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Abstract

Vehicular traffic management has become increasingly complex due to the rise in au-
tonomous driving technologies. Traditional lane-based traffic systems, while structured
and familiar, often struggle with optimization and dynamic flow control, leading to con-
gestion and inefficiencies. By contrast, lane-free traffic environments offer a promising
alternative by allowing vehicles to maneuver laterally across the entire roadway with-
out the constraints of lanes, which could significantly enhance road capacity and traffic
fluidity.

This thesis explores the use of Monte Carlo Tree Search (MCTS) and supervised deep
learning techniques to advance autonomous driving technologies. MCTS is well-suited for
dynamic and unpredictable environments, such as autonomous driving, due to its robust
decision-making capabilities in complex scenarios. Combined with Deep Neural Networks
(DNNs), which excel in pattern recognition and predictive modeling from large datasets,
these technologies could potentially revolutionize traffic management systems.

A representation of MCTS in a Markov Decision Process (MDP) framework specif-
ically tailored for lane-free traffic scenarios is developed, enhancing traditional MCTS
approaches to better handle the demands of this environment. This thesis builds upon
the existing MCTS model developed in a 2023 diploma thesis by Pantelis Giankoulidis,
focusing initially on refining how the algorithm processes state information. Our enhance-
ments significantly improved the operational efficiency and effectiveness of the MCTS
framework, enabling it to handle high-density traffic situations more adeptly.

Further advancements were achieved by integrating a neural network into the MCTS
framework to guide the selection phase. This integration utilized the predictive capabili-
ties of DNNs, allowing for more informed decision-making and faster exploration during
the tree search process. Additionally, we investigated a standalone neural network ap-
proach, designed to function without the exploratory benefits of MCTS, to evaluate its
comparative effectiveness in decision-making.

Our thorough experimental evaluation demonstrates that the enhanced MCTS frame-
work, supported by neural network guidance, markedly improves upon the lane-free ve-
hicles’ behaviour. Key metrics such as safety, through reduced collision rates, and ef-
ficiency, by optimizing speed, highlighted the substantial benefits of this integrated ap-
proach. These results underscore the potential of combining MCTS with neural network
technologies to aid the decision-making in autonomous vehicular driving environments.
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H Sioyeipion odixrc xuxhogopiog éyel yivel wiaitepa mepimhoxn Aoyw tng adinong tTwv Te-
YYohoYLwV autdvoung odfynong. Ta mupadocioxd cusTHdoTa xUxho@opiag Ue AwpldES, EVE
elvor Sopunuéva xan owela, cuyve avTeTwTlouvy TeoBAAuaTa ue TNV BEATIOTOTOINGT) XoL TOV
OLVAUIXG EAEYYO PONC, OONYOVIUC OE GUUQPORNOT| Xal AVATOTEAEoUaTIXOTNTES.  AvtideTa,
T TEpLBdhhovTa xuxhoopiog ywelc Awpldeg TEoopEpoLY UL EATILOO(QORN EVOhhaxTXT A)GT),
ETMUTEETOVTNG OTOL OYHAUATO VO EXTEAOVY EAYUOUC TAdYL OE OAOXANEO TO 0DOC TEWUL, Y-
plc Toug mEpLoptoP0Ug TWV Awpldwy, TEdypa Tou Vo UTOPOVCE VoL EVIOYUGEL CNUAVTIXG TNV
YWENTIXOTNTA TWV BROUWY XL TNV o1 TNG xuxhooplag.

H Simhowpotind| epyacto auty| diepeuvd ) yerion e Aevopinic Avalrtnone Mévte Kdp-
Ao (Monte Carlo Tree Search - MCTS) xou twv teyvixdv Padide emBrenduevne pdidnone yio
NV TeoWUNom Twv TEYVohoYLwY autdvoune odrynone. H MCTS eivon biaitepa xatdAAnAn
yror SuvogLxd xon ampeoPAenta TERIBIAROVTY, OTWS 1) AUTOVOUT 0BT YNOT), AOYW TWV LOYLEMY
duvatoTTWY AdNg amogdoewy oe mepitAoxa oevdpta. Xe cuvdvaopod Ue ta Bothd Neu-
owvixd Atxtuo (Deep Neural Networks - DNNs), to omola Staxpivovton otny avory vopelon
HOTIBWY o TNV TEOY VWO TIXY| HovTEAOTOINGT amd PEYSho GUVOAD BEBOUEVLY, AUTEC OL Te-
yvohoyieg Vo umopolcay evOEYOUEVKS Vo PEPOLY EMAVACTUOT OTA CUC THUNTA Blayelplong
xuxhogoplag.

Mo avamapdo taon tou MCT'S oe mhaioio Mapxofiavic Aadixaoctag Afihne Artogdoewy
(Markov Decision Process) avantOytdnxe edixd yio oevdpio 0dynong ywelc Awpldeg, Bekti-
ovovtag Ti¢ mapadoctaxéc tpooeyyioeic MCTS yia va yepllovtan xohbtepa Tic AeTTouepe(c
amoutrioelg autol Tou mepBdiiovtog. H dimhwuatiny epyooio autr Paciletor oto undpyov
wovtého MCTS mou avéntule o Iavtelrc [oviouAidng otny SimAwuatix Tou epyasio To
2023, conidlovtag apyixd otny Behtiwon Tou TeoToL eMelepYasiag TWV TANPOPORLOY ULIG
xotdotoong. AuTtég ol BeATIOOoEC adZNooy ONUAVTIXG TNV AELTOLEYIXY) ATOBOTXOTNTA Xol
aroteheopatixotnTa Tou mAatctou MCTS, emtpémovtde tou va dayelpiletor mo emdédia
XUTAC TAOELS UPNAHC TUXVOTNTOC XUXAOPORLaC.

Hepoutépn mpbdodog emtedyUnxe pe TNV EVTOLY EVOS VEUPWVIXOU BIXTUOU 0TO Thaloto
MCTS vy va xadodnyel tn @don emhoyrc. Auth 1 évtaln oflomoinoe T TEoY VWO TIXéS
avotnteg Twv DNNs, emitpénoviag mo evnuepwpévn Adm armogdoswy xon tayUTtepn e&e-
eelvnom xotd T Swdixaocia avalitnong 6évipou. EmmAiéov, dicpeuviinxe wa autdvoun
TEOGEYYLON VEUPWVIXO) BIXTUOU, GYEBLUGUEVT] Vo AELTOVEYEL Ywelc Tor EEEPEUVNTIXNG OPEAT)
e MCTS, yia var aglohoyniel n ouyxpttind Tng anoteAeoaTinoTnTo 01N A1 amo@dcenmv.

H evdeheyric mepauatiny aloAdynom tng TeocEyYIoHS Uag, OEVOEL 6TL TO BEATIWUEVO
mhaioto MCTS, unoctneildpevo and tnv xadodhynomn Tou veupnmvixol dixtiou, Bektiwoe on-
HovTLxd Tor amoTeAEoarTa Bty elplong Tng xuxhogoplac. Kaipieg yetprioei, 6mwe 1 aopdiela,
HEOW TNC UEIWONE TV TOCOGTMY GUYXEOUCNC, oL 1) Amod0TIXOTNTY, YE TN BeATIoTOTOM-
om TS T UTNTAS XAk TNG PO TNG xUXAOPOopElag, EMONUUVOUY TOL OUCLUC XY OPENT) AUTYC
NG EVOWUUTOUEVNS Teooéyyions. Autd ta anotehéopata unoyeauuilouy To duvouxd TOou
ouvbuaouol tng MCTS e tic Teyvoloyleg VELpWVIXGY BixTU®Y Yiar Vo ahhdlouy pllxd Tic
OLadixaolec AP amopdoenmy o auTOVOUN OYNUATXE TERSGAAOVTAL.
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Chapter 1

Introduction

Vehicular traffic has long been a cornerstone of modern transportation, essential for the
movement of both people and goods, enhancing life’s pace and convenience. Yet, the
increasing traffic congestion brings with it a host of challenges, like higher emissions, in-
creased travel times, and significant economic losses. To mitigate these issues, the automo-
bile industry and researchers have focused on developing autonomous driving technologies
and innovative traffic models. Autonomous vehicles, powered by advanced machine learn-
ing algorithms and equipped with state-of-the-art sensors and actuators, promise to revo-
lutionize traffic systems by enhancing safety and efficiency. These vehicles are designed to
reduce human error, which is the cause of most traffic accidents [9], and offer independence
to those unable to drive due to disabilities. While current automated cars have achieved
a respectable level of autonomy, they mostly operate within traditional, lane-based traffic
environments. These environments, structured around well-defined lanes, have dominated
the approach to vehicular navigation and control. However, they often fail to optimize
traffic flow dynamically and are prone to congestion. The common strategies deployed
in these settings include sophisticated path-planning, motion control, and environmental
perception to navigate the complexities of lane-based traffic and aim for higher automa-
tion levels [10].

Now, the potential of connected and automated vehicles (CAVs) surpasses traditional
traffic paradigms to allow for lane-free traffic. The conventional multi-lane structure is
redesigned, specifically from the TrafficFluid [11] project, which recommends a dynamic
vehicular flow, where the dominant lane-based structure is lifted and vehicles have the
liberty to maneuver laterally across the entire road. This approach not only enhances
road capacity by utilizing lateral space more efficiently, but also addresses the challenges
posed by anisotropy [12], a phenomenon where vehicles are largely influenced by the traf-
fic ahead, leading to wave-like congestion patterns. By enabling vehicles to respond to
both forward and backward traffic through nudging [11], lane-free environments introduce
a novel paradigm for CAVS that significantly reduces congestion and improves substan-
tially the capacity of the road.

Such environments empower vehicles to perform overtaking maneuvers without the con-
straints of lane changing, providing a smooth driving experience that enhances both safety
and comfort. This flexibility is particularly advantageous in highly automated traffic sys-
tems, where vehicles communicate or have information for each other and coordinate their
movements, ensuring optimal spacing and speed adjustments in real-time. The shift to-
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Chapter 1

wards lane-free traffic not only promises a reduction in typical traffic bottlenecks, but also
allows for a more creative approach to traffic design and management, potentially revo-
lutionizing how future urban infrastructure is planned and developed. By adopting this
cutting-edge traffic model, the research aims to demonstrate a marked improvement in
traffic efficiency and safety, setting a new standard for autonomous vehicular technology
in complex driving environments.

Researchers inspired by the TrafficFluid concept have proposed various vehicle naviga-
tion and path planning strategies. Approaches range from Control Theory [11, 13] to
Multi-Agent Decision Making [14, 15] and heuristic-based strategies for nudging [11]. Ad-
ditionally, [14] utilized the max-plus algorithm for collaborative communication and [16]
used implicit imitation learning with Deep Reinforcement Learning [17].

Indeed, Artificial Intelligence (AI) [18] has revolutionized our ability to process infor-
mation and make automated decisions, with Machine Learning (ML) [19] as a crucial
sub-field. ML algorithms learn to identify patterns and make predictions from data, al-
lowing systems to improve autonomously. This approach shifts away from traditional
rule-based programming, offering a more adaptable solution to complex challenges. Su-
pervised Learning [20], a significant class of methods in ML, trains models on labeled
data to accurately predict outcomes on new, unseen data. Artificial Neural Networks
(ANNs) [21], inspired by the human brain, enable learning at multiple abstraction levels,
making them suitable for complex tasks. Deep learning [22], a branch of ML, utilizes
multi-layered Neural Networks (NNs) to capture complex data patterns. By increasing
the depth of these networks, deep learning models can learn more intricate features, trans-
forming inputs into increasingly sophisticated outputs. This capability has led to major
advances in various fields like natural language processing [23], computer vision [24] and
decision-making, broadening the impact of ML technologies.

MCTS [1, 25] is a versatile decision-making algorithm widely used across various domains,
such as gaming, robotics, and autonomous systems. It combines the robustness of tree
search with the randomness of Monte Carlo simulations to efficiently navigate large deci-
sion spaces. By progressively building a search tree and utilizing random trials to evaluate
potential moves, MCTS balances exploration of new strategies with the exploitation of
known successful paths. This method has been particularly effective in complex games,
like Go [26, 27], where it significantly outperformed traditional Al techniques. Its ability
to adapt to changing scenarios makes it invaluable for applications that require dynamic
decision-making under uncertainty [28].

MCTS has proven particularly effective in autonomous driving for its handling of se-
quential decision-making and motion planning [29, 30, 31, 32]. This algorithm excels in
environments that demand rapid, dynamic decisions, as it simulates multiple potential fu-
ture scenarios to navigate vehicles through complex traffic situations safely and efficiently.
By employing a blend of probabilistic modeling and optimization techniques, MCTS en-
ables vehicles to predict and adapt to quick changes in traffic conditions consistently.
Integrating MCTS with advanced learning methods further enhances decision-making ca-
pabilities, ensuring autonomous systems are well-equipped to maintain high performance
across diverse and challenging traffic environments.

12



Chapter 1 1.1 Contributions

1.1 Contributions

Serving as a source of inspiration, Karalakou’s study [8] on the use of Deep Reinforce-
ment Learning (Deep-RL) for policy optimization in a lane-free, ring-road environment
provided an essential foundation for our work. Utilizing a Markov Decision Process (MDP)
framework, this approach enabled the effective representation of complex driving behav-
iors within a controlled setting. We adopted Karalakou’s MDP environment as the basis
for developing our MCTS-MDP framework [33], tailored to address the challenges of au-
tonomous lane-free driving. Building upon this groundwork, our research significantly
leverages the innovative work of Pantelis Giankoulidis [34], who applied MCTS to nav-
igate autonomous vehicles in a lane-free environment. Giankoulidis’s work, serves as a
cornerstone for our thesis. Our approach aims to refine and expand upon his initial
model by integrating NN knowledge and guidance into the MCTS framework, enhancing
decision-making processes. We benchmark our advancements against Giankoulidis’s orig-
inal MCTS algorithm, highlighting our improvements and delineating the progression in
a comprehensive and accessible manner.

More specifically, we started, by refining the existing MCTS of [34]. Our enhancements
involved fine-tuning parameters and redefining how the algorithm interprets state infor-
mation, which significantly boosted the overall efficiency and effectiveness of the MCTS.
These improvements enabled the algorithm to perform robustly in complex scenarios fea-
turing dense traffic, where the original version initially exhibited inferior performance.

Further advancements, and the primary goal of this thesis, involve the integration of a
NN into the selection phase of the MCTS. Our inspiration to apply NN guidance in au-
tonomous driving, came from the success of Deep Neural Network (DNN) and MCTS
integration in games like Computer Go [28] and Hex [35], that aimed on enhancing move
prediction and evaluation via supervised learning methods. This integration leveraged a
NN trained through offline self-play simulations, utilizing data produced by our improved
MCTS model [36]. The incorporation of NN’s prior knowledge, enabled a predictive ap-
proach within the MCTS, enhancing the algorithm’s ability to quickly and effectively
navigate through the search space to identify optimal solutions. This new methodol-
ogy we employ in our thesis, reduces the necessity for extensive computational MCTS
iterations and achieved the same quality results exceptionally faster, significantly acceler-
ating the decision-making process. The refined algorithm not only demonstrates superior
performance in key metrics, such as safety with fewer vehicle collisions and operational
efficiency with higher vehicle speeds, but also confirmed the potential utility of NN guid-
ance in MCTS for complex decision-making environments, such as lane-free traffic.

To thoroughly evaluate our methods, we also examined the performance of a standalone
NN, independent of search strategy integration. This approach is considered greedy,
relying on a deterministic algorithm devoid of exploratory mechanisms. Predictably, it
fell short compared to other algorithms, highlighting its tendency to settle on sub-optimal
solutions, due to the lack of exploration.
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1.2 Thesis Outline

In what follows, Chapter 2 lays the theoretical groundwork necessary for understanding
MCTS, deep learning, NN architectures, and their probabilistic learning integration. It
further explores how NNs are integrated with MCTS to enhance decision-making pro-
cesses. Then, Chapter 3 compares traditional lane-based traffic environments with the
more dynamic lane-free settings and discusses the role of MCTS in motion planning for
autonomous vehicles. In Chapter 4, the discussion transitions to our specific approach,
detailing the MCTS-MDP framework, the adaptations in plain MCTS, the integration
of NN-Guided MCTS, and the utilization of NNs without search mechanisms. Chapter
5 dives into the experimental evaluation with a thorough description on the simulation
setup, the examined methods, along with a systematic analysis of the results. Finally,
Chapter 6 wraps up the thesis with a summary of findings and potential avenues for future
work.
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Chapter 2

Theoretical Background

This chapter lays the theoretical groundwork for the methodologies used in the thesis.
It begins with an overview of Monte Carlo methods, particularly focusing on the Monte
Carlo Tree Search (MCTS) and its application within decision-making frameworks. The
discussion then shifts to Markov Decision Processes (MDP), detailing how they support
the functioning of MCTS. The chapter also extensively covers machine learning basics,
neural network (NN) structures, deep learning architectures, and the necessary aspects
of training and optimization. Finally, the integration of MCTS with NNs is explored,
highlighting the enhancements and challenges involved.

2.1 Monte Carlo Methods

Monte Carlo methods [37] are a broad class of computational algorithms that rely on
repeated random sampling and statistical analysis to obtain numerical results. Their fun-
damental principle is to use randomness to solve problems that might be deterministic by
nature. They achieve that, by generating random variables, that simulate the behavior
of a complicated system or process. The outcomes of these simulations are then analyzed
statistically to estimate parameters of interest, such as averages, variances, or probabili-
ties.

These methods are particularly useful for solving complex problems with a high degree
of uncertainty, and in simulations where direct analytical solutions are challenging or
impossible to find. Monte Carlo methods are widely applied in various fields, especially
in areas requiring the modeling of complex phenomena or the evaluation of probabilistic
outcomes [38].

2.2 Monte Carlo Tree Search

Monte Carlo Tree Search (MCTS) [1, 25] is an innovative algorithm that has seen widespread
application across various domains, demonstrating its versatility and efficiency in tack-
ling complex decision-making challenges. MCTS combines the standards of Monte Carlo
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methods, which utilize random sampling and statistical analysis, with the structured ap-
proach of tree-based search strategies. Unlike traditional search algorithms that rely upon
exhaustive exploration on the entire search space, MCTS focuses on selectively sampling
and investigating the most promising regions.

The core concept behind MCTS involves progressively constructing a search tree through
the simulation of multiple random trials, often referred to as rollouts or playouts, start-
ing from the existing state. These simulations proceed until reaching either a terminal
state or a specified depth. Subsequently, the outcomes of these simulations are fed back
through the tree, enhancing the statistics for each traversed node, including metrics such
as the frequency of visits and win ratios (e.g., in games) or a scalar evaluation value.

As the search advances, MCTS manages the balance between exploration and exploita-
tion, choosing actions by weighing the potential exploitation of highly successful moves
against the need to investigate less visited or entirely new paths. This equilibrium is
achieved by strategically determining which moves or nodes to explore next, ensuring a
thorough yet focused traversal of the search landscape. This balance is critical in environ-
ments where the decision space is too large for exhaustive search methods to be feasible
to apply. The algorithm’s ability to learn from simulated outcomes of decisions, updating
its strategy with each iteration, makes it exceptionally adaptable to changing conditions
and previously unseen scenarios.

MCTS stands out from other searching and decision making algorithms for many reasons
[1, 25], namely:

¢ Flexibility in Complex Environments and Asymmetry: MCTS excels in
navigating through intricate and strategic scenarios, effectively managing large search
spaces where conventional algorithms might falter due to the sheer number of pos-
sible outcomes. That happens, because the algorithm prioritizes more promising or
interesting nodes, focusing its resources on parts of the tree that are more likely to
lead to successful outcomes.

¢ Adaptability and Learning : The algorithm adjusts its strategy based on the
outcomes of simulations, refining its approach with each iteration to better navigate
the decision space and improve its decision making capabilities.

e Handling of Uncertainty and Imperfect Information: MCTS is particularly
suited for environments where complete information is not available, relying on
statistical sampling to make informed decisions. Also If there is an already existing
reward system, MCTS does not rely on domain-specific knowledge, making it a
versatile tool that can be applied across a wide range of problem domains without
the need for custom-tailored heuristics.

e Anytime: The algorithm can be interrupted at any stage to provide the best
solution found up to that point, making it flexible and practical for real-world
applications where time constraints are a factor.

A visual illustration of an MCTS search space decision-tree is provided in the Figure 2.1
below. This showcases the asymmetry of different exploration depths between the various
paths that have been expanded. The figure was taken from [1].
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Figure 2.1: Visualization of an MCTS Search Space, showcasing the Assymetry of Explo-
ration Depth between different Paths [1].

Despite the versatility and broad applicability of MCTS across various domains, it is
not always the ideal solution for every problem. The algorithm’s probabilistic approach,
while powerful in vast and uncertain search spaces, does not guarantee the identification
of the optimal solution, as it prioritizes statistical significance over exhaustive exploration.

MCTS has emerged as a cornerstone algorithm in the field of Artificial Intelligence (AI)
[18], showcasing its versatility and effectiveness , starting from strategic games [26] and
reaching across a wide range of domains. One of the most notable successes of MCTS
was its application in AlphaGo [27], the computer program developed by DeepMind that
defeated the world champion of Go, a board game known for its profound strategic com-
plexity. This victory underscored MCTS’s capability to handle decision-making processes
in games that were previously considered beyond the reach of computer algorithms due
to their intricate dynamics and the sheer number of possible moves.

Beyond the realm of games, MCTS finds applications in real-world problems [28] that
require strategic planning under uncertainty. A great usage example that will concern us
in this thesis, is motion planning. MCTS can be used to navigate through complex en-
vironments where multiple paths and obstacles exist, optimizing for efficiency and safety.
In the domain of autonomous-driving to the best of our knowledge, there has been only
one application of the MCTS algorithm specifically in lane free based traffic [34], that we
examine in detail , along with the uses of MCTS in motion planning in Section 3.2.2.
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2.3 Markov Decision Process

MDP Formal Definition

A Markov Decision Process (MDP) [39] provides a mathematical framework for modeling
decision-making in environments with stochastic outcomes, formally defined as a 5-tuple

(S, A, P, R,~), where:

S is the state space, a finite set of all possible states. In more complex scenarios, .S
can be continuous.

A is the action space, encompassing all possible actions. This space can also be
discrete or continuous, depending on the application.

e P represents the transition probability function,
P(s',s,a) =Pr(St+1=15"] St =5, At = a) (2.1)

defining the probability of moving from state s to state s’ under action a.

R is the reward function, R(s, a), providing immediate feedback by assigning rewards
for actions taken in specific states.

~ is the discount factor, 0 < 7 < 1, which quantifies the importance of future
rewards. The expected reward at time ¢ is:

Ri+ YR + VR + ...

Markov Property: The core principle of MDPs is the Markov property which implies
memorylessness, asserting that the probability of transitioning to the next state depends
only on the current state and action, independent of the preceding sequence of events.
This property simplifies analysis and computation by ensuring that the state transition
dynamics are fully captured by the current state and action, without needing to account
for the entire history of states, making MDPs a powerful framework for modeling and
solving sequential decision-making problems.

Observable Environments: In a fully observable environment, the agent has complete
information about the current state. Conversely, in a partially observable environment,
the agent has limited information, which necessitates the use of different approaches such
as Partially Observable Markov Decision Processes (POMDPs) [40].

Action Space: The action space can be either discrete, consisting of a finite set of
actions, or continuous, comprising an infinite set of actions represented by real-valued

vectors.

A visual illustration of a random MDP example with various states, actions and rewards
is provided in the Figure 2.2 below.
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Figure 2.2: Representation of an MDP.

Policy

A policy 7 guides an agent’s actions within its environment, manifesting in two distinct
forms: deterministic, where 7(s) specifies a singular action a for each state s, and stochas-
tic, where 7(a | s) provides a probability distribution over possible actions given a state,
allowing for varied responses based on the same state. In other words, a policy deter-
mines the agent’s behaviour at every possible state, therefore it fully describes the agent’s
decisions.

Methods that generate a policy can be either online or offline [41].

¢ Offline Methods: These involve a precomputed policy that has found the best
action for every possible state. During execution, actions are chosen based on this
established policy, allowing for decision-making without real-time computation.

¢ Online Methods: By contrast, these methods perform execution and planning in
parallel. They adaptively calculate the next action directly from the current state,
considering only states that are currently accessible.

The general goal within an MDP framework is to discover an optimal policy 7*, which
maximizes the expected long-term return (reward) from any initial state, formalized as

7" = argmax £ > Y'R(St, At) | (2.2)
t=0

This involves calculating value functions [42]:

e State Value Function:
Vi(s) = E[Riy1 + V7 (Si41) | Si = 8] (2.3)

represents the expected return from state s under policy 7, emphasizing the impor-
tance of both immediate rewards and future rewards discounted by ~.
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e Action Value Function:
QW(& a) =E [Rt+1 + W]W(Stﬂj Clt+1) ’ Sp =5, A = a] (2-4)

estimates the expected return of taking action a in state s and then continuing to
follow the chosen policy 7.

Policy Opimization using MCTS

MCTS is an algorithm that can be used to optimize policies within MDPs [28] by em-
ploying forward random sampling, a technique that simulates various action paths to
evaluate their potential outcomes and estimate their long-term rewards. This method
allows MCTS to explore the decision space efficiently, focusing the searching on the more
promising paths, thus to optimize the policy within the constraints of finite state and ac-
tion spaces of MDPs. More specifically, by simulating the consequences of actions from the
current state and using the results to inform decision-making, MCTS effectively captures
the domain’s MDP structure, without explicitly going through all states and transitions.
This approach is particularly useful in complex environments where exhaustive exploration
is computationally infeasible, enabling the algorithm to approximate optimal policies by
balancing between exploration of new paths and exploitation of known successful paths.

In conclusion MCTS stands out as one of the most commonly used and powerful online
methods , dynamically adjusting actions based on ongoing simulations and evaluations of
reachable states. Its functionality is going to be explained in detail in the next paragraph
2.1.3.

2.4 The MCTS Algorithm in Detail

MCTS representing MDPs

MCTS solves MDPs [33] by representing them as a search tree where nodes represent
states of the MDP’s state space, and edges represent actions from the action space. In
this tree, each node is connected to as many edges as there are valid state-action pairs
for that state, implementing the transition probabilities of the MDP. Nodes store a score
symbolizing the utility of that state regarding solving the MDP, approximating with this
way the state-value function. The algorithm enhances its understanding of state and ac-
tion value functions by performing Monte Carlo simulations within a subtree of the node,
continuously improving its predictions after each simulation [1, 25].

Algorithm Structure
A visual illustration of an MCTS phases is provided in the Figure 2.3 below. This process

is repeated X times, where X represents the number of maximum iteration counts. The
figure was taken from [2].
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Repeated X times

Selection — Expansion — Simulation  ————| Backpropagation

AT a4

The selection function is One or more nodes One simulated game The result of this game
applied recursively until a are created is played is backpropagated in
leaf node is reached the tree

Figure 2.3: Representation of MCTS phases [2].

¢ Selection Phase:

In the selection phase, the algorithm traverses the tree from the root node, making
decisions at each node until it reaches a leaf node that has not been fully explored.
The decision of which child node to visit at each step is guided by the Upper Con-
fidence Bound (UCB) for Trees - Upper Confidence Trees (UCT) [43] formula:

The Upper Confidence Bound for Trees (UCT) for a state s and action a is given
by:

In N(s)
N(s,a)

UCT(s,a) = Q(s,a) + C (2.5)

where:

* ()(s,a) represents the average reward received after taking action a from state
s.

N(s) is the total number of times state s has been visited.

N(s,a) is the number of times action a has been taken from state s.

e and C is a constant that balances exploration and exploitation.

The selection strategy ensures that the algorithm explores nodes with high potential
rewards (exploitation) and also investigates less-visited nodes to discover new strate-
gies (exploration). C is the constant that determines the exploitation-exploration
trade-off. A large C means that the policy is giving big values on unvisited states,
thus prioritizing the exploration term. By contrast, a small C leads to a more greedy
policy, with more exploitation on visited states with high rewards and not so much
exploration on unvisited states. The policy is set to select in each iteration the node
with the highest UCT value, except the last iteration, that it selects the action

21



Chapter 2 2.4 The MCTS Algorithm in Detail

with the highest average reward greedily. That is because, after the last iteration
the algorithm comes to an end, so there is not going to happen any more explo-
ration in other unvisited states. This phase is crucial for efficiently navigating the
search space by focusing on promising areas while avoiding premature convergence
on suboptimal paths.

¢ Expansion Phase:

Once the selection phase reaches a leaf node that represents a non-terminal state
and is not fully expanded, the expansion phase begins. Here, one or more child
nodes are added to the tree, each representing a possible action from the current
state. The criteria for expansion, depend on most cases in the number of times the
node has been visited compared to a small threshold N | that it must be greater
than it , to expand. This phase is process of broadening the search tree’s horizon,
adding new paths to be evaluated through simulation.

¢ Simulation Phase:

During the simulation phase, the algorithm performs a rollout from the lastly ex-
panded node by simulating a sequence of actions until a terminal state is reached
or a certain depth limit is achieved. The simulation policy in this phase, involves
random selections or heuristic-based choices, to approximate the probable outcomes
of actions. The purpose of the simulation is to evaluate the potential utility of the
new paths added during the expansion phase, providing a rough estimate of their
value without requiring exhaustive exploration.

e Backpropagation Phase:

After the simulation phase ends, the result or else the value-score of the terminal
node, is propagated back through the tree along the path taken during the selection
phase, so that all ancestors of the terminal node get the new information. This back-
propagation updates the estimated value functions (Q values) and visit counts (N
values) for each node along the path, updating the tree’s knowledge base. Through
this process, the algorithm iteratively adapts to which actions lead to the best out-
comes, enhancing its decision-making accuracy.

Iterative Tree Construction

The MCTS tree starts with a root node representing the current state. As the algorithm
iterates deeper, it expands the tree by adding nodes (states) and edges (actions). It does
this by using a particular tree policy, in our case UCT. Each node can have as many chil-
dren as there are possible actions from that state, with leaf nodes representing terminal
states of the MDP.

MCTS builds its search tree through a cyclic process of those four phases. This iterative
approach allows the tree to evolve and adapt, gradually getting closer to the most promis-
ing areas of the decision space. The algorithm progresses in iterations, each adding to
the tree’s breadth and depth, until a stopping criterion such as a time limit or a specified
number of iterations is met. This ensures that computational needs are concentrated
on exploring and exploiting the most relevant parts of the decision space and avoiding
the exhaustive search of the state space, making the process both efficient and effective.
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MCTS can be stopped in any number of iterations. More iterations mean a deeper tree
and closer to optimal solutions, but also it takes more time. Fewer iterations result in
a quicker process but might not find the best solution. This flexibility allows MCTS to
balance between accuracy and speed, depending on what’s needed for every problem.

A visual illustration of MCTS flowchart is provided in the Figure 2.4 below. The figure

was taken from [2].
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Figure 2.4: Flowchart of MCTS [2].

2.5 Deep Learning Foundations and Neural Network

Architectures

This section introduces the core principles of deep learning and neural network archi-
tectures, explaining essential concepts such as machine learning fundamentals, various
network designs, activation and loss functions, and the intricacies of training and opti-
mizing these networks.

2.5.1 Machine Learning

Machine Learning (ML) [19] is a sub-field of AI that concentrates on developing algo-
rithms and models capable of learning from data. This makes computers to be able to
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make predictions or decisions without being explicitly programmed for specific tasks. In-
stead, ML systems evolve and enhance their performance over time through experience
and learning. This approach is very different from traditional programming and offers a
dynamic and adaptable framework for handling complex problems.

The evolution of ML is marked by the transition from rule-based systems to models that
learn from data. Early efforts in Al tried to encode human knowledge into machines
directly, but this proved to be impractical for complex tasks. ML allows for a more so-
phisticated approach to understanding and interacting with the world, leveraging data to
uncover patterns and insights that would be impossible to detect manually. More specifi-
cally, the introduction of neural networks and the subsequent development of deep learn-
ing models have dramatically expanded the capabilities of ML, enabling breakthroughs
in various technological areas, such as computer vision, natural language processing, and
pattern recognition.

Types of Learning

ML can be categorized into three primary types of learning methods:

e Supervised Learning: This involves learning a function that maps an input to an
output based on example input-output pairs [20]. It uses a training set that consists
of labeled examples, where each example is a pair consisting of an input object
(typically a vector of features) and a desired output value (the label). The goal is to
learn a model that, given unseen inputs, can accurately predict the corresponding
output.

e Unsupervised Learning: Unlike supervised learning, unsupervised learning deals
with training sets of unlabeled data [44]. The system tries to learn the patterns and
the structure from the data without any explicit instructions on what to predict. It
includes tasks such as clustering and dimensionality reduction, where the aim is to
find inherent structures in the input data.

* Reinforcement Learning (RL): RL is a type of learning where an agent learns to
make decisions by taking actions in an environment to achieve some goals [17]. The
agent learns from its own, from the consequences of its actions, rather than from
explicit teaching, adjusting its strategy to maximize some kind of cumulative reward.

Supervised Learning

In this thesis we focus and use supervised learning, therefore we present the relevant back-
ground in more detail below. As mentioned already, supervised learning algorithms are
designed to learn a mapping from inputs to outputs, given a labeled dataset. This dataset
comprises examples of inputs paired with the correct outputs, which the algorithm uses
to learn the mapping. Once trained, the model can apply this mapping to new, unseen
inputs to predict the outputs. In practical applications, the challenge of this method lies
not only in designing and training models but also in ensuring their ability to generalize
from the training data to new, unseen data. This involves not just capturing the under-
lying patterns in the training data but also avoiding overfitting, where the model learns
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the noise in the data rather than the intended patterns.

A visual illustration of how Supervised Learning method works is provided in the Figure
2.5 below. The figure was taken from [3].
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Figure 2.5: Supervised Learning Method Visual Explanation [3].

Supervised Learning is divided mainly into two categories [45]:

e Classification: In classification tasks, the output variable is a category, such as
spam or not spam in email filtering, or cat, dog, in image recognition. The goal is
to accurately assign each input to one of the predefined categories. Classification
can be either two dimensional with only two classes or it also can be multi-class,
meaning that the task is to classify inputs into one of several categories.

e Regression: Regression tasks involve predicting a continuous quantity. For exam-
ple, predicting the price of a house based on its features is a regression problem. The
output is a continuous value representing the magnitude of some characteristics.

One of the most common scenarios of using ML algorithms and specifically Classification
is the one of handwritten digit recognition. In this scenario, each digit is represented as
an image, which in turn is represented by a vector, denoted x, filled with real numbers.
The challenge is to design a system capable of accepting this vector as input and then
accurately identifying the digit it represents, ranging from 0 to 9. The task is difficult to
process due to the significant variation in individual handwriting styles.

Attempting to resolve this issue through manually crafted rules for distinguishing digits
based on shapes is impossible [46]. That is because it leads to a continuously expanding
array of rules and exceptions for each individually different written digit that yields to
unsatisfying results.

Instead, Supervised Learning applies a more effective strategy, where a large set of digit
images (e.g., the popular MNIST dataset), referred to as a training set, is utilized to
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adjust the parameters of a model that can adapt. Each digit within the training set is
pre-identified, by a process of individual inspection and labeling. Each digit’s category
is represented by a simple code called a target vector t, which identifies the digit. The
operation of Classification algorithm, results in a function, denoted as y(x), which ac-
cepts a new digit image x as its input and outputs a vector y, that has similar form to
the target vectors. The configuration of the function y(x) is created during the learning
or training phase, which is informed by the training data. Once the model has been
completely trained, it gains the ability to detect the identities of digit images in a test
set, which are distinct from the images seen during training. The key objective in this
pattern recognition [47] procedure is the model’s ability to generalize. Meaning, that it
can accurately classify new examples of digits that are not part of the training set.

A visual illustration of simple examples from a 2D linear Regression and a linear 2-
Category Classification is provided in the Figure 2.6 below. The figure was taken from

3].

Regression Classification

Figure 2.6: Example of a 2D Linear Regression and Linear 2-Category Classifier [3].
2.5.2 Artificial Neural Networks

Neural Networks (NNs) [21] are a computational model based on the structure and func-
tions of biological neural networks. Information that flows through the network affects
the structure of it, because a neural network learns, based on that input and output. Ad-
ditionally, NNs [48] are inspired by the biological structure of perceptrons in the human
brain and can work in various levels of abstraction, which makes them incredibly effective
for problems that cannot be approached by rule-based systems.

Perceptron
The earliest and most simple type of NN is called perceptron and it is designed to simulate
the function of a single neuron. It works by taking input features and multiplying them

by weights, summing them up, and then applying an activation function to determine the
output. It is used for binary classification tasks.
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The perceptron’s function is:
y=1 (Z wT; + b) (2.6)

* Input Features (z;): The variables or attributes used as input for the perceptron.

* Weights (w;): Parameters that the perceptron algorithm adjusts during training
to improve prediction accuracy.

 Bias (b): A constant added to the weighted sum to adjust the output independently
of the input values.

» Activation Function (f): A function applied to the weighted sum, including the
bias, to determine the perceptron’s output. Commonly, a function that is used to
normalize the output y.

A visual illustration of a comparison between a biological neuron (left) and a perceptron
(right) next to each other is provided in the Figure 2.7 below. The figure was taken from
[4]-
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Figure 2.7: Comparison Between a Biological Neuron and a Perceptron [4].

2.5.3 Deep Learning Architectures

Deep learning [22] is a subset of ML that employs ANN with many layers to model complex
patterns in large amounts of data. The evolution of deep learning architectures advanced
upon realizing the potential of NNs through their depth. This means stacking numerous
layers of perceptrons together, creating like these multilayer neurons. This depth allows
the network to learn more abstract features at higher layers, a phenomenon absent in
shallow networks. With each layer, the network can transform its inputs in more complex
ways, effectively building a hierarchy of learned features.

The structure of Deep Neural Networks(DNN) consists of [22]:

e Input Layer: This is where the network receives its input data.

e Hidden Layers: One or more layers are stacked between the input and output
layers, and are responsible for the network’s complex computations. They are called
"hidden” because they do not directly interact with the external environment.
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e Output Layer: This layer produces the final outcomes of the network based on
the processed information from the hidden layers.

A visual illustration of a fully connected feed forward NN, with n inputs, n hidden layers
and n outputs is provided in the Figure 2.8 below. This showcases the asymmetry of
different exploration depths between the various paths that have been expanded. The
figure was taken from [4].
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Figure 2.8: Example of a Fully Connected, Feed Forward NN [4].

Here are some different NNs types that have been implemented:

¢ Feedforward Neural Networks:Data flows in one direction, from input to output,
without no cycles or loops in the network [49].

e Convolutional Neural Networks (CNNs): They use special layers called con-
volutional layers to process data arranged in grids, perfect for recognizing images
and videos [50].

* Recurrent Neural Networks (RNNs): Designed to handle sequential data,
these networks have loops to allow information to persist [51].

2.5.4 Activation Functions

Activation functions [52] are crucial elements within NN that introduce non-linear proper-
ties to the system. Without non-linearity, a NN would essentially act as a linear regression
model, unable to handle the complex patterns found in most real-world data. These func-
tions allow NN to learn and perform tasks at a higher level of computation. Their work
is to determine whether a neuron should be activated or not, influencing the network’s
output and also, they help in controlling the output range, helping in predictions, and
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making the training process stable and efficient.

These are some of the most commonly used activation functions:

Linear Activation Function: This function maintains the proportionality of the
input value, directly affecting the output in a linear fashion.

flz) =ca (2.7)

Logistic Sigmoid Activation Function: It compresses the output to a range
between 0 and 1, making it useful for probabilities.

f(z) = (2.8)

Hyperbolic Tangent Activation Function: Outputs values between -1 and 1,
useful for models where the direction of the effect is important.
eT — et

f(z) =tanh(z) = —— (2.9)

er +e %

Rectified Linear Unit (ReLU): It allows only positive values to pass through,
introducing non-linearity while preventing vanishing gradient issues [53].

f(z) = max(0, x) (2.10)

Leaky ReLU: It allows a small, positive gradient when the unit is not active,

preventing dead neurons.
f(x) = max(cz, x) (2.11)

where ¢ is a small constant like 0.01.

Softmax: This function outputs a probability distribution over various classes,
making it suitable for multi-class classification problems in NNs. The Softmax
function is typically applied in the final layer of a network to normalize the outputs,
ensuring that they sum to one and represent probabilities that the input belongs to

each class. o
e 1
flz) = =g (2.12)

j=1€"

where z; is the score (logit) for class ¢ and K is the total number of classes.

A visual illustration of the mentioned activation functions (linear, sigmoid, tangent, ReLU,
LeReLU, Softmax) plotted all in the same axis is provided in the Figure 2.9 below.
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Figure 2.9: Graph of Linear, Sigmoid, Tangent, ReLU and LeReLU Activation Functions.

2.5.5 Loss Functions

When a NN begins its training process, its weights are initially assigned random values.
This network takes input data and passes it through its various layers to generate an
output. The generated output is then evaluated using a loss function, which compares
it to the desired or expected outcome, effectively measuring the network’s performance,
calculated in accuracy.

Loss functions [54] play a leading role in the training of NNs, being a measure of how
well the model’s predictions match with the actual data. A loss function quantifies the
difference between the predicted outputs of the network and the true outputs, providing
a metric for the performance of the model. The choice of loss function depends on the
specific task that is needed each time and it significantly influences the efficiency and
effectiveness of the learning process.

These are some of the most known and used loss functions:

e Mean Squared Error (MSE): Used for regression tasks, it calculates the average
squared difference between the predicted values and the actual values [55]. It’s

defined as: L
Z (2.13)

MSE(y,9) =

3 \

where y is the vector of n true values, and g is the vector of n predictions.

¢ Cross-Entropy Loss: Often used for classification tasks, it measures the perfor-
mance of a classification model whose output is a probability value between 0 and
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1. The loss increases as the predicted probability diverges from the actual label [56].
In binary classification, it’s defined as:

Cross-Entropy(y, ) = — > _ [y; log(9;) + (1 — ;) log(1 — §;)] (2.14)
=1

e Hinge Loss: Typically used for finding the decision boundary that separates differ-
ent classes in the dataset with the largest possible margin, primarily used in Support
Vector Machinesm [57]. It’s defined as:

Hinge Loss(y, §) = max(0,1 — y; - §;) (2.15)

where y represents the true class labels as +1 and -1, and ¢ are the predicted values.

2.5.6 Training and Optimization

Learning with Backpropagation

The learning process of the NN depends on its ability to adjust its weights to minimize the
loss. This optimization is primarily achieved through an algorithm known as backpropa-
gation [58]. Backpropagation works by calculating the loss function’s gradient regarding
each weight in the network and applying the chain rule of calculus.

If you have a NN function y = f(x;w) where w represents the parameters (or weights) of
the model, and a loss function L(y,¢) that measures the difference between the predicted
output y and the true output ¢, the gradient of the loss function with respect to the
weights can be computed as follows:

oL 0L 0y

ow Oy ow
This calculation determines how much each weight contributed to the error. The error is
then fed back through the network, allowing the system to update the weights in a direc-
tion that reduces the overall loss. The adjustments are made in a way that, over time, the
network’s output becomes more and more accurate in comparison to the expected results.
This iterative process of forward prediction and backward error correction continues until
the network’s predictions are close to the actual values, making sure that the network is
properly trained. The process of training NNs is also iterative and may require numerous
epochs or else, passes through the full dataset, to achieve well enough performance.

(2.16)

Optimizers

Different optimizers [59] are used in this procedure above and they play a critical role in
the training of NNs by using the gradients computed through backpropagation. These
gradients inform the optimizer how to adjust the weights to minimize the loss function.
The goal of any optimizer is to handle the multidimensional loss function and locate the
set of weights that results in the lowest possible loss. This process of optimization is piv-
otal, because it directly influences the speed at which the network learns and the quality
of the performance it achieves.

Here are some of the most known and used optimizers:
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* Stochastic Gradient Descent (SGD): Traditional optimizer that updates each
weight using the negative gradient multiplied by the learning rate [60].The equation
that is used is:

Wisr = Wy —n - VL(W) (2.17)

Where, W, represents the updated weights at time t+1, W, are the current weights
at time ¢, n is the learning rate, and VL(W;) is the gradient of the loss function
with respect to the weights at time ¢.

e Momentum: Builds on SGD by using the direction of previous gradients to accel-
erate SGD in the relevant direction.

e Adagrad: Modifies the learning rate for each weight based on past gradients, useful
for sparse data.

e RMSprop: Addresses Adagrad’s aggressive, monotonically decreasing learning
rate.

e Adam (Adaptive Moment Estimation): Combines ideas from RMSprop and
Momentum by computing adaptive learning rates for each weight [61]. It is the
optimizer that is most used, because it performs well in a very large number of
different tasks.

A visual illustration of the loss function landscape using Gradient Descent is provided in
the Figure 2.10 below.

Figure 2.10: Visualization of the Loss Function Landscape using Gradient Descent.

Training Process

Finally, we present the complete training process of a NN. This process involves several
key stages, each crucial for enabling the model to learn from data and make accurate
predictions. Below is an overview of these stages:

e Initialization: The training process begins with the random assignment of weights
to various connections between neurons. This step sets the initial state of the
network before learning commences.
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e Feedforward Propagation: Inputs are then fed into the network, passing through
multiple layers. Each neuron processes the input and passes it forward to the next
layer, culminating in an output.

¢ Loss Calculation: At the output layer, the network’s prediction is compared to
the actual target using a loss function. This function measures the accuracy of the
predictions by quantifying the error.

e Backpropagation: The calculated loss is propagated back through the network.
During this stage, the weights and biases are updated to minimize the error in
predictions, effectively ”learning” from the mistakes.

e Tteration: This process is repeated with multiple batches of data. Through iterative
adjustments of the model parameters, the network progressively improves its output
accuracy.

By systematically going through these stages, a NN learns to model complex patterns
and make predictions with increasing precision. A visual illustration of the NN training
process is provided in the Figure 2.11 below. The figure was taken from [5].
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Figure 2.11: NN Training Process [5].
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2.6 Probabilistic Learning and Calibration in Neural

Networks

This section discusses probabilistic learning and the calibration of neural networks, fo-
cusing on methods to assess and verify model accuracy and confidence. This includes
techniques for learning from probabilistic data, applying model calibration strategies,
and utilizing reliability diagrams to ensure the model’s performance aligns with expected
outcomes.

2.6.1 Model’s Accuracy and Confidence

In the realm of NNs, accuracy and confidence are two fundamental concepts that play
crucial roles in evaluating and interpreting model performance.

Accuracy

Accuracy [62] is a measure of a model’s performance that quantifies the percentage of
correct predictions out of the total predictions made. In the context of NNs and clas-
sification tasks in particular, accuracy provides a metric to assess how well the model
identifies the correct class for input data. It is calculated by comparing the prediction of
each sample with their true label. High accuracy means that the model is effective at its
task, making accurate predictions across a range of inputs. More specifically, accuracy is
used in the training process of the NN and we can separate it into model accuracy (or
simply accuracy) and validation accuracy.

Model accuracy measures the percentage of correct predictions made by the model over a
specific dataset. It is critical for understanding how well the model has learned the pat-
terns in the training data. However, high model accuracy can sometimes be bad, due to
the potential for overfitting, where the model learns the training data too well, including
its noise and outliers, making it less effective at predicting new, unseen data.

Validation accuracy is measured on a separate dataset not seen by the model during train-
ing, known as the validation set. This set is used to evaluate the model’s performance and
generalization capability. Validation accuracy is a more reliable measure of how well the
model will perform on new, unseen data. It helps in tuning the model’s hyperparameters
and in making decisions about when to stop training to avoid overfitting.

Confidence

While accuracy provides a broad measure of model performance, confidence gets into the
model’s predictions on an individual level. Confidence [63], in the context of NN, refers to
the probability that a given prediction is correct. It is a measure of the model’s certainty
about its output, with higher confidence levels indicating greater certainty. In a classifi-
cation task, confidence of each class is represented by the class prediction probability. In
other words, confidence offers insight into the reliability of individual predictions, allowing
users to know how much trust they can place in each output. Furthermore, confidence
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can identify the model weaknesses, highlighting cases where the model is unsure of its
decisions and may require further training.

2.6.2 Learning from Probabilistic Data

Multiclass Classification (Probabilistic Output Predictions)

In this thesis we deep in the field of supervised multiclass classification. This process
involves the model making predictions across multiple classes, where each input (X) from
a dataset (X) is associated with a label (Y) from a set of possible classes (Y = {1, 2,
..., K}). These classes represent the different categories into which the inputs can be
classified. Unlike binary classification, where predictions are more straightforward, mul-
ticlass scenarios require the model to understand and predict based on the probabilistic
distribution of data. This means that for each prediction, the model provides a set of
probabilities, one for each class, indicating the likelihood of the input belonging to those
classes. The model’s prediction is typically the class with the highest probability.

Probabilistic Data (Randomness in Outputs)

Learning from probabilistic data outputs poses a different challenge in the field of ML.
Probabilistic outputs refers to situations where the same input can lead to different out-
comes with certain probabilities. Many real-word scenarios address this situation, es-
pecially when talking about stochastic processes and non-deterministic algorithms, that
use randomness. More specifically, when dealing with probabilistic data in NN models,
particularly in classification tasks, the conventional measure of accuracy can sometimes
be misleading due to the inherent uncertainty in the data. At this point, it should be
clarified that probabilistic input data, has nothing to do with probabilistic outputs (as
they are in classification tasks) , these are two distinct concepts.

Impact on NN Accuracy

The traditional accuracy metric in NN models is calculated by comparing the predicted
class (the class with the highest predicted probability) against the actual (true) class label
for each input. However, in the context of probabilistic data, this method can unfairly
penalize the model.

For instance, say a particular input has a 60% chance of being in class A, 20% chance
of being in class B and 10% chance of being in class C. Now lets take 10 same input
samples (and assume theoretically expected distribution of outputs) this means that the
true output label is going to be 6 times class A, 2 times class B and 1 time class C. But
the NN, will always return as predicted output the class with the highest probability, thus
class A. This in terms of standard accuracy measures is incorrect, because by comparing
the predicted output with the true labels is only going to end up in 60% accuracy, even
though the prediction was reasonable given the probabilistic nature of the data and the
NN was working correctly.

This scenario highlights a serious limitation of using accuracy as the only metric for evalu-
ating model performance on probabilistic data. The model’s prediction for the maximum
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probability class may not always align with the single true label assigned to the sample,
leading to seemingly lower accuracy. However, this does not necessarily mean the model
is performing poorly. This leads us to try to prove the model’s well-functioning with some
extra metrics.

2.6.3 Model Calibration

Given these challenges, it’s crucial not only to consider the model’s accuracy but also to
examine its confidence in predictions and, importantly, how well-calibrated these confi-
dence levels are. NN model calibration [36] is the process of adjusting the output of a
NN so that its predicted probabilities accurately reflect the true probabilities of those
outcomes.

Getting into more details, our primary goal to achieve a well-calibrated model is to ensure
that the confidence level P is calibrated accurately, meaning it should reflect the actual
likelihood of the prediction 1% being correct. For example, in an ideal scenario, if we make
100 predictions each with a confidence of 0.8, we would expect 80 of those predictions to
be accurate. We define this notion as perfect calibration, expressed mathematically as
P(}A/ = Y\ﬁ = p) = p for all p in the range [0, 1], assuring that the model’s confidence
matches the actual probability of correctness across all predictions.

However, achieving this level of perfect calibration is practically infeasible especially in
a multiclass setting due to the continuous nature of the probability variable P, making
it impossible to calculate this probability directly from a finite number of samples. This
limitation makes it necessary to use different empirical methods and metrics, such as
reliability diagrams, so we can approximate and assess the model’s calibration effectively.

2.6.4 Reliability Diagrams

Reliability diagrams [36] serve as a graphical method to assess the calibration of models
particularly in classification tasks, visualizing how a model’s predicted confidence aligns
with its actual accuracy. In an ideally calibrated model, these diagrams would show a
straight line along the diagonal, indicating a perfect match between confidence and ac-
curacy. Points above the diagonal indicate underconfidence, thus the model’s predictions
are more accurate than the model’s confidence suggests. The other way around, points
below the diagonal suggest overconfidence, thus the model believes its predictions are
more likely to be correct than they actually are.

A visual illustration of a reliability diagram with examples of an overconfident (blue) and

an underconfident (orange) models is provided in the Figure 2.12 below. This showcases
the comparison with the perfect calibration line (1:1). The figure was taken from [6].
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Calibration Example

1.0{ -—- 1.1 » -
—— Overconfident _/ /'
—&— Underconfident o g
rd
0.8
>
o
i
5 0.6
¥
<
©
U
E
w
0.2 1
0.0 1
010 0;2 014 O.IB 0j8 1:0

Output Probability of Classifier

Figure 2.12: Example of Overconfident and Underconfident Models, comparing with Per-
fect Calibration (1:1) in Reliability Diagram [6].

To empirically evaluate model accuracy based on predicted confidence levels, we divide
predictions into M equally sized intervals, or bins, based on their confidence score [36].
For each bin B,,, representing the range (mv’l, %}, we calculate its actual accuracy. This
is done by comparing each prediction within the bin to its actual outcome, with

acc(Bn) |B | > UG = wi), (2.18)

ZEBm

where ¢; and y; denote the predicted and true labels, respectively. This measure provides
an unbiased and consistent estimation of the probability P(Y = Y|P € I,,,).

Additionally, we define the average confidence for bin B,, as

conf(B,, |B ‘ > b (2.19)

leBm

where p; represents the confidence level for each prediction. The accuracy and average con-
fidence of a bin should ideally be equal for a model to be considered perfectly calibrated.
However, it’s important to note that reliability diagrams focuses on the relationship be-
tween confidence and accuracy and do not provide information on the distribution of
samples across bins.

This is why in addition to reliability diagrams, another useful metric is the histogram of
confidence. A histogram of confidence for a NN displays the distribution and the number
of total samples of the model’s prediction confidences across the entire dataset, providing
a visual summary of how many samples each of the different confidence bins contains.

A visual illustration of a random example of a histogram of confidence diagram, where x

axis is the confidence level and y axis is the number of samples, is provided in the Figure
2.13 below. The figure was taken from [7].
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Figure 2.13: Random Example of Histogram of Confidence, X axis is the Confidence Level
and Y axis is the Number of Samples [7].

2.7 Integrating MCTS and NNs for Enhanced Deci-

sion Making

The integration of deep learning techniques with search algorithms, into the domain of
strategic and decision-making problems signifies a groundbreaking period in Al studies.
Drawing inspiration from the remarkable success it found, firstly in Computer Go [28],
and afterwards in Hex [35], that particularly combined DNNs with MCTS, we are explor-
ing the further applicability and potential of DNNs and specifically we are focusing on
supervised learning methods, to enhance move prediction and evaluation across a wide
spectrum of applications characterized by complex decision trees and extensive branching
factors.

It is now understandable that the great success of MCTS in solving different strategy
problems mainly comes from its skill in carefully selecting the best options from a vastly
expanded tree of choices. This ability is because its dynamic mechanism of updating node
evaluations based on outcomes derived from simulated sequences of moves. So, a lot of the
improvements in MCTS are about making it better at picking which options might lead
to success by learning from these simulations. As a result, a lot of the improvements in
MCTS are about making these choices smarter by integrating offline prior knowledge. This
approach enhances the search bias towards more favorable outcomes based on historical
data and advice from experts. In the next paragraphs, we analyze how it is possible to
integrate MCTS with DNNs having the role of the expert, providing this prior knowledge
to the search [28, 35, 64].
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2.7.1 Data Collection and Offline Training

In the realm of training NN for advanced decision-making, the data that have been col-
lected, play a pivotal role in the performance of the algorithm. There are two different
approaches to collecting data for the NN in these cases, deriving data from a deterministic
expert system or generating datasets through self-play simulations. We choose the second
approach with self-play [35].

Data from a Deterministic Expert System

The first method involves collecting data from an expert system designed to solve state-
action scenarios with high precision. This system utilizes a set of complicated rules to
determine the optimal moves and strategies across various states. Despite its determin-
istic nature, ensuring consistent and high-quality data output, requires for the process,
significant computational demands due to the depth and complexity of its rule-based
analysis.

Self-Play Simulation Data

This method uses self-play simulations as a dynamic method for data generation. In this
technique we create data from running simulations with decisions driven by the search
algorithm that we are using, in this case MCTS. The adaptive nature of self-play fosters
the generation of a rich and varied dataset, reflecting a wide array of game scenarios and
outcomes. This approach lets us quickly gather a large amount of good enough quality
data that capture the decisions and strategies used in the simulation across different states
and conditions.

Offline Training of the NN

A critical aspect of this integration is that the NN is trained offline [35, 28]. Unlike online
learning, where models are updated in real-time as new data from the simulation, becomes
available, the NN is trained on a dataset of simulation scenarios and outcomes before its
integration with MCTS. This training involves supervised learning methods, particularly
multiclass classification, where the network learns to predict the outcome and the best
moves from an input state, from the historical data. More specifically, the NN gets a
state: s of the MCTS as an input and it produces a distribution of probabilities over
actions given this state as an output: P(s,a).

Once trained, the NN’s model is saved and loaded to guide the MCTS in real-time sce-
narios. The separation of training and application phases ensures that the time compu-
tational overhead of deep learning does not significantly delay the speed of the MCTS
during simulation. This approach cleverly divides tasks for each component, to operate
within their strengths. Combining the former knowledge of the NN with the dynamic
search exploration of the MCTS.
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2.7.2 Enhancing MCTS with Neural Networks

The integration of the NN’s prior knowledge happens through the selection phase of the
MCTS algorithm. The selection that determines the tree policy is now modified to be
NN-guided selection.

Neural Guidance in the Selection Phase

Getting into detail, we know that the selection phase is pivotal in MCTS, guiding the algo-
rithm’s exploration of the decision tree towards the most promising nodes. By traditional
means, this phase uses the UCT formula to balance exploration and exploitation. How-
ever, NN-guided MCTS uses Predicted Upper Confidence Trees (PUCT) instead [35, 28].
This approach exploits the predictive power of the NN to guide the selection phase of
MCTS, enriching the traditional search process with a layer of strategic foresight based
on the probability distribution P(s,a) provided by the NN. This probability distribution
indicates the potential success of every possible action a from the state s, making an eval-
uation between more and less promising moves. The higher the probability of one action,
the more promising it is. This way, by adding this prior knowledge into MCTS, the search
process is transformed from a basic UCT search to a more sophisticated version, PUCT,
enhanced with prior predictions.

Numerous variants of the PUCT formula exist and can be found in [28]; each with subtle
distinctions regarding the additional score term that quantifies the influence of the NN.
Initially, we employed the widely-used original variant, labeled as variant 0 in figure 2.14.
Following brief experimentation with other variants, we determined that variant 4 from
figure 2.14, yielded the most favorable outcomes for our autonomous-driving problem. No-
tably, variant 4 does not contain a squared root operation over the number of state/action
visitations in the denominator. Therefore, state visitation affects more strongly the re-
lated term with respect to variant 0.

The mathematical formulation of PUCT (variant 4) modifies the standard UCT selection
criterion by adding a term that represents the NN’s predictions:

In N(s) P(s,a)
N(s,a) O N(s,a)+1

score(s,a) = Q(s,a) + Cy - (2.20)

where:

* ()(s,a) stands for the average reward obtained after taking action a from state s,
representing the exploitation component of the strategy.

e N(s) is the total number of visits to the state s, and N(s,a) is the number of times
action a has been taken from state s, which are used to calculate the exploration
factor.

» P(s,a) represents the prior probability of selecting action a in state s, as estimated
by the NN. This term introduces the concept of neural guidance into the selection
process.
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* (, and O, are two constants that balance the relative importance of exploitation,
exploration, and neural guidance.

A table of the different PUCT variants is shown in Figure 2.14 , taken from [28]. Each
variant is associated with a different index number.
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Figure 2.14: Variations of tree policies based on UCT. Different groups of selection formu-
lae are divided by two horizontallines and each member of a group has a variant number.

A visual illustration of how the NN-Guided selection works is provided in the Figure 2.15
below. Child; with the highest PUCT value is then selected. Where, s is the state, P(s, a)
is the distribution over all n actions and pi is the prediction probability of child;. The
child; from the set of all n possible children with the highest PUCT value is selected.
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Figure 2.15: Representation of NN-Guided Selection, where s is the state, P(s,a) is the
distribution over all actions and pi is the prediction probability of child;. The child; with
the highest PUCT value is then selected.

2.7.3 Benefits of the Integrated Approach

The integration of P(s,a) into the selection phase fundamentally shifts the dynamics of
MCTS. It introduces a deep learning informed bias towards actions that the NN identifies
as having higher potential, even before any simulations are run from those nodes. This
pre-determined valuation uses the accumulated knowledge encoded in the NN and guides
the search accordingly, gaining this way many advantages over the plain MCTS algorithm.

¢ Enhanced Exploration Efficiency: NN-Guided MCTS guides the exploration of
the decision space by leveraging NN predictions to direct the search to take actions
towards more promising branches of the tree. Unlike plain MCTS, which relies
on random simulations, potentially leading to inefficiencies and some times in sub-
optimal solutions, the NN’s prior knowledge ensure a more focused and efficient
exploration process by prioritizing moves with a higher likelihood of success.

¢ Accelerated Convergence to Optimal Strategies: Furthermore, this integra-
tion accelerates the procedure of the identification of strong moves and strategies,
thereby speeding up the policy improvement process. While plain MCTS gradually
refines its policy through trial and error, NN-Guided MCTS is able to bypass less
promising strategies, achieving faster convergence to optimal solutions, especially in
complex scenarios with extensive branching factors. In other words, given that the
two algorithms return the same solution, NN-Guided MCTS is going to need less
computational time to reach it.

e Improved Decision Quality under Computational Constraints: Finaly, NN-
Guided MCTS enhances decision-making by enabling high-quality decisions with
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fewer simulations. This approach differs from plain MCTS, which requires ex-
tensive exploration to achieve similar quality to the solutions, making NN-Guided
MCTS particularly more efficient in scenarios with limited computational resources
or where rapid decisions are essential. In other words, given the same number of
iterations for the two algorithms, the NN-Guided MCTS is going to delve deeper
into the decision tree, thus it is going to find a better more informed solution.

2.7.4 Challenges and Considerations

While the integration of NN guidance in MCTS offers significant advantages, it does not
come without its challenges and considerations. The most significant concern in imple-
menting this advanced approach, is about the computational demands of NNs, especially

when compared to the relatively lightweight computational requirements of traditional
plain MCTS.

The main challenge associated with NN-guided MCTS, is the speed of NN predictions
and what are the potential solutions to minimize this issue [35]. More specifically, NN
particularly those with deep architectures necessary for capturing a complex environment,
are naturally very slower than the straightforward algorithms that drive plain MCTS. The
time taken by NNs to make a single prediction from the current state, despite being in the
range of milliseconds, can accumulate over hundreds of iterations and multiple states in
each iteration, significantly slowing down the MCTS process. This delay is problematic,
especially in scenarios where real-time decision-making is crucial or when computational
resources are limited.
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Chapter 3
Related Work

This chapter reviews existing literature in autonomous driving, focusing on both lane-
based and lane-free traffic systems. It outlines the general advancements in the field, then
provides a detailed analysis of specific studies relevant to our research. The review extends
to exploring Monte Carlo Tree Search (MCTS) applications in various domains, with a
particular emphasis on motion planning techniques in autonomous driving. Additionally,
the chapter details the foundational work and prior studies that have directly influenced
the development of our thesis, offering a comprehensive background that sets the stage
for our contributions.

3.1 Autonomous Driving

This section delves into the realm of autonomous driving, providing a thorough overview
of existing research related to both traditional lane-based and innovative lane-free traffic
systems.

3.1.1 Autonomous Driving in Lane Based Traffic

One of the core challenges in autonomous driving within lane-based traffic is motion plan-
ning, due to the computational difficulty in finding exact solutions and navigating vehicles
through structured urban paths. The literature suggests various approaches to tackle this
issue.

Motion-planning techniques can be categorized into three broad types of methodologies,
namely: Variational methods, Graph-Search methods, and Incremental search methods
[65]. These different strategies aim to navigate vehicles effectively through complex traffic
scenarios, to address the difficulties of autonomous vehicle planning in a structured traffic
environment.

e Variational Methods: approach motion planning as an optimization problem,
representing it through a high-dimensional function that represents various vehicle
dynamics, such as speed and distance from other vehicles. These methods apply
non-linear optimization to find solutions, with some employing numerical techniques
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like Euler’'s method [66] or using polynomials for trajectory approximation [67].
However, they often stack to sub-optimal solutions in local optima.

e Graph-Search Methods: visualize the vehicle’s path and interactions within its
environment as a graph, helping like this the search for minimum cost paths. There
are various techniques to construct these graphs, integrating heuristic, geometric,
and sampling methods to emulate the complexity of real-world traffic networks.
Despite being useful, these methods are constrained because they depend on using
a predefined list of movement patterns, limiting the exploration of potential paths.

e Incremental Search Methods: dynamically generate a reachability graph or tree
by sampling the configuration space, expanding until it covers an area based on a
specific goal. This approach is particularly noted for its adaptability and the use of
randomized techniques to navigate the vast configuration space. Among the most
accurate algorithms in this category are the expansive spaces tree (EST) planning
algorithm [68] and the Rapidly-exploring Random Trees (RRT) [69], both of which
stand out in identifying possible path trajectories in high-dimensional systems.

Notably, a very interesting approach is the one that uses Model Predictive Control (MPC)
[70], proposing a driving environment uncertainty-aware motion planning framework.
MPC’s integrate various aspects such as risk assessment for vehicle stability, position ac-
curacy, obstacle avoidance, and adherence to vehicle dynamics constraints. This method
employs a 4-DOF (Degrees of Freedom) vehicle dynamics model to evaluate the risk of a
vehicle rolling over. It also improves the method for estimating uncertainties, making it
more accurate. This is based on the Extended Kalman Filter (EKF), enhancing like this
the autonomous driving system’s safety and reliability in complex traffic scenarios.

3.1.2 Autonomous Driving in Lane Free Traffic

Lane-free autonomous driving represents a significant paradigm shift from traditional,
lane-based systems, promising to optimize traffic flow and enhance safety. Historically,
lanes simplified driving tasks by reducing the driver’s need to monitor all surrounding ve-
hicles (front,back,left,right), effectively optimizing movement and improving safety. How-
ever, the complexity of lane-changing maneuvers is responsible for a notable percentage
of traffic accidents, showcasing its limitations of this system.

Lane-free driving, e.g. as envisaged by like the TrafficFluid Concept [11] which suggests
a lane-free environment with “nudging” effect among cars, aims to address these chal-
lenges by employing sophisticated control methods and optimization strategies, allowing
vehicles to navigate without the constraints of predefined lanes. However, the transition
to a lane-free environment introduces new complexities in motion planning and vehicle
control, necessitating innovative algorithms and models to ensure fluid vehicle movements
and safety.

Over the last few years, several studies on lane-free traffic environments have explored
various control methods to optimize agent policies. More specifically, strategies based in
Control Theory were suggested in [11, 13], while others have employed Multi-Agent Deci-
sion Making approaches [14, 15]. For instance, [11] proposed a strategy for maneuvering
vehicles in a lane-free environment based on heuristic rules that simulate "forces” to enable
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overtaking and adapt to different scenarios. Furthermore the work of article [13] focused
on developing a two-dimensional cruise control system using principles of Control Theory
for lane-free traffic. Moreover, [15] introduced an optimal control strategy for lane-free
vehicles, particularly emphasizing model predictive control, where each vehicle plans its
path considering the future movements or else trajectories of nearby vehicles. On the
other hand, [14] addressed the challenge by leveraging the max-plus algorithm to create
a dynamic collaborative communication network among vehicles, threw a graph structure.

Additionally, some studies have turned to Deep Reinforcement Learning for policy opti-
mization, necessitating the environment’s description through a Markov Decision Process
(MDP). The work of Karalakou has developed an MDP for a lane-free, ring-road en-
vironment [8] and evaluated it using the Deep Deterministic Policy Gradient (DDPQG)
algorithm. In this research, this previously established MDP framework will serve as
the foundation of the representation of Monte Carlo Tree Search (MCTS) as an MDP in
autonomous lane-free driving environment. Concluding, the study in [16] introduced an
algorithm that utilizes implicit imitation Deep-RL, drawing on the experiences of mentor
agents and the defined MDP to expedite training through the use of state transition data
from expert mentors.

3.2 MCTS-Based Planning Techniques

Beyond its landmark contributions in strategic game decisions and planning in uncertainty
that were detailed before [26, 27, 28] in Section 2.2, MCTS has been used in a variety
of significant advancements across different AI domains. These achievements underscore
MCTS'’s versatility and its transformative impact on complex problem-solving. Here are a
few notable diploma thesis, in different domains where MCTS has made its mark, setting
the stage for further exploration and innovation.

To begin with, [71], explores a Bayesian approach to generate personalized recommenda-
tions by learning from user preferences through non-intrusive feedback. Utilizing a Markov
Chain Monte Carlo algorithm, it adeptly models uncertainty and adjusts to sparse data
by observing behavior patterns. The method, applied to online hotel bookings, yields
promising, personalized results.

Another study [72] applies MCTS to the game of "Diplomacy”, evaluating eight MCTS
agent variants using the Upper Confidence Trees (UCT) for optimal exploration and ex-
ploitation. Enhanced with a domain-specific heuristic, these agents were tested against top
competitors, showing that MCTS can outperform the leading Diplomacy agent, DBrane,
in multi-agent settings.

Continuing with in the realm of strategic games, this work [73] introduces a novel ap-
plication of MCTS to "Settlers of Catan”, employing reinforcement learning and bandit
methods to balance decision-making. The agent, uniquely considers the game’s complete
rules and enables player negotiations, outperforms traditional methods, particularly when
integrating strategies based on human behavior for initial placements.
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Finally, this paper [74] explores enhancing online planning for partially observable Markov
decision processes (POMDPs) with the POMCP algorithm, by integrating state-variable
constraints through hard constraint networks and probabilistic Markov random fields.
The case study, based on Rocksample, demonstrates significant performance boosts, with
improvements up to 50% in average discounted return, highlighting the value of incorpo-
rating prior knowledge into the planning process.

3.2.1 MCTS and Autonomous Lane-Based Driving

The MCTS algorithms, known for their incremental search methods, have various ap-
plications, particularly within autonomous driving scenarios. One notable application is
simulating the behavior of other vehicles on the road using a prediction model, taking into
account human intentions [29]. Another study implemented a learning-based continuous
MCTS approach using KB-Trees [30]. In addition to that, there is also an event-based
approach , that uses probabilistic models during the MCTS’s selection phase to predict
the actions of other drivers [31]. Beyond modeling the behavior of other vehicles, MCTS
has been used for different purposes in autonomous driving, such as predicting maneuvers
based on image inputs [32].

3.2.2 MCTS and Autonomous Lane-Free Driving

Finally and most importantly, the use of MCTS for guiding autonomous vehicles in a
lane-free setting was first introduced by Giankoulidis [34], a student from the Technical
University of Crete and member of the TrafficFluid research team. More specifically, it
develops an MCTS-MDP framework specifically tailored for autonomous lane-free driv-
ing, where the algorithms operate within it. Then, the study explores the effectiveness of
plain MCTS for individual vehicle decision-making, focusing on objectives like collision
avoidance and maintaining desired speeds. Additionally, it extends the model to a multi-
agent setting by incorporating a Factor Value MCTS that utilizes Coordination Graphs,
allowing for dynamic interaction and communication among vehicles.

This thesis builds on Giankoulidis’s initial work, aiming to refine and enhance his ap-
proach. The first step involves improving and optimizing the existing plain MCTS method,
inside the established MCTS-MDP framework. After that, we further develop the model
by integrating MCTS with Neural Network (NN) knowledge and guidance. We com-
pare our results directly with Giankoulidis’s MCTS algorithm, clearly highlighting our
improvements and showcasing the advancements in an understandable and detailed way.

47



Chapter 4

Our Approach

In this chapter, the discussion transitions to our specific work and methodologies. It
explains the development and implementation of an MCTS-MDP framework tailored for
lane-free autonomous driving [34], discussing various strategies such as an enhanced ver-
sion of the plain MCTS that was developed in [34] and our own Neural Network-Guided
MCTS. The chapter elaborates on the distinct phases of our approach, from data collec-
tion and training to integration and practical testing, underscoring the novel applications
designed to navigate the complexities of lane-free environments.

4.1 MCTS for Autonomous Lane-Free Driving

In this section we navigate through the adaptation of Monte Carlo Tree Search (MCTS)
algorithm within the lane-free traffic environment. We provide a detailed analysis of
how MCTS is incorporated into real-world traffic simulations and offer a step-by-step
breakdown of the MCTS represented as a MDP. More specifically, we delve into the state
and action spaces, examine the reward function, and explain the roles of nodes and edges
within the search tree. Finally, we understand how MCTS interfaces with the complex
and dynamic variables of lane-free traffic management. This analysis and approach is also
a part of Pantelis Ginakoulidis previous work in [34].

4.1.1 Lane-Free Traffic Environment

In our study, we model an open highway environment to simulate traffic scenarios, wherein
multiple automated vehicles are driving together in the simulation. Vehicles function
based on our agent that uses a decision-making algorithm, in our case MCTS or NN-
Guided MCTS, that searches for the best actions to take inside this MCTS-MDP formu-
lation [34]. More specifically, in order to attain the best outcomes with respect to traffic
efficiency, it has been decided that each vehicle will independently execute its own MCTS
algorithm respectively as the ego vehicle. Our agent’s goal is to reach its unique desired
speed and avoid collisions by complicated maneuvers and nudging among other vehicles.

Our agent has the ability to monitor its own position as well as that of the nearby vehicles’
positions (z,y) and speeds (v,, vy ), observed as two-dimensional vectors that reflect lon-
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gitudinal (x-axis) and lateral (y-axis) components. All vehicles within this environment
are standardized in terms of size and movement dynamics, and each one independently
sets, randomly at the start of each simulation, a target speed or else desired speed vy
from a predefined range [vVgmin, Vamax), @ parameter that is also observable to our agent.
The control inputs for our agent are the longitudinal and lateral accelerations (a,,a,),
which directly influence acceleration/deceleration (gas/break) and steering (left /right) di-
rections, respectively.

For the simulation of this lane-free traffic scenario, we leverage an extension of the Sim-
ulation of Urban MObility (SUMO) tailored for lane-free traffic [75]. The open highway
framework, is represented in Figure 4.1 below and as we can see it is a straight road with
vehicles entering from the left side (start of simulation) and exiting from the right side
(termination of simulation).

Figure 4.1: SUMO Interface for Simulations.

4.1.2 State Space

To effectively implement the MCTS algorithm for our specific problem, which involves
leveraging the domain’s Markov Decision Process (MDP) structure to optimize the pol-
icy within its constraints, it is essential to define some fundamental principles. The first
thing that must be defined is the state space S. To do that, we must define the attributes
characterizing a vehicle c.

A vehicle ¢ is characterized by a collection of attributes: ¢ = {ps, py, Vs, vy, [, w, d, }, where
each attribute is defined as follows in Table 4.1 below:

Parameter Definition

Pz (m) Position in x-axis
) Position in y-axis

v, (m/s)  Speed in x-axis

vy (m/s)  Speed in y-axis

[ (m) Vehicle length

w (m) Vehicle width

d, (m/s)'  Desired speed

Table 4.1: A vehicle’s definition.
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At any given moment t, represented from a time-step in a SUMO simulation, the state
of a particular vehicle ¢ encapsulates all its current moment characteristics, as position
and speed in both x and y axis, and also its length, width and desired speed, that they
stay unchanged (for that particular vehicle) for any time step. In addition to that, a state
also holds the same information about other surrounding vehicles (around the targeted
ego vehicle) within a longitudinal distance from it, that is within the predefined visibility
distance d.

At this point, with all these parameters defined, we can formally describe a state s as a set
s ={cm, [ =[c1...c,]}, where ¢, is the ego vehicle, and T is the set of neighboring vehi-
cles ¢,,. It is very important to emphasize that in our approach the ego vehicle, is capable
of identifying other neighboring vehicles not only in front of it (where d, = x,,, — x; > 0),
but also in the back of it (where d, = z,,, — x; < 0). This goes in contrast with Giank-
oulidis’s approach of MCTS [34], that a state only included the neighboring vehicles in
front of the ego and not at all the ones in the back. Finally, a terminal state is reached
when the ego vehicle either collides with another vehicle or if it exceeds the road bound-
aries.

A visual illustration of the state space is provided in the Figure 4.2 below. The figure was
taken from [8].

Figure 4.2: State Space Representation as it was implemented in [8].

4.1.3 Action Space

The action space of a vehicle is defined by the range of longitudinal and lateral acceler-
ations it can execute at any given moment, ¢t. Theoretically, a vehicle ¢ can adopt any
action o = {ay, a,}, where a, represents the longitudinal acceleration and a, the lateral
acceleration. These accelerations can vary within a spectrum from —a; (m/s®) to +ay

! A number between a predefined range [Vd, min, Vd,max] that is set for each vehicle in the beginning of
the simulation randomly. It represents the optimal (maximum) speed that each vehicle tries to reach and
maintain.
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(m/s”), with a; and aj, being real numbers that reflect the vehicle’s capabilities and char-
acteristics. The values of these accelerations include the entire range of real numbers,
where a positive number means acceleration and a negative deceleration.

For the purposes of constructing a search tree within our algorithm, the action space A
must be discrete, encapsulating a finite set of possible accelerations: five distinct possi-
bilities for longitudinal acceleration and three for lateral acceleration. An action, «, is
thus defined as a pair of selected accelerations, a = {a, o }, where a, is chosen from the
set of longitudinal accelerations and «, from lateral accelerations, with each able to take
value only from the predefined sets as described below:

* Longitudinal Acceleration Values (m/s”): a, = {—5,—2,0,2,5}
« Lateral Acceleration Values (m/s”): oy, = {~1,0,1}

With this discretization, the action space A contains all possible combinations of the lon-
gitudinal and lateral accelerations, resulting in a total of 15 distinct actions available to
the vehicle. This approach simplifies the decision-making process for the vehicle, enabling
a manageable yet effective set of maneuvers to choose from.

A visual illustration of the action space with the 15 discrete actions, that are generated
from the combinations of lateral and longitudinal accelerations, is provided in the Figure
4.3 below.

Lateral Acceleration (m/s”2)

(-5.1) (-2,1) (0,1) (2,1) (5,1)
(-5.0) (-2,0) (2,0) (5,0
-€ >

Longitudinal Acceleration (m/s*2)

(5/2,1)/ y (2,1) (5,-1)
(

0,-1)

Figure 4.3: Action Space Representation, 15 Possible Discrete Actions (ax,ay).

4.1.4 Reward Function

The reward function plays a pivotal role in guiding the algorithm towards finding the
optimal policy, because it is responsible for quantifying the outcomes of different actions
under different states. The two main goals of our agent is the avoidance of collisions with
other vehicles and the maintenance of a speed that is as close as possible to its desired
speed. In our approach, one simulation or playout of the MCTS simulation phase, is
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stopped either if a terminal state is reached either after n forward steps, where n is a
predefined integer value.

Collision Avoidance Objective

For the purpose of collision avoidance, to begin with, our heuristic approach incorporates
artificial potential fields, as suggested in [11]. In addition to this, we also consider any
actual collisions that occur during the simulation phase by resulting in a negative impact
on the score. More specifically, when a collision occurs involving the ego vehicle, the simu-
lation is prematurely terminated before reaching our maximum of n steps or timestamps.
The deeper into the simulation a collision occurs, the lower the penalty (negative score)
applied to the current state’s score is. This is based on the rationale that later collisions
in the simulation indicate a lesser likelihood of their occurrence.

It is also essential to consider that some actions might lead to states with a higher prob-
ability of collision, even if actual collisions are infrequent or not happening at all from
that state in the simulation. To address this, we integrate a negative value associated
with such actions to achieve collision avoidance. The artificial potential fields provide a
quantifiable measure of the collision risk between two vehicles by assessing their current
positions and speeds. This risk is calculated by the function f;;, representing the potential
collision between vehicles i and j.

In our approach, we calculate a total cumulative "potential collision” score for the sim-
ulation. This score adds up the potential collisions of all vehicle pairs that include the
ego vehicle in the terminal state of the simulation, but it does this only if the vehicles are
within the predefined distance d.

The collision avoidance part of the reward function is given by:

*—i—z Ly fiws if dist(i,v) < d and ng < n,
g(s) = M fiws if dist(i,v) < d and ny > n, (4.1)
0, otherwise,

where:
e D: is a positive constant.

* ng,: is the number of steps simulated before a collision occurs. In instances where a

collision does take place, the fraction £ represents the collision’s significance based

on the time-step the collision occurred “In the rest of the cases where a collision did
not take place, this factor is removed.

e n: is the maximum number of total simulation steps in one MCTS simulation cycle
(if a collision occurs before step n, then the simulation ends prematurely).

e dist(é,v): is the longitudinal distance between the two vehicles i and wv.

e M: The number of vehicles within the distance less than Maz D, thus dist(i,v) <
MaxD, for any two vehicles i, v and a predetermined constant MaxD.
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* fin: quantifies the risk of a potential collision between vehicles 7 and v, according
to artificial potential fields.

Desired Speed Maintenance Objective

Regarding the second objective, the outcome of a vehicle’s action within the simulation
is deterministic. In this scenario, when a vehicle is at a particular state and an action
is taken, the resulting speed of the next state is determined by the kinematic equation
vir1 = vy + a/ . Similarly, the vehicle’s updated position is also deterministic and it is
calculated by xy1 = xy + v,T + %aﬂﬁ, where x; represents the position at time £, v,
denotes the speed, a; signifies the applied acceleration at that time, and T is the constant
time period.

Given the predictability of an action’s result, the evaluation of a state’s score remains
unaffected by the simulation outcomes. Instead, we are focusing on the comparison be-
tween the vehicle’s actual longitudinal speed and its targeted desired speed. Our goal is to
minimize the variance between the vehicle’s actual speed v;(s), and the vehicle’s desired
speed, vg.

For the desired speed maintenance objective, the heuristic is defined as:

f(s)

€
 |v(s) —vg| + €

(4.2)

where:
* v(s): is the actual speed of the vehicle at state s.
e vg: is the desired vehicle speed.

e ¢: is a small positive constant to ensure that the function is well-defined even when
the actual speed equals the desired speed.

Objectives Integration

The total reward for a simulation, taking into account both collision avoidance and speed
maintenance, is calculated as a weighted sum:

G(S) = a-g(s)+ 8- f(s), (4.3)
where:

e a: A coefficient weighing the importance of collision avoidance, where a larger value
places a higher priority on preventing collisions.

e 3. A coefficient weighing the importance of maintaining the desired speed, where a
larger value emphasizes adherence to the desired speed.

Both a and 8 are non-negative and are heuristic parameters that can be tuned during
the simulation to balance the objectives. The attention to these factors is vital in the
formulation of the MCTS algorithm’s strategy, ensuring that the vehicle not only operates
safely, avoiding collisions, but also works efficiently to its desired speed.
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4.2 Plain MCTS in Lane-Free Traffic

In this section, we dive into our specific structure of the MCTS search tree and the way
it integrates within the lane-free traffic environment. We focus on the structure of the
tree and explain the meaning of each component within the context of our autonomous
driving domain.

4.2.1 Navigation in Autonomous Driving Decision Space

In the previous sections, we defined the components essential to represent the MCTS,
including the state and action spaces, along with the reward function. However, we must
also analyze the architecture of the search tree itself, the way it is created, and the way
we navigate through the problem space. To construct the search tree, it’s important to
explain first what makes up the nodes and the edges, specifically now for our autonomous
driving environment.

In our approach, a node is characterized by some key elements:

* a specific state s (as it was analyzed in Section 4.1.2), which is basically the main
characteristic of the node, including some other ones that help us to create and
navigate the tree.

¢ the action a that transitions to the state s, thus this allows to recognize the node’s
parent node and helps us to navigate the search tree.

e the potential actions available from the state s, which in our scenario includes the
entire action space, all 15 possible moves for any given child node. This helps us to
create and expand the tree.

An action represents an edge of the tree and in context of driving, it means an application
of accelerations (lateral and longitudinal), to the vehicle involved (as it was analyzed in
Section 4.1.3). When a new action is taken from a node (state), it means a transition
from it to a new child node (depending on what was the action). This allows the vehicle
to take any subsequent actions from the current state and growing like this the tree by
creating new nodes.

Additionally, we integrate the reward function, G(s), as defined by equation 3.3, to calcu-
late the score of a single simulation. This score represents the value or else the reward of
a node and it is used in the selection phase in the Upper Confidence Trees (UCT) formula
(equation 2.5). More specifically, it is used to calculate the exploitation factor Q(s,a), by
measuring the average reward received, after taking action a from state s.

4.2.2 Algorithm Implementation

Presented below in Algorithm 1 is a high-level implementation of the plain MCTS algo-
rithm. The process begins by initializing the root node of the tree, which stands for the
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current state of the ego vehicle at each time step in the SUMO simulation. It is impor-
tant to understand that we run a complete MCTS cycle for every single time step in the
simulation. Additionally, we have the flexibility to decide how many of the vehicles in the
simulation will use MCTS algorithm for their decision-making or if they will just follow
the standard navigation patterns and behavior as outlined in [11]. In our case, with the
goal of improving the overall vehicle flow and traffic, so we can achieve the best results,
we have chosen to make each vehicle independently run its own MCTS.

To continue with the algorithm’s functionality, MCTS iterates over 4 key phases, selection,
expansion, simulation, backpropagation which are described in Section 2.4 and visualized
in Figure 2.3 We dive deeper into each of these phases in the following sections. The loop
of these phases continues, creating like this the search tree, until it reaches the predefined
limit of maximum iterations and it is terminated. When it comes to the last iteration,
the algorithm picks greedily the final action based purely on which one offers the highest
reward, without factoring in any exploration factors. After this, the algorithm identifies
the best action for the vehicle’s current state in the simulation. This action is then ex-
ecuted, and the corresponding changes in speed are applied to the vehicle, through its
lateral and longitudinal accelerations.

Algorithm 1: A High Level MCTS implementation

iterations <— 0
root < initialize_tree ()
while iterations < MAX ITERATIONS do
selected_state <+ select (root)
if is_terminal (selected_state) then
‘ continue
end
if number_of visits (selected_state) > MIN VISITS then
‘ expanded_state < expand (selected_state)
end
else
‘ expanded_state < selected_state
end
score < simulate (expanded_state)
backpropagate (expanded_state, score)
iterations < iterations + 1
end

4.2.3 Selection Policy

Presented below, Function 1 embodies the first step in the MCTS cycle, where the goal is
to traverse the tree from the root to a leaf node by selecting optimal child nodes at each
step. This selection is guided by the UCT score, a balance of exploration and exploitation,
as it was analyzed in Section 2.4. More specifically, for each child of the current state, a
UCT score is calculated (referenced in Equation 2.5), targeting to select the child with the
highest potential based on average score from past performance from previous simulations
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and unexplored opportunities. The chosen best child is the one with the highest UCT
score, indicating it as the most promising node for further exploration or expansion.

Algorithm 1: Function 1: Selection Phase of MCTS
Input: state
children < get_children (state)
for child € children do
| score < UCT (state, child) (2.5)
end
best_child < argmazxp;q (score)
return best_child

4.2.4 Expansion Specifics

The expansion phase represented below Function 2 is pivotal for advancing the search tree.
When a leaf node is reached, one new child node at each time will be added to the tree,
representing like this the possible future actions from that state. This is accomplished
by generating a new action, executing this action to transition to a new state, and then
adding this new state as a child of the current node. We have to note that the expansion
process happens in a symmetric way each time. Meaning that it is designed to sequen-
tially explore actions, a way that if a node is expanded with action a;, the subsequent
expansion will explore action a;,;, and so on. Such a methodical progression ensures
that the expansion is both orderly and exhaustive, effectively canvassing the spectrum of
potential actions.

Furthermore, we have to clarify that a state is only expanded if it has acquired a mini-
mum number of visits. This happens to ensure that enough information has been collected
about a node, allowing for a more informed decision before committing resources to fur-
ther exploration. This strategy helps prevent the premature expansion of paths that may
be sub-optimal, in case the node does not show enough potential.

Algorithm 1: Function 2: Expansion Phase of MCTS
Input: state
action < generate_next_action ()
execute_action (action)
child_state < create_new state (state, action)
state < add_child (child_state)
return child_state

4.2.5 Simulation Policy

The Simulation phase represented below Function 3, also known as the playout or rollout,
is where the algorithm simulates a path from the newly expanded node to a terminal
condition or until it reaches a predefined maximum state depth M. Basically, our sim-
ulation advances M time steps ahead (or fewer if it comes to a terminal state) in the
SUMO simulation and then it is terminated. Actions executed at each state during this
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phase are randomly sampled from a uniform distribution across the available action space.
This simple way lets us estimate the potential value of the expanded node without the
computational cost of deeper, strategic analysis.

Once an action is executed, the algorithm simulates a new state for the ego vehicle, which
also includes other neighbor vehicles that have also moved. In this simulation, we cannot
predict the exact movements of other vehicles, because we have no knowledge of their
movement strategy. Thus, an estimation must be made for what are the new neighbor
vehicles positions and what are their new speeds. The simple assumption that we make
is that no accelerations in either direction were applied to other vehicles than the ego.
Therefore, their speed remains unchanged (lateral and longitudinal speeds are the same
as before) and their positions are updated using the kinematic equation x;; = z;+v; x T,
applied across all intermediary states.

The simulation’s outcome contributes valuable information, with scores calculated based
on specific metrics such as collision avoidance and maintenance of the desired speed that
are indicative of the simulation’s success or failure, as described in Section 4.1.4 and equa-
tions 4.1, 4.2 and 4.3.

Algorithm 1: Function 3: Simulation Phase of MCTS
Input: state
while is_NOT_terminal (state) do
if state_depth > MAX ROLLOUT DEPTH then
‘ break
end
action <— generate_random action ()
execute_action (action)
playout < generate_playout (action, state)
state_depth <+ state_depth + 1
end
collisions_score < g (state, state_depth, neighbors, playout) (4.1)
desired_speed_score < f (state, desired_speed, playout) (4.2)
score <— G (collisions_score, desired_speed_score) (4.3)
return score

4.2.6 Backpropagation Specifics

After the simulation phase returns a score representing the potential of the chosen path,
the Backpropagation phase represented in Function 4, updates the scores of the nodes
along the path from the expanded node back to the root. This process ensures that
the tree’s statistics reflect the latest simulation results. Each node visited during the
backpropagation updates its score with the new data, ensuring that the tree’s overall
knowledge grows more accurate with each iteration, making like this more informed fu-
ture decisions.
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Algorithm 1: Function 4: Backpropagation Phase of MCTS
Input: state, score
state < update_score (score)
current < get_parent (state)
while current # null do
current < update_score (score)
current < get_parent (current)
end

4.3 Neural Network Guided Monte Carlo Tree Search

In this section, we thoroughly discuss the integration of Neural Network (NN) guided
MCTS in lane-free traffic and analyze the challenges we faced and how we tackled these
issues. More specifically, the NN is integrated into the selection phase of MCTS. Tradi-
tionally, this phase uses the UCT formula to balance exploration and exploitation. How-
ever, by employing the Predicted Upper Confidence Trees (PUCT) approach, we utilize
the NN’s predictive power to guide the selection process. The NN provides a probabil-
ity distribution P(s,a), indicating the potential success of each action a from state s.
This probability helps evaluate and prioritize more promising moves, transforming the
basic UCT search into a more sophisticated PUCT, enriched with prior predictions. This
integration enhances the decision-making process by strategically focusing on actions pre-
dicted to be most successful, thereby improving the overall efficiency and effectiveness of
the MCTS algorithm.

4.3.1 Data Collection

To begin with, we need to collect data in order to feed the constructed NN for learning
purposes. Specifically, we intend to construct our dataset through self-play simulations,
utilizing data from simulations run using the plain MCTS algorithm. This dataset is cru-
cial for supervised learning and is structured to include inputs and their corresponding
correct labels. Here, an input represents a state, while the label denotes the best action
as determined by MCTS. Each true label corresponds to one of the fifteen possible actions
within our action space, uniquely identified by an action index ranging from 1 to 15.

State in Dataset Representation

The representation of a state involves specific attributes, including:

» Ego vehicle values: characterized by parameters {py, u,, u,, w,l,d,}, a total of 6
values. It is important to note that the x position is excluded from training data
for the NN as it does not influence the decision-making process regarding the action
taken. For a detailed description of what each parameter signifies you can see Table
4.1.

e Neighbor vehicle values: which account for the 4 nearest vehicles in front and
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the 4 directly in back within a 50-meter visibility range. These are defined by
parameters {dz, dy, u,, u,, w,!,d,} for each vehicle, summing up to 56 values. Here,
dx and dy are calculated as the differences in the x and y positions between the ego
vehicle and its neighbors, enhancing the NN’s ability to train more effectively by
simplifying state-action pattern recognition.

In scenarios where there are more than 4 vehicles either in front or behind within the
visibility range, priority is given to those closest to the ego vehicle due to their greater
impact in ego vehicle’s decision-making. Conversely, if fewer than 4 vehicles are present,
"virtual” neighbor vehicles are introduced with predefined parameters, ensuring the state
vector’s completeness. These virtual neighbors are assigned a dx value exceeding the
visibility range, making them not visible to the ego vehicle, which helps it to identify and
distinguish real from virtual neighbors in the dataset. So finally, our dataset comprises
63 elements: 62 values represent a single state, and 1 value denotes the best action.

4.3.2 Training and Accuracy

After successfully generating our dataset, we proceed to create our NN. This NN is essen-
tially a classifier designed to take as input a state from the SUMO simulation and output
a distribution of probabilities across the action space. This capability enables the NN to
effectively predict the most likely action to be taken in any given state.

Proceeding to the next step, we trained our NN, yet despite optimization and fine-tuning
of our training parameters, the network’s accuracy reached only 72%. This raised con-
cerns about the network’s ability to effectively learn from our dataset. Through further
experimentation and analysis, we identified the root cause of this limitation: the inherent
probabilistic nature of our data, a direct result of the randomness embedded within the
MCTS algorithm.

Randomness in MCTS Data

More specifically, during the MCTS simulation phase, random rollouts are executed,
wherein random actions are taken that lead to many different child states with each
time for a predefined maximum state depth. Consequently, identical states frequently
result in different optimal actions, yet the NN simplifies this complexity by selecting the
most probable action, without considering the full probability distribution. By contrast,
the resulting weights of the NN provide a deterministic policy, and we assess the network’s
accuracy by assuming a deterministic MCTS agent that generates the dataset.

To illustrate, consider an outcome distribution where the probabilities are 0.68 for Action
1, 0.22 for Action 2, 0.1 for Action 3, and 0 for Actions 4 to 15. Under an ideal sample
distribution, the NN would only achieve a 68% accuracy, despite accurately predicting the
probability distribution. This is the reason why we achieve this low accuracy. However,
just understanding this limitation is not enough and it is important to validate that our
NN is correctly functioning and has the capability to learn from the provided data. This
validation will be achieved through the calculation of the model’s calibration, ensuring the
NN’s efficacy despite the challenges presented by the probabilistic nature of our dataset.
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4.3.3 Reliability Diagrams for Neural Network Evaluation

Starting our analysis, as extensively discussed in Section 2.6.3, our approach involves di-
viding the dataset into 10 distinct bins. This split is based on the probability of the most
probable prediction in the distribution for each sample. The division of bins follows equal
confidence levels ranging from [0, 0.1), [0.1, 0.2), and so forth up to [0.9, 1]. Each bin
accumulates predictions from samples falling within its specific confidence level. After
that we use the Equation 2.19, to calculate the actual confidence for each bin. This calcu-
lation is achieved by averaging the confidence levels of all predictions stored within each
bin. Subsequently, we must also calculate the accuracy of each bin individually. This
step is accomplished by using the Equation 2.18, making the comparison between the
predictions of a bin and their corresponding true labels. Finally, to prove that our model
is calibrated correctly, calibration accuracy, it should approximate the ideal calibration.
As mentioned in Section 2.6.3, optimal calibration is achieved when the accuracy is equal
to the confidence for all bins.

Detailed accuracy metrics for each bin are presented in the Table 4.2 below.

Bin Confidence Accuracy

1 0.0-0.1 None
2 0.1-0.2 0.159
3 0.2-0.3 0.268
4 0.3-04 0.380
5 0.4-0.5 0.487
6 0.5-0.6 0.590
7 0.6-0.7 0.683
8 0.7-0.8 0.773
9 0.8-0.9 0.865
10  0.9-1.0 0.977

Table 4.2: Accuracy in Bins with varying Confidence Levels.

It is noteworthy that the bin representing confidence levels between 0 to 0.1 is empty of
accuracy metric. This happens because there are actually no sampled predictions with so
low confidence, so the first bin is empty.

Reliability Diagram

To help in the visualization of our model’s calibration, we employ reliability diagrams,
as referenced in Section 2.6.4. These diagrams plot the comparison between our model’s
calibration and the benchmark of perfect line calibration. A visual illustration of our
models reliability diagram is provided in the Figure 4.4 below. We observe from the
diagram that our model closely aligns with the ideal calibration line, underscoring its
well-calibrated nature.
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o Reliability Diagram
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Figure 4.4: Reliability Diagram - Model’s Calibration and Perfect Calibration.

Confidence Histogram

However, our analysis does not conclude with this observation. Although reliability di-
agrams clarify the relationship between confidence and accuracy, they do not provide
information regarding the distribution of sample predictions across the bins. To address
this gap, we create a histogram of confidence. This histogram serves as a visual repre-
sentation, detailing the quantity of samples contained within each confidence bin. This
illustration of our models histogram of confidence is provided in the Figure 4.5 below.

Histogram of Confidence
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Figure 4.5: Histogram of Confidence - Number of Samples per Bin.
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We understand from the figure above that, the samples are distributed in the correct
way, as they start from zero and then they gradually increase in each next bin. This
means that we have less predictions with low confidence and more with high, affirming
the effectiveness of our model’s calibration process.

Finally, a straightforward and convincing evidence that our network is capable of learning
and performs well is observed when we eliminate the randomness inherent in the MCTS
algorithm, resulting in significantly higher accuracy. Specifically, when collecting data
from MCTS simulations that excluded random rollouts by setting the maximum rollout
state depth to 1, thereby making the next state always deterministic and devoid of ran-
domness, our NN trained with this data achieved an accuracy of 95.8%. This outcome
strongly supports our assertion.

4.3.4 Integration

In the next sections, we delve into the detailed process of integrating the NN into the
MCTS algorithm, particularly during the selection phase. We methodically explain the
steps undertaken not only to develop our algorithm but also to showcase the many vari-
ous versions of it, before concluding into the final and best version. This iterative process
aimed at fine-tuning and optimizing not just the algorithm’s performance but also its
execution speed. So in this part of our discussion, we focus on the construction and the
optimization process, transitioning from a plain MCTS to an NN-Guided MCTS.

The process of integrating the NN with the MCTS, happens during the selection phase
and it is described in further detail in Section 2.7.2 and illustrated in Figure 2.15. This
integration transforms the selection phase into a guided selection process. Specifically,
the Predictive Upper Confidence Trees (PUCT) algorithm, as defined in Equation 2.20,
incorporates a weighted sum that includes the prior knowledge P(s,a) provided by the
NN. Our focus now shifts towards elaborating on how the algorithm is constructed and
operates in practice, moving beyond the theoretical background foundations that were
discussed previously.

4.3.5 Model Loading

To initiate our discussion, it’s essential to note that at the beginning of our program,
before the simulation starts, the NN that was trained and saved previously is loaded.
This loading happens once at the program’s start, enabling the NN to apply its learned
knowledge as needed throughout the simulation. Importantly, the NN’s training is con-
ducted offline, prior to the guidance stage, and the model is loaded using a function named
load model().

4.3.6 Predictions: Initial Approach

Single Predictions in Current State

Moving forward, the initial step in our process involves the creation of a function de-
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signed for generating predictions, denoted as P(s,a). This predictive function, called
make_single predictions(state, model), takes as inputs the current state of the
SUMO simulation of the ego vehicle (a vector of 62 elements) and the loaded model.
It then returns as output the probability distribution of the different actions (a vector of
15 elements) for that specific state.

The first version of our algorithm was designed to process each step of the SUMO simula-
tion by capturing the current state and constructing from it the 62-element input vector
required by the NN for generating predictions. Following this step, the constructed input
was fed into the make_single_predictions function, producing a 15-element predictions
output indicative of the different action probabilities. This output predictions, along with
the current state, was then given as an input in the MCTS’s selection phase, to a function
now named select predictions(state, predictions). This function employed the
PUCT tree policy to return the best child action based on the predictions.

¢ Inefficient and Slow Functionality:

However, this initial approach was very slow (high in temporal complexity) for
several reasons that need to be addressed. The primary issue was that each time
the algorithm entered the selection phase, it needed to repeat the entire process
from the beginning. To elaborate, for each selection, it was necessary to reconstruct
the input vector from the current state and recalculate the predictions. Given that
in each MCTS iteration, in order to navigate the tree until a leaf node is selected
for expansion, there are multiple repetitions of the selection process, and very often
there are revisits of previously encountered states. Thus, this method resulted in
redundant calculations (both in constructing inputs and generating predictions),
performing the same operations multiple times.

e Functionality and Speed Improvement:

To reduce this inefficiency, a pivotal adjustment was made: storing each node’s
predictions distribution as additional information within the node itself. Therefore,
when encountering a new state for the first time, the standard predictions calculation
procedure is executed. Conversely, if a state has been revisited, a verification check is
done to confirm this, and the predictions are retrieved from the node’s already stored
predictions. This simple modification significantly accelerated the algorithm’s speed
by eliminating the need to repeatedly calculate identical values, thereby streamlining
the overall process. Naturally, this requires more memory, but the overhead in
memory usage is negligible in practice.

e Inefficient and Slow Predictions:

Following the optimization of the algorithm’s external procedures, our focus shifted
towards enhancing the efficiency of the single predictions function by examining
ways to speed its internal processes. Through exhaustive testing, we identified a key
area for improvement: transitioning from making single predictions to adopting a
batch prediction approach. Initially, the single predictions function operated by
calling a Python script from C+4+, where the programming environment of MCTS is
implemented. This Python script was responsible for generating predictions based
on the trained NN, as briefly outlined in Section 4.1.1.
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Our analysis revealed that a significant portion of the prediction process’s time
was consumed not by the computational efforts of generating predictions within
Python but rather by the overhead associated with calling the Python script itself.
Recognizing this, it became clear that taking advantage of the network’s inherent
capability for batch processing could offer a notable efficiency boost. This is be-
cause, NNs are well-suited to processing multiple inputs in parallel, allowing for the
simultaneous calculation of prediction distributions for various states.

¢ Predictions Speed Improvement:

Therefore, instead of persisting with the method of generating single predictions for
each state, which necessitated repeated calls to the Python script, we proposed a
strategic shift towards batch predictions. By gathering multiple states and comput-
ing their predictions in a single batch, we could significantly reduce the frequency of
script calls. This approach not only minimizes the overhead associated with these
calls but also maximizes the computational efficiency of the prediction process, lead-
ing to a faster and more streamlined algorithm.

Batch Predictions in Child Expansion

Our initial strategy for implementing batch predictions involved generating predictions in
batches of 15, corresponding to each potential child action of a node. More specifically,
when expanding a node, we employed the make batch predictions function to compute
the predictions for its 15 potential child states and stored each one of these predictions
within the respective child nodes. This approach ensured that when revisiting any of these
child states, we could directly use the previously calculated predictions, eliminating the
need for recalculations. An exception to this method was the root node, which, lacking a
parent node, required a single prediction as was explained before, to determine its initial
set of predictions.

e Speed Improvement:

In Table 4.3, we present a comparative analysis of the time required to make a single
prediction versus the time needed for different batch predictions. The results show-
case a significant improvement in speed efficiency, by shifting to batch processing
for 15 predictions at once, the average time required for a single prediction is 13
times faster in comparison with doing 15 single predictions.

It is important to acknowledge that this method involves pre-calculating predictions
for child states that may not ultimately be visited within the simulation, leading
to the generation of some redundant information. However, this drawback was
deemed inconsequential in the broader context of performance enhancement. The
overall process was significantly accelerated, making the occasional calculation of
unused predictions a worthwhile trade-off for the substantial gains in speed and
efficiency.

Batch Tree Predictions in Algorithm’s Start

Exploring other ways to enhance the speed of our predictions procedure led us to the de-
velopment of the following adjustment. Rather than generating batches of predictions to
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store in each node individually, we instead rely on a more efficient approach: calculating
the entire set of predictions for the MCTS state space in one go and storing them in an
external predictions matrix. This method represents the maximum usage of the NN batch
processing capabilities to their fullest extent in our problem.

This optimization is executed by initially constructing the complete tree state space, in-
volving the reconstruction of all necessary inputs for the NN from the states, up to a
certain predefined maximum depth of the tree. Subsequently, a tree batch prediction
is made for all these states, with the resulting predictions being stored within a ma-
trix. This crucial step is carried out once at the root node, prior to running the MCTS
algorithm. Thereafter, whenever predictions for a specific state are required, they are re-
trieved directly from this predictions matrix, which contains all the needed information.
This approach results in significant time savings, which will be detailed in the following
section. Additionally, it not only eliminates the need to store predictions within each

node separately, but also ends the necessity for any predictions calculations during the
MCTS runtime.

Detailed speed metrics for each batch predictions are presented in the Table 4.3 below.

Predictions Batch Size Tree Depth Time needed in (ms)

1 1 26
16 2 30
241 3 44
3616 4 182

Table 4.3: Time in milliseconds needed for varying Predictions Batches.
4.3.7 Algorithm Implementation

Finally, here we provide an overview of the algorithm’s operational mechanics.

e Initially, prior to initiating MCTS process, we start from the root node and recon-
struct the inputs for the state space tree. This reconstruction employs a Breadth-
First Search (BFS) approach, which facilitates an orderly numbering of our predic-
tions matrix, making it more straightforward to manage.

The decision to construct the full tree up to a maximum depth of 3 was decided by exper-
imental observations. It was noted that the common practice of visiting and expanding a
state typically in most cases, does not exceed depth 3, with expansions to depth 4 occur-
ring only on rare occasions. Essentially, expanding a state at depth 3 results in a total tree
depth of 4, but the necessity to visit and expand a state at depth 4 (thereby extending to
a total depth of 5) is very uncommon. Consequently, the additional time required by the
NN to generate predictions up to depth 4 is deemed inefficient, as it would result in mul-
tiple predictions for states that are unlikely to be visited and thus they will remain unused.

This principle is illustrated in Table 4.3, where the exponential increase in tree branching

with each additional depth level leads to a corresponding sharp rise in computational time
from depth 3 to 4. The total number of states at depth 3 sums up to 241 (calculated as 1 +
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15 + 15x15), while at depth 4, it escalates to 3616 (241 + 15x15x15). This exponential
increase in the number of states accounts for the drastic change in computational time,
underscoring why extending predictions beyond depth 3 is not worth having from a time-
efficiency perspective.

e In the subsequent step, we are generating predictions for the entire tree inputs using
the make batch tree predictions function. Following the generation of these
predictions, they are methodically stored within the predictions matrix. Both of
these procedures are executed once, starting from the root node, and are completed
prior to initiating the MCTS algorithm.

e Following the setup phase, as the algorithm initiates, we begin by calculating the
depth of the current state to ascertain whether it falls within the depth of our pre-
calculated tree (thus it is smaller than or equal to the maximum depth). If this
criterion is met, we proceed to trace the path leading to the current state, starting
from the root node. This trace includes identifying each ancestor of the current
state (parent node, grandparent node, and so on). This step is crucial for locating
the current state’s predictions within the predictions matrix. By utilizing the traced
path, we compute the index of the current state, which corresponds to the specific
location within the predictions matrix where the state’s predictions are stored.

e Subsequently, we retrieve the prepared predictions from the matrix. As in the
previous workflow, these predictions are then fed into the select_predictions
function, which utilizes them to guide the search process.

e In rare scenarios where the current state’s depth exceeds the depth of our pre-
calculated tree (thus it is greater than the maximum depth), we just make a single
prediction for that specific state. This is a one-time procedure meant to generate
the necessary predictions for states beyond the pre-defined depth limit.

A high level implementation of the NN-Guided MCTS is shown below Algorithm 2, as well
as the new refined selection phase of the algorithm Function 1. Note that the red lines of
code, indicate the differences the new algorithm has, in comparison with the plain MCTS.

Speed Improvement

The efficiency gains from this final refined algorithm are substantial. As detailed in Table
4.3, the prediction time in this latest version is observed to be 10.2 times faster compared
to the previous 15-batch prediction approach, and an impressive 132.6 times faster than
the original single prediction method. This marked improvement underscores the signifi-
cant advancements achieved in optimizing the algorithm’s speed.
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Algorithm 2: A High Level NN-Guided MCTS implementation

model < load_trained _neural network_once ()

actions_per_state <— LATERAL ACTIONS - LONGITUDINAL ACTIONS
iterations <— 0
root < initialize_tree ()
mput_data_tree <—
reconstruct_inputs_tree (MAX DEPTH, 700t, FRONT&BACK NEIGHBORS)
predictions < make _batch_predictions (model, input_data_tree)
while iterations < MAX ITERATIONS do
if state_depth < MAX DEPTH then
path_to_state < find_path (root)
state_index < find_index (path_to_state, state_depth, actions_per_state)
state_prediction < predictions [state_indezx]
selected_state < select_with_prediction (root, state_prediction)
nd
Ise
input_data_single < reconstruct_input (root, FRONT&BACK NEIGHBORS)
state_prediction < make_single_prediction (model, input_data_single)
selected_state < select_with_prediction (root, state_prediction)

® O

end
if is_terminal (selected_state) then
‘ continue
end
if number_of visits (selected_state) > MIN VISITS then
‘ expanded_state < expand (selected_state)
end
else
‘ expanded_state < selected_state
end
score < simulate (expanded_state)
backpropagate (expanded_state, score)
iterations < iterations + 1
end

Algorithm 2: Function 1: Selection Phase of NN-Guided MCTS
Input: state, prediction
children < get_children (state)
for child € children do
| score < PUCT (state, child, prediction) (2.20)
end
best_child < argmazxp;q (score)
return best_child
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4.4 Deep Neural Network without Search

Finally, in this section, we present a simple alternative for comparison purposes that
exclusively leverages the knowledge of the NN in a greedy manner, without any under-
lying search mechanism like MCTS. This approach is adopted to assess the standalone
potential and efficiency of the NN, isolated from the complexities of the MCTS framework.

In practice, this means that at each current state encountered, the algorithm just performs
a single prediction as previously outlined. Based on this prediction, it selects the action
with the highest probability from the action distribution P(s,a) as the optimal action to
execute. This process showcases a straightforward, yet inherently greedy algorithm that
may not yield the most effective outcomes due to its simplistic approach.

Despite its potential limitations, this algorithm is constructed to facilitate a comparative
analysis of its performance against both the traditional MCTS and the advanced NN-
Guided MCTS algorithms. The goal is to examine the efficacy of relying only on NN
knowledge in decision-making scenarios, providing insights into the benefits and draw-
backs of such a strategy.

Algorithm 3: Usage of the Neural Network without Search (Greedy Approach)

model < load_trained_neural network_once ()

root < initialize_tree ()
input_data_single < reconstruct_input (root, FRONT&BACK NEIGHBORS)
state_prediction < make_single prediction (model, input_data_single)
children < get_children (root)
for child € children do
| score < state_prediction [child)
end
selected_state < argmaxp;q (score)
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Experimental Evaluation

In this section, we first present the environment setup and simulation parameters utilized
in our experiments, alongside detailing the agent and hyperparameter configurations crit-
ical to the algorithms’ operation. Then, we discuss our experimental evaluation process
step by step, highlighting the procedure that we followed in each phase. Our analysis
primarily focus on comparing outcomes derived from four central algorithms: the origi-
nal plain Monte Carlo Tree Search (MCTS) developed in previous work, as referenced in
Section 3.2.2, our enhanced version of plain MCTS, the NN-Guided MCTS, and lastly,
the straightforward Neural Network (NN) approach devoid of any search mechanism.

Subsequently, we examine the performance of each method across a set of scenarios with
ranging difficulty. Finally, our systematic evaluation highlights the observed benefits
and/or limitations of each alternative depending.

5.1 Environment and Simulations Setup

In this section of our work, we detail the specific settings and parameters of the lane-free
simulation environment that were essential for conducting our experiments. For those
seeking a deeper understanding of the lane-free environment, an examined detailed de-
scription of the problem can be found in Section 4.1.1.

The Table 5.1 presented above enumerates the different parameters that were selected for
our SUMO simulations. These include the physical attributes of the vehicles involved, the
characteristics of the roadway and the relation of simulation time to actual time. For read-
ers interested in an explanation of either the vehicle-specific or road-related parameters,
further information is available in Section 4.1.1 and Table 4.1.
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Parameter Value

Simulation Time (sec) 3600

Simulation Time-Step (sec) 0.25

Vehicle Length (m) 3.5

Vehicle Width (m) 1.6

Veh/h 5400, 9400, 12000
Departure Speed (m/s) 25

Desired Speed (m/s) 25, 35]

Road Length (m) 500

Table 5.1: SUMO Simulation Parameters.

5.2 Agent and Hyper-parameter Setup

In this section, our focus shifts to the details of the parameters relevant to our agent.
This includes the various parameters of the MCTS algorithm that required fine-tuning,
as well as those necessary for the dataset creation and training of our NN for its ultimate
integration into the NN-Guided MCTS algorithm. Additionally, we detail some tech-
nical elements that comprise our agent, along with information related to learning and
simulation in lane-free traffic environments.

e Initially, the plain MCTS algorithm for lane-free traffic environments was developed
in prior work [34] that we expand upon in this thesis.

e The development of the NN relies on Python, utilizing the Tensorflow-Keras li-
brary [76]. This choice was motivated by the library’s capability to accelerate NN
predictions, which was particularly beneficial for batch processing, which requires
significant computational resources for parallel operations. The acceleration is pri-
marily achieved through GPU utilization, facilitated by CUDA [77] and cudnn [7§]
technologies. For tasks such as dataset standardization, preprocessing, and manage-
ment we employed the Pandas [79] and Scikit-Learn [80] libraries. The optimization
of the model architecture and the fine-tuning of parameters were conducted using
Optuna [81]. Moreover, the visualization of our results was accomplished with the
Matplotlib library [82].

e The integration of the NN within the MCTS framework was achieved with Pybind11
[83], a library that enables the execution of Python scripts from C++ during actual
runtime.

NN Architecture

The architecture of our deep NN is of the feed forward type. It comprises an input layer
with 62 units representing a MCTS state, followed by three hidden layers containing 512,
256, and 128 neurons, respectively. An output layer with 15 units represents the potential
actions of MCTS. Additionally, dropout layers are interspersed among these layers to help
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prevent overfitting.

The Tables 5.2, 5.3 and 5.4 below list the diverse parameters that were critical to the func-
tionality and development of our algorithms, offering insight into the technical fine-tuning
of our agent. More specifically, they list the NN’s architecture and training parameters,
the MCTS algorithm parameters and the program parameters used for development.

Parameter Value

Input Layer 62 (one MCTS state)

Hidden Layers 512, (0.3 dropout), 256, (0.3 dropout), 128
Output Layer 15 (MCTS possible actions)

Type Feed Forward

Activation Function ReLU (hidden layers), Softmax (output layer)
Optimizer Adam

Batch Size 64

Epochs 20

Learning Rate start 0.001 and descending

Accuracy 72%(rollout depth 6) , 95.8% (rollout depth 1)

Front Neighbors (dataset) 4
Back Neighbors (dataset) 4
Visibility Target (m) 50

Table 5.2: NN Architecture and Training Parameters.

Parameter Value

D 10 Parameter Value

€ 1 Device GeForce 3060 Ti
Min Visits D cudnn capability 8.6

Max Rollout Depth 6 Python Version 3.10.8

Lateral Actions -1,0, 1 Tensorflow Version 2.9.1

Longitudinal Actions -5,-2,0,2,5

Table 5.4: Program Parameters.
Table 5.3: MCTS Parameters.

5.3 Experiments: Setup and Description

In this section, we outline the different experiments that evaluate all methods. These
experiments were structured to assess the algorithms across various metrics-that are im-
portant to autonomous driving, as well as their adaptability to different configurations
of the MCTS algorithm, specifically concerning the number of iterations. This extensive
testing, enables a thorough comparison of the algorithms, illustrating their performance
and behavior across diverse conditions.
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5.3.1 Algorithms and Metrics

Examined Algorithms

The algorithms subjected to our experiments, each discussed in detail within our study,
include:

e MCTS (front): This first variant of simple MCTS is the preexisting implementa-
tion, which is characterized by its limitation where the ego vehicle is only aware of
neighbor vehicles in front of it.

* MCTS (front&back): Represents our enhanced version of the plain MCTS al-
gorithm, which additionally includes information of nearby vehicles located on the
back. This results in a more comprehensive situational awareness, thereby improv-
ing decision-making capabilities.

e NN-MCTS: Our final version of the algorithm that synergizes the predictive in-
sights from NNs prior knowledge with MCTS, thereby augmenting the search process
with data-driven guidance.

¢ NN: A straightforward implementation of the NN without incorporating any search
methodologies. This version serves to evaluate the NN’s standalone efficacy in
decision-making without the computational support of MCTS.

These algorithms were subjected to a variety of tests, each designed to probe different
aspects of their functionality and impact on autonomous driving performance. Through
these experiments, we aim to derive insights into the advantages and potential limitations
of each algorithm.

Assessed Metrics

The performance of our algorithms will be assessed using several key metrics, designed
to evaluate their effectiveness in various aspects of driving simulation. These metrics
include:

e Collisions: This metric counts the total number of collisions that occur during a
simulation. In the context of this study, a collision is defined as an incident where
two vehicles come into contact with one another. It is important to note that in
the lane-free environment, collisions do not impact the ongoing route or traffic flow
of the involved vehicles or any others neighbor vehicles. Instead, they continue on
their predefined paths without causing traffic slowdowns or jams. Fewer collisions
indicate superior algorithmic decision-making, showcasing an enhanced ability to
dodge obstacles, to nudge and maneuver safely between other vehicles.

» Speed Average: This metric calculates the average (mean) speed of all vehicles
throughout the simulation. Given that the speed of vehicles is selected randomly
from a uniform distribution between 25 and 35 m/s, the theoretical ideal average
speed, assuming a perfect distribution and scenarios where vehicles maintain their
preferred speed without interference, would be around 30 m/s. However, this ideal is
impossible to achieve in practice due to the presence of multiple vehicles, the initial
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and resultant traffic conditions, and various decision-making processes like braking,
slowing down, and executing maneuvers to prevent collisions. These factors lead
to a reduction in the average speed. Therefore, we expect an average speed lesser
than 30 m/s. As closer we get to that number, it is suggested that the algorithm
is making decisions that are closer to optimal, enabling vehicles to travel near their
desired speeds at every moment of the simulation.

e Average Delay: This metric represents the average of the delay values across all
vehicles in the simulation. The delay for each vehicle is calculated by the difference
between the actual time the vehicle spends traveling in the road and the ideal time
calculated based on the vehicle’s desired speed, as shown:

delay = actual time — ideal time, where ideal time = M .

desired speed

Average delay is computed by taking the mean of all individual delay measurements.

A high average delay indicates general inefficiencies due to suboptimal algorithmic

decisions. A low average delay suggests that the vehicles, on average, are able to

travel close to their desired speeds, indicating effective algorithm performance.

By analyzing these metrics, we can gain insights into how well each algorithm performs
under different simulation conditions, focusing on their ability to minimize collisions,
maximize speed efficiency, and reduce delays.

5.3.2 Environment and MCTS Settings

Examined Flow Demands on an Open Highway

Our algorithms will undergo testing across varying levels of vehicle flow, incrementally in-
creasing to examine their efficacy under progressively challenging scenarios. As the vehicle
flow per hour rises, it signifies a denser traffic situation on the road at any given moment,
thereby complicating the decision-making processes for the vehicles. With more vehicles
sharing the road space, vehicles are necessitated to execute more delicate maneuvers and
exercise increased caution (as braking more frequently) to avoid collisions.

An inevitable consequence of denser traffic and the increased risk of collisions is a reduction
in the average speed of vehicles and an increase in the average delay time. Higher vehicle
flows with aggressive vehicle policies can also lead to potentially unavoidable collisions in
particularly complex traffic situations. To comprehensively assess the performance of our
agents, we subject them to tests in three distinct vehicle flow rates:

* 5400 veh/h: Represents a low level of traffic flow, serving as a baseline for evalu-
ating how our algorithms manage under typical conditions.

* 9400 veh/h: An intermediate traffic scenario with many situations that vehicles
need to properly maneuver in order to overtake or make space. This flow rate tests
the algorithms’ capabilities to maintain efficiency and safety in denser traffic.

e 12000 veh/h: The highest level of traffic flow in our tests, challenging the algo-
rithms to operate also in potentially congested conditions, assessing their decision-
making for maneuvering and collision avoidance in intense situations.
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By analyzing the algorithms’ performances across these different flow rates, we can show-
case their scalability in handling various levels of complexity.

MCTS Iterations

Continuing our experimental setup, we conduct a series of simulations with a varying
number of MCTS iterations for each algorithm. This variation aims to capture the differ-
ential capabilities of our algorithms, observing their performance across a spectrum from
a small to a large numbers of iterations. Through this approach, we aim to identify each
algorithm’s performance peak, where it yields the best results, as well as understand its
behavior under constrained iteration conditions. This investigation is crucial for deter-
mining the efficiency of each algorithm in navigating the MCTS tree to identify the most
effective actions with the least computational effort.

The core of this experimental design is to ascertain the minimum number of iterations
required by each algorithm to achieve optimal results. An algorithm that requires fewer
iterations to find the best solution is considered more efficient, indicating lower compu-
tational resource demands and faster search processes. Therefore, comparing the perfor-
mance outcomes of each algorithm across various iteration counts will reveal their relative
efficiency and speed. More importantly, with this information we examine to what extend
and in which conditions the inclusion of NN accelerates performance with respect to the

standard MCTS.

It is important to note that while the first three algorithms, which incorporate variations
of MCTS, will be assessed across a range of iteration numbers, the plain NN approach,
devoid of MCTS integration, will be evaluated in a singular experiment per scenario. This
is because the plain NN’s performance does not depend on iteration numbers.

The iteration counts selected for our experiments represent a sampled range, chosen to
provide a comprehensive overview of each algorithm’s performance across different itera-
tion scales. The specific iteration numbers chosen for testing are as follows:

e 30 iterations: Represents the lowest number of iterations, testing the algorithms’
immediate response capabilities.

e 50 iterations: A slightly higher iteration count, allowing for a little more nuanced
exploration of the search space, but it is still very low.

e 100 iterations: Offers a moderate level of depth in the search process, balancing
speed and thoroughness.

e 200 iterations: Provides a deeper exploration, potentially uncovering more effec-
tive strategies.

e 500 iterations: A significant increase, aimed at testing the algorithms’ perfor-
mance under extensive search conditions.

e 750 iterations: Approaches the upper limit of our testing range, challenging the
algorithms with a dense search requirement.
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e 1000 iterations: The highest iteration count in our experiments, designed to assess
the algorithms’ ultimate performance and decision-making quality.

Through these experiments, we gain valuable insights into the scalability and efficiency
of each algorithm under varying computational constraints.

At this point where we have detailed the concept of iterations, we must clarify that the
dataset for training the NN was derived from MCTS simulations with 1000 iterations.
This particular number of iterations was chosen to ensure that the data reflects the best
performance of the MCTS, thereby providing a higher-quality policy for the NN’s learning
process.

Simulations Executed

The simulations we conducted, span a duration of 1 hour (3600 sec) each. For each
combination of iterations number and vehicle flow, we ran simulations with 5 distinct
simulation seed values for every algorithm. This allowed us to account for variance due
to the stochastic nature of MCTS and for vehicles (i.e., their desired speed objective) of
each scenario.

From these series of experiments, we accumulated the data to calculate the mean values
and standard deviations for the metrics of interest: collisions, average speed, and average
delay.

To encapsulate the entirety of our experimental work, the total count of 1-hour simulation
runs conducted is broken down as follows:

e For the three MCTS-based algorithms, we explored 3 levels of vehicle flow, evaluated
across 7 sampled iteration counts, and tested with 5 different experiment seeds. This
results in a substantial number of individual simulation runs.

e Additionally, for the plain NN algorithm, which does not vary with iteration num-
bers, we conducted 15 simulations, accounting for the different vehicle flows and
experiment seeds.

e Cumulatively, the total number of 1-hour simulation runs amounts to:
(3 MCTS algorithms) x (3 vehicle flows) x (7 sampled iterations) x (5 experiment
seeds) + (15 for the NN algorithm) = 330 simulations.

5.4 Results and Analysis

In this section, we present the results obtained from the extensive simulations discussed
earlier. These results will be plotted in three distinct types of graphs for each vehicle flow:
collisions-iterations, average speed-iterations, and average delay-iterations. Each graph
will plot the data for all four algorithms we tested, allowing for direct comparison and
immediate visual discernment of differences among the algorithms.
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5.4.1 Graphs Visualization Details

It is important to note that in all our graphs, the iterations axis is displayed on a logarith-
mic scale. This choice is deliberate, it enhances visibility of the algorithm’s performance
at lower iterations numbers, where more significant variances in results are observed due
to the algorithms not performing optimally. Conversely, at higher iterations numbers, the
results across different algorithms tend to converge and show minimal variation. There-
fore, a detailed view of the higher iteration range is less critical for our analysis, as the
performance improvements stabilize.

Moreover, each data point represented in these graphs corresponds to the mean values
derived from five different seed experiments for each iteration sample. This approach
ensures that our results are robust and reflect the average outcome rather than an out-
lier. Specifically, for the collisions-iterations graphs, we have also included error bars that
represent the standard deviation from the mean, providing an insight into the variability
of the results. This was deemed necessary for the collision metric due to its potentially
wider variation in outcomes, especially for a small number of iteration where (as ex-
pected) MCTS inherently exhibits higher variance. However, for the average speed and
delay graphs, standard deviations were excluded because they were consistently minimal
and would not be visually detectable on the graph, thus adding no significant value to
the visualization.

Through these graphical representations, we aim to provide a clear visualization of how
each algorithm performs under different conditions, highlighting their efficiency and ef-
fectiveness in handling varying traffic densities and operational scenarios.

5.4.2 Collisions

We begin by presenting the results from the collisions-iterations diagrams for each differ-
ent vehicle flow. Below, tables are provided that document the exact number of mean
collisions, along with the + (standard deviations) from all algorithms for every iteration
sample and for each vehicle flow. These tables serve as a detailed resource for readers
who may wish to examine more specific results.
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Collisions for 5400 veh/h

Collisions - Iterations with Error Bars ( 3600sec | flow5400 | 500m )
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Figure 5.1: Graph of Collisions+SD for NN-MCTS, MCTS (front&back), MCTS (front)
and NN across different Iterations for 5400 veh/h.

NN-MCTS MCTS (front&back) MCTS (front) Iterations

0 0 3.8+ 0.84 1000

0 0 3.8+ 0.84 750

0 0 3.8+0.84 500

0 26+0.9 7£3.39 200

0 7.6+34 12.6 £4.77 100
29.8+£3.9 274+£6.3 29.2£9.04 50
113.8 £16.2 90 £ 14.6 92.8 £ 18.28 30

Table 5.5: Comparative Results of Collisions+SD for NN-MCTS, MCTS (front&back),
and MCTS (front) across different Iterations for 5400 veh/h.
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Collisions for 9400 veh/h

Collisions - Iterations with Error Bars ( 3600sec | flow9400 | 500m )
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Figure 5.2: Graph of Collisions+SD for NN-MCTS, MCTS (front&back), MCTS (front)
and NN across different Iterations for 9400 veh/h.

NN-MCTS  MCTS (front&back) MCTS (front) Iterations

0 0 25.8 £4.92 1000

0 0 35.2£5.54 750

0 0 48.6 +£9.37 500

0 4.6 £1.82 55 £ 11.47 200

6.4+ 1.52 11 £5.52 72 £ 19.07 100
44.2 £7.09 39.4£12.3 98.8 £21.1 50
120.8 £19.43 112.4 £21.33 125.2 £27.93 30

Table 5.6: Comparative Results of Collisions+SD for NN-MCTS, MCTS (front&back),
MCTS (front) across different Iterations for 9400 veh/h.
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Collisions for 12000 veh/h

Collisions - Iterations with Error Bars ( 3600sec | flow12000 | 500m )
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Figure 5.3: Graph of Collisions£SD for NN-MCTS, MCTS (front&back), MCTS (front)
and NN across different Iterations for 12000 veh/h.

NN-MCTS  MCTS (front&back) MCTS (front) Iterations

0 0 - 1000

0 0 - 750

0 0 - 500

0 9.2£258 - 200

10.4 £2.6 16.8 £5.4 - 100
954 +£23.1 63.6 + 16.21 - 50
400.8 = 37.29 384.8 £ 48.33 - 30

Table 5.7: Comparative Results of Collisions+SD for NN-Guided MCTS, MCTS
(front&back), and MCTS (front) across different Iterations for 12000 veh/h.

5400 veh.flow/h. 9400 veh.flow/h. 12000 veh.flow/h.
22 35 61

Table 5.8: NN Collisions for Each veh/h.
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Results at Minimum Number of Iterations

From the Figures 5.1, 5.2 and 5.3, we first observe that every MCTS algorithm starts
with a relatively high level of collisions which decreases as the number of iterations in-
creases. This result aligns with expectations, as increasing iterations allow the algorithm
to make more sophisticated decisions, explore the state space tree with higher depth, the
state space tree, and consequently discover more informed and effective solutions to avoid
collisions.

Notably, each algorithm reaches a point where the number of collisions minimizes, often
approaching 0. This inflection point suggests that the algorithm has nearly optimized
its performance with the given computational resources. After reaching this minimum
level of collisions, the results tend to stabilize and further increases in iterations do not
significantly alter the number of collisions, indicating that the algorithm has reached its
operational peak in terms of collision avoidance.

As outlined in Section 5.3, our primary aim is to ascertain at which iterations number
each algorithm achieves this stabilized or optimal performance. Additionally, we seek to
compare these optimal solutions across different algorithms to understand their relative
effectiveness and efficiency. This comparative analysis will provide valuable insights into
the capabilities and limitations of each algorithm under varying conditions of vehicle flow
and computational effort.

Comparison: MCTS (front) vs MCTS (front&back)

In our comparative analysis, the initial focus is on contrasting the MCTS (front) ver-
sion [34] with our improved MCTS (front&back) model. Across all vehicle flows, MCTS
(front&back) consistently outperforms MCTS (front) in terms of collision reduction, as
shown in Tables 5.5, 5.6 and 5.7 .

* 5400 veh/h: Both algorithms stabilize at 500 iterations. However, MCTS (front&back)
achieves superior results with 0 collisions, whereas MCTS (front) still records an av-
erage of 3.8 collisions even at its most optimized state.

* 9400 veh/h: Once again, MCTS (front&back) maintains 0 collisions at 500 itera-
tions, indicating well performance even under increased traffic density. By contrast,
MCTS (front) exhibits a significant number of collisions at the same number of it-
erations, 48.6 collisions, which only marginally improves at its peak performance of
1000 iterations to 25.8 collisions.

* 12000 veh/h: MCTS (front&back) continues to excel by maintaining 0 collisions at
500 iterations. By contrast, MCTS (front) struggles with this higher traffic density,
leading to a scenario where it fails to run effectively, simulations indicate that all
vehicles end up colliding at the front of the road, preventing the simulation from
proceeding and not executing at all.

Moreover, a noteworthy observation is the larger standard deviations associated with
MCTS (front), suggesting that its performance and decision-making are not only worse
on average but also showcases higher variance and therefore a less reliable policy. The
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results are not consistently stable and worsen under intensified traffic conditions.

These findings clearly demonstrate that our enhanced version of plain MCTS, which in-
cludes the capability to observe both front and back neighbors, significantly improves the
algorithm’s performance. It is evident that MCTS (front), with its limited visibility, lacks
sufficient information in each state to effectively handle complex scenarios. While it may
perform acceptably under lower traffic conditions, its effectiveness diminishes exponen-
tially as vehicle flow increases, ultimately failing to function under the most challenging
conditions (12000 vehicle flow).

Comparison: MCTS (front&back) vs NN-MCTS

Continuing our comparative analysis, we now examine the performance of NN-Guided
MCTS (NN-MCTS) versus MCTS (front&back) to determine the efficacy of NN integra-
tion in enhancing the algorithm’s performance. According to the data from Tables 5.5,
5.6 and 5.7, both algorithms achieve 0 collisions at their best operating points across all
vehicle flows.

* 5400 veh/h: NN-MCTS reaches 0 collisions remarkably quickly, requiring only
100 iterations. By contrast, MCTS (front&back) still reports 7.6 collisions at this
iteration count and needs 500 iterations to achieve 0 collisions.

* 9400 veh/h: NN-MCTS again demonstrates superior efficiency by stabilizing at
zero collisions after just 200 iterations. Meanwhile, MCTS (front&back) only attains
0 collisions at 500 iterations, with 4.6 collisions reported at the 200 iteration mark.

e 12000 veh/h: The pattern persists with NN-MCTS stabilizing at 0 collisions at
200 iterations. MCTS (front&back), however, suffers 9.2 collisions at the same
number of iterations and requires up to 500 iterations to eliminate collisions and
reach 0.

Additionally, the results indicate an increase in collisions at lower iteration numbers as
vehicle flow increases, suggesting that more complex traffic scenarios challenge the algo-
rithms’ ability to quickly converge on better policies for the agents. This highlights the
increasing difficulty in collision avoidance under denser traffic conditions without sufficient
iterations for deeper search. To put it simply, when algorithms do not have a sufficient
number of iterations, they perform worse in each vehicle flow increment.

These findings illustrate that NN guidance significantly boosts MCTS performance by
leveraging prior knowledge to accelerate the search process, achieving optimal results
with fewer iterations. Specifically, NN-MCTS requires 400 fewer iterations to reach 0
collisions in a 5400 vehicle flow and 300 fewer iterations in the more challenging flows of
9400 and 12000 vehicles. This efficiency gain not only demonstrates the NN’s effective-
ness in guiding the MCTS but also highlights the potential for computational savings. By
reducing the number of necessary iterations, NN-MCTS cuts down on the computational
complexity, making it a more efficient choice in scenarios where time-restricted decision-
making is crucial.

This comparative analysis clearly shows that integrating NN with MCTS provides a sig-
nificant advantage, particularly in terms of achieving faster and more reliable results in
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collision avoidance across various traflic densities.
Additional Comparison: MCTS (front&back) vs NN-MCTS in Low Iterations

Interestingly, for a small number of iterations (30 and 50), the plain MCTS appears to
perform slightly better than NN-MCTS at these early stages of the search operation.

This phenomenon can be attributed to the operational mechanisms of NN-MCTS, which
leverages NN-derived prior knowledge to guide its search towards potentially better out-
comes from the outset. However, when the search process is prematurely stopped at these
low iteration counts, this added bias in the search from the NN may initially lead to worse
outcomes. Consequently, at these early stopping points, NN-MCTS might find itself in
suboptimal positions compared to plain MCTS, which progresses more conservatively and
thus may achieve better immediate rewards under these limited conditions.

Plain MCTS, lacking the acceleration granted by NN guidance, adopts a slower, more
gradual exploration strategy. This method can lead to decisions that yield higher rewards
in the short term compared to the more ambitious but undeveloped paths considered by
NN-MCTS. This is because the NN in NN-MCTS is trained on data from simulations
running 1000 iterations, where the paths to high-quality solutions are more clearly de-
fined. Therefore, the early termination of the algorithm prevents it from reaching the
more refined decisions that would come with continued iterations.

In essence, while NN-MCTS is designed to fast-track to high-quality solutions based on
its pre-trained knowledge, stopping it too soon, such as at 30 or 50 iterations, means it
does not fully capitalize on this advanced starting point. On the other hand, the more
methodical approach of plain MCTS does not suffer as much from these early cutoffs, as
its strategy is not based on projecting forward from an advanced knowledge base. This
scenario underscores the importance of allowing sufficient iterations for NN-MCTS to
fully leverage its NN insights, which are pivotal for achieving the long-term outcomes it
is capable of under optimal operation conditions.

NN Performance and Comparisons

We now turn our attention to analyzing the performance of the plain NN without inte-
grated search methods. Firstly, it is important to note that the NN operates independently
of iterations, as previously discussed. Consequently, in the graphical representations, its
performance across different vehicle flows is depicted as a straight line, indicating consis-
tent results irrespective of the iteration count.

Observations reveal that the NN outperforms all other algorithms at low iteration counts,
specifically at 30 and 50 iterations, across all vehicle flows. For instance, at a vehicle flow
of 9400, the NN outperforms the MCTS (front) algorithm at all iterations except at 1000.
This superior performance of the NN at low iterations is attributed to the fact that other
algorithms have not yet had sufficient iterations to optimize their solutions effectively.

However, as the iteration count increases from 100 and up, the other algorithms begin
to delve deeper in search of more robust solutions, leading to a noticeable increase in
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collisions for the NN. This outcome aligns with expectations given that the NN employs a
very greedy algorithmic approach, which follows a fixed strategy without any exploration
component. Consequently, the NN tends to stick to suboptimal and less efficient solutions
as it repeatedly follows the same decision paths.

Interestingly, despite the NN being trained on data generated from MCTS (front&back)
simulations at 1000 iterations, it does not replicate the exact outcomes one might antici-
pate. This divergence is partially due to the inherent inaccuracies of the NN, which can
occasionally misspredict the correct predictions. More significantly, the difference arises
from the inherent randomness within the MCTS algorithm, which introduces variability
in the solutions. Thus, consistently selecting the action with the highest predicted proba-
bility does not guarantee the best outcome, highlighting a limitation of relying only on a
deterministic approach in scenarios that benefit from adaptive exploration and decision-
making.

5.4.3 Average Speed and Delay Results

Average Speed for all Scenarios

To further our analysis, we next focus on the diagrams illustrating the speed average-
iterations across all vehicle flows. Accompanying these visual representations, we provide
a Table 5.10 that provides detailed information about the speed average at each sampled
iteration for all algorithms, capturing their optimal performance at 1000 MCT'S iterations.

Speed Average - Iterations ( 3600sec | flow5400 | 500m )
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Figure 5.4: Graph of Speed Average for NN-MCTS, MCTS (front&back), MCTS (front)
and NN across different Iterations for 5400 veh/h.
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Speed Average - Iterations ( 3600sec | flow9400 | 500m )
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Figure 5.5: Graph of Speed Average for NN-MCTS, MCTS (front&back), MCTS (front)
and NN across different Iterations for 9400 veh/h.
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Figure 5.6: Graph of Speed Average for NN-MCTS, MCTS (front&back), MCTS (front)
and NN across different Iterations for 12000 veh/h.
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Veh/h NN-Guided MCTS MCTS (front&back) MCTS (front) NN

5400 28.75 28.67 28.4 28.42
9400 28 27.92 26.94 27.61
12000 27.5 2741 - 26.98

Table 5.9: Speed Average in m/s for NN-Guided MCTS, MCTS (front&back), MCTS
(front) and NN for different Vehicle Flows.

Delay Average for all veh/h

Subsequently, we present the diagrams for the delay average-iterations for all vehicle flows,
similarly detailing metrics in a table for the delay average in the same conditions.

Delay Average - Iterations ( 3600sec | flow5400 | 500m )
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Figure 5.7: Graph of Delay Average for NN-MCTS, MCTS (front&back), MCTS (front)
and NN across different Iterations for 5400 veh/h.
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Delay Average - Iterations ( 3600sec | flow9400 | 500m )
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Figure 5.8: Graph of Delay Average for NN-MCTS, MCTS (front&back), MCTS (front)
and NN across different Iterations for 9400 veh/h.
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Figure 5.9: Graph of Delay Average for NN-MCTS, MCTS (front&back), MCTS (front)
and NN across different Iterations for 12000 veh/h.
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Veh/h NN-Guided MCTS MCTS (front&back) MCTS (front) NN

5400 0.58 0.61 0.64 0.73
9400 1.12 1.15 1.67 1.35
12000 1.3 1.35 - 1.69

Table 5.10: Delay Average in ms for NN-Guided MCTS, MCTS (front&back), MCTS
(front) and NN for different Vehicle Flows.

Impact of Flow on NN-MCTS

From both the graphical data and the Tables 5.10 and 5.9, we observe that as vehicle flow
increases and the traffic scenarios become more challenging, there is a worsening in both
speed average and delay average. Specifically, the speed average decreases while the delay
average increases. For instance, considering our top-performing algorithm, NN-MCTS, at
1000 iterations:

e From 5400 to 9400 veh/h: There is a 2% decrease in speed average from 28.75
m/s to 28 m/s, and a significant 93% increase in delay average from 0.58 seconds
to 1.12 seconds.

e From 9400 to 12000 veh/h: The speed average further drops by 1.7% from 28
m/s to 27.5 m/s, and the delay average rises by an additional 16% from 1.12 seconds
to 1.3 seconds.

As previously discussed in Section 5.3, these results are anticipated. The escalation in
vehicle flow results in a negative impact on both speed and delay metrics. This is because,
in denser traffic scenarios, vehicles must adopt more cautious and safer driving behav-
iors to prevent collisions. These behaviors include reducing speed and increasing waiting
times before deployment to adhere to safety regulations. This cautious approach, while
essential for safety, contributes to slower traffic movement and longer delays, reflecting
the inherent trade-offs involved in managing increased traffic density effectively.

Comparison: MCTS (front) vs MCTS (front&back)

Continuing our analysis of the results, it becomes evident that MCTS (front) consistently
underperforms in terms of speed average and delay average when compared to the en-
hanced plain MCTS (front&back) across all vehicle flows. This disparity is particularly
noticeable, reinforcing the conclusions drawn from the collision data:

* 5400 veh/h: The differences are very small but still favor MCTS (front&back).
MCTS (front) records a delay average of 0.64 seconds and a speed average of 28.4
m/s. By contrast, MCTS (front&back) achieves slightly better results with a delay
average of 0.61 seconds and a speed average of 28.67 m/s.

* 9400 veh/h: The disadvantages of MCTS (front) become more pronounced. It
achieves a speed average of only 26.94 m/s and a delay average of 1.67 seconds,
significantly worse than MCTS (front&back), which posts a speed average of 27.92
m/s and a delay average of 1.15 seconds.

* 12000 veh/h: As with the collision data, there are no results for MCTS (front)
because it could not successfully execute in this high-density scenario.
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These results further affirm the enhanced capabilities of our MCTS (front&back) algo-
rithm. Not only does it handle collisions better, but it also improves overall traffic flow
and reduces delays more effectively than MCTS (front), particularly as traffic conditions
become more complex.

Comparison: MCTS (front&back) vs NN-MCTS

Continuing with the comparison between NN-MCTS and plain MCTS (front&back), we
observe that across all vehicle flows and from the point where NN-MCTS stabilizes, it
marginally outperforms the plain MCTS (front&back). This is evident in having slightly
higher speed averages and marginally lower delay averages. These advantages are ob-
served not only when NN-MCTS has stabilized while MCTS (front&back) has not but
also when both algorithms have reached their best performance levels, indicating that
NN-MCTS maintains a very slight edge over the plain MCTS. These differences provided
by NN-MCTS are relatively minor, suggesting that while NN-MCTS can enhance perfor-
mance, these enhancements are not substantial enough to signify a major leap over plain
MCTS (front&back) in regards to the speed and delay metrics.

NN Performance and Comparisons

Turning to the plain NN, it consistently exhibits worse results than both NN-MCTS and
MCTS (front&back) due to reasons previously discussed in the analysis of collisions. More
specifically, as shown in Table 5.9 the plain NN records a speed average of 28.42 m/s,
27.61 m/s and 26.98 m/s at vehicle flows of 5400, 9400 and 12000 respectively. Addition-
ally, as detailed in Table 5.10, it achieves a delay average of 0.73 seconds, 1.35 seconds
and 1.69 seconds at same vehicle flows of 5400, 9400 and 12000 respectively. However, the
NN still manages to surpass the performance of MCTS (front) in most scenarios, further
highlighting the limitations of MCTS (front) under various traffic conditions.

Additional Comparison for Low Iterations

In closing our discussion of the results, an interesting pattern emerges at the lower itera-
tion numbers 30 and 50. At these counts, there is a noticeable, slight improvement in both
speed average and delay average across all algorithms. This is attributed to the algorithms
not yet stabilizing their decision-making processes, thereby making more "reckless” deci-
sions that inadvertently lead to higher speeds and lower delays. These decisions, while
beneficial to speed and delay metrics, are not sustainable or safe, as evidenced by the
exhibited collisions. Such behaviors contain abrupt braking, lack of proper nudging and
overall the vehicles show a lack of compliance to safety rules as imposed by the ellipsoid
fields in the reward function, all contributing to the short-term improvement in speed and
delay but at the cost of increased risk and collisions.

5.4.4 Simulation Execution Example and Vehicle Trajectories

In this section, we showcase how a simulation executes using our NN-Guided MCTS al-
gorithm. It is important to note that this demonstration is not meant to provide insights
into the algorithm’s performance or detailed functionality but is primarily aimed at vi-
sualization purposes. By observing how vehicles move, accelerate, decelerate, and make
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turns left and right within the simulation, we can visually confirm that our algorithm is
operational and that the vehicles are following the sophisticated actions determined by
our NN-Guided MCTS.

normOElbw.46 normOulow.37 norm&iow.43

norm&fbw.43 norm&Efiow.42

norm{Miibw.41 norm&Eiiow.42

norm4ifilow.40

norm{Eibw.35 norm4JEfibw.40

Figure 5.10: Snapshots of the Figure 5.11: Snapshots of the
simulation environment, where the simulation environment, where the
marked vehicles with ID’s 40, 42 marked vehicles with ID’s 40, 42
and 43 have just departed in the and 43 are about to exit the
highway-road. highway-road.

As an illustrative example, we plot three different diagrams for three vehicles with differ-
ent desired speeds of 29, 32 and 34 m/s. These diagrams will help clarify the trajectories
that the vehicles follow, i.e. the paths along which they move and their speed in both the
lateral and longitudinal axes. These speeds directly stem from the accelerations applied
by the vehicles, actions which are derived from the solutions provided by the algorithm.
We present these parameters as they evolve over time within the simulation, using the
simulation’s discrete time-steps rather than actual seconds. In each time-step, vehicles
apply the updated actions, so their position and speed change in response to these exe-
cuted accelerations.

Here are the diagrams that we are visualizing:

* Lateral Position p, (m) — Time (time-steps): This first diagram showcase
the lateral positions of our vehicles throughout the simulation. It provides a visual
representation of the trajectory each of the three vehicles follows within the road
confines. Imagine that the y axis represents the road width, and the x axis represents
the road length. Each vehicle begins from a certain point on the road, when entering
the simulation and ends up in a different point when exiting it. From this diagram,
we can identify when a vehicle turns left or right, rising curves on the graph indicate
a left turn, and falling curves indicate a right turn, while a flat line indicates that
the vehicle is moving straight. This graph effectively maps the lateral path that
each vehicle takes from its entry onto the road until it exits. We chose not to plot
the longitudinal position diagram because as said in Section 4.1.1, the simulation
happens in an open highway, so this diagram would just be an increasing straight
line.

* Longitudinal Speed v, (m/s) — Time (time-steps): This diagram showcases
the longitudinal speed of the vehicles. When the graph trends upward, it indi-
cates that the vehicle is accelerating along the x-axis, which means the vehicle is
speeding up. Conversely, when the graph trends downward, it means the vehicle is
decelerating, slowing down its forward movement.

* Lateral Speed v, (m/s) — Time (time-steps): This diagram visualizes the lat-
eral speeds. An upward movement in the graph indicates that the vehicle is turning
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left as it accelerates laterally and a downward trajectory means the vehicle is turn-
ing right, as it decelerates laterally.
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Figure 5.12: Diagram of Lateral Position p, (m) — Time (time-steps) for vehicles with
ID’s 40, 42 and 43 from the SUMO simulation.

From the presented diagram, we can affirm that it corresponds with the trajectories
shown in figures 5.10 and 5.11, starting and ending at the same points on the road as
previously shown. The effectiveness of the NN-Guided MCTS algorithm is underscored by
the evidence from the vehicles’ ability to execute complex maneuvers and nudge efficiently
between other vehicles and not just move forward with no actions taken. These actions
are well performing also, because there are taken not just to accelerate and achieve their
desired speeds but also to maintain safety, managing their distances from surrounding
vehicles to avoid collisions effectively and focusing on achieving their desired speed.
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Figure 5.13: Diagram of Longitudinal Speed v, (m/s) — Time (time-steps) for vehicles
with ID’s 40, 42 and 43 from the SUMO simulation.

90



Chapter 5 5.5 Discussion

The diagram also illustrates the variance in vehicle speeds relative to their respective
desired speeds. For instance, vehicle 40, with a desired speed of 29 m/s, maintains the
lowest speeds, vehicle 42 with a desired speed of 32 m/s shows balanced speeds, and
vehicle 43, aiming for 34 m/s, consistently reaches the highest speeds. This indicates
that each vehicle is actively trying to match or closely approximate its targeted speed.
Notably, when a vehicle reaches its desired speed, it does not accelerate further, avoiding
unnecessary speeds that exceed its set goal. Furthermore, there are observable shifts in
speed, marked by decreases that signify braking and slowing down, either to prevent a
potential collision or to execute a precise maneuver, aligning with the respective trajec-
tories of each corresponding vehicle.
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Figure 5.14: Diagram of Lateral Speed v, (m/s) — Time (time-steps) for vehicles with
ID’s 40, 42 and 43 from the SUMO simulation.

Furthermore, the correlation between the lateral speed changes and the physical posi-
tioning of the vehicles during the simulation is evident. An increase in lateral speed (v,)
suggests a leftward movement, while a decrease indicates a rightward turn. This rela-
tionship is not only consistent with the expected directional changes but also with the
scale of speed adjustments. Smaller variations in lateral speed lead to minor trajectory
shifts, whereas larger changes in speed result in more distinct movements across the road.
This detailed observation from the diagram not only validates the algorithm’s operational
accuracy but also its capability to adaptively respond to dynamic driving conditions, en-
suring both efficiency and safety in maneuver execution.

Here we provide a link of the vehicle trajectories video that was recorded for creating
the illustrations above and for capturing all the needed metrics of Figures 5.13 and 5.14:
Vehicle Trajectories Video Link.

5.5 Discussion

In this section, we first summarize the impact of NN-MCTS and then discuss current
limitations.
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Results for Limited Iterations and Computational Resources

A fundamental point to recognize is that the primary goal of integrating NN into MCTS
was not to achieve better results in an absolute sense but rather to accelerate the pro-
cess of reaching optimal MCTS results. The aim was to reduce the number of iterations
required, thereby saving computational time and resources. This strategic enhancement
allows NN-MCTS to reach the best possible outcomes more rapidly compared to plain
MCTS.

It’s important to note that in scenarios where both algorithms have enough computational
resources and time to exhaustively explore and build the search space tree, NN-MCTS
does not produce better or substantially different solutions than plain MCTS. This equiv-
alence arises because the NN used in NN-MCTS was trained using data from simulations
run by plain MCTS. Consequently, the NN does not possess additional or superior infor-
mation, rather, it facilitates quicker access to the information already available to plain
MCTS, thanks to its ability to leverage prior knowledge from the training.

Thus, NN-MCTS can navigate to optimal solutions more efficiently, making it partic-
ularly advantageous in scenarios with computational constraints. In such cases, when
both algorithms operate under a limited number of iterations, NN-MCTS is capable of
delivering more sophisticated outcomes that plain MCTS might not achieve within the
same iteration limit. This capability highlights the effectiveness of NN-MCTS in utilizing
its pre-trained knowledge to expedite the decision-making process, making it a valuable
approach in time-sensitive or resource-limited environments.

Simulation Execution Time and Temporal Complexity Constraints

Having analyzed the performance improvements brought about by the integration of the
NN with MCTS, it is crucial to also consider the computational time each algorithm re-
quires to execute its simulations, as this aspect holds significant practical importance.

While it has been established that NN guidance effectively reduces the number of it-
erations required by NN-MCTS to reach optimal results, the computational time cost
associated with each algorithm must also be evaluated. Our experiments show that plain
MCTS, on average, takes about 45 minutes to complete one simulation of 3600 seconds.
By contrast, despite the enhancements and the increased efficiency in reaching optimal
solutions more quickly as detailed in Section 5.4.2, NN-MCTS takes about 3 hours on
average to execute the same simulation length, with this time overhead exclusively due
to the NN prediction required for every vehicle at every time-step.

This difference in execution time means that if we compare the algorithms only based
on their temporal cost per iteration, NN-MCTS does not surpass plain MCTS in terms
of speed. This is a critical insight: even though NN-MCTS requires fewer iterations to
reach a sophisticated decision, the longer duration of each iteration means that, from a
time-cost perspective, it might be more economical to run a greater number of quicker
iterations with plain MCTS than fewer, slower iterations with NN-MCTS.

This situation is mainly attributed to the technical implementation combined Python for
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NN predictions with C++ for the MCTS search procedure through Pybind, thus rendering
the NN integration feasible. At this point, we would need to additionally develop the
proper infrastructure in order to do NN predictions natively in C+4 so that to have
a proper indication of the actual speed, but this is not the focus of the current study.
Although the integration of NN has shown promising results in simulation efficiency, the
inherent programming limitations have impacted the overall speed of execution. In the
next section of our study we ponder on potential strategies and alternative approaches
that could further optimize the execution time of NN-MCTS, addressing this drawback
and enhancing the practical applicability of integrating NN into MCT'S algorithms.
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Conclusions and Future Work

In this thesis, we first enhanced an existing Monte Carlo Tree Search (MCTS) algorithm,
for lane-free traffic environments. Through precise fine-tuning of parameters and modifi-
cations in the state space, we crafted a more informed and efficient MCTS variant. This
enhanced version has shown marked improvements over its predecessor in all key per-
formance metrics, including safety, measured by collision frequency, average speed, and
average delay. Notably, it has proven capable of operating effectively in complex traffic
scenarios with dense vehicle flow, a challenge that the initial MCTS approach could not
efficiently tackle.

Building upon this, the main part of our approach involved the integration of a NN into
the selection phase of MCTS. The NN was trained offline through self-play simulations,
using the data generated by our refined MCTS. Despite initial challenges relating to the
algorithm’s inherent randomness and its effect on accuracy, we addressed these issues
through model calibration and the utilization of reliability diagrams.

The integration process involved employing the NN as a classifier to evaluate MCT'S states
and predict outcomes across all possible actions. This predictive capability, denoted as
P(s,a), was then applied as prior knowledge within the selection phase, substituting
the traditional Upper Confidence Trees (UCT) approach with Predictive UCT. The re-
sults were remarkably positive, showcasing that the NN-guided MCTS could expedite the
search for optimal solutions, reducing the need for extensive iterations and computational
complexity. The NN-guided algorithm demonstrated an enhanced ability to explore the
depths of the search tree space rapidly and efficiently, reaffirming the effectiveness of NN
guidance in accelerating the decision-making process in MCTS.

However, our success is tempered by challenges related to the execution speed of the
algorithm. Despite concerted efforts to streamline and accelerate the prediction process,
including techniques like batch NN processing with batch predictions, the NN-guided
MCTS remained slower in execution compared to the baseline MCTS when considering
the quality of results relative to the actual execution time taken.
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6.1 Future Work

As we conclude, we acknowledge that while we have taken significant progress in en-
hancing MCTS for lane-free autonomous driving, there remains much to be explored and
refined. Future work can address this limitation in order to fully realize the potential of
an NN-integrated MCTS algorithm that not only outperforms in decision-making efficacy
but also in computational efficiency. All these ideas for future work that are going to
follow.

Technical developments for Native NN Predictions

For the future enhancement of the NN-Guided MCTS algorithm. A fundamental step
would be to homogenize the programming languages used for the algorithm. The current
architecture operates with the NN written in Python and MCTS in C++. As identified in
Section 4.3.6, the main bottleneck is the time-intensive process required to access Python
scripts from C++ during runtime, rather than the core functionality of the NN itself. As
a result, by eliminating this bottleneck the algorithm will speed up all its calculations in
significant way.

NN-Guided Expansion

Looking ahead, to leverage the NN’s capabilities beyond the selection phase of MCTS
and into other areas, we see potential in implementing a guided expansion mechanism
within the MCTS. Presently, the algorithm considers a set number of 15 potential actions
from a state, which, while manageable, limits the precision and detail of the decisions.
Expanding the action space could enable the algorithm to make more sophisticated deci-
sions. However, it would proportionally increase the search tree size, making the current
search strategy inefficient.

To resolve the increased action space with manageable search complexity, a guided expan-
sion process can assist in that endeavour. Drawing inspiration from [28] that evaluates
the application of neural MCTS methods in various domains beyond gaming we sug-
gest following this guided expansion method as explained next. By employing the NN’s
learned policy, we could selectively expand only those child nodes that the NN identifies as
promising, effectively pruning the tree of less beneficial paths and focusing computational
efforts on the most valuable decisions. This process would allow the algorithm to benefit
from a richer decision set while keeping the search space optimally constrained.

Such a guided expansion approach is applied by the notion of sampling possible actions
at a leaf node, as per the NN’s policy guidance. In the context of MCTS, this would
mean a shift from expanding nodes indiscriminately to a more strategic expansion, pri-
oritizing children with higher predicted values of success. In practice, this method would
balance between the breadth and depth of exploration, and adapt the tree growth to
focus mainly on high quality solutions paths. The exact impact of neurally guided expan-
sion will vary from application to application, its general potential is demonstrated in [84].
Additionally, here are some examples where neurally guided expansion is used [85, 86, 87].
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NN-Guided Rollout for Observed Vehicles

NN guidance could extend into the simulation phase of MCTS as well. In its current
state, as highlighted in Section 4.2.5, the algorithm operates under the assumption that
neighboring vehicles maintain a steady course without any applied acceleration to them
(neither lateral or longitudinal), which does not reflect the dynamic nature of real-world
driving scenarios where neighboring vehicles will indeed take various actions.

Taking further cues from the same paper 28], we recommend adopting the neural guided
evaluation methods as detailed in the following text. To enhance the realism and pre-
dictive accuracy of these simulations, the NN’s learned policy could be instrumental. By
applying NN guidance, we can simulate neighbor vehicle actions that are not only re-
active to the evolving traffic scenario but also based on informed decisions derived from
the NN’s extensive training. This implementation would result in simulations that more
accurately represent realistic and well decided actions of neighboring vehicles, thereby
producing outcomes and rewards for each state that are closer to to the actual movement
of observed vehicles.

Such guided simulations will undoubtedly result in a more robust and reliable MCTS
framework, where each simulated trajectory is not a product of mere assumption, but a
reflection of strategic actions guided by the NN.

To achieve this, we could employ a hybrid approach to node evaluation that balances solu-
tion quality and computational time. For nodes closer to the tree’s root, direct state-value
predictions using the NN could be used, while deeper nodes might still utilize randomized
roll-outs due to their reduced computational demand. Here we provide some examples
that use neural guidance in evaluation with this hybrid approach [88, 89, 90].

Guidance Network Training and Policy Improvement by MCTS

A potential enhancement for the training methodology of the NN used in guiding the
MCTS is shifting from the current offline supervised learning approach, as outlined in
Section 4.3.2, to an online learning paradigm. This alternative method involves continu-
ous policy improvement via MCTS during the actual tree search process. It is a dynamic
and iterative procedure where the results from the MCTS search inform and refine the
NN’s training in real-time. These methods are also detailed in [28].

The principle behind this method aligns with the concept of policy improvement by
MCTS, a technique that leverages the strengths of both MCTS and the NN to progres-
sively develop a more powerful policy. This method was applied in AlphaZero [91], where
the NN was used to guide MCTS and then it’s learned policy was improved iteratively by
MCTS search results. The iterative cycle works as follows: The NN guides the tree search
by predicting potential actions, MCTS then refines these predictions through simulation,
and the outcomes of the MCTS simulations serve as fresh, enriched data for further NN
training. The improved NN in turn, provides a stronger guiding hand for subsequent tree
searches.

This approach transforms the NN into an active learner, continuously adapting and evolv-
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ing based on the latest insights gathered from the tree search. It creates a feedback loop
where the NN not only influences the decision-making process but also learns from the
quality of decisions it helps to make. Over time, this can lead to the development of
a deeply layered policy that captures sophisticated decision patterns which might be
overlooked in a purely offline training program. Here are some example uses that com-
bine supervised learning pre-training offline and online policy improvement by MCTS
[92, 93, 94, 95].

Summing Up Future Work

By implementing the proposed enhancements and future work strategies, the NN-Guided
MCTS is geared to achieve not only faster navigation through the search tree and quicker
solution generation but also significantly more refined outcomes. These advancements
will contribute to a more sophisticated and realistic decision-making process, enabling
the algorithm to produce results that are not only efficient but also of higher quality and
closer to real-world applicability. This evolution in the NN-Guided MCTS will reinforce
its foundation, making it an even more powerful tool for autonomous lane-free driving
systems.
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