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Abstract

We focuses on the application of multi-agent reinforcement learning (MARL)
to address the complex task of on-ramp merging for autonomous vehicles (AVs).
The main objective is to develop a collaborative policy that enables AVs on both
the ramp and highway to effectively merge while avoiding collisions and mini-
mizing traffic trip time delay. A centralized MARL framework is implemented,
utilizing a single-agent reinforcement learning (RL) framework as the foundation.
The framework is designed to handle dynamic traffic scenarios and employs cen-
tralized training techniques and global rewards to foster inter-agent cooperation.
The reward function is carefully designed to encourage safe merging, maintain
desired speeds, and discourage illegal or unsafe actions for vehicles on both the
ramp and the highway. To support experimentation, an open-sourced gym-like
simulation environment is created, operating on the SUMO simulator and capa-
ble of synchronizing with the CARLA simulator. The environment enables the
simulation of various random spawn positions for vehicles and facilitates multi-
agent simulations. Through comprehensive experiments and evaluations, we have
demonstrated the advantages of our MARL framework by comparing it with in-

dependent learning methods.

Keywords: Autonomous Vehicles, Multi-agent Reinforcement Learning, Highway on-Ramp Merging.
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Chapter 1

Introduction

Autonomous driving has gained significant attention in recent years, becoming a focal point of academic
research and industry applications. Autonomous driving has very convenient benefits over Human Driven
Vehicles (HDVs) in terms of safety, efficiency, and traffic optimization, besides the passengers’ comfort and fuel
consumption. Considerable progress has been made in the development and deployment of semi-autonomous
vehicles, particularly at levels 2 and 3 (Section 2.4). However, ensuring safety and improving traffic efficiency are
crucial considerations for the further advancement of autonomous vehicle (AV) systems toward fully autonomous
vehicles. Consequently, ongoing research efforts are dedicated to enhancing the decision-making capabilities of
AVs, with the aim of promoting safer operations and optimizing traffic flow.

One critical scenario that requires careful attention to both safety and traffic efficiency is the on-ramp
merging situation. In this scenario, our objective is to minimize trip time delays for vehicles in the highway
lane caused by merging vehicles, while enabling the safe merging of vehicles from the ramp without causing

collisions.

Figure 1.1: Illustration of the considered on-ramp merging traffic scenario. J represents the merging junction

Figure 1.1 illustrates the on-ramp merging scenario, where AVs coexist on both the merge lane and the
highway lane. On-ramp vehicles need to merge efficiently onto the highway lane without collisions. In an ideal
cooperative, vehicles on the highway lane should proactively adjust their speed to create sufficient space for
on-ramp vehicles to merge safely. Simultaneously, on-ramp vehicles should adjust their speed and merge when

safe.
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Related Work

Various methods have been proposed to address the merging problem, including rule-based and
optimization-based approaches[40]. While these methods work well in simple traffic scenarios, they become
impractical when dealing with more complex merging situations. In contrast, data-driven approaches such as
reinforcement learning (RL) have gained attention and have been explored for autonomous vehicle (AV) high-
way merging. Some studies have focused on motion planning to enhance efficiency and passenger comfort [1],
while others have designed multi-objective reward functions to prioritize safety and minimize jerk using RL
techniques like Deep Deterministic Policy Gradient (DDPG) and RL integrated with Model Predictive Control
(MPC) [2]. However, these approaches have primarily focused on a single AV, treating other vehicles as part of
the environment.

In the context of multi-agent systems, that consider concepts such as cooperation[37] or competition[38].
Dong Chen and colleagues have made significant advancements in the application of multi-agent reinforcement
learning (MARL) techniques [3], [5]. Their work applies the MARL framework to the merging problem in
a mixed-traffic scenario, where AVs interact with human-driven vehicles (HDVs). They prioritize achieving
scalability and employ an action masking scheme to improve learning efficiency by filtering out invalid or unsafe
actions [3]. Additionally, they propose a multi-agent advantage actor-critic (MA2C) approach with a novel local
reward and parameter sharing scheme [5]. They design a multi-objective reward function that incorporates
fuel efficiency, driving comfort, and safety for highway lane changing in mixed traffic. Another related work
by Jiawei Wang et al. [36] introduces a graph convolutional reinforcement learning method for connected and
automated vehicles (CAVs) in mixed-traffic scenarios to encourage cooperation.

Despite the advancements in MARL, challenges persist in handling the non-stationary nature of the
environment, addressing scalability issues, and resolving credit assignment problems. These challenges continue

to be areas of active research and improvement[41].

Contribution

In this thesis, we contribute by formulating the on-ramp merging problem as a cooperative multi-agent
reinforcement learning (MARL) problem for fully autonomous vehicles. We have developed an environment
capable of handling interactions between multiple agents and considering both system-level and individual
performance. Additionally, we use the SUMO simulator as a training environment for the on-ramp merging
scenario to facilitate our research !. By leveraging MARL, we aim to develop a collaborative policy that enables
effective and optimized merging, while avoiding collisions and minimizing traffic trip time delays. Our main

contributions are:

1. The design of the reward function. We include both the multi-objective rewards and global rewards that

consider system-level objectives mainly safety and traffic trip delays.

2. Creating and running the on-ramp merging environment using the TraCI interface to run with the SUMO

simulator. In addition, the ability to synchronize with the CARLA simulator.

3. Generalization and scalability abilities. Conducting extensive experiments in different levels of densities

Thesis Structure

e Chapter 2 delves into the realm of autonomous driving vehicles, exploring their historical development

and reviewing relevant approaches.
e Chapter 3 serves as an introduction to machine learning and reinforcement learning.

e Chapter 4 outlines our specific approach, which involves applying the Multi-Agent Reinforcement Learning
(MARL) framework in an on-ramp environment. This chapter also covers the problem formulation and

the reinforcement learning algorithms utilized.

Lhttps://github.com/mahmoudtaouti/RL_Highway_Merge
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e In Chapter 5, we present the findings of our experiments, analyzing the performance of various autonomous

vehicle (AV) policies and examining their impact on safety and traffic flow.

e Finally, Chapter 5 concludes the thesis by summarizing the key discoveries, emphasizing the contributions

made, and proposing potential future research.
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Chapter 2

Autonomous Driving

2.1 Introduction

Firstly let’s see the difference between autonomous and automated systems, basically, autonomous sys-
tems are designed to operate in uncertain and dynamic environments, where they must make decisions and
take actions based on their perception of the world. Automated systems, on the other hand, operate in well-
defined and controlled environments where the tasks and actions they need to perform are pre-defined and
predictable[36]. Nevertheless, autonomous driving vehicles (AVs), also known as self-driving cars are vehicles
that can operate independently without human input or even monitoring, accurately perceive their environment
using a range of sensors, identify objects, and make decisions by using machine learning algorithms, plan the
route by using localization techniques and share the information and coordinate the movements using commu-
nication systems are the main parts of the autonomous driving cars. The idea of Autonomous driving is one
of the most interesting inventions for humanity in the past 20 years, technologies including complex computer
systems and precise cameras and sensors have evolved very fast in these years and there is a significant amount
of research and development that has led to huge investment from automakers like Mercedes-Benz and Tesla as
well as technologies companies like NVIDIA and Google, etc. In this chapter, we will tackle the key concepts
behind autonomous driving, like levels of autonomy, sensors, machine learning, and communication. we will

also mention in a nutshell different existing approaches.

2.2 The potential benefits of autonomous driving

One obvious benefit of self-driving cars is the ability to use the time spent driving for other activities
instead of focusing on the road. Autonomous driving allows the car to handle tasks that would normally

require the driver’s attention, such as staying in the correct lane, avoiding obstacles, and controlling acceleration.

However, fully autonomous driving cars could also provide significant improvements to traffic safety.
According to the World Health Organization (WHO), over 1.2 million people die on the world’s roads every
year, with up to 50 million individuals injured[4]. Human errors, such as speeding, driving under the influence

of drugs or alcohol, or being distracted, are often the leading causes of these accidents.
In addition, autonomous driving technology has the potential to enhance mobility for individuals with
physical disabilities. For example, it could allow people with mobility impairments to travel independently to

work, school, or social events without relying on others for transportation.

Furthermore, the technology could also lead to improvements in environmental sustainability in several

ways, such as reducing fuel consumption and emissions by making better decisions about acceleration and
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braking, reducing traffic congestion, and optimizing route planning, which can further contribute to reducing

emissions.

Autonomous driving technology has the potential to revolutionize car sharing and pooling by making it
easier. Car sharing is a service that enables individuals to rent a car for a short period, on the other hand,
carpooling is when multiple people travel together in the same vehicle. This can lead to fewer cars on the road,

reduced traffic congestion, and lower emissions.

2.3 Brief history

The idea of autonomous cars dates back to the 1920s when there was an attempt to make a driverless
car that could be remotely controlled by another car. In 1962, General Motors (GM) introduced the concept of
magnetic cables built into the road to control a car’s movements through car-to-infrastructure communication
with their Firebird III. However, the early milestone in the development of autonomous cars was in 1984 when
Carnegie Mellon University’s Robotics Institute launched a project called Navlab. The aim was to develop
an autonomous vehicle capable of driving on public roads. The Navlab team started by modifying a normal
car and adding sensors such as cameras and radar, as well as a system that could process sensor data and
make control decisions. Over the years, the Navlab team developed advanced software for road recognition,
obstacle detection, and path planning, resulting in significant improvements. In 1995, Navlab 5 became the

first autonomous vehicle to drive 2,849 miles with an autonomy of 98% across the United States.

In the early 2000s, the development of autonomous progressed significantly, with the improvements
in sensor quality and, the development of a satellite-based Global Positioning System (GPS) which enabled
to determination of the vehicle’s position within a range of meters. Computing hardware continued to
increase in power and shrink in size. In 2004 the Defense Advanced Research Projects Agency (DARPA)
launched the first competition Grand Challenge series of self-driving cars, the goal of the competition
was to drive 150 mile route autonomously through the Mojave Desert, None of the teams were able to
complete the course, but in the subsequent challenges, several teams were able to successfully complete the
courses. The DARPA Grand Challenges played a significant role in advancing autonomous driving technol-

ogy and spurred the development of many companies in the field, including Waymo and Tesla, among others|[33].

Google began working on autonomous driving in 2009 and developed a prototype that was later named
Waymo. The company also invested heavily in research and development, with reports indicating that it had
invested more than $1 billion in self-driving technology by 2015. Another milestone in the development of
autonomous is the development of representation learning and deep learning led to more accurate and reliable
systems for perception, decision-making, and control. For example, deep neural networks can be trained to
accurately identify objects in the environment, such as other vehicles, pedestrians, and traffic signs, using data
from cameras and other sensors. These advancements in addition to creating new benchmarks provide a common
ground for researchers and developers to identify weaknesses and improvements. Ultimately leading to better

and more advanced autonomous driving technology.

2.4 Levels of autonomy

In 2014, the Society of Automotive Engineers (SAE) International published a report titled "Taxonomy
and Definitions for Terms Related to Driving Automation Systems for On-Road Motor Vehicles," which es-
tablished a standardized framework for categorizing the levels of driving automation. The report defined five

levels of autonomy ranging from Level 0 (no automation) to Level 5 (full automation). This framework has
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Figure 2.1: The five levels of autonomy published by the Society of Automotive Engineers (SAE)[4]

been widely adopted in the industry to describe the different stages of autonomous vehicle development. Figure
2.1 shows how the driving tasks run short as the systems take in place the tasks without the need for human
intervention, level 1 to level 3 are likely to assist the driver in specific cases, for example, Tesla cars now have
autopilot considered as level 2, it can steer, accelerate and brake automatically within its lane. Waymo and
Cruise, now operate ride-hailing services with vehicles capable of Level 4 autonomy in the US, which means the
cars can operate without a driver behind the wheel under certain conditions, such as within a designated service
area. We can say that the current industry is working towards achieving full automation in a step-by-step
approach, commonly referred to as a bottom-up approach. This involves developing and improving the different
components and technologies required for autonomous driving, such as sensors, machine learning algorithms,
and communication systems and gradually integrating them into more advanced autonomous systems. However,
it is important to note that there are still many challenges to overcome before achieving full automation, such

as safety and regulatory concerns, technical limitations, and ethical considerations.

2.5 Main parts of autonomous vehicles

In order to make the vehicle operate safely and efficiently in a complex and dynamic environment there

are three important capabilities: perception, localization, and prediction.

1. Perception: Perception involves the ability of the vehicle to detect and interpret objects and events in
the environment, including other vehicles, pedestrians, road signs, and traffic lights. Figure 2.2 shows Two

examples of sensor configurations, from nuScenes, Waymo Team.

The key sensor technologies used in autonomous driving include:

e Digital camera: Cameras capture the environment optically, but may not detect everything because

of environmental conditions such as darkness, fog, or backlight.

e Laser scanner/ LIDAR: The distance and speed of objects can be measured by using many laser
beams. This allows for the creation of an accurate 3D picture of the environment. The downside of

this sensor is that it’s very expensive.

e Radar and ultrasound sensors: Additional directional and distance measurement technologies com-
plement the range of perception of other sensors and provide redundancy so that nothing is over-
looked.

15
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Figure 2.2: Two examples of sensor configurations[35]

In addition to these sensors, HD maps function as a fourth sensor. The data from the first three technolo-
gies is compared with the HD maps, providing the car with all pre-recorded details about the environment,
including information outside the vehicle’s sensor range. Sensor data from other vehicles (Vehicle-to-
Vehicle Communication, V2V) can also be used, for example, to supplement a regional digital map (e.g.

traffic congestion information from other vehicles).

. Localization: Enable the vehicle to determine its position relative to the environment, which is important

for Precise Navigation to its desired destination in a safe and effective manner.

o GPS: provides location and time information anywhere on or near the Earth’s surface. GPS guaran-
tees the accuracy of positioning with deviations below eight meters, but it can be affected by factors
such as tall buildings, tunnels, and natural obstacles like mountains or trees, which can block the

signals from the GPS satellites.

e Inertial measurement units (IMUs): measures the vehicle’s linear and angular accelerations and
rotational rates in three-dimensional space. It can provide information on the vehicle’s orientation,
velocity, and position, based on the integration of the acceleration and rotation data over time.
IMU is commonly used in combination with GPS to provide more accurate and reliable localization

information, especially in areas where GPS signals are weak or obstructed.

However, more precise technologies such as visual SLAM (Simultaneous Localization and Mapping) or
visual odometry can be used in conjunction with GPS. Basically, SLAM is a technique used to build
a map of the surrounding environment while simultaneously localizing the vehicle within that map, by
combining data from RADAR and LiDAR sensors. On the other hand visual odometry, uses a camera
feed to determine how the vehicle is moving through the space. Visual odometry allows for enhanced

navigational accuracy in vehicles.

. Prediction: Once the vehicle has perceived its environment and accurately localized itself, it must
then make predictions about what might happen in the near future, based on its understanding of the
environment. For example, the vehicle may predict that a pedestrian will cross the street or that a vehicle
ahead will make a turn. These predictions are used to inform the vehicle’s decision-making process,

allowing it to react appropriately to potential hazards and avoid accidents.

Prediction involves using machine learning algorithms and other techniques to anticipate the actions and
behavior of other objects in the surrounding environment. The vehicle system processes the data collected

from sensors using machine learning algorithms to extract patterns and make accurate predictions.
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Techniques including Bayesian filters, Kalman filters, and deep learning, such as convolutional neural
networks (CNNs), are also used, allowing the system to make more accurate predictions about the

behavior of other vehicles and objects.

In addition, these techniques both Reinforcement learning (RL) and Imitation learning (IL) can improve
prediction capabilities by allowing one to learn from data and make decisions based on predicted output.
These approaches can also be combined with other prediction methods such as probabilistic models or
rule-based systems to further improve the accuracy and robustness of autonomous driving systems.

The predictions made by the autonomous vehicle system are then used to inform the decision-making
process. For example, if the system predicts that a pedestrian is about to cross the road, the vehicle may

slow down or stop to avoid a collision.

2.6 Approaches in Autonomous Vehicles

Modular Pipeline Approach

The modular pipeline approach is a traditional method in autonomous vehicles. It involves breaking down
the autonomous driving task into separate modules, each responsible for a specific function such as perception,
planning, and control.

In this approach, perception modules analyze sensor data to extract relevant information about the sur-
rounding environment, including lane detection, object detection, and traffic sign recognition. The planning
module processes this information and generates a driving plan, determining the vehicle’s trajectory and ma-
neuvers such as lane changes and turns. Finally, the control module translates the driving plan into low-level

commands to control the vehicle’s actuators (e.g., steering, acceleration, braking)[28].

End-to-End Learning Approach

End-to-End Learning is an alternative approach to the Modular Pipeline in autonomous driving. It
focuses on solving the mapping from sensory input data to driving commands using a neural network in a single
step. This approach involves training the neural network model using two prominent algorithms: Reinforcement
Learning and Imitation Learning. The advantages of End-to-End Learning include the direct optimization of the
model for driving and the cost-effectiveness of data annotations. Data collection can be automated by attaching
a camera and sensors to the vehicles in addition to localization and steering in formations. The neural network

is trained using algorithms such as imitation learning and reinforcement learning[29].

Direct Perception

Direct Perception represents a hybrid approach that combines elements of Modular Pipelines and End-
to-End Learning in autonomous driving. It involves the use of a neural network to create an intermediate
representation, such as semantic segmentation, from raw sensor data. This intermediate representation is then
processed by a second neural network or classical vehicle controller to generate the vehicle’s control signals[30].
The advantages of the Direct Perception approach include the potential for a compact and interpretable repre-

sentation.

2.7 Connected Vehicles

Connected vehicles are equipped with technologies that allow them to communicate with other vehicles
and infrastructure, such as traffic lights and road signs. This communication can provide a more comprehensive
perception of the surrounding environment beyond the range of sensors, allowing the vehicle to perceive things

that are further away. Connected vehicles use a combination of communication and coordination techniques to
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enable vehicles and infrastructure to work together and achieve their individual and collective goals. Techniques
such as Dedicated Short Range Communications (DSRC)[26] and Cellular Vehicle-to-Everything (C-V2X)[25]
enable communication between vehicles and infrastructure using wireless communication technologies. In
addition to communication, agents require coordination, which is achieved through the use of algorithms.
Intersection Collision Avoidance (ICA)[27] and Cooperative Adaptive Cruise Control (CACC)[24] are examples
of algorithms used for coordination. ICA uses V2X communication to detect potential collisions at intersections,

while CACC allows vehicles to communicate with each other to maintain a safe distance and speed on the road.

Connected vehicles can be considered as a multi-agent system which we will tackle in the incoming
chapters, where each vehicle is an agent that interacts with other agents (i.e., other vehicles, infrastructure,
and pedestrians) to achieve common or individual goals, such as improving traffic flow, increasing safety, or

reducing emissions.

Connectivity can play an important role in road safety and traffic management by bringing benefits
related to congestion. However, connectivity also poses challenges in relation to technology compatibility, data
security, and privacy. To ensure that connected vehicles are safe and secure, it is essential to address these

challenges.

Types of communication

e Vehicle-to-Vehicle (V2V) Communication: This type of communication allows vehicles to communicate
with each other directly, exchanging information such as speed, position, and direction of travel. This can

help improve safety by allowing vehicles to avoid collisions and respond to potential hazards more quickly.

e Vehicle-to-Infrastructure (V2I) Communication: This type of communication allows vehicles to communi-
cate with roadside infrastructure, such as traffic lights, signs, and cameras. This can provide drivers with
real-time traffic and road condition information, as well as enable traffic management systems to optimize
traffic flow.

e Vehicle-to-Pedestrian (V2P) Communication: This type of communication allows vehicles to detect and
communicate with pedestrians, providing them with warnings or alerts when a vehicle is approaching.

This can help improve pedestrian safety and reduce accidents.

e Vehicle-to-Network (V2N) Communication: This type of communication allows vehicles to communicate
with a central network, providing real-time traffic and road condition information, as well as enabling
remote vehicle monitoring and management. This can help improve traffic flow and reduce congestion, as

well as enable remote vehicle diagnostics and maintenance.

2.8 Connected Autonomous Vehicles (CAVs)

Combine connectivity with automation, and they have the potential to revolutionize the way we travel|[31].
However, one of the most challenging problems is latency, which is the delay in transmitting and receiving data
between vehicles and infrastructure. Latency can be a significant issue as it affects the timeliness of decision-
making and action-taking, which can impact safety. The large amounts of data can be handled better with a
high mobile standard. The currently much-discussed 5G mobile standard seems particularly suitable here given
its low latency and high data transmission rates. Therefore AVs can be connected, which can help us, improve

the perception so it can be more accurate, and they can have cooperative tasks to improve traffic flow.
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2.9 Conclusion

Autonomous driving has the potential to transform transportation by enabling vehicles to operate in-
dependently without human intervention. Key capabilities for autonomous vehicles include perception, local-
ization, and prediction, which heavily rely on sensor technologies. Various approaches, such as the modular
pipeline approach, end-to-end learning, and direct perception, are being utilized in the development of au-
tonomous vehicles. Communication technologies enable connected vehicles to interact with each other and
infrastructure, improving perception and coordination. However, there are still challenges to address before
achieving Level 5 automation. In the next chapter, we will provide an overview of machine learning, a vital
component of autonomous driving systems, particularly in our application where we aim to use Reinforcement

Learning following the End-to-End approach.
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Chapter 3

Machine Learning: An Overview

3.1 Introduction

AT refers to any software or process designed to simulate human intelligence. As a subset of AI, Machine
learning (ML) has become more and more important in many modern technologies, including image recognition,
autonomous vehicles, and virtual assistants like Apple’s Siri[36]. ML focuses on creating algorithms and models
that can learn patterns from a large volume of data, without being explicitly programmed, allowing machines
to improve over time, becoming increasingly accurate when making predictions or classifications. ML works
in three basic parts, starting with using a combination of data and algorithms to predict patterns and classify
data sets, an error function that helps evaluate the accuracy, and then an optimization process to fit the data

points into the model best|[8].

1. A Decision Process: From labeled /unlabeled data, ML algorithms make the prediction or classification to

produce an estimation about the pattern in data.
2. An Error Function: An error function is used to evaluate the estimation accuracy of the model.

3. A Model Optimization Process: Based on the error function evaluation, update the weights to reduce
the variation between the target model and the model estimate. Then we repeat the evaluation and

optimization process until a threshold of accuracy has been met.

Nevertheless, Deep learning models are a nascent subset of machine learning paradigms. Deep learning
uses a group of connected layers which together are capable of quickly and efficiently learning complex prediction
models. In fact, Deep Learning is a subset of artificial neural networks (ANNs), hence Deep learning differs
from other neural networks because it uses more than one hidden layer between the input and the output, and
also it requires massive amounts of raw data. In general, there are three main categories of machine learning;:

supervised learning, unsupervised learning, and reinforcement learning.

3.1.1 Supervised learning

Supervised learning is a type of machine learning in which the algorithm is trained on labeled data.
The goal is to learn a function that can map inputs to outputs based on the labeled examples provided by
an external supervisor. Classification, regression, and imitation are common supervised learning tasks. In
classification similar data sets are classified in one set based on their characteristics, using techniques like
Decision trees, Native Bayes, and support vector machines. Whereas regression is a technique for investigating
the relationship between independent variables or features and a dependent variable or outcome. And last the
imitation learning approach that is commonly used in autonomous vehicles and robotics. It is based on learning
from expert demonstrations, where the agent observes the expert’s behavior and learns to imitate it by mapping
inputs to actions. This approach enables the agent to learn from the expert’s knowledge and experience and

can be used for tasks such as lane following, obstacle avoidance, and traffic signal recognition.
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3.1.2 Unsupervised learning

While supervised learning uses labeled data provided by users, unsupervised learning doesn’t use the
same labeled training sets and data, hence the goal is to identify patterns in the data without any pre-existing
knowledge, which is typically about finding structure hidden in collections of unlabeled data. Common al-
gorithms used in unsupervised learning include Hidden Markov models, k-means, hierarchical clustering, and
Gaussian mixture models. These methods allow the discovery of similarities and differences in information
making it ideal for exploratory data analysis, cross-selling strategies, customer segmentation, and image and

pattern recognition.

3.1.3 Reinforcement learning

Reinforcement learning (RL) is a type of machine learning in which an agent learns to interact with an
environment by taking actions that maximize a cumulative reward signal. The goal of RL is to train an agent
to make decisions that lead to the achievement of a particular goal by selecting the best possible actions. The
agent learns by receiving feedback from the environment in the form of positive or negative rewards [9]. This
type of training helps us a lot when it comes to talking about autonomous driving, as we know autonomous
vehicles live in uncertain environments, where they must make decisions and actions based on their perception
of the world, such as deciding when to brake or accelerate based on the current speed and distance to other
vehicles. RL allows the agent to learn from its own experiences through trial and error, thus this can help us
a lot when we talk about the scalability of the world and thousands of scenarios that cannot be learned from

expert data.

3.2 Artificial Neural Networks

Artificial Neural networks are a powerful class of machine learning algorithms. They are composed of
multiple layers of interconnected nodes, which are capable of learning complex relationships between the input
and output variables. The most common neural network architecture used for regression problems is the feed-
forward neural network. Artificial neural networks (ANNSs) are comprised of node layers, containing an input
layer, one or more hidden layers, and an output layer. Each node, or artificial neuron, connects to another and
has an associated weight and threshold. If the output of any individual node is above the specified threshold
value, that node is activated, sending data to the next layer of the network. Otherwise, no data is passed along
to the next layer of the network by that node.

A single neuron might represented as in Figure 3.1. The idea is that "a single neuron is just the sum of all of

Input Layer Hidden Layer Output Layer

Figure 3.1: General layout of an artificial neural network single neuron [18]

the inputs x weights, fed through some sort of activation function". The activation function is meant to simulate
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a neuron firing or not. A simple example would be a stepper function, where, at some point, the threshold is
crossed, and the neuron fires a 1, else a 0. Let’s say that neuron is in the first hidden layer, and it’s going to
communicate with the next hidden layer. So it is going to send its 0 or a 1 signal, multiplied by the weights, to

the next neuron, and this is the process for all neurons and all layers.

e Let X be the input data layer of the neuron with n input features. Each input feature is multiplied by a

weight w;, resulting in n weighted inputs, i.e.,

weighted _input = Z(X, xw;),t = (l.n) (3.1)

e The weighted inputs are then aggregated to produce the neuron’s total input u, given by:

u = Z(XZ xw;) + b, b is the bias term. (3.2)

e The total input is then passed through an activation function f(u), which introduces non-linearity into

the neuron’s output. For example, sigmoid activation functions are given by:

f(u) = 1/(1 + exp(—u)) (3.3)

e The output of the function f(u) will always be a value between 0 and 1, which can be interpreted as a
probability or confidence score for a given input value. There are more Common activation functions
including the Rectified Linear Unit (ReLU) function, which is half rectified (from the bottom), all the

negative values become zero immediately, so it takes maz(0,u).

e Then, the output y of the neuron is compared to the expected output using an error function or loss
function. The error function quantifies the difference between the neuron’s output and the expected
output and is used to adjust the weights and bias of the neuron during the training process. For example,
Mean Squared Error (MSE) is defined as :

MSE — Zi]\;o (yi — y;)Q (3.4)
N
where N is the number of samples, y; is the actual value, and ¥/ is the predicted value. The main goal of an
optimizer is to minimize the loss or error function of the network by iteratively updating the parameters
based on the gradients of the loss function with respect to the weights. The optimizer achieves this by
using various optimization algorithms such as RMSprop and Adam to determine how the weights should
be updated.

e This process of calculating the weighted input, aggregating the inputs, applying an activation function,
and computing the output is repeated for each neuron in the neural network, leading to the final output

of the network.

3.3 Deep Learning

3.3.1 Deep neural networks

Basically, Deep neural networks have multiple layers, a typical deep neural network (DNN) has at least
three hidden layers. Moreover, if we have a single hidden layer, the model is going to only learn linear rela-

tionships. Further, if we have many hidden layers, then the model learns non-linear relationships between the
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input and output layers (G. Cybenko, 1989). So, Deep neural networks can have many layers and millions of
parameters. Thus they are well-suited for processing various types of data. For example, deep neural networks
are commonly used for image and speech recognition, natural language processing, and time series forecasting

(appendix A.1), among other applications.

input layer hidden layer 1 hidden layer 2 hidden layer 3
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Figure 3.2: deep network architecture with multiple layers[11]

3.3.2 Dense networks

Dense neural networks (also called fully connected neural networks) consist of multiple layers of inter-
connected nodes. Each node receives input from all nodes in the previous layer and produces an output that is
passed to all nodes in the next layer. Dense neural networks are commonly used for classification and regression
problems, such as image classification, language translation, and speech recognition. In autonomous driving,

dense neural networks can be used for object detection, road segmentation, and obstacle avoidance.

3.3.3 Convolutional networks

Convolutional neural networks (CNNs) are designed to process data with a grid-like topology, such as
images and video. They use convolutional layers to extract features from the input and pooling layers to reduce
the spatial dimensions of the feature maps. CNNs have achieved state-of-the-art performance in image and
video classification, object detection, and segmentation. In autonomous driving, CNNs are used for tasks such

as lane detection, object detection, and pedestrian detection.

3.3.4 Recurrent networks

Recurrent neural networks (RNNs) are designed to process sequential data, such as time-series data and
natural language. They use recurrent connections between nodes to maintain an internal state, which allows
them to remember previous inputs and produce outputs that depend on the context of the sequence. RNNs are
commonly used for language modeling, speech recognition, and machine translation. In autonomous driving,

RNNs can be used for tasks such as trajectory prediction and behavior prediction.

3.4 Data Pre-processing Techniques

Data pre-processing involves transforming raw input data into a suitable format that enhances the per-
formance and effectiveness of the neural network. The principle behind data pre-processing is that a neural
network is only as good as the quality and relevance of the input data used to train it. Some key techniques

used in data pre-processing are:
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1. Data Cleaning: This involves removing or correcting any inconsistencies, or missing values in the dataset.

It prevents potential biases or misleading patterns during training.

2. Data Normalization: Normalization is the process of scaling the features of the dataset to a specific range,
typically between 0 and 1. It prevents features with larger scales from dominating the learning process

and helps the neural network converge faster.

3. Feature Scaling: Similar to normalization, feature scaling brings features to a similar scale to avoid bias

in the learning process. Common scaling techniques include standardization and min-max scaling.

4. Handling Categorical Data: Neural networks typically work with numerical data, so categorical variables
need to be encoded appropriately. This can be done using techniques like one-hot encoding, where each

category is represented as a binary vector.

5. Handling Outliers: Outliers (appendix A.2) can have a significant impact on the training process and
model performance. They can be treated by either removing them or replacing them with more suitable

values.

3.5 Reinforcement learning

As we mentioned in the last section, Reinforcement learning (RL) is a type of machine learning in which
an agent learns to interact with an environment by taking actions that maximize a cumulative reward signal.

RL problem can be illustrated in Figure 3.3 and can be formally defined as a Markov decision process (MDP).

Environment

Reward

Action State

Figure 3.3: reinforcement learning problem

3.6 Markov Decision Process (MDP)

As RL problem is decision-making problems in a stochastic environment It can be defined as MDP. An
MDP consists of a tuple(S, A, R, P,7). Where S is a set of states, A the set of possible actions, R(r¢|s, a;) the
distribution of the current reward given a (state, action) pair, and P(s:4+1]|s:, at) the distribution over the next
state given a (state, action) pair. v is a discount factor that decreases the degree to which future rewards are
taken into account for the present action choice.

The MDP has the Markov property, which means that the future is independent of the past given the

present. This can be expressed as P(sy1|st) = P(St41]81, .., St)-
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Reinforcement learning involves the agent interacting with the environment by selecting action a based
on a policy m which defines the behavior of the learning agent at a given time ¢ and maps states to actions.
At the start of each episode, the agent starts in an initial state sg that is sampled from the distribution P(sg).
Then, the agent selects an action according to the policy 7 and receives a reward r; and the next state s;y1,
both of which are sampled from the distributions R and P, respectively. Note that reward defines what are the
good and bad events for the agent. The agent uses the received reward and the next state to update its policy
and improve its decision-making over time. The process is repeated in the form of episodes until the end of the
rollout of the policy[45].

3.7 Policy

A policy 7 is a function from S to A that provides the next action based on a given state, and the goal is to
find the best policy. In a discrete state and action space this corresponds to a look-up table or a neural network
with some parameters. The general formula for a policy depends on whether it is deterministic or stochastic.
deterministic policies 7(s) = a, with a direct mapping. and stochastic policies 7 (als) = P(a; = a|s; = s),
with a distribution of probabilities over the action for a given state[9]. Even though MDP policies depend on
the current state, past observations may be included, e.g. in the form of a buffer of the ten last images. In
imitation learning, the policy was learned from expert data, which made it a supervised learning problem. In
RL policies are learning through trial and error only, the quantity that is maximized in this case is the expected
future reward. On the basis of interactions with the environment, the agent discovers good actions and can

then improve the policy.

3.8 Exploration and Exploitation

Exploration and exploitation are two fundamental tasks in reinforcement learning. The aim of exploration
is to gather the reward signals of as many state-action pairs as possible. This involves trying out different actions
in different states to discover desirable actions that are not provided through any preexisting knowledge base.
However, during the exploration phase, total reward may have to be sacrificed because many of the untried
actions may not yield a worthwhile reward. The second task of reinforcement learning is exploitation, which
involves making the most use of what has been learned during exploration by choosing the best action in a given
state out of all actions that have been tried. However, exploitation disregards the unexplored areas that may
contain better rewards. These two tasks complement each other, but they also form a trade-off, and exploration
and exploitation need to be balanced. This balance can be achieved via ¢ — greedy exploration, where all
possible actions with non-zero probabilities are tried out, and the probability € by which an action is chosen
at random is decreased over time to promote exploration at first and then moves towards exploitation as the
known action-reward pairs increase in number|9].

Exponential epsilon decay is another technique used to gradually reduce the exploration rate e over time.
Instead of using a fixed € throughout the learning process, the exploration rate is decayed exponentially over
episodes or time steps. This approach starts with a higher exploration rate, promoting early exploration, and

then decreases it exponentially as the agent gains more experience and knowledge about the environment[23].

3.9 Reinforcement Learning Algorithms

3.9.1 Bellman Optimality and Q-Learning

First, we have to understand what value functions are, how to deal with future rewards, and what the
Bellman optimality principle. Value functions assign values to states in order to be able to assess how good or

bad a present state is based on rewards received in the future.
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The state-value function V7 at state st is the expected cumulative discounted reward (r; ~ R(r¢|st, at))

when following policy 7 from state st:

n
Vr(st) = Elre + a1 + 72 + .. |5, 7] = E[Z Yok (3.5)
k=0

In other words, given a trained policy, the state-value function tells us the expected future reward with
discount factor ~ for an initial state st. The discount factor + is multiplied with each new future reward and
taken to the exponent of the number of time steps into the future (i.e., ¥ for the reward two-time steps into
the future). The discounting ensures that we don’t take rewards into account now that are too far off into the
future equally as much as present rewards. The hyper-parameter -y lies between 0 and 1 and controls how much
weight we want to give to the future.

The action-value function @), at state st and action a; is the expected cumulative discounted reward
when taking action at in state st and then following the policy 7 : Qm(s¢, ar) = E[>_ o _o ¥*resklse, ar, 7] The
action-value function differs from the state-value function only by additionally conditioning on the action. The
discount factor v works the same way as for the state-value function|6].

The optimal state-value function V*(s;) is the best Vr(s;) over all policies 7

V*(st) = max V7 (s¢) (3.6)

Intuitively, it tells us the maximal value we can obtain. Similarly, the optimal action-value function Q*(st, at)

is the best Qn(st, at)overallpoliciesr:

Q" (s¢,a¢) = mazxz Q" (¢, ar) (3.7)

It tells us what we can achieve in the best case if we start at s; and have conducted a;. These optimal
functions tell us what the best possible performance in the MDP would be. In most cases, finding them is
computationally intractable since we would have to search the space of all possible policies. Assuming we had

Q*, we would immediately have access to the optimal policy, since

7 (st) = argmaza e aQ*(s¢,a’) (3.8)

To determine @* is hard. Since we cannot search over all possible policies. So, it is not as easy as doing
a complete search for the optimal behavior in the environment. We can use The Bellman Optimality Equation
(BOE) by Richard Ernest Bellmann from the 1953 approach to determine Q*

Q*(s¢,a1) = E[rt +ymaze Q" (si1,a’)|st, ai] (3.9)

According to [6], BOE reformulates the first expectation over all future time steps recursively, by first returning
the reward of the current time step and taking = times the maximum over all actions of the @* function of
the next step. Due to the non-linearity of the max-operator, no closed-form solution is available for the BOE.
However, iterative approaches like Q-Learning can be employed to approximate the @Q* function. If we can solve
the BOE, the optimal expected long-term reward is locally and immediately available for each state-action pair
via Q* and V*. For V*, we need a one-step-ahead search to get the optimal action. @Q*, however, cashes these
one-step-ahead searches and this means we do not have to do any rollouts anymore - we can simply select an

optimal action without explicitly considering future because it is encoded in Q*.

3.9.2 Value-based learning

The most fundamental algorithm in reinforcement learning is Q-learning. Q-learning is a popular

value-based algorithm used to approximate the optimal Q-values and learn the optimal policy in a model-free
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manner. It is based on the idea of updating the Q-values using a temporal difference (TD) error, which is
the difference between the observed reward and the predicted reward based on the current estimate of the
Q-values. Q-Learning can converge to the optimal Q-values under certain conditions and has been widely used

in various applications of reinforcement learning.

Q(s,a) «+ Q(s,a) + afr + 7 max Q(s',a") — Q(s,a)] (3.10)

Where Q(s, a) is the estimated value (or Q-value) of taking action in state s, and « is the learning rate.
Basically « determines how much the Q-value for a state-action pair is updated based on the difference between
the observed reward and the expected reward. A high learning rate means that new information is given
more weight, leading to faster learning but also greater instability, while a low learning rate means that old

information is given more weight, leading to slower learning but more stability.

3.9.3 Deep Q-learning

Q-learning is a simple form of reinforcement learning that estimates the optimal action-value function
using a table (Q table). It does not require any prior knowledge of the environment or a model of the system
dynamics, but it becomes impractical for larger environments. Deep Q-learning, on the other hand, uses a
neural network to approximate the optimal action-value function[46]. Instead of using a table, the agent learns
a function that maps states to actions. This allows deep Q-learning to scale to environments with large state
and action spaces. Deep Q-learning uses experience replay and a target network (appendix B.2) to stabilize the
learning process and prevent over-fitting (appendix A.4).

During training, the DQN algorithm updates the Q-network weights 6 by minimizing the mean squared
error between the Q-target and the predicted Q-value for the current state-action pair. The loss function can
be written as:L(f) = E[(r +ymax(Q(s',a’;0—)) — Q(s, a; 0))?].

The Q network can be optimized using experience replay (appendix B.1), which involves storing the
agent’s experiences at each time step in a replay memory. This memory is continually updated with new
experiences, made up of tuples (state, action, reward, next state). During training, samples are randomly
drawn from this memory, breaking the correlation between consecutive samples and improving data efficiency.
This is achieved by using a circular replay memory where old experiences are gradually deleted as new ones are

added, keeping the memory size fixed.

3.9.4 Policy-based learning

Policy-based methods are a class of reinforcement learning algorithms that directly parameterize the
policy function, which maps states to actions. Instead of estimating the value function (such as value-based
methods like Q-learning), the key characteristic of on-policy methods is that they learn directly from the data
generated by the current policy. Moreover, on-policy methods typically use techniques such as policy gradient
to adjust the policy parameters in the direction of higher rewards. Policy gradient is an optimization technique
to update the policy parameters and improve the policy’s performance. The policy gradient method is based
on the concept of gradient ascent, where the objective is to maximize an expected return or a performance
measure, let’s consider a parameterized policy function w6 that maps states to actions, where 6 represents the
parameters of the policy. The goal is to find the optimal set of parameters 6% that maximizes the expected

return J(6) of the policy based on the total[32]. Thus, the cost function of the parameters is the following:

J(0) = Emglr(7)] (3.11)

The parameters are then tuned based on the gradient of the cost function:

0t+1 = at + OzAJ( 0t) (312)
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An advantage of using policy-based methods is the possibility of mapping environments with huge, even
continuous action spaces. Environments with stochasticity can also be solved with them. Examples of popular
deep RL policy-based methods include DDPG(Deep Deterministic Policy Gradient)[14], PPO (Proximal Policy
Optimization)[15], A2C (advantage actor-critic)[12].

3.9.5 A2C: Synchronous Advantage Actor-Critic
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Figure 3.4: The actor-critic architecture

The A2C algorithm uses an actor-critic architecture that combines the benefits of both value-based
methods (such as Q-learning) and policy-based, methods. The critic provides valuable feedback to the actor,
allowing it to make more informed decisions, while the actor explores different actions and updates the policy
based on the critic’s evaluations. In A2C, the actor is responsible for learning a policy that determines the
agent’s actions based on its observations, while the critic estimates the value function to evaluate the quality

of state-action pairs. Actor-critic algorithms follow an approximate policy gradient:

V0J(0) = Enl[Vllognd(s,a)Qu(s,a)] (3.13)
A = aVologrd(s,a)Qu(s,a) (3.14)

This gradient is an approximation of the true policy gradient and is used to update the parameters 6 of
the actor-network. Here, m6(s, a) represents the policy, Qu(s, a) is the estimated action-value function from the
Critic network, and A# is the parameter update. It’s important to note that approximating the policy gradient
introduces some bias into the system. However, by carefully choosing the value function approximation, we can
mitigate this bias and avoid deviating from the optimal solution[15].

The A2C is a variant of the A3C (Asynchronous Advantage Actor-Critic) algorithm[12], which operates
on multiple agent environments concurrently. In A3C, multiple workers independently update a shared value
function, allowing for efficient exploration of the state space. In contrast, A2C is a one-environment-at-a-time
approach where the updates are performed synchronously. Despite processing a single environment at a time,
A2C has been shown to deliver improved performance compared to the asynchronous model. By combining the
advantages of the actor-critic architecture with synchronous updates. Furthermore, the advantage function is

a technique used to reduce the variance of the policy gradient, it achieves this by subtracting the state-value
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function from the action-value function. The advantage function is defined as:

A(s,a) = Q(s,a) — V(s) (3.15)

Where Q(s, a) represents the action-value function and V(s) represents the state-value function. To
calculate the returns, The advantage function A(s, a) is used to reduce the variance of the policy gradient. The

policy gradient, incorporating the advantage function, is now computed as

A0 = aVllogmy(s,a)A(s,a) (3.16)

3.10 Conclusion

To conclude, reinforcement learning is a powerful ML approach that allows agents to learn optimal
decision-making strategies by interacting with an environment and maximizing cumulative rewards. The Markov
decision process (MDP) framework provides a formal definition for the RL problem. Value-based learning, such
as Q-learning, approximates the optimal action-value function by updating Q-values based on observed and
predicted rewards. Deep Q-learning extends this approach using neural networks for scalability to large state
and action spaces. Policy-based learning directly parameterizes the policy function and uses techniques like
policy gradient to optimize policy parameters for higher rewards, particularly in continuous action spaces and
stochastic environments. In the following chapter, we will delve into the topic of multi-agent learning and
present the application to AVs. We will extend both the DQN and A2C algorithms to address the challenges
posed by our multi-agent on-ramp merging environment. Additionally, we will address the problem formulation

specific to that particular scenario.
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Chapter 4

MARL and it’s Application to

Autonomous Driving

4.1 Introduction

In this chapter, our emphasis is on training autonomous vehicles (AVs) through the utilization of a multi-
agent reinforcement learning (MARL) framework. The chapter commences by establishing the fundamentals of
multi-agent systems, particularly delving into Markov games. Subsequently, we address crucial concepts, while
also exploring the existing research pertaining to the implementation of MARL in the domain of autonomous

driving. We introduce both the progress made in this area and the challenges that remain to be surmounted.

4.2 Markov games

In a Markov decision process, there is typically a single agent interacting with the environment. However,
Markov games (or stochastic games)[17], extend this concept to include multiple agents. In the context of Markov
games, we can distinguish between two-player zero-sum games and general-sum games.

A two-player zero-sum Markov game is defined by the tuple(S, A, B, P, R, H), where S represents the
set of states, A and B represent the sets of actions for the max-player and the min-player, respectively. The
transition probability function P;(S¢41|St, At, Be) determines the probability of transitioning from state S; to
state Si¢y1 given the joint actions A; and B;. The reward function R;(S, Ay, B) represents the reward for the
max-player (and loss for the min-player) in state st when the joint actions A; and B; are taken. The parameter
H is the horizon or the length of the game. In a zero-sum game, the total reward is constant, meaning that
the sum of the rewards obtained by all players is always zero. This implies that any gain by one player directly
implies a loss by another player. The interests of the players are completely opposed, and the game can be seen
as a competitive scenario.

On the other hand, in general-sum Markov games, defined by the tuple (S, A, P,{Ri};cn, H), we consider
multiple players represented by the set N. FEach player i has their own set of actions A;. The joint action of all
players at a given time ¢ is denoted as Ay = A; X ... X A,. The transition probability function P;(S;11]St, A¢)
determines the probability of transitioning from state S; to state S;11 given the joint action A;. The reward
function R; (S, Ai) represents the reward for the i-th player in state S; when the joint action A; is taken.
The parameter H is the horizon or the length of the game. In general-sum games, the rewards obtained by the
players are not necessarily equal or balanced, and there can be situations where all players can achieve positive
rewards simultaneously. Players may have a mix of competitive and cooperative interests, and their actions can
affect each other’s outcomes. These games often involve scenarios where cooperation and coordination among

players can lead to mutually beneficial outcomes.
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4.3 Important Concepts

According to Lukas M. Schmidt et al[41]. The aim of multi-agent RL is to enable agents to find policies
that are optimal and sample efficient (appendix B.4) in settings where multiple agents coexist and interact in
the same environments. Compared to single-agent RL settings this introduces some important differences and

concepts:

e Observability: In RL, observability refers to an agent’s ability to perceive the environment state, either
fully or partially. A classical MDP is fully observable, where the agent directly perceives the state.
However, in partially observable scenarios, like POMDPs, the agent receives observations derived from
the environment state through a function. POMDPs are common in real-world applications, such as traffic

scenarios, which are partially observable.

e Centrality: Centrality in MARL refers to the level of communication allowed among agents. Different
MARL settings can be classified based on this communication aspect. In fully decentralized scenarios,
agents cannot communicate with each other at all. On the other hand, in fully centralized settings, a
central entity has the ability to perceive and control all agents. This communication distinction impacts

whether the state and action spaces for all agents are separate (decentralized) or shared (fully centralized).

e Heterogeneous and Homogeneous agents: In MARL, it is not necessary for all agents to be similar. They
can be heterogeneous, meaning they may have different observation and action spaces. For instance, in a
scenario involving cars and traffic lights, their functionalities and actions would naturally differ. However,
in many MARL environments, agents are homogeneous, meaning they share the same state and action

space. For example, in autonomous driving, most cars would need to exhibit similar behavior.

e Cooperative and Competitive Environments: In MARL, agents can interact in cooperative or competitive
environments, depending on the nature of the task. In a cooperative environment, the agents need
to communicate and coordinate their actions to achieve a common goal, aiming to maximize a global
reward. The success of each agent is dependent on the collective performance of the group. Whereas, in
a competitive environment, agents compete against each other to maximize their individual rewards. The

agents’ objectives may conflict with each other, and they strive to outperform the others.

e Scalability: While basic MARL problems typically involve a limited number of agents, real-world mobility
scenarios often consist of hundreds or even thousands of individual traffic participants. It’s important that
MARL algorithms must be able to scale effectively and efficiently to handle these large numbers of agents.
Furthermore, a centralized approach that utilizes the joint observation and action space of all agents would
become impractical for training in such scenarios. On the other hand, employing independent agents, with
less performance with a smaller agent count, remains a feasible solution for managing the complexity of

larger agent populations.

e Credit Assignment: Credit assignment in multi-agent reinforcement learning refers to the challenge of
properly attributing the contributions of individual agents to the overall team performance. It involves
determining which actions of an agent or group of agents were responsible for the positive or negative
outcomes achieved during the joint task. This is essential because agents often interact and collaborate in

complex ways, making it necessary to understand their individual impact on the team’s success or failure.

e Stationarity and Non-stationarity: In MARL, we may deal with stationary or non-stationary environ-
ments. In a stationary environment, the conditions and rules of the environment remain constant over
time(training process), and the agents’ strategies can be learned based on stable interactions with the
environment. However, in a non-stationary environment, the conditions and rules change over time, and
some agents might adapt their strategies accordingly. This introduces additional complexity, as the learn-
ing agents not only have to deal with the changing environment but also need to account for other agents’

varying strategies during the learning process. In such scenarios, effective adaptation and coordination
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among the learning agents become crucial to achieving optimal performance in dynamic and ever-changing

environments.

4.4 Baseline Approaches

The implementation of single-agent DQN and A2C with deep NNs follows a common structure. We
can conceptualize an agent as an object that has deep NNs models and essential parameters, such as the state
dimension, action dimension, and the sizes of hidden layers in the deep network. Additionally, hyper-parameters
like reward gamma, learning rate, optimizer, and epsilon decay.

The agent also includes methods such as ’train’ to train the models, 'remember’ for pushing to experience
replay, as well as the ’act’ method, which selects an action either randomly or based on the predictions of the
model. During training, the agent feeds the gathered experiences into the neural networks, allowing the models
to learn from the data through the process of fitting. Both Agent implementations are inspired by Chenglong
Chen[42] from the OpenAl baseline[43].

As previously discussed, deep neural networks serve as approximation functions to find the optimal policy.
Both DQN ( appendix C.1) and A2C (appendix C.2) utilize deep NNs models. DQN aims to optimize Q-values,
allowing us to select the argmax of these values to determine the optimal policy. In contrast, the A2C model

directly selects the optimal policy by choosing the action with the highest probability.

4.5 Extending to MARL

Different training strategies can be employed to learn in cooperative or competitive scenarios. Two
common training strategies are concurrent training and centralized training with decentralized execution.

Concurrent training, also known as independent training, treats each agent as an independent learner.
The baseline frameworks (single-agent RL) can be directly executed as independent learning. Many approaches
are implemented without communication or shared information. Furthermore, Independent Q-learning (IQL) in-
troduced by Tan et al (1993)[47], the Independent Centralized Learner (ICL) proposed by Gupta et al (2017)[48],
and independent advantage actor-critic (IA2C) proposed by T. Chu et al (2020)[49] are examples of such meth-
ods. In these approaches, each agent learns its network parameters, considering the other agents are just part
of the environment. These algorithms are designed without coordination among agents, allowing them to learn
their own policies or value functions independently. They have been successfully applied to various multi-agent
scenarios, particularly for large-scale scenarios where training with a large number of agents is necessary, as
they can handle scalability well.

However, in practice, the actions of other agents are often non-observable, making these approaches
challenging to implement in cooperative environments. Moreover, most of them are considered Decentralised
Partially Observable Markov Decision Processes (Dec-POMDPs) [44], which further adds complexity to the
learning process.

Centralized training with decentralized execution (CTDE) is a training approach that combines central-
ized decision-making during training with decentralized execution during interaction (Lowe et al., 2017[50]. In
CTDE, a centralized controller or critic is used to guide the learning process by considering the joint state and
actions of all agents. This centralized controller helps agents learn coordinated behaviors and policies. However,
during execution or deployment, each agent acts independently based on its learned policy without centralized

coordination.

4.6 MARL in Autonomous Driving

Various applications and methodologies exist for training multiple autonomous vehicles using Multi-Agent

Reinforcement Learning (MARL). When considering centralized MARL compared to Independent single-agent
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Reinforcement Learning (RL), improvements in performance can be achieved through collaborative driving,
leveraging the capacity to enhance vehicle perception by incorporating information from other vehicles through
Vehicle-to-Vehicle (V2V) communication. This collaborative approach enhances the capabilities of autonomous
vehicles and fosters more efficient and effective navigation in various scenarios.

Autonomous vehicle systems consist of numerous perception-level tasks, which have achieved remark-
able precision thanks to deep learning architectures. Beyond perception, these systems encompass various
tasks where conventional supervised learning methods are no longer applicable. Firstly, there are situations
where predicting the agent’s actions influences future sensor observations from the environment in which the
autonomous driving agent operates[54], as seen in tasks like determining the optimal driving speed in urban
areas. Secondly, supervisory signals such as time to collision (TTC) and lateral error concerning the agent’s
optimal trajectory reflect both agent dynamics and environmental uncertainty[55]. Addressing such challenges
necessitates the formulation of stochastic cost functions to be maximized. Thirdly, the agent must adapt to new
environmental configurations and make optimal decisions while driving, which is a high-dimensional problem
given the multitude of unique configurations encountered by the agent and the environment. These challenges
all fall under the umbrella of solving sequential decision processes, formalized within the classical framework of
Reinforcement Learning (RL). In RL, the agent learns to represent its environment and make optimal decisions
at each moment. The optimal decision-making is referred to as the policy [53].

Various autonomous driving tasks lend themselves to the application of RL, including controller
optimization[56], path planning, trajectory optimization[57], high-level driving policy development for com-
plex navigation tasks[58|, scenario-based policy learning for scenarios like highways, intersections, merges, and
splits[59], reward learning through inverse reinforcement learning from expert data to predict the intent of traf-
fic actors such as pedestrians and vehicles[60], as well as the learning of policies that ensure safety and assess
risk[61]. Before delving into the applications of Deep Reinforcement Learning (DRL) in autonomous driving
tasks, it is essential to examine the state space, action space, and reward schemes specific to the autonomous
driving context.

A diverse range of simulation and benchmark environments is readily available for research in the field
of autonomous vehicles. These environments serve as crucial tools for testing and evaluating various aspects of
autonomous vehicle systems.

In the realm of simulation environment frameworks, there are some related works worth mentioning.
BARK, an open-source simulation framework for autonomous vehicle research, specifically focuses on multi-
agent scenarios involving interactions between agents [39]. It provides an interface to control cars within the
CARLA simulator. However, BARK has limitations when it comes to scenario flexibility and customization.
Another relevant work is the MACAD paper, which proposes a framework utilizing deep reinforcement learning
techniques for training and evaluating multiple connected autonomous agents [34]. MACAD introduces a
specialized Gym environment tailored for connected autonomous driving scenarios, integrating the CARLA and
SUMO simulators. However, these environments rely on the CARLA simulator and necessitate substantial
computational resources.

Autonomous vehicles face the challenge of operating within dynamic and unpredictable environments,
such as urban or highway traffic, where safety constraints must be continuously met. This inherent need for

safety can limit the exploration capabilities essential for Reinforcement Learning (RL) algorithms[52].

4.7 Conclusion

In conclusion, this chapter has delved into the fundamental concepts of Multi-Agent Reinforcement Learn-
ing (MARL) and explored its application within the domain of autonomous vehicles (AVs). We have examined
both independent learning and centralized approaches, showcasing how MARL can be harnessed to address
various complex challenges encountered by AVs in different scenarios, including highways and intersections.

The fundamental understanding of MARL has paved the way for a deeper exploration of its practical
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utility. Independent learning, while effective in certain contexts, may fall short when dealing with intricate,
multi-agent environments like urban intersections and merging scenarios. In such cases, centralized approaches
shine as they facilitate enhanced cooperation and coordination among AVs.

In response to these complexities, we have explored the merits of centralized learning techniques, high-
lighting their potential to overcome the intricacies of multi-agent control scenarios. By embracing a centralized
approach, we aim to provide a robust and adaptable framework for addressing the evolving demands of AVs,
particularly in scenarios where independent learning methods may prove insufficient.

In the chapters that follow, we will delve deeper into our application of the centralized MARL in addressing

on-ramp merging problems for autonomous vehicles.
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Chapter 5

Highway on-Ramp Merging for

Autonomous Driving: Our Contribution

5.1 Introduction

In this Chapter we focus on the on-ramp merging scenario in the context of training autonomous vehicles
(AVs) using a centralized multi-agent reinforcement learning (MARL) framework. In this chapter we present the
multi-agent setup, problem formulation, and environment built to model the on-ramp merging as a multi-agent
vehicle-to-vehicle (V2V) communication system. Additionally, we present the MARL framework that we will
use. Where we introduce the concepts and approaches utilized to implement the centralized learning. The goal
is to enable AVs to make informed decisions and coordinate their actions based on shared information among

neighboring agents, for the purpose of improving safety and merging efficiency.

5.2 Problem formulation

In this scenario, we formulate the problem as general-sum Markov games. And represent the on-ramp
merging environment as a multi-agent vehicle-to-vehicle (V2V) communication system. Each agent, denoted
as i € N, communicates with its neighboring agents Ni within a specified communication range. The global
state space, S = 57 x --+ x S, and action space, A = Ay X --- X A,, capture the combined states and actions
of all agents. In our approach, we adopt a centralized multi-agent reinforcement learning (MARL) framework,
where each agent i (referred to as AV;) has access to the global environment state. The global state in this case
represents the neighboring vehicles observations that can communicate within the given range. This framework
aligns with the real-world scenario where autonomous vehicles (AVs) can only perceive and communicate with
vehicles in close proximity. By considering the global environment state, the AVs can make informed decisions
and coordinate their actions based on the information shared among the neighboring agents. In addition,
we implement the reward function separating the global and the local reward to incorporate multi-objective

evaluation.

1. Action space: The action space A; of agent I is defined as the set of high-level control decisions, including
stay idle, speed up, slow down, turn left and turn right. Low-level control decisions or the dynamics of
the AV’s system are then governed by the motion control module(in our case the SUMO is responsible
for handling the motion control). In certain situations, A; may be considered as illegal action, which we
define as follows: the ego vehicle attempts to make lane changes to a non existing lane. And the ego

vehicle attempts to do a hard braking on the highway.

2. State Space: The state S is defined as a matrix of dimension Ni X W, where Ni is the number of controlled

vehicles and W is the number of features used to represent the state of a vehicle, including:
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x: the longitudinal position of the ego vehicle.

y: the lateral position of the ego vehicle.

v: velocity (m/s).

D: distance to merge point (meter).

w: time to collision with the neighbor vehicles.
e h: headway distance from the front of the ego vehicle to the back of the leading vehicle.

e T trip time delay representing the time loose from the departure to the destination.

3. Reward Function: The reward function is crucial to train the RL agents so that it follows desired behaviors.
As the objective is to train our agents to safely and efficiently pass the merging area, the reward R;; for

the ¢ — th agent at time step ¢ is defined as follows:
Ry = Gt(S, A) + Lit(Si7 Al) (51)

Global reward G(S, A) is based on the state of the entire system, where we consider system-level objectives

such as trip time delay safety and it defied as follow:
Gi(S,A) = we * 1 +wq * g (5.2)

Where w,. and w, are positive weighting scalars corresponding to collision evaluation 7., trip time delay

evaluation r,.

The local reward L;;(.S;, A;) considers agent-level objectives and is responsible for maintaining good speed,
avoiding collisions, and ensuring successful merging. The local reward takes into account whether the

vehicle is on the highway or on the ramp, and it is defined as follows:

We *Ts+wp T +wWh - Th + Wy - Ty, 1f agent; in ram
th(SZ,AZ): s s L m m g i % (53)

Ws Ts+ W T +Wh-Th+wWe 7Tq else

Where wg,w;,wyp, wy,, and wg are positive weighting scalars corresponding to stable-speed g, action-

legality r;, headway time evaluation 7y, successful merging r,,,, and allowing merge 7,

The performance metrics for the global and local rewards are defined as follows:

e the collision evaluation r. is set to —100 if collision happens, otherwise r. = 0.

e The trip time delay evaluation rq = 5 if the delay is a less then a trip delay reference d, = 20,

otherwisery = 0.

e Stable speed r. = min(1,4/(abs((vi41 — s) + €))). where s is the desired speed based on the road
sign, the Vehicle is rewarded by 1 when the speed;;; is betweens + 4 and s — 4, otherwise it take

the rapport value.
e action-legality r; = —1.5 if action is illegal, otherwise r; = 0

e headway time evaluation ry, = log(D/t,*v;). where D is the distance headway and ¢, is a predefined
time headway threshold. As such, the ego vehicle will get penalized when the time headway is less

than t; and rewarded only when the time headway is greater than ¢, = 1.2.

e successful merging 7, = 1/(abs(Aspeeq) + €) if vehicle merged, otherwise r,, = 0. Where Agpecq =
(ve41 — 8)/s is the relative difference between the v;11 and desired speed s. This encourage to merge

with desired speed.
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e allowing merge r, = 1.2 if time to collision is less then ttcipreshorga = 10 and the action chosen is slow
down, otherwise r, = 0, this encourage cooperation, thus vehicles on highway slow down a little to

allow safe merge for vehicles on ramp.

5.3 MARL Implementation

In our implementation of the centralized MARL framework, we incorporated a shared learning (training
with shared information) approach within both the DQN and the A2C algorithms. In this approach, a sample
mini-batch of data (S, A, R, S’, terminal) is used, where we consider the global experiences mainly joint actions
and observations, rewards, and "terminal" is the boolean flag indicating whether the state S is a terminal state.

In Addition, We consider using the approaches utilized by Dong Chen and colleagues in [3] originally
from (Gupta et al., 2017), where they utilize shared parameters for all agents Q networks for DQN and actor
networks for A2C meaning that the weights of all the networks are updated simultaneously during the training.

For the value based and policy based methods we use the following implementation:

5.3.1 Centralized Multi-Agent DQN

In MADQN, the shared learning method employed in the DQN agent involves training the Q-network
using the shared replay buffer. This approach considers not only the local observations .S; and S} for the value
function but also takes into account the joint observations of all agents S and S’. Consequently, the shared
learning methods allow agents to learn from a broader range of information from the shared replay buffer,
enhancing their decision-making abilities in multi-agent environments.

In this approach, multiple DQN agents operate independently while interacting with the environment
during execution. However, they utilize a shared memory buffer for training purposes. During training, each
DQN agent collects experiences by interacting with the environment and stores them in the shared memory
buffer managed by the MADQN framework. These experiences consist of observations, actions, rewards, next
observations, and a terminal flag indicating the end of an episode. Subsequently, the agents sample mini-batches
of experiences from the shared memory buffer.

Furthermore, we present the usage of a mixing network in the QMIX [51] algorithm, a cooperative MARL
method that incorporates communication among agents and follows CTDE concept.

The QMIX algorithm introduces a mixing network to factorize the joint action-value function into
monotonic components Q. this centralized mixing network allows us to learn from the shared replay buffer
and update the DQN agent’s target Q-network weights based on the Q:,;. Below is a pseudo algorithm

outlining the training loop:
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Algorithm 1: Training loop for MADQN

Input

: Initial N DQN Agents, shared ReplayBuffer, MizingNetwork

Output: Trained DQN Agents
1 Set the target networks’ weights for each agent to be the same as the Q-networks:.;

2 Set hyperparameters: learning rate, discount factor, etc.;

3 while not converged do

4 Reset the environment to get the initial state Sp;

5 for each time step t do

6 for each agent i do

7 Select an action a; using an exploration strategy (e.g., epsilon-greedy) based on the current

S
8 end
9 Execute the joint action A = (aq, ..., a,) in the environment and observe the new state S’ and
the rewards R = (71, ..., )3

10 Store the transition (S, A, R,S’) in the shared ReplayBuffer.;
11 Update the current state S to S’.;
12 end

13 // Shared Learning

14 for each agent do
15 Sample mini-batch := {S, A, R, S’, terminal} from shared ReplayBuffer.;
16 Predict the Q-values predictedg; for the mini-batch experiences using the Q-network.;
17 Calculate Qo+ by using the MizingNetwork that takes all the predicted Q-values of agents.;
18 Calculate the loss between predicted Q-values and target Q-values:
Loss(0) = Z?:l (Quatues — Qtot (S, A; 9))2} 5
19 Backpropagate the loss and update the Q-network’s weights using the optimizer.;
20 Frequently update the target-network for agent i by copying the weights from the @Q-network.;
21 end
22 end

5.3.2 Centralized Multi-Agent A2C

In the A2C Agent, the shared learning method utilizes a shared Critic-Network. Each agent updates
this shared critic by considering the joint state S and joint action A. However, the actor network of each agent
continues to rely on its own local observations for estimating the optimal policy. While the actor network is
optimized by the policy gradient. Where the gradient is estimated based on the evaluations of the critic-network

As a centralized Multi-Agent A2C, a similar concept is employed in the "Multi-Agent Actor-Critic for
Mixed Cooperative-Competitive Environments" (MADDPG) algorithm introduced in a specific paper [16].
MADDPG combines actor-critic methods with centralized training and decentralized execution (CTDE). This
algorithm employs a centralized critic network during training to estimate the value function for each agent,

taking into account the joint actions A and observations S of all agents. Given this information, the suggestion

is to consider using the MAA2C algorithm.
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Algorithm 2: Training loop for MAA2C

Input

: Initial N A2C Agents, shared CriticNetwork, shared ReplayBuffer

Output: Trained A2C Agents

1 Set hyperparameters: learning rate, discount factor, etc.;

2 while not converged do

3
4
5
6

10
11
12
13
14
15
16

17

18
19

20

end

Reset the environment to get the initial state Sp;

for each time step t do

for each agent i do
Select an action a; using an exploration strategy (e.g., epsilon-greedy) based on the current
S.;
end
Execute the joint action A = (aq, ..., a,) in the environment and observe the new state S’ and
the rewards R = (71, ..., 7n);
Store the transition (S, A, R,S’) in the shared ReplayBuffer.;
Update the current state S to S’.;

end
// Shared Learning

for each agent i do

Sample mini-batch = {S, A, R, S’, terminal} from shared ReplayBuffer;

Calculate the advantage function A(S, A) using the shared CriticNetwork evaluation V' (S, A).;

Compute The Policy Gradient

Update The ActorNetwork of the agent; using the policy gradients to maximize the expected
return.;

Optimize CriticNetwork estimated value function V' (S, A) based on the reward Ry.;

end

5.4 Conclusion

AVs using a centralized MARL approach. By considering the global environment state and facilitating V2V
communication, AVs can effectively merge onto highways, maintain stable speeds, avoid collisions, and optimize
trip time delay. The defined action space, state space, and reward function provide the foundation for training
RL agents to exhibit desired behaviors in the on-ramp merging environment.
utilized MARL framework with centralized training. Through further experimentation and refinement, we aim
to develop effective and safe merging strategies for AVs, contributing to the advancement of autonomous driving

systems.

In this chapter, we have outlined the on-ramp merging scenario and presented a framework for training
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Chapter 6

Results and Analysis

6.1 Introduction

This chapter presents a comprehensive examination of the experimental findings and analyses conducted
in this thesis. Aiming to provide a deeper understanding of the performance and effectiveness of the two
centralized MARL framework algorithms namely MADQN and MAA2C in the context of on-ramp merging
scenarios. By analyzing the results, we gain insights into the impact of different policies on safety, traffic flow
optimization, and overall system performance. To achieve the objectives of this research, extensive experiments
were carried out using a simulation environment designed for on-ramp merging.

The experiments involved implementing and evaluating AVs policies, considering factors of merging effi-
ciency, trip time delay, collision avoidance, and cooperation between AVs and other vehicles. By recording the
training data and running extensive evaluation episodes we obtained a rich data-set for analysis. The analyses
performed in this chapter are geared toward uncovering the strengths and limitations of the implemented Algo-
rithms. We investigate how each policy performs under different traffic conditions and examine their impact on
various performance metrics. Furthermore, this chapter highlights important trends, patterns, and observations.
We compare the performance of different AV policies behavior. Additionally, we explore the implications of the
findings on the scalability and extend the scenario to multiple highway-lane cases in the highway environment.

Figure 6.1 shows that our approach can be easily extended to the multiple highway-lane case.

6.2 Experimental Setup

6.2.1 Simulation Tools

An Overview

Training with MARL at scale needs iterative development and optimization. Training AVs to cooperate
allowing safe merges while reducing trip time delay for highway traffic is a problem where it needs a lot of
iterations and optimization, thus we use simulation. Simulation plays a crucial role in the context of autonomous
driving systems, It has the potential to massively scale the evaluation of self-driving systems, enabling rapid
development as well as safe deployment. Simulation is a controlled testing environment that allows for avoiding
the risk behind training in the real world and exploring and evaluating edge cases that are rare or dangerous
to encounter in real-world testing, simulations facilitate extensive data collection for analysis and validation.
Sensor data, vehicle states, and system performance metrics can be logged and analyzed, enabling deep insights
into the behavior and performance of self-driving algorithms, thus addressing potential failures or vulnerabilities,
and refining safety-critical functionalities. Moreover, simulation is convenient for scalability, where it allows for
the testing of thousands or even millions of scenarios and vehicles simultaneously, which would be impractical

or impossible in real-world testing. By leveraging the power of simulation, we ensure the safety and reliability of
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Figure 6.1: Simulation settings for the single highway lane case (a) and multiple highway lanes case (b).

self-driving systems before transitioning to real-world deployments. In this section, we introduce two simulation
frameworks that we use in our project namely SUMO and CARLA frameworks. Since we are following CTDE
training strategy in MARL. Specifically, using SUMO for training for its efficiency and speed and using CARLA

for more compensation and realistic evaluation at a vehicle level.

SUMO: Simulation of Urban Mobility

SUMO has been developed at the German Aerospace Center as a microscopic simulator to model traffic
flow and predict traffic using simulations[20], SUMO can be used to simulate traffic flow in large-scale setups
without sacrificing speed. It can simulate the movement of a large number of vehicles, accurately capturing
the interactions and dynamics of traffic in urban areas. Each vehicle in the simulation can be independently
configured with different departure and arrival properties. Any vehicle can also be controlled via an external
application using an APT called Traffic Control Interface (TraCI)[21]. All these features make SUMO incredibly

lightweight but robust for simulating repeatable scenarios.

1. Road network: A SUMO network XML file describes the traffic-related part of a map, the roads and
intersections the simulated vehicles run along or across. At a coarse scale, a SUMO network is a directed
graph. Nodes, usually named "junctions" in SUMO-context, represent intersections, and "edges" roads
or streets. An example of a network is represented in figure 6.1 The edges are unidirectional. Specifically,

the SUMO network contains the following information:

e cvery street (edge) as a collection of lanes, including the position, shape, and speed limit of every

lane.
e traffic light logics referenced by junctions.

e junctions, including their right-of-way regulation.
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e connections between lanes at junctions (nodes).

Network files can be created by the NetEdit tool provided by Sumo or imported from various simulators
or open-source maps, such as OpenStreetMap, beside that it can convert an existing map from various

formats using netconvert or generate geometrically simple, abstract road maps with netgenerate.

2. Creating Scenario: After creating the network file we define the routs with the help of SUMO Routes
XML files to specify the origin-destination pairs and the preferred routes for vehicles in the simulation.
It can manually create a route file using a text editor, or use SUMO’s built-in route generation tools like
DUAROUTER. In the route file, specify the vehicle types, departure times, origins, destinations, and
preferred routes. The start point is the configuration file, where we specify the network and route files and
add a wide of available simulation configurations such as the beginning and end time of simulation and
whether to change the simulation step length of specified outputs files. Finally, we can run the scenario

using SUMO-GUI to visualize and generate a wide set of outputs.

3. Traffic Control Interface (TraCI): TRACI is an API provided by SUMO that allows external programs
written by popular programming languages such as Python and C++ to control and interact with the
traffic simulation in real time. TRACI provides a wide range of functionalities to control various aspects of
the simulated traffic, including vehicles, traffic lights, traffic flows, and simulation time and configuration.

For decision-making system that is controlled by the MARL agents can control individual vehicles via
TraClI.

CARLA: Car learn to act

CARLA simulator was developed through a collaboration between Intel Labs, Toyota Research Institute,
and Computer Vision Center, Barcelona. It is an open-source simulation framework built on top of Unreal
Engine 4, aiming for flexibility and realism in high-fidelity simulations[22]. One of CARLA’s distinctive features
is the provision of rich 3D urban environments, meticulously crafted by a dedicated team of digital artists. These
environments encompass urban layouts, diverse vehicle models, buildings, pedestrians, street signs, and more,
ensuring a realistic and immersive experience for users. CARLA offers flexibility in sensor suite configuration,
enabling easy setup of various sensors such as cameras, LiDAR, radar, and GPS to simulate the perception
capabilities of autonomous vehicles. The framework also provides a wealth of data signals, including GPS
coordinates, speed, acceleration, and detailed information on collisions and other infractions, facilitating the
training of driving strategies. CARLA offers a realistic world rendering, comprising 3D models of both static
and dynamic objects. The static objects, such as buildings, vegetation, traffic signs, and infrastructure, are
meticulously designed with a balance between visual quality and rendering speed. The 3D models in CARLA
adhere to a common scale, accurately reflecting real-world object sizes. The asset library encompasses 40
different buildings, 16 animated vehicle models, and 50 animated pedestrian models, ensuring a diverse and
visually rich environment.

Regarding sensor capabilities, CARLA allows flexible configuration of the agent’s sensor suite. Including
RGB cameras and pseudo-sensors providing ground-truth depth and semantic segmentation. The number of
cameras, their types, and positions can be specified by the client, enabling customization for specific research
needs. Camera parameters, such as 3D location, orientation relative to the vehicle’s coordinate system, field of
view, and depth of field, can be adjusted to simulate various perception scenarios. This sensor suite setup in
CARLA provides a comprehensive platform that will help test and evaluate our multi-gent AVs. However, all
this realistic rendering, detailed environments, sensor data, dynamic traffic, and complex physics simulations

demand substantial computational resources to provide an immersive and accurate simulation experience.

6.2.2 Simulation setup

In our project, we have chosen to utilize SUMO for training purposes due to its efficiency and speed.

Traffic simulation plays a vital role in effectively testing autonomous vehicles (AVs) within complex and dynamic
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Figure 6.2: An Example of co-simulation between SUMO and CARLA servers, Showing the highway on-ramp
merging

environments. To control the behavior of vehicles, particularly AVs, in the simulation environment, we use the
TraCl interface allowing us to manipulate individual vehicles’ speed, acceleration, lane changes, and other
parameters.

After training the agents using MARL algorithms, evaluating their performance becomes crucial. To
conduct this evaluation, we utilize both the SUMO GUI and CARLA simulation platforms. To synchronize
the simulations between SUMO and CARLA, we establish a Synchronization Bridge. We modify the provided
"run__synchronization.py" script from CARLA, incorporating the TraCI package to control vehicles at each
time step. By running CARLA in synchronous mode, we align the delta second setting with the step length of
the SUMO simulation. Additionally, we create a "simulationStep(callback)" method that allows us to execute a
callback function during each simulation step. This synchronization mechanism enables coordinated control and
integration between SUMO and CARLA, leveraging the strengths of both platforms. An example of multiple
highway lane cases running with co-simulation synchronization is shown in figure 6.2.

It is important to note that while CARLA provides realistic rendering and sensor simulation, it does not
directly control the time step. Therefore, we have implemented the synchronization bridge to ensure a seamless

integration between SUMO and CARLA for our evaluation purposes.

6.2.3 Evaluation metrics

We evaluate the performance using three main metrics: cumulative reward for each agent to calculate the
average reward, safety, and trip time delay. The cumulative reward is achieved in all evaluation steps during
training. The safety metric focuses on avoiding collisions and optimizing the headway distance. The headway
distance refers to the space maintained between the autonomous vehicle and the vehicle in front of it. By
optimizing the headway distance, we aim to ensure safe and efficient driving.

To measure safety further, we optimize the minimum time to collision (TTC) mainly between vehicles
on the highway and vehicles on-ramp. TTC refers to the estimated time it would take for the vehicle to collide
with another vehicle if no action is taken. It can be calculated as the ratio of the distance between vehicles
to their relative velocity: TTC = distance = velocityreiative Where the relative velocity velocityreiative is the
difference in speed between the two vehicles. A lower TTC indicates a higher risk of collision. By minimizing
the time to collision, we prioritize proactive measures to prevent potential accidents.

Trip time delay is a metric that aims to optimize the delay in completing a trip. It focuses on minimizing
the time it takes for the vehicle to reach its destination, considering a specific reference time. The trip time
delay represents the additional time taken during the trip compared to an ideal or reference trip time.

Finally, the collision rate, where the collision represents an accident caused by two vehicles. The collision

rate is calculated based on the number of collided vehicles during one episode, and the total episodes executed.
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6.2.4 Computing Resources

All experiments presented in this dissertation were performed utilizing an Intel(R) Xeon(R) CPU E5-2630
v3 @ 2.50GHz and an AMD Radeon RX 470 8GB GPU, along with 16GB of RAM.

6.2.5 Training process

In the MARL setting, The number of training episodes is set to 5000 episodes, we used Exponential
Epsilon decay with a decay value of 0.0007, reward discount gamma is set to 0.98, we used an MSE (mean
squared error) for the critic loss. For the optimizer, we use RMSprop with a learning rate of 0.001.

We employed deep neural network models for both the Actor and Critic networks. The Input data,
typically the state S or the state with actions A vectors are normalized using min-max normalization. The
structure of both models consists of three fully connected layers, where rectified linear activation functions are
used for each layer. The input vectors are fed into a dense layer with 128 neurons, and the output of this layer
is utilized by both the actor-network and the critic network. In a typical configuration, the logits (unnormalized
final scores of the model) [i generated by the actor network are passed through a Softmax layer, resulting a
distributed probabilities. However, for the DQN agent, for the Q-network we utilize the same architecture of
the Actor-network, but instead of softmax probabilities, it outputs identity values. This distinction is made
because the DQN agent works with values rather than probabilities.

Furthermore, all agent models are implemented in Python using the PyTorch library (appendix A.5).

6.2.6 Environment configuration

In our simulation, we have a total of 12 spawn points evenly distributed along the highway lanes and
the ramp lane, covering a distance from 0 m to 180 m, as depicted in Figure 6.1. Any vehicles that exceed the
boundaries of the road or cause a collision are automatically removed from the simulation to ensure realistic
behavior. The initial speed of the vehicles is determined based on the desired speed of the road. This ensures that
the vehicles start at appropriate speeds within the simulated environment. Furthermore, we set the simulation
delta second to 0.05, meaning that each simulation step corresponds to a time interval of 0.05 seconds. The

environment implementation is provided and open-sourced ', along with the configuration.

6.2.7 Limitation and assumptions

The experimental phase of this study involves certain limitations and assumptions. One limitation is
the availability of computational resources. Training multiple MARL agents concurrently requires a cluster
of servers to achieve better results through parallel executions. However, due to computational constraints,
the training process could not continue until convergence, which typically requires a larger number of episodes
(e.g., more than 15,000 episodes). Instead, the training was limited to 5,000 episodes, resulting in sub-optimal
policies for analysis. Additionally, training RL agents is time-consuming, and extensive exploration of different
hyper-parameters was necessary to obtain the best possible results.

Furthermore, the evaluation process for scalability and generalization was conducted for only 10 episodes.
While this sample size may provide some insights, it is relatively low given the large number of vehicles present in
the simulation. As for assumptions, our on-ramp environment assumes the presence of vehicle-to-vehicle (V2V)
communication capabilities. The assumption is that all agents within a 500-meter range can communicate and
access the states of the environment. This assumption enables information sharing and cooperative decision-
making among agents. Moreover, certain threshold values were set to encourage safe driving behaviors. The
time-to-collision (TTC) threshold is set to 10 seconds, which encourages agents to slow down even when there is
a slightly risky situation. Additionally, the headway threshold is set to 1.2 meters, promoting the maintenance

of safe distances between agents.

Ihttps://github.com/mahmoudtaouti/RL_Highway_Merge/blob/dev/on_ramp_env.py
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6.3 Training Performance

In this section, we evaluate the performance of the proposed MARL algorithms in terms of achieving high
rewards, training efficiency, and stability of the model in the on-ramp merging scenario illustrated in Figure 6.1.
We train all MARL algorithms over 2.5 million steps which is around 5,000 episodes, with the same random
seeds. Evaluating the average reward for each 50 training episodes over 5 episodes for all the agents, typically
we trained 6 agents.

Compared to centralized learning, independent learning has more unstable training resulting in a large
variance in the average reward. Thus, to identify underlying trends in the performance and for more visual
clarity we use data smoothing (appendix A.3). While we present smoothed data, we also report the original

raw data 2 for transparency. And in the following section, we provide a comprehensive understanding of the

performance.
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Figure 6.3: Training performance of MADQN and MAA2C compared with Independent learning IQL and TA2C.

The average reward of both centralized MAA2C and MADQN algorithms demonstrates a consistent
increase over time, indicating that the algorithms are effectively learning and improving their performance. In
contrast, IQL and TA2C show unstable and slow increases in performance, far from achieving positive average
rewards, indicating failure to acquire objectives. Initially, the average reward for centralized learning shows
significant growth, reflecting the agents’ rapid acquisition of knowledge about the environment. As training
progresses and the algorithms approach the optimal policy, the rate of improvement slows down, which aligns
with the expected behavior of reinforcement learning algorithms. Figure 6.4 illustrates the exponential epsilon
decay employed in the training process. This decay strategy encourages a balance between exploration and
exploitation. In the early stages, higher epsilon values promote exploration, allowing the agents to gain a
comprehensive understanding of the action space and facilitating the discovery of optimal or near-optimal
policies. As training advances, the epsilon values decrease exponentially, favoring the exploitation of the learned
knowledge. This transition enables the agents to make more informed decisions based on their accumulated
experiences.

The MADQN algorithm has a similar approach to the optimal policy with MAA2C. However, MADQN
is more prone to invalid policy updates due to the non-stationary nature of the environment, where agents
are randomly spawned. On the other hand, MAA2C demonstrates fewer invalid policy updates, indicating its
robustness in handling more complex environments. This can be attributed to the advantage of using the Shared
Critic architecture in MAA2C, which facilitates better coordination sharing among the agents.

Overall, the performance of both centralized Algorithms in terms of maximizing cumulative rewards

is satisfactory compared to baseline approaches such as independent learning we used. However, to further

2https://drive.google.com/drive/folders/10GBD8EqlUZay4v8wY3T1h3AHidBv2_B- ?usp=sharing
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Figure 6.4: The Exponential epsilon value decay over 5000 training episodes

improve the models and conduct in-depth analysis, it is recommended to train the agents with a larger number
of episodes. Additionally, considering computational limitations, training with more agents in the environment
would enhance the model’s ability to handle greater complexity and provide better insights.

All approaches involve hyperparameter tuning, such as learning rates, discount factors, and exploration
policies. Finding the right set of hyperparameters can be time-consuming and sensitive, and suboptimal choices

may lead to slow convergence or unstable training.

6.4 Metrics Performance

In this section, we compare centralized MADQN and MAA2C with baseline independent approaches in
terms of collision rate, average speed v (m/s), TTC (second), minimum headway (meter), and maximum trip
time delay (second) to assess how well our agents are achieving our objectives. All algorithms are evaluated
through 100 episodes to examine the average performance metrics mentioned above. The collision rate represents
the percentage of collisions that occurred across all 100 evaluation episodes. Table 77 presents the corresponding

values obtained from the evaluation.

Table 6.1: Comparison of MADQN and MAA2C Performance Metrics with baseline independent learning IQL
and [A2C

MARL Mean Mean Mean Max Min Max Min Min Collision
Re- Local speed speed speed Trip Head- TTC Rate
wards Re- Delay way

wards

1QL -1309.43 -21.82  16.18 23.97  9.50 11.47 -2.2 0.0 2.01%

T1A2C -1134.53 -175.1  11.86 13.16 10.47 13.41 0.05 0.45 0.48%

MADQN 900.54 226.55 25.97  28.31 23.50 3.07 2.62 0.37 0.24%

MAA2C 122591 227.02 23.48 25.97 19.98 2.13 5.01 1.25 0.21%

IQL and TA2C demonstrate limited success in achieving positive average rewards, as evidenced by the
mean rewards of -1309.43 and -1134.53. This algorithm struggles to effectively learn and improve its performance
during training, which indicates challenges in finding optimal policies for individual agents.

In terms of safety and system optimization, both IQL and TA2C exhibit higher collision rates (2.01% and
0.48%, respectively) compared to the centralized learning algorithms. The higher collision rates suggest that
these independent learning algorithms face challenges in coordinating actions and making cooperative decisions

to avoid collisions effectively. Moreover, IQL and IA2C achieve lower mean speeds (16.18 and 11.86, respec-
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tively), indicating sub-optimal performance in terms of speed management compared to centralized learning
approaches.

MAA2C demonstrates cooperative behavior among agents, resulting in a low collision rate of 0.21%.
Additionally, it effectively optimizes trip delay, achieving an average minimum delay of 2.13. These metrics
directly reflect the algorithm’s ability to prioritize global rewards and encourage cooperative decision-making
among the agents.

While MADQN achieves acceptable results in terms of these metrics, it exhibits a stronger focus on
maximizing individual local rewards. The mean local rewards of 226.55 for individual agents are higher compared
to the mean total rewards of 900.54, indicating a preference for individual performance over the overall system
performance. While the global reward is associated with factors like collisions and trip delays of all neighboring
agents, we can also substantiate this with a slightly increased collision rate of 0.2% and an increased trip delay
of 3.07 seconds. Moreover, the mean speed of MADQN agents is 25.95, suggesting a tendency towards higher
speeds. The recorded minimum speed of 23.50 further supports the observation of maintaining a relatively
higher speed individually.

In contrast, MAA2C exhibits a lower mean speed of 23.48, indicating that the algorithm prioritizes safety
measures. This is evident from the minimum headway of 5.01 and the minimum time to a collision of 1.25,
which demonstrate MAA2C’s ability to maintain a safe distance between vehicles. This signifies the algorithm’s
capacity to balance speed and safety considerations in complex traffic scenarios.

Overall, the comparison shows that the centralized learning algorithms, MAA2C and MADQN, outper-
form the independent learning algorithms, IQL and IA2C, in terms of achieving cooperative behavior, optimizing
trip delay, and prioritizing safety. The centralized approaches leverage coordination among agents to make more
informed decisions, leading to better overall performance in the on-ramp merging scenario. Considering the ob-
jective of minimizing trip delay and improving system safety, MAA2C showcases a strong emphasis on safety
measures while maintaining an acceptable trip delay. MADQN, although achieving satisfactory performance,

leans slightly more towards individual performance optimization.

6.5 Policy Behavior

In the following section, we delve into the behavior of the policies and analyze the decisions made by the
agents. To understand how the agents interact with each other, we conducted an evaluation using six agents in
a single episode. The agents were initialized with identical spawn positions for both approaches. Throughout
the evaluation, we recorded the speed and the road ID for each step of all agents. The speed values obtained
from this evaluation are presented in Figure 5.3. Figure 5.4 provides a visual representation of the routes taken
by the agents during the episode. In this figure, the road ID is categorized into three values: 0 represents the
ramp edge, 1 indicates that the agent is on the merge junction, and 2 corresponds to the highway. For a clearer
view, refer to Figure 5.1.

Figure 6.5 (a) and (b) provide a comprehensive analysis of the previous section, focusing on the main-
tenance of speed for both the MAA2C and MADQN approaches. It is observed that the MAA2C agents
demonstrate good speed management, while the MADQN agents exhibit a tendency to pursue higher speeds.

To delve deeper into each approach, let’s examine their behaviors:

e MADQN: For the agents on the ramp (vehicles 2, 3, and 5), they generally maintain a speed close to the
desired speed of 18m/s. However, vehicle 3 stands out as it accelerates rapidly, reaching a risky speed of
34m/s on the ramp and merging quickly. The other two ramp vehicles slightly decelerate by approximately
2m/s as they approach the merge point to synchronize with the desired merging speed. Once merged,
they accelerate significantly, with a difference of around 10 m/s to match the highway speed. On the
highway, vehicles 0, 1, and 4 choose to accelerate to meet the desired speed of 25m/s, but they exceed
this speed, leading to congestion at the merge junction. They then decelerate abruptly to avoid collisions.

Overall, this policy does not prioritize cooperation optimally, but it manages to avoid collisions even at
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Figure 6.5: The speed behavior of the 6 agents for both MADQN and MAA2C
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Figure 6.6: The route behavior of the 6 agents of both MADQN and MAA2C.

high speeds.

e MAA2C: Similar to MADQN, the agents on the ramp (vehicles 2, 3, and 5) maintain a slightly higher
speed of 20 m/s compared to the desired speed of 18m/s. However, their speeds remain stable, indicating
that all ramp agents are synchronized to maintain a safe headway. As they enter the merge junction,
they start accelerating to reach the desired highway speed of 25m/s. On the highway, vehicles 0, 1, and
4 aim for a slightly higher speed of around 28m/s, which is not significantly different from the desired
speed. Interestingly, these vehicles slow down as they approach the merge junction, facilitating smoother
merging, which aligns with our objective. This analysis further supports our previous findings regarding

the cooperative behavior among MAA2C agents.

For both approaches, the agents’ speeds are generally closer to the desired speeds. This observation aligns with
our reward function, where the speed reward, denoted as rg, assigns a high reward for speeds within a range
of desired speeds +4 and —4. However, considering a more conservative approach in defining the desired speed

range may yield better results.

6.6 Scalability and Generalization

To assess the scalability and generalization of our trained MARL models, we conducted evaluations

considering different traffic densities. We categorized the traffic densities into three levels:
e 2 to 10 vehicles: low density

e 11 to 18 vehicles: medium density
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e 19 to 26 vehicles: high density, where 26 is the maximum vehicles number the scenario can fit

To analyze the scalability of our approaches, we gradually increased the number of vehicles in the environment
and evaluated the performance using 10 episodes for each vehicle addition. The resulting metrics were then
aggregated to calculate average performance indicators. This evaluation aimed to examine the ability of our
approaches to handle larger and more complex traffic scenarios. Furthermore, to explore the scalability in
a multi-lane setting, we extended our environment to a multiple highway-lane configuration. Figure 6.1 (a)
illustrates the extension of our environment to accommodate a greater number of vehicles, surpassing the initial
limit of 12 vehicles, as depicted in Figure 6.1 (b).

In addition to scalability, we also examined the generalization capabilities of the learned policy. We aim
to determine how well the policy performs in unseen or novel scenarios and whether it demonstrates adaptability
to different traffic environments.

we evaluate the two approaches by adding more vehicles each time, with 10 episodes of evaluation for
each addition and then we calculate the average metrics aggregation. aiming to study the scalability of our

approaches.
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Figure 6.7: Overall performance for MADQN and MAA2C with a higher number of agents running for 10
episodes

The performance analysis of our approaches reveals interesting findings across different traffic densities.
In low-density scenarios, both approaches exhibit excellent performance, with MAA2C demonstrating slightly
better results. However, as the density increases to medium levels, some differences emerge. MADQN tends to
prioritize higher speeds of around 28 m/s, resulting in better trip delay performance. Conversely, MAA2C shows
a significant increase in average speed to approximately 28 m/s with 14 vehicles, but at the cost of decreased

average reward and a higher collision rate, which was an unexpected outcome.
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The high-density scenarios pose a more challenging testing ground as they involve a large number of
vehicles occupying both the highway and the ramp. In these scenarios, maintaining a safe headway distance
and achieving high speeds becomes nearly impossible due to the congested roads. The collision rate is high, and
even a single collision can disrupt the entire lane. To address this issue, we tried to modify the global reward
function, which initially suffered from the credit assignment problem, by introducing regional rewards for each
specific lane. Another observation is that the agents are often doing unnecessary and frequent lane changes
which leads to unsafe driving. We may consider adding lane-changing evaluation to the reward function to
handle this situation.

Furthermore, the impact of system complexity on the reliability and performance of both value-based
(MADQN) and policy-based (MAA2C) methods is worth noting. As the number of vehicles increases, the
merging problem becomes more challenging due to increased model mismatch, leading to higher dimensionality of
the environment state. This complexity poses additional difficulties for both approaches. In addition, assigning
credit for rewards in this case more difficult due to the joint nature of actions and rewards. It can be challenging
to properly credit each agent’s contribution to the overall performance, which may lead to biases or difficulties

in learning.

6.7 Conclusion

In conclusion, this chapter presented a comprehensive evaluation of the proposed cooperative multi-agent
reinforcement learning (MARL) framework for on-ramp merging scenarios in autonomous driving. The results
demonstrate the effectiveness of the centralized MARL in achieving cooperative behavior among agents and
optimizing traffic flow. It exhibited learning and improvement over time, as indicated by the consistent increase
in average reward during training. The obtained policy was acceptable in term of achieving our objectives, where
the centralized MARL has a lower collisions rate and trip time delay compared to the baseline approaches. The
scalability of the framework was examined across different traffic densities, showing favorable performance
in low-density scenarios and highlighting challenges in high-density scenarios with increased collision rates.
Additionally, the generalization capabilities of the learned policy were assessed by extending the evaluation to
multiple highway-lane cases, demonstrating the adaptability of the MARL framework.

The experimental setup incorporated a co-simulation between SUMO and CARLA, utilizing the strengths
of both environments to control and evaluate the agents’ behavior in a realistic setting. However, due to the
significant computational resources required for training MARL agents, the training process was limited in terms
of the number of episodes, resulting in the analysis of sub-optimal policies. The evaluation process for scalability
and generalization was also constrained to a small number of episodes, potentially impacting the precision of the
results. However this results provides valuable insights into the performance of the proposed MARL framework
for on-ramp merging scenarios. Demonstrate the potential of cooperative MARL in achieving an optimized
trip delay and safe merging of autonomous vehicles. These outcomes can contribute to the advancement of

autonomous driving systems.
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Chapter 7

Conclusion

In conclusion, this work aims to implement multi-agent RL algorithms that can effectively handle complex
and unpredictable scenarios in autonomous driving, specifically focusing on the on-ramp merging problem. Our
objective is to design a collaborative policy that enables autonomous vehicles (AVs) on both the ramp and
highway to merge efficiently while ensuring safety and minimizing traffic trip time delay.

To achieve this objective, a scalable multi-agent reinforcement learning (MARL) framework is imple-
mented. The framework is designed to handle dynamic traffic scenarios and utilizes centralized training and
global rewards to foster inter-agent cooperation and scalability. To support experimentation, an open-sourced
simulation environment is created, integrating the SUMO and CARLA simulators to provide a realistic and
synchronized platform.

The evaluation of the MARL framework showcases its scalability by examining different traffic densities.
It demonstrates high performance in low-density scenarios while highlighting the challenges in high-density
scenarios. The generalization capabilities of the learned policy are evaluated by extending the assessment to
multiple highway-lane cases. The results for this case indicate the framework’s capacity to maintain a satisfactory
and safe speed. However, an unexpected behavior observed was the occurrence of unnecessary lane changes.

However, the reliability and performance of the value-based (MADQN) and policy-based (MAA2C) meth-
ods are influenced by the complexity of the system. As the number of vehicles increases, the merging problem
becomes more challenging, leading to model mismatch and higher dimensionality of the environment state.
Additionally, assigning credit for rewards becomes more difficult due to the joint nature of actions and rewards,
posing challenges in proper credit assignment and learning accuracy.

In Addition, it is important to acknowledge the limitations imposed by the significant computational
resources required for training MARL agents. The training process was constrained in terms of the number of
episodes, resulting in the analysis of sub-optimal policies. Additionally, the evaluation process for scalability
and generalization was limited to a small number of episodes, potentially impacting the precision of our results.

In future work, several refinements are proposed. Improving the MADQN and MAA2C approachs to
foster more cooperation, tuning the reward function to address the credit assignment problem, and considering
the use of a continuous action space instead of using high-level control decisions are primary future directions.
Furthermore, enhancing the capabilities of the MARL agents in handling complex and realistic scenarios by
utilizing sensor’s raw data instead of relying solely on localization and system information such as position and
speed is of interest. This approach would involve leveraging the CARLA simulator, which offers a richer and
more comprehensive perception of the environment. By adopting the Direct perception approach to learn and
predict from sensory inputs, the agents can make more informed decisions, leading to better scalability and

generalization.
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Appendix A

ML Concepts

A.1 Time-series data

Time-series data is a specific type of data where observations are collected and recorded at successive
and equally spaced time intervals. It represents a sequence of data points ordered chronologically, allowing
the analysis of patterns and trends over time. Time-series data is often used for forecasting future values or

understanding temporal relationships within the data.

A.2 QOutliers data

Outlier data, also known as anomalies, are observations that deviate significantly from the majority of the
data points in a dataset. These data points may be rare events, errors, or extreme values that are inconsistent
with the normal behavior of the data. Identifying and handling outliers is crucial in data analysis and machine

learning, as they can distort statistical measures, impact model performance, and lead to incorrect conclusions.

A.3 Data Smoothing

Data smoothing is a data pre-processing technique used to reduce noise and variations in a dataset,
making underlying patterns or trends more evident. It involves applying a statistical algorithm or a moving-
average window to the data points, which replaces each point with a smoothed value based on neighboring
points. The process helps to eliminate random fluctuations and highlight long-term patterns, aiding in better

visualization and analysis of the data.

A.4 Over-fitting

Over-fitting in neural networks refers to a situation where the model performs exceptionally well on the
training data but fails to generalize to new, unseen data. In other words, the neural network has memorized the
training examples instead of learning the underlying patterns and relationships within the data. This results in

poor performance when the model encounters data that it has not seen during training.

A.5 PyTorch

PyTorch is an open-source machine learning library for Python developed by Facebook’s Al Research
Lab (FAIR). It provides a flexible and efficient framework for building and training various machine learning
models, particularly deep neural networks. PyTorch is widely used in research, academia, and industry due to

its user-friendly design and extensive support for modern deep-learning techniques.
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Appendix B

RL Concepts

B.1 Experience replay memory

Experience replay memory is a fundamental concept in reinforcement learning, designed to enhance
the efficiency and stability of training agents. It is a data storage mechanism that maintains a collection of
experiences encountered by an agent during its interactions with the environment. Each experience consists of
an observed state, the action taken in that state, the resulting reward, and the next state the agent transitions
to. By accumulating and storing these experiences in a replay buffer, the agent can later draw random mini-
batches of experiences during the learning process. This process of randomly sampling experiences breaks the
temporal correlation present in consecutive experiences, allowing the agent to learn from a diverse set of past
interactions. Experience replay promotes better exploration of the state-action space and prevents the agent
from being biased toward recent experiences. As a result, the agent’s learning process becomes more robust,

leading to improved convergence and more efficient learning in various reinforcement learning algorithms.

B.2 Target network

In DQN, the target network is an essential component that plays a crucial role in stabilizing the learning
process and improving the efficiency of the algorithm. The target network is essentially a copy of the main
Q-network, which is used to estimate action values (Q-values) during the learning process. However, unlike
the main Q-network, the target network’s weights are not updated directly during training. Instead, the target
network’s weights are periodically updated to match the current Q-network’s weights after a fixed number of
training steps. This delayed updating of the target network ensures that the target Q-values used for boot-
strapping are more consistent and less prone to fluctuations, as the target network’s weights remain relatively
stable over a few training iterations. By decoupling the target network from the training updates, DQN can
achieve a more stable and reliable learning process, leading to faster convergence and improved performance in

complex environments.

B.3 Gradient ascent

Gradient ascent is a fundamental optimization technique widely used in various machine learning algo-
rithms, including policy gradient methods. In policy gradient, the goal is to maximize the expected return
(or cumulative reward) by finding the optimal policy that leads to the best actions in different states. Instead
of minimizing a loss function as in gradient descent, gradient ascent seeks to maximize a performance metric,
such as the expected return. To achieve this, policy gradient methods compute the gradient of the expected
return with respect to the policy parameters and update the policy in the direction of the gradient to improve

its performance iteratively. By taking small steps in the direction of increasing returns, the policy gradually
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converges towards better actions, leading to improved performance over time.

B.4 Sample efficient RL

In reinforcement learning, achieving sample-efficient training is of utmost importance. It refers to the
ability of an algorithm to learn effective policies using a minimal number of interactions with the environment. In
sample-efficient RL, the agent strives to make the most out of each experience by extracting valuable information
from every interaction. By maximizing learning efficiency, the agent can achieve its objectives with fewer episodes
or trials, which is especially crucial in real-world scenarios where the cost of interactions can be high or the
environment is time-consuming to simulate. Sample-efficient RL algorithms are designed to strike a balance
between exploration and exploitation, efficiently exploring the state-action space to discover optimal strategies

while minimizing unnecessary exploratory actions.
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Appendix C

RL algorithms

C.1 DQN agent

Algorithm 3 outlines the training method for the DQN agent, which aims to train the Q-network to learn

an optimal policy for decision-making in reinforcement learning tasks. The algorithm employs experience replay

to efficiently learn from past interactions and stabilizes training using a separate target Q-network.

Algorithm 3: Training Method for DQN Agent

Require: Q-network, ReplayBuffer

Ensure: Trained Q-network
1: Set hyper-parameters: learning rate «, discount factor v, etc.
2: while not converged do

3:

Sample mini-batch := {(s;, a;, 74, s;)} from shared ReplayBuffer with size B

Compute the target Q-values target Q for the mini-batch using the Bellman equation:

targetQ(si, ai) =T+ maX(Q(S;, a/§ atarget))

Predict the Q-values predicted Q for the mini-batch experiences using the Q-network.

Update the Q-network by using an optimization algorithm (e.g., RMSProp) with the loss:

loss = mean((Q(s;,a;;0) — targetQ)?) with respect to 0

Frequently update the target Q-network weights 0;arget by copying the weights from the Q-network.

C.2 A2C agent

Algorithm 4 presents the training method for the A2C agent, The algorithm aims to efficiently train the

actor-network to learn an optimal policy by iteratively updating its parameters based on the policy gradients

calculated from the advantage function. Additionally, the Critic Network, responsible for estimating the value

function, is optimized using the mean squared error loss to improve the accuracy of value predictions.
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Algorithm 4: Training Method for A2C Agent

Require: Actor-Network, Critic-Network, ReplayBuffer
Ensure: Trained Actor-Network
1: Set hyper-parameters: learning rate «, discount factor -, etc.
2: while not converged do

3:
4:
5

Sample mini-batch := {(s;, a;, i, s}, terminal)} from ReplayBuffer with size B

Calculate the advantage function A(s;,a;) using the Critic-Network evaluation V' (s;, a;).

Compute the policy gradient based on the advantage function:

VoJ ~ £ S8 Vglogm(as|si;0) - Asy, a;)

Update the actor-network using the policy gradients to maximize the expected return:

0+ 0+a- Vo

Optimize the Critic-Network estimated value function V (s;,a;) based on the reward ry:

Update the Critic-Network using an optimization algorithm (e.g., RMSProp) with the value function
loss:

value_loss = & 2:;3;1(1/(&7 a;) — r;)? with respect to the Critic-Network’s weights 6

Perform gradient descent on the value function loss and update the Critic-Network weights 6 using the
learning rate «.
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