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“We must not cease from exploration and the end of all our exploring will be to arrive where
we began and to know the place for the first time.”

T.S.Elliot
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Monte Carlo Tree Search for Autonomous Driving in Lane-Free Traffic Settings

by Pantelis GIANKOULIDIS

Lane-Free traffic is a novel paradigm that lifts the notion of lanes in traffic en-
vironments populated (as a first step, only) with autonomous vehicles, resulting in
much higher efficiency since the road capacity is better exploited. Despite its novelty,
a significant amount of research on lane-free autonomous driving has been already
performed. However, well-known Artificial Intelligence (Al) intelligent search and
decision planning algorithms have not been yet explored in this setting.

To this end, we expand upon the research in lane-free vehicle movement strate-
gies by introducing a different approach to the problem. Monte Carlo Tree Search
(MCTS), a popular search algorithm for decision planning in games, is adopted for
the problem at hand. We introduce a formulation for the task of lane-free driving
using this algorithm and examine its efficiency under two different settings, which
differ with respect to the existence of communication among vehicles, and the very
constituents of the basic MCTS algorithm.

In the first setting, each vehicle acts independently from the others according on
the formulation of the lane-free environment that is suitable for the MCTS algorithm.
The formulation we introduce addresses the two objectives of the vehicles, namely
collision avoidance and reaching or preserving a desired speed of choice.

While this approach gives satisfactory results, it does not take into consideration
online interactions among vehicles. For every vehicle, other vehicles are observed
as moving obstacles with constant speed. If we consider communication among
vehicles as well, we can additionally model these interactions and examine their
influence in their decision making.

As such, in the second setting we address the multiagent nature of the lane-
free environment. For that, we adopt a recently introduced multiagent planning
algorithm based on MCTS and Coordination Graphs. Essentially, vehicles exchange
messages that affect their planning, consequently resulting in a coordinated decision
making process. Then, we provide an extensive set of experiments in order to eval-
uate our proposed approach under these two settings. Our experimental procedure
correspondingly involves two distinct phases. First, the single-agent performance is
investigated in scenarios populated with a large number of vehicles in a highway,
all employing the MCTS algorithm independently. We observe the performance by
evaluating collision occurrences and deviation from the desired speed in demanding
scenarios that exceed the capacity of equivalent lane-based environments. Finally,
we evaluate the multiagent algorithm in three lane-free scenarios that involve a few
vehicles, and showcase its increased coordination capabilities compared to the plain
MCTS algorithm at the expense of computational time.
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/
[Teptindm
Eyoh) Hiextpohdywv Mnyovixav xow Mrnyovixeyv Hiextpovixawv Trnoloylotoy

Amioyatixr Epyaota

Aevopuy Avalritnon Movte Kdpho yio Autdvoun Odvynon Xwels tn Xeron Awpldwy
Kuxhogoplag

Tou IMavteary TTANKOTAIAH

To nepiBdilov odriynone ywelc hwpeldeg xuxhogopiag elvon €va TEOGPUTA TEOTEWVOUEVO
TEAOELY U TERLBAAAOVTOS xIvNomNe OYNUdTwWY, To omolo agotpel TNV €vvola TV Awpldwy
HUUNOPOPLOG OE TEQITTWOOELS BEOUWY OTOU UTHEYOLY UOVO AUTOVOUN OYHUNTA Xl OO
Yel oe YeYOADTERY EXUETIAAEUOT) TNS YWENTXOTNTOS Tou dpduou. Av xou €yel elooy Vel
TEOCQATA, ONUAVTIXT €peuva Exel extovnlel Tdvw 6TO TERIBAAAOY 001 YNoNG Ywelc Aw-
eldeg xuxhogoplag. Qdotdoo, alydpriuol oyedioone Pactopévol oe Bihoypapio TexvNThg
VONUOGUYNE OEV €Youy axdua epeuvniel. e auth TNV epyaocio, ETEXTEIVOUYE TNV EpEuval
660 apopd TIC OTEATNYXES XVNoNS OYNUATWY ot TepiBdhhovta 0dHynone yweic hwpideg
xuxhogoplag, elodyovtag pa véa tpocéyyion oto medPfinue. O Monte Carlo Tree
Search (MCTS), évag dnpogiiic akydpriuoc andgaone oe alucideg MapxdB, epapudle-
TaL 0TO TEOPBANUAL.

Ewdryoupe plo véa mpdTaom yio To TeoBAnUe Tne autdvoung odNnynong ywelc Awpldeg
xuxhogopiag Ue TN Ypron ahyoplduwy oyedlaong xo EpeUVOUUE TNV ATOTEAEOUATIXOTNTY
TOU GE B0 BLAPOPETIXEC EXDOYES AVAAOY A UE TNV BUVATOTNTO ETLXOVWVING HETOED TWV O-
YNUETWY Xl TV BLV TRV ETASYOUEVOY dAYORLIUOY. LTNY TENOTN EX00Y Y|, XdUe Oy nua
Opar aveEdETNTA OO TaL UTOAOLTTOL GUUPWVOL UE Lol TROCUPUOYY| TOU TEQIBAANOVTOS Ywpelg
Aopldec xuxhogopiag xatdAAnin yioa tov MCTS odydprduo. H npdtaor mou ewcdyoupe
AofBdver utdPn Toug BUO AVTIXEWEVIXOUEC GTOYOUS TOV OYNUATWY EV XIVAGEL, ONAadY TNV
ATOPUYT| CUYXEOUCEMY Xt TNV xivnom Ue plar TpoemAeyuévn emduunts tayvtnto. Moko-
VOTL 1) TpoGEyyLon auTy| Bivel ixavomonTixd anotehéoyata, dev AauBdver utodn Tng TV
MNP HETOED TwV oyNudtwy. [ xdde dynuor, Tor utdhotar oy ot efva amheg
EUTO0LOL XWvoLpEVaL PE aTodepr| ToyOTnTa. Eiodywmvtag tny emixowvwvio peta€d oynudtwy,
UTOPOUUE EMTAEOV VO UTOAOYICOUUE AUTEC TIC AAANAETUORAOELS XOU TNV ETUTTWOT TOUG
otn Mn anogdoenmy.

AopBdvovtoc unddn ta tpornyolueva, ELdyoUUE GTNY BEUTERY EXBOYT|, EVOY TEOC(O-
ToL TPOTEWOUEVO aAYopLiuo Yia oyedlaon oe molumpoxtopixd mepBdilovta Poactlouevo
otov MCTS xou oe Coordination Graphs. Me [3don tov ahydprduo autd, to oyruc-
Tor avToAAdGoUY UnvoUaTo Tou emNEedlouy TS AmOPAGELS TOUC, CUUBAANOVTAS OF Lo
GUVTOVIGUEVY) BLAOXACTa ATOPACEWY.

21N CUVEYELL, Lol OELRE AVOAUTIXWY TEWUUATWY UETEUEL AVTIXEWEVIXG TNV TOLOTNTOL
TWV TREOTEWVOUEVKY 000 Aoewv. H meipopatinr duadixacio €xel 800 SLpopeTIXES PAGELS.
Yy mpadTn @don, 1 anoédoor tou amhol MCTS e€etdletan oe yia oepd and cevdpta
OPOUWY UE TOANG Oy uaTa GE QUTOXIVNTOBEOUO, OTIOU Ao Tl Oy fuaTa EQPUEUOLOLY TOV
MCTS aveidptnto. Troloyilovye TNV ANOTEAECUATIXOTNTE TOU PETPWVTAS TIG CUYXPO-
Voelg petadd oynudtwy xan Ty péon andxhion and tny emduunty ToydTNTe, O GEVdpLaL
TIOU 1) YWENTIXOTNTA TOLU OpOUOU OE Oy AUAT EVOL HEYAAVTERY ol AUTY| TWV OPOUMY UE
hwpeldeg xuxhogoplag.



Téhog, otny 6elteEn Qdom, 1 anddooT) ToL ToAUTEUXTOEIXOL alyopituou e€eTdleTon
YO TEEIC CUYXEXPWEVESC TEPLTTWOOELS GEVAPIWY OE CUVTOUOUS OpOUoUS Ywplc Awpldec
xUXAoQOpELaG Ue Ayor Oy AT, Xol OELYVOUUE TIC IXAVOTNTES GUVTOVIOUOU GE GUYXELOT| UE
tov anhd MCTS ahydprduo, ye x6ctog €vay auEnuévo yedvo UTohoYIGUOU.
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Chapter 1

Introduction

Academic and industrial research about self driving vehicles is facing a significant
increase in popularity during the last years for many valid reasons. According to
studies, human error is responsible for about 94% of road accidents [32]. Further-
more, elderly people and people with disabilities are going to benefit from self driv-
ing cars since they would be able to have transportation without assistance. This is
essential, considering that in the United states only about 57 millions adult people
have some disability [13] that prevents them from driving adequately safe.

This need for safe and efficient driving has met during the last couple of years
great developments in sensors, actuators, powerful processors and advanced ma-
chine learning algorithms, that has led to cars with some automation capabilities.
Existing commercial automated cars have already reached the level 3 of driving au-
tomation [24], in the six level pyramid shown in Figure 1.1. In order to further pro-
ceed towards full driving automation (level 5 of Figure 1.1), academic research has
suggested many solutions to challenging problems self-driving vehicles are facing,
in all the well known respective fields that such a system integrates; path-planning,
motion-controlling, environmental perception and decision making [38], in order to
achieve higher levels of automation.

LEVELS OF DRIVING AUTOMATION

®
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>
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NO DRIVER PARTIAL CONDITIONAL HIGH FULL
AUTOMATION ASSISTANCE AUTOMATION AUTOMATION AUTOMATION AUTOMATION

Manual control. The
human performs all
driving tasks (steering,
acceleration, braking,
etc.)

The vehicle features a
single automated
system (e.g. it monitors
speed through cruise
control)

ADAS. The vehicle can
perform steering and
acceleration. The
human still monitors all
tasks and can take
control at any time,

Environmental detection
capabilities. The vehicle
can perform most
driving tasks, but
human override is still
required

The vehicle performs all
driving tasks under
specific circumstances.
Geofencing is required
Human override is still
an option

The vehicle performs all
driving tasks under all
conditions. Zero human
attention or interaction
is required

THE HUMAN MONITORS THE DRIVING ENVIRONMENT THE AUTOMATED SYSTEM MONITORS THE DRIVING ENVIRONMENT

FIGURE 1.1: The levels of driving automation



2 Chapter 1. Introduction

1.1 Motivation

1.1.1 Sequential decision making for autonomous driving

One particular challenging area of research for the objective of accomplishing safe
and efficient self-driving vehicles, is the short-term decision making these systems
have to make. A self-driving vehicle has to take decisions sequentially, as the en-
vironment in which it interacts changes rapidly, and a decision taken even with a
small delay can turn to be catastrophic in extreme circumstances.

Both industry and academia have proposed several methods for the effective se-
quential decision making in a vehicle traffic environment. In general, there are two
main groups that these methods can be classified into, namely classical methods and
learning methods [29]. Classical methods involve rule-based and optimization ap-
proaches for motion control. Learning methods have gained greater attention dur-
ing the last years, mainly because of the emergence of new powerful computational
technologies and their robustness, in performance terms, in diverse and challeng-
ing traffic environments. Huge and extensively labeled real world datasets, together
with integrated perception and planning approaches that deep neural networks can
perform, have led to effective methods for autonomous driving in conventional lane-
based vehicle traffic environments [41].

Other popular approaches for decision making in autonomous vehicles are based
in probabilistic models in order to find the most likely traffic scenario, by modelling
other vehicle’s intentions and take a decision based on that scenario [14]. This ap-
proach can be described as a probabilistic approach [41]. In this approach, the nature
of real world lane based traffic environments is taken into consideration. In a real
world lane based vehicle traffic environment, the agents do not make decisions in the
same manner, but many variables can affect their decision; the objective of their driv-
ing, their age, the vehicle’s state etc. The probabilistic approach incorporates other
vehicle’s efforts (velocity and acceleration) by forward simulating possible trajecto-
ries of these vehicles. The problem is often defined as a partially observable Markov
decision process (POMDP) [21], as we will see in detail in Chapter 2. This is the
approach that has been followed in this work.

Finally, there is the optimization approach [41] for the decision making in au-
tonomous vehicles. These methods rely on a form of reward or utility function in
order to determine the quality of a decision [4].

1.1.2 The Lane-free vehicular traffic environment

A common conception of almost all the aforementioned sequential decision algo-
rithms, is that they assume that the traffic environment is the typical multi-lane en-
vironment that exists in modern roads. However, in an environment where all the
vehicles would be connected and automated, this assumption may not be true, or
even desirable.

The recently proposed TrafficFluid [35] project introduces a novel paradigm for
vehicular traffic in the era of connected and automated vehicles (CAVs). The project
introduces lane-free traffic environments where lanes are no longer considered, and
vehicles can occupy any lateral position. Additionally, vehicle nudging enables ve-
hicles to accommodate overtaking maneuvers of faster vehicles on the back. This
traffic paradigm offers several advantages compared to the existing ordinary traf-
fic environments. First, lane-free traffic results in an increase of the available road
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capacity, since vehicles are not restricted to lanes and can better utilize the lateral ca-
pacity of the road. Second, the anisotropy restriction [43] that is commonly observed
in conventional traffic is addressed due to nudging. Typically, in lane-based traffic,
vehicle behavior is influenced by traffic downstream (vehicles located in front of
the driver). A common observation in congested roads is that congestion “moves”
upstream like a wave, due to this forward looking observation. Lane-Free traffic
with nudging avoids this undesirable phenomenon, since vehicles on the front can
be influenced by the ones on the back. Finally, the lane-free concept allows more
freedom in the designing process of a vehicular environment, since these environ-
ments do not follow the standard notions of lane-based structures, i.e., car-following
and lane-changing maneuvers. The aforementioned property can lead to significant
increase in safety and comfort.

1.1.3 The multiagent approach in vehicular traffic environments

The lane-free traffic setting environment has several properties that allow us to con-
sider it as a multi-agent collaborative environment, therefore suitable for this type
of algorithms to be applied to the domain.

First, the environment can be considered as a multi-agent environment, since
there are typically many vehicles in the road at any given time having similar objec-
tives, properties and abilities [1]. Furthermore, we assert that the vehicles need to
collaborate in order to avoid collisions and achieve their desired moving experience
in a more efficient manner.

The aforementioned two objectives of collision avoidance and travelling accord-
ing to a predefined desired speed, can be quantified in local utility functions that
each vehicle seeks to maximize. Although the objective of avoiding collisions is
common between two vehicles (collision for one of them obviously means collision
with the other), the objective of travelling with a desired velocity is potentially ad-
versarial between vehicles in a single-agent approach, because a vehicle travelling
with a low desired speed can force another vehicle to travel slower than desired.
In other words, one vehicle’s increasing of the utility function may cause a huge
decreasing in other vehicle’s utility function and, as a consequence, the overall sys-
tem’s performance. This means that the objective function of a vehicle must take
into consideration other vehicles” desires in order to be more effective.

Considering the aforementioned reasoning, it can be concluded that an assump-
tion that the problem can be formulated as a multi-agent collaborative system is
reasonable for the domain in particular.

1.2 Contributions

In this thesis, we introduce two novel formulations based on planning for autonomous
driving in lane-free traffic environments. In more detail:

¢ The problem of planning for autonomous driving in lane-free traffic settings is
formulated, considering both single agent settings and multi-agent collabora-
tion.

¢ The single-agent formulation is applied using the Monte Carlo Tree Search
(MCTS) [26] algorithm, an algorithm that creates a decision tree based on
bunches of random simulations of the domain, and takes action based on that
tree.
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In this simple, single-agent planning , each agent acts independently and takes
action separately in demanding traffic scenarios that exceed the capacity of
lane-based traffic scenarios.

¢ The effectiveness of a Multi-Agent Variant of the Monte Carlo Tree Search Al-
gorithm is examined in specific collaboration scenarios, and it is compared
with the single-agent standard MCTS method of the first formulation.
In this multi-agent planning, the FV-MCTS algorithm [10] is adopted for the
problem, a multiagent MCTS algorithm where all the agents make planning
together using global statistics. The decision tree in this case, consists of global
states and joint actions.
In order to make simulations and create the decision tree, FV-MCTS represents
local interactions between agents in a coordination graph [12] and takes ac-
tions using the iterative MaxPlus message passing algorithm [33] to solve this
graph and get the joint action, for every global state.

In Chapter 2 we introduce the theoretical background for the two planning meth-
ods we introduce to the domain, along with related work. In Chapter 3 we thor-
oughly present our proposed solutions for the autonomous driving in lane-free traf-
fic settings problem, for both the single-agent setting and the multi-agent collabora-
tion setting. In Chapter 4 the quality of the aforementioned formulations is exam-
ined by extensive experimental evaluation. Finally, in Chapter 5 a brief conclusion
with some ideas for future direction of this work are presented.



Chapter 2

Background and related work

Monte Carlo tree search is a very popular algorithm that has been used in a variety
of application but, to the best of our knowledge, it has not been used in this do-
main yet. In Section 2.1.1 we provide the theoretical background of the Monte Carlo
Tree Search algorithm. Then, in Section 2.1.2 we introduce an algorithm that tack-
les multiagent MDPs using planning with Monte Carlo Tree Search in collaborative
environments; a modelling that is suitable to a lane-free traffic environment and we
later use in our methodology.

Related work in motion planning methods for autonomous driving is extensively
discussed in Section 2.2.1, with focus in Monte Carlo Tree Search approaches. Finally,
although the experimental and literature background for lane-free traffic is limited
due to the novelty of the environment, there are solutions proposed that have made
us comprehend the nature and the challenges of the domain better. A brief summary
of them is resented in Section 2.2.2.

2.1 Background

2.1.1 Monte Carlo tree search

Monte Carlo Tree Search (MCTS) [7] family of algorithms are among the most pop-
ular planning algorithms to date, because they combine the real time planning of
a tree search, with the statistical interpretation of the Monte Carlo algorithms. The
main idea behind MCTS is to create a decision tree, in order to apply a tree search
algorithm to it, not by applying the knowledge for the domain in hand as in the
brute force deterministic methods, but by taking random samples from the environ-
ment.In other words,they adapt a probabilistic approach in the decision tree prob-
lems.

Although it is a new family of algorithms, MCTS have had a lot of success during
the last few years, especially in adversarial games. One important milestone about
the successful application of the algorithms in this domain, was in 2015, where they
were used as part of a Reinforcement Learning approach that beat the world cham-
pion in the popular board game Go[40]. They have also been successfully used in a
variety of other domains than adversarial games, with notable success.[31].A thor-
ough review of Monte Carlo method and its extensions can be found in [7]

Among the main reasons for this success is that the MCTS algorithms can effi-
ciently explore problems with so many parameters that their search space becomes
tremendously huge, problems where traditional deterministic algorithm become ex-
tremely slow and therefore useless. The drawback of using these algorithms is that
they are probabilistic, therefore they do not always lead to the optimal solution.
However, in many cases, they provide solutions that are very close to the optimal,
so the fact that they can perform effectively in very large search spaces makes them
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compelling for a variety of applications, including our lane-free traffic application,
despite the fact that they do not necessarily reach the optimal solution. Other rea-
sons for the recent success of MCTS can be summarized below:

* Aheuristic: It does not require domain knowledge
¢ Anytime: It can be halted anytime to return the current best estimate
¢ Assymetric: The algorithm visits the more interesting nodes more often

The aforementioned properties make the algorithms also compelling for using with
as part of more advanced learning algorithms.

Markov Decision Process

MCTS [7] can be used for policy-optimization in a finite-size and finite-horizon
Markov Decision Process (MDP) [3]. What the algorithm actually does is that it
‘captures’ the MDP of the domain by forward random sampling from the environ-
ment [2014markov].

MDP is a scheme that characterises a fully-observable environment as a stochas-
tic process that holds the Markov property. The Markov property of a stochastic
process means that the process is memoryless, which denotes that the next state of
the process at a time t + 1 depends only at the current state at time ¢, regardless of
what states of the process occurred at all the previous time frames t — 1,¢ — 2.. etc.
In other words, the process is fully characterized by the current state only.

In order to construct an MDD, there are four components that must be defined:

* A state space (set) X: It consists of all the possible states of the process.In order
to apply the MCTS in this process, this set must be finite.

¢ An action space (set) A: It consists of all the possible actions that an agent can
take.It must be finite in order to apply MCTS in the process.

¢ A transition probability function P: The probability that an agent’s action a,given
at a state s results at the state s. P: X x A x X

e A reward function R:The reward of an action g at a states. R: X x A

e A discount factor y € [0,1): The discount term of future rewards, so the ex-
pected reward at t is : Ry + YR 1 + Y*Rija + ..

The state space of a finite-horizon MDP consists of terminal and non-terminal
states. A terminal state is a state that the transition probability function returns zero
for any other state, given any action and that state.

The goal of a policy-optimization algorithm in an MDP, like the MCTS algorithm,
is to determine the policy 7t that maximizes the (discounted) long-term reward of an
agent. A policy is a probability distribution over actions given states 7r(a;|s;) =
P(A¢ = a|S = s;). In plain words, it is the probability that an agent takes the action
a; when it founds itself in the state s;. A policy determines the agent’s behaviour at
every possible state,therefore it describes the agent’s decisions fully.

Finally, in order to decide the best policy, it is essential to formalize what a ‘good’
state or action is. Given this information, then it is obvious that a good policy would
assign higher probabilities to the action A; that result in higher rewards. We typically
estimate the expected long-term (reward) returns using;:
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* The state value function V(s;): It is the expected long-term return of the state
s given a policy 7

* The action value function g(s;, a;): It is the expected long-term return of an
action a; when taken at a state s; and following the policy 7t at the next states.

The action value function and the state value function can be decomposed in two
factors: The immediate reward and the discounted future reward when following
the policy, weighted by the discount factor -y:

Vi(s) = E[Rep1 +YVr(Si41)|S = s4] (2.1)

qr(s,a) = E[Rip1 + 7qr(St11,a141)|S = 51, A = ay] (22)

The quality of a policy optimization algorithm is related on how well it max-
imizes the value of the above value functions, so the agent takes actions that are
close to the ones that it would take by following the optimal policy. In the case of
the MCTS, the policy optimization stems directly from the random simulations of
the environment. These simulations approximate the state value and action value of
the states and actions by forward random sampling the environment.

The policy that is been followed to solve the MDP after the spaces has been cre-
ated, is called ‘selection policy’. There are two main methods for computing these
policies, offline and online methods [36]. Offline method have a predefined policy
that is being queried during execution. These policies have computed the best action
for every reachable state, therefore the action taken is defined beforehand. Online
methods do not separate execution from planing as offline methods do. They com-
pute the next action based on the state they are at, in a certain time, and consider
only the states that are reachable from this state.The most popular methods for on-
line planing is MCTS , which is described below in some detail.

The MCTS algorithm

MCTS [7] encodes the MDP it solves as a search tree with nodes and edges. Each
node represents a state of the state space of the MDP and each edge represents an
action from the action space of the same MDP. A node can be connected to as many
edges as the number of state-action pairs involving this state, where the transition
probability function of the MDP is non-zero. Alongside with a representation of an
MDP state, a node keeps a score associating the utility of the state for the solution
of the problem, an approximation of the state-value function of the MDP. In a two-
player game for example, this score is usually the long-term possibility of winning
if the MDP is at that state.

The novelty of the algorithm is that the state value and action value functions are
inferred by the Monte Carlo simulations performed within the subtree of the node,
starting from either the root or any children of this subtree. This means that the
nodes with greater values are the nodes where the simulations starting from them
or their children have got better results. A result of a simulation is regularly the
weighted utility of the current and the future states, as it is described in Equation 2.1,
when following a simulation policy.

The basic algorithm constructs a tree by taking a continuously iterative process.
At each iteration there are four steps as illustrated in Figure 2.1. The iteration pro-
cess finish after a predefined period of time, or after a certain number of iterations.
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FIGURE 2.1: The phases of one MCTS iteration [7]

Selection In this phase, a leaf node is selected based on a selection policy. There
are several proposed policies for selecting a leaf node in the tree. The selection pol-
icy is probably the most important thing to consider when designing an MCTS algo-
rithm, because it must maintains the exploration-exploitation trade-off.

Intuitively, the node with the highest estimated value must be selected. A greedy
selection would be the optimal policy for solving the MDP. However,the tree con-
structed so far may not be a precise representation of the MDP. There may exist
states with higher value that have not be explored yet. In order to investigate this
claim, the algorithm usually adds to the estimated value of the node an exploitation
term that is higher for the nodes that has not been visited many times.

The most popular,widely used simulation policies, use the Upper Confidence Bounds
applied for tree search, introduced by by Kocsis and Szepesvari [26]. At every node
the estimated value of an action is computed as:

In(N(s))

Si(a) =Q7(s,a) +C N(s,a)

(2.3)

where N(s) is the number of previous visits at the node s, N(s, ) is the number of
times the action a was selected when the policy has visited that node and Q*(s,a)
is the current estimation of the action value function Q(s, a) for this state and action
that equals to the average returned reward from the simulations. C is a constant
that determines the exploration-exploitation trade-off. A small C means that the sim-
ulation policy would be more greedy and usually select the nodes with the highest
estimated action value function Q(s, a), whereas a big C results in a selection policy
that more often explores unvisited states.

Finally, the policy selects at each node the action with the highest S;(a), except for
the final iteration,where it selects the action that the agent would actually perform.
In this case, exploitation is pointless and the policy selects greedily the action with
the highest estimated value Q(s, a).

Expansion After selecting a leaf node,the algorithm determines whether to ex-
pand this node and creates its children or not. This is almost always directly related
on how many times the node has been selected so far.If it has not been selected many
times in previous iterations, it is better to collect more information about the node. A
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common choice is to expand a node if the number of selections of this node is big-
ger than N,where N is a small natural number.Nodes representing terminal states
cannot be expanded.

Simulation After the selection of the node, there is a simulation policy that
determines the probability distribution that MCTS samples to generate random ac-
tions.The utility of the states visited following the simulation policy, comes heuristi-
cally and it depends on the problem in hand.

Backpropagation After receiving a simulation score, the algorithm updates this
information to all ancestors nodes of the tree.This way, all the intermediate states
from the current state until the state represented in the leaf node update their esti-
mated value functions.

2.1.2 Multi-agent Planning
Multiagent MDPs

A multiagent system can be described by one MDP as described above, with state
space S consisting of states S; describing the entire system, and an action space
A =TTiL, A, consisting of all possible combinations of the available actions of the
agents [6].

Solving this MDP with the method outlined above is intractable, since the action
space grows exponentially with the number of agents. Another approach would
be to solve an MDP for every agent independently, like we proposing in the first
part of this work in Section 3.1, by using the Monte Carlo tree search methodol-
ogy independently for every agent. However, these methods often can often lead
to suboptimal solutions when considering the possibility of communication among
agents. Between the two extremes, many methods have been proposed trying to
tackle the trade off between efficiency and optimality using online planning, like
factored value MCTS [2] and FV-MCTS with maxplus [10]. In this work, the second
method is adopted because it takes better advantage of the anytime nature of MCTS
planning.

Other MMDP methods include function decomposition methods, like QMIX [37]
and Value decomposition networks [42], while others use parameter sharing [44].
These methods handle the aforementioned trade off between efficiency and opti-
mality through some kind of communication between agents. However, these algo-
rithms don’t use MCTS and they are not suitable for a multiagent extension of our
work, which depends on MCTS.

Coordination graphs

The concept of coordination graphs was introduced in order to reason about joint
values between agents in a Multiagent MDP (MMDP) [12]. It has been empirically
show to be an efficient representation for a variety of domains modelled as large
MMDPs, because it provides a framework that takes into consideration only local
interactions between agents. In a multi-agent setting, each agent is represented as a
node in the graph,while an edge between nodes exists only if the individual rewards
of the agents depend on each other. The edge in this case,represents the influence
an agent has to the other.If the pair of agents do not depend their rewards on each
other,there is no edge between them.
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FIGURE 2.2: Example of coordination graph.A node represents an
agent and an edge represents an interaction between agents

The global reward of the system is a factored representation of the local rewards
of the agents, as shown in Equation 2.4.

Q@) = ¥ Qu(A) 2.4)
i=1

where A is the joint action of all the agents and A; is the action of a component .

Having this representation, there are several algorithms that have been intro-
duced which attempt to approximate the local component payoffs Q.(A) and com-
pute the best joint action A.

Collaborative MMDP methods with coordination graphs

Obtaining the best joint action in an MMDP with coordination graph is equivalent to
computing the maximum posterior solution of an undirected probabilistic graphical
model [33]. Unsurprisingly,one of the first methods introduced for solving MMDPs
with coordination graphs, is the Variable Elimination (Var-el) algorithm [8], which
was initially introduced to solve probabilistic graphical models.

In the context of non-probabilistic methods for solving MMDPs, online setting
methods are of particular interest for this work. Kok and Vlassis [33] investigate
Var-el for joint action selection in coordination graphs, and introduce the max-plus
algorithm as an alternative that is much more scaleable. Amato and Oliehoek pro-
pose such a method that combines the idea of MCTS planning with factored values
in coordination graphs [2].

The Max-plus Algorithm on Coordination Graphs

An alternative to Var-el algorithm is the Max-plus algorithm, which was initially
proposed in the context of taking joint actions in MMDP in coordination graphs
in [33]. Max-plus is a popular algorithm for extracting the Maximum Posterior
(MAP) configuration of an undirected graphical model. It operates by continuously
message passing between nodes, over their corresponding edge, until convergence.
Each message is the optimal solution for the two nodes at this time. After the con-
vergence of the messages, each node finds its MAP configuration based on the mes-
sages it has received. This operation of finding the MAP configuration is equivalent
to finding the best joint action in a coordination graph.
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In the context of coordination graphs, max-plus is considered as a local payoffs
propagation scheme.The factored global reward 2.4 is a function representation that
allows us to do so.

Suppose that there is a coordination graph G = (V, E), with |V| nodes and |E|
edges.In every iteration, the nodes perform a belief propagation by sending mes-
sages to each other.The value of these messages is computed as follows.

Hij(ai) = max {filai) + fij(ai,a)) + Y pai(a)} (2.5)

kel (i)\j

where f;(a;) and f;;(i, j) are the local payoff functions for the agent i and the couple
of agents (i,j) respectively. The I'(i) represents all the edges that node is attached
to, signifying the locality of interactions in the coordination graphs making them
suitable for large multi-agent problems. The message m;; can be regarded as the
local payoff function of the node j as it is seen by node i.

After convergence or after a predefined number of iterations, since convergence
is not guaranteed by the algorithm, the nodes have computed the messages and can
take their optimal action.Each agent computes its optimal action as

al = arg max {fi(a;) + Z pij(a;i)} (2.6)
& jer (i)
The optimal action is taken based on the local payoff function f;(a;) and the sum of
the considered by agent i rewards of the agents within its neighborhood.
The joint action is, eventually, the combination of the local optimal actions.

2.1.3 Factored value MCTS with Max-Plus

In the context of multi-agent planning with coordination graphs, Ghoudhurry, Gupta
et al. [10] proposed the Factored Value Monte Carlo Tree Search algorithm (FV-
MCTS), a solution that uses an extension of the Monte Carlo Tree Search algorithm,
suitable for factored representation in coordination graphs, at the top of the max-
plus algorithm.

In this multiagent MCTS variant, the state space S consists of the possible global
joint states of the system, a combination of all individual states of all agents. The
joint action space is the combination of all the possible actions of the agents.In plain
words, there is a typical MMDP as described in Section 2.1.2.
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FIGURE 2.3: The algorithm computes the best action @ for the current
joint state 5 by applying the maxplus algorithm in the coordination
graph corresponding to the joint state s

At every state, the global payoff is factored according to the coordination graphs
scheme and it is
Q(A) =) Qila)+ Y, Qijlwi,aj) (2.7)
ieV (ij)e€
Here, Qij(a;,a;) is the common local payoff of the actions 4; taken by the agent i
and a; taken by the agent j, when agents i and j are connected by the edge (i,j). The
quantity Qi(a;) is the local payoff of the action a; for the agent i.

During the simulation phase of the MCTS algorithm that runs, the joint action
that is taken is obtained by applying the max-plus algorithm to the coordination
graph of the particular state of the system.In this state, the agents perform iterative
message passing by computing their best response to any possible action 4; from the
neighbor agent j, as shown in function 2.8, until convergence or after a predefined
amount of time is reached.

pij(aj) = rr};’j‘X{Qi(ﬂi) + Qijlai)) + ). pwilai)} (2.8)

kel (i)\j

After the graph is solved by using max-plus, the joint action A receives a reward
7 and results to a new state S, as in the traditional MCTS schemes. The reward 7 is
computed for every agent independently by using some domain related heuristics
and it is used to update the agents statistics. If 7; is the reward of the action for the
agentiand 7; is the reward of the action for the agent j, the statistics of the agents are
updated as

Nl'(g, Elj)+ =1 (29)
Qi(S,a:)+ = m (2:10)

N;i(S,aj,a))+ =1 (2.11)
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- re — Qii(S, a;, a;)
i(S,a;,a;,)+ = — 2.12

where 7, is the reward of the joint action for i and j and it is computed as 7, = 7; +7;.
N;(S, a;) and N;; (S,a;, a;) are the times the actions a; and the joint action (a;, ;) have
been selected in previous simulations.

In order to add exploration terms to the scheme, Ghoudhurry,Gupta et al. pro-
posed two distinct phases of computation. The first phase is called edge exploration
and it adds an exploration term in the final round of the message passing between
agents,as in equation 2.13.

pij(a;) = max {Qi(a) + Qij(aij) + Y pi(ai) +c 7)} (2.13)

kel (D)\j

The last term provides the exploration component to the system , as per the upper
confidence bound (UCB) strategy of the MCTS .This exploration term is applied in
the action selection during the expansion of the tree but it is ignored during the final
action coordination.

The second phase of exploration is called node exploration and it is applied in
the final action selection phase of the MCTS. It is a simple modification of the equa-
tion 2.7 and it is shown below, in 2.14

log(N+1)

N, } (2.14)

a; = argmax {Q;(a;) + Z yji(ai) +c
i jer(i)

The aforementioned exploration phases are heuristics in the initial introduction pa-
per of the algorithm.In chapter 3 these heuristics are modified to better match the
needs of the lane free traffic planning problem.

In conclusion, the final algorithm as it was presented in [10] is summarized in
the algorithmic presentations below.
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Algorithm 1 Factored value MCTS with Max-Plus
Input: time limit, depth, ¢, §

Initialize N;, Q;, Nij, Qjj > Statistics of nodes and edges
function FV-MCTS-MP(3,depth)

while time limit mot reached do

SIMULATE(S, depth)

end while

a* < maxplus(0) > No exploration in the final phase

return a*
end function

function SIMULATE(3,depth)
if depth=0 then
return 0
end if
4 < MAXPLUS(c)
§ 7~ T(8,4),R(3,4) > Generative model
§ < 7+ * SIMULATE(S ,depth — 1)
UPDATESTATS(S,4,4)
end function
function UPDATESTATS(S,4,4)
for every agent i do

Ni(§, ai)—}— =1
Qi(8,ai)+ = 7q§,Q(s(;,?)
end for

for every edge (i,j) in graph do
Nij(é, a;, (Zj)—i— =1

Je < gi + 4
_ qg—Qi‘(§,ﬂl‘,ﬂ‘)
Ql]+ - Nl‘]'(é,lli,ll]')]
end for

end function
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Algorithm 2 MaxPlus action selection

Require:
1.Coordination graph G(s) =< V,E >
2.State-node statistics N,Q
3.Max iterations M
4 Exploration flag
5.Normalization flag

function MAXPLUS(c)
fort < 1toMdo
Ha; = pij = 0 for all agents and edges
for every agentido
for all neighbors j € I'(i) do

Compute m;j(a;) as in Equation 2.8

if message normalization then
1
pijaj)— = TA;l Laea mij(aij)
end if
send message m;;(a;) to agent j

if m;;(a;) close to previous message then

break
end if
end for
end for

for every agentido
if edge exploration then
for all neighbors j € I'(i) do

Compute m;j(a;) via Equation 2.13

end for
end if
qi(ai) = Qi(ai) + Ljer(i) mij(a:)
if node exploration then
Qi(ai)+ = ey 5T
end if
a;, = argmax,q;(a;)
end for
if time limit reached then
break
end if
end for_
return 4’
end function
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2.2 Related work

2.2.1 Motion planning methods in autonomous driving

One of the fundamental concepts for autonomous driving, is the motion planning of
the autonomous vehicles. However, exact solutions for motion planning are compu-
tationally intractable [34]. Therefore, there is plenty of proposed variations in litera-
ture for motion planning in a vehicular traffic environment. The numerical methods
for autonomous vehicles planning in a lane-based traffic setting can be broadly di-
vided in three methods [34], namely Variational methods, Graph-Search methods
and Incremental search methods.

Variational methods represent the planning as a high dimensional function repre-
senting the quality of a solution, where the parameters represent different aspects
of the problem, like the vehicle’s velocity, distance to the nearest vehicle etc. These
methodologies, solve the motion planning problem by using non-linear optimiza-
tion techniques over the function [34]. There are many interesting algorithms of this
category. One proposed solution uses Euler’s method for numerical approximation
of the trajectory [50], while another uses finite subsets of the Legendre or Chebyshev
polynomials to do the same [11]. The drawback of these methods is that they are
usually stack in local minima [34].

Graph-search methods are the methods that represent the vehicle’s configuration
and environment as a graph, where the vertices represent a collection of vehicles in
the route and the vertices represent the interactions between the vehicles. The solu-
tion can be extracted then, by applying a search for minimum cost in the graph. Ex-
isting methods for constructing the graph involve heuristic methods for algorithmic
generation of the graph based on a high level street network map. Other methods
use existing geometric methods such as cylindrical algebraic decomposition [23] or
constraints on maximum curvature settings [22] in order to create the graph, whereas
some methods use sampling in order to explore the reachability of the domain con-
figuration space by generating motion primitives [16] by recording the motion of an
expert driver [15]. The main disadvantage of the aforementioned graph-based tech-
niques that search over a fixed graph, is that they search only over the set of paths
that can be constructed from motion primitives in the graph.

Incremental search methods is a group of methods that incrementally create a reach-
ability graph (very often as a tree) representing the planning problem in a similar
way to the graph-based methods, by sampling the configuration space. When the
tree becomes large enough to contain at least one goal region, then the construc-
tion of the graph stops and a graph-search algorithm is applied to extract the best
possible solution. Because of the vast size of the configuration space, randomized
techniques are very often adapted for adding nodes/vertices to the graph. One of
the most well-known randomized tree-based incremental planners algorithm is the
expansive spaces tree (EST) planning algorithm proposed by Hsu et al. [20]. A tech-
nique for finding feasible trajectories for high-dimensional systems is the Rapidly-
exploring Random Trees (RRT) [46] . In the RRT method, the exploration is achieved
by taking a random sample from the state space and extending the tree in the direc-
tion of the sample.

MCTS planning methods

Some of the most common use cases of the incremental search methods are the fam-
ily of the MCTS algorithms. A very common use case of the MCTS in autonomous
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driving problems, is the modelling of the behaviour of the other vehicles. Consider-
ing the human intentions in the vehicle behaviour [19], a learning-based continuous
MCTS method [27] and an introduction of probabilistic models of the behaviour of
the other vehicles that are used in the selection phase of the MCTS controlling [48],
are some interesting use cases in that direction .

There are also many interesting endeavours that use the MCTS as part of the
autonomous driving environment, performing other tasks than modelling other ve-
hicles, like maneuver prediction with image input [9]. Nevertheless, to the best of
our knowledge this is the first work that applies the MCTS for autonomous vehicle
planing in a lane-free traffic environment.

2.2.2 Motion planning in Lane-free traffic settings

Under the recently proposed Lane-Free traffic domain, multiple approaches for ve-
hicle movement strategies have already been established. First, a rule-based ap-
proach that utilizes the notion of ‘forces’, i.e., vehicles can be thought of as “pushing’
one another in order to advance, was introduced in [35]. Then, the authors in [30]
expanded on this work by improving upon the controller design, and providing a
more extended evaluation and insights in that direction.

Besides rule-based approaches, there are strategies designed based on optimiza-
tion and learning. Specifically, authors in [49] introduce an optimal control approach
for the problem, utilizing the model of vehicle kinematics and considering also ob-
stacles like the road boundaries, in order to optimize for a future horizon. The
optimization criterion incorporates sub-objectives for efficient vehicular travelling
and collision avoidance [49]. Another approach tackles the problem with deep re-
inforcement learning algorithms to the domain, making the vehicles improve their
decision-making directly from observed experience [25]. Finally, gaining a differ-
ent perspective, the problem of autonomous driving as a multi-agent collaborative
environment has been addressed in [18] by adopting an approach that models the
problem as a coordination graph and searches for an appropriate solution in the
graph using the Max-plus algorithm.

Compared to these approaches, our work in this thesis can be seen as another
slightly different approach to the motion planning in lane-free traffic settings do-
main, that takes advantage of the anytime nature of the MCTS, something that the
aforementioned algorithms don’t do. A comparison among these solutions and this
work, studying the advantages and disadvantages of each approach in the domain,
is outside the scope of this work but could lead to an interesting direction for future
work.
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Chapter 3

Our approach

In this section we present our approach, which can be distinguished in two phasese.
First, we formulate the problem of lane-free driving considering the MCTS algorithm,
where every vehicle executes the algorithm independently, and other vehicles are
observed as moving obstacles. Then, we tackle the multi-agent nature of a road traf-
fic environment with the FV-MCTS algorithm [10], where we adopt our formulation
appropriately in order to utilize communication among vehicles as well.

3.1 Monte Carlo Tree Search for Lane-Free Driving

3.1.1 State and Action Space

In order to apply the MCTS algorithm in a specific problem, there two fundamental
sets that must be defined, the state space S and the action space A. In our approach
every vehicle adopts the algorithm in order to take an action, independently and
separately of the other vehicles. Therefore, in a given time ¢ the state for a vehicle ¢
comprises of its position, velocity and desired velocity, as well as the positions and
velocities of all the vehicles that are in a longitudinal distance smaller than 4 from
the main vehicle that runs the algorithm. Formally, we can define a vehicle c with
information about its position and dimensions as a set ¢ = {py, Py, Vx, 0y, L, w, dy}
where the members of the set are described in Table 3.1.

px | Position in x-axis
py | Position in y-axis
vy | Velocity in x-axis
vy | Velocity in y-axis
l Vehicle length
w Vehicle width
d, | Desired speed

TABLE 3.1: A vehicle’s definition

Having the vehicle defined, a state s can be defined as a sets = {c;;, I = [c1...c,] }
where ¢, is the ego vehicle and the rows of the matrix I consists of the vehicles that
are close to the main vehicle. A terminal state, finally, is a state where the main car
is crushed with another car or has exceeded the road boundaries.

An action that a vehicle can take in our setting consists of both the longitudinal
and lateral accelerations that can be applied to it at a given time t. In theory, a
vehicle ¢ can take any action & = {ay, ay} with a, being the longitudinal acceleration
and a, being the lateral acceleration, ranging from —a;(%;) to +ay,(%;) , where a; and
ay are real numbers depending on the vehicles characteristics. These acceleration



20 Chapter 3. Our approach

quantities can take any real number. Intuitively, when the a, is negative actually
means deceleration and a positive value of a, actually means turning left whereas a
negative means turning right.

Nevertheless, the action space A must be discrete for a search tree setting, there-
fore we defined the action space using only a small discrete number of 7 possible
accelerations for the longitudinal acceleration and 3 for the lateral. Finally, an action
« is defined as a set & = {ay, (xy} of accelerations, where ay is the longitudinal and
ay is the lateral acceleration. The quantities a, and &, can only take specific values.
The configuration of the values that they can take is shown: in Table 3.2.

Longitudinal Acceleration Values Lateral Acceleration Values
ay(m/s?) ={-5,-4,-3,-1,1,2,4,5,6} | ay(m/s*) = {-2,-1,0,1,2}

TABLE 3.2: Configuration of the possible acceleration values that can
be applied to a vehicle.

The action space A consists of all the possible combinations of longitudinal and
lateral acceleration values, therefore there are 21 possible actions in this space.

3.1.2 Reward functions

The goal of the vehicles is to avoid collisions and to travel with their desired speed
whenever possible. Therefore, the heuristic reward of a state that a simulation gives
should depend on: 1) the likelihood for collisions and 2)the proximity to the desired
speed. One simulation in our approach stops when the simulation gets in a terminal
state or after n forward steps.

For the first objective, the heuristic adapts the proposed artificial potential fields [18]
to promote collision avoidance, together with a negative value for actual collisions
occurred during the simulation. Essentially, when a collision between the main ve-
hicle and another vehicle occurs in the simulation, a terminal state is reached before
n timestamps. The deeper in one simulation the collision happens, the lower the
negative score at the current state. Adding a negative value when a collision hap-
pens in a simulation seems reasonable because this means that a collision is more
likely to occur in that state. However, an action can be a bad action when it leads the
vehicle to a state with higher probability of collision, even if the collisions in the sim-
ulations starting from this state are relatively few. To give a negative value in these
actions in order to affect collision avoidance, the aforementioned artificial potential
tields are taken into consideration. These fields consider the positions and velocities
of two vehicles and give a quantification f;; of the potential collision between these
two vehicles. In our proposal, the pairs between all neighboring vehicles and the
main vehicles in the final simulation state are accumulated to give a total “potential
collision” of a simulation, only if the two vehicles are closer than 4.

Finally, the part of the total reward of a simulation that tackles collision avoid-
ance is given in Equation 3.1

D40 fio ifdist(i,v) < dand ns <n
g(8) =M, fio if dist(i,v) <dandns > n (3.1)
0 otherwise

where:

* D: A positive constant
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* 1ns: The number of steps before collision. The term Q in case of a collision

occurrence quantifies the significance of the collision dependmg on how much
time we have before it occurs

e M: The number of vehicles of dist(i,v) < MaxD, for vehicles i, vand a constant
MaxD

e dist(i,v): The longitudinal distance between two vehicles i and v

* fi»: The quantified potential collision between two vehicles 7, v according to
artificial potential fields

¢ n: The number of steps in a simulation

For the second objective, there is no actual uncertainty about the outcome of
an action to be inferred by Monte Carlo simulations. When a vehicle is at a state
and takes an action, the velocity of the next state is a deterministic outcome. It is
determined by the kinematic equation v;1 = v; + a;T. The position of the vehicle is
also updated in a deterministic manner by x;11 = x; + ;T + %atTQ, where x; is the
position of the vehicle at the time ¢, v; is the velocity and 4; is the applied acceleration
of the vehicle at the time t. T is a constant time period. Given the deterministic
nature of the outcome of an action, the score of a state is regardless of the simulation
returns. The difference between the longitudinal velocity and the desired speed of
a vehicle is considered in order to maintain the avoid collisions-reach the desired
speed trade-off. The part of the score of a simulation regarding the minimization of
the difference between the actual vehicle velocity v;(s) at the state s and the desired
vehicle velocity v, is shown in Equation 3.2

€
|01(s) — val +e

f(s) = (3.2)
In order to consider both objectives, the total reward of a simulation is calculated as
a weighted sum:

G(S) = Axg(s)+Bxf(s),A>0B>0 (3.3)

The trade-off between collision avoidance and retaining the desired speed is ad-
dressed by the coefficients A and B. For example, when A=0 than the algorithm does
not provide collision avoidance at all and if it is a bigger number than the algorithm
mainly focuses in collision avoidance rather than the vehicle’s desired speed. Both
A and B are heuristics that can be adjusted during simulation.

3.1.3 The tree construction

So far, the state space, action space and the reward functions have been defined, but
not the search tree itself. In order to actually define the tree for the domain in hand,
the node of a tree has to be defined.

The node of a tree in our proposal consists of a state, an action that leads to that
state and the possible actions (which in our case is the entire action space for every
possible state without restrictions) that the vehicle can take from this state and can
expand the tree by creating new nodes. Moreover, the reward function G(s) from
Equation 3.3 that defines the score of a single simulation is used and the average
score of the rewards of the simulations started from this node or any of its children
nodes.
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Algorithm 3 A High Level MCTS implementation

t+0
root < initTree()
while f < T do
s < selectNode(root)
if isTerminal(s) then
continue
end if
if numOfVisits(s) > N then
s < expandNode(s)
end if
score <— simulate(s)
backPropagate(s,score)
t—t+1
end while

The expandNode and the backPropagate functions from Algorithm 3 showcase the
basic MCTS, node expansion and score backpropagation actions, as shown in Fig-
ure 2.1. In our work, the node is expanded by taking the possible actions following
a specific order. If the node is expanded to have a children node from an action 4;,
the next expansion comes from the action a;,1 etc. While these functions are do-
main agnostic, the tree policy and the simulation policy implementations can differ
in applications.

3.1.4 Selection policies and simulation policies

In Algorithm 3 we invoke the selectNode and simulate functions that represent the
tree and the simulation policy that our algorithm follows. In this subsection we
elaborate on these policies.

One node is selected in our proposal, based on the UCT formula Equation 2.3
analyzed in Section 2.1.1. Every node keeps a score from the previous simulations
and the average of this score is the Q*(s, a) of the aforementioned equation.

The simulation policy we use goes up to M steps ahead of the current state at
time t, and does not search until a terminal state is found. The rewards of a sim-
ulation are as described in Section 3.1.2. The actions that a vehicle takes at each
intermediate state in the simulations are sampled from a uniform distribution from
the action space. This way, we ensure that many different possible sequential ac-
tions are taken in the simulation. After an action is executed, the agent simulates
a new state where other vehicles have moved as well. Since it is a simulation and
the algorithm does not know the actions of the other vehicles, estimations have to
be made about their updated positions and velocities at every simulation state. The
assumption that we do is that no acceleration has applied to the other vehicles in
any direction. As such, the velocity in each direction is constant and the position of
the vehicle is updated by x;1 = x; + v; * T, for every intermediate state.

Having computed the positions and velocities of the vehicles at each simulation
state, the simulation reward is again computed by the formulas described in the
Section 3.1.2.
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3.2 FV-MCTS using Max-Plus

For a multi-agent approach to the lane-free vehicle planning with MCTS, we pro-
pose the adoption of the approach in [10], as presented in Section 2.1.2. Our envi-
ronment is now a collaborative multiagent environment and the MCTS planning is
no longer applied independently by the agents. Instead, each agent takes an action
based on the score it receives from applying the Max-plus algorithm to the coordina-
tion graph, considering itself as the ego vehicle. In order to adapt this collaborative
environment to the algorithm, there are some additional parameters that have to be
specified, referring to the coordination graph, and a different formulation; different
definitions of an action and a state for the MCTS.

3.2.1 State and action space

In this approach, in contrast with the previously proposed plain MCTS algorithm,
a state at a particular time f is a global state and it is common between all the
agents. It is called the “joint state” and it consists of the positions and velocities of all
the vehicles at this timestamp and the coordination graph that these vehicles form.
Therefore, the joint state, which would represent a node in the tree, as can be seen
later, takes values from the joint state space, which is the combination of all the state
spaces of the agents as introduced in Equation 3.4.

$* =85, x8 x..xS, (3.4)

Similarly, since we consider a global state, a notion of global joint action space has
to be introduced. This joint action space consists of the combination of the actions
that each agents can take in a given state as shown in Equation 3.5.

A" =A1 X Ay X .. X Ay (3.5)

The action space A; of a vehicle i, is a tuple of accelerations as described in Sec-
tion 3.1.1. The system takes an action from this action space collaboratively and than
for each individual vehicle v, applies the individual action of v participating to the
taken global action, to the corresponding vehicle v. The aforementioned procedure
is different from the plain MCTS where each agent takes action independently.

3.2.2 Coordination graph

Following the concept of FV-MCTS [10], we need to construct a coordination graph
where nodes are the agents interacting with each other according to the correspond-
ing edges. We define a maximimum distance D between agents as a threshold to
decide whether to create an edge between them. If the distance between them in a
given state is larger than D, then there is no edge between them in the graph.

The algorithm keeps statistics for the joint actions that have been previously
taken and applies message passing using the most recent statistics, as in Equa-
tion 2.5. After a number r of iterative message passing rounds, the process ter-
minates and the joint action is determined. Some technical hyperparameters are
adjusted for the domain of planning vehicle trajectories for lane-free traffic environ-
ment, which are discussed in more detail in Section 4.3. The main algorithm, how-
ever, that we applied to the problem is exactly as the one described in Section 2.1.3.
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3.2.3 Adaptation to lane-free traffic planning

In line 13 of Algorithm 2 in Section 2.1.3, the next state and the immediate rewards
of one step are based on the problem at hand. In our case, the next state 5 is sim-
ply determined by the positions and velocities of the vehicles in that state and the
coordination graph they form. Calculating the velocities and the position for each
vehicle i , we get the next states 5; of the vehicle, in the same way as in Section 3.1.1.
After that, we compute the coordination graph based on the distances between vehi-
cles in the new states 5;. Finally, the joint next state 5 is the combination of the states
5; and the coordination graph, as it is described in Section 3.2.1.
The immediate reward 7 is computed by the following Equation 3.6:

7=Axf(5)—Bxg(5) (3.6)

where the constants A and B are always positive and determine the attention of the
system towards reaching the desired speed for the vehicles or collision avoidance
between the vehicles. Therefore, the algorithm seeks increasing the quantity f(5)
and decreasing the quantity g(5) by parametrizing the constants A and B.

The quantity f(5) computes the velocity proximity of the vehicles in the state
5 to their desired speeds. In our proposal, it is computed as it is shown in Equa-
tion 3.7 and it is the weighted summation of the differences between actual speeds
and desired speeds for all the vehicles in the graph G of the state 5. It can be inferred
from 3.7 that the lower the difference from the desired speed for the vehicles, the
larger the quantity f(5) becomes:

(3.7)

The second quantity g(5) addresses collision avoidance between vehicles. For
every vehicle, it accumulates a quantity that depends on the positional distance in
both axes x and y, between the vehicle and the neighboring vehicles I'(i) connected
with it in the graph, and sums for all vehicles in the graph G. It takes positive values
that approach zero when the possibility of collision decreases and large values when
the probability of collision for the vehicle i is high. The Equation 3.8 shows in detail
how it is computed in our proposed solution

gE) =3 Y

i€Gjer(i)

C n D
x5, — x5, +e2  |ys, —ys;| +es

(3.8)

The difference |x5; — x5, is the distance in the longitudinal axis between two ve-
hicles connected in the graph and the quantity |ys, — ys,| is the lateral position dif-
ference. The larger the distance between vehicles, the lower this quantity becomes.
This leads to lower negative impact in the reward function 3.6. Constants C and D
can be parameterized to weigh one distance metric over the other. Constants e, e,
and e; are added to the denominators with very small values (=~ 1071) in order to
avoid division by zero.
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Chapter 4

Experimental evaluation

To evaluate our methods, we conducted all experiments using an extension of SUMO
that is suitable for simulating lane-free vehicular traffic scenarios. The TrafficFluid-
Sim simulator [45] is build on top of the SUMO software and provides, alongside
with all the standard SUMO capabilities, a simulation environment that enables
lane-free vehicle movement, i.e., the vehicles can take any lateral position and ‘apply
nudging’ from one vehicle to another. These are two important characteristic of the
simulator that make it suitable for a lane-free traffic environment.

Using the TrafficFluid-Sim simulator for connected and automated vehicles, sev-
eral experiments were run to evaluate the proposed approach. In Subsection 4.1,
we present the parameters of the simulation scenarios that are common across all
the experiments. The experiments can be separated in two distinct parts. First, the
conventional Monte Carlo Tree Search approach that we discussed in Subsection 3.1
was implemented and thoroughly examined. The results of these experiments are
presented in Subsection 4.2, along with a related discussion.

In the second part of the experiments, we examined the extension of the afore-
mentioned implementation of the Factored Value MCTS with max-plus [10]. The
results of this simulations are provided in Subsection 4.3, where we examine spe-
cific coordination scenarios and compare the performance with that of MCTS.

4.1 Experiment parameters

To evaluate our approach, most parameters have consistent values for all experi-
ments, while some have different values depending on the examined scenario, e.g.,
the duration of the simulation. In Table 4.1, the related parameters that are common
for all the experiments are shown.

Parameter Value
v; range [25,35]m /s
time-interval 0.25s

highway length 1000m

highway width 10.2m
vehicle length 3.2m
vehicle width 2m

TABLE 4.1: The simulations parameters

All the experiments are conducted in a straight road of a fixed width. Further-
more, to compare the different algorithms we consider vehicles with desired speeds
coming from the same uniform distribution.



26 Chapter 4. Experimental evaluation

The desired speed for each vehicle takes random values ranging from 25% (=
90%1) to 352 (= 126%") and is sampled from a uniform distribution. Each vehicle
enters the highway at at the beginning of the highway (pr = 0) and a random lat-
eral position within the boundaries of the highway, according to a demand handling
method that spawns the vehicles laterally randomly, but also considering nearby
traffic, i.e., a vehicle will not spawn behind another one causing dangerous and un-
stable traffic situations. For more information, we refer the reader to [18].

4.2 MCTS performance

To evaluate our algorithm, we keep some fixed values for the simulation and alter,
in every experiment, the velocity and lateral position with which the different vehi-
cles enter the highway, as well as the traffic flow. The road and vehicle dimensions
remain consistent for every simulation.The time interval of the SUMO also is kept
stable for every individual experiment. Table 4.1 shows the specific values of these
parameters for the simulations.

4.2.1 Discrete action space

The possible actions that a vehicle can take are 21; all the possible combinations
between the 7 longitudinal and 3 lateral acceleration values. The aforementioned
acceleration values are presented in Table 4.2.

Longitudinal Acceleration Values | Lateral Acceleration Values
ay(m/s?) = {-5,-2,-1,0,1,2,5} ay(m/s?*) ={-1,0,1}

TABLE 4.2: The possible actions for the experiments are the 21 com-
binations between the longitudinal and lateral acceleration values

4.2.2 Simulations parameters

To evaluate the performance of the MCTS implementation, 8 different scenarios were
set and run with the SUMO simulator using the TrafficFluid-Sim simulator discussed
at the beginning of this chapter.

The seed for the pseudorandom generators that generate the desired speed and
the lateral entry position of each vehicle was common in all these simulations. Each
experiment was examined with two different configurations of entry longitudinal
speed. In the first configuration, every vehicle enters the road with a longitudinal
speed of 20 and in the second configuration every vehicle enters the road with a
longitudinal speed of 25%. All vehicles in every simulation are lane-free vehicles
that take actions according to our approach.

Every simulation is 3600sec (1 Hour) long, with a varying demand flow at the
entry point of the highway. More specifically, the different flows for the different
experiments are shown in Table 4.3. It is important to mention that the flows se-
lected exceed the maximum flow of lane-based traffic. Note that we experiment on a
10.2 meter road which corresponds to a 3-lane conventional highway scenario. In an
equivalent lane-based scenario with 3 lanes, the maximum flow would be approxi-
mately 7300veh / hr.
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Simulation 1 2 3 4 5 6 7 8
Flow(Veh/H) | 5500 | 7000 | 8000 | 8400 | 8800 | 9200 | 9600 | 11000

TABLE 4.3: The different traffic flows for the simulations of the MCTS
experiments

4.2.3 MCTS performance evaluation

The two objectives that are of interest to us are the collisions that occur during a
simulation, showing the performance of our approach regarding safety, along with
the average delay of vehicles, showing the effectiveness of the algorithm.

Collision Occurrences

For every simulation, the total number of collisions occurred is measured. The re-
sults of every simulation are shown in Figure 4.1.
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FIGURE 4.1: Collisions per timestamp for all cars combined

The two different plot lines correspond to the entry speed for all vehicles. As
expected, a higher entry speed causes more collision. It can also be seen that the
increase of collision occurrence is more abrupt with the increase of traffic flow, in the
area between 7000veh / hr and 9500veh / hr in the figure, whereas it is almost constant
elsewhere. The flatness of the lines at the very right of the figure can be explained
by the fact that our library cannot really simulate such high traffic flows given the
demand related parameters that address safety. In reality, SUMO extends the simu-
lation time in cases where the number of vehicles about to enter a highway is very
high for a time period, therefore the actual traffic flow of the simulation is not that
high.
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Putting this aside, it can be seen that the vehicles following the algorithm are
causing very few collisions when the flow is in the range of a lane-based scenario
with three lanes, below 7300Veh/hr. This shows that the MCTS algorithm is effec-
tive regarding safety in reasonable vehicular traffic scenarios. In very high traffic
flows, however, there is an increase of collisions, although the total number remains
relatively low when considering the total number of interactions within the time pe-
riod of 1 hour. This shows the limitations of the algorithm in lane-free environments
where the traffic flow can be extremely high and there is no sense of structure that
that road lanes can provide.

Average deviation from the desired speed

At every simulation timestamp, the difference between the actual longitudinal speed
and the desired speed of each vehicle is measured. The average of the above quantity
of all the n vehicles in the road at this timestamp, is the average deviation from the
desired speed at this particular timestamp and it is shown in Equation 4.1.

2ugs (1) = 3[04 (8) ~ (1) @)

i=1

where v, () is the desired speed and v;(t) is the actual speed of the vehicle i at the
time t.

The average of the quantity vg¢(f) of the Equation 4.1 of all the simulation
timestamps, is the total deviation from the desired speed. This quanity shows whether
the vehicles travel according to their desires or compromise their speed for achieving
safety.
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FIGURE 4.2: Average deviation from the desired speed, for different
flows and vehicular entering speeds

The correlation between the two lines indicates that the average deviation from
the desired speed is in general higher for the case where the vehicles enter the high-
way with an initial speed equal to 20m/s, compare to the case where they enter the
highway with an initial speed of 25m/s. This was expected because the deviation
from the desired speed is higher at the early timestamps when a vehicle enters the
highway with 20m/s compared to when it enters with a speed of 25m/s, since the
desired speed for any vehicle ranges between 25m/s and 35m/s. The fact that the
orange line is above the green line in Figure 4.2 is therefore of no interest here.

However, one interesting result to notice from the Figure 4.2 is the fact that the
average deviation from the desired speed is increasing slowly in the increase of the
traffic flow and does not get above |13m/s!| in any case. This shows that the algo-
rithm can lead the vehicles to take actions that can make them achieve their desired
speeds, even when the traffic flow is high and it is more difficult to do so without
compromising safety.

Another interesting thing to consider is the performance of the algorithm regard-
ing the average deviation from the desired speed over time. MCTS is an algorithm
that delivers results from the very early stages of the simulation, since at each times-
tamp of the simulation, only the current timestamp is considered to create the states
for the search tree and no type of learning or modelling of other vehicles” future be-
haviour is involved. The average deviation from the desired for various flows on
time, is illustrated in Figure 4.3.
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FIGURE 4.3: Average deviation from the desired speed on different
time stamps for vehicles entering highway with a speed of 20m/s

Putting aside the expected result that the lines of the simulations for lower traffic
flows result in lower deviation from the desired speed, since lower traffic flow means
fewer obstacles for the vehicles, there is one interesting inference from the Figure 4.3;
even at the early stages of the simulation, the algorithm delivers the same results.
There is no correlation between the time and the average deviation from the desired
speed, which justifies our premise that MCTS delivers results from the very early
steps of the simulation.

Finally, the velocity with which the vehicles enter the highway does not correlate
with the average deviation from the desired speed regarding time, as it can be seen
in Figure 4.4.
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FIGURE 4.4: Average deviation from the desired speed at each time
stamp

The common behaviour of the simulation results in 4.4 is that the average devi-
ation from the desired speed does not significantly change with respect to time, but
changes without a pattern and remains inside a specific range. This behaviour is
common for both cases, depending on the entrance speed.

Average delay

The delay of a vehicle is the difference between the time a vehicle should have taken
from the starting of the highway to the ending of the highway if it was travelling
with the desired speed velocity v;, and the time that the vehicle actually did to com-
plete its route in the simulation.

Considering that the highway of the experiments is a straight highway without
turning points, the desired time ¢; can be computed from the length of the highway
r; and the desired speed of the vehicle v; as t; = ;—l Now, if we consider the time
t, that the vehicle did to get from the starting of the highway to the ending of it in a
simulation, the delay of this vehicle is d = t; — t,. The average delay is the average
of the aforementioned quantity for all vehicles.
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FIGURE 4.5: Average delay for different traffic flows and vehicular
entering speed

As it can be seen from Figure 4.5, the average delay increases, when the traffic
flow increases. This happens because a very high traffic flow means that the vehi-
cle has many other vehicles surrounding, therefore it cannot surpass vehicles with
lower desired speed easily. The delay becomes higher more rapidly in flows higher
than 8000Veh/hr for both vehicular entry speed cases. This indicates a saturation
in the algorithm’s performance that causes the vehicles to travel relatively slower to
avoid collisions in these traffic flow scenarios. This behaviour is caused by two facts,
according to our empirical observations. First, the fact that the available actions for
each vehicle is limited, therefore it is difficult for the vehicles to surpass other vehi-
cles in high traffic scenarios. Second, the absence of collaboration between vehicles,
that could potentially lead to smarter decisions for the benefit of the system as a
whole. In this MCTS implementation, there is no communication between vehicles
that could help them achieve their desired speeds with collaborate rather than the
one potentially disrupting the other’s behavior due to its own goal.

4.3 Factored Value MCTS with Max-plus

Computational limitations made the experiments with many vehicles insufficient for
the Factored value MCTS with max-plus scenario, as can be seen in Subsection 4.3.2.
This is the reason why we did not perform extended experiments with a demand
of thousands of vehicles in a reasonable amount of time, like in the experiments for
the MCTS case. Instead, we examined three different scenarios involving a small
number of vehicles in which we show the multi-agent approach performs better
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than the plain MCTS approach without vehicle collaboration. FV-MCTS enables col-
laborative behavior among the vehicles through the combination of the max-plus
algorithm and the MCTS approach.

In the first subsection of this section, the experiment hyperparameters common
for all the experiments of the FV-MCTS with max-plus case are presented. Then,
in Subsection 4.3.2, the intractability of the second FV-MCTS with max-plus algo-
rithm is shown, when implemented in a single-thread without parallelization, as it
has been the case in our implementation. Finally, in Subsection 4.3.3 the three dif-
ferent scenarios are presented in detail, with a related discussion of results for each
scenario.

4.3.1 Hyperparameter tuning for FV-MCTS

The hyperparameters that were used in our experiments are shown in the table be-
low.

Minimum distance for creating edge | 35m
Maximum number of edges for node | 3
Edge exploration constant C 0.5
Max tree depth 3
Simulations from root 12
Max-plus message passing rounds 2
A 10
B 50
X 9.5
C 20
D 10
Safety Gap in road boundaries 1m

TABLE 4.4: The hyper-parameters of the multi-agent implementation

The first six parameters in the Table 4.4 are referring to the FV-MCTS algorithm
itself, as it was described in Subsection 2.1.3. The parameters A, B, X, C and D refer
to the adaptation of the Factored value MCTS algorithm to our domain that is de-
scribed in Subsection 3.2. The last parameter, refers to the minimum distance inside
the road, from the vehicle center to the road boundary, where the algorithm consid-
ers the vehicles to be inside of it. If a vehicle is closer than this quantity to the road
boundary, then the algorithm considers that this vehicle is outside the road. This
prevents the vehicles from going very close to the road boundaries, in the expense
that the road capacity slightly decreases. The behaviour of this trade-off is outside
the scope of this work. Finally, all the values of the parameters in Table 4.4 have been
extracted after empirical evaluation of different tunings on the 3 experiments.

In contrast to the experiments of the plain MCTS case, here only five individual
actions are considered, which are either towards longitudinal or lateral acceleration
and not both, as in the plain MCTS case. In order to properly compare the per-
formance of this algorithm to the plain MCTS case, the experiments of the MCTS
algorithm on these scenarios use the same action space with 5 actions. The reduced
action space has the acceleration values appearing in Table 4.5.
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Acceleration Values Direction
23 Longitudinal
S
24 Longitudinal
S
0
-1 smz Lateral
+1 sﬂz Lateral

TABLE 4.5: The possible actions for the experiments are the 5 cases of
either longitudinal or lateral acceleration

4.3.2 Computational performance comparison with MCTS

In order to quantify the fact that performing extended simulations for the FV-MCTS
with max-plus implementation is time consuming, therefore impractical at this point,
we exhibit the time performance stemming from one experiment populated with
multiple vehicles.

For a straight route of 1000m with 50 vehicles spreading uniformly inside it, the
average computational time of one timestamp (0.25sec. of simulation time) was com-
puted, for the timeframes when all the 50 vehicles were in the road. The results
in Table 4.6 show that an extended experiment of 3600 seconds in simulation time
(14000 timestamps in a 0.25s time step), like the simulations of the MCTS algorithm,
would take approximately 17 days, therefore rendering the FV-MCTS approach in-
applicable for large simulations.

MCTS | FV-MCTS with max-plus
450ms 2m 34s

TABLE 4.6: The average decision time for the system in one simula-
tion timestamp when populated with 50 vehicles

4.3.3 Experiments on 3 Scenarios with the FV-MCTS algorithm
Scenario 1

In this scenario, there are three vehicles that need to collaborate in order to achieve
their desired speed all of them. There is one slow vehicle with desired speed 28m /s
in front of a vehicle with desired speed of 35m /s that cannot surpass the first one,
because there is the road boundary at the left and another slower vehicle at the right
of it. An illustration of the initial vehicular positions of the particular example is
shown in Figure 4.6.

In the plain MCTS scenario without collaboration, the front vehicle (Carl) and
the vehicle in the right (Car2), do not anticipate the intentions of the third vehicle
(Car3), since they have reached their individual goals. Figures 4.7a and 4.8a show
the trajectories of the three vehicles when MCTS is applied for both longitudinal and
lateral positions py, p, respectively, both with respect to time (in seconds).
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FIGURE 4.6: Initial positions of the three vehicles

As it can be seen from Figure 4.7a, Car2 cannot surpass Carl, although it has
higher desired speed. This is because it does not have enough space, as can be seen
in Figure 4.8a. Therefore, it just stays behind carl since there is no collaboration,
while carl is already travelling with its desired speed and has no reason to either
move laterally or apply any acceleration, as that would not increase its rewards. To
further investigate the algorithm’s behaviour in this experiment, Figure 4.9a shows
the longitudinal accelerations of the vehicles on time, where it can be seen that Car1
struggles to reach its desired speed. Furthermore, Car2 does not accelerate because
it “sees” Car1 and tries to first move on the right and then apply acceleration. Fig-
ure 4.10a shows the lateral accelerations of the vehicles at any given time for the
plain MCTS case, where the aforementioned behaviour is illustrated.

250 250
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FIGURE 4.7: Longitudinal positions of the vehicles on the road with
respect to time
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FIGURE 4.8: Lateral positions of the vehicles on the road with respect
to time

It can be easily inferred from this experiment that the plain MCTS algorithm has
some disadvantages when used for lane-free vehicular planning in a collaborative
manner; it cannot find the optimal solution for all the vehicles when the desired state
of one vehicle counters, even temporary, the desired state of another vehicle. For in-
stance in this experiment, where the Car1 desired state does not let the Car2 reach its
desired speed. We will now examine the Factored Value MCTS with Max-plus be-
haviour in this experiment, to examine the improvement in the vehicles” behaviour.

In the scalable tree search algorithm results, Carl now collaborates with the other
two and applies acceleration to the right in order to let Car2 achieve its desired
speed. In other words, it anticipates the system’s overall goal and takes actions
based on that. As we can see in 4.10b, it moves towards the right to help Carl sur-
pass it. Additionally, after about 3.5 seconds, it decelerates to avoid collision with the
Car2, which is moving to the right direction to avoid exceeding the road boundaries.
These movements can be seen in more detail at the figures 4.7b and 4.8b.
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FIGURE 4.9: Longitudinal speeds of the three vehicles with respect to
time
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FIGURE 4.10: Lateral speeds of the three vehicles with respect to time

The results of this experiment have shown that the FV-MCTS with max-plus al-
gorithm is better than the plain MCTS algorithm in cases where one vehicle has
achieved its desired speed and can assist other vehicles with no risk of being in-
volved in a collision, by taking actions like pulling over or accelerate for a small
period. In such scenarios, in the plain MCTS implementation the aforementioned
vehicle does not take any action to help other vehicles because it has achieved its in-
dividual goals and it does not take into consideration other vehicles” desired speeds.
In contrast, in the FV-MCTS with max-plus, the vehicle takes more “altrouistic” ac-
tions to assist other vehicles achieve their goals, as is evident in this experiment.
This “altrouistic” behavior of course needs to coincide with the social welfare of the
multiagent system.

Scenario 2

In this scenario, four vehicles are entering the road and are initially placed according
to Figure 4.11. The vehicle behind has higher desired speed, so the algorithm has to
provide a way of collaboration between the three slower front vehicles blocking the
way and the upstream vehicle.

FIGURE 4.11: Initial positions of the three vehicles

In the plain MCTS case, Car4, the middle car of the three downstream cars that
are shown in 4.11, initially decelerates in order to avoid collision with vehicles Carl
and Car3, since the other two cars that are very close to it at the right and left. Now,
Car2, the vehicle right behind it, also decelerates to avoid crashing with Car4. Fig-
ure 4.14a shows the longitudinal speeds of the vehicles, for a specific time horizon.
This selfish behaviour of the vehicles results in a large delay before the Car2 can
reach a state where it travels with its desired speed and safely, whereas the other
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three vehicles achieve their desired speed but are only interested in avoiding col-
lisions between them, a behaviour that makes it more difficult for Car2 to achieve
its own desired speed. In the plain MCTS case, the vehicles act selfishly, and in
situations like this, they are in an equilibrium state where they are essentially a big
obstacle. This completely blocks any faster vehicle upstream that wishes to overtake,
such as Car2.

On the contrary, the power of the Factored value MCTS with max-plus algorithm
in this scenario can be seen by examining the longitudinal and lateral speeds of the
vehicles in Figures 4.14b and 4.15b. In this case, Car3 does not decelerate, because
that would lead to a deceleration of the faster vehicle Car2, as happened in the plain
MCTS case. In contrast, it drives to the right of the road in order to make space for
Car2 to reach its desired speed. Additionally, after roughly the first 200m, as can
be seen in Figures 4.12b and 4.13b, the vehicles are aligned at the right of the road,
one behind the other, with the two fastest vehicles, Car2 and Car4 proceeding. It
is clearly evident in the provided trajectories that the algorithm breaks the block-
ing formation, so that the faster vehicle behind is accommodated. This behaviour
is a desirable one that can only be achieved when applying collaboration between
vehicles.
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FIGURE 4.15: Lateral speeds of the three vehicles with respect to time

It can be easily inferred from this experiment that collision avoidance can be
achieved not only when the vehicles are forcing themselves away from the other
vehicles, as in the plain MCTS case, but also by communicating their desires and
take into consideration the other vehicle’s needs and acting accordingly. In fact, in
a scenario like the one that is described here, the latter approach has the advantage
that results to vehicular speeds closer to the desired ones much faster.

Scenario 3

Another interesting case we examined is when the vehicles are in a state in the road
as shown in Figure 4.16.
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FIGURE 4.16: Initial positions of the four vehicles

In this scenario the vehicle Car2 is surrounded from the other three vehicles and
has the highest desired speed. Car3 is right behind Car2 and has a desired speed
smaller than Car2 but higher than the other two cars. Car1 (the vehicle right in front
of Car2) and Car4 (the vehicle at the right side of Car2) have already achieved their
desired speeds and have no vehicles in front of them, so they do not have profitable
moves for themselves, as they only need to retain their speeds.

This situation is another case where the plain MCTS algorithm is insufficient
to provide a good behaviour, because the vehicles Carl and Car4 considering only
their own profit. As such, they neither accelerate nor move laterally and make space
to let Car2 surpass them. Indeed, Figure 4.19a shows that Car2 and Car3 cannot
achieve their desired speeds, and instead showcase oscillatory behavior in terms of
longitudinal speed. While they attempt to increase speed, they always slow down
again due to the slower vehicle Carl in front. Figure 4.20a shows that although Car3
initially drives to the left of the road to surpass Car1, Car4 in the right does not allow
it to make a move to the right, therefore it cannot surpass Carl considering the road
boundary.

180
350 { —— Car 1,des_speed = 28m/s —— Car 1,des_speed = 28m/s
—— Car 2,des_speed = 35m/s 160 1 — Car 2,des_speed = 35m/s
325 1 — Car 3,des_speed = 33m/s —— Car 3,des_speed = 33m/s
—— Car 4,des_speed = 29m/s —— Car 4.des_speed = 29m/s

140

120

100 4

804

Longitudinal positions (m)
N
&
3

Longitudinal positions (m)

604

40

204
6 7 8 9 10 11 1 2 3 4 5
Time (s) Time (s)

(A) MCTS case (B) Multiagent case
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The results of the experiment of the FV-MCTS with max-plus implementation on
the other hand, showed that this situation can be tackled appropriately by collabora-
tion between the vehicles. Figure 4.18b shows that Carl moves to the right in order
to let Car2 and Car3 surpass them. In a later stage, in Figure 4.17b it can be seen that
after about 7 seconds in the simulation, Car4 goes behind them at the left side of the
road, as far away as possible from the vehicle with similar speed, Car1.
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This is another example, similar to the example of the scenario 2, showing that
we have more desireable behavior with the FV-MCTS algorithm for the task of plan-
ning in a lane-free vehicular traffic scenario compared to the plain MCTS algorithm.
This specific scenario imposes a situation that collaboration between agents is not
only desirable, but also critical for achieving satisfying results, something that can
be tackled better with FV-MCTS. In this experiment for example, Carl and Car4 col-
laborate between them and with the rest of the vehicles, to take actions that benefit
the total utility of all vehicles instead of acting selfishly.

4.4 Discussion

The single-agent approach has very good results in scenarios where the vehicle ca-
pacity of the traffic scenario exceeds the capacity of lane-based scenarios, with a
noticeable though small impact in traffic safety. The effectiveness of the algorithm
increases when more simulations are run and bigger trees are created, with a decline
in performance in traffic capacities larger than the largest traffic capacity of compa-
rable lane-based traffic scenarios.

One key characteristic of the MCTS, that according to the results of the experi-
ments is suitable for lane-free traffic settings, is that it can perform very well in many
different scenarios and can adapt its behaviour to different vehicular traffic capaci-
ties. The vehicles are faster in traffic settings with low capacities and more careful in
traffic setting with higher capacities, a behaviour that the algorithm exhibits by itself
and has not been modelled in advance. The saturation in performance comes when
the traffic capacity is so high that there are no suitable actions that would avoid col-
lisions and achieve the desired speed at the same time. The saturation point, the
capacity above which the performance of the algorithm is getting worse, in terms of
average delay and average deviation from the desired speed, can be improved by
inserting a wider range of discrete available actions than the 21 that we have in the
experiments. However, this would lead to a larger decision time for every vehicle.

The multi-agent scenarios, showed that the FV-MCTS algorithm potential colli-
sion avoidance is great and can provide better results from the single-agent approach
in specific difficult scenarios. The agents in this formulation, avoid collisions and ob-
stacles in a smart way, in cases where the single-agent approach cannot avoid them,
not only by forcing themselves away from each other, but also by communicating
their intentions and taking other vehicles” intentions into consideration. In the multi-
agent algorithm where the vehicles communicate their intentions, the vehicles don’t
blindly take actions by estimating other vehicles positions and velocities, but also
consider the impact of these actions in the relations between them and the other ve-
hicles. If a considered action of the vehicle could worsen other vehicles’ state, either
by increasing their probability of collision or by making them not achieving their
desire speeds, this action is considered as less desired. This behaviour is making the
FV-MCTS with maxplus algorithm worth further investigation in the domain, since
the performance of the multiagent variant in very high capacity scenarios was not
examined in this thesis.
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Chapter 5

Conclusions and future work

Two existing algorithms where adapted for trajectory planning in a lane-free traf-
fic environment. For the first algorithm, the well known Monte Carlo Tree Search
(MCTS) algorithm, the experimental results were very promising and showed a
great potential for probabilistic planning algorithms in the domain, both in terms
of safety and desired travelling.

For the second algorithm, the collaborative multiagent nature of the lane-free ve-
hicular traffic environment was taken into consideration, together with the anytime-
time planning of the MCTS. The experiments showed that for certain situations
where the MCTS algorithm cannot deliver satisfying results, a Multiagent approach
based on it can provide better solutions. Although the experimental results were
promising, the experimental evaluation of this approach was not thorough enough
and more investigation must be done in future work towards improving the com-
putational effort of the approach.

5.1 Future Work

The lane-free traffic setting is a novel paradigm, therefore a detailed comparison of
the existing works and this work could provide some very interesting conclusions
about the nature of the domain and the possible directions of future work, regard-
ing it. For example, the effectiveness of other Monte Carlo based methods could
be investigated together with this work and give a measure of the impact of these
methods in the domain.

In the context of trajectory planning, there are several sophisticated planning
methods or MCTS based alternatives that could be adapted for trajectory planning
in lane-free traffic environments. A combination of MCTS and machine learning
could provide trajectory prediction of other vehicles, like the one proposed in the
game Hex [17]. Moreover, a hierarchical Monte Carlo tree search approach [47] could
provide a way to effectively search in very large state spaces which would allow us
to adapt a bigger actions space.

In the context of MMDP environments in general, many interesting ideas could
be adapted for the domain. Specifically, our work in MMDP requires a predefined
coordination graph to be solved. An interesting extension would be an approach
that dynamically learns the coordination graph via interaction with the lane-free
model [28]. This approach would potentially provide a framework suitable for a
wide range of lane-free scenarios, like complex routes and extremely dense traf-
fics, cases when our approach is insufficient. However, learning the coordination
graph itself would pose a bottleneck for large-scale simulations, but we believe it
is a worthwhile investigation, especially in scenarios as the ones examined in this
work.
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Other interesting MMDP approaches with decomposition of the global reward
function Q(s,a) could be adapted for the problem. An interesting direction in the
aforementioned framework would be the investigation of algorithms involving learn-
ing the reward function, like learning deep coordination graphs [5] or sparse coop-
erative Q-Learning [39] for the planning problem in hand and how they tackle more
complex lane-free traffic situations. Finally, a more comprehensive study of the im-
pact of the exploration terms to the max-plus convergence could help us better un-
derstand the complexity of a multiagent lane-free traffic environment [10].
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