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Abstract

Lane-free traffic is a novel and challenging research domain, in which vehicles do not
adhere to the notion of lanes, but are rather able to be located at any lateral position
within the road boundaries. This constitutes an entirely different problem domain for
autonomous driving compared to lane-based traffic, as vehicles consider the entirety of
the two-dimensional space available, and their decision-making needs to adapt to this
concept. There is no leader vehicle or lane-changing operation to adjacent lanes, therefore
the observations of the vehicles need to properly accommodate the lane-free environment
without carrying over bias from lane-based approaches. In addition, each vehicle wishes to
maintain a (different) desired speed, therefore creating many situations in which vehicles
need to perform overtaking and react appropriately to the behavior of others.

At the same time, Deep Reinforcement Learning (DRL) has already been used in a
variety of applications, while the fact that it can handle high dimensional state and action
spaces makes it suitable for controlling autonomous vehicles. Existing studies, however,
have not employed Reinforcement Learning (deep or otherwise) in the lane-free traffic
domain.

Against this background, this diploma thesis initiates the study of the application of
(Deep) Reinforcement Learning to lane-free traffic environments. To this end, we put
forward a Markov Decision Process formulation for the problem of Lane-Free Autonomous
Driving, by addressing all its elements. We consider the two-dimensional continuous action
space, along with a discretized form, as well as the state space. Our main focus is on
designing an effective reward function, as the reward model is crucial and determines the
overall efficiency of the resulting policy.

Specifically, we construct different components of reward functions tied to the environ-
ment at various levels of information. Then, we combine and collate the aforementioned
components and focus on attaining a reward function that results in a policy that man-
ages to both reduce the collisions among vehicles, and also address their requirement of
maintaining a desired speed.

Additionally, we study the performance of two quite popular DRL algorithms—namely
Deep Q-Networks (enhanced with some commonly used extensions), and Deep Determinis-
tic Policy Gradient (DDPG). Our experimental results indicate that DDPG has an overall
better performance, and confirm that our DRL-employing autonomous vehicles are able to
gradually learn effective policies in environments with varying levels of difficulty.
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Abstract in Greek

H odur) xuxhogopio o dpdupoug yweic hwpeldeg elvon évag véog Touéag €peuvag Ue WOLTERES
TEOXANOELS, OTou ToL oy uaTa 0ev TeptopllovTon amd TNV Evvola TV Awpldwy, ahhd SladéTouy
T duvatotnTa va Pploxovion ot omoladrtote TAEuptnY| VEOT EVTOE TV 0plwv TOu BpoUoU.
Autd ouvioTd €vay EVIEADS BLpORETING Touéa TEOBANUATOVY Yiot TNV auTOVOUTN OBHYNoN
oe oUyxpLon PE TNV xuxhogoplo mou Bacileton oe Awpldeg xuxhogopiog, xodng To oy ot
AoPBdvouy umddn Toug Tov TEayHATIXG SLECLIO BLEBLACTATO YMEO, EVEK XAl 1) SladLxacia Tou
oxohoudolV Yo T AN ano@dcewy TEETEL VoL TROCUPUOOTEL O aUTHY TNV Wéa. Emmiéoy,
1 EMNRELPT TV KOYNUATOV-00NYOV» Xt TNG AetTovpYlag oadhory g xuxhogoploxrc Awpldag oe
ToEOXEIUEVES AWPIDEC, CUVIGTOUY avoryxold TN GWOTY| TEOCUPUOYT TWYV TAPATNEYOEWY TWYV
OYMUATLY 0To TERBAMOV Ywpic hwpidee, Blywe va umdpyet pepoindla and mpooeyyicelg
mou Poctlovton oty Onapdn xuxhogoptaxmy Aweldwy. Axdua, xde dynua arnooxorel va
OLUTNENOEL Lot (&cxcpopeuxﬁ) emduuNTY| Ty OTNTA, BNULOURYWVTAS ETOL TOAES XATACTAOELS
OTOL TA OYAUATO TEETEL VO TEOOTIERUGOUY X0l VO AVTLORACOLY XAUTIAANAAL OTT| CUUTEQLPOPS
TWV GAWV.

Tavtdypova, n Badd Evieyut Mddnon (Deep Reinforcement Learning) €yet vdn
Yenoylomoinlel EmTUY®MS OF TOIMIAEG EQUOUOYES, EVE TO YEYOVOS OTL Umopel var yelploTel
VIMAGY BLIC TACEWY YOPEOUS XATAOTACENY XAl EVEQYELDY, TNV xahoTd WBLiTeEpa XATIAANAT
Yot TOV EAEYYO AUTOVOUWY OYNUdTwY. 201600, uéypl ohuepa, BEV UTEEYOLY ERYUGIEC TTOU
va €youv a&tomotfoet v (Bohd 7 un) Evioyutixy Médnon yio v xivnon oynudtwy oe
OpOHOUC Ywele Awpldeg.

Toltwv do¥éviwy, N mapodou Simhwuatixy epyaota Eexvd T HEAETN TNG EQPUPUOYAS TNG
(Bordidic) Evioyutxfic Mdinong oe nepiddirovta xuxhogopiog ywels Awpeldeg. Io to oxomd
aUTO, HOVIEAOTIOLACOUE TO TREOBANUA TNG AUTOVOUNS 001 YNoNS Ywelc Awpldeg wg ua Mapxo-
Brovh) Arodixacio Afhne Anogdoewv (Markov Decision Process), hopfdvovtog unddn oo ta
empépoug ototyela Tng. Eletdooue Ty avamapaotdor Tou SLoOLEC TUTOU YOEOU EVEQYELDY,
YewpwvTac Tov, €lte wg oLVEYY, elTe WC BLoELT, EVK OPIOUUE XL TO Y(PEO XATAGTUCEWY.
To xdpro pénua yag, wotdco, uthple 1 oyediaor uiog amodoTixrg cuvdpTNoNg avToo3ig,
%xo00¢ To povtého avtopol3ric elvon wialtepng onpaciog xon xodopllel T GUVOAXT| ATOTEAES-
HOTIXOTNTA TNG TOALTIXY|C TTOU TROXUTTEL.

LUYHEXPWEVAL, XUTACHEUACUUE DLUPORETINEG CUVLOTWOES GUVAPTHCERY AVTOHO3HC, Ol OTOoi-
€¢ ouvdEovTal PE TO TERBdAAOY ot dudpopa enineda TAnpogopiag. ‘Eneita, cuvdudooue xou
ouyxplvope T TEoavaPePVEicEC CUVIOTMOES, UE OXOTO TNV EVPECT) ULUG UTOTEAECUATIXAC
oLVEETNONG AvTAUOLBRC, 1 oTolo 0ONYEL OF Uiol TOMTIXT| TOU ETULTUY Y EVEL TAUTOY POV TN UElWOT



TWV CUYXEOVGEWY UE BANoL Oy AuaTa, oA xou TNy SLatrienorn wlag emduuntic ToyvTnTaC.

Emunicov, ouyxpivouue 800 apxetd dnpogiieic xar Yepehionoig alyopituoug Badidc udin-
ong, mo ouyxexptuéva tov ohyoprduo Deep Q-Networks (DQN), epodiacuévo e oplopéveg
EUPEWC YPNOLLOTOLOVUEVES EMEXTACELS, ot Tov akyoprdpo Deep Deterministic Policy Gra-
dient (DDPG). To mewpapatind pog anoteréopoto utodetxviouy 6t o DDPG éyet cuvolxd
xah0OTepn ambdoon xou emBefoudvouy 6Tl Tor auTOVOUN Oy AT Tou Yenotuorooly Badd
Evioyutu) Mdidnon etvon oe Veom var pordadvouy otadlond 6A0 %t To AMOTEAECUATIXEG TIOAL-
Tixég o€ TepIBdAhovTa ue drapopeTind enineda duoxoiiog.
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Chapter 1

Introduction

Reinforcement Learning is a rapidly developing area of machine learning that significantly
impacts the future of technology and everyday life. Nevertheless, its applications were
limited to simple problems within constrained environments until recently. Nowadays,
significant steps have been made toward making reinforcement learning more efficient.
This fact allowed researchers to address many unsolved challenges such as autonomous
driving, traffic signal control systems, and transportation systems overall.

In recent decades, such a challenging domain has been vehicular traffic, which has been
the primary means of transporting both people and products, making life more comfort-
able and faster. However, nowadays, the ever-increasing vehicular traffic congestion is
observed, imposing numerous complications on everyday life. In particular, traffic conges-
tion causes an increase in harmful emissions, delays in travel time, reduced traffic safety,
and excessive economic loss. Indisputably, taking measures to address this phenomenon
is considered imperative. Thus, during the past years, the automobile industry, as well as
various researchers, have made vast endeavors to alleviate this problem by investigating
both autonomous driving vehicles and alternative traffic models.

1.1 Motivation

Applications of Reinforcement Learning (RL) in the field of autonomous driving are gaining
a momentum in recent years [1] due to advancements in Deep RL [2, 3], giving rise to novel
techniques [4]. Another important reason for this momentum is an increasing interest to-
wards autonomous vehicles (AVs), as the current and projected technological advancements
in the automotive industry can enable such methodologies in the real-world |5, 6].

As a result, novel traffic flow research endeavours have already emerged, such as Traf-
ficFluid 7], which primarily targets traffic environments with 100% penetration rate of
AVs (no human drivers). Trafficfluid examines traffic environments with two fundamental
principles:

e (i) Lane-free vehicle movement, meaning that AVs under this paradigm do not
consider lane-keeping, but are rather free to be located anywhere laterally. Lanes
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emerged to simplify human driving, and when only automated vehicles exist, they
may no longer be required, given the observational capabilities of an AV compared
to that of a human driver.

e (ii) Nudging, where vehicles may adjust their behavior so as to assist vehicles on the
back that attempt overtake. In lane-based traffic, this would involve a lane-change
operation, and as such, nudging could not actually be considered in conventional
traffic. By contrast, in lane-free settings, a vehicle can provide the necessary space
for receding vehicles just by leaning towards an appropriate lateral direction.

In the context of lane-free driving, multiple vehicle movement strategies have already
been proposed |7, 8, 9, 10]. To be more specific, previous research has focused on optimal
control methods, such as model predictive control [9]. In addition, the application of a
movement strategy based on heuristic rules that involve the notion of “forces” 7] and the
deployment of a cruise controller has already been examined [10]. Finally, [8] investigates
the utilization of the max-plus algorithm, and constructs a dynamic graph structure of the
vehicles, considering communication among vehicles as well.

However, to the best of our knowledge, as of now no work that tackles the problem of
lane free traffic with RL techniques, while there is an abundance of (Deep) RL applications
for conventional (lane-based) traffic environments [1, 5, 4]. We believe that (Deep) RL
could be a valuable asset to managing such a challenging domain, as it is capable of
solving complex and multi-dimensional tasks with lower prior knowledge because of its
ability to learn different levels of abstractions from data. Furthermore, (Deep) RL provides
policies that automatically adjust to the environment, and thus there is no need for eithera
centralized authority or explicit communication among vehicles. The efficiency of RL
heavily relies on the design of the Markov Decision process and especially on the reward
model. The design of a reward function, though, is a challenge for (Deep) RL.

1.2 Contributions

In this work, we view the problem of designing an RL agent that learns a vehicle move-
ment strategy in lane-free traffic environments. As such, we design a Markov Decision
Process (MDP) for lane-free autonomous driving, given a single agent and an environment
with other vehicles adopting a lane-free driving policy. Regarding the MDP formulation,
we examine both discrete and continuous action domains, as they are tied with different
methodologies. Specifically, we examine Deep Q-Networks (DQNs) and some common ex-
tensions which require a discretized action domain, and compare with Deep Deterministic
Policy Gradient (DDPG), which was designed to handle continuous action domains.

The reward design is crucial and determines the overall efficiency of the resulting pol-
icy [5]. Given the nature of the algorithms, their ability to properly learn only with delayed
rewards and obtain a (near) optimal policy is uncertain, so we propose a set of different
reward components, ranging from delayed rewards to more elaborate and therefore more
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informative regarding the problem’s objectives. The learning objectives in our environ-
ment are twofold, and include safety, i.e., collision avoidance among vehicles, and that our
agent is able to maintain a desired speed of choice. One of the more informative reward
components we introduce includes the notion of desired lateral placement. In essence, it is
calculated by partitioning the road downstream into available lateral zones based on the
downstream traffic, and the agent is guided towards the selected zone through the reward.
However, during the experimentation process, we noted that this particular reward compo-
nent guides the agent towards more specific solutions, as it adds bias to the optimization
procedure and thus leads to performance inconsistencies. Contrariwise, while testing re-
ward functions that do not predispose our agent, we noticed that the agent tends to tackle
both objectives more efficiently, even in the most challenging environments.

Part of this work has already been published under the same title ”Deep RL Reward
Function Design for Lane-Free Autonomous Driving” [11], coauthored by Athanasia Kar-
alakou, Dimitrios Troullinos, Georgios Chalkiadakis and Markos Papageorgiou and appears
in the Proceedings of the 20th International Conference on Practical Applications of Agents
and Multi-Agent Systems (PAAMS 2022), L’Aquila, Italy, July 2022.

1.3 Thesis Outline

In Chapter 2 we provide the necessary theoretical background for this thesis. First, we
give an overview of several concepts; specifically the terms of Markov Decision Process,
Machine Learning, Artificial Neural Networks and the algorithms that we utilize for Deep
Reinforcement learning . Next, in Chapter 3 we provide information about the Lane-Free
traffic environment, discuss previous and related work, and also present our approach.
Then, in Chapter 4 we present our training settings, demonstrate our experimental eval-
uations and discuss results and various trade-offs that emerge. Finally, in Chapter 5 we
summarize this thesis and adress potential future work.
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Chapter 2

Theoretical Background

In this chapter we discuss the Theoretical Background of topics regarding this Thesis. Dis-
cussion topics involve Machine Learning, Reinforcement Learning, Deep Neural Networks
and Markov Decision Processes.

2.1 Machine Learning

Machine Learning [12] is a subfield of Artificial Intelligence [13], that provides systems with
the potential to learn and improve from experience without being explicitly programmed.
Machine learning focuses on developing computer programs that can access information
and use it for independent learning. The learning process begins with observations or data,
such as examples, direct experiences, or instructions, to look for patterns in the data and
make better decisions in the future based on the examples that have been provided. It
aims to allow computers to learn and to adjust actions automatically, without any human
help.

Machine Learning was firstly introduced in 1959 by Arthur Samuel [12| and is mostly
classified according to the way an algorithm learns to become more accurate in its pre-
dictions. There are four main approaches: supervised, unsupervised, semi-supervised, and
reinforcement learning. It is worth mentioning that the type of algorithm that is used
depends on the type of prediction data.

e Supervised Learning [14]: This approach includes algorithms that use defined vari-
ables, as well as both labeled input and output data as training data, to assess for
correlations. Both the input and the output of the algorithm are considered known.

e Unsupervised Learning [15]: is the task of training based on unlabeled and unclassi-
fied input data, with the purpose of identifying patterns in data sets and information.

e Semi-supervised Learning [16]: This type of machine learning is a combination of su-
pervised and unsupervised learning, meaning that typically combines a small amount
of labeled data with a large amount of unlabeled data for training.
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e Reinforcement Learning [17]: This is an alternative paradigm of machine learning
which addresses decision-making problems, and is described in more detail below in
Section 2.2.

2.2 Reinforcement Learning

Reinforcement Learning (RL) is a sub-field of Machine Learning used for decision-making
problems [17]|. Reinforcement learning differs from both supervised and unsupervised learn-
ing, as well as from semi-supervised learning, in the sense that its main goal is to optimize
the behavior of an agent in a specific environment, by maximizing the obtained rewards
that correspond to the agent’s decision-making.

In particular, Reinforcement Learning can be conceived as a trial and error type of
learning, meaning that the agent explores its environment and is guided towards an action
through a reward function, by aiming to find an optimal behavior that maximizes the total
future rewards. Typically, in RL applications there are two distinct entities, the agent and
the environment, which are usually formulated in a Markov Decision Process (MDP).

In the following Figure 2.1, a very basic reinforcement learning model and how the agent
interacts with the environment are depicted. Specifically as studied in Sutton’s and Barto’s
book titled "Reinforcement Learning: An Introduction" [18], the agent and environment
interact at each of a sequence of discrete time steps, t = 0,1,2,3,....2. At each time step
t, the agent receives some representation of the environment’s state, S; € S, where S is
the set of possible states, and on that basis selects an action, A; € A(S;), where A(S;) is
the set of actions available in state S;. One time step later, in part as a consequence of
its action, the agent receives a numerical reward, R;; 1 € R C R, and finds itself in a new
state, Sy 1.

At each time step, the agent has a mapping from states to probabilities of selecting
each possible action. This mapping is called the agent’s policy and is denoted as 7;, where
m(als) is the probability that agent will take action A; = a if S; = s. RL methods specify
how the agent learns a policy m;(a|s) as a result of its experienced transitions.

There are many different types of RL algorithms, and a typical taxonomy contains the
following categories:

e Value-based learning [19]| applies to cases that an agent learn the state or state-
action value and then act by choosing the best action in the state, i.e., the one that
maximizes the learned value function.

e Policy-based learning |20, 21| describes cases that an agent learns directly a (po-
tentially stochastic) policy function that maps state to action (or probabilities for
each available action).

e Actor-Critic learning [22] is a combination of the above-mentioned categories.
An agent learns both a policy and a value function, with the learning part of both
functions influencing one another. In more detail, the policy function (actor) learns
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.| Agent |
state reward action
S, R, A,

S.. | Environment ]“_

"

Figure 2.1: The agent—environment interaction in reinforcement learning

and proposes the most appropriate action (or probability of each action) given a
state, while the estimated value function (critic) evaluates the actions taken by the
actor given a specific state and the policy resulting by the actor.

RL algorithms can also be characterized by whether the environment dynamics (tran-
sition and reward functions) are explicitly learned or not. As such, we can also distinguish
RL algorithms into two categories:

e Model-based learning [23, 24| is when the agent is designed to learn a model that
describes how the environment works from its observations and then plan a solution
using that specific model.

e Model-free learning (25| refers to an agent that can directly derive an optimal
policy from its interactions with the environment without having to create a model
of the environment (either the transition dynamics or the reward function)

2.2.1 Reward and Return

In RL problems, a reward signal is used to determine the goal. Given a state s, each action
taken is associated with a reward, that evaluates the outcome of applying that particular
action. As described in Sutton’s and Barto’s book [18], the purpose of a reinforcement
learning agent is to maximize the expected cumulative sum of rewards. To define the total
long-term reward of a trajectory after a time-step ¢, we use a metric referred to as the
return G;.

Gy = Rip1 +YRiyo + V’Riyz + ... = ZVkRHkH (2.1)
k=0

where 7 is a value between [0, 1), called the discount factor and is used not only to bound
the return, but also to model the uncertainty about the future.
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2.2.2 Markov Decision Processes

The concept of Markov Decision Processes was first introduced by R. Bellman in the
1950’s [26]. It is a mathematical framework that completely describes the environment in
a reinforcement learning problem. A Markov decision process is described by the 5-tuple:

(57 A’ P7 R’ ’Y)

In detail:

e S describes the state space, a finite set of all possible states of the environment.

A describes the action space, a finite set of all possible actions that the agent can
choose.

P describes the transition model, a matrix that defines transition probabilities from
all states s to all successor states sy given the action taken a.

(Pey = Pr(Si1 = solS: = s, A = a)) (2.2)

R describes the reward model that defines the reward that the agent receives at each
time step.

The discount factor, described by 7, is used to define the return.

The state transitions of the environment are assumed to obey the Markov property,
which means the probability of reaching a future state only depends on s, and not on the
history of any earlier states. If the complete state of the environment is available to the
agent through the state, the environment is fully observable. On the other hand, the envi-
ronment is partially observable, if only a partial observation is available. The framework of
Partially Observable Markov Decision Processes [27]| addresses such environments, which
however lies beyond the scope of this thesis.

Different environments allow different kinds of actions, and the set of all valid actions in
a given environment is called the action space. The action space can be characterized as a
discrete action domain, where a finite number of moves are available to the RL agent [18].
Other environments can alternatively incorporate continuous actions spaces, i.e., a real-
valued action vector.
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Figure 2.2: Representation of an MDP

2.2.3 Policy

A policy 7 dictates the behaviour of the agent. There are two different types of policies:
they can be either deterministic and return a specific action a based on the state, 7(s), or
stochastic, m(als), i.e., define a probability distribution over the actions given a state.

2.2.4 Value Functions

The Value Function v.(s) evaluates how fitted it is for the agent to be in state s. This
function is the expected discounted sum of rewards that the agent will receive while fol-
lowing a certain policy 7 a state s. The value function, v,(s) for a specific policy = is
calculated as:

Ua(s) = Ex[Gi]S, = 5| = Ex[> V" Rina|Si = 5],Vs € § (2.3)

k=0

where 7 is the policy followed by the agent, and can be either deterministic or stochastic;
hence the existence of the expectation operation. An action-value function ¢.(s,a) can
also be defined. The action-value of a state is the expected return if the agent selects an
action «a and then follow policy 7.

Gr(8,a) = Ex(Gilsy = s,a; = a) = EW[ZWI“RHHﬂSt =s,A =al,Vs €S andVa € A
k=0
(2.4)

An important property of value functions used in RL is that they can be formulated
recursively. The recursive form is based on the Bellman Equation [28] for v, and has the

9
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following form:
vr(8) = Ex[G|S; = 5] = Ex[Ri1 +7Grya|S; = 5]
= wlals) Y PRy + VER[Gria| Sia = &)

(2.5)
=Y wlals) Y Ply[Rey +yvs(s))]
In addition, the Bellman equation is applied to the action-value function, as follows:
Gx(8,a) = Ex(Gilsy = s,a; = a) = Ex[Rip1 +7Gi41|S; = 8]
= > wlals) Yo D plsrls @)l + Y ErlGe|Sis = 5] 0

— ZP(S/’ 7“|S, a)[r + Y Z W(a|S)QW(3/> a,)]

The Bellman equation utilizes the structure of the MDP formulation to decrease this infinite
sum to a system of linear equations [17]. The precise state values can then be determined
by directly solving the equation.

2.3 Q-Learning

Q-Learning [29] is a popular off-policy value-based method It approximates the optimal
action-value function Q% (s, a), used to evaluate action a in state s. The Bellman Equation
is utilized for this reason:

Qi(s,0) = 7+ max Q3(s', ) (27)

where r is the current reward, while the remaining part of the equation refers to a expected
future (discounted) rewards. The approximated ()(s,a) function is acquired through Q-
Learning by minimizing the total expected loss function stated as the difference between
the predicted reward at a state and the obtained reward. As such, Q-Learning constitutes
a Temporal Difference Learning [30] method. The action-value update rule of Q-learning
can be described as:

Q(s1,a) + Q(s1,a) + afreyy + 7y max Q(St41,a) — Q(s¢, )] (2.8)

where « denotes the learning rate. A pseudocode that describes QQ-Learning, adapted
by [30], is provided in Algorithm 1.

10
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Algorithm 1: Q-Learning
Result: Off-policy control for estimating m ~ 7,
Parameters: step size o € (0, 1], small € > 0
Initialize Q(s,a)Vs € S, o € A(s) arbitrarily.
Set Q(terminal,-) =0
for each episode do
Initialize s
for step =0 toT do
Choose a from s using policy derived from @ (e.g. e-greedy);
Take action a, observer r, s’
Q(s,a) + Q(s,a) + afr + ymax, Q(s',a") — Q(s, a)l;
s« s
end

end

2.4 Exploration vs Exploitation

The exploration-exploitation dilemma [31] has been a recurring theme in reinforcement
learning and Al in general. The dilemma lies between exploiting the agent’s current esti-
mated value by choosing a greedy approach to get the most reward, and allowing the agent
to improve its knowledge about each state/action which could lead to long-term benefit.
Many policies exist that address this issue, and the ones that are relevant to our work are
described below.

2.4.1 Epsilon-Greedy Action Selection

In epsilon-greedy action selection, the agent attempts to balance both exploitation and
exploration. Essentially, the agent selects an exploratory action with probability € and a
greedy action (based on the agent’s greedy policy) with probability 1 — e. Epsilon-Greedy
exploration is often used as a behaviour policy in several reinforcement learning models,
to encourage exploration in training. We provide a pseudocode implementation of this
exploration method in Algorithm 2.

2.4.2 Ornstein—Uhlenbeck process

The Ornstein Uhlenbeck process [32] is a stochastic process that satisfies the following
stochastic differential equation:

dry = 0(p — xy) dt + o dW, (2.9)

where z; stands for a state in RL ,§ > 0, 4 and o > 0 are parameters and W, refers to the
Wiener process [33].

11
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Algorithm 2: Epsilon-Greedy Action Selection

Data: Q: Q-Table generated so far, € : a value within 0 and 1, S: current state
Result: Selected Action

Function SELECT-ACTION(Q, S, €):
n < uniform random number between 0 and 1 ;

if n < e then
| A < random action from the action space;

else

| A<+ maxQ(S,.);
end
return selected action A;

The Ornstein—Uhlenbeck (OU) process is often used as stochastic process to incorporate
noise for continuous action domains in Deep RL problems, specifically for action-selection in
the Deep Deterministic Policy Gradient algorithm [34] (see Section 2.5.6 for more details).
The noise is temporally correlated allowing to set a long-term mean p. The process moves
towards p with a given standard deviation X at a rate # and current value x; over timesteps
of the episode and is reset with an episode termination.

ay = p(s]0") + OU (xy,,,0,,, 1, ,,%) (2.10)

where the action is marked as a;, while the Ornstein-Uhlenbeck process, marked as OU, is
used to generate temporally correlated exploration, meaning that it generates noise that
is correlated with the previous noise.

2.5 Deep Reinforcement Learning

Deep Reinforcement Learning (DRL) [35, 36] is an aggregate of reinforcement learning and
deep learning [37]. DRL typically pertains to the utilization of Deep Neural Networks as
function approximators for value functions or policy in the context of RL.

Deep Neural Networks have already been used to extend a variety of RL methods [38].
In this work, we focus on Q-learning, and a specific actor-critic method that we discuss
below in this section.

2.5.1 Artificial Neural Networks

Artificial Neural Networks (ANNs) [39, 40|, also mentioned simply as Neural Networks [41,
13], are computing systems modeled after the neurons in a biological brain. Resembling
the neurons in the brain, ANNs also consist of nodes which are arranged in various layers,
a typical Artificial Neural Network is composed of three layers [41]:

e Input layer: alayer that receives the external data to perform pattern the training.

12
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Figure 2.3: Representation of an Artificial Neural Network

e Hidden layer(s) or Intermediate layer(s): one or multiple layers that separate the
input and output layers and where the computational process takes place.

e QOutput layer: a layer that produces the results for the provided inputs.

In most cases, there will be multiple hidden layers in a neural network. In that case, the
neural network is known as a Multi-Layer ANN or a Deep Neural Network. Moreover, each
layer has a number of neurons that are connected to the corresponding neurons in another
layer. The connections are assigned weights that are used for the unit’s activation.

In order to perform activation, a weighted sum of its inputs is computed at each unit
and then passed to an activation function to produce the layer’s output value. For that
purpose, we discuss a few commonly used activation functions [41, 42], namely the Sigmoid,
Hyperbolic Tangent and Rectified Linear Unit.

The Linear function, illustrated in Figure 2.4a, is a function that produces an output
which is proportional to the input according to a coefficient a, meaning that: y = a - x.
Assuming a = 1, a linear activation function has the form:

linear(x) = x (2.11)

The Sigmoid function, showcased in Figure 2.4b, is a math function with a sigmoid or a
typical “S” curve. It maps the input value = between the range of 0 and 1. Large negative
values become 0 and large positive values become 1.

1
14+ e 2

sigm(x) = (2.12)

The Hyperbolic Tangent function, as shown in Figure 2.4c, resembles the sigmoid
activation function, but it ranges from —1 to 1. It also shares a similar “S” form and is

13
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The ReLU function [43|, as depicted in Figure 2.4d, is the most popular activation
function. As authors in [44] claim, the use of ReLU activation outperforms both TanH and
Sigmoid functions in several applications, while sharing a similar computational cost.

ReLU(x) = max(0, z) (2.14)

In addition, to actually train a neural network, we use Optimizers [45], in order to
change the attributes of a neural network, i.e., the network’s weights and even adjust the
learning rate upon training. The most commonly used optimization functions are based
on (Stochastic) Gradient Descent [45, 46, 47]. One of the most popular optimization
algorithms used for ANN’s training is Adam [48], which incorporates various optimization
Specific types of artificial neural networks include:

14
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e Feed-forward neural networks [49]: is the most common and simple architecture.
In this framework, the data passes through the input layer to the hidden layers, while
the output layer which computes the final output.

e Recurrent neural networks [50]: work on the principle of saving the output of a
layer and feeding this back to the input to help in predicting the outcome of the layer.
Here, the first layer is shaped in a similar way to the feed forward neural network
with the product of the sum of the weights and the features. Once this is computed,
the recurrent neural network process starts, which means that from one time step to
the following, each neuron will store an amount of information it held in the previous
time step.

e Convolutional neural networks |51, 52|: are inspired by the receptive field in
the brain, that processes sensor input data and is sensitive to certain stimuli. They
process large amount of input data efficiently and thus are popular in advanced
approaches in the fields of Computer Vision and Machine Learning.

e Modular neural networks [53|: have a collection of distinct networks that act
independently and contribute to the final output. Moreover, each neural network
has a set of inputs that are unique compared to other networks constructing and
performing sub-tasks. In completing the tasks, these networks do not interact or
communicate with one another.

2.5.2 Deep Q-Network

DeepMind introduced Deep Q-Network (DQN), which adapts the Q-Learning algorithm [54,
29, 18| for function approximation using Neural Networks, utilizing Convolutional Neural
Networks to obtain a graphical representation of the input state for an environment, and
produce a vector of Q-values associated with each possible action.

The concepts of target network and experience replay, formally introduced in this
work [2], are the two important methods that enable the use of deep learning for ap-
proximating the Q function and addressing the issues of network stability.

Specifically, the target network is identical to the approximated Q function, and is
introduced to stabilize the learning process. Moreover, it computes a target value and is
updated by the QQ function at a regular rate. The Q-network is updated according to the
following loss function:

L(Qt) = E(St7at,7“t75t+1)[(ytDQN - Q(8t7 Qt; 915))2] (215)

where y{j @N — ri+ymaxy Q(si1,a’;07) refers to the Q-Network’s target value at iteration
t, while 6, and 6~ are the network’s parameters at iteration ¢ and at a previous iteration
respectively, with the latter being the target network’s parameters.

The loss function is minimized using stochastic gradient descent. The behaviour policy
is usually an Epsilon-Greedy policy (see Section 2.4.1) to ensure sufficient exploration.
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Algorithm 3: DQN Algorithm
Initialize replay memory D = ()
Initialize action-value function ) with random 6

Initialize target action-value function @ with § = 6

for episode =1,2....M do
With probability € select a random action a;

otherwise select a; = argmax,Q(s, a;0)

Execute action a; in emulator and observe reward r, and state s;,
D < DU (84, a4, 7, S441)

Sample random minibatch of transitions (s;, a;,7;, Sj4+1) from D

Set y; = T'js ~ for terminal s;44
’ r; + ymax, Q(s;j41,a;60), for non-terminal s;1,

Perform a gradient descent step on J(0) = (y; — Q(s;,a;;0))?

Every C steps, set § =6
end

The main idea of Experience Replay is to store the agent’s experiences (the tuples
(8¢, at, 74, S¢1)) in a buffer. Then, in each training step, a batch of experiences is uniformly
sampled from the buffer and fed to the network for training. Experience Replay ensures
that old experiences are not disregarded in later iterations, and removes the correlations in
the data sequences, feeding the network with independent data. This is suitable to DQN,
since it is an off-policy method. We describe the complete DQN procedure, as explained
in the original paper [2], in Algorithm 3.

2.5.3 Double DQN

A drawback of Q-learning, and consequently of DQN, is overestimation, occurring from
to the use of the max operator in the Bellman equation to compute Q-values. Recently,
Hado van Hasselt et al. [55] constructed a new Double Q-learning (see Hado van Hasselt,
2010 [56]) inspired algorithm called Double DQN (DDQN), that addressed this issue by
decomposing the max operation in the target into action selection and evaluation.

The idea behind DDQN is that of Double Q-Learning [56|, which includes two Q-
functions, where one function selects the optimal action, while the other estimates the
value function. As a consequence, Double DQN offers a faster training and more stable
learning across many domains, as evident by the results in [56].

To be specific, DDQN uses DQN'’s target network as the second action-value function,
i.e., it assesses the greedy policy according to the online network, while utilizing the target
Q-network to calculate its value. The update is similar to DQN, but replacing the target
yPON with:

yPPW = v, + 7Q(s451, argmax, Q(s41, a5 0;),07) (2.16)
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Algorithm 4: DDQN with Prioritized Experienced Replay
Input: minibatch £, step-size 7, replay period K and size N, exponents a and (3,
budget T'
Initialize replay memory D = ),A =0,p; =1
Observe sy and choose ag ~ my(sp)

for t=1to T do
Observe s, 14, Y

Store transition (s;_1, a;_1,7¢, Y, S¢) in D with maximal priority p, = max;<; p;
if t =0 mod K then
for j=1tok do
Sample transition j ~ P(j) = p;*/ > . pi®
Compute importance-sampling weight w; = (NP(j)) — / max; w;
Compute TD-error
§; =1; +vQ(sj, argmax,Q(s;j, a;0);0) — Q(s;—1,a;_1;0)
Update transition priority p; < |d;]
Accumulate weight-change A <— A 4+ w; - §; - VoQ(s;-1, a;_1;0)
end
Update weights 6 < 0 +n - A, reset A =0
From time to time copy weights into target network 6 « 6
end
Choose action a; = argmaz,Q(s;, a; )
end

The goal of DDQN is to translate the idea of Double Q-learning within the framework
of DQN.

2.5.4 Prioritized Experience Replay

Prioritized Experience Replay (PER) [57]| is an extension on Experience Replay, which
quantifies the ‘importance’ of each collected transition, and does not rely on a uniform
distribution for the sampling process.

Each experience tuple is now stored with an additional ‘priority’ value, so that ex-
periences with higher priority have a higher sampling probability and therefore have the
chance to remain longer in the buffer than others. As importance measure, the Temporal
Difference (TD) error can be used. It is expected that if the TD error is high (in absolute
value), the agent can learn more from the corresponding experience, because the agent be-
haved better or worse than expected. We present a pseudocode for DDQN with Prioritized
Experienced Replay in Algorithm 4, as provided by the authors in [57] Furthermore, in
the experimental evaluation of the original paper [57|, the authors showcase a significant
speed up the learning process when PER was used, compared to a conventional Experience
Replay buffer.
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2.5.5 Dueling Network Architecture

In the work of [58], authors introduce a novel algorithm for DRL with Dueling Network
Architectures (DNA), where the neural network architecture decouples the value and ad-
vantage function. In general, the advantage function has the form:

A™(s,a) = Q" (s,a) — V7(s) (2.17)

DNA leads to improved performance in the paper’s examined domains [58]. In detail,
the ANN is constructed with two streams, one of them providing an estimate of the value
function, while the other stream produces an estimate of the advantage function. Note
that both of those streams use the same convolutional feature learning module, and are
then combined to compute the state-action value function Q).

The Q-value function, according to the authors, is now given by:

Q(s.0:0,0,6) = V(s:0.8) + (A(s. a:0,0) — max A(s.:0,0)) (2.18)
a'e
Now, for
a* = argmazrycaQ(s,d’;0,a, 8) = argmaxgcaA(s,d’; 0, a), (2.19)
we obtain

Hence, the stream V'(s;0,3) provides an estimate of the value function, while the other
stream produces an estimate of the advantage function. Meanwhile, the learning update
is done as in DQN and it is only the structure of the neural network that is modified.

Usually, a slightly different approach is preferred in practice because it tends to increase
the stability of the learning process.

Q(s,a;0,a,8) =V(s;6,8) + <A(s,a;9,a) _ 1 Z A(s,d; 9,a)> (2.21)

|A| a’'€A

where in that case, the authors state that the advantages only need to change according
to the average value as baseline, which appears to work better in practice.

2.5.6 Deep Deterministic Policy Gradient

The Deep Deterministic Policy Gradient (DDPG) [34] introduces the direct representation
of a policy in such a way that it can extend the DQN algorithms to overcome the restriction
of discrete actions. It is an off-policy, actor-critic algorithm that utilizes the Deterministic
Policy Gradient (DPG) [59] and the DQN architectures.

This method presents a few upgrades to the traditional actor critic to make it applicable
with neural networks, i.e., it uses experience replay, just like in DQN and target networks
to compute the target y in the temporal difference error. To be more specific, target
networks in this context are two separate networks, which are copies of the actor and critic
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Algorithm 5: DDPG algorithm

Randomly initialize critic network Q(s,a|0?) and actor u(s|0*) with weights 6%
and 0*.
Initialize target network Q" and g/ with weights 69 « 6%, 0% «— o#
Initialize replay buffer R
for episode =1, M do
Initialize a random process N for action exploration
Receive initial observation state s;
for t =1, T do
Select action a; = p(s¢|0*) + N; according to the current policy and
exploration noise

Execute action at and observe reward rt and observe new state s;;
Store transition (s, a;, ¢, S¢11) in R
Sample a random minibatch of N transitions (s;, a;,7;, $;+1) from R
Set y; = i + Q' (siy1, 1/ (514210")109)
Update critic by minimizing the loss: L = & >, (y; — Q(s4, a;09))?
Update the actor policy using the sampled policy gradient:

Voud = % >, ValQ(s,al69)|s = si,a = pu(s;) Voup(s|0")]s;
Update the target networks:

09 + 709 + (1 — 7)0¢

O < TO" + (1 — 7))

end
end

network. Target networks in DDPG incorporate the soft target update, meaning that the
networks’ weights are adjusted in a slower pace using a temperature parameter to improve
the learning stability. It was found to provide improvement on the resulting policy at the
cost of slower learning. This transform the procedure of learning the optimal Q-function
into a supervised learning problem.

The update for the critic is given by the standard DQN update by taking targets y?P?¢

to be:
v T = Qs (5041504 ):097) (2:22)
where Q(s,a;097) and pu(s;0#7) refer to the target networks for the critic and actor re-

spectively.
The loss function is the following

L<9t> = ESNpB,aNﬁ(ytDDPG - Q(St, Qt; etQ))Q (223)

where Q(s, a; %) refer to the critic network with weights #Q and f3 is the behaviour policy.
Moreover, the policy (actor network) in DDPG is updated using the sampled policy gra-
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dient, given a minibatch of transitions [59]:
1
Voul Z VaQ(S, @5 09) | s=s; amp(seom) Vou (85 0") s, (2.24)

where pu(s; 0") refers to the the actor network with parameters 6# and N is the size of the
sampled minibatch from the buffer. As mentioned, DDPG also introduces the notion of soft
target updates to improve upon learning stability, meaning that the network parameters
of the actor (6#) and critic (#9) are updated in every iteration through a temperature
parameter 7 as: 07 =760 + (1 — )07, with 7 < 1.

Finally, to address the issue of exploration in a continuous domain, the authors in [34],
designed an exploration policy ' by adding noise sampled from a noise process N to the
actor policy.

o= (s 0") + N (2.25)

where N should be chosen according to the environment, while as we already mentioned
in 2.4.2, they propose the Ornstein-Uhlenbeck process, in order to generate temporally
correlated exploration for exploration efficiency.

The complete DDPG procedure, as presented in the original paper [34], is provided in
Algorithm 5.
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Our Approach

In this chapter, the design of both agent and environment is presented. The implementation
of a variety of deep reinforcement learning is also covered, as well as the different setups
of agents that were trained.

3.1 The Lane-Free Traffic Environment

As a training environment, we consider a ring-road traffic scenario populated with multiple
automated vehicles applying the lane-free driving behavior, as outlined in [7]. Our agent is
an additional vehicle that adopts the proposed MDP formulation, learning a policy through
observation of the environment. The observational capabilities of our agent includes the
position (z,y), speed (v, v,) of nearby vehicles and its own. Both the position and speed
are observed as 2-dimensional vectors, consisting of the associated longitudinal (z axis)
and lateral (y axis) values. All the observable vehicles share the same dimensions and
movement dynamics. Each vehicle selects randomly a desired speed v,, within a specified
range ([Vamin, Vamaz)), and this information can also be monitored. Our agent controls
2 (continuous) variables, namely the longitudinal and lateral acceleration values (ay, a,),
and determines the gas/break through a,, and left/right steering through a,. Fig. 3.1
illustrates the traffic environment. The examined ring-road scenario is emulated through
a highway, by having vehicles reaching the end-point reenter the highway appropriately.
Vehicles’ observations are adjusted accordingly, so that they observe a ring-road, e.g.,
vehicles towards the end of the highway observe vehicles in front, located after the highway’s
starting point.

As mentioned, other vehicles follow the lane-free vehicle movement strategy in [7], which
does not involve learning, i.e., other agents follow a deterministic behavior w.r.t. their own
surroundings. In addition, we disable the notion of nudging for other vehicles, since when
enabled, other vehicles move aside whenever we attempt an overtake maneuver, meaning
our agent would learn a very aggressive driving policy.
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Figure 3.1: Snapshot of the Lane-Free Traffic environment

3.2 Related Work

Under the lane-free traffic paradigm, multiple vehicle movement strategies |7, 8, 9, 10]
have already been proposed, with approaches stemming from Control Theory, Optimal
Control and Multi-agent decision making. In more detail, [7] introduces a lane-free vehi-
cle movement strategy based on heuristic rules that involve the notion of “forces” being
applied to vehicles, in the sense that vehicles “push” one another so as to overtake, or in
general to react appropriately. Now, [9] introduces a policy for lane-free vehicles based on
optimal control methods, and more specifically model predictive control, where each vehicle
optimizes its behavior for a specified future horizon, considering the trajectories of nearby
vehicles as well. Furthermore, [10] designs a two-dimensional cruise controller for lane-free
traffic, with more emphasis on Control Theory. Finally, [8] tackles the problem with the
use of the max-plus algorithm, and constructs a dynamic graph structure of the vehicles,
considering communication among vehicles as well. Yet, none of them tackle the problem
with RL techniques. In this work, we introduce an alternative movement strategy based
on Deep RL, providing various configurations for the reward function.

3.3 State Space

The state space describes the environment to the agent and must contain sufficient informa-
tion for choosing the appropriate action. Thus, our observation space contains information
about both the state of the agent in the environment and the surrounding vehicles. More
specifically, regarding the state of the agent, it was deemed necessary to store its lateral
position y, as well as both its longitudinal and lateral speed v,,v,. On the other hand,
as far as the environment and the surrounding vehicles are concerned, matters seem to be
more complicated, due to the nature of our problem. In particular, in lane-based experi-
ments, the state space can be defined in a more straightforward manner, as an agent can
be trained by utilizing information about the front and back vehicles on its lane, and the
position of its previous vehicle on the adjacent lanes, in case it handles lane-changing move-
ment as well. On the contrary, in a lane-free environment, we need a more extensive set
of information that depicts our environment in its entirety, as the number of surrounding
vehicles in the two dimensional space we consider is varying.

However, our state needs to include information about a predefined number of vehicles,
because the MDP formulation does not handle state vectors with varying size. Hence, a

22



3.4. ACTION SPACE Chapter 3

Figure 3.2: The estimation of state space

maximum of n surrounding vehicles are considered in a predefined longitudinal distance
d. In case there are more vehicles in the scene, only the n closest vehicles are considered,
while a neutral value is included in the state space, in the event that the number of vehicle
is fewer than n.

We store information about the speed of the surrounding vehicles, both longitudinal
and lateral. Additionally, intending to have a sufficient state representation, we include
information regarding the distances of the agent from the cars within the aforementioned
perimeter with a range of d meters. In this work, these above-mentioned distances are
referred to as dr and dy and result from the distance of the agent’s center and that of
each neighboring vehicle, as shown in Fig. 3.2. Finally, the state space of our experiments
contains our agent’s desired speed vy, alongside its desired lateral position y,; for each
time-step, a notion relevant to a component of the reward function, that is discussed in
Sec. 3.5.5.

3.4 Action Space

In this work, the primary objective is to find an optimal policy that generates the appropri-
ate high-level driving behavior for the agent to move efficiently in a lane-free environment.
Hence, our action space consists of two principal actions: one concerning the car’s longi-
tudinal movement by addressing braking and accelerating commands; and one relevant to
the lateral movement through acceleration commands for acceleration towards the left or
right direction.

Moreover, in the context of this work we investigated both a continuous and a discrete
action space. Specifically, DQN and its extensions tend to generate state-action values for
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each action, thus we had to use an appropriate set of discrete actions; a discrete action
space consists of a finite set of distinct actions [18]. In detail, at each time-step ¢, the agent
can perform one of 9 possible actions:

e q: zero acceleration in both axes

e a;: longitudinal acceleration

e a,: longitudinal deceleration

e q3: lateral acceleration towards left
e a4: lateral acceleration towards right
e a5: combination of a; and as

e gg: combination of as and as

e a7: combination of a; and ay

e ag: combination of as and ay4

On the other hand, the DDPG method is developed on to environments with continuous
action spaces. Therefore, we redesigned our action space into a single continuous real-
valued space a € R?, coinciding with the two desired types of actions, a lateral acceleration
and a longitudinal acceleration.

3.5 Reward Function Design

The design of the reward function is critical for the performance of (Deep) RL algorithms.
Particularly, this is a very pivotal part of the course of this work, since the reward function
should represent the desired driving behavior of our agent. It is worth noting that finding
an appropriate reward function for this problem proved to be quite arduous due to the
novel traffic environment. In particular, as stated, to the best of our knowledge, there is no
similar work where we could draw ideas from, as most of the related work in the literature is
typically based on the existence of driving lanes (in Sec. 3.2), which constitutes a different
problem altogether. For this reason, a reward function was constructed specifically for
lane-free environments.

Several components of reward functions were investigated to explore their mechanism
of influence, as well as to find the most effective form. Before presenting the various com-
ponents, we first determine the agent’s objectives within the lane-free traffic environment.

The designed reward function should combine the two objectives of our problem, that
is, maintaining the desired speed vy and avoiding collisions with other vehicles. All of
the presented reward components attempt to tackle these two objectives. Some are more
targeted only towards the end goal, and do not provide the agent with information for
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intermediate states, i.e., delayed rewards, while others are more elaborated and informa-
tive, and consequently tend to better guide the agent towards the aforementioned goals.
Naturally, the more informative rewards aid in the learning process, and for the baseline
algorithms examined, we also observe a strong influence in the results. Of course, such
informative rewards arguably add bias to the optimization procedure, and provide more
specific solutions, compared to delayed rewards, which allow for the agent to explore the
whole solution space to obtain a (near) optimal solution to the problem at hand. Yet, this
is not necessarily exploited and depends on the algorithm of choice, and its capabilities to
harness the whole solution space.

3.5.1 Longitudinal Target

Regarding the desired speed objective, several alternative algorithms were created. One of
the earliest was a purely linear algorithm that focuses on maintaining the required speed.
In detail, the function is linear with respect to the agent’s current longitudinal speed v,
and calculates a reward based on the the deviation from the desired speed vy of the agent
at that specific time-step.

To achieve this, the following mathematical formula is used:

- if v, < g3
Te = {Ud _ Ve = U (31>

otherwise

where r,, refers to the reward component related to the longitudinal desired speed vy. The
reward is normalized with v, so as to be bounded within the range of [0, 1].

After several experiments, we observed that this method did not have the expected
results, as our agent showed some undesirable and extreme behaviors. As such, we examine
an alternative version by adjusting Eq. 3.1, and adding either a positive or negative constant
reward of magnitude k.. In detail, we define a target area (for the longitudinal speed), and
if the agent’s current speed does not lie within, a positive reward is attributed whenever
the agent executes an action that approaches the corresponding area, while in the opposite
case, a negative reward is added.

We consider the targeted speed area vygnge = [Ug — €4, V4 + €,] to be a range of speeds
that allows for a speed deviation from the desired speed up to €,, i.e., |v, — v4| < €,. The
corresponding equation is as follows:

+k, if vy € Vrange & selected action approaches vrgnge;
Taky = § —kr if Uy & Upange & selected action distances vygnge; (3.2)
Ty if vy € Vrange
While the linear form manages to provide the agent with information, we could not
find a parameters’ setting that results in a policy incorporating both goals sufficiently.

This led to the use of a reciprocal function form instead. We retain the same notion of
trying to reach a longitudinal and lateral target (vy and y4). As such, for the longitudinal
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component, we simply have a cost corresponding to the normalized deviation of the current
longitudinal speed v, from the desired speed vg4:

vz — V4l
where v4 is a constant corresponding to the maximum desired speed, so that ¢, is bounded
within the range [0, 1].

It is evident that this function tends to be minimized at 0 whenever we approach the
respective goal. As such, the form of the total reward r; is a reciprocal function that
contains a weighted form of ¢, in the denominator. That being the case, we determined
that our evaluation function should reverse this, so we select a reciprocal form (1/z), and
we put ¢, as a denominator. .

.,

(3.4)

Tt = ——————
€ + Wy - Cp

where r, is the total reward at any time-step t, while €, is a parameter that allows the reward
to be maximized at 1 whenever ¢, tends to 0. We choose a small value for ¢, specifically
€, = 0.1, so as to make the minimum reward be close to 0 when ¢, is maximized.

3.5.2 Overtake Motivation Term

In our preliminary experiments, we determined that our agent tends to get stuck behind
slower vehicles, as it is deemed a "safer" action. However, this behavior is not ideal, as
it usually leads to a greater deviation from the desired speed. To address this particu-
lar problem, we created a function that motivates the agent to overtake its surrounding
vehicles.

In detail, a positive reward copertare 1S attributed whenever our agent overtakes one of
its neighboring vehicle. However, this reward is received only in cases that there are no
collisions.

(3.5)

S Tt + Covertake  1f agent does not collide & overtakes a vehicle;
be Ty otherwise

where r; denotes the total reward function, as described in 3.4.

3.5.3 Collision Avoidance Term

Concerning the collision elimination objective, our first step was to incorporate the col-
lisions into our reward function. In this light, we examined numerous components, with
the first being a “simpler” reward, by incorporating the training objective directly into the
reward, aiming to “punish” the agent whenever a collision occurs.

This is exclusively based on the collisions between our agent and its surrounding vehi-
cles. Specifically, a negative reward c.oiqe is received whenever a collision occurs. Essen-
tially, provided with a reward r; according to one of the aforementioned forms, the reward
. that the agent receives is calculated as:
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(3.6)

{Tt ~+ ceontide  if agent is involved in a collision;
Tte =

T otherwise

However, this imposes the issue of delayed rewards, as our agent only receives a negative
reward due to a collision with another vehicle. Especially in our domain of interest, our
agent can be in many situations where a collision is inevitable, even many time-steps before
the collision actually occurs, depending on the speed of our agent, along with the speed
deviation and distance from the colliding vehicle.

3.5.4 Lateral Targets

During the experimental evaluation of the aforementioned methods, we noticed that even
though a significant number of collisions seemed to be avoided, there were still some oc-
curring that our agent did not manage to avoid. Therefore, in order to drastically reduce
the number of collisions, we followed methods similar to those described in Sec. 3.5.1

Initially, in a similar manner to Eq. 3.1 , we developed a linear reward concerning the
lateral movement of the agent, so as to better inform it for overtaking maneuvers.

Y if v <y
7@:{w LU= (3.7)

Q'yyd—d_y otherwise

where 7, denotes the reward, regarding the lateral movement, y is our agent’s lateral
position at the time, and gy, describes the desired lateral position. As we later discuss in
Sec. 3.5.5, to acquire an appropriate desired lateral position g4, we created a method that
searches for available zones to move towards to, evaluates them, and returns an appropriate
lateral point to move to. As such, the total reward r; concerning the aforementioned
objectives is simply a linear combination of Eqgs. 3.1, 3.7:

Ty =Wy Ty Wy - Ty (3.8)

By setting the parameters w,, w,, we can control the level of influence of each compo-
nent, and consequently, prioritize its associated goal.

While this linear reward function is quite informative, when the agent is quite afar
from its longitudinal and lateral targets, the obtained reward values are negligible. Hence,
likewise Eq. 3.2, we incorporate the same notion for the lateral position objective as well.
We consider the corresponding target area to coincide with a calculated lateral region,
that our agent utilizes to overtake its surrounding vehicles. More details regarding the
calculation of this region, that we refer to as a zone, can be found in Sec. 3.5.5.

+k,. if y ¢ zone & selected action approaches zone;
Tyk, = § —kr if y & zone & selected action distances zone; (3.9)

Ty it y € zone
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Finally, when utilizing this alternative variant, as depicted in Eqgs. 3.2, 3.9, the total
reward 7, is again a linear combination aiming to balance the two associated objectives:

Tt = Wy * Vg + Wy Ty, (3.10)

Moreover, we examine a reciprocal form, as well, for the lateral component, the associ-
ated cost is again the normalized deviation of the lateral position y from the desired lateral
position y,:

[y — yal
Cy = ——— 3.11
= (3.11)
where w, is the width of the road, so that the cost ¢, is also bounded within [0, 1]. Con-
sidering that the vehicle always lies within the road boundaries, the deviation from the
desired (lateral) position cannot exceed the width of the road.

In contrast to the linear formulation 3.10, the cost functions tend to be minimized at
0 whenever we approach the respective goal. As such, the form of the total reward r;,_ is a
reciprocal function that contains a weighted sum of ¢, ¢, in the denominator.

€r

Tt = (3.12)
€ F Wy Cp +Wy - ¢y

where €, is a parameter that allows the reward to be maximized at 1 whenever the weighted
sum of costs tends to 0. We choose a small value for €., specifically €, = 0.1, so as to make
the minimum reward be close to 0 when c,, ¢, are maximized.

This last reward function we developed seems to be promising, as it leads to a faster
learning process, where the results improve at a quicker pace. However, it is also a quite
informative reward that adds bias to the optimization procedure.

3.5.5 Construction of Overtaking Zones

As mentioned earlier, we constructed an algorithm that estimates an appropriate desired
lateral position y,4 for our agent to occupy. This serves to provide information for our agent
so as to avoid collisions with vehicles downstream, especially if an overtake maneuver is
taking place (when vehicles downstream drive slower). For this computation, the space
downstream the vehicle is partitioned (with respect to the y axis) into zones, as illustrated
in Fig. 3.3. These zones reflect potential regions that the vehicle may choose to drive
towards to. Naturally, the lateral space occupied by vehicles in front is discarded, as
illustrated in Fig. 3.3. For the remainder zones, we also dismiss ones that our vehicle does
not actually fit, e.g., the zone with red color in the figure. When more than one zones are
available, we simply select the one closer to our agent, since it will result in a more gradual
maneuver. The desired lateral position y; will be the center point of the chosen zone (the
potential choices for y, are evident in the figure with dashed lines).

The observation range is dynamic for this process, adapting to the longitudinal speed of
our agent, and the range is selected through a timegap value t,. This dictates a longitudinal
distance downstream our agent through its longitudinal speed v, i.e., the longitudinal
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—

Figure 3.3: Zone Selection Process

distance d, we scan for vehicles to determine y, is calculated as d, = v, - t,. In case no
vehicles are observed within the specified distance d,, the entire road is considered as a
single zone, therefore g, is the center of the entire road width.

Note that we may also be unable to determine an available zone if vehicles downstream
completely block any overtaking maneuver. In that case, it is evident that the methodology
outlined above is not appropriate. When a zone cannot be determined due to heavy traffic,
then our agent is in any case not able to overtake and forced to remain behind the vehicles
in front. Therefore, the desired speed v, of our agent is adjusted according to the slowest
vehicle blocking our agent’s way, and the desired lateral position g, is set behind the fastest
blocking vehicle in front. Consequently, our agent will be able to overtake sooner, and with
the adjustment in the desired speed, it will not have any motivation to overtake unless it
is actually feasible, i.e., without causing a collision.

However, as already discussed in 3.5.4, this particular method is considered too informa-
tive, as it imposes a large amount of bias within the learning process and does not prompt
the agent to properly explore the environment. This fact is particularly noticeable in the
experiments presented in 4.3.4, as the agent does not manage to handle adequately more
demanding environments when utilizing a reward function based on this particular method.
Thus the final reward function does not include components based on this methodology.

3.5.6 Potential Fields

To tackle the problem of delayed rewards, we also employ an alternative, more informative
reward component, one that “quantifies” the danger of collision among two vehicles. The
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use of ellipsoid fields has been already utilized for lane-free autonomous driving as a mea-
surement of collision danger with other vehicles [8, 9]. Provided with a pair of vehicles,
the form of the ellipsoid functions calculates a utility that evaluates the danger of colli-
sion, taking into account the longitudinal and lateral distances, along with the respective
longitudinal and lateral speeds of the vehicles and their deviations.

Given our agent and a neighboring vehicle j, with longitudinal and lateral distance
dx;,dy;, and longitudinal and lateral speed deviation dv, ;, dv, ;, the form of the ellipsoid
functions is as follows:

U; = Ec(dxj, dy]) + Eb(dl'j, dyj7 dva,,,j, d’UyJ‘). (313)

Both E.(dz;,dy;) and Ey(dx;, dy;, dv, ;,dv, ;) have an ellipsoid function and capture a
critical and broad region respectively.
The particular ellipsoid form adopted in this approach is the following [60]:

m

(L + (B 4 1

a

BE(d,,d,) = (3.14)

where d, and d, are longitudinal and lateral distances, while a and b are regulation param-
eters for the range of the field for the two dimensions x and y respectively. The exponents
marked as p,,p, and p; shape the ellipse and lastly the parameter m defines the magnitude
when the distances are close to 0.

Essentially, the critical region is based only on the distance of the two vehicles, while
the broader region stretches appropriately according to the speed deviations, so as to
properly inform on the danger of collision from a greater distance, and consequently the
agent has more time to respond appropriately. The interested reader may refer to [8] for
more information on these functions.

Moreover, we also need to accumulate the corresponding values for all neighboring
agents, i.e., uy = Yy ;U for each neighboring vehicle j within our state observation at a
given time-step t. Finally, to bound the associated reward, we have

T fields = min{ug, 1} (3.15)

We know that each ellipsoid function is bounded within [0,m,], where m,, is a tuning
parameter. As such, each utility w; is bounded within [0,2m,]. Therefore, m is set ac-
cordingly (m, = 0.5), so as to normalize each u; values to [0,1]. Thus, provided with
a reward r; according to one of the aforementioned variants, the reward 7 ficiqs that the
agent receives is calculated as:

€r

T't, fields = 316)
Jretds € + wxf “Cp + Wg * Tfields (

Notice that 7 fieias = 7+ Whenever there is no captured danger with neighboring vehicles,
i.e., the ellipsoid functions for each neighbor j returns u; = 0.
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3.5.7 Putting all together: aiming to find the most efficient and
final reward function

To further improve our agents’ performance, we form a set of various reward functions by
combining some of the previous components.

Seeking a more efficient policy, we further study, at first, reward functions that involve
the construction and utilization of the overtaking zones. To be specific, in order to reduce
the number of collisions, we add the the Collision Avoidance Term (in Sec. 3.5.3) to the
Reciprocal reward function described in Eq. 3.12. We refer to that reward function as
"Reciprocal and Collision Avoidance RF".

ertwa-Cotwy-cy (3.17)
T otherwise

r

. {€—T + Ceollision  1f agent is involved in a collision;
tr,c —

On the other hand, in order to tackle the speed objective more effectively, we add the
the Overtake Motivation Term (in Sec. 3.5.6) to the reciprocal reward function of Eq. 3.12.
We refer to that reward function as "Reciprocal and Fields RF".

€r+WgCy+Wy Cy+W T fields

T otherwise

T

{ . if there is captured danger with neighboring vehicles;
Ttr,f =

(3.18)
To combine the above, we merge both previous reward functions in a single reward
titled "Reciprocal, Collision Avoidance and fields RF":

. N . .. . ..
oy = {ET TR —— + Ceotision 1 agent is involved in a collision (3.19)
0] T € . '
P ——_ otherwise

However, as evident by the results in 4.3.1, these methods did not improve the agent’s
performance, and therefore we examine different reward functions that do not include the
lateral target components.

Consequently, to tackle both our objectives more efficiently, we combine the reciprocal
longitudinal target reward of Eq. 3.4, the Collision Avoidance Term (in Sec. 3.5.3) and the
Overtake Motivation Term (in Sec. 3.5.2) components in a single reward function, noted
as "Overtake and Collision Avoidance RF", that is calculated as:

Tt + Covertake  1f agent does not collide & overtakes a vehicle;
Ttoe = & Tt + Ceontide  1f agent is involved in a collision; (3.20)

T otherwise

Furthermore, we refer to the assembly of the Potential Fields reward component (in
Sec. 3.5.6) of Equation (in Sec. 3.5.6) and the Collision Avoidance reward component (in

31



Chapter 3 3.5. REWARD FUNCTION DESIGN

Sec. 3.5.3), as "Fields and Collision Avoidance RF". This reward function is designed as
demonstrated:

Tt fields + Ceolli if agent is involved in a collision;
Tife= { t,fields collide g ; (321)

Tt fields otherwise

Finally, we combine the Potential Fields (in Sec. 3.5.6), the Collision Avoidance Term
(in Sec. 3.5.3) and the Overtake Motivation Term (in Sec. 3.5.2) components in a single
reward function, noted as "Fields, Collision Avoidance and Overtake RF", that is calculated
as:

Tt fields T Ceollide  if agent is involved in a collision;
Tt.feo = S Tt fields T Covertake if agent does not collide & overtakes a vehicle ;

Tt fields otherwise
(3.22)
Notice that 7; fieqs denotes the function described in Eq. 3.16.

As evident from the experiments described in 4.3.2, of the last three functions, the
"Fields, Collision Avoidance and Overtake RF" results in the best policy. In addition, this
particular reward function proved to be the most effective overall, as the resulting policy
manages to tackle both objectives the best, and its performance remains consistent even
in environments with varying levels of difficulty, as discussed in 4.3.4.
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Experimental Evaluation

In this section we present: our experimental results through a comparative study of the
different reward functions that we propose; various parameter settings that aim to showcase
trade-offs between the two objectives; and a comparison between the examined Deep RL
algorithms.

4.1 RL Algorithms Setup

First, we specify some technical aspects of our implementation. Regarding the DQN al-
gorithm and its extensions, we employed the Adam [48| optimization method, to update
the weight coefficients of the proposed network at each learning step. The epsilon-Greedy
policy was employed for action selection, in order to balance exploration and exploitation,
with € decreasing linearly from 1 (100% exploration) to 0.1 (10% exploration) over the first
200 episodes, and fixed at 0.1 thereafter. We utilised DQN and its extension with a Deep
Neural Network of 128 neurons in the first hidden layer, 64 in the second hidden layer, 9
in the output layer, while using Rectified Linear Unit (ReLU) and Linear activation.

In the setup for the DDPG algorithm, we also used Adam, to minimize the loss function
of the actor and critic. Furthermore, we chose to use Ornstein-Uhlenbeck Process to add
noise (as an exploration term) to the action output, as proposed in the original paper [34].
The actor neural network employed in the DDPG implementation, contains 256 neurons
in the first hidden layer, 128 in the second hidden layer and 2 in the output layer. Again,
ReLU activation function is used for all hidden layers, while the output uses the hyperbolic
tangent (tanH) activation function, so as to provide a vector of continuous values within
the range [—1,1]. Similarly, the critic neural network utilises 256 neurons in the first
hidden layer, 128 in the second hidden layer and 1 neuron in the output layer with ReLLU
activation function for all hidden layers, and linear activation at the output layer.

We trained for a total of 625 episodes across all experiments. The hyper-parameters
used are provided in Table 4.1. We empirically examined different parameter tunings, and
selected the ones that provide the best results for each RL algorithm.
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Parameter Value
Learning rate used by Adam « 0.001
Mini-Batch size 64
Discount factor (DQN) 0.98
Discount factor (DDPG) 0.98
Replay Memory size (DQN) 50000
Replay Memory size (DDPG) 100000

Soft update parameter (DDPG) 0.001
Number of episodes for training N 625

Table 4.1: Hyper-parameters for RL algorithms

4.2 Simulation Setup

Our implementation heavily relies on ANNs; since all DRL methods incorporate them for
function approximation. As such, in the context of this work we utilise:

e TensorFlow [61]: is an open-source platform, used for numerical computation, ma-
chine learning and artificial intelligence applications, that was developed by Google.
It supports commonly used languages, such as Python and R, and also makes devel-
oping neural networks faster and easier.

e Keras [62]: is a high level, open-source software library for implementing ANNs.
In addition, Keras facilitates multiple backend neural network computations, while
providing a Python frontend and being complementary to the TensorFlow library.

We train and evaluate our methods on a lane-free extension of the Flow [63] simulation
tool, as described in [8]. Moreover, to facilitate our experiments, we utilized the Keras-
RL library [64]. The Keras-RL library implements some of the most widely used deep
reinforcement learning algorithms in Python and seamlessly integrates with Tensorflow
and Keras. However, technical adjustments and modifications were necessary to make this
library compatible with our problem and environment.

Furthermore, the proposed lane-free driving behavior decision-making model was tested
in the highway scenario with the specified parameter choices of Table 4.2, whereas in
Table 4.3, we provide the parameter settings related to the MDP formulation.
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Parameter Value
Highway length 500 m
Highway width 10.2 m
Vehicles’ length 3.5 m
Vehicles’ width 1.8 m

Types of vehicles 2
Num. of vehicles 35

Agent’s length 3.2 m
Agent’s width 1.6 m
Execution Time 200 s
Time-Interval 0.25 s

Table 4.2: Simulation Parameters

Parameter Value
timegap 1, 0.7
agent’s desired speed vy 20 m/s

other vehicles’ desired speed

18 m/s to 22 m/s

num. of vehicles in state n 3
longitudinal observation distance d 80 m
Wy 0.65
wy 1
w, (for RFs with lateral target) 0.35
w, (for RFs without lateral target) 0.65
k, 0.5
Ceollide —2.5
Covertake 2
€y 0.4

Table 4.3: Parameter choices related to MDP formulation
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4.3 Results and Analysis

As discussed in Sec. 3.5, we proposed several reward components and their effectiveness is
evaluated based on three metrics. These are: the average reward value, the speed deviation
from the desired speed (for each step, we measure the deviation of the current longitudinal
speed from the desired one (v, — vg), in m/s), and of course, the average number of
collisions. All results are averaged from 10 different runs.

Moreover, we have to clarify that we obtained the majority of the showcased results
(Figs. 4.1-4.15) with DDPG algorithm since, as we discuss later (Figs. 4.16-4.21), it ex-
hibits the best overall performance. We typically demonstrate in our figures our agent’s
average reward, speed deviation, and the average number of collisions for each episode
respectively.

4.3.1 Longitudinal and Lateral Targets with Other Components

In Figs. 4.1, 4.2 and 4.3 we provide the results for a variety of reward functions that
serve to evaluate both the Longitudinal and lateral reward components. In each figure,
there are four curves that represent the performance of the proposed reward functions.
Specifically, the Longitudinal and Lateral Desired Targets reward functions (Eq. 3.8 in
Sec. 3.5.1 and 3.5.4) are depicted as ‘Linear Reward Function’, while the second variant of
the total linear reward, i.e., Eq. 3.10, is labeled as ’Linear v2 Reward Function ’. Moreover,
the reward function described in Eq. 3.12 is labeled as ‘Reciprocal Reward Function’.
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Additionally, we wish to motivate the use of zones instead of a more simplistic approach
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by including one more variant of the reward function for comparison. We refer to the
assembly of just the Collision Avoidance Term (without the inclusion of fields) (in Sec. 3.5.3)
and the Reciprocal function, but only with the longitudinal (¢, ) cost (Eq. 3.3 in Sec. 3.5.1)
as ‘Collision Avoidance RF’. This particular reward function is mathematically described
in Eq. 3.6 As such, the agent receives a positive reward regarding its desired speed, and
only a negative reward of magnitude c..;qe Whenever a collision occurs, without any other
intermediate value for this objective. The weighting coefficients for each reward function
are set according to Table 4.3. As we will later discuss, the reported configuration provided
the best results. Note that collision avoidance is of higher priority compared to keeping
the desired speed.

All of the aforementioned functions showcase an improvement of the agent’s policy over
time. However, each of them exhibits different behavior. First, the ‘Linear Reward” man-
ages to avoid most collisions, at the expense of maintaining noticeably lower longitudinal
speed than the desired one, as indicated by the negative values in Fig. 4.3. On the contrary,
the second variant of Linear rewards, ‘Linear Reward v2’, provides notably a better policy
regarding the longitudinal desired speed. Yet, it does not perform sufficiently on collision
avoidance. Moreover, while the ‘Reciprocal Reward’ has a similar performance with the
‘Linear Reward’ in terms of collision avoidance, it obtains significantly better results in
terms of speed deviations, therefore balancing the two objectives much better, making
it the prevalent choice for a more effective policy overall. Finally, the additional variant
tested, ’Collision Avoidance Reward’; is by far the worst in terms of collision avoidance,
and it shows that the agent is only focused on the desired speed objective. As such, the
use of the lateral target we introduced, i.e., the more informative reward, strongly benefits
the resulting behaviour of our agent.

In Table 4.4 ,we present a detailed comparison between the above methods, of the
average collision number and the average speed deviation from the desired speed , during
the course of the last 50 episodes. This table verifies that the 'Reciprocal RF’ is the most
effective so far, as it is the only one that significantly reduces the number of collisions to
around 0.5, while at the same time maintaining a speed that nears the objective. It is
obvious, that the speed deviation has a significant impact on the number of collisions, a
case that was noticeable during the most of our experimentation.

Evidently, higher rewards do not coincide with less collisions, meaning that the reward
metric should not be taken at face value, especially since we compare different reward
functions. This is particularly noticeable in the case of the reciprocal reward function,
where there is a reduced reward over the episodes, but when observing each objective, it

Function Linear vl Linear v2 Collisions Reciprocal
Collisions 0.233 1.98 2.206 0.526
Speed Dev. (m/s)  —1.409 —0.064 —0.135 —0.514

Table 4.4: Comparing different Reward Functions using Lateral Target
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clearly showcases the best performance. This is expected, since reciprocal reward has a
different form entirely. In the subsequent experiments, we omit commenting the report
of the average reward, and only take into consideration the results regarding the two
objectives of interest. Nevertheless, we adhere to demonstrating them, so as to prove the
general learning improvement over episodes.

Furthermore, we must point out that a slight deviation from the desired speed in our
experiments is to be expected. Maintaining the desired speed throughout an episode is not
realistic. Our agent may occasionally get stuck behind slower vehicles, and then wait until
the conditions allow for an overtake.

As mentioned, the most promising reward function form at this point is apparently
the Reciprocal one. Therefore, we further investigate it, by examining two additional
components, namely Collision avoidance term and Potential Fields term, as presented
in 3.5.3 and 3.5.6 respectively. In particular, we present in Fig. 4.4, 4.5 and 4.6 a detailed
comparison between: the Reciprocal function in Eq. 3.12; the Reciprocal function with the
Collision avoidance term in Eq. 3.17; the Reciprocal function with the potential fields term
in Eq. 3.16; and the Reciprocal Function with both components in Eq. 3.18.

Moreover in Table 4.5 we provide a closer look to the comparison between these 4 reward
functions. The reported results are averaged from the last 50 episodes of each variant,
where the learned policy has converged in all cases. In these results, we observe that just
the addition of the Collision avoidance term (‘&Coll.”) does not improve performance,
as it manages to moderately mitigate collision occurrences, at the expense of the desired
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Figure 4.4: Reward over time for different forms of Reciprocal RF
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Function Rec. &Coll.  &Fields &Coll.&Fields
Collisions 0.526 0.343 0.928 0.646
Speed Dev. (m/s) —0.514 —0.819 —0.279 —0.438

Table 4.5: Comparing the different forms of Reciprocal RF

speed objective. Simultaneously, when combined with the fields reward (‘&Coll. &Fields’),
it actually achieves maintaining the desired speed, but fails to decrease the number of
collisions. Nonetheless, the agent’s behavior deviates from the goal, when just integrating
the field component ("&Fields’).

Throughout our experiments, it is obvious that the two objectives are countering each
other since a vehicle operating with slower speed is more conservative, while a vehicle
wishing to maintain higher speed than its neighbors needs to overtake in a safe manner,
and consequently learn a more complex policy that performs such elaborate maneuvering.

This remark is also visible in Figs. 4.7, 4.8 and 4.9, as well as, in Table 4.6, which contain
information about running the 'Reciprocal Reward Function’ with different weights of the
collision and speed cost components, attempting to find a more balanced solution.

The expected trade-off between the two objectives is better highlighted here, as the
weights clearly dictate a preference towards one goal or another, and intermediate values
attempt to balance both. The ‘safe’ policy (with (w, = 0.05,w, = 0.95)), almost com-
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Figure 4.7: Reward over time for the Reciprocal RF with different weights
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w,=05 w,=0.35 w,=0.15 w,=0.05
Collisions 0.917 0.526 0.137 0.046
Speed Dev. (m/s) —0.211 —-0.514 —1.129  —1.431

Table 4.6: Comparing different weights of the collision and speed cost components for
Reciprocal Reward Function.

pletely minimizes collisions, as evident by the result, but also completely disregards the
desired speed goal. Essentially, the policy results in a simplistic behavior, as it guides
the vehicle to never overtake, and follow the leading vehicles. As such, the vehicle with
higher desired speed inevitably faces at some point slower vehicles, and simply adheres
to their lower speed. By contrast, when giving more emphasis on speed, vehicle drives
more aggressively, also causing collisions more often. Now, as mentioned already, we give
higher priority to collision avoidance, but we require the policy to balance both objec-
tives, therefore the one that gives a smaller preference towards safety is the most preferred
(wy = 0.35,w, = 0.65).

4.3.2 Longitudinal Target with Fields and Overtake RFs

However, the lateral target imposes a lot of bias within the algorithm, as it provides an
explicit reward signal that guides the agent to an appropriate zone. While this manages
to provide overall good results, it is also both (i) a limitation, since it does not allow the
agent to explore the environment appropriately, i.e., adds bias, and (ii) is arguably “too
informative” in the sense that this reward component’s information is too specific, more
complex in its design, and requires certain computational effort (see Sec. 3.5.5). Moreover,
the use of the lateral reward component does not generalize well under more intense traffic
conditions, as we later showcase in Sec. 4.3.4. As such, we now examine our agent without
the use of the lateral target, in order to have the notion of lateral placement as an implicit
learning task and thus to improve the agent’s performance.

Therefore, in Figs. 4.10, 4.11 and 4.12 we demonstrate our agent’s performance, when
utilising different reward functions. In each of these figures, there are four curves that depict
the performance of the proposed reward functions. Specifically, in each examined reward
function, the Longitudinal Target reward 3.4 is combined with an associated component
to tackle the collision avoidance objective. We refer to the reward associated with the
Collision Avoidance Term (Eq. 3.6) and the addition of the overtaking motivation (Eq. 3.5),
as ‘Overtake and Avoid Collision Reward Function’. Furthermore, the use of the fields
(Eq. 3.16) for that objective is labeled as ‘Fields Reward Function’ and 'Fields and Avoid
Collision Reward Function” when combined with the Collision Avoidance Term. Finally,
the assembly of all components in a single reward function (Eq. 3.22) is referred to as
‘Fields, Overtake and Avoid Collision Reward Function’. All of the aforementioned methods
showcase an improvement of the agent’s policy over time, nonetheless, they do not exhibit
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Figure 4.12: Speed Deviation over time for different functions

As stated previously, the ‘Collision Avoidance Reward Function’ manages to maintain
a longitudinal speed close to the desired one. Yet, it does not manage to decrease the
number of collisions sufficiently. Moreover, as evident in Figs. 4.10, 4.11 and 4.12 the
addition of the overtaking component, in ‘Overtake and Avoid Collision Reward Function’,
achieves a longitudinal speed slightly closer to the desired one, while the collision number
is still relatively high. On the contrary according to the same figures, the ‘Fields Reward
Function’ exhibits a similar behavior to the previous mentioned reward functions, with a
slight improvement on collision occurrences. Finally, both the "Fields and Avoid Collisions
Reward Function’ and the ‘Fields, Overtake and Avoid Collision Reward Function’ perform
slightly worse in terms of speed deviations. However, they obtain significantly better
results in terms of collision avoidance, therefore balancing the two objectives much better.
On closer inspection though, the ‘Fields, Overtake and Avoid Collision Reward Function’
manages to maintain a smaller speed deviation and number of collisions, thus making it
the prevalent choice for a more effective policy overall.

To further demonstrate this point, we present in Table 4.7 a detailed comparison
between these 4 reward functions. The reported results are averaged from the last 50
episodes of each variant, where the learned policy has converged in all cases, as noticeable
in Figs. 4.10, 4.11 and 4.12.

In addition, we must point out that during our experimentation process, we tested
a variety of weight coefficients to culminate in the most efficient reward function. In
Figs. 4.13, 4.14, and 4.15 we demonstrate this experimental process. From top to bottom,
we showcase and compare the performance of alternative versions of the "Fields, Overtake
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Function &Fields &Coll.&Fields & Coll.&Overtake &Fields &Coll.&Overtake
Collisions 1.761 0.726 2.293 0.649
Speed Dev. (m/s) —0.323 —0.698 —0.058 —0.613

Table 4.7: Comparing the different rewards

and Avoid Collision RF".

According to the showcased curves, it is evident that it is quite an arduous task to find
the perfect balance between all those components to tackle the problem at hand efficiently.
Once more, the fact that the two objectives are countering each other is noticeable. Specif-
ically, we do notice that the experiments with the lowest speed deviation are those with the
highest number of collisions, while on the other hand, those that showcase a low number
of collisions deviate the most from the desired speed.

To demonstrate this concern, in Table 4.8 we provide a closer look on the averaged
outcomes of the last 50 runs for each of these curves. According to the showcased results, it
is apparent that the selected configuration (wy = 1, w, = 0.65, Ceoltisions = 2.5, Covertake = 2)
tackles the problem at hand most efficiently.

The following results also support the claim that policies, which minimize collision
avoidance, exhibit a very simplistic behavior where the learned agent just follows the
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Figure 4.13: Reward over time for the Fields, Overtake and Avoid Collision RF with
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wy 1 1 1 1 1 1
Wy 0.65 1 1 0.65 0.2 0.65
Ceollisions 2.5 1 2.5 2.5 2.5 1
Covertake 2 1 2 0.7 2 2
Collisions 0.669 1.51 1.12 0.664 0.322 1.0625

Speed Dev. (m/s) —0.613 —0.232 —0.421 -0.718 —-1.042 —0.521

Table 4.8: Comparing different weights of the collision and speed cost components for
Fields, Overtake and Avoid Collision Reward Function.

speed of a slower moving vehicle in front, i.e., is too defensive and never attempts overtake.
Therefore, the associated reward components are not well-fitted for our training objectives
even if they showcase better results on collision avoidance only.

4.3.3 Comparison of Different DRL algorithms

The following set of experiment compares different Deep RL algorithms, in Figs. 4.16,
4.17, 4.18 we employ our Reciprocal Reward, using DQN, Double DQN, DQN with Du-
eling Architectures and DDQN with Prioritized Experience Replay and compare their
performance to that of DDPG. It is evident that all five learning based methods make the
agent learn the expected behaviour to an extend. However, DDPG seems to have the best
performance, as it is the only method that decreased the number of collisions to under 1
on average, while managing to preserve a speed that is near the desired one.

Upon closer examination, by observing the averaged results extracted from the last
episodes of each variant, as presented in Table 4.9, DQN, DDQN and DNA result to a
smaller speed deviation, yet they exhibit a higher number of collisions.

In detail, although the discrete methods, and especially the use of PER, graphically
show a significant reduction in the number of collisions, they worsen the overall result, as
this reduction is due to the excessive drop in our agent’s speed.

To further prove our point, in Figs. 4.19, 4.20 and 4.21, we compare the performance
of DQN, Double DQN, DQN with Dueling Architectures, and DDQN with Prioritized
Experience Replay to that of DDPG, while utilizing the ’All Components RF”.

On closer inspection, as shown in Table 4.10 the compared DRL algorithms result to
a slighter speed deviation, with DQN touching —0.5, DDQN -0.27 , DNA -0.33 and PER

DRL Algorithms DDPG DQN. DDQN DNA PER

Collisions 0.526 2.017 2.081 1.822 0.696
Speed Dev. (m/s) —0.514 —0.406 —0.382 —0.424 —0.975

Table 4.9: Comparing different Deep Reinforcement Learning Algorithms, using Reciprocal
Reward Function.
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Figure 4.20: Collisions over time for the Fields, Overtake and Avoid Collision RF with
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DRL Algorithms DDPG DQN. DDQN DNA PER

Collisions 0.669 1.462 1.598 1.678 1.280
Speed Dev. (m/s) —0.613 —0.507 —0.273 —0.337 —0.514

Table 4.10: Comparing different Deep Reinforcement Learning Algorithms, using Fields,
Overtake and Avoid Collision Reward Function.

-0.51. However, they also exhibit a higher number of collisions, in detail during the last
50 episodes DQN exhibits an average of 1.46 collisions per episode, DDQN an average
of 1.59 collisions, DNA an average of 1.67 collisions per episode, PER an an average of
1.26 collisions, while as we already mentioned DDPG outperforms them and displays 0.66
collisions per episode.

It is apparent that DDPG tackles our problem more efficiently, as policy gradients can
be easily applied to model continuous action spaces, since their policy network is designed
to model probability distribution. Meanwhile, DQN requires discretizing the action space,
which rarely leads to the ideal solution. Moreover, we attribute its improved performance
to the complexity of our reward function and training environment, as DDPG tends to
outperform DQN in such cases.

4.3.4 FEvaluation for different Traffic Densities

Finally, to obtain more comprehensive and thorough results, we decided to test the 2
most promising reward functions in more complex and demanding lane-free environments.
We chose to run both the 'Reciprocal RF’ and the "Fields, Overtake and Avoid Collision
REF’, using a set of different traffic densities. Specifically, in Figs. 4.22, 4.23 and 4.24 we
illustrate the results of running the Reciprocal RF, using densities equal to 70, 90, and
even 120. Meanwhile, in figures s 4.25, 4.26 and 4.27 we demonstrate the corresponding
outcomes, when running the Fields, Overtake and Avoid Collision RF for the same set of
traffic densities.

The above figures prove our claim for the unsuitability of the Reciprocal Reward Func-
tion. We observe that when the density value is set to 70, then the agent showcases the
best overall policy. However, that is not the case when the difficulty of the environment
increases. In particular, in environments with higher densities, the agent chooses to focus
on maintaining the desired speed and disregards completely the task of avoiding collisions.
This fact is mainly confirmed by the experiment that density is set to 120, as by the end
the number of collisions is close to 6.

On the contrary, we observe that when using the "Fields, Overtake and Avoid Collision
Reward Function’, the agent tends to handle the surrounding traffic quite well. In detail,
it is noticed that the number of collisions decreases dramatically with the passage of the
episodes, while, in all cases, at the end of the training it approaches or falls below 1. At the
same time, the collisions and the difference in the agent’s speed from the desired one are
proportional to the density of the surrounding vehicles. However, this behavior is expected
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Figure 4.23: Collisions over time for the Reciprocal Reward Function for different densities
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Figure 4.26: Collisions over time for the Fields, Overtake and Avoid Collision RF for
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Figure 4.27: Speed Deviation over time for the Fields, Overtake and Avoid Collision RF
for different densities
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Reward Function Reciprocal RF Fields, Overtake and Avoid Collision RF
Density 70 90 120 70 90 120
Collisions 0.526 1.021 6.062  0.669  0.771 1.066

Speed Dev. (m/s) —0.514 —0.680 —0.922 —0.613 —0.956 —1.715

Table 4.11: Comparing different Deep Reinforcement Learning Algorithms, using Fields,
Overtake and Avoid Collision Reward Function.

since in busier highways, vehicles operate with lower speeds and danger of collision is more
present.

In addition, a more direct comparison of the behavior of the two reward functions is
found in Table 4.11. The numerical results presented confirm the superiority of the "Fields,
Overtake and Avoid Collision Reward Function’ as its performance remains consistent, re-
gardless of the difficulty of the environment. Therefore we conclude that this particular
function is the prevalent choice among the rewards examined in Deep Reinforcement Learn-
ing for lane-free autonomous driving, since it manages to tackle both objectives efficiently
in every configuration that was tested. !

Eventually, we must point out that to the best of our knowledge this is one of the earliest
endeavors, if not the first, that introduces the concept of deep reinforcement learning to
the lane-free environment. Thus the main focus here is not to deploy a “perfect” policy
that eliminates collisions, but to examine the limitations and potentials of DRL in a novel
and evidently quite challenging domain. Of course, with a (decentralized) coordination
approach, using, for instance message-passing algorithms such as max-sum |8, 65|, one could
eventually guarantee zero collisions (at least experimentally). However, such approaches
assume that all agents are interconnected with "fail-safe" communication capabilities, and
that they accept to be part of the coordination protocol. By contrast, RL makes no such
assumptions. Finally, our approach is at an early stage, and therefore there is no discussion
regarding realistic deployment, even if we managed to have 0 collisions on average. The
absence of hard constraints and fallback mechanisms in any type of safety-critical system
cannot lead to a real-world deployment, and that should be addressed in future work. This
absence is even more crucial for algorithms that rely on ANNs (and Machine Learning in
general), where explainability endeavours are still not mature enough [66].

1Videos showcasing a trained agent with ‘Fields, Overtake and Avoid Collision Reward Function’ marked
as ’All-Components Reward Function’ can be found at: https://bit.1ly/300LjJW.
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Chapter 5

Conclusions

5.1 Summary

This thesis focused on introducing the concept of deep reinforcement learning to the lane-
free traffic domain. Specifically, the aim of this work was to train a single autonomous
agent to operate in a lane-free traffic environment, using DRL techniques. In particular,
due to the novelty of our training environment, we formulated the above problem as a
Markov Decision Process. For that purpose, we introduced a set of reward components
at various levels of information that we combined in different reward functions in order
to tackle the two objectives, namely collision avoidance and targeting a specific speed of
interest. In addition, we thoroughly tested those reward functions for environments with
varying difficulties, using a set of both discrete and continuous deep reinforcement learning
algorithms.

Throughout our experimental evaluation, we perform a quantitative comparison of all
the proposed reward variants and different DRL methods, in order to exhibit their respec-
tive performance, and in general provide insight for an RL application on the lane-free
traffic domain. We conclude that DRL could be a valuable asset to tackling problems in
a lane-free traffic environment and discuss some possible scenarios for extension of our
approach.

5.2 Future Work

We encourage the utilization of this work in similar and more complex lane-free experi-
ments, as well as its further improvement. In detail, since our work is focused on a novel
traffic model, many future work endeavors can be considered. Different RL algorithms can
be employed as training methods for the problem at hand, such as PPO [67], which is
a continuous, on-policy algorithm, that has been proved to provide a better convergence
and performance rate than most deep reinforcement learning algorithms. An additional
potential deep RL technique to be examined is that of NAF [68], which can be described
as DQN for Continuous Control Tasks and according to the authors outperforms DDPG
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on the majority of tasks [68].

Furthermore, we could consider adopting other noteworthy advancements from the
Deep RL literature [3], such as the utilisation of a different parameterization of the state-
action value function, similar to the one suggested by the authors. Another interesting
endeavour would be to utilize Deep RL techniques that explicitly tackle multi-objective
problems. Specifically in [69], the authors propose a method that could be effective for
challenging problems, like lane-free traffic, whose objectives can not be easily expressed
using a scalar reward function, due to the complexity of the environment.

We also intend to utilise other methods that do not necessarily involve learning, such as
Monte-Carlo tree search (MCTS) [70]. The MCTS technique could potentially be a great
solution to the problem of autonomous driving in a lane-free traffic environment, using the
proposed reward functions, as we expect that delayed rewards will provide better policies
in terms of the overall performance. An alternative future consideration is to address the
multi-agent aspect of this problem, considering other vehicles that learn using the proposed
learning behaviors [71].

Finally, we believe that the incorporation of safety rules that regulate the agent’s be-
havior will be beneficial for forthcoming endeavors and will result in better balance of the
two objectives. Regarding this goal, there are two potential methodologies, with the former
being the incorporation of novel safe RL techniques that consider a set of ‘safe’ states on
the MDP formulation that the agent is allowed to be located, and utilizing optimization
techniques to guarantee a safe policy [72]. Alternatively, we can view this problem with-
out the lens of RL formulation, and consider the Responsibility-Sensitive Safety [73|, that
proposes a specific set of rules for Autonomous Vehicles that ensures safety.
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