategy
Reward/Reference | Cimurs et al. [2021] Hu et al. [2020a] Grando et al. [2021]
Collision re = —100 - re =—10
Arrival re = 80 re =40 rq = 100
Others - Tep = Tepo = Tay =T, = —1 -

Fig. 30 presents the moving average evolution for all aforementioned reward functions,
each one trained with both, TD3 and SAC algorithms. In most cases, rewards evolve side by side
(with some variations) throughout training. The periodic oscillations that appear in the graphs
refer to each change in the training map, where the value decreases for a while and increases

according to the train evolution in the new map.

Table 6.3 compiles the results obtained for the first set of simulations using the TD3. The
percentage value for each entry scenario/method was calculated by counting the number of trials
in which the robot was capable of reaching the goal position before the timeout of 1500 steps
or colliding with an obstacle after 500 attempts. For each attempt, we have set the starting and
goal locations following 15 pairs of positions that were repeated during all experiments. The first
observation is that our reward function outperforms all others in terms of completed missions.
The results were significantly superior, although Hu et al. [2020a] also stood out from the other
two. It can possibly be explained by the fact that, with the use of a safety clearance reward, the
agent learns better how to avoid collisions and local minima. Additionally, the use of perception
information about the increasing of the map (exteroceptive information) helped to deal with local
minima problems.

Table 6.3 — Performance comparison among our proposed reward and others from the literature using the TD3
algorithm on untrained scenarios.

Scenario/Method | Cimurs et al. [2021] | Hu et al. [2020a] | Grando et al. [2021] | Ours
Map 1 - Fig.29(a) 63.4% 81.6% 56.2% 86.4%
Map 2 - Fig.29(b) 51.4% 54.2% 36.6% 57.2%
Map 3 - Fig.29(c) 18.2% 38.4% 33.8% 42.0%

The results also allow us to conclude that Map 1 is the least complex environment, while
Map 3 is the most complex regarding obstacles and local minima situations, once all reward
functions follow this pattern. Still evaluating the reward functions, an outlier appears in scenario

3 when solely comparing the performance obtained by the rewards presented in [Cimurs et al.,
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Figure 30 — Moving average of all compared reward functions for the TD3 (in red) and the SAC (in blue) algorithms.
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(d) Our reward function.
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2021] and [Grando et al., 2021]. Although the method presented by Cimurs et al. [2021] is better
in Maps 1 and 2, the performance deteriorates sharply in Map 3, even with a simpler reward

function such as the one proposed in [Grando et al., 2021].

Table 6.4 contains the results obtained from tests performed using SAC, and following
the same test parameters used for TD3. Results show an increase in the number of successfully
completed trials when using SAC for training compared to TD3. This performance shows that, for
the robot navigation policies, increasing the exploration of actions during training helps the agent
to select better actions in untrained scenarios, i.e., increasing the generalization of the trained
network. Therefore, adopting exploration techniques as including the entropy maximization on

training, which is done in the SAC algorithm, helps to increase the generalization.

Although most of the results present this performance increase comparing the model
trained using SAC instead of TD?3, the proposed reward functions presented in [Hu et al., 2020a]
and [Grando et al., 2021] decreased only in Map 3. However, these results can be observed
as outliers since, in all other experiments, the SAC results were better than TD3, and also
maintaining the performance results observed in the different reward functions.

Table 6.4 — Performance comparison among our proposed reward and others from the literature using the SAC
algorithm on untrained scenarios.

Scenario/Method | Cimurs et al. [2021] | Hu et al. [2020a] | Grando et al. [2021] | Ours
Map 1 - Fig.29(a) 80.2% 88.8% 64.8% 95.2%
Map 2 — Fig.29(b) 61.0% 61.6% 45.2% 83.0%
Map 3 - Fig.29(c) 35.6% 34.2% 31.6% 59.4%

Regarding the proposed reward function, some benefits can be commented on. Even when
using the TD3 algorithm, our approach outperforms SAC-Cimurs et al. [2021] and SAC-Grando
et al. [2021], for Map 1; SAC-Grando et al. [2021] for Map 2; and all methods for Map 3. It is
slightly worse than SAC-Hu et al. [2020a], for Maps 1 and 2 and (under 4.5% difference), and
than SAC-Cimurs et al. [2021], for Map 2 (under 4% difference).

When the best combinations of reward and training algorithms are compared, our ap-

proach outperforms all competitors.

6.4 Sim-to-sim analysis

Sim-to-sim analysis is often an intermediate step to sim-to-real transfer tests since, in
Robotics, collecting and validating data in the real world is more costly [James et al., 2019].
Although we have demonstrated in the previous section that our approach is more generalizable
than others in the current literature in the context of robot navigation in cluttered environments,
it has been done using the standalone simulator presented in Surmann et al. [2020], which is

more simple in terms of dynamics, friction effects, and disturbances in general. Our choice was
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based on the fact that a simpler simulator tends to be more efficient in the training stage, allowing

greater exploration of the environment in a shorter time.

Therefore, in this section, we present a comparative analysis concerning a more realistic
simulator, the CoppeliaSim?, integrated with Robot Operating System (ROS) Noetic in a laptop
with Ubuntu 20.04, NVIDIA GTX 3060 graphics card, 16 GB of RAM, and Intel Core 17-11800H
CPU. The simulations rely on a Pioneer P3DX equipped with a planar LiDAR. The 2D scans
also have readings between —135° to 135° with 684 distance measurements and decimated in

57 values of minimum distances detected.

Here, the set of trials was performed in the three environments illustrated in Fig. 31, two
with dimensions 40 x 30 m and another maze style with 24 x 24. In the last section, the reward
function in Hu et al. [2020a] shows to be the second most efficient, then we incorporate it in this
new test in two versions, one with the TD3 algorithm and another with the SAC. Also, we have
limited our proposed method to the SAC method, which presented a better performance in the

previous section.

(c) 24 x24 m

Figure 31 — Simulated scenarios used for the test in CoppeliaSim.

Table 6.5 presents the success ratio, median of steps, and the first and third percentiles
for the simulations in the CoppeliaSim using the same policies trained in the previous section.
The Steps metric refers to the number of interactions with the environment performed by the
agent before achieving the goal. For each method and scenario, the median, 25th percentile, and
75th percentile are presented, providing insight into the variability and efficiency of the learned

behavior

2 https://www.coppeliarobotics.com/
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This time, due to the higher cost of running the simulator, we executed 200 trials for
each table entry and increased the Timeout to 4000 steps due to the size and complexity of the
scenarios. As seen, our method also outperforms Hu et al. [2020a], both with the TD3 and the
SAC, in the two specific scenarios.

Table 6.5 — Performance comparison between the proposed learning structure and the literature best results obtained
using SAC and TD3 in CoppeliaSim simulator scenarios.

Steps
Scenario Method Success Ratio | Median | 25th | 75th
SAC-Ours 91.0% 554.0 | 515.0 | 818.0
Map 1 —Fig.31(a) | SAC-Hu et al. [2020a] 83.5% 2306 1953 | 2390
TD3-Hu et al. [2020a] 75.0% 3101 2196 | 4000
SAC-Ours 92.5% 629.5 374.0 | 1099
Map 2 - Fig.31(b) | SAC-Hu et al. [2020a] 76.5% 1597 1344 | 2196
TD3-Hu et al. [2020a] 72.5% 2250 1925 | 4000
SAC-Ours 61.0% 894.5 | 593.0 | 3812.5
Map 3 - Fig.31(c) | SAC-Hu et al. [2020a] 25.0% 4000 - -
TD3-Hu et al. [2020a] 20.0% 4000 - -

Concerning the binomial probability of the success rate for Map 1 the SAC-Hu et al.
[2020a] presents 90% confidence interval of approximately [78%, 87%], while our method falls
between [87%, 94%]. Results were even better for Map 2 where the 99% confidence interval is
[67%, 83%] for the SAC-Hu et al. [2020a], and [88%, 94%] for our method. Finally, for Map 3,
the 99% confidence interval is [17%, 33%] for the SAC-Hu et al. [2020a], and [67%, 83%] for

our method.

Table 6.5 also shows that our approach presents the lowest expected values for the number
of steps until the target, demonstrating that it is more efficient than others. At the same time, as
the maps are more complex, they presented a more significant variation in the distribution. This
may reflect that the proposed approach actively tries to explore the environment when faced with
the local minimum traps, leading to longer paths to the goal. The other methods accommodate
this adversity since most of the missions fail because of timeout. The main conclusion at this
point is that our proposed approach was capable of dealing better with the differences between
the previous simulator (in which all policies have been trained) and the CoppeliaSim, at least for

the used maps.

6.5 Sim-to-real experiments

Finally, to evaluate our proposed method, we have applied it to navigate a robot in the
real world. Here, the main idea is to qualitatively evaluate the sim-to-real transfer capacity,
which are concrete instances of the generalization problem [Kirk et al., 2021]. It is important to

highlight that our evaluation is performed in a sim-to-real zero-shot fashion since no fine-tuning



Chapter 6. Case Study 79

adjustment is realized over our trained policy [Peng et al., 2018]. Two types of experiments were

carried out according to the following description:

* Comparative Analysis: Compare the performance of the proposed method with SAC-Hu
et al. [2020a] (the best-performing method from others in the previous analysis) and with a
classical navigation strategy, using a zero-shot transfer to a differential robot for navigation

in an office-like environment.

* Direct Analysis: Evaluate the performance of the proposed method in navigating an office-
like environment by utilizing a zero-shot transfer to a robot with a different architecture

than the one used in training.

6.5.1 Comparative Analysis: Zero-shot to Differential robot

The experiments in this section involve navigating an office-like environment, with
multiple rooms and heterogeneous obstacles, to some target points. The robot selected for the
task was an autonomous vacuum cleaner Roomba Irobot Create 1 equipped with a Hokuyo
URG-04LX-UGO01, and a laptop with Ubuntu 20.04 and ROS Noetic, fitted with an NVIDIA
GTX 3060, 16GB of RAM, and an Intel Core 17-11800H CPU.

In order to keep evaluating the comparison made in the sim-to-sim analysis, we performed
the same zero-shot experiment for the method SAC-Hu et al. [2020a]. We also repeated the
experiment using the Potential Field Controller (PFC) as a baseline method, a classical navigation
strategy that seeks to reach goals using attractive potential fields and avoiding obstacles using

repulsive fields.

Fig. 32 presents the performed experiment in a sequence of frames. Fig. 33 shows the
path performed by the robot in three experiments, starting on the blue points and with the target
defined to the red points. The experiments were conducted at the same place and with the same
target, modifying only the control strategy and the start position. Additionally, a map was created
simultaneously using the software Gmapping® only for visual purposes. In the experiment in
Fig. 33, the robot navigates to the goals, avoiding obstacles (black points on the map) and local
minima. Both goals were selected to emulate local minima issues, but the robot does not get
stuck when running with the proposed method. However, the results in Fig. 33 show that the
PFC method has difficulty avoiding local minima. We modified the test’s start point with the

PFC to make navigation easier and avoid starting in local minima.

Additionally, in the third experiment using SAC-Hu et al. [2020a], although the robot
moved in the target direction, the algorithm presented difficulty in avoiding obstacles using the
zero-shot transfer method, colliding when trying to reach the target. This behavior should be

related to the generalization of the model and performance in a zero-shot sim-to-real transfer.

3 Gmapping ROS - http://wiki.ros.org/gmapping


http://wiki.ros.org/gmapping
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Figure 33 — Sim-to-real results of the experiments using our proposed navigation police (green path), using SAC
from Hu et al. [2020a] (cyan path), and using PFC (red path) for the robot navigating in an office-like
environment. The green line represents the robot’s path from the starting point (blue) to the goal points
(red). The grey area is the free space on the map, black points are obstacles, and dark green is the
unknown area or places to be discovered.
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In the first experiment, the robot navigates a distance of 21.54 m in 120 sec, the second
run 3.75 m in 30 sec and gets stuck, and in the third run 6.34 m in 33 sec and finished colliding

with an obstacle.

Using the proposed local navigation policy, the robot could successfully navigate toward
the goals region without knowledge of the map of this indoor environment. A video illustrating
the training, sim-to-sim, and sim-to-real experiments can be seen in https://youtu.be/2t_
n66_uCSc.

6.5.2 Direct Analysis: Zero-shot to Skid Steering robot

The experiments in this section consist of navigating through an environment formed
by corridors to a target point, avoiding obstacles. The robot selected for the task was a Pioneer
3at equipped with a Hokuyo UTM-30LX-EW LiDAR and a Jetson TX2 NVIDIA Pascal GPU
architecture with 256 CUDA cores, Ubuntu 18.04 and ROS Melodic.

Fig. 34 presents the performed experiment in a sequence of frames. Fig. 35 shows the
path performed by the robot in two experiments illustrated by the green line, starting on the
blue point and finishing on the red point. The experiments were conducted at the same place,
where the first simulates a going trip and the second a returning, but not departing from the
exact same previous arrival point. In the experiment in Fig. 35(a), the robot goes directly to the
target, avoiding obstacles (black points on the map). The results in Fig. 35(b) show that, in the
first moment, the trained policy missed the passage on the left for the target and passed through
straight. This failure can be due to the large curve performed by the robot to access that corridor,
which may have induced the system to consider the walls as nearby obstacles and dodge them.

However, the robot does not get stuck in a local minima, returning and arriving at the target.

In the first experiment, the robot navigates a distance of 87.47 m, and in the second
105.34 m. Using the proposed local navigation policy, the robot was capable of successfully
navigating toward the goal region in unknown cluttered environments, avoiding collisions
and local minima. A video illustrating this experiment can be seen in https://youtu.be/
gufpYGcpLZA.


https://youtu.be/2t_n66_uCSc
https://youtu.be/2t_n66_uCSc
https://youtu.be/gufpYGcpLZA
https://youtu.be/gufpYGcpLZA
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Figure 34 — Frame sequence of the real-world experiment.
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MNavigated Distance: 87.47 m

(a) First Experiment - Going

Navigated Distance: 105.34 m

(b) Second Experiment - Returning

Figure 35 — Sim-to-real results of the experiments using our proposed navigation police for the robot navigating in
the hallways of the UFMG School of Engineering. The green line represents the robot’s path from the
starting point (blue) to the target point (red). The grey area is the free space on the map, black points
are obstacles, and dark green is the unknown area or places to be discovered. The letters indicate the
correspondent place labeled in Fig. 34, limited by the orange dash lines.
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CHAPTER

CONCLUSIONS

This dissertation focused on the challenge of solving goal-oriented tasks for autonomous
agents while effectively reducing the occurrence of local optima and providing precise guidance.
The proposed approach was based on the DRL framework, where an intelligent agent is trained to
take the most advantageous action to achieve the goal, guided by a reward function that represents
the desired behavior. The main contribution of this research is a reward shaping function based
on the PBRS principle, which modifies the reward to improve performance without affecting
the policy optimality. This approach accelerates the learning process, enhances efficiency, and
ensures alignment with the defined task objectives. Furthermore, the research explores how these
reward functions contribute to improving the generalization capabilities of policies, enabling
them to perform robustly in untrained and novel scenarios. An aspect of this methodology
involves minimizing the reality gap and facilitating the transfer of policies learned through DRL
from simulated environments to complex and highly dynamic real-world applications without

loss of performance and extra training.

To do so, the problem was validated on robot mapless autonomous navigation, where the
robot must move from an initial location to a goal using local navigation, without relying on a pre-
existing map or pre-planned path. The robot is equipped with a simple planar LiDAR, and its data
and the robot’s position were included as inputs to the DRL framework, while the output consisted
of a continuous action space defined by the robot’s velocities. Considering this scenario, we
proposed a novel reward shaping function designed to minimize local optimum during training,
enhance exploration, accelerate learning, and improve generalization for autonomous robot

navigation in both simulation and real-world environments.

The presented method utilizes exteroceptive information from LiDAR to compute the
gain of environmental information during navigation, incorporating it into the reward function to
encourage the agent to explore the environment while simultaneously progressing toward the
goal. This approach minimizes the likelihood of the robot becoming stuck in local minima within

the environment. Additionally, the novel reward function guides the agent to select actions that
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ensure progressive navigation toward the goal while seeking clear paths and avoiding obstacles.

The reward shaping was formulated based on the PBRS principle, where the shaping
function is defined as the difference between potential functions. We demonstrated that adding
the reward shaping to the reward function does not alter the optimal policy. The proposed
reward function was compared with others from the literature and showed superior performance
by accelerating training convergence and increasing the number of tasks completed in a test

environment after training.

Additionally, we used the SAC algorithm, which incorporates entropy regularization
during the training phase to enable the agent to balance exploration and exploitation, thereby
enhancing generalization. Furthermore, domain randomization was employed during training,
and its impact was evaluated by comparing the performance of models trained with and without
this method.

The performance analysis of the proposed method was extended by comparing the DRL
model trained with our reward function to three reference methods from the literature developed
for robot mapless navigation. The results demonstrate that utilizing local information to make
the reward less sparse significantly improved the success rate compared to other approaches.
This reward shaping strategy utilizes the map information gained during navigation to encourage
exploration of new areas, while the distance to the target prevents navigation away from it.
Additionally, our method required significantly fewer steps to reach the goal, highlighting its
efficiency. Furthermore, when tested in untrained scenarios, the proposed strategy proved to be
more effective in completing missions. Another key finding is that the model trained using SAC
consistently outperformed those trained with TD3 across almost all reward functions, including
both the proposed shaping strategy and those from prior studies. This supports the adoption of

learning algorithms that incorporate techniques to enhance action exploration.

To further evaluate generalization capabilities, we conducted a comparative experiment
using a simulator different from the one used during training. In this experiment, the model
trained with our reward function was compared exclusively with the best-performing networks
from the previous analysis. The results reinforced earlier findings, confirming that the proposed
method outperforms the others in untrained environments, thereby demonstrating sim-to-sim

generalization.

To validate the improvement in zero-shot sim-to-real transfer, we conducted real-world
experiments to compare our approach with reference methods from the literature. The results
confirmed the robustness of the proposed method in performing navigation tasks in untrained
scenarios, even when trained in a simulated and simplified environment. Our method consistently

outperformed other navigation approaches.

Finally, our method demonstrated robustness by achieving strong performance when

transferred to a different robot architecture in a real-world scenario through zero-shot learning.
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7.1 Future Works

Future work will focus on studying the use of asynchronous learning algorithms with the
proposed reward function to optimize the training process. This includes evaluating its impact

across a larger number of scenarios and assessing its influence on generalization performance.

Additionally, future research could also explore alternative methods to obtain envi-
ronmental information, such as cameras, depth sensors, or Inertial Measurement Unit (IMU).
Moreover, learning-based scene understanding methods, such as semantic mapping or occupancy
grid prediction, could enable the agent to extract more meaningful features from its surroundings,

potentially leading to more effective reward formulations.

During the experiments, whether during training or testing of the trained models, hesitant
behavior was observed as the agent approached the target, leading the robot to reduce its velocity.

This behavior was not addressed here and will be investigated in future work.

Another important research direction is to evaluate the proposed reward shaping function
in more complex and dynamic real-world environments. Future studies could investigate its
applicability in outdoor and highly dynamic scenarios, such as urban environments with moving
obstacles or varying terrain conditions. Additionally, testing the method on a diverse range of

robotic platforms would help assess its adaptability across different hardware configurations.

A promising extension of this work is its application to multi-agent reinforcement
learning (MARL). Many real-world applications require collaboration or competition among
multiple agents, such as swarm robotics or convoy navigation. Investigating how reward shaping
can enhance coordination and learning efficiency in multi-agent systems could lead to more

robust and scalable navigation strategies.

Finally, further efforts could be directed toward combining reward shaping with repre-
sentation learning. Integrating techniques such as contrastive learning and unsupervised feature
extraction could accelerate learning, improve generalization, and reduce sample inefficiency,

enhancing the robustness of policies in previously unseen environments.

7.2 Publications

This section presents the papers published during the development of this Ph.D disser-
tation. Initially, the research focused on robot autonomous navigation, exploring techniques
such as SLAM, path planning, and control. This phase of research led to the publication of [Mi-
randa et al., 2022a] and [Miranda et al., 2022b]. The paper [Miranda et al., 2022b] received the
SBA-JCAE Award in 2024, recognizing its outstanding contributions to the field. Subsequently,
the research shifted to the exploration of DRL methods for mapless autonomous navigation.
In this area of study, we identified the challenges associated with defining reward functions to

train agents for goal-oriented tasks. This led us to investigate reward shaping and generalization
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strategies, resulting in the publication of [Miranda et al., 2024], which presents the findings of

this research applied to robotic mapless navigation.

Other publications were also influenced by the research conducted during the develop-
ment of this dissertation. In [Rezende et al., 2020], for example, we applied Deep Learning
techniques to the localization system of an autonomous navigation system for drone racing. A

list of these publications, along with other related works, is presented below.

Journals

e [Miranda et al., 2024] Victor R. F. Miranda, Armando A. Neto, Gustavo M. Freitas,
Leonardo A. Mozelli. Generalization in Deep Reinforcement Learning for Robotic Navi-
gation by Reward Shaping, in IEEE Transactions on Industrial Electronics (TIE), vol.
71, no. 6, pp. 6013-6020, June 2024, DOI: 10.1109/TIE.2023.3290244.

* [Miranda et al., 2022b] Victor R. F. Miranda, Adriano M. C. Rezende, Thiago L. Rocha,
Héctor Azptrua, Luciano C. A. Pimenta, Gustavo M. Freitas. Autonomous Navigation

System for a Delivery Drone, in Journal of Control, Automation and Electrical Systems,
vol. 33, pp. 141-155, 2022, DOI: 10.1007/s40313-021-00828-4.

e [Junior et al., 2022] Gilmar P. C. Junior, Adriano M. C. Rezende, Victor R. F. Mi-
randa, Rafael Fernandes, Héctor Azpurua, Armando A. Neto, Gustavo Pessin, Gustavo
M. Freitas. EKF-LOAM: An Adaptive Fusion of LIDAR SLAM With Wheel Odometry and
Inertial Data for Confined Spaces With Few Geometric Features, in IEEE Transactions
On Automation Science And Engineering, vol. 19, no. 3, pp. 1458-1471, 2022, DOI:
10.1109/TASE.2022.3169442 2022.

¢ [Rezende et al., 2020] Adriano M. C. Rezende, Victor R. F. Miranda, Paulo A. F. Rezeck,
Héctor Azpurua, Elerson R. S. Santos, Vinicius M. Gongalves, Douglas G. Macharet,
Gustavo M. Freitas. An integrated solution for an autonomous drone racing in indoor
environments, in Journal of Intelligent Service Robotics, vol. 14, pp. 641-661, 2021,
DOI: 10.1007/s11370-021-00385-4

Conferences

e [Miranda et al., 2022a] Victor R. F. Miranda, Armando A. Neto, Gustavo M. Freitas,
Israel Amaral, Luciano C. A. Pimenta, Leonardo A. Mozelli. Exploragdo Autonoma com

Miiltiplos Robos Baseada em Fronteiras e Planejamento RRT*, in Congresso Brasileiro
de Automatica (CBA), vol. 3, no. 1, 2022, DOI: 10.20906/CBA2022/3265.
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