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1 Introduction

Autonomous vehicles (AVs) represent a transformative potential, promising safer and more
comfortable transportation by mitigating human error and fatigue, and responding faster
than human drivers in critical situations [1, 2].

Advancements in artificial intelligence (AI) and machine learning (ML) have accelerated
developments in autonomous driving, enabling complex decision-making, scene understand-
ing, and real-time adaptation [3, 4]. While traditional control methods, such as Propor-
tional-Integral-Derivative (PID) and Linear Quadratic Regulator (LQR), remain effective
in structured scenarios, they struggle with the diversity and unpredictability encountered
in real-world driving [5, 6, 7]. Autonomous vehicle systems must perform accurately and
robustly across numerous varying conditions, a challenge difficult to address solely through
classical, rule-based algorithms [8, 9]. As such, learning-based methods have emerged as
promising solutions, capable of generalizing and adapting to unforeseen situations without
explicit rules [10].

This dissertation focuses on advancing autonomous vehicle motion control through rein-
forcement learning (RL) methodologies. Given the complexity and variability of real-world
driving scenarios, traditional control strategies often fall short in adaptability and general-
ization. The dissertation addresses key challenges, including environment representation,
reward design, handling imbalanced and conflicting objectives, adaptability across dynamic
systems, and effective transferability of learned behaviors. It explores novel methodologies
to enhance adaptability and generalization, particularly emphasizing reward design and
the dynamic adaptability of learned behaviors.

Moreover, the work explores the broader implications of RL methodologies beyond
autonomous driving, demonstrating their versatility and efficacy in related domains such
as adaptive traffic signal control. By examining various learning methodologies, including
Successor Features [11, 12], reward decomposition, and curriculum-based approaches [13],
this work aims to provide insights and practical tools for future practitioners in the domain
of intelligent transportation systems.

2 Problem definition

Autonomous vehicle control represents a significant technical and conceptual challenge in
modern transportation systems, requiring novel solutions capable of handling real-world
complexity and variability. The core issue this dissertation addresses is the development of
robust, adaptable, and generalizable decision-making frameworks for autonomous vehicles,
specifically utilizing reinforcement learning techniques [14, 7]. Traditional control methods,
although reliable within fixed and predictable environments, typically lack the flexibility
needed for complex scenarios encountered in autonomous driving, such as sudden lane
changes, unpredictable pedestrian behavior, and dynamic traffic conditions [6, 7].
Thus, the primary problems investigated by this research include:



e Identifying and evaluating suitable RL algorithms tailored to diverse autonomous
driving functionalities, ensuring they can handle varying complexity and unpre-
dictable scenarios effectively.[15]

o Exploring and refining methodologies that improve RL agents’ adaptability and gen-
eralization to unseen environments and scenarios, addressing a fundamental limita-
tion of classical control solutions[13, 11, 16].

o Investigating critical aspects of reward design in RL, which significantly influence
the quality and efficiency of training processes, and proposing practical solutions for
addressing challenges such as reward imbalance, conflicting objectives, and degenerate
behaviors [13, 11].

e Demonstrating how RL approaches, particularly those utilizing reward decomposi-
tion and curriculum learning, can dynamically adapt agent behaviors to changing
preferences and operational requirements without retraining, enhancing the practical
viability and flexibility of learned models [16, 13].

e Developing techniques to ensure robust control policies capable of managing sys-
tem uncertainties and variations, thereby facilitating effective adaptation of behavior
in control scenarios, despite differences between simulation environments and robot
dynamic parameters [17].

This research’s significance stems from its potential to contribute new insights and
robust methodologies for integrating reinforcement learning into autonomous vehicle sys-
tems. By addressing these core problems, this work seeks to not only overcome existing
limitations but also pave the way for further advancements in intelligent transportation,
ultimately enhancing vehicle safety, efficiency, and adaptability.

3 Contributions of the Thesis

Thesis 1.

1 investigated whether applying image-based state representations for reinforcement learning
agents helps scene understanding and yields higher rewards and success rates for highway
traffic scenarios. I designed two agents: one with a minimal state space representation
and a simple neural network structure. The second agent was designed with temporal and
spatial capabilities using CNN and LSTM network components for enhanced scenario un-
derstanding. I tested my agents on a self-tailored test environment for a highway driving
scenario using the Simulation of Urban Mobility software. I compared how agents’ state
space design and reward functions influence the performance. While the image-based rep-
resentation is more memory-intensive, when combined with spatial and temporal processing



(LSTM), it effectively models traffic situations and yields better performance compared to
the structural state space representation. As a result, I presented an efficiently functioning,
learning-capable agent that uses temporal and spatial state representations and performs
well in highway traffic scenarios.

Publications Related to the Thesis: [18, 19, 15]

Thesis 11.

I hypothesized that implementing a successor features-based algorithm for reward decompo-
sitton can help policy learning and induce customizable behavior without retraining in au-
tonomous vehicle highway control. I developed a reinforcement learning algorithm (DFRL)
for the efficient behavior of autonomous vehicles on highways, utilizing the Successor Fea-
tures method, which interprets multi-objective optimization tasks by decomposing them into
elementary reward functions. The trained agent can adapt to changes in preferences in
a parameterized manner without the need for retraining. Also, it is capable of a smooth
and safe highway commute, with the ability to change preferences rapidly. I tested my
method in an environment where an autonomous vehicle is operating in highway traffic.
Ezxperiments underline that the objectives of the agent could be altered, and it was capable
of maintaining similar performance and episode completion rates in the new tasks without
any retraining. I demonstrated the trained agent’s various behavioral modes by modifying
the reward components, emphasizing the system’s flexibility. I proved my hypothesis and
presented an agent that is capable of efficient and safe highway commutes while it adapts
its behavior based on changing preferences.

Publications Related to the Thesis: [11, 12]

Thesis I11.

I designed and trained a neural agent for traffic signal control at intersections. The agent
is parameterizable based on multiple criteria, and it realizes efficient control by adjusting
the duration of predefined phases of the intersection traffic lights based on the current pref-
erence setting. I applied the Successor Features method to the traffic signal control domain.
I showed how the rewards and objective function can be defined, enabling adjustments to
optimize the objective function based on changing preferences. I suggested a decomposition
of the traffic signal control objective function into elementary reward functions, which en-
ables the usage of the DFRL algorithm in this domain. I demonstrated the power of the
algorithm through an example that considers aspects such as emissions, fuel consumption,
delays, traffic queues, and the prioritization of certain vehicles. I tested my solution in
a four-way traffic intersection, where the agent has to control the traffic lights to achieve



efficient traffic flow, minimal CO2 emissions, and minimal time loss for the participants.
I highlighted how adaptive behavior can be beneficial in the case of changing preferences for
intersection control without retraining or fine-tuning. I evaluated the agent using a prior-
itized vehicle that needed to exit the intersection as soon as possible. I presented that my
algorithm outperforms both the classic and smart controllers in terms of all the monitored
metrics, and I proved that using successor feature-based reward decomposition is beneficial
in the Traffic Signal Control domain.

Publications Related to the Thesis: [16]

Thesis IV.

I developed a new reinforcement learning algorithm training method combining Successor
Features and Curriculum Learning called PrefVeC. The method is applicable in the case of
imbalanced reward functions and contradicting goals. I developed the ability to adaptively
and automatically weight reward function components of varying magnitudes during the
learning process. This method enables the gradual prioritization of critical rewards, ensur-
ing their influence is reflected in the agent’s behavior. I proposed 2 types of the PrefVeC
algorithm to ensure adaptivity and minimize domain knowledge necessity in case of applying
my method. I tested my work in 8 different environments, where the safety awareness and
acting capabilities were measured. I compared the proposed training approach with state-
of-the-art algorithms. I concluded that my solution improves convergence for the learning
agent, even with reward functions characterized by components of different orders of mag-
nitude. The PrefVeC agents are superior because they avoid trivial solutions (not doing
anything) and learn meaningful policies. I conducted ablation studies on the components of
my proposed training method and discussed their contribution to the overall performance
of the algorithm.

Publications Related to the Thesis: [13]

Thesis V.

I hypothesized that disentangling the physical parameters of the controlled system from
the task can improve the adaptivity of RL agents. I developed a technique for manag-
ing dynamic parameter uncertainties in the case of varying scenarios by creating adaptive
policies. The designed adaptive structure is capable of controlling systems with dynamic
uncertainties using discrete control signals. It utilizes a neural encoder trained on his-
torical state tramsition data to represent the dynamics of the current controlled system in
a latent space. The additional information extracted from the historical transitions con-
tributes to the agent’s performance. I proved the performance gains in the environment of a



differential-driven robot with a discrete action space, where I trained an agent that realizes
smooth control by estimating the dynamic parameters of the robot. The environment can
be randomized to propose challenging scenarios for the trained agent. The created agent
can adapt using latent representations derived from historical transition data, thereby im-
proving control quality in real-time applications. Using historical data during training, I
encompass meaningful information that can aid the uncertainties raised by the new robot
configurations. Thanks to my training methodology, the agent can solve tasks and con-
trol robots with different dynamics. I compared the agent to conventional methods, and I
showed that both the control quality and final performance were better or on par with them.
However, my solution is out of the box and is applicable to new robot setups without the
need for retraining or extra fine-tuning.

Publications Related to the Thesis: [17]

4 Future Research

Although this dissertation has laid a comprehensive foundation for using reinforcement
learning in autonomous vehicle systems, numerous opportunities for future research remain
open. Building upon the insights and methodologies developed herein, several promising
research directions can further enhance RL applications in safety-critical domains such as
autonomous vehicles and intelligent traffic management.

Extended Application of Reward Decomposition Techniques This work success-
fully explored reward decomposition, primarily through linear compositions via successor
features. Future research should investigate advanced techniques, such as non-linear reward
decompositions or hierarchical successor features, to address more intricate and realistically
complex decision-making scenarios.

Multi-Agent Coordination and Communication The focus of the dissertation was
primarily on single-agent RL approaches. Extending the current work to multi-agent rein-
forcement learning (MARL) scenarios presents significant opportunities, especially in traffic
control or fleet-based autonomous vehicle applications. Future work should explore coor-
dinated multi-agent decision-making, cooperative perception systems, and the exchange of
information between autonomous entities and infrastructure.

Real-World Deployment and Sim-to-Real Transfer While the proposed adapta-
tion mechanisms addressed some challenges related to Sim-to-Real transfer, substantial
work remains in bridging simulation-trained RL agents and real-world deployment. Future
research could focus on robustifying transfer methods, utilizing domain randomization,



adaptive meta-learning, or hybrid approaches combining model-based methods and RL to
reduce the performance gap between simulated and physical environments.

Integration of Safe Reinforcement Learning Safety-critical environments such as
autonomous driving inherently require robust mechanisms to ensure fail-safe operations.
Future research should explicitly focus on integrating SafeRL principles with existing suc-
cessor feature-based methods, curriculum learning, and dynamic reward adjustment strate-
gies presented in this work. Creating risk-aware policy optimization techniques, constraint-
based RL frameworks, and formal verification methods could be interesting follow-up top-
ics.

Scalable and Adaptive Curriculum Learning The curriculum learning methods in-
troduced in this thesis were shown to address imbalanced rewards and conflicting objectives
effectively. Expanding these concepts to more sophisticated curricula generation strategies
presents a promising research direction.

In summary, the pathways outlined here aim to broaden and deepen the practical
applications of reinforcement learning within autonomous systems. By pursuing these
future research directions, the methods and insights developed in this dissertation can
further shape autonomous vehicle technology, traffic management, and beyond, ultimately
contributing toward safer, more adaptable, and more intelligent transportation systems.
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