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Abstract

In the past decade Deep Reinforcement Learning (Deep-RL) has evolved into a powerful tool
that can outperform both human abilities and traditional algorithms in many domains. Deep-
RL differs from classic RL in its ability to handle complex problems in larger, and sometimes
continuous, action and state spaces. At the same time, the vehicular traffic research area is
of utmost practical importance. Numerous works have proposed that automated vehicles can
optimize traffic flow. Vehicles on the road tend to maintain different desired speeds, leading to
various situations requiring overtaking and other appropriate reactions to others’ behavior.

Now, in recent years, a novel vehicular traffic paradigm, namely that of lane-free traffic, has
emerged as a means to utilize the full width of a road by automated and (potentially connected)
vehicles. In a lane-free environment, vehicles can be positioned anywhere in the two-dimensional
state space, complicating the automated vehicles’ decision-making process significantly and mak-
ing it entirely different from the traditional lane-based approach. Deep RL is a natural candidate
to address the challenges posed by this new traffic paradigm.

Against this background, this thesis builds upon recent work by Karalakou et al. [1] that en-
abled the application of the Deep Deterministic Policy Gradients (DDPG) Deep RL algorithm in
the lane-free traffic domain. Our work progressively builds an autonomous agent that combines
various algorithmic components, having as a basis the Normalized Advantage Functions (NAF)
deep RL algorithm. Specifically, we put forward the blending of NAF with Prioritized Expe-
rience Replay (PER), Parameter State Noise for Exploration (PSNE), the well-known Boltz-
mann exploration method, and a local optimization method for exploration; and systematically
test our approach in the lane-free highway traffic domain, comparing the performance of var-
ious combinations of these algorithmic components against that of the aforementioned DDPG
approach. Our simulation experiments’ results showcase our approach’s superiority to using
DDPG; highlight the strengths of each tested algorithmic variant; and demonstrate that our
NAF+PER+PSNE variant (in which PSNE is actually combined with Boltzmann exploration)
is overall the better method for use in the lane-free traffic scenarios examined.



[Tepiindm

Ta nepoouéva yeoévia, to Deep Reinforcement Learning (Deep-RL) e&eliyOnxe oe éva ioyvpd
gpyohelo mou unopel va unepvixoel oe TOANOUC TopElC TIC XAVOTNTES TOU OVIPMTOL X0l TWV TUTL-
xwv alyopiduwv. To Deep-RL Siagpépet and to xhaoixé Reinforcement Learning otny wovdtntd
TOL v ovTYETWRICEL TohOThOXO TPOBAAUATA TOU LPIGTAVTOL OE UEYUANDTEQOUS %o, UEPLXES (POREC,
ouveyelg ydpoug dpdong o xataotdoewy. Ilapdhinia, 1 €peuva oTov Touéa TG KukAogopiag
oxnudtwr, evan vplotng onupociog. Apxetéc yeléteg €youv mpoTelvEL OTL TAL QUTOUATO OYHUOTA
unopolv va BelTioTomolcouy 11 por) Tng xuxhogopioc. To oyrfuata otov Spduo telvouv va diotr-
poUV BlaopeTixéc TayUTNTES, TO OTolo 0dNYEl oE TANHDEN XATAC TACEWY TOU ATAUTOUY XATIAANAES
AVTIORAOELS, OTWE AUTH TNG ACPANOVC TPOCTERACTC.

Ta tehevtado ypévia, To TEGTUTIO TNS KUKAo@opias xwpls Awpibes (lane-free traffic) éxer ey-
poaviotel g xouvotoplo otov topéa TnNg kukAogoplas oynudtwy, to onolo, mpoPBAénel Tn Yeron
OAOXANPOL ToL TAATOUS VS BpbUoL and autéuaTa Xo (EVIEYOUEVLC DGUVIEDEUEVY) OYUaT.
Ye éva mepBdihov ywelc Awpeldeg, ta oyfuato unopoly va tTotodeTodviol 0noudHTOTE OTOV Blodl-
doToto Y0po, Teptmhéxovtac onuavtxd TN Swdixacio Mdne ano@doewy xou SlapopoTolvTas TNV
and TNV napadoctony tpocéyyion pe Awpldeg. To Deep RL elvon évag pépehmic unodriplog mou Yo
el va avTieTwnioel Tic TPoXAAOELS TTOU TEOXVTTOLY 0d AUTOY TOV VEO OYEBLICUO XUXAOQoplas.

Aedopévou Tou Tapandve mioctou, 1 tapodoa dwaten Baciletar otny mpdopaty epyasia TV
Karalakou et al. [1] mou enétpede v e@opuoyt] Tou akyoplduou Deep Deterministic Policy Gra-
dients (DDPG) tou Deep RL otov topéa tne xuxhogoplac ywelc Awpidec. H epyaoia pag, ytile
Bordptaior €var autdvouo medxtopa Tou cLVBUELEL Bidpopa alyopLduxd oTtolyela, Exovtag wg Bdon
tov Deep-RL ohyéprdpo Normalized Advantage Functions (NAF). Yuyxexpwéva, npoteivouue
tov cuvduaop6 Tou NAF ue 1o Prioritized Experience Replay (PER), to Parameter State Noise
for Exploration (PSNE), tv dnuoguf uédodo eZepebvnone Boltzmann, xou pa pédodo tomnic
BeAtiotomoinong. Lt cuvéyeln, eAéyyoupe pedodixd TNV TEOGEYYIOY UAC YENOLLOTOLOVTUS (¢
TepBdAloY Evary auTOXVNTOBEOUO Yweic Awpldee, xau cuyxelvoude TNV anddocn TNg Ye auTh TNg
rpoavagepdeicac 6o €pyo [1]. Ta anoteéoPaTa TWY TELPUUATWY LAS OTNY Tpocouolwor delyvouy
TENXE TNV UTEEOY T NG TEOGEYYIONC Wog ot clyxplon e Tov DDPG, avadeixviovtac to TAcove-
xThoTa x&ie doxyaouévne alyoptduixic nopodhayne. Télog, to nelpdpata emBEUVOOLY, TS 1|
napodhayfy mtov ouvdudlet NAF+PERA+PSNE (otny onola 1o PSNE cuvbudleton pe tn uédodo
eZepevvnone Boltzmann) emgpéper T xahbtepa anoteléopata uetald TV oeVipLwY xUxho@opiag
ywelc Awpldec mou e€etdotnxay.
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1 Introduction

Reinforcement Learning (RL) stands at the intersection of Artificial Intelligence and decision-
making. Its ability to tackle complex decision-making problems make it a compelling field of
study. Nevertheless, its applications were limited to simple problems within constrained envi-
ronments until recently. Deep Reinforcement Learning (Deep-RL) was essentially introduced in
a 2013 paper [2] where the authors combined an Artificial Neural Network (ANN) [3] with Expe-
rience Replay [4], to create an extension of tabular Q-learning, called Deep-Q-Networks learning
(or D@QN). In the years that followed, Deep-RL evolved into a powerful tool, by both replacing
the Q-table with Neural Networks in Reinforcement Learning (RL) algorithms, and, by creating
more efficient Replay Buffers that can increase the agent’s convergence speed. Also, Deep-RL
was proven capable to outperform classic RL in various domains, such as Atari Games[2] and
autonomous driving in lane-based environments ([5], [6]).

Now, vehicular traffic is a domain of utmost importance, as it has been the primary means
of transporting both people and products, making life more comfortable and much faster. Au-
tomated vehicles can optimize traffic flow, by employing sophisticated algorithms for efficient
routing and adaptive driving strategies. Hence, with the evolution of Deep-RL, automated vehi-
cles can be trained in difficult environments without the use of complex rule-based algorithms.
These vehicles, can lead to smoother traffic patterns, minimizing delays and enhancing overall
transportation efficiency while also minimizing the traffic accidents resulting from human errors
such as distracted driving or impaired judgment.

In this thesis, the agent will act in a lane-free environment, as in the TrafficFluid [7] concept.
More precisely, this concept combines lane-free traffic with the concept of wvehicle nudging, to
provide the possibility of designing the traffic flow characteristics in an optimal way, rather than
merely describing or modeling them. Researchers inspired by the TrafficFluid concept, have
proposed multiple vehicle movement strategies, both using control methods [8] and Deep-RL
techniques, like Deep Deterministic Policy Gradients [1] and Imitation learning using DQN [9].
The Deep-RL techniques were built on the top of the Markov Decision Process (MDP) designed
[10].

This thesis, builds upon the foundation laid by [1] by replacing Deep Deterministic Policy
Gradients (DDPG) [11] algorithm with Normalized Advantage Functions (NAF) [12]. In more
detail, NAF, based on Advantage Learning [13] separates the Value Function from the Advan-
tage term, in order to calculate easier the best action, in continuous action spaces. After the
implementation and the fine-tuning of the NAF algorithm, the agent will undergo testing on
the same environment and reward function as DDPG did. Afterwards, some techniques that
utilize better exploration and policy learning will be added, to boost NAF’s performance. More
precisely, the original Replay Buffer will be replaced by a fine-tuned Prioritized Ezperience Re-
play (PER) [14] memory buffer and the Boltzmann exploration technique will be combined with
Parameter Space Noise for Exploration (PSNE) [15] for better exploration of the environment.
Finally, a modified version of the proposed exploration will be created and tested against the
previous exploration technique.
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1.1 Contributions

This thesis focuses on the development of an agent, which combines existing Deep-RL algorith-
mic components like NAF, PER and PSNE. This agent, was trained to follow a strategy within
the aforementioned lane-free MDP. In more detail, it initially implements the Normalized Advan-
tage Function (NAF) algorithm proposed in [12]. At first, some of the agent’s hyper-parameters
were fine-tuned empirically, while others, such as the Neural Network structure and the explo-
ration rate, were tested to determine the best settings. Afterwards the weights of the reward
functions were slightly modified, for the agent to yield better objective rewards, such as devia-
tion from the desired speed and the total number of collisions. Using these modifications, NAF
was tested against DDPG [11], as the latter was implemented in [1].

This comparison, showed that the NAF agent, behaves better as it achieves a safer driv-
ing style at the same speed as [10]. Building on top of the NAF agent, state of art Deep-RL
techniques were added to improve the training agent. More precisely, to test how the training
buffer affects the learning process, the existing NAF implementation with the replay memory
buffer was compared with an implementation of NAF when combined with the PER buffer. This
comparison showed that the NAF+PER combined agent, yields a better mean reward than the
simple NAF agent.

PSNE, was also added in order to contribute to the agent’s exploration policy. In more detail,
the offline optimization for exploration purposes that was proposed in [12], was replaced by the
PSNE. To the best of our knowledge, there has been no prior integration of PSNE with the NAF
algorithm. This work, proposes and puts forward such an implementation which is a non trivial
task. Specifically we propose a combination of PSNE and Boltzmann exploration and build
it on top of NAF. The resulting NAF+PFER+PSNE implementation, as shown experimentally,
outperforms the existing agents, by yielding fewer collisions at the same driving speed as its
competitors.

Finally, PSNE was replaced by a local exploration technique, inspired by such a proposal
in [12]. Comparing experimentally this exploration technique with PSNE, demonstrated that
PSNE can explore the environment better and leads to better results. Also, this comparison
proves the difficulty of locally optimizing a reward function without any prior knowledge, in
difficult environments such as the lane-free autonomous driving one.

1.2 Thesis Outline

To better understand the structure followed in this thesis, let’s discuss each chapter’s con-
tent. After the introductory Chapter 1, Chapter 2 follows, in which the necessary theoretical
background is provided to the reader, by thoroughly explaining Machine Learning (ML) and
Reinforcement Learning (RL) as concepts. Afterwards, Deep-RL is introduced as the combi-
nation of the above. Then, some required Deep-RL algorithms are described, finally leading
to NAF’s explanation. In addition to that, PER and PSNE are also described. Chapter 3
follows, containing all information required to understand lane-free environments and the sug-
gested agent’s implementation while all the conducted experiments, can be found in Chapter 4.
Finally, Chapter 5 consists of the thesis summary and the future work to be performed in this
domain.
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2 Background and Related Work
2.1 Machine Learning

Machine Learning (ML) is a sub-field of Artificial Intelligence (AI), which focuses on the develop-
ment of algorithms and models that enable computers to learn from data and make predictions
or decisions based on it. Rather than being explicitly programmed to perform a specific task,
ML systems are designed to improve their performance over time through experience.

For the sake of clarity and precision, let us establish the following conceptual framework.

Consider the example of handwritten digit recognition; each digit can be constructed as an im-
age, so that it can be represented by a vector denoted as ‘z’, comprising real numbers. The goal
is to create a machine that will take such a vector as an input and then produce the identity
of the digit (0, . . . , 9) as the output.This is a non-trivial problem due to the wide variability
of handwriting. It could be tackled using handcrafted rules or heuristics for distinguishing the
digits based on the shapes of the strokes, but in practice, such an approach leads to a prolifer-
ation of rules and of exceptions to the rules and so on, and invariably gives poor results.
Far better results can be obtained by adopting a machine learning approach in which a large
set of N digits 1 , . . . , zn, called a training set, is used to tune the parameters of an
adaptive model. The categories of the digits in the training set are known in advance, typically
by inspecting them individually and hand-labeling them. We can express the category of a
digit using target vector ¢, which represents the identity of the corresponding digit. Suitable
techniques for representing categories in terms of vectors will be discussed later. Note that there
is one such target vector ¢ for each digit image x.

The result of running the Machine Learning algorithm can be expressed as a function y(x)
which takes a new digit image = as input and generates an output vector y, encoded in the
same way as the target vectors. The precise form of the y(x) function is determined during the
training phase, also known as the learning phase, based on the training data. Once the model is
trained it can then determine the identity of new digit images, which are said to comprise a test
set. The ability to categorize correctly new examples that differ from those used for training is
known as generalization. In practical applications, the variability of the input vectors will be
such that the training data can comprise only a tiny fraction of all possible input vectors, and
so generalization is a central goal in pattern recognition [16].

The previous example provided was a classical illustration of supervised learning. But the
domain of ML in general consists of three types of learning methods; namely supervised learning,
unsupervised learning and Reinforcement Learning (RL) :

e Supervised learning: In supervised learning, the training set consists of pairs of input and
desired output (labeled pairs). The goal is for the algorithm to learn a mapping between
input and output spaces. Using the previous example as an illustration, the inputs were
the handwritten digits (either used as a vector or as an image), the outputs were the
generated vector y(z) and the goal was to ‘learn’ a binary classifier.

e Unsupervised learning: In unsupervised learning, the training set consists of unlabeled
inputs, that is, of inputs without any assigned desired output. Unsupervised learning gen-
erally aims at discovering properties of the mechanism generating the data. In the example
of Fig. 1, the goal of unsupervised learning is to cluster together the two dimensional input
points that are proximate to one another, hence assigning a label — the cluster index — to
each input point. In Fig. 1, each green circle depicts a cluster [17].
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e Reinforcement Learning (RL) will be thoroughly explained in Section 2.2 below.

A 4

Figure 1: A 2D cluster example

2.2 Reinforcement Learning

Reinforcement Learning (RL) is the process of learning what to do —how to map situations to
actions —so as to maximize a numerical reward signal. The learner is not told which actions to
take, but instead must discover itself which actions yield the highest reward by trying them. In
the most interesting and challenging cases, actions may affect not only the immediate reward
but also the next situation and, through that, all subsequent rewards. These two characteristics,
trial-and-error search and delayed reward, are the two most important distinguishing features
of reinforcement learning [18].

2.2.1 Markov Decision Process

In order to model this interaction between the learner (also referred as agent) and the environ-

ment, a stochastic control process, called Markov Decision Process (MDP) [19] was proposed in

1960. This process, describes the aforementioned communication in a mathematical way.
Definition: A Markov Decision Process (MDP), is a 5-tuple < S, A, r, P,y > where:

e S is the set of states (often called state space, and it can be either discrete or continuous)
e A is the set of actions (often called the action space; it can be either discrete or continuous)

e 7 is the reward function (see reward function section) typically defined over state-action
pairst: S x A—R

e P is the set of transition probability distributions P(s, «) defined for each seS and aeA
e e (0,1) is the discount factor

The above definition [20], is also shown in Figure 2.
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Agent
state reward action
s, | IR, A,
P Raf
E-l——-' .
g* S, Environment

Figure 2: The agent-environment interaction in a MDP. Picture was found in [21]

2.2.2 (-learning

Reinforcement Learning [18] methods, solve an MDP operating under the assumption that
either the reward and/or the transition model are not known, thus some form of learning is
required. Model-free RL methods do not attempt to learn the reward or the transition models,
but update the @Q-function that represents the (expected) sequential performance, based on
reward or transition samples they collect from the environment (after acting). @Q-learning [3] is
a celebrated example of such a model-free RL method. The intuition behind @Q-learning, is that
an agent tries performing an action at a particular state, subsequently assessing the outcomes
based on both the immediate reward (or penalty incurred) and its estimation of the next state’s
value. By testing all actions in all states sequentially, the algorithm learns which actions are best
overall, judging by a long-term discounted reward. (Q-learning is a primitive form of learning,
but, as such, it can operate as the basis of far more sophisticated devices [3]. However, in order
to mathematically express the aforementioned algorithm, some definitions are needed.

A policy is a way of defining the agent’s action selection with respect to the changes in
the environment. A (probabilistic) policy of an MDP is a mapping from the state space to
a distribution over the action space: m : S x A — [0,1]. A deterministic policy is a policy
that defines a single action per state. That is, 7(s)eA(s) [22]. The agent interacts with the
environment and takes actions according to the policy.

The Discounted Cumulative Reward represents the sum of future rewards, where each future
reward is multiplied by a discount factor to prioritize immediate rewards over delayed ones. More
precisely:

Gy = Z’Yk CTi4k+1 (1)
k=0

The value function of the policy is defined to be the expectation Gy, given that the agent
acts according to a policy 7(s):

V™ (s) = E[G|n(s),s] = E Z’ytn|so =s,a; = w(8¢) (2)
t=0

Using the linearity of the expectation, we can write the above expression in a recursive form,



2 BACKGROUND AND RELATED WORK 11

known as the Bellman equation [23]:

V(s) =) m(s,a)R(s,a) + »_ P(s,a,s)V(s) (3)

aeA s'eS

The value function has been used as the primary measure of performance in much of the RL
literature. There are, however, some ideas that take the risk or the variance of the return into
account as a measure of optimality ([24];[25]). The more common criterion, though, is to assume
that the agent is trying to determine a policy which is maximizing the value function. Such
a policy is referred to as the optimal policy. We can also define the value function over the
state-action pairs. This is usually referred to as the Q-function, or the S-value, of that pair. By
definition:

so=S8,a0=a,t >1:a;=m(ss) (4)

@"(s.0) L BD"(s.0)] =E Y. |1

t=0

That is, the Q-value is the expectation of the return, given that the agent starts at state s, takes
action a, and then follows policy w. The Q-function also satisfies the Bellman equation:

Q7(s,a) = R(s,a) +7 ) P(s,a,5) Y w(s',a)Q(s',a) (5)
s’'eS a’eA
which can be rewritten as: [22]
Q"(s,a) = R(s,a) +7 ) _ P(s,a,8)V"(s) (6)
s'eS
The goal of an algorithm that optimally solves an MDP, should be to predict correctly the

Q(s,a) and then act for every state s,

a* = argmaxQ(s,a) (7)
a
Having defined all the components, let’s consider a computational agent moving around some
discrete, finite world, choosing one of a finite collection of actions at every time step. The
aforementioned algorithm in the n'" episode can be expressed in [3] as:

Algorithm 1 Q-Learning in n'" iteration [26]

1: Observe the current state x,,
2: Select and perform an action a,,
3: Observe the subsequent state 7,
4: Adjust the @, _1 values using a learning rate A, according to:
Qn (1, 0) = (1 =XN)Qn-1(z,a) + A[rn + YVn-1(yn)] ?f x = a:n,‘a =a, (8)
Qn-1(z,a) if otherwise
where
anl(y) = ml?,x {anl(yv b)} (9)
In practice, Equation 8 can be re-written as
Q(s,a) + Q(s,a) +a x TD_Error (10)
where

TD_Error = Ry1 + vmng(StH’a) — Q(S, Ar) (11)
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Hence Q-Learning, can be characterized as an off-policy, Temporal Difference control algorithm.

It should be mentioned that in the early stages of the learning process, the Q-values may
not accurately reflect the policy they implicitly define. Q-learning is guaranteed to converge, at
least for a discrete case with a finite number of states and actions [13]. The Q-table, should be
imagined as an approximation of the Q function, limited in a small state space. In this form,
the tabular implementation of Q-learning, is impractical for a continuous state space, because
an infinite number of entries will be needed in order to represent accurately all possible states.
For Q-learning, to be applied in a continuous time, the equivalent to the Bellman equation
(Equation 6), should be modified to:

Q(z,u) = RAt(z,u) + 7> Z P(u,z,z")max Q(z',u) (12)

Now the At could approach zero, to simulate the continuous time. If the Q function is stored
in a function approximation system with some form of error, the implied policy will tend to be
sensitive to that error. As the time step duration At approaches zero, the penalty for a wrong
action taken in a sequence decreases, the Q values for different actions in a given state become
closer, and the implied policy becomes even more sensitive to noise or function approximation
error. In that case, Q-learning would be expected to slowly learn when the time steps are of short
duration, due to its sensitivity to errors, and it would be incapable of learning for continuous
time [13]. To solve this, a new method is needed.

2.2.3 Advantage Learning/ Advantage Updating Algorithm

The Advantage Updating algorithm is a Reinforcement Learning algorithm in which two types
of information are stored. For each state x, the value V(x) is kept, representing the total
discounted return expected when starting at state x, and performing optimal actions. For each
state x and action u, the advantage, A(x,u), is also stored, representing the degree to which
the expected total discounted reinforcement is increased by performing action u (followed by
optimal actions thereafter), relative to the action currently considered best. After convergence
to optimality, the value function V*(x) represents the true value of each state. The advantage
function A*(x,u) will be zero if u is the optimal action, since u confers no advantage relative to
itself, and A*(x,u) will be negative for any suboptimal u, considering that a suboptimal action
has a negative advantage relatively to the best action. The optimal advantage function A* can
be defined in terms of the optimal value function V*

Az, u) Rag(z,u) = V*(2) + 42 " P(u, 2,2/ )V*(2') (13)

_ 1
At

The definition of an advantage includes a é term to ensure that, for small time step duration
At, the advantages will not all go to zero. Advantages are related to Q values by:
1
Aw,u) = - @ (@, 1) = mazQ(z,u')| (14)
At u’
The previously described algorithm, can be summarized into the following pseudocode.
Learn: Perform action u; in state xy:

Rag(we,u) + 72V (wgpar) — V(wy)
At

A(xh ut) <~ Amax(xt) +

)+ [Amaxnew (Tt) = Amaxga (Tt)]

V(xt) < V(mt o

Normalize:
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Pick an arbitrary state z and pick an action u randomly with uniform probability:
A(z,u) + A(z,u) — Apax () (17)

Normalization is done to ensure that after convergence Ayax(z) = 0 for every state [13].

2.2.4 Exploration vs Exploitation

As it was mentioned earlier, in the early stages of both algorithms, an agent has to explore
the existing MDP, so it can calculate Q(s,a) for every possible pair of state and action. After
exploring the environment, the agent has to converge in the best, by now, policy and try to
exploit it in order to decide if this is the optimal or not. A question that arises, is how long
and with what way, will the agent explore the environment. This trade-off from exploration to
exploitation introduces the critical "Exploration-Exploitation dilemma’ [27], a recurring theme
in reinforcement learning and Al in general. To address this issue, many policies have been
proposed , including the e-greedy (Algorithm 2) and the Ornstein—Uhlenbeck process [28].

2.2.5 e-greedy Exploration

A straightforward approach to tackle the aforementioned exploration-exploitation dilemma in-
volves oscillating between exploration and exploitation phase during the training process. More
precisely, at every time-step, the agent will, with probability €, explore the environment by
using a random action; and with probability 1 — e it will exploit its so far acquired knowledge
by selecting the “greedy” action. To converge in an optimal policy, agent should mainly explore
in the early stages and shifts towards exploitation in the later stages. Consequently, the value
of € is typically set to decrease over time.

Algorithm 2 Epsilon-Greedy Exploration [29]

1: Initialize € (exploration rate)
2: for each episode do

3: for each time-step in the episode do

4: Generate a random number r from a uniform distribution in [0, 1]
5: if r < € then

6: Take a random action (explore)

7 else

8: Take the action with the highest estimated Q-value (exploit)
9: end if
10: Update Q-values based on the observed reward and next state
11: end for
12: Update € (e.g., decrease over time)

13: end for
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2.2.6 Boltzmann Exploration/Softmax Exploration

On a different approach, Boltzmann Exploration technique suggests to select an action based
on a probability distribution that favors the “greedy” action but does not guarantee it. More
precisely, in discrete action space Boltzmann algorithm suggest to select action a; based on the

probability:
Q(a;)
e T
Q(aj )

. €
y T

P(a;) = (18)

where
e QQ(a;) is the Q-value associated with action a;
e 7 is the temperature parameter that controls the level of exploration.

When the temperature (7) is high, the probabilities are more evenly distributed among the
actions, promoting exploration. As the temperature decreases, the Softmax probabilities become
more concentrated around the action with the highest Q-value, encouraging exploitation.

2.3 Deep Reinforcement Learning

While it’s manageable to create and use a Q-table for simple environments, it’s quite diffi-
cult to do so for some real-life environments. The number of actions and states in the latter
environments can be thousands, making it extremely inefficient to manage Q-values in a table.

This is where the use of neural networks helps to predict the Q-values of actions at a given
state without the use a table. In fact, instead of initializing and updating a Q-table in the
Q-learning process, we’ll initialize and train a neural network model.

2.3.1 Neural Networks

Let’s discuss in more detail, the aforementioned problem of the hand-written digit recognition in
order to provide a comprehensive elucidation of the application of neural networks to our specific
problem. The human visual system is one of the wonders of the world. Most people effortlessly
can recognize any hand-written sequence of digits. That ease is deceptive. In each hemisphere
of our brain, humans have a primary visual cortex, also known as V; , containing 140 million
neurons, with tens of billions of connections between them. And yet human vision involves not
just Vi, but an entire series of visual cortices — Vo , V3 , V4 , and V5 — doing progressively
more complex image processing. The difficulty of visual pattern recognition becomes apparent
if you attempt to write a rule based computer program to recognize digits [31]. Artificial Neural
Networks [32] can solve this by imitating the structure of the human brain. A Neural Network,
is constructed of three basic layers (fig 3).

e Input layer — the initial data provided for the neural network.

e Hidden layers — the intermediate layer between input and output layer, where all the
computation is done

e Output layer —it produces the result for the given inputs.

Each layer, consists of numerous perceptrons (or so-called neurons) that can copy the func-
tionality of a biological neuron (fig 4). Each perceptron, simulates the function:

y= flww)=fWV"X) (19)

neN
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Figure 3: Structure of a (sequential) Neural Network as denoted in [30]

where w; are the trainable weights of every input. In order for every perceptron, to calculate
y, which takes values between 0 and 1, an activation function ‘f’ is needed. The activation
functions (AFs) play a crucial role in neural networks by learning the abstract features through
non-linear transformations. Several AFs, with different attributes, have been explored in recent
years [33]. The most commonly used ones are:

e Linear(x) = cx (fig 5)

e Logistic Sigmoid(x) = 1+i*w (fig 5)

e Tanh(x) = &= (fig 5)

et+e T

e Rectified Linear Unit Based Activation Functions (Relu) (x)= max(0,x) (fig 6)
o Leaky Rectified Linear Unit (LReLU)(c) = max (c*x, x), where ¢ =~ 0.01 (fig 6)

Knowing the structure of a typical Neural Network, let us now discuss the way that NNs
work. As a supervised learning model, labeled training data- that are stored in a buffer and
sampled uniformly in batches- are fed (usually normalized between 0 and 1 or -1 and 1) into the
input layer of the NN. The result of the network (§) is produced in the output layer. Using a
distance metric (such as RMSE[34], CrossEntropy Loss [35] etc), the distance between prediction
and label is calculated. Then, using an optimization algorithm (a variant of gradient descent
such as SGD [36], ADAMI37], Adagrad [38] etc), the weights of the network are modified in
order to reach the optimal loss function. It is worth mentioning, that the use of the random
mini-batch is necessary in order to break the correlation between related samples.

Based on these principles, there have been implemented many types of NNs such as:

e Fully connected-Feed forward Networks
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Figure 4: Comparison between biological neuron and perceptron. The picture was found in
towards data science

e Convolutional NNs
e Recurrent NNs (and the improvement, called Long Short-Term Memory)
e Modular NNs

2.3.2 Deep Q-Network

As aforementioned, the Q-table is used as a -limited- function approximator. In order to scale
the performance of the Q-learning algorithm in a more demanding environment, a new function
approximator -like Neural Networks- is needed. Inspired by the improvement of computer vision
- that was caused by the raise of the Convolutional NN - DeepMind’s researchers produced an
implementation of CNN, which is trained based on the Bellman equation (Equation 6) [2].
More precisely, using the Tesauro’s TD-Gammon architecture [39] as a starting point, they
implement a Q-Learning algorithm, by replacing the network with a CNN called Q-network.
Also, a technique known as experience replay [4] was used by the DeepMind team, in order
to store the agent’s experience (state, action,reward, next state, done) at each time-step. The
agent is trained at each time-step using a mini-batch sampled from the experience replay, and
then acts using an epsilon greedy algorithm that selects between the a = argmazsiq.Q(state)
and a random action as it is shown in Algorithm 3.

The primary distinction between the Tabular and non-Tabular approaches- aside from the
obvious differences in network architecture- lies in the way that the agent learns. In the first
approach, the agent is trained for the last observation, as opposed to the non-Tabular, where
it is trained for a mini-batch of past, and non-related, observations, exploiting the data of the
experience replay. This technique is used in order to avoid correlations between the samples,
something that is required for the network to converge. Also, the replay buffer, is used for the
network to avoid rapidly forgetting some possibly rare experiences that would be useful later on
[14].

2.3.3 Double DQN

DQN, suffers from overestimation problems, which affects negatively its performance. More
precisely, in a non-yet-converged network, the Q(¢;1,a’|0), might be higher or lower estimated


https://towardsdatascience.com/the-concept-of-artificial-neurons-perceptrons-in-neural-networks-fab22249cbfc
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than the real value . In case where all Q-values are over or under estimated, there will be no
changes in the converged policy. If, however, the overestimations are not uniform , they might
negatively affect the quality of the resulting policy [40].To handle this, a slightly different imple-
mentation of the DQN was introduced in [41]. In this variation of DQN, the mazqo Q(¢;41,a’,0)
is calculated by a “frozen” network called Target, which is a clone of the “model” network in a
past time-step.

A shown in Algorithm 4, the model network is trained in order to accurately predict the:

Yy =1+ max Q(pjt1,argmazq: Qot (i1, at)|9t) (20)

In conclusion, DDQN [40] uses two networks, the target and the model networks, built with the
same initial architecture, but updated with different values.

2.3.4 Dueling Network Architecture

As it was previously mentioned, the Advantage Updating algorithm [13] was shown to converge
faster than Q-learning in simple continuous time domains [42]. After the implementation of the
DQN (combination of a NN and Q-learning), an algorithm inspired by Advantage updating was
crafted [43]. Dueling Network Architecture (DNA), combines the separation of the Q function
into Value and Advantage and calculates these, using a dual NN.

More precisely, DNA consists of a single neural network, with two heads; the first calculates
the Value Function (V(s)), and the second calculates the A(s,a) (Figure 7). Now ,

Q(s,a;:0) = V(s;0) + [A(s, a;0) — maxa-aA(s, a';0)] (21)

random action, with probability e
and the defined action in time-step t is: a; = . P . Y
argmaza: AQ*(s,a), with probability 1 — ¢
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Algorithm 3 Deep Q-learning with Experience Replay [2]

1: Initialize replay memory D to capacity NV
2: Initialize action-value function ) with random weights
3: for episode =1 to M do

4: Initialize sequence s; = [x1] and preprocessed sequence @1 = ¢(s7)
5 fort=1toT do
6: With probability e, select a random action a;, otherwise, select a; =
argmax, Q(i(s:), . 0)
7: Execute action a; in emulator and observe reward r; and image x4
8: Set S¢41 = St, at, Tr41 and preprocess pi11 = @(St41)
9: Store transition (@, at, ¢, pr41) in D
10: Sample random minibatch of transitions (¢;,a;, 7, ¢j+1) from D
1. Set y; — {rj for terminal ?OjJrl
rj +ymaxq Q(pj41,a’,0) for non-terminal ¢,
12: Perform a gradient descent step on (y; — Q(¢;,a;,0))?
13: end for
14: end for

Algorithm 4 Double Deep Q-Network (Double DQN) [40]

1: Initialize replay memory D to capacity N
2: Initialize primary network (model) Qg, target network Qge, t << 1
3: for episode =1 to M do

4:
5:

11:

12:
13:
14:
15:

fort=1toT do

With probability e, select a random action a;, otherwise, select a; =

argmax,Q((st), a,0)

Execute action a; in emulator and observe reward r, and next state sy
Store transition (¢, at, ¢, @ry1) in D
for each update step do
Sample a random minibatch of transitions (¢;,a;,7;, ¢j+1) from D
Compute the target value y; using the target network:

Y for terminal ¢;41
vi= r; + max, Q(pj+1, argmaz Qo (pj+1,a")|0") for non-terminal ¢, 4q

Perform a gradient descent step on (y; — Q(p;, a;,0))?
Every C steps, update the target network weights: 6% < 0
end for

end for

16: end for
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2.3.5 Deep Deterministic Policy Gradient

The Deep Deterministic Policy Gradient (DDPG) [11] introduces the direct representation of a
policy in such a way that can solve continuous action spaces problems. DDPG, combines the
Deterministic Policy Gradient[44] with the DDQN architecture, in order to create an actor-critic
algorithm.As shown in Algorithm 5, the value and the best action of each state, are calculated
by different networks. The aforementioned networks, are optimized thought the training process
on the same experience. More precisely, the actor network is optimized based on the TD-Error
while the actor network is optimized based on the sampled policy gradient.

Algorithm 5 DDPG Algorithm [11]

1
2
3
4
5:
6
7
8
9

10:
11:
12:
13:
14:

15:
16:
17:

: Randomly initialize critic network Q(s, alfg) and actor p(s|6,) with weights g and 6,
- Initialize target network @’ and p with weights 0/ < 0¢, 0,/ < 0,

. Initialize replay buffer R

: for episode =1 To M do

Initialize a random process N for action exploration

Receive initial observation state s;

fort=1To T do

Select action a; = p(s¢]0,,) + N; according to the current policy and exploration noise
Execute action a; and observe reward r, and observe new state s;11

Store transition (s¢, at, ¢, S¢41) in R

Sample a random minibatch of N transitions (s;, a;, 7, $;+1) from R

Set yi = i + Q' (Siv1, 1 (si+110,)[0q1)

Update critic by minimizing the loss: L = 4 >, (y; — Q(s:, a:]0g))*

Update the actor policy using the sampled policy gradient: Vg, J =

% Zz an(Sa a|9Q) ‘stiaa:#(si)VOuM(s|0H) ‘s:sl-

Update the target networks: g/ < 700 + (1 — 7)0¢q/, 0, < 70, + (1 —7)0,

end for
end for
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=

Figure 7: A popular single stream Q-network (top) and the dueling Q-network (bottom). The
dueling network has two streams to separately estimate (scalar) state-value and the advantages
for each action. Both networks output Q-values for each action.

2.3.6 Normalized Advantage Function

Knowing that DNA yields better results than DQN [43], an algorithm inspired by DNA was
developed in order to solve continuous action space problems. The Normalized Advantage
Function (NAF) [12], uses the separation of the Q-function to easily solve the argmaz,.4Q(s, a)
problem. More precisely, both Value and Advantage term are produced by the NN separately
8, and their combination produces the Q(s,a) in contrast to the DDPG.

Q(x,ul0?) = A(z,u|6?) + V(z|8") (22)

Az, ulg?) = *%(u = n(]0")) T P(]07) (u — p(x]0")) (23)

P(z|0F) is a state-dependent, positive-definite square matrix, which is parametrised by
P(z]|0F) = L(z]0F)L(z|67)T | where L(x|6F) is a lower-triangular matrix whose entries come
from a linear output layer of a neural network, with the diagonal terms exponentiated. While
this representation is more restrictive than a general neural network function, since the Q-
function is quadratic in u, the action that maximizes the Q-function is always given by p(x|6*).
Based on that:

Qmax = V(]0") given that A(z,ul0*) =0 & u = p(z|6") (24)
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Algorithm 6 Continuous Q-Learning with NAF [12]

1: Randomly initialize normalized Q network Q(x,u;0%)
2: Initialize target network @’ with weight 09" + o9

3: Initialize replay buffer R

4: for episode =1 to M do

5: Initialize a random process N for action exploration

6: Receive initial observation state x1 ~< p(z1)

7 fort=1to T do

8: Select action u; = p(xy; 6*) + Ny

9: Execute u; and observe r; and x4

10: Store transition (x¢, ut, 74, Zry1) in R

11: for iteration =1 to I do

12: Sample a random mini-batch of m transitions from R
13: Set Y =1 +v- V/(IEH_l; HQ,)

14: Update §9 by minimizing the loss: L = & SN | (y; — Q(z4, ui; 09))?
15: Update the target network: 09" « 7-09 4+ (1 —7) -9
16: end for

17: end for

18: end for

Figure 8: NAF architecture as proposed in [45]

In comparison to the previously mentioned algorithms, NAF does not use an epsilon greedy
technique for exploration. Instead, in the original NAF paper [12], a modification of the Boltz-
mann Exploration Algorithm (Section 2.2.6) was proposed for use, that allows it to select an
continuous action “near” to the greedy one. More precisely, the Equation 18 was re-written as:

exp(Q(z,u|09))

() = o g = 1), eP o)) (25)

where

o u(x]|0*) is calculated by the network
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e P(x|6")71) is calculated by the network
e N is the Gaussian distribution

Algorithm 6 represents an abstract form of the NAF algorithm, as proposed in [12]. The
detailed complete version of the algorithm is presented in Algorithm 7, where the Boltzmann
exploration for continuous action space (Equation 25) is used for the action selection process.
Additionally, in Algorithm 7 is also explained the process of calculating the Q-values.

Algorithm 7 Extended implementation of the NAF algorithm as proposed in [12]

1: Randomly initialize normalized Q network Q(z,u;6%)
2: Initialize target network Q' with weight 9" + 49

3: Initialize replay buffer R

4: for episode =1 to M do

5: Receive initial observation state x1 ~< p(x1)

6: fort=1to T do

7 Select action uy = N (pu(z;0#), ¢ - P(xy;07))

8 Execute u; and observe r; and x4

9: Store transition (x¢, ut, ¢, Zr41) in R

10: for iteration =1 to I do

11: Sample a random mini-batch of m transitions from R

12: Set y; =r; +v - V'(2ig1; HQ/)

13: Calculate the Q(z;, u;; %) according to Equations 22 and 23

14: Update #9 by minimizing the loss: L = 4 Zﬁil(yi — Q(z4,u4;09))?
15: Update the target network: 09" < 7-09 + (1 —17) -9

16: end for

17: end for

18: end for

To boost the algorithm’s performance, researchers [12] suggested a different implementation
of epsilon greedy. In this implementation, instead of a random action, the algorithm selects an
action that locally optimizes the environment. More precisely, in [12] the iLQG algorithm was
utilized to generate good trajectories under the model, and then mix these trajectories together
with on-policy experience by appending them to the replay buffer. The intuition behind this
result is that iLQG exploration is too different from the learned policy, and NAF must consider
alternatives in order to ascertain the optimality of a given action. This variation, does not
result in significant improvement for NAF due to the fact that NAF requires noisy on-policy
actions to succeed [12]. To then add some exploration, researchers used a technique named
Imagination roll-outs. In this technique, the dynamic of the model is required to simulate some
steps from a given point while acting randomly. In general case, the dynamic of the model should
be unknown. The algorithm, periodically tries to locally learn (using iteratively refitted time-
varying linear models) the dynamics of the model. All the above, are summarized in Algorithm
8

It is worth mentioning, that both the local optimizer and the model emulator can be replaced
with different algorithms than the suggested ones.
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Algorithm 8 Imagination Rollouts with Fitted Dynamics and Optional iLQG Exploration [12]

1: Randomly initialize normalized Q network Q(x,u;0%)

2: Initialize target network Q' with weight 9" + 69

3: Initialize replay buffer R < () and fictional buffer Ry «+ ()

4: Initialize additional buffers B < () and B,;q < () with size nT
5: Initialize fitted dynamics model M « 0

6: for episode =1 to M do

7 Initialize a random process N for action exploration

8: Receive initial observation state x

9: Select p/(z,t) from { p(x|0); iLQG 7y (ue|x) }with probabilities p and 1 —p
10: fort=1to T do
11: Select action u; = N (i (x4,t), ¢ - P(x4;0F)
12: Execute u; and observe ry and xy41
13: Store transition (z, ut, ¢, ¢4+1,t) in R and B
14: if mod (episode * T+ t,m) = 0 and M # () then

15: Sample m (z;, u;, 74, Tit1,1) from Bog

16: Use M to simulate [ steps from each sample

17: Store all fictional transitions in Ry

18: end if

19: Sample a random mini-batch of m transitions I x [ times from Ry and I times from

R, and update 69, 69" as in Algorithm 6 per mini-batch.

20: end for
21: if By is full then
22: M < FitLocalLinearDynamics(B;)
23: miLQG: iLQG_OneStep(By, M)
24: Bold%Bf;Bf%Q)
25: end if
26: end for

2.4 Prioritized Experience Replay

As it was previously mentioned, in order for Deep Reinforcement Learning algorithms to be
functional, a replay buffer is needed. In the aforementioned implementation, researchers used
a buffer called experience replay memory [4]. In this implementation’s experience is stored
sequentially and sampled uniformly. Even though it led to “Deep Reinforcement revolution” |
it’s considered a naive way of sampling. Let’s suppose that for a network to learn, it should be
trained in samples for which it has predicted inaccurate predictions. In that -initial- suggestion,
samples would be prioritized based on their TD-error. After exploring the environment for some
time-steps and calculating every time the td-error(using the Equationll) for every sample, the
network will then be trained based on the samples with the biggest td-error. However, this
greedy approach focuses on a small subset of the experience, leading to sub-optimal performance
due to overfitting reasons. To overcome this issue, a stochastic sampling method was proposed,
which interpolates between pure greedy and uniform random sampling. The probabilities of
that stochastic process must be proportional to the td-error and it must be ensured that the
network is being trained at least once with every sample. Considering the above, the probability
for every sample -in case of the td-error prioritization- should be proportional to:

max(p) if 7 was just sampled
i = (26)
[td_error| + € otherwise



2 BACKGROUND AND RELATED WORK 24

where € is a small constant that guaranties a positive value.
In case of the rank-based prioritization the probability should be calculated as:

1
rank (i)

pi = (27)
where rank(7) is the rank of transition ¢ when the replay memory is sorted according to: |td_error]|
Suppose a Deep-RL algorithm that is trained using the aforementioned algorithm. In the early
training stages, the buffer will ignore - choose with a smaller probability- samples that, by
chance, happen to be predicted correctly from the network. In order to solve this abnormality,
an « factor insertion was proposed, oscillating between 0 and 1, in order to transit from a
completely uniform buffer to one based on the td-error. Applying the above in a stochastic
model, the probabilities of each sample can be calculated as:

. 2
PO
kK

Even though the prioritized algorithm was implemented, the prioritization model introduces
bias because it changes this distribution in an uncontrolled fashion [14], creating the need of a
factor that corrects it. To calculate this factor, researchers used importance sampling (IS), and
they calculated the:

(28)

1 1
N P(®i)

Based on that, Prioritized Experience Replay can be combined with a Deep RL algorithm
as it’s shown in 9

w; = ( )? (29)

Algorithm 9 Double DQN with Proportional Prioritization [14]

1: Input: mini-batch k, step-size «, replay period K, size IV, exponents a and [, horizon T
2: Initialize replay memory H =), e = 0, p; = 1.

3: Observe Sy and choose Ag ~ 7(Sp).

4: fort =1to T do

5: Observe Sy, Ry, As.

6: Store transition (S¢_1, A¢—1, Ry, A¢, St) in H with maximal priority p; = max;<¢ p;.

7 if t=0 mod K then

8: for j =1to k do

9: Sample transition j from P(j) = p$/>_; pf.

10: Compute importance-sampling weight w; = (N - P(5))~? / max; w;.

11: Compute TD-error 6; = R; + 7 maxg Qrarget(S;, argmax, Q(S;,a)) —
Q(Sj-1,4;-1).

12: Update transition priority p; < |J;]|.

13: Accumulate weight-change A <~ A+ w; - 6; - VQo(S;-1,4;-1).

14: end for

15: Update weights 6 < 0 +n - A, reset A = 0.

16: Occasionally copy weights into target network Oarget <— 0.

17: end if

18: Choose action A; ~ mp(Sy).

19: end for
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2.5 Parameter Space Noise for Exploration

Exploration remains a key challenge for Deep-RL and even though epsilon greedy solves the
exploration versus exploitation trade-off in simple environments, a deeper method is needed for
more complex ones. An initial thought, could involve adding Gaussian noise to the algorithm’s
policy. In that case, actions would be sampled according to stochastic policy generation.

o = m(s) + N(0,0°T) (30)

Therefore, even in a fixed state s;, the policy of the network would differ, due to the fact that
the noise would be independent from the state. In order to overcome this problem, noise should
be added directly to the layers of the NN [15] using the:

6 =060+ N(0,0°7)! (31)

Now let’s suppose a scenario where noise is added to the network’s policy (like Equation 30).
In that case, the effect of the noise can be easily tuned by the ¢ parameter. Hence, in Equation
31, the effect of o cannot be predicted and the value of it, should be determined by trial and
error. More precisely, a ¢ value, that doesn’t dominate the network’s policy is needed, but it
also helps explore the environment more. In a continuous action space, the difference between
two actions can be defined as the distance between them. So, as was concluded in [15] o should
be modified in every episode based on:

aoyp  if d(m,7) <6,
ak+1{1 e i d(m,7) (32)
=0k otherwise,

where aeR~ is a scaling factor and deR~q a threshold value. d(.;.) is substituted by a different
metric each time depending on the algorithm. As noted in the Appendix of the [15], Kullback-

Leibler (KL) divergence [46] is used as a distance measure for DQN. For DDPG, Mean Square
Error is used :

1 N
d(m, ) = NZES[(W(S)i—ﬁ(S)i)Q] (33)

It is worth mentioning, that 10 Algorithm’s architecture is not designed for NAF. To combine
PSNE with NAF, some modifications are needed and will be discussed in Section 3.2.3

2.6 Autonomous driving

Machine Learning and Al in general, have been actively working for more than two decades
now with the aim of making autonomous driving vehicles a reality. In the following paragraphs,
some innovative works in both lane-based and lane-free environment will be presented.

2.6.1 Autonomous Driving in Lane-Based Traffic

There exist numerous works on Autonomous Driving (AD) in a lane-based environment, while in
recent years most of them have solved the problem using Deep-RL. Here we briefly reference some
recent such works. To begin with, [48] shed light on the problematic design of the reward function
and suggested a list of “sanity checks ” that every reward function for lane-based environment
should follow. An agent was designed in [49], which was proven capable of outperforming
human drivers in a Playstation Game called “Grand Turismo”. For this implementation, the

Lwhere 6 are the parameters of the network and 6 are the parameters of the perturbed network
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Algorithm 10 Choosing a continuous action using PSN for Exploration, having a DQN network
[47]

1: 0 « threshold

2: o+ 1.02

3: for t = 1...Horizon do

4 Perturbed 6 = 6 + N(0,0%Z) and obtain 7 = 7z

5 while not done do

6 Sample an action «; using the perturbed policy 7
7 Execute action o and observe a new state sy
8
9

if t mod T,gapt = 0 then
Perturbed 6 = 0 + N (0,021)

10: Calculate the distance d = d(-,-)
11: if d < o then

12: Oct+1 = Q0

13: else

14: Oet1 = Lo,

15: end if

16: end if

17: end while

18: end for

agent was trained on maximizing the reward proposed in [50], using a soft actor critic method
(Quantile-Regression Soft Actor-critic or QR-SAC) . In [51], some agents for multiple urban
traffic scenarios were developed also using Deep-RL and the proposed learning framework called
Flow. Finally, [52] addressed a simple vehicle trajectory problem by creating an end-to-end
Deep-RL pipeline, treating the environment as a POMDP.

2.6.2 Autonomous Driving in Lane-Free Traffic

For most of human history, there was no need for traffic lanes, due to the low speed of movement
and that small use of vehicles. Lanes were introduced in the 1950s, for safety reasons. With that
addition, driving is transformed into an easier task, while the driver has only to monitor the
distance and the speed of the front car. Hence, there is no need of monitoring the vehicles on the
left, right and rear of its car. Nevertheless, the addition of lanes results in the problems produced
by the lane changing maneuver. Lane changing is a complex task as the driver needs to search
for an available gap on the target lane and predict its evolution based on the observed speeds
of multiple vehicles (and of its own), while at the same time paying attention at the distance
to the front vehicle. As [53] denotes, lane changes are responsible for the 10% of all accidents.
The TrafficFluid Concept [7], suggests a combination of the lane-free traffic environment with
the “nudging” effect. Nudging should be imagined as a pushing force in the direction of the line
connecting the centers of the nudging vehicle and the nudged vehicle in front.

Numerous works in lane-free traffic environment suggest multiple control methods for agent
policy optimization. More precisely, [7] proposes an ad-hoc method based on forces while [54]
uses Control Theory to devise a strategy. In some others works, the proposed strategy was
created while using Multi-Agent Decision Making ([55], [56]). In more detail, [7] introduces a
lane-free vehicle movement strategy which relies on heuristic rules incorporating the concept
of ’forces,” where vehicles 'push’ one another to facilitate overtaking or to react appropriately
in various situations. Now, [54] designs a two-dimensional cruise controller for lane-free traffic,
with more emphasis on Control Theory. Furthermore, [56] presents a strategy for lane-free
vehicles that utilizes optimal control methods, particularly focusing on model predictive control.
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In this approach, each vehicle optimizes its behavior over a specified future horizon, while
considering the trajectories of nearby vehicles. In addition to that, [55] tackles the problem
using the max-plus algorithm, and constructing a dynamic graph structure of the vehicles,
considering communication among vehicles. Hence, some other works suggest a policy by using
Deep Reinforcement Learning.

As it has been previously mentioned, for Deep Reinforcement learning to be used, the en-
vironment should be described by a MDP. Karalakou et Al., created a MDP for the lane-free,
ring road environment [1] and tested it by implementing an agent using the DDPG algorithm
[1]. Finally, using the aforementioned agents as mentors and the formulated MDP, an algorithm
for implicit imitation Deep-RL was presented in the work of [9], exploiting state transition data
from a mentor-expert agent for training acceleration. In the present work, the implemented
MDP will be used for the Deep-RL agent to then be improved by applying some state of the
art Deep-RL algorithms.
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3 Ouwur Approach: Environment and Agent

In this chapter, both environment architecture and agent implementations are described.

3.1 Our Lane-Free Traffic Learning Environment

3.1.1 Environment

A ring road traffic scenario is considered as a simulation environment. This road is occupied by
two different vehicle types. The first class/type, includes automated -non trainable- vehicles.
Every vehicle of that class has a different desired speed and its goal is to maintain it without
colliding with other vehicles. Both the environment and the vehicle behaviors are described in
[7]. The second class, consists of a Deep - RL trainable agent, that has the same goal as the
other vehicles. In comparison with them, the agent has no initial knowledge, and its goal is to
optimize the cumulative reward in the MDP which is proposed in [1]. In this environment, the
agent can observe both position and speed -in 2-dimensional axes- for both itself and its nearby
vehicles. All the vehicles in that road pursue a different desired speed that is chosen randomly
at the beginning of every simulation. Finally, the agent can affect its own position and speed
by controlling its acceleration (longitudinal and lateral). The environment is simulated using an
extension of SUMO for Lane-Free traffic [57], while our agent’s code infrastructure was mainly
developed using Python’s PyTorch [58]. As for the ring road implementation, a highway was
used where the vehicles reaching the end of it, are constantly re-located to the beginning, finally
creating an endless road.

Figure 9: Interface of SUMO

3.1.2 State Space

In a Markov Decision Process (MDP), the state space is a fundamental element which represents
the agent’s knowledge per time-step. Having a Neural Network (NN) that can learn function
representation of high complexity, it is easy to assume that the state space can contain multiple
features instead of being restricted by tabular RL’s state space limitations. In a lane-based road,
the driver should observe how many vehicles are in the other approximate lanes, both at the
front and at the rear of his vehicle. However, by using this state space, the algorithm does not
quite fit in a lane-free environment where the vehicles now “freely” operate on a 2-dimensional
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space. So, instead of the number of vehicles in the neighbor lanes, the exact position of the
nearest vehicles is used. A real world driver would not observe all the vehicles in the road in
order to decide an action, but a fixed number of neighbor vehicles. This situation does not differ
from a lane-based to lane-free environment. Therefore, the environment consists of the -relative
to the agent- coordinates (d, and d, for the non controlled vehicles and y for the ego) for 5
neighbor vehicles - 3 in front and 2 at the rear of the agent. In addition to the position of both
ego and neighbor vehicles, the state space includes both the lateral and longitudinal speed of
the vehicles (vg, vy), as are both necessary for the decision making process. For instance, the
agent’s policy should properly adapt depending on a vehicle located in front according to its
speed as well. Finally, a crucial aspect of an agent’s state space is its desired speed.

Figure 10: State space’s variable as it was implemented in [10]

3.1.3 Action Space

The agent controls the vehicle through its longitudinal and lateral acceleration. As shown in
Figure 11, the agent can modify its longitudinal axis acceleration, like a driver can use the gas
pedal or the brakes, and the lateral axis, like a driver using the steering wheel. In previous
works [1], [9], authors restrict the agent’s action to a discrete action space. Specifically, instead
of an action that belongs in R?, the agent must choose from the 9 actions shown in Figure 11a.
In our work by contrast, at every time-step the agent decides an action that is mapped to the
two dimensional continuous space. It can be conceptualized, as the agent is being controlled
by a joystick as shown in Figure 11b. Hence, the testing algorithms should produce at each
time-step an action @, where @ € R?, which represents the exact acceleration values that result
in a 2-dimensional motion of the vehicle.

(a) The discrete action space same as controlling (b) The continuous action space - same as con-
the agent using the keyboard trolling the agent using an analog joystick

Figure 11: Discrete vs. Continuous action space
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3.1.4 Reward Function

The primary objective of a Deep Reinforcement Learning (RL) algorithm is to optimize the
agent’s reward within a MDP. This underlines the role of the reward function within the envi-
ronment. In lane-free driving, reward functions need to describe the two basic goals: a) avoiding
collisions and b) maintaining the desired speed. At first, the agent should receive a punishment
every time that it is involved in a collision. However, this imposes the issue of delayed rewards,
as our agent only receives a negative reward when colliding with another vehicle. To tackle this
problem, a more informative reward component than the boolean “collisions” field is needed,
to “quantify” the danger of collision among two vehicles. Hence, in the “collision” field the
“repulsive force” function was also added, which calculates an estimate for the imminence of a
collision happening between the neighbor vehicles. This function utilizes ellipsoid fields, taking
into account the relative distances and speeds. Lastly, it is important for the agent to maintain
a speed close to the desired target one. To learn how to follow this behavior, the reward function
needs to include a term that punishes the agent whenever it is driving at a speed different than
the desired one. Keeping into account the aforementioned, the reward function for this MDP,

was created in [10]:
Cr ..
r= + Ceollision * collision 34
€r + Wy Cqy + WyCy cotsion ( )

where e, is a small positive number (set to 0.1), ¢, is a penalty that is minimized when the
agent has the desired speed, ¢, is a penalty that is minimized when the agent has the minimum
repulsive force and finally ceonision < 0 is added to the reward -as penalty/negative reinforcement-
if the agent is involved in a collision. Even though the parameters w, ,w, and ceollision Were
fine-tuned in [10], an extra tuning process was needed (explained in Section 4.4) in order to
find the hyperparameter values that provide the best results when employing a different RL
algorithm.

3.2 QOur Lane-Free Traffic Agent

As demonstrated in [12], NAF outperforms DDPG in the domain of Atari games. This thesis
aims to compare the aforementioned algorithms in the lane-free traffic domain, by implementing
a fine-tuned NAF agent. Hence, to improve the performance of the agent, additional algorithms
were built on top of the NAF agent. Specifically, to enhance the agent’s learning efficiency, the
uniform replay buffer was replaced with PER. Additionally, for improved exploration within
the specific environment, both PSNE and a local optimization technique inspired by [12] were
implemented. Finally, their performance was compared, to determine the best exploration
strategy.

3.2.1 Implementing the Normalized Advantage Function
Agent

In this thesis, NAF, PER and PSNE were combined to create an agent following a strategy as
close to the optimal as in the aforementioned environment. To begin with the NAF implemen-
tation (Algorithm 11), two NNs were used; one as a model and the second as a target, like the
algorithm suggests. Each NN, has an input sized the same as the state space (24 inputs same
as the “features” of the environment). Given a state x, the output of each NN consisted of the
following components:

e V, denoting the value of each state (number)

e 1, denoting the best action for that state (array 2 by 1)
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e L, matrix used for P’s construction (matrix 2 by 2)

In every time-step, the agent acts based on N (u(s),c- P(s)). More precisely, it acts based on
current policy while adding some trainable exploration. After it’s action, the network’s weights
need to be tuned. During the weight optimization process, the agent chooses samples from
the buffer a batch of experience tuples ([state, action, reward, next_state, done]) and calculates
Q(state, action) ,based on the Equations 23 22 24, and computes the TD-Error using Equation
11. Then, the network is optimized based on TD-Error. It is worth mentioning, that A was
calculated using a quadratic form as proposed in [12].

Algorithm 11 The NAF Agent implementation for the Lane-Free Environment

1: Randomly initialize normalized Q network Q(x,u;0%)

2: Initialize target network @’ with weight 69" +— o9

3: Initialize replay buffer R

4: Initialize hyper-parameters I, A, v and 7

5. Initialize batch-size N

6: for episode =1 to M do

7: Receive initial observation state x1 ~< p(z1)

8: fort=1to T do

9: Select action uy = N (pu(z;0#), ¢ - P(xy;07))

10: Execute u; and observe r; and x4

11: Store transition (z¢, us, ¢, Te+1) in R

12: for iteration =1 to I do

13: Sample a random mini-batch of m transitions from R
14: Set y; =1 +v -V (2ip1; HQ/)

15: Update #% by minimizing the loss: L = % Zil(yi — Q(z4,u4;09))?
16: Update the target network: 09" < 7-09 + (1 — 1) -9
17: end for

18: end for

19: end for

For better results, researchers [12] suggest to include an iLQG [59] controller, for local
optimization. Instead of an iLQG, a local minimizer was used, using SciPy library [60], in
order to minimize the cost function, at every step. In comparison with iLQG, a minimizer
does not need a manual computation of the dynamics derivative. Even though the derivative
is not needed, the dynamics of the system are still necessary, to predict the future reward. In
this environment, the prediction of the new position of the ego vehicle given its action, can be
calculated. On the other hand, the new position of the neighbor vehicles are not predictable,
due to the fact that their actions are unknown. To overcome this issue, an initial dynamic was
assumed and is updated iteratively based on observations. Finally, the minimization of the cost
function (Equation 34 ) was proven a difficult task for the minimizer. Instead, a simpler version
of the reward/cost function (Equation 35) was used:

r = 1 * speed_reward + collisions (35)

Minimizing the Equation 35, enables the agent to explore the environment more efficiently by
ignoring some “useless” actions. As mentioned in paragraph 2.3.6, the agent should be also
trained in some “useless” actions too. To achieve this, imagination rollouts are performed
periodically. In these rollouts, agent produces new experiences, by using an old experience as
an initial point and simulating the behaviour of the environment while it is acting optimally
(using the minimizer) for [ — 1 steps and randomly for the last step. In conclusion, the agent can
simulate bad experiences that is useful for the training process. In addition to the above, PER
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and PSNE were also used to accelerate the learning parameter process and to achieve better
exploration results.

3.2.2 Combining Prioritized Experience Replay Memory
with Normalized Advantage Function

After the straight-forward implementation of NAF, the uniform memory in which the experi-
ence tuples are stored, was replaced by a Prioritized Experience Replay buffer. As shown in
Algorithm 12, the addition of PER, does not modify the structure of the NAF algorithm (Algo-
rithm 11). Nevertheless, the non-uniform sampling proposed in PER, requires some additional
computations, creating a slight computational overhead.

Note: In the following pseudocode (Algorithm 12 and Algorithm 13), specific formatting
has been used to highlight modifications from a previous implementation. Words written in red
color, are representing changes or additions in comparison to the previous version .

Algorithm 12 The NAF+PER Agent implementation for the Lane-Free Environment

1: Randomly initialize normalized Q network Q(z,u;6%)

2: Initialize target network @’ with weight 09" + 99

3: Initialize Prioritized Experience Replay Memory buffer R

4: Initialize an array Il to store the probabilities which are used in PER
5: Initialize hyper-parameters I, A, v, 7, a and

6: Initialize batch-size N

7: for episode =1 to M do

8 Receive initial observation state x1 ~< p(z1)

9 fort=1toT do

10: Select action u; = N (uu(z4; %), ¢ - P(wy;0F))

11: Execute u; and observe ry and @441

12: Store transition (z;, ut, ¢, ¢4+1) in R with maximal priority II; = max;¢II;

13: for iteration =1 to I do .

14: Sample a mini-batch of m transitions from R (according to probabilities Znin)

15: Set yi =i+ - V' (2i41;09)

16: (Compute TD-Error; = y; — Q(x, u;; 09)

17: Compute importance-sampling weight w; = (N - I1(j)) ~? / max; w;.

18: Update transition priority II; <— |TD-Error;|.

19: Accumulate learning rate A <— A —w - A.

20: Update 6 by minimizing the loss: L = % z:fil(TD—Errori)2 while using the new
learning rate

21: Update the target network: 09 < 709 + (1 —7) - 09

22: end for

23: end for

24: end for
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3.2.3 Combining Normalized Advantage Function with Pa-
rameter Space Noise for Exploration

NAF’s initial exploration strategy (Algorithm 11) differs from the one used in most Deep-
RL algorithms. More precisely, instead of an e-greedy technique, a pseudo-random action is
selected in every time-step. This pseudo-random action is calculated by the network( Equation
25). The intuition behind that variation of Boltzmann’s exploration strategy, is that as the
model is trained, the actions will vary from “completely random” to “guided random” ones.
In the second algorithm proposed (Algorithm 8), the aforementioned “exploration” strategy is
replaced by an algorithm similar to e-greedy. More precisely, in every time-step, two actions are
calculated:

1) N(u(x|6"), calculated by the NN and selected with probability 1 — e
2) action that minimizes the local environment, selected with probability e

Following a similar pattern, in the PSNE implementation, the second action was substituted
with the one computed by the perturbed network. At the beginning of every episode, the
variance of the perturbed network is calculated based on the “distance” between the two actions
and the threshold. To calculate the error between perturbed and clear actions, the Mean Square
Error metric was used, as proposed in [15] for DDPG. Even though this modification (selecting
perturbed action with some probability €) is not proposed in [15], it merely has no difference
with the original one [47], due to the way that the threshold is reduced. More precisely, threshold
is calculated based on: .

¢ log(1 —e+ ||A||) (36)

While € is decreasing, perturbed action does not differ from the original one.

3.3 Proposed Algorithm

In conclusion, the NAF algorithm was combined with PER and PSNE, in order for the agent to
yield better results. As will be mentioned in Section 4.4.8, the combination of NAF and PSNE
was proven a challenging task due to both Boltzmann exploration strategy that is used from
NAF, and the instability issues that the NN presents in this specific environment. To address
these issues, this thesis proposes the following modifications:

e The use of the Boltzmann “perturbed” action (as described in Section 4.4.8).

e The established of the head start parameter to ensure that the neural network converges
before applying the extra exploration strategy.

e The e-greedy algorithm, that selects actions between those proposed by Boltzmann explo-
ration and those proposed by PSNE exploration.

As shown in Algorithm 13, by using an € — greedy technique that alternates between Boltz-
mann’s action and perturbed action, the agent consistently selects actions combined with noise.
The presence of that noise increases the risk of non convergence, specifically in the early stages
of training, due to specific details of the problem’s nature - the agent’s speed is not reset to
a default value after the end of every episode. For instance, if noisy actions lead the agent to
drive at extreme speeds (either too fast or too slow), the agent may fail to explore some states
within the “ideal” range of speeds. The NAF algorithm, particularly when combined with PER,
effectively eliminates these “extreme” actions in the early stages. However, with the addition
of PSNE, the occurrence of “extreme” behaviors becomes more likely. To limit the influence
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of PSNE in the early stages, the head start parameter was introduced. This parameter allows
the utilization of PSNE exploration when the network has semi-converged, providing an addi-
tional, more detailed exploration, when necessary. Algorithm 13 shows the pseudocode for the
implementation of the NAF+PER+PSNE agent. A single training-step of that agent is also
visualized in Figure 12 in which, different “stages” within a single training step are shown with

different color.

To the best of our knowledge, PSNE have never been combined with NAF, so there is no

previous reference that strictly/theoretically proves the optimality of that algorithm.

1. Enter new
learning step

2. Is it time for
the PSNE
covariance to
be updated?

|
<
m
7

3.1s the
jinning of an

6. Stochastically choose
action based on the
exploration strategy
(Boltzmann or PSNE)

episode?

7. Observe the new state
and create an experience
tuple with maximum
probability

8. Sample minibatch from

9. Add sample to PER

10. Compute TD-error and
update the PER
probabilities

11. Optimize weights of
the NAF model

Figure 12: Proposed agent’s training step flowchart. Different stages within the step are shown
with different color. In more detail stages 1-3-7 are related to the environment, 2-6-11 are part
of the NAF model, 4-5 are part of the PSNE and 8-9-10 are part of the PER.
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Algorithm 13 Final NAF+PER+PSNE Algorithm

[ e e e e

21:
22:
23:
24:
25:
26:
27:

28:
29:
30:
31:
32:
33:

34:
35:
36:
37:
38:
39:
40:
41:

Randomly initialize normalized Q network Q(x,u;6<)

Initialize target network Q" with weight 09" «+ 69

Initialize perturbed network Q

Initialize Prioritized Experience Replay Memory buffer R

Initialize an array II to store the probabilities which are used in PER
Initialize parameters I, A, v, T,Qpsns, @ and B and head-start
Initialize batch-size N

Initialize ojnitial

for episode =1 to M do

Receive initial observation state z1 < p(z1)
Calculate the distance d = MSE(pu(xy; 0%),1u(e; 01))
if d < ((e) then

Oepisode+1 — psneTepisode
else

Oepisode+1 —
end if
Update the perturbed network according to 6 = 6 + N(0, 5>T)
fort=1to T do

if episode > head-start then

Select action u; = N (u(ze;0%),c - P(xy;0*)) with probability 1 — ¢ else select

1
S
APSNE episode

e = N (e 02), - Play; 01)

else
Select action uy = N (u(xe; 01), ¢ - P(x4;60%))
end if
Execute u; and observe ry and @441
Store transition (z;, us, ¢, ¢4+1) in R with maximal priority II; = max;¢II;
for iteration =1 to I do .
Sample a mini-batch of m transitions from R(according to probabilities annu)
Set y; =i +7 - V' (2ig1;09)
Compute TD-Error; = y; — Q(z;, u;; 09)
Compute importance-sampling weight w; = (N - T1(5))~? / max; w;.
Update transition priority II; < |TD-Error;|.
Accumulate learning rate A < A —w - A.
Update 09 by minimizing the loss: L = % Zfil (TD-Error;)? while using the new

learning rate

Update the target network: 09" <« 709 + (1 —17) -9
end for
if t == % then

Update the perturbed network according to 6 = 6 + N(0,0°T)
end if

Update €
¢(e) = ~log(1 — e+ §)
end for

42: end for
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4 Experimental Evaluation

In this chapter, we will present the results of a series of experiments that were conducted
to fine-tune hyper-parameters and evaluate NAF’s performance in comparison to the DDPG,
implemented in [1]. Finally, we test if the aforementioned algorithms (PER, PSNE and the local
minimizer) improve the NAF’s performance.

4.1 Environment Setup

In order for this comparison to be valid, the environmental settings should be the same as the
ones used in [1]. These settings are shown in the following table, Table 1

Parameter Value
Highway length 500m
Highway width 10.2m
Vehicle’s length 3.2m
Type of vehicles 2
Num. of vehicles 35

Episode’s duration 200s
Time interval 0.25s
agent’s desired speed 20 m/s
other vehicles desired speed | 18 to 22 m/s

Table 1: Simulation parameters

After conducing many experiments [10], researches concluded to the value of the weights of
the reward function (Equation 34 ), those weights were re-fine-tuned in order to optimize NAF’s
performance.

4.2 Agent Setup

The entire agent’s side of the code, was written using Python due to its access of ML libraries.
More precisely, the network was implemented using PyTorch [58]. The selection of that library
was based on the fact that pyTorch can be accelerated using CUDA [61], which provides a
significant speed improvement to this application. In addition to that, numPy [62] was used
to handle matrix calculations efficient and sciPy [60] to implement the require minimizer. As
it is shown in 2.3.6, there are many parameters that need to be tuned. Some of them were
tuned as proposed in [12] and are shown in Table 2, and the remaining were tuned based on the
experiments (Section 4.4).
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Parameter Value
Batch size 128
Discount factor 0.99
Replay Memory size 10°
Learning Rate used by Adam [37] 1073
Number of episode for Training 575
Soft update parameter 5% 1073

Table 2: Agent’s parameters

4.3 Conducted Experiments

This work aims to improve the lane-free agent’s performance. To evaluate the effectiveness of a
new algorithmic combination, it will be compared with the existing model to determine if this
modification proves advantageous. The total number of conducted experiments is presented in
Table 3.

Candidate 1 Candidate 2
NAF’s Fine Tuning - -
NAF vSs. NAF+PER
NAF+PER vs. NAF+PER+different versions of PSNE
NAF+PER+PSNE  vs. NAF+PER+local optimization

Table 3: Conducted Experiments presented in Section 4.4

4.4 Results

The parameter fine-tuning procedure, was proven to be a challenging task, which required
numerous experiments for many different combinations of hyper-parameters. In the conducted
experiments, the NAF agent was trained for 575 episodes with the use of noise as an exploration
technique, and tested for 50 episodes. For every hyper-parameter combination, 5 repetitions of
the experiment were performed, each time using a different pseudo-random seed. The mean of
these repetitions was kept and later used for comparison purposes between all the differently
tuned experiments. The criteria of the aforementioned comparison are the speed deviation from
the desired speed, the number of collisions and the reward that the agent yields. It’s worth
mentioning that the reward criterion is not as valid as the others, especially when the reward
function differs amongst the two experiments. After the fine-tuning procedure, the parameter
combination with the best results was evaluated for five more pseudo-random seeds, giving ten
seeds in total. Moreover, the extra tools (PER, PSNE and minimizer) were added to the NAF
agent and then tuned, in order to optimize the agent’s policy. It is worth mentioning, that in
the upcoming experiments, the parameters previously examined will be configured to the values
corresponding to best results, as determined in prior tests. The parameters that have not been
yet fine-tuned, will be set according to the suggested values as proposed in [12]. Finally, both the
graph results and the mean values of the last 50 episodes are presented for better examination.
The graphs, illustrate the average reward gained by the agent over each episode, throughout
the training and evaluation process. This average is calculated based on 10 repetitions, where
each repetition is conducted using different pseudo-random seeds. Moreover, the mean values,
are averaged over the 50 “evaluation” episodes and over the 10 different pseudo-random seeds,
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finally producing one total value per criterion (reward, speed deviation, collisions).?

4.4.1 Goal

According to [10] (Table 4), the DDPG agent after 575 episodes of training was evaluated in
50 “evaluation” episodes that followed (episodes with no use of any exploration strategy). The
values shown in Table 4, are calculated as mentioned in Section 4.4 (mean over episodes and
over 10 seeds):

Reward function’s weight | Avg. Collisions | Avg. Speed Deviation (m/s)
wy = 0.35 and wy, = 0.65 0.526 -0.514
wy = 0.5 and wy, = 0.5 0.917 -0.211
wy = 0.15 and wy = 0.85 0.137 -1.129
wy = 0.05 and w, = 0.95 0.046 -1.431

Table 4: Results in [10]

As it is explained in [10], the w, = 0.35 and w, = 0.65 is preferred due to the balanced results
that it achieves.

The goal of this study, is to compare NAF’s results against the ones yielded by DDPG (Table
4). Subsequently, PER and PSNE will be added to the NAF agent, and it will undergo testing
in the same environment. The resulting outcomes will then be compared with the previous
ones, with a focus on both collisions and speed deviation as criteria for each comparison. In
order to achieve fair comparison across our algorithms and also against [10], we also used, for
each method, 575 episodes of training followed by 50 “evaluation” episodes. All the NAF based
experiments, were conducted on the same seeds.

4.4.2 Exploration testing

In the context of Deep Reinforcement Learning, an important procedure for the agent to learn,
is the way that it explores the environment. This exploration strategy, is usually defined by
the proposed Deep-RL algorithm. In NAF’s case, Equation 25 determines via the ¢ parameter
how the agent will explore the environment. In the original NAF paper [12], various values of ¢
were considered, including 1, 0.7, and 0.5. In the lane-free environment, 1 and 0.7 were used as
a constant value of ¢, and also an epsilon greedy technique was introduced, where ¢ decreases
gradually from 1 to 0.1 within 200 episodes. The described experiments, were conducted using
a Deep Neural Network with four layers (see Section 4.4.3) and the reward function’s parameter
that was denoted as best [1]. * Where ¢ = 1— > 0.1 means that ¢ was reduced from 1 to 0.1
within 200 episodes

250 in a more mathematical way the average reward of an experiment among repetitions, where
rij is the average reward during an episode j and a repetition 4, will be calculated as: r =

repetitions j=50 cogs P .
m ZLQP sl Z;zl r;;. Both speed deviation and number of collisions are calculated using

the same formula, but in case of collisions, the c;; is the total collisions during an episode j and a repetition ¢
and not the average.

3From now on, all the “Mean Reward” graphs, are calculated as the mean value both over repeti-
tions and over episodes. More precisely, lets suppose that 7er: is the reward that the agent gained at

episode e, repetition r and timestep ¢t of an experiment. The displayed vector, is calculated according
o 1 r=||repetitions|| t=||episodel|
to re = ||repetitions]||-|[episode]| z:7‘:0 t=0 Tert-
over an episode and over the different repetitions on a specific episode e. Based on that, speed deviation
graphs were calculated using the same formula and number of collisions graphs was calculated using the
1 r=||repetitions|| t=||episodel|
[[repetitions]|| r=0 Zt:O
using the total number of collision during an episode.

So 7e is the value of the mean reward

Ce = cert- In other words, the collisions graphs were calculated
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Figure 13: Testing different exploration rates. Graphs are displayed according to footnote 3

Exploration rate | Avg. Reward | Avg. Speed Deviation (m/s) | Avg. Collisions
c=0.7 0.751 -1.82 0.068
c=1 0.743 -1.712 0.180
c=1->0.1 0.746 -1.784 0.100

Table 5: Exploration testing results. Table values are calculated according to footnote 2

More precisely, as shown in Figure (13), in all exploration rates tested, agent achieves less
than 0.2 collisions in average. Due to the low number of collisions, ¢ = 1 will be selected as
the best exploration rate, based on the higher speed (differs by -70% from [10])* that the agent

4From now on, all the percentages will be calculated in proportion to [10]’s results. In more detail, the speed
speed deviation—(—0.512)
max(|speed deviation|,0.512)

be calculated according to —% * 100%. Based on that, the goal of the agent is to reduce the

collision rate as close to -100% and reach speed difference from [10]as close to 0%

x 100% and the collisions percentage will

deviation will be calculated according to —



4 EXPERIMENTAL EVALUATION 40

drives.

4.4.3 Structure testing

The previous testing scenario, shows that even with a lot of exploration, the agent tends to drive
at lower speed for achieving as low collisions as possible. As mentioned in [1], the collisions and
the speed deviation are equivalent goals, and the agent has to come up with a policy that tends
to maximize both. To overcome this “partial” learning, a smaller NN was used to improve the
generalization of the agent. More precisely, the Deep-NN used in the previous setting -with
four hidden layers with size [280,128,128,128]- was replaced with a shallow one, with two hidden
layers [256, 128]. In the following experiment (Figure 14 and Table 6) the implementation with
the four hidden layer NN will be mentioned as “Deep-NAF” and the implementation with the
two hidden layer NN will be mentioned as “NAF”.
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(c) Total collisions during an episode - mean over seeds.

Figure 14: Displaying performance of the algorithm using at each time a network with different
number of hidden layers. Graphs are displayed according to footnote 3
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Kind of Network | Avg. Reward | Avg. Speed Deviation (m/s) | Avg. Collisions
Deep NAF 0.743 -1.712 0.180
NAF 0.785 -1.249 0.080

Table 6: Structure testing results. Table values are calculated according to footnote 2

As shown in Figure 14 the agent with the smaller network tends to perform better in that
environment. In more detail, as shown in Figure 6 the agent reduces the average collision (-85%
from [10]) while increasing the speed deviation (-59% from [10] while Deep-NAF achieved -70%)

4.4.4 Adding Noise to the Evaluation

As shown in Figure 14, the agent’s performance during the later stages of training outperforms
its performance during evaluation. A possible explanation for that observation, is the fact that
the added noise is proportional to p and P (Equation 25). Since both p and P are produced
from the network, the added noise during training is not completely random. Building up from
that observation, some experiments followed, using noise® in the evaluation phase too. These
experiments, were conducted multiple times with different values of c.

Noise rate | Avg. Reward | Avg. Speed Deviation (m/s) | Avg. Collisions
c=0 0.785 -1.249 0.080
c=0.3 0.795 -0.930 0.152
c=04 0.796 -0.867 0.296
c=0.5 0.796 -0.667 0.452
c=0.7 0.768 -0.759 0.676

Table 7: Results of noisy evaluation. Table values are calculated according to footnote 2

The previous hypothesis was verified by the results in Figure 15. More precisely, the agent
with evaluation noise amplitude by a factor ¢ = 0.5 seems to outperform the original evaluation
however leading to a driver that is willing to drive with less safety. Hence, this agent drives
faster than the “clear” agent (driving on the -23% of [10]),but also increasing the collisions (now
the agent is involved in -13% collisions than [10] while the agent with ¢ = 0 was involved in

“89%).

51t is worth mentioning, that the magnitude of that noise, should be kept lower than the noise during training.
In other words, the use of evaluation noise contributes to maintaining a higher speed rather than exploring the
environment.
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Figure 15: Covariance in Boltzmann exploration can be modified by setting different values
for parameter ¢ (Equation 25). In the displayed graph, during evaluation process ¢ was set on
non-zero values. Graphs are displayed according to footnote 3

4.4.5 Modifying the Reward Function Weights

The previous results showed that the “noisy” evaluation balances in a more efficient way the
trade-off between collision and speed deviation.Hence, the behavior resulted by the agent im-
plemented in Experiment 15 is similar to the behavior of the agent in [1]. Despite the relatively
low impact of “trainable” noise, the utilization of a stochastic process carries inherent risks .
The agent in the previous experiments, sacrifices the speed reward to maximize the collision
and the repulsive force reward. To address this problem, the weights in Equation 34 should be
modified to tempt the agent to drive faster.
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Figure 16: Plotting the performance of the agent, while using different variations of the reward

function (Equation 34). Graphs are displayed according to footnote 3

Weights Avg. Reward | Avg. Speed Deviation (m/s) | Avg. Collisions
wg = 0.35, wy = 0.65 and coll = 2.5 0.785 -1.249 0.08
wy = 0.55, w, = 0.45 and coll = 2.5 0.861 -0.344 0.504
wg = 0.60, w, = 0.40 and coll = 2.5 0.773 -0.838 0.854
wg = 0.60, w, = 0.40 and coll = 5 0.795 -0.697 0.376
wy = 0.65, wy = 0.35 and coll =5 0.796 -0.548 0.504

Table 8: Results using different reward function.

footnote 2

Table values are calculated according to

As shown in Figure 16 setting in Equation 34, w, = 0.55,w, = 0.45 and collision coefficient
= 2.5, the agent achieves both faster (driving, for the first time, by +33% faster than [10]) and
safer driving -achieving 3% fewer collisions - than the DDPG agent achieves (Table 4). Hence,
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this weight adjustment triggers the agent to drive faster so that now the agent outperforms the
DDPG agent implemented in [10].

4.4.6 Modifying the “update target” parameter

In the experiment of Section 4.4.5, the I parameter (Algorithm 6) was initially set to 5, as
proposed in [12]. This choice, contributes to the performance of the agent -it is trained 5 times
per step - but it slows the training speed. To reduce the training time without modifying the

agent’s behavior, numerous values for I were tested.

I | Avg. Reward | Avg. Speed Deviation (m/s) | Avg. Collisions
1 0.846 -0.344 0.416
3 0.732 -1.064 0.28
5 0.861 -0.344 0.546

Table 9: Modifying the “update target” parameter. Table values are calculated according to

footnote 2
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Figure 17: Testing the performance of the agent while it is trained “I” times per timestep.
Graphs are displayed according to footnote 3

Finally for the NAF testing, experiments with I = 1 and I = 5 were conducted using 5 more
seeds (10 in total), concluding to:
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I | Avg. Reward

Avg. Speed Deviation (m/s)

Avg. Collisions

1 0.814
5 0.832

-0.524
-0.524

0.316
0.406

Table 10: Modifying the “update target” parameter. Table values are calculated according to
footnote 2
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Figure 18: Testing the performance of the agent while it is trained “I” times per timestep.
Graphs are displayed according to footnote 3

As shown in Figure 18, the agent trained with I = 1 yields slightly better results among the
NAF agents. More precisely, by using I = 1 agent’s speed deviation from desired speed remains
the same (-0.524m/s or -2% from [10]) but average collisions are decreased (achieving 39% less
collisions than [10]). Also, using I = 1, reduces training time in half, allowing from now on, to
calculate results using ten seeds.
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In conclusion, after the fine-tuning procedure, the NAF agent achieves 39% less collisions while
maintaining slightly less speed (2% or 0.01m/s) than [10].

4.4.7 Including Prioritized Experience Replay

With the proper fine-tuning, the NAF agent outperformed DDPG as shown in the conducted
experiments. A possible improvement of the agent, is going to be for the experience replay buffer
to be replaced by the PER buffer. In that case, the agent would be trained in ‘experience’ that
is more challenging. For this implementation, the proportional-based prioritization was used
(Equation 26), and the hyper-parameters a and by were set to 0.7 and 0.5 correspondingly, as
proposed in [14]
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Figure 19: Testing agent’s performance while using PER. Graphs are displayed according to
footnote 3

As shown in Figure 19, by including PER, the agent achieves better reward during evaluation
while at the same time, PER, reduces the training time by accelerating convergence speed. More
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Sampling Technique Avg. Reward | Avg. Speed Deviation (m/s) | Avg. Collisions
Using PER 0.848 -0.344 0.342
Using Uniform sampling 0.814 -0.524 0.316

Table 11: Testing agent’s performance while using PER. Table values are calculated according
to footnote 2

precisely, the PER agent tends to achieve lower speed deviation from the desired speed (drives
+33% faster than than [10] while without using PER the agent drives at -2%), by better taking
advantage of the free space in front of it. However, this behavior comes at the expense of a
slightly higher collisions (-34% than [10] while without the use of PER, the agent was involved
in -39%) for the agent. In summary, the usage of PER, both increases the reward of the agent
and reduces the convergence time. Given these characteristics, PER will be utilized and its
contribution will be re-evaluated if its combination with PSNE does not provide good results.

4.4.8 Including the Space Noise for Exploration Parame-
ter

Combining NAF with PSNE proved to be challenging, due to the exploration strategy suggested
by NAF. More precisely, the NAF’s network can provide the agent with two actions:

a) “clear” action p(z|6")
b) “noisy” action N (u(z|0"),cP(x|0F)~1).
Hence, a perturbed network can also provide the agent with:
a’) “clear” action u(x|0~l‘)
b’) “noisy” action J\/'(/L(JC|9~“)7CP($|9}))_1) ‘.

The first experiment , aimed to determine which perturbed action should be used. As shown
in the figure (Figure 20), the use of the “noisy” perturbed action leads to better results. To
complete the experiment, the other parameters were fine-tuned either empirically or as suggested
in [15]. More precisely, the initial value of € (Section 3.2.3 and Equation 36) was not set to
1 (as proposed in [15]) but to 0.85 due to instability issues that the NAF network presented.
Also,To reduce the risk of lack of convergence, a new hyper-parameter, named “head-start” ,
was introduced. This hyper-parameter determines the quantity of rounds during which the NAF
agent will explore the environment without the contribution of PSNE. Its initial value was set to
15. Hence, by the end of the 15th episode, perturbed actions were then selected with probability
equal to € = 0.85 and by the end of the 215th episode this value had been reduced to e = 0.15.
Also the covariance of the added noise was initially set to ¢ = 1073, as proposed in [15]. Hence,
the covariance at every episode, was calculated based on:

1 (37)

1.0204 if MSE(7r,7) < ¢,
Ok+1 = .
ToaCk otherwise,

In more detail, Equation 37 adjusts the value of oy4; based on the Mean Square difference
between clear and perturbed action. Hence, the calculation of threshold (, is based on Equation
36. The intuition behind Equation 37, is that oshould be selected in a way that perturbed
actions slightly differ from the non-perturbed ones. This slight difference ensures that the agent

60 denotes the perturbed network as described in Equation 31
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strikes a delicate balance between exploration and exploitation.
Finally, due to the long duration of each episode (800 time-steps), the perturbed network was
updated twice in every episode.
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Figure 20: Testing different PSNE implementations. More precisely, “clear” implementation
uses the p(x) action derived by the network and “noisy” uses the Boltzmann action. Graphs
are displayed according to footnote 3

PSNE implementation | Avg. Reward | Avg. Speed Deviation (m/s) | Avg. Collisions
Second 0.76 -0.884 0.4
Third 0.828 -0.488 0.336

Table 12: Testing different PSNE implementations. Table values are calculated according to
footnote 2



4 EXPERIMENTAL EVALUATION 50

As explained in Section 3.2.3, the agent adopts a “greedy” exploration technique. By includ-
ing PSNE in the early stages of training, the extra noise that is added turns the semi-random,
into a completely random exploration. To take advantage of both exploration techniques, the
head start parameter was set to 80, letting NAF explore the environment for the first 80 episodes
and then PSNE was included, for a more detailed exploration. Lastly, the trade-off between
PSNE and NAF was initially set to 0.4.
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Figure 21: Testing different PSNE implementations. Graphs are displayed according to footnote
3
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PSNE implementation | Avg. Reward | Avg. Speed Deviation (m/s) | Avg. Collisions
Fourth 0.842 -0.416 0.282
Third 0.828 -0.488 0.336

Table 13: Testing different PSNE implementations. Table values are calculated according to

footnote 2

This modified version of PSNE, led to better results, reducing mean collision into 0.282 while

increasing the speed by 0.072 m/s.

Algorithm implemented | Avg. Reward | Avg. Speed Deviation (m/s) | Avg. Collisions
PER 0.848 -0.344 0.342
PER + PSNE 0.842 -0.416 0.282

Table 14: Comparing PER with PER and PSNE. Table values are calculated according to

footnote 2
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Figure 22: Comparing PER with PER and PSNE. Graphs are displayed according to footnote
3

In conclusion, the addition of the PSNE to the existing PER+NAF agent was lead the agent
to drive at a lower speed (+19% from [10] while the PER+NAF agent was driving at +33%)
while achieving fewer collisions (-46% while the NAF+PER agent was involved in -34%).

In addition, Figure 23 displays the Discounted Cumulative Reward per episode in different
instances of the training process. As shown in the Subfigure 23a, the agent explores the envi-
ronment a clear strategy for maximizing the G (Equation 1). However, during the late stages
of training ( Subfigure 23b), the Gt does not increase significantly between episodes. Hence,
the agent converges to a policy.
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Figure 23: Discounted Cumulative Reward

As shown in Figure 24, the training process improves the policy of the agent, as the latter
increases the sum of discounted rewards that earns from the environment. This can be also
observed in more detail by comparing Subfigures 23a and 23b). It is noteworthy that the
observed inconsistencies in the “pulses” can be attributed to both the low number of seeds and
the Boltzmann exploration.
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Figure 24: Discounted Cumulative Reward throughout the training.

4.4.9 Implementing a local minimizer

As for the last experiment, PSNE was replaced by the local minimizer as described in Section
3.2.1. Specifically, after the 10th episode, the agent begin to explore the environment by selecting
moves that minimize the cost function (Equation 35) with initial probability equal to 0.5. The
ten episode head start period was utilized to eliminate the risk of no convergence as explained in
Section 4.4.8. Additionally, imagination rollouts (as explained in Section 3.2.1) were performed
while the agent was acting semi-optimally, to complete an exploration phase that both explores
promising and not promising actions.
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Figure 25: Comparing PSNE with local minimizer. Graphs are displayed according to footnote
3

As it seems from the results of that experiment (Figure 25), that exploration technique
did not help the agent to optimize the yielded reward. More precisely, exploration using the
local minimizer achieves -0.101 less reward, while driving slower (-51% than [10] while the
NAF+PER+PSNE was driving at +19%) than the PSNE.The local minimizer, by contrast,
achieves slightly fewer collisions (-52% than [10] while the NAF+PER+PSNE was involved in
-46% than [10]), according to Table 15. The basic disadvantage of that implementation was
that the whole minimization was based on predictions of the future state. In the lane-free
environment, the accuracy of this prediction couldn’t be accurate due to difficulties to predict
the policy of the non-trainable vehicles. However, the imagination rollouts, also depended on
that prediction. The ineffective way of producing “bad” experiences, lead the agent to be trained
in a irrelevant and unrealistic set of data. In addition to that, this algorithm uses many hype-
parameters that need extra fine-tuning. Concluding, PSNE and pure Deep-RL methods seem
to build better policies in the aforementioned lane-free environment.
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Exploration strategy | Avg. Reward | Avg. Speed Deviation (m/s) | Avg. Collisions
Local Minimizer 0.741 -1.038 0.248
PSNE 0.842 -0.416 0.282

Table 15: Comparing PER with PER and PSNE. Table values are calculated according to
footnote 2

4.5 Discussing the Experiments

The conducted experiments showed, that the introduced algorithms improve the agent’s perfor-
mance. More precisely, the use of the NAF algorithm, lead the agent to drive safer (-0.2 colli-
sions) while maintaining the same speed as [10]. With the addition of PER, the (NAF+PER)
agent yielded a better reward by driving faster, but also it was involved in more collisions than
the NAF agent (+0.026). PSNE was also added, to improve the exploration strategy of the
agent. The reward of the NAF+PER+PSNE agent, was slightly decreased while both the col-
lisions and the driving speed were decreased too, compared to the NAF4+PER implementation.

Finally the NAF+PER+PSNE was compared with the NAF+PER+Local exploration agent,
as the latter was inspired by [12]. This implementation did not yield positive results, as its
exploration was based on a simpler version of the local dynamics - as it was difficult to optimize
the full version without any prior knowledge. In conclusion, the results of every algorithm
combination, are presented in Table 16.

Avg.  Speed Speed  diff Collision dif-
Algorithms Avg. Reward | Deviation Avg. Collisions | "P% T porence  from
ence from [10]
(m/s) [10]
NAF 0.814 -0.524 0.316 -2% -39%
NAF+PER 0.848 -0.344 0.342 +33% -34%
NAF+PER+PSNE 0.842 -0.416 0.282 +19% -46%
NAF+PER+Local 0.741 -1.038 0.248 -51% -52%
Minimizer

Table 16: Statistics of all the combination
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5 Conclusions and Future Work

Al is actively working on providing solutions to many real-world problems. Numerous methods
to create autonomous drivers have been proposed, using either Control Theory ([7], [54], [55]) or
Deep-RL ([9], [10], [49]). In this thesis, a novel algorithm that combines modern Deep-RL tech-
niques (NAF, PER and PSNE) was proposed, to train a single autonomous agent to operate in
a lane-free traffic environment, modeled as an MDP, as in [10]. In our work, the reward function
designed in [1] was modified, in order for the agent to yield better results. We then progressively
created different working versions of our agent (i.e., NAF; NAF+PER, NAF+PER+PSNE) via
systematically and carefully combining the aforementioned algorithmic components, which was
a non-trivial task. Finally, a novel combination of NAF (and PER) with PSNE was proposed,
which takes advantage of both exploration strategies, finally achieving the best results. This was
showcased via a systematic experimentation process in the lane-free traffic domain. As such,
our thesis, experimentally demonstrates that the NAF algorithm, with the original Boltzmann
exploration, outperforms the DDPG on the same environmental setting. In addition, our pro-
posed combination of the Boltzmann exploration with PSNE, lead the agent to drive faster and
with fewer collisions. It is noteworthy that all algorithms were fine-tuned properly throughout
the experimental evaluation process, in order for the agent to yield better results.

However, there is always room for improvement, and much space for future work. First,
NAF can be re-fine tuned using different combinations of hyper-parameters. Additionally, the
quadratic form of A (Equation 23) can be replaced by forms that result in better behavior.
Hence NAF can also be replaced by PPO [63], as the latter, has been proved to provide a better
convergence and performance rate than most Deep-RL algorithms.

Also the Reward function can be modified, by eliminating the repulsive force component and
creating a more sparsed reward function. In case of a sparse reward function, PER should be
replaced with an experience replay buffer more compatible for such kinds of reward functions,
like Hindsight Experience Replay (HER) [64]. In case of HER, the agent can be also trained
more efficient using the aforementioned “two-goal” reward function. This is due to HER’s ability
to optimize the training process when the reward function models multiple goals.

Furthermore, single agent training can be replaced by multi-agent training components (like
MADDPG [65] or a new algorithm that is inspired by NAF), in order for multiple agents to be
trained an eventually learn to cooperate, while yielding in general better results. Finally, all the
aforementioned suggestions, should ideally be applied not only on highway environments, but
also in more complex settings like circle road or highways with junctions.
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