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Abstract

Path Influenced Environments (PIEs) are a novel class of pathfinding prob-
lems in which an agent alters the environment by moving obstacles, making
its structure dependent on the taken path. In this thesis, we want to address
a roundtrip problem in PIEs, where an agent must travel from a designated
starting point to a waypoint and back. This extension of pathfinding in these
environments was not yet studied and poses an interesting challenge. Here two
objectives will be minimized at the same time, which are path length and the
total weight shifted along the path, which makes this a multi-objective prob-
lem. A Monte Carlo Tree Search approach is proposed by us, featuring multiple
tree traversal strategies (UCBI1, hypervolume based, crowding distance based
and a novel adaptive epsilon archiving based approach) as well as three roll-
out methods (light, heavy distance and weight based, heavy square sampling
based). As a baseline we introduce a novel two-phase A* pipeline, which is
able to approximate a Pareto front of paths for the formulated problem. Ex-
periments were conducted across four different environments which each were
generated as a 35 x 35 and 50 x 50 two-dimensional grid. Results show that
the two-phase A* consistently outperformed MCTS across all possible configu-
rations, producing Pareto fronts with multiple solutions and of higher quality.
Among the different configurations that were tested for the MCTS approach,
crowding distance and hypervolume based tree selection performed best and
UCB selection performed worst in all environments. The analysis of the results
also revealed that the used mechanisms to simulate child nodes do not have
a significant impact on the quality of the results, making the tree selection
mechanisms the driving factor.
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1 Introduction

Pathfinding has seen a rise in scientific interest in recent times, with a new
algorithm finally beating the runtime complexity of Dijkstra [12]. The authors
of this paper did not give a name to this algorithm but describe it as a com-
bination of Dijkstra [11] and Bellman-Ford [5]. While this new algorithm is
only applicable under specific circumstances, the interest that it invoked in the
field shows that pathfinding in general is still a very important and influential
topic in the world of computer science [37|[1]. Most approaches to pathfinding
are used in environments with mostly static and immovable obstacles. There
are approaches for dynamic obstacles, i.e. in robotics, but they focus more
on obstacle avoidance [2||25][27]. This is intuitive, since the primary objective
in most scenarios is to reach the goal via the most direct path while avoiding
any obstacles that can hinder progress. To illustrate this, consider a scenario
where the direct route between two cities is obstructed by an accident. Here,
the objective is not to move or remove the damaged vehicles, but to rather
avoid this path and take a less direct but free route around it. While these
situations are more common, there are also scenarios where we wish to move
the obstacles, instead of avoiding them. The first thing that comes to mind
for these kinds of scenarios is a snowplow. As a primary objective snowplows
need to clear snow from the road, making it easier and, most importantly,
safer for other vehicles to travel. Another example is terrain leveling, where
large amounts of material are moved to achieve a flat surface, enabling the
construction of i.e. a road that more directly connects two locations. What
these tasks have in common are that dynamic obstacles are moved around and
also in some form combined with each other. In the case of the snowplow,
snow is stacked onto other snow, which creates a new and heavier obstacle,
that in turn would need more energy to be moved again. The same applies
for terrain leveling since the material that is moved can also be placed on
top of each other, creating a similar situation. Furthermore, the path that is
taken while moving the obstacles has a great impact on the overall energy and
effort that needs to be spent to achieve the desired outcome. When explor-
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ing this problem, it becomes apparent that the length of the chosen path and
also the amount of energy spent to move obstacles while taking this path are
both objectives to be considered, which makes this a multi-objective problem.
The environments in which these pathfinding problems take place are known
as so-called "Path Influenced Environments". While a less coarse description
is provided in the related work chapter, these environments can be thought
of as containing mostly dynamic obstacles that an agent can move to create
a new path and in doing so, stacking or merging obstacles, which results in
heavier or denser ones. These new obstacles then take more energy to move
again. The crux of these environments is, that each move has the possibility
to create a new optimal path through the environment, that minimizes both
the length of the path and the energy it takes to create it. Of course there can
also be multiple paths with different tradeoffs between the objectives, which
is in the nature of multi-objective problems. What this thesis aims for is to
create a new approach to solving these kids of pathfinding problems efficiently
by applying Monte Carlo Tree Search [28| to them. For the purpose of this
thesis, we can say that MCTS consists of four main components, which are
the tree traversal or tree selection, root selection, simulation strategies and
backpropagation. In this context, tree traversal/selection determines which
nodes are visited when traversing the tree from the current root to a new leaf
node, root selection determines which child of the current root becomes the
next root, and the simulation strategy defines how a newly created leaf node is
simulated. Backpropagation updates the values of nodes whenever a new child
node is generated in a subtree, ensuring that each node reflects the quality
of its subtrees. While this is only a superficial depiction of a Monte Carlo
Tree Search algorithm, it suffices to describe which different parts we want to
experiment with in this thesis. We want to figure out how different tree traver-
sal strategies like UCBI1, a crowding distance based and a hypervolume based
strategy would perform when applied to pathfinding in PIEs. Furthermore,
we want to gain insight on how these traversal strategies work in combination
with rollout methods that use random moves, as well as those that use heuris-
tics to decide what their next move should be. For the root selection, we will
only use a hypervolume based technique, since more combinations that need
evaluation would exceed the scope of this work. As a baseline we propose a
two-phase A* approach, since vanilla A* [16] is a well established path finding
algorithm, that can be easily adapted to the problem at hand. Our research
questions and hypothesis for this thesis are as follows:




1. RQ1: Can MCTS be used for pathfinding in path influenced environ-
ments?
Hy: MCTS cannot solve pathfinding problems in PIEs, even when
adapted to the specific demands of the problem.
H;: MCTS can solve pathfinding problems in PIEs, provided it is ade-
quately adapted to the specific demands of the problem.

2. RQ2: Which algorithm performs better on these problems, two phase
A* or MCTS?
Hy: There is no significant difference in performance between MCTS and
the two phase A* approach on PIE pathfinding problems.
H;: MCTS outperforms the two phase A* approach on PIE pathfinding
problems due to its simulation capabilities, which allow it to more accu-
rately predict good paths.
Hj: The two phase A* approach outperforms MCTS on PIE pathfinding
problems, as the deterministic nature of its components allows it to more
reliably find optimal paths.

3. RQ3: Which combination of MCTS mechanisms produces the best re-
sults?
Hy: There is no significant difference in performance among the various
combinations of MCTS mechanisms.
H;: There is a significant difference in performance among the various
combinations of MCTS mechanisms.

Having formulated the research questions and hypotheses, the thesis proceeds
with a related work chapter covering concepts relevant to this thesis, fol-
lowed by a methodology chapter presenting a problem description, the adapted
Monte Carlo Tree Search algorithm, the two-phase A* approach, and the ex-
perimental setup. The results chapter then evaluates the outputs of both
approaches independently, compares the different MCTS configurations, and
concludes with a direct comparison of both algorithms in terms of their found
optimal solutions. Afterwards we are going to summarize the results of the
experiments and answer the presented research questions, and also present an
outlook on possible future work.







2 Related Work

In this chapter, we will discuss all the concepts that are necessary to understand
what we want to do in this thesis. This chapter covers the concept itself,
existing works on path influenced environments, as well as Monte Carlo Tree
Search and multi-objective A*. Furthermore, we will cover the concepts of
Pareto dominance, crowding distance, hypervolume, and epsilon grid archiving,
as all of these will be applied later on.

2.1 Path Influenced Environments

This first section of this chapter will focus on the available published re-
search on Path Influenced Environments. Here we will describe what PIEs are
and what the main approaches on solving pathfinding in these environments
were. In the introduction we already stated that Path Influenced Environ-
ments (PIEs) are a relatively novel field of research, which is still evolving. At
the time of writing, the literature on PIEs remains limited, with only three
published works being currently available. As the two papers and bachelor
thesis discussed afterward describe PIEs in a general sense, we want to start
by also giving such a description ourselves. Path Influenced Environments are
environments in which an agent alters its surroundings through movement,
typically by moving obstacles out of its path, such that the state of the en-
vironment depends on the path taken. The first published paper regarding
this topic was authored by Heise et al. [17]. In this paper, PIEs were first
mentioned as environments that change in correspondence to the taken path,
and this in turn affects the objective values. It is also notable that the au-
thors differentiated between pathfinding and path paving. As an example,
Heise et al. mention railroad construction for path paving and needle inser-
tion into the human body for pathfinding. Both share the core objectives of
traditional pathfinding, namely finding the shortest path with minimal energy
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consumption. However, they differ from traditional pathfinding in that the
latter disregards the agent’s effect on the surrounding environment. The main
contribution of this paper was to introduce Path Influenced Environments as
a new benchmarking framework for pathfinding algorithms, in which the goal
is to be as minimally invasive to an environment as possible [17]. It has to be
noted here, that the topic of pathfinding in PIEs was only introduced here,
but no optimization approaches were actually employed. The second work
that can be found regarding this topic is Speidel’s bachelor thesis [33]. In his
thesis, he tested the pathfinding capabilities of an adapted A* algorithm as a
baseline against a mutation only evolutionary algorithm in these environments.
For a definition of evolutionary algorithms, we can refer to Bartz-Beielstein et
al. who stated that evolutionary algorithm is used as an umbrella term that
describes population based algorithms with stochastic components that mimic
natural evolution [4]. This high-level characterization suffices here, as evolu-
tionary algorithms are not the central focus of this thesis. Speidel found in his
thesis that an adapted A* algorithm and the evolutionary approach were able
to solve the pathfinding problem in PIEs. Furthermore, he found that the A*
approach produced better results than the evolutionary algorithm in three out
of four scenarios with one tie. This finding is valuable since we will later also
explain A* in detail, as well as propose a new algorithmic A* pipeline that
should be able to solve the problem at hand reliably and with a high solution
quality. The most recent work on this topic by Niibel et al. [30] compares sev-
eral state-of-the-art multi-objective evolutionary algorithms, namely NSGA-II,
NSGA-III, R-NSGA-II, DNSGA2, AGE-MOEA, SPEA-IT and SMS-EMOA, in
terms of their ability to produce solutions for PIE pathfinding problems. Here
the concept of PIEs is described as "... every time an agent takes a step in the
environment, and there is an obstacle blocking its path, it changes this envi-
ronment by moving the obstacle out of its path. This way, the environment
dynamically changes while the agent is moving." [30]. In the performed exper-
iments, all algorithms were tested in three different environments, the radial-
gradient-, sinusoidal-, and meandering-river-environment. This is significant
for this thesis since this paper is the only one, besides Speidel’s bachelor the-
sis, that reported empirical experiments in path influenced environments, and
thus two of these three environments will be reused for the experiments that
are performed in this thesis. Furthermore, the authors tested various different
shifting methods for obstacles that were encountered along the path through
each environment. The objectives that were optimized during the experiments
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were the path length, as well as the weight that was shifted along the path.
Results indicated that all algorithms were able to generate a non dominated
set, but the quality of the obtained solutions varied based on the chosen shift-
ing method. This leads to the conclusion that the way in which obstacles are
shifted has a large influence on the overall quality of the path. As a summary
for all three works, we can state that Heise et al. first introduced the concept
of Path Influenced Environments, Speidel created a baseline with the adapted
A*, while Niibel et al. focused on evolutionary algorithms as a way to solve
this newly proposed class of problems. This highlights the novelty and the
ongoing methodological progress in the field. It is notable that the only ap-
proaches that were taken are EA’s and A* which leaves many non-evolutionary
methods like Monte Carlo Tree Search unexplored. This raises the question
on how these non-evolutionary approaches would perform in PIEs.

2.2 Problem Classification

Now that we know what Path Influenced Environments are, we can discuss
where to place this novel problem among the existing pathfinding literature.
For this purpose, we are going to look at the related work section of Niibel et
al., since the authors already included a classification of pathfinding problems
[30]. According to the authors, these problems can be classified using differ-
ent categories with the first one mentioned being the representation of the
environment. Here they distinguish between grid based problems and graph
based problems. In Peter Yap’s work "Grid-Based Path-Finding", which was
published in 2002, he describes grid based pathfinding problems as overlaying
a discrete grid on a continuous space [39]. Furthermore, Yap states that this
overlaying enables the usage of graph search algorithms like A* [16] to solve
these kinds of problems. Graph based problems on the other hand were defined
by Laparra as pathfinding on graphs that consist of vertices, which represent
different positions, and weighted edges, where the weight acts as movement
cost [22]. Tt could be argued that grid based problems are a sub-category of
graph based problems since every grid based problem could be represented as
a graph, where cells are nodes in the graph which are connected to the neigh-
boring nodes/cells by vertices. Niibel et al. continue by using the type of the
environment as a category for classification [30]. Here the authors differentiate
between static and dynamic environments. In static environments, obstacles
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are fixed and do not change [26], while in dynamic environments include static
and moving obstacles [19]. The next category named by Niibel et al. is the
environment’s behavior which can be either deterministic or stochastic [30].
Skrynnik et al. describe stochastic environments as those where obstacles ap-
pear and disappear at random moments in time [32] and thus deterministic
environments can be described by the absence of such random events. For
the last two categories, Niibel et al. [30] refer to the number of agents and
the number of objectives. They differentiate between single and multiagent as
well as between single, multi and many objective problems. Single objective
problems are those, where only one objective needs to be optimized [10], while
in multi objective problems, we need to optimize multiple objective functions
at the same time [14]. The same as for multi objective problems can be said
for many objective problems, since in both one optimizes multiple objectives,
but many objective problems specifically describe problems with four or more
objectives according to Li et al. [24]. With these categories established, the
roundtrip problem in Path Influenced Environments, which we want to solve in
this thesis, can now be classified. The environment is grid-based with dynamic
obstacles, as these can be moved by the agent, and its behavior is determin-
istic since no random changes occur. In terms of agents and objectives, the
problem is a single-agent multi-objective one, as the goal is to simultaneously
minimize both step count and weight shifted along the path. While we are
able to classify the problem using these categories, as stated by Niibel et al.
[30], none of the known pathfinding problems known besides the one at hand
considers how the environment is influenced by the taken path. This empha-
sizes the novelty of the problem itself, especially since no research exists for
the roundtrip extension of the base pathfinding problem.

2.3 Monte Carlo Tree Search

In this section, we will describe the concept of Monte Carlo Tree Search. We
will start with the Monte Carlo Method which is the conceptual basis for the
algorithm itself. Furthermore, the algorithm and its origins will be discussed,
as well as UCBI1, which is a commonly applied mechanism in MCTS.




2.3 Monte Carlo Tree Search

2.3.1 Monte Carlo Method

We begin with the Monte Carlo Method, which, as the name suggests, forms
the foundation of the Monte Carlo Tree Search. The first mention of this
method was made by Metropolis et al. in 1994 [28]. In their paper, the au-
thors described that certain types of equations, i.e. differential equations of
a certain complexity, are impractical when employing analytical methods to
solve them. As one practical example, the authors mention the study of cos-
mic rays. In their example a particle with great energy enters the atmosphere,
in turn producing a chain reaction of smaller nuclear events in which new
particles are produced that then also produce new particles through further
reactions until there is not enough energy to set of new reactions. This problem
is very complicated to model mathematically since we have many interacting
parts that can potentially influence each other, i.e. the concrete amount of
energy or the direction of the particle movement. To solve that, the authors
propose that instead of completely modeling the example scenario or analyti-
cally compute the solutions for very complex equations, this could be solved by
statistical sampling. For this approach, the system is modeled as a stochastic
process, where then samples of events are generated from random numbers in a
uniform distribution. It is emphasized by the authors that by using statistical
sampling instead of analytically solving the problem, they avoid for example
multiple integrations and instead sample a single chain of events. This is then
repeated iteratively until numerous of these event chains are generated and
from here statistical analysis yields i.e. expectations, probabilities of events or
distributions.

2.3.2 Monte Carlo Tree Search Algorithm

After having explained the core concept, we can now proceed to describing
Monte Carlo Tree Search. This algorithm was created by Rémi Coulom and
introduced at the 5th international Computer and Games Conference in 2006
[8]. The author opens by noting that the traditional approach of alpha-beta
search with a heuristic position evaluator produced strong results in two-player
zero-sum games with perfect information, but proved ineffective for the game
of Go. He attributes this, among other difficulties, to the challenge of creating
an accurate static position evaluator, due to the game of Go having an in-
credibly large search space. Coulom continues with a mention of Monte Carlo
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evaluation, that fits the dynamic nature of Go positions, and that the accuracy
of this method can be improved by combining it with tree search. The author
then describes, that Monte Carlo Tree Search works by iteratively running
random simulations from the root of the tree. Each node therefore represents
a game state and each edge a possible move to perform in that game state.
The value of a node in his example is tied to the score of the game that is
being played. Nodes in the tree also count how often they were visited during
the random game simulations. If a node has already been visited, a new action
is sampled from that position, provided it does not already exist as an edge to
a child node. The values of newly created nodes are then propagated back up
the tree, such that each ancestor node reflects the quality of its corresponding
subtree. While Coulom also provides mathematical formulas which describe
how values are propagated through the tree and how nodes are selected until
a new one is created, these will not be discussed in detail here, as the focus
later in this section will be on the state-of-the-art methods used today. A
more formalized and concise description of Monte Carlo Tree search was given
by Chaslot et al. during the Computers and Games Conference 2008 [7]. In
this paper, the authors presented a graphic (Fig. 1. Scheme of Monte-Carlo
Tree Search [7]) in which they described the algorithm as follows. At first, a
selection function is applied recursively until a node with no children is found.
After that, the expansion takes place where one or more children of this node
are created. This is then followed by a simulation of the game from the newly
created node as the starting point using a specific simulation strategy. The
result of this game is then propagated back up the tree and the whole pro-
cess is repeated X times, where X represents a budget. This budget here is
described as a predefined amount of time. After this budget is used up, the
most promising child node of the root is chosen as the next move to be played
and in turn, this child becomes the new root node of the tree. This is then
repeated until the game concludes. For the purpose of this thesis, this more
accurately reflects the MCTS version, that we plan on using.

Upper Confidence Bound 1

A commonly used technique for the selection of nodes while traversing the
search tree is the Upper Confidence Bound 1. Such a selection function/policy
is used to traverse the game tree from the root to a so-called leaf node, meaning
a node that itself has no children. There are many functions that can be

10
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employed to select the nodes throughout the tree, but the Upper Confidence
Bound function is one of the more popular choices and was first introduced
by Auer et al. in 2002 [3|. Auer et al. proposed this function as a solution
to the exploitation vs. exploration dilemma in reinforcement learning. This
dilemma consists of balancing exploration as a way to find new profitable
actions and exploitation of the best currently known action, i.e. the action
that is currently known to yield the highest reward. The authors refer to the
multi-armed bandit problem as an instance of this problem. Specifically, the
K-armed bandit problem is mentioned where we have K gambling machines.
These machines each yield a reward which depends on the order in which they
are played. The goal is to maximize the cumulative reward by optimizing the
playing order. According to the authors, the different rewards are identically
distributed and independent of one another. Auer et al. describe that a policy
in this case is an algorithm that chooses the next machine to be played. This
algorithm chooses based on the plays made and rewards obtained in the past.
Another crucial concept proposed here is regret. Regret, as described by the
authors, is the expected loss due to the fact the policy does not always play the
best machine to facilitate exploration. In an attempt to minimize regret, UCB1
is introduced and sketched as follows. For the initialization each machine is
played once, and then we enter a loop in which we play a machine j that
maximizes

21
UCBvalue = jj + el

1

where Z; is the average reward of machine j, n; is the number of times j
has been played so far and n is the overall number of plays that occurred
up to this point [3]. Furthermore, the authors have shown that this strategy
achieved logarithmic regret uniformly over n without prior knowledge about
the distribution of rewards. The concept of UCB1 can be applied to Monte
Carlo Tree Search as, in this context, a child node is chosen using the highest
UCBI value (assuming you want to maximize the score) among the available
child nodes. For the formula Z; is the averaged score of child node j that is
either its raw value when j has no child nodes itself or the averaged value of
J’s subtrees. Furthermore, n; is the number of times node j has been visited
and n refers to the total visits of j’s parent node. Since it is a commonly used
concept, we will employ an adapted version of UCBI in this thesis as a tree
selection strategy.

11



2 Related Work

2.4 A*

Since we have finished explaining all necessary concepts for the MCTS algo-
rithm, we will continue with A*, since it will be a part of the second algorithmic
pipeline presented in this thesis. The base concept for this algorithm was in-
troduced in 1986 by Hart et al. [16]. In this paper, the authors focus on
finding the minimal cost path through a given graph. As an example, a set
of cities with different paths connecting the cities to each other is given. The
objective is to find a path through a network of connected cities from a start
to a goal city. This is similar to the commonly discussed Traveling Salesman
Problem, in which a salesman wants to visit each town in a given set exactly
once, starting at and returning to his hometown, where the objective is to find
the shortest path for this trip [20]. Furthermore, in the paper of Hart et al.
[16] it is mentioned that this algorithm makes use of special knowledge. In
their example, this would mean that the shortest distance between the start
and the goal can not be shorter than, i.e. the airline distance, assuming this
metric is known. The authors differentiate the approaches for solving these
kinds of problems in two categories, either being mathematical or heuristic
in nature. It is further specified that mathematical approaches are primar-
ily concerned with finding solutions within the computational limits of the
developed algorithm, whereas heuristic approaches leverage problem-specific
knowledge to improve computational efficiency. Hart et al. want to combine
these two different approaches to problem-solving by incorporating the special
knowledge into a formal mathematical approach. To explain the algorithm in
greater detail, we need to explain what expanding a node means in this con-
text. The authors mention that expanding a node in a graph is done by using a
succession operator, which generates a part of the sub-graph. In a grid world,
this would for example mean that we look at the neighboring cells of the cell
we want to expand. Hart et al. describe that we keep track of the minimum
cost path from the starting point to each expanded node while also keeping a
reference of the predecessor to that node. This is done so eventually, when we
reach the goal node, the path can be reconstructed by reiterating through the
predecessor nodes. Furthermore, for A* the authors remark that to expand
as few nodes as possible the algorithm must make informed decisions on what
node to expand next, since if nodes that can not be the optimal path are ex-
panded, it is a waste of effort. But it is also possible that this can fail to find
a path, which has to be taken a consideration. Hart et al. propose the usage
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of an evaluation function f(n) that can be calculated for every node n and use
that function in a way that the node with the smallest value for f should be
expanded next. This f value is generally a combination of the actual objective
costs, i.e. how much did it cost us to get up to this point and the heuristic
costs that tries to estimate how much it will cost us to get from the current
state to the goal.

Require: start node s, goal set T', successor operator ', evaluation function
f
Ensure: optimal path from s to some n € T
1: Mark s as open
2: Compute f(s)
3: while true do

4: Select the open node n with smallest f(n) > ties resolved arbitrarily,
but in favor of n € T

5 if n € T then

6 Mark n as closed

7: return optimal path from s to n

8 end if

9 Mark n as closed

10: Apply T' to n to obtain successors nq, ..., n

11: for all successors n; of n do

12: Compute f(n;)

13: if n; is not marked closed then

14: Mark n; as open

15: else if f(n;) is smaller than when n; was marked closed then

16: Mark n; as open > re-open n; (optional: update parent / costs
here)

17: end if

18: end for

19: end while

Algorithm 1: Search Algorithm A*

Algorithm 19 shows how the authors describe the algorithm in their paper.
What this algorithm does not show is how the proposed evaluation function
f(n) works. Hartman et al. defined f(n) = g(n)+ h(n), where, g(n) describes
the distance from the start node s to the current node n and h(n) as the
heuristic cost from current node n to the goal node a. This is an example
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of what was already mentioned earlier with f being a combination of actual
objective costs and heuristic costs. Furthermore, the authors have proven the
optimality of A* in this paper mathematically, showing that this algorithm
always finds the optimal path from start to goal and under the assumption
that tie breaks, where nodes have the same f value as each other, are always
resolved in the same deterministic way. Since the research field of pathfinding
in Path Influenced Environments currently lacks a deterministic method for
finding optimal paths, this algorithmic concept will later be utilized to propose
a pipeline that may serve as such an approach. Nevertheless, it has to be stated
that we do not proof or disprove if the algorithmic pipeline that we are going
to propose is deterministic.

2.5 Manhattan Distance

After discussing both concepts that we want to focus on in this thesis, we now
will start to explain concepts, metrics and techniques that are utilized in this
thesis. For all distance measures from here on out, we employ the so-called
Manhattan distance. According to Thompson et al. the Manhattan distance
or "taxicab metric" is defined as

d((w1,y1), (T2, 92)) = |11 — 22| + Y1 — 12

where 1, y; and x5, Y5 the coordinates of the two points for which the distance
is to be calculated [34]. The authors describe that "taxicab geometry" results
from the same concept as the Manhattan distance. For this geometry, it is
assumed that we have a perfect city with all roads being either horizontal or
parallel. As a consequence of this, we can not compute an accurate distance
using the Euclidean distance, since it would ignore the layout of the roads and
act more as a distance via air travel. This is solved by the Manhattan /Taxicab
distance, since the layout of the roads is taken into consideration in the formula.
Furthermore, this example of a road network can be abstracted to a graph with
only horizontal and vertical edges or simply a grid, which is what we use in
this thesis to simulate the environments.
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2.6 Multi-Objective Optimization Concepts

In this section, we want to discuss multiple concepts that are related to the
topic of multi-objective problems. Multi-objective problems, as defined by
Miettinen [29], involve the simultaneous optimization of multiple objective
functions, in contrast to single-objective problems which optimize only one. A
solid understanding of the concepts of Pareto dominance, crowding distance,
hypervolume, epsilon domination, and adaptive epsilon archiving is essential
for following the contributions of this thesis.

2.6.1 Pareto Dominance

The first and most important concept is Pareto dominance. In single objective
optimization problems, we only have one objective value that needs to be op-
timized, as was already mentioned. This makes it a fairly simple endeavor to
determine whether one solution is better than another, which can be accom-
plished by applying the proper operator to the two values. For maximization
problems this would be ">’ since larger values are preferred. Analogous to
that for minimization problems ’<’ is used. This is not as simple for multi-
objective problems. Here we have more than one objective which needs to
be optimized simultaneously, and this makes it difficult to determine which
solutions are better in comparison to others. For these situations the concept
of Pareto dominance is applied. Mark Voorneveld described the concept of
Pareto dominance as such that a solution x dominates another solution y if
z; < y; for all i with one i being unequal between = and y [36]. Applied to
minimization, x dominates y when all objective values of x are less than or
equal to those of y, with at least one being strictly less. Solutions that are not
Pareto dominated by others are so-called Pareto optimal solutions. In most
multi-objective optimization problems, there will be more than one of these
non-dominated solutions, and the set of those solutions is called a Pareto front.
Furthermore, if there is more than one Pareto optimal solution, each solution
represents a different objective tradeoff.
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2.6.2 Crowding Distance

Now that we have discussed what Pareto optimal solutions and Pareto fronts
are, we can come to mechanisms that operate on these fronts. In some cases
for example, a mechanism is needed to select one or multiple solutions from
the Pareto front itself. This task can prove to be difficult since, per definition
and as already mentioned, all members of the Pareto front are non-dominated
by other solutions and thus each represent a desirable tradeoff between the
objectives that have to be optimized. One approach to accomplish such a
selection is the so-called Crowding Distance (CD). Deb et al. used this operator
to estimate how many solutions are in the neighborhood of another solution
[9]. In general, this concept is defined as the average distance between one
solution and its two nearest solutions along each objective. The authors used
this operator in an evolutionary algorithm to select solutions for the next
generation from the Pareto front. Crowding Distance was used in this context
since for an evolutionary algorithm, it is important to keep diversity in its
solutions to not prematurely converge towards a local optimum. In other
words, Crowding Distance is used as a diversity preservation method. When
we are faced with a Pareto front of some sort, members can be clustered
in certain areas with outliers further away. It would not be meaningful to
retain all clustered solutions when selecting from this Pareto front, as they are
assumed to offer little variation between them. A better approach would be to
calculate the Crowding Distance for each member and then take those solutions
that have the largest CD, since this ensures, that the selected solutions are not
too similar to each other, preserving diversity. As mentioned, the CD is defined
as the average distance between one solution and its two nearest solutions along
each objective, which leads to the question, what happens with solutions that
do not have two neighbors. These solutions are given the maximum crowding
distance in this case, since these are known as boundary solutions and when
ensuring that these solutions are selected every time, we prevent the Pareto
front from "shrinking" inward.

2.6.3 Hypervolume

Another concept that is often used when speaking about Pareto fronts is the
so-called hypervolume or hypervolume indicator. Shang et al. describe the
hypervolume (HV) as a performance indicator for a set of solutions obtained
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by an evolutionary multi-objective algorithm [31]. The concept revolves around
setting a reference point that is typically not part of the Pareto front, after
which the area between the Pareto front members and this reference point is
measured. According to Shang et al. the bigger the hypervolume of a given
set of solutions in comparison with others using the same reference point the
better.

£2
A

P 1

Figure 2.1: Graphic Representation of the Hypervolume Indicator

In figure 2.1 you can see a graphic illustration of the HV. The red dots in
this graphic are members of the Pareto front for a minimization problem with
objectives f1 and f2 with the blue dot being the reference point. These
together then form the gray area, which indicates the hypervolume of this
point configuration. Furthermore, the authors define the HV as

HV(A;r) = L({J®la=b=r)

acA

where A represents a set of points, r is the reference point and £ describes
the Lebesgue measure. Note that in the paper of Shang et al., this concept is
applied to a maximization problem, hence the >. For a minimization problem,
this has to be changed to =, since it denotes the domination relationship
between the reference point and the Pareto front. Keeping that in mind,
the authors also describe another important concept, being the hypervolume
contribution. As the name suggests, this is a measure for each individual point
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of the Pareto front that indicates, how much each point contributed to the HV.
Shang et al. denote that this contribution is calculated as

HVC(p,A,r) = HV(AU{p},r) — HV(A\ {p}.r)

This can be explained as subtracting the HV of the point set A without the
point p (the point for which we want to compute the HV contribution) from
the hypervolume of the whole point set, including p. To summarize, given two
Pareto sets that are evaluated with the same reference point, the set with the
larger hypervolume is considered superior. The HV contribution of a single
solution determines its individual importance by measuring the decrease in
HV when that solution is removed from the set.

2.6.4 Epsilon Domination

We have now discussed two concepts that are applied to a Pareto front that
is found using Pareto dominance. This is only one possible domination cri-
teria. Since dominance itself can be defined differently, it is only natural,
that different dominance criteria and methods exist. One of these methods
is the so called ¢ domination. This concept was introduced by Laumanns et
al. in 2002 [23]. In this paper, the authors use ¢ domination in the context
of multi-objective evolutionary algorithms, to overcome the problem of those
algorithms not having a proof of convergence to the real Pareto set. Here the
"real" Pareto set refers to the set of definitive optimal solutions to a problem.
Normally, evolutionary algorithms only approximate the Pareto set and those
approximated sets are not always equal to the true Pareto set. In their work,
Laumanns et al. define ¢ dominance as f e-dominating g for some € > 0 if
for all objective values i (1 + €)f; > g;. Rather than comparing raw objective
values between candidates using the > or < operators as in Pareto dominance,
the objective values of one solution vector are multiplied by a factor > 1 prior
to comparison. This allows nearly identical solutions to dominate one another
even when standard Pareto dominance would not, resulting in smaller yet more
diverse Pareto fronts. The fronts are more diverse in this case, since, with this
concept, very similar solutions are basically treated as equal, which leads to
one them dominating one another so that only one of the similar solutions is
kept. That keeps the front smaller and stable.
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2.6.5 Epsilon Grid Archiving

In the same paper that we used as a reference for epsilon domination, Lau-
manns et al. describe an adjacent concept that works on two levels [23]. On
the first level, their approach discretizes the search space by dividing it into
"boxes". The Idea here according to the authors is that each member of the
set of points uniquely belongs to one box, so no point can belong to two of
these boxes at the same time. In their paper the authors did not start out
with a Pareto set of points, so they apply a generalized dominance relation to
these boxes to keep only non-dominated ones, which lets them inherently form
a Pareto front. On the second level they make sure that only one element of
the solution set per box is kept as a representative. This is enforced using a
dominance relationship between the points in each box, where only the non
dominated representative is kept. Laumanns et al. point out that this is a way
to keep the diversity of solutions while converging to the Pareto set. They also
describe an addition to this strategy where an archive of solutions can main-
tain a fixed size by dynamically adjusting the € value used for determining the
box size. This concept is known as Adaptive Epsilon Grid Archiving and will
be explained in the methodology section in more detail.

2.7 Z-Score Normalization

Since we have now discussed everything revolving around Pareto fronts that
we will need for this thesis, we now need two more elementary concepts that
are normally used in multi-objective optimization problems. The first of these
concepts is the so-called z-score normalization. A common issue when using
objective values for decision-making is that of mismatching scales between ob-
jectives, meaning that some objective values may be of a large magnitude while
others are very small. In terms of Pareto dominance or dominance criteria in
general, if we have an objective A that has this large scale and objective B
with a very small scale, "small" fluctuations in objective A’s scale can have a
larger impact on the dominance relationships, than small fluctuations on the
already small scale of objective B. This can lead to mainly objective A being
optimized while objective B is neglected. Furthermore, this can also influence
metrics like the hypervolume since the larger the scale of an objective is, the
larger the resulting HV of the Pareto front will be. To prevent this, normaliza-
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tion techniques are used and one of these techniques is aforementioned z-score
normalization. This is a widely used technique so the paper from Henderi et
al. from which the following formula is taken is a mere reference. Other ref-
erences can be found in many textbooks. Henderi et al. describe that z-score
normalization is based on the mean and standard deviation of the data itself
[18]. The formula for this normalization according to the authors is

X — Mean(X)
StdDev(X)

Xnew -

, where X, is the new normalized and X the raw objective value. In other
words, z-score normalization computes how far the current objective value is
from the mean of its distribution, with standard deviations as the unit of
measurement.

2.8 Min-Max Normalization

Another and also more elementary normalization technique is the min-max
normalization. Since this is widely known, the concept itself can be found in
many books such as the one from Han et al. [15]. The formula used for this
normalization approach is

S - - min (x)

max (x) — min (x)

where 2’ is the normalized value, x the raw value and max (z), min (z) the
respective maximum/minimum of that value that can be found among all
datapoints of the set. This approach basically scales the raw value by using
the value ranges to a range between zero and one.
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To begin this chapter, we will give an in depth description of the problem at
hand, to get a grasp on what we are actually trying to solve. Afterwards, we
will explain the A* pipeline as one approach to solving the problem, followed
by a description of our Monte Carlo Tree Search approach. This includes
a description of the algorithm itself as well as different node selection and
simulation /rollout approaches for MCTS. To finish this chapter, we will go over
the experimental setup that is used to conducted the different experiments.

3.1 Problem Definition

As stated in the introduction chapter, in this master thesis we want to navigate
Path Influenced Environments. Drawing from the works of Niibel et al. [30]
and Heise et al. [17], Path Influenced Environments can be characterized as
environments which an agent alters through its movement, typically by moving
obstacles out of its path, so that the state of the environment depends on the
path taken. The environment itself is designed as a grid, in which each cell
has a predefined weight that is based on the map generation principle and will
be a number 0 < w < 1. When w = 0 the cell will be treated as empty and
no shifting action needs to be performed when the agent moves into this cell.
Otherwise, the agent performs a shift by moving to the next cell and deciding
the direction in which the weight in that cell must be moved. More formally,
a target cell is selected and the weight w’ of the target cell will get increased
by the w leading to

/ o
Whew = Woiqg +w

In this case the weight w at the new position of the agent is then set to 0
since the weight was completely shifted into the other cell. There is no upper
limit for how dense/heavy cells can get. For both the two-phase A* pipeline
and Monte Carlo Tree Search, we will consider a von Neumann neighborhood.
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This concept was introduced by John von Neumann in 1966 in his work on
self-reproducing automata, where he defined the neighborhood of a grid cell
as consisting of the central cell and its four orthogonally adjacent neighbors:
above, right, below, and left [35]. Furthermore, agents are not always allowed
to shift the obstacle into all the von Neumann Neighborhood cells. We restrict
all movement to the boundaries of the map so the new position of the agent
and the obstacle must satisfy the following condition

0 S Lnew S dzmenvironment NO S Ynew S dimenvironment

In this thesis, we want to navigate these kinds of environments in the form
of a round-trip. This means that the path that the agent takes starts at a
predefined starting position, moves towards a waypoint until it reaches this
position, and then returns to the original starting point. While creating the
path, we want to balance two objectives, with them being the length of the
path itself (heron after this is used synonymously with "number of steps") and
the amount of weight that has to be shifted along the path. Both of these
objectives should be minimized. Being a roundtrip problem influences the
formula for the Manhattan distance, which will later be used for the MCTS
approach, since the full trip is now not only defined the distance from agent
to goal. Instead, the distance is defined as:

d— {dagent%waypoint + dwaypoz’nt—)starta if Wayponlt not visited

dagent—)sta’rta otherwise

Here we define the Manhattan distance as d and see that, as long as we have
not visited the waypoint or "turn-around-point", we add the distance between
the agent and this point to the total distance between the starting position
and the waypoint. This task itself differs from the experiments that Niibel
et al. have performed, since they only traveled to the goal and not back to
the starting position [30]. The roundtrip is what makes this problem more
complex since now the shifts should not be performed arbitrary and rather
free a path that can be used as the preferred way back to the start, since this
would avoid shifting more weight. Later on in this thesis, specifically in the
experimental setup section, we will discuss how the environments that we use
are designed and what challenges they pose.
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3.2 Monte Carlo Tree Search for Path
Influenced Environments

After gaining an understanding of the problem we want to solve in this thesis,
we will continue with explaining our chosen Monte Carlo Tree Search approach.
We will start by giving a basic explanation of the MCTS algorithm itself,
followed by an explanation of the Pareto archive that is used in this thesis.
The section will continue with discussing the node selection as well as the
simulation methods for new nodes that are used in this thesis.

3.2.1 Basic Algorithm Explanation

To explain the algorithm and how we implemented it, we want to first provide

the pseudocode shown in algorithm 2.

Require: root node, total budget, per _sim__budget,
stmulations _per child,rollout function, root__selection__ function,
tree_selection _function

Ensure: solution

1: current root <— root _node

2: solution < None

3: while not current _root.is_terminal _state() and
current _root. depth < 1500 do

4: used__stmulation__counter <— 0

5: while used _simulation _counter < total budget do

6: current _node < tree_selection _function(current root)

7: if current node # None then

8: child < current _node.expand()

9: if child # None and not child.is_terminal _state() then
10: used _simulation _counter <— used _simulation _counter +

rollout _ function(child, simulations per child,per _sim_budget)
11: end if

12: backpropagate(child, current _root)
13: else
14: used _simulation _counter < wused simulation counter +

per _sim__budget
15: end if
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16: end while

17: current _root < root__selection__ function(current _root)
18: prune_siblings(current _root)

19: if current _root.is_terminal _state() then

20: solution <— current _root

21: end if

22: end while
23: return solution

Algorithm 2: Implemented Monte Carlo Tree Search

Tree Structure

Before we start going over the different phases of the algorithm, we want
to describe what exactly the nodes and edges of the tree stand for. Each
node symbolizes a state of the environment, which includes the positions and
weights of the obstacles at this specific point in time, as well as the agent and
its collected metrics. An edge symbolizes a movement and shift combination,
so it gives us the direction in which the agent’s movement occurs and the
direction in which the obstacle at the new position would be shifted.

Figure 3.1: Parent and Children Nodes in the MCTS Tree

In figure 3.1 you can see the resulting tree structure. We have one parent, which
is given by the node with a P inside, that has several connections or edges to
children, which are marked with Cs. Each edge represents a combination of a
movement and a shifting action. In a von Neumann Neighborhood [35], this
would give us 4 - 4 = 16 possible children of a node overall, with four possible
movement directions and four directions in which to shift the obstacles. For
now, it is sufficient to state that the depth of a node equals the number of steps
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and shift operations performed. Knowing that, we impose a depth limit of 400
for the root node, meaning that if 400 steps and shifts have been performed,
and the root is not in a terminal state, the algorithm stops. In the case of a
50 x 50 environment, where the corresponding start and goal position are on
the opposite sites sharing at least one axis, this would be approx. four times
the roundtrip distance of 98. Therefore, it is reasonable to assume that 400
steps is a big enough budget to facilitate all optimal paths. When the current
root reaches a terminal state, the final path is reconstructed by tracing back
from that terminal node to the root of the search tree via parent pointers. Now
that we know the structure of the tree, we can describe the different phases
which dictate how the tree is constructed.

Initialization

We start by setting the current root to the new root _node and set the found
solution solution = None.

Selection and Expansion

While the current root is not in a terminal state or until we reach a terminal
depth of 400 we repeat the steps of MCTS in a loop. A terminal state is defined
as a state where the agent started at the specified starting position, paved its
path to the goal, collected it and then returned to the start. Inside this loop, we
set the used simulation _counter to zero with each iteration. This variable
is used to count how many total steps in simulations were done during the
rollouts. As long as this counter is smaller than the total budget we select
the current node using the specified tree selection  function. The different
functions that are used in our experiments are later explained in the selection
approaches section. These functions perform a heuristics guided traversal of
the tree from the current root, selecting either a leaf node (with no children)
or a partially expanded node. Continuing in the algorithm, when we have
found such a node with either none or not all possible children, we save it
as current_node and expand it. The expansion process consists of multiple
steps. We start by determining if there are any legal shifting and movement
combinations missing as children of current node. Such a combination is
legal, if the movement as well as the shifting results in a valid position for
agent and obstacle within the boundaries of the map. It can be the agents old
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position, since we allow the agent to shift the obstacle into all directions of
the obstacles von Neumann neighborhood. If the agent shifts the obstacle to
its old position, it can be imagined as the agent lifting the obstacle over itself.
When we find such a combination, we create a new node and save it as child.

Simulation

If this child is not in a terminal state (from which we do not want to simulate
further) and is also not None, we perform simulations per child simula-
tions from the state of the child node and each simulation gets a budget of
per _sim__budget. We do multiple simulations since most heuristics used for
these rollouts rely on randomness and with our approach we allow multiple
random rollouts to increase the probability of a good rollout being performed.
Across all simulations, we then build a Pareto front of the best results and
choose in most cases semi randomly, which will be discussed further when we
explain the different rollout functions. In the case that we found a valid new
child and performed the simulations, the metrics of the best simulation become
the stored metrics of the child node and these values are then propagated from
the new child to the root.

Backpropagation

During the backpropagation, we do an incremental average update 38|, which
means that each metric is updated using the following formula

current _wvalue - (current _wvisits — 1) + new _value

value = —
current visits

These updated metrics are the key to traversing the tree, since all nodes re-
flect how good their respective subtrees are by giving an average of the met-
rics of their subtrees. Another process that happens during backpropagation
is the maintenance of what we call the Pareto path archive. Each node in
the tree stores an archive of the best paths that were found in its subtrees.
When a new node is simulated, its values are given to the parent node which
uses Pareto dominance to determine if other nodes in the archive are now
dominated by the new node. If this is the case, the dominated nodes are
removed. Overall, this allows us to employ different archive based selection
techniques during tree traversal, which will also be described later in this
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chapter. When the simulations were executed, we add the number of steps
actually used in the simulations to the used simulation counter. A step
here refers to the combination of a movement and a shifting action. Simu-
lations can conclude earlier and not use their whole budget when they, i.e.
complete the roundtrip. If we either did not find a valid child or the new child
already starts in the terminal state, we add the complete per sim_budget to
the used simulation counter. This is done to progress the algorithm, even
if we do not find new solutions or nodes to expand. When the budget is used
up, we use a specified root _selection _ function to select the new root for the
tree among the children of the current root. After setting the new root, we
prune its siblings from the parent to limit the total size of the tree, which is
done purely for performance optimization purposes. It is possible to do this
since after selecting the new root, we will never traverse the siblings of the
new root again to find solutions using this algorithm. This is then repeated
until we find a root node that is in a terminal state or the depth limit of 400
is reached. When the algorithm is concluded we can have two possible values
for solution. These can either be a node, meaning that we found a root node
in a terminal state, or it can be None. In the case that we found the node,
we reconstruct its path (including the shifts) from the node up to the original
root and in the case that it is None we take it as the approach not finding a
path in the specified boundaries/parameters of the experiment. Even though
we described the algorithm in greater detail here, we did not mention the dif-
ferent selection and rollout functions. These, as well as the mentioned Pareto
archive, will now be described in the next subsections, to provide a structured
understanding of how everything works and what the differences between the
approaches are.

3.2.2 Archive

The concept of the Pareto archive was already mentioned earlier, and now we
want to describe it in more detail. As we plan to employ selection methods
based on hypervolume and crowding distance, which will be explained in the
next subsection, we need to discuss how we plan to integrate those into the
MCTS approach. Both HV and CD are methods that are used on Pareto fronts
which leads us to a problem when trying to apply them to tree traversal where
we pick from the children of a designated parent node. This problem arises
due to the children often not forming a Pareto "front" since it can happen
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that i.e. only one child dominates all others or different solutions having the
same objective values. To remedy this issue, we made an addition to each
node, which we call a Pareto archive. When we traversed the tree, found a
new node and did the necessary rollouts, we start backpropagation. During
this backpropagation, we build the taken path from the newly added leaf to
the root of the tree. This path is at each new parent node associated with
its objective values and checked against this parent node’s Pareto archive. If
it Pareto dominates other paths that are already in the archive and is not
dominated by others, it is accepted into the archive and the other dominated
paths are removed. Otherwise, if it is dominated by any path in the archive it
is not accepted. This process enables us to have an archive of non dominated
paths at each node and in turn allows us to use hypervolume and crowding
distance selection approaches using this archive. It becomes clear that, if we
were to use raw or averaged values for the paths, early nodes near the root
would always dominate nodes that are deeper in the tree. To fix this, we do not
compare raw objective values and instead introduce a so called to go metric
at each node. The to go value is calculated as

t=1—n

where t symbolizes the to go value, [ the raw objective values of the newly
created leaf and n the raw objective values of the current node. This gives
us the ability to compare nodes across different depths of the tree and fixes
the issue of nodes near the root always dominating deeper nodes. To keep the
size of this archive below a maximum of 20 solutions, we employ a technique
called adaptive epsilon archiving, which is a specific form of the epsilon grid
archiving presented in the related work section. Instead of a fixed e value, we
start with an e value of 10™* and increase it by this value with every iteration
until the desired number of representative children remains. Overall this can
be seen as an archive maintenance step.

3.2.3 Selection Approaches

Now that the archive has been explained, we can continue to discuss which
selection approaches were used for tree traversal and choosing the next root
node. In this subsection we will discuss all used mechanisms starting with
UCB1 and hypervolume based selection and ending with a crowding distance
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based selection as well as a hybrid approach based on adaptive epsilon archiv-
ing.

UCB Selection

The first selection mechanism we want to go into further is "Upper Confidence
Bound 1" (UCBL1). This concept was already explained in the related work
section, so here we will concentrate on the changes made to apply it to the
problem at hand. Instead of maximizing a score, like in the K-armed bandit
problem, we want to now minimize multiple objectives. We aim to minimize
the length of the chosen path and the amount of weight shifted along the
way, together with the remaining roundtrip distance as we have explained
previously. Keep in mind that the remaining distance is more of a heuristic
that should lead the algorithm towards a possible solution. Using these three
metrics for all children which we want to select from, we calculate a vector
of three UCB values for each child. Before the calculation of these values, we
normalize the objective values using z-score normalization, which was already
explained in the related work chapter. We need to normalize these values,
since otherwise different value ranges for these metrics might lead to one of
these metrics dictating the selection process. When we discussed UCB1 in the
related work section of this thesis, we saw the formula

B 2Inn
L
U
where Z; represents the current value of the node and qulﬂ represents the
J

new exploration value. We can not use the formula as it is, since we have
a minimization problem and multiple dimensions instead of one. Because of
that, we adapted the formula to

UCB; =9; —a-é

where v represents the vector of normalized metric values, a a weighting vector
for each dimension and € the vector of exploration values that is calculated as

2-1lnn

Cmetric =
m

Here m represents the number of times the child and n the number of times
the parent was visited and & is used as a weighting factor to have a way to
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balance the importance of each dimension. In the experiments we fixed it to
Qgistance = 0.3 and Queight shifted = Qsteps taken = 1. This, together with the
subtraction of the exploratory part e from v, @ places an emphasis on the
minimization of steps taken and weight shifted. The subtraction is done since
we minimize, so we subtract the exploration value from the normalized value
to lower it. After we have calculated all necessary values for all children, we
use Pareto dominance to identify the non dominated individuals. From those
non dominated children we choose one at random to return as the selected
node.

Hypervolume Selection

While UCB selection works already with the vanilla version of Monte Carlo
Tree Search, the next selection method we want to look at does not. The con-
cept of hypervolume was described in the related work section of this thesis
as the measurement of volume between a Pareto set and a specified reference
point. Additionally, the HV contribution of a single Pareto front member can
be determined by computing the difference between the hypervolume of the
front with and without that member. To select a child node during tree traver-
sal, we make use of the previously described Pareto path archive of the parent
node. As explained, this archive stores the to-go values at every point of the
path and to make use of them we normalize these values. We need to normalize
them since when looking at step count and weight shifted, it is possible, that
one of these values becomes much bigger than the other, which can either hap-
pen due to many cells in the path not containing an obstacle, because it was
moved already or there was never one to begin with. Furthermore, it can also
occur that an obstacle is pushed multiple times, becoming increasingly heavy,
which could make the weight shifted value much larger. This can heavily in-
fluence the hypervolume and to avoid this issue we use min-max normalization
on the to go objective values. We then compute a reference point, which, in
general, this point needs to be worse than all the points for which we wish to
calculate the HV. The reference point is defined as

ref =w+0.1-(r+107"2),

where w is the vector of worst normalized objective values per dimension and
r denotes the corresponding value ranges. These value ranges are computed by
taking the difference between the highest and lowest value in each objective.
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Using that formula we are able to consistently create a reference point that
fits the described criteria. Now that we have everything that is needed for the
hypervolume calculation, we compute the hypervolume contribution for each
point. The contribution values are then used for a roulette wheel selection,
where greater contributions to the HV lead to a better chance to get selected.
Using this method, one of the children is chosen at random. In this setting,
the hypervolume contribution can be utilized, since the dominance check dur-
ing backpropagation, which determines whether a newly discovered path is
included in the archive, guarantees the maintenance of a proper Pareto front
in the Pareto archive.

Crowding Distance Selection

Hypervolume selection is not the only technique in this thesis that needs a
Pareto front to be employed, because the next selection technique we want to
discuss is the crowding distance selection. We have discussed the general con-
cept of crowding distance as a diversity preservation method in multi-objective
evolutionary algorithms in the related work section and want to now show how
it was used and implemented in our Monte Carlo Tree Search approach. At
this point, we again use the Pareto archive to apply this concept because it
allows us to calculate the crowding distances for each point of the front, which
we then plan to use as weights for another roulette wheel selection. For the
calculation of the CDs, we use min-max as a normalization technique for the
to go objective values of each dimension. There is an important issue that we
have to discuss with this, which comes in the form of the extreme points of
the front, which, in practice, have an infinite crowding distance, since they by
definition only have one neighbor. To handle this problem, we need a way to
assign finite weights to these extreme points. We do this by summing up the
crowding distances of all points in the front, that are not extreme points. The
extreme points then both receive 10% of this sum, while the remaining 80%
are distributed among the remaining points according to their contribution
towards the total sum. To compute the exact weight of the exact weight of
the non-extreme solutions, we are using the formula

_ CDy
-

0.8

wy

where w; is the weight for point ¢, CD; the original crowding distance for point
1 and s the sum of crowding distances for all non-extreme points. This fixes
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the issue with infinite CDs and makes us able to use the proposed roulette
wheel selection.

Adaptive Epsilon Archiving Selection

The last selection method that we propose is a new approach that is based
on adaptive epsilon archiving and to our knowledge it was never used prior to
this thesis. For this method, we again make use of the Pareto path archive,
by first employing adaptive epsilon archiving to retrieve a specified number of
representative paths from the archive. This number is not fixed but instead in-
creases with the number of visits received by the node from which the selection
is performed. We use the formula

#paths = max (2, |Vvisits,])

to achieve this behavior, where visits, stands for the number of visits of the
current node n. With this formula, we receive at least two representative paths
of which the values are then normalized via min-max normalization. These
normalized values are then used to calculate a quality term for this solution.
This term is the inverse L.2 norm, which is calculated using

quality = ——
[|9]l2 + 0

where 6 is set to 107 to circumvent accidental division by zero. Besides the
quality term, we also calculate an exploration term that is calculated using the
formula

log (parent-visits)
child-visits

, which is similar to UCB. In this context, the parent visits correspond to

exploration = 0.5 - \/

the number of visits to the current node from which a child is selected, while
the child visits refer to the child associated with the representative path. This
formula helps with exploration since it will produce higher values if a child node
was not visited often. Together, these two terms are added up to a weight for
the corresponding representative path, which is then used for roulette wheel
selection. This method combines the diversity preserving idea that comes
with the adaptive epsilon archiving approach and the exploration exploitation

balance, which is beneficial to MCTS.
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3.2.4 Rollout Approaches

In this subsection, we are going to discuss the rollout approaches that were
used in this thesis. Rollout in this case refers to the simulations that are done
when a new node is created after tree traversal. There is a difference in how
you can approach these rollouts which is indicated by the use of the words
"light" or "heavy". Heavy rollouts make use of heuristics while light rollouts
do not, which is why some methods are prefixed with "heavy" in front of their
name.

Light Rollout

The light rollout is the simplest concept that can be used. Here we start in the
state that the node is currently in and consecutively sample and execute ran-
dom moves and shifts. These moves and shifts have to be valid, which means
that the new position of the shifted obstacle, as well as the new position of the
agent have to be inside the boundaries of the map. This is done until either
a terminal state is reached, which would be the completion of the roundtrip
that the agent should ultimately perform, or the budget for the rollout, which
indicates how many movement-shifting combinations can be executed in this
simulation, is used up.

Heavy Distance Weight Rollout

For this rollout method we use the distance for the remaining roundtrip and
the weight as heuristics to decide which move we want to use during the rollout.
To do this we again start from the current state of the agent. From this state
we start with all possible valid moves and out of those, we pick the ones that
decrease the distance to the goal. After determining these moves, we compare
the weight that would need to be shifted and pick the one with the lower
weight. If we have, i.e. two moves with the same weight shifted, we would just
pick one of them at random. There is a problem with the distance selection
in here, which stems from us using the Manhattan distance in combination
with the von Neumann neighborhood. When at least one axis of the agent is
aligned with an axis of the goal, i.e. they have the same x-coordinate, there
would only be one move in the von Neumann neighborhood that decreases the
distance to the goal, which would lead to a straight path from the current

33



3 Methodology

position to the goal, completely disregarding the weight aspect. As a remedy,
we also consider moves that increase the distance to the goal as long as the
agent is aligned with an axis of the next goal point, thereby breaking the axis
alignment.

Heavy Square Sampling Rollout

The heavy square sampling rollout method uses mainly the remaining distance
to the goal as the deciding heuristic. From the current position, we sample in
a square around the agent. The edges of the square are all equally far away
from the agent’s position, which in our case is a fixed radius of five cells. This
makes each edge of the square 10 cells long, covering 100 cells in total. If we
were to be at a position where not all 100 cells would be valid due to being at
the edge of the environment, we automatically adjust the square as such that
we only include valid cells and basically cut off the rest of the non-viable ones.
Inside this square, we then sample five different cells and use the Manhattan
distance to determine which of them is closest to the goal. If there is a tie, we
break it by random selection. After the sampled point is selected, we then use
a greedy strategy to move to this sampled point, which is similar to the heavy
distance weight rollout method. At every step we get the valid movement
directions and pick the one that is closest to the sampled point and break ties
with random selections. Here we do not use specific shifts and instead select
one at random. When the current waypoint is in the sampling radius, which is
either the goal or the starting point, depending on what phase of the roundtrip
we are in, we instead go directly to that point using the described strategy.

3.3 Two Phase A*

Having examined our first proposed method in depth, we now turn to the A*
pipeline as a second approach to solving the problem. Path influenced envi-
ronments are a novel field of research with few tested methods. The only two
approaches applied to these problems so far have been evolutionary algorithms
and an adapted version of A* [30][33]. Since we are trying to solve a multi-
objective problem by minimizing the number of steps and the weight shifted
on the path, we first thought to use multi-objective A*. The problem with
multi-objective A* becomes apparent, when we look at the challenge at hand.
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With every node, we would have to enter 16 new nodes into the open list,
since we can move in four directions within the von Neumann neighborhood
and at each of these new positions we can shift the obstacle again in four di-
rections within their neighborhood. Each move into a non-empty cell and the
occurring shift changes the board state, which then can not be compared with
other states that have different weight configurations on the board. This gives
us a very large amount of possible nodes in the open list and since we want
the whole Pareto front of solutions, computing them would take an infeasible
amount of time. Instead, we opted into using a novel two-phase A* approach,
which will be described in the following subsections.

3.3.1 Phase One: Shortest Path

The first phase of this approach focuses on determining the minimum number
of steps required to complete the roundtrip within a given environment. The
goal of this phase is to calculate the shortest amount of steps that a path
could take. In our scenario, this could typically be achieved using only the
Manhattan distance, as the map contains only movable obstacles. However,
since we aim to propose a framework applicable to arbitrary maps, we employ
A* for this phase.

1. start _state < (start, false)

2: OPEN < priority queue

3: counter < 0

4: push (0, counter, start _state) into OPEN

5: CLOSED < empty map

6: while OPEN not empty do

7: (f, _,pos, goal collected, steps) <— pop smallest element from OPEN
8: state < (pos, goal _collected)

9: if state € CLOSED and CLOSED]|state] < steps then
10: continue
11: end if
12: CLOSED|state] < steps
13: if goal collected and pos = start then
14: return steps
15: end if
16: for all next_pos € validMoves(pos) do
17: next goal collected <— goal collected

35



3 Methodology

18: if next pos = goal then

19: next goal collected + true

20: end if

21: next _steps <— steps + 1

22: if not next goal collected then

23: h <— Manhattan(next _pos, goal) + Manhattan(goal, start)

24: else

25: h <= Manhattan(next _pos, start)

26: end if

27: counter < counter + 1

28: push (next steps+h, counter, (next _pos,next goal collected,next steps))
into OPEN

29: end for

30: end while
31: return ()

The pseudocode shown above accurately portrays how this first phase works.
We start by creating a start state which is composed of the current state and
a boolean marker that indicates whether we have collected the as "goal" des-
ignated waypoint or not. This boolean indicator is needed, since it represents
in which phase of the roundtrip we are currently. OPFEN is implemented as
a priority queue, i.e., a queue in which elements are ordered according to a
key that assigns a priority to each entry. Our primary key that we use for
sorting is our f value which is the sum of the current objective value g and the
heuristic value hA. This heuristic value measures the remaining roundtrip dis-
tance from the current position using the Manhattan distance. The secondary
key that is used here is a counter. It is set to zero before the loop and then
incremented on each loop. This counter serves as a tie-breaker in case that
the f value of two nodes in the queue is identical. We push the starting entry
(0, counter, start _state) into this queue. At this point it is not necessary to
calculate the real f value for the start node, since when we start the loop,
we instantly pop it out of the queue. After popping a node from the queue
we inspect its state. If there is a node already in closed, that is in the same
state but has smaller or equal steps to the popped node, we simply continue
with the next iteration of the loop. In the case of the new node being better,
the one that is already in closed gets replaced by it. Otherwise, we insert the
node into the closed list with its state as the key and the steps taken as the
value. Furthermore, if this new node visited the waypoint and returned to the
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start, it completed the roundtrip and the amount of steps is returned. If this
is not the case, we calculate all possible and valid next positions. A position is
seen as valid, if both coordinates of the position are within the bounds of the
environment. For each of these valid positions, the waypoint collection status
is evaluated, and both h and the number of steps taken are computed. After
that, these children are pushed into the open queue. This loop either ends
when we hit the return statement when the first solution was found or when
OPEN is empty, which would mean that there is no solution.

3.3.2 Phase Two: Weight Minimization

Having determined the minimum number of steps required to solve the map,
we can now optimize the shifted weight based on this step limit, as illustrated
in the pseudocode for the next part of our A* pipeline.

Require: step limit L

1: OPEN < priority queue ordered by accumulated weight
2: counter < 0

3: startNode < Node(start, false, 0,0, null)

4: push (0, counter, start Node) into OPEN

5: CLOSED <+ empty map

6: while OPEN not empty do

7: (_, ,current) < pop smallest element from OPEN
8: if current.steps > L then

9: continue
10: end if
11: remaining <— L — current.steps

12: if not current.goalCollected then

13: minNeeded < Manhattan(current.pos, goal)

14: + Manhattan(goal, start)

15: else

16: minNeeded < Manhattan(current.pos, start)

17: end if

18: if minNeeded > remaining then

19: continue
20: end if
21: state < (current.pos, current.goalCollected, current.steps)
22: if state € CLOSED and CLOSED]|state] < current.weight then
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23: continue

24: end if

25: CLOSED|state] < current.weight

26: if current.goalCollected and current.pos = start then
27: return current

28: end if

29: for all nextPos € validMoves(current.pos) do

30: nextGoalCollected < current.goalCollected

31: if nextPos = goal then

32: nextGoalCollected < true

33: end if

34: nextSteps < current.steps + 1

35: cellWeight + weight(nextPos)

36: nextWeight < current.weight + cellWWeight

37: nextNode < Node(nextPos, nextGoalCollected,

38: nextSteps, nextWeight, current)

39: counter < counter + 1

40: push (nextWeight, counter, nextNode) into OPEN
41: end for

42: end while
43: return ()

The structure of this A* is relatively similar to the first one. We again use a
priority queue for OPEN but this time we use the accumulated weight up to
this position as the first key and a counter again as the tie-breaker. Inside the
loop, we pop the node that is first in the queue and check how many steps it
has taken till now. If it is more than the given step limit we continue with the
next iteration of the loop since it can not be a solution for the current step
limit. We then calculate the remaining step budget and if this is smaller than
the minimum amount of steps needed to finish the roundtrip, we also skip to
the next iteration of the loop. Otherwise, we get the state of the current node,
which consists of its current position, the current waypoint collected status
and the amount of steps taken. If there is already a node with this state in the
CLOSED dictionary with a smaller weight, we continue with the next loop
iteration. Otherwise, if the weight of the node in CLOSFED is higher than the
one of the new one, the node is replaced with the newer one. If not we insert
the current node with the state as the key and its weight as the value in the
CLOSED dict. We next check if the current node has completed the roundtrip
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and if so, we return it. When the roundtrip is not completed, we again insert
all possible valid next positions and its values into the OPEN queue. These
nodes then have a pointer to their parent node, so we can reconstruct the path
in the end. With that, we can get the path with the smallest amount of weight
shifted for a given step length.

3.3.3 Shifting Optimization

It is very important to notice that we did not actually optimize for the shifting
direction yet. In the second phase, we calculated the shifted weight as the sum
of weights of visited cells. We did not consider that unfortunate shifting may
lead to us pushing one weight multiple times, but this makes this admissible as
a heuristic since we can guarantee, that this produces the lower bound of weight
shifted on the taken path. Having identified a path through the environment
with the specified number of steps that minimizes the transported weight, we
simulate its execution using a function that, at each step, selects a shifting
action that moves the weight to a position outside the path. If there is no
weight in one of the cells already, the shifting direction is chosen at random,
since it does not influence the path this way. This works since the path that
is created by the second A* function should always result in a corridor, which
makes such shifting possible. We also keep the admissible shifting cost since
the agent never shifts a weight twice when applying this shifting strategy. If
such a shifting is not possible, we disregard this path as not optimal.

3.3.4 Epsilon Constraint Search

With that we come to the last piece that connects the described mecha-
nisms, which is the epsilon constraint search. This piece connects the two
separate A* algorithms. Here we specify a maximum e value which is set to
max__epsilon = 3 - environment dimension. This value was found to be suf-
ficient for all environments used in the experiments of this thesis. We then
compute the length of the shortest possible path using the first A* function.
After that we enter a loop in which the step limit is increased incrementally
until we arrive at step limit = shortest path length + max _epsilon. For
each step, we use the second A* function to calculate the path with the least
amount of weight on it, for the given step limit. All of these paths then go

39



3 Methodology

through the shifting optimization where the function tries to find shifts that
fulfill the described criteria. Furthermore, after the shifting directions have
been assigned for all paths, the solutions go through a Pareto filter, which en-
sures that only Pareto optimal solutions persist and that we only have paths
that are dissimilar from each other. This means, that if we would have two
paths that are the same in all aspects but differ in shifting directions, we would
only keep one of them.

3.4 Experimental Setup

Now that we know the problem at hand, as well as the approaches we want
to take, we are continuing with the description of our experimental setup.
We perform our experiments in four different environments in which both the
MCTS and the two phase A* approach will be tested. The first of these
environments is named 'easy map’ and serves primarily as a proof of concept.
In this environment, weight is randomly distributed across cells, with one
clear path containing no weight. Furthermore, this free path is the shortest
between the start and the goal waypoint, which means that it minimizes both
steps taken and weight shifted. This makes it the optimal path through the
environment that each algorithm should follow, because it is not possible to
find another path that either shifts less weight or takes fewer steps during the
roundtrip.
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Figure 3.2: Easy Map with Dimensions 35x35 (left) and 50x50 (right)

Figure 3.2 illustrates both environments that will be used in the experiments.
As explained we can see an obstacle free path down the middle with the start
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being marked as green and the waypoint the agent needs to visit as red. The
second environment in which we want to test our algorithms is the random
environment. As the name suggests, we have a random distribution of weights
across all cells, where all weights are in the interval between zero and one. The
random environment is one of the most interesting cases since it poses a near
unsolvable challenge for humans. There is neither an obvious path that goes
through it, nor a hint on where the best paths are.
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Figure 3.3: Random Map with Dimensions 35x35 (left) and 50x50 (right)

Figure 3.3 shows both versions of the random environment. As described,
there is no obvious path like in the easy environment, which makes it harder
to solve.

Beyond the standard test problems, two additional environments sourced from
Niibel et al. [30] are considered. One of these environments is called meander-
ing river. As the name suggests, we have a structure that resembles a river,
where the obstacles in and along the river bed are very light, while the rest is
very heavy. This would suggest taking a path through the river bed if shifting
less weight is an objective, and the direct path between start and waypoint if
we were to minimize the steps taken. According to Niibel et al. the river or
the sinusoidal curve that represents the river is generated using the formula

D D
u(y) = 5 + 3 sin (27r%)

and after that a Gaussian filter is applied to the edges of the river to smooth
the transition. D here stands for the environment dimension.
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Figure 3.4: Meandering River Map with Dimensions 35x35 (left) and 50x50
(right)

In figure 3.4, we can see the described environment structure and how the
"river" crosses through the environment. While the authors originally used the
width and height of the environment in these formulas, these can be substituted
with a single dimension, as the environments used here are square and thus
have equal width and height.

The last map that is used for the experiments also comes from Niibel et al.
and is named the sinusoidal environment[30|. According to the authors it can
be generated using

O oY

s(z,y) = sin (T) - cos ( D )

where D again stands for the map dimension. This generates a map consisting
of peaks and valleys, which resembles a checkerboard pattern.
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Figure 3.5: Sinusoidal Map with Dimensions 35x35 (left) and 50x50 (right)
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Figure 3.5 illustrates the structure of the sinusoidal environment. It would
be natural to assume that the shortest path once again runs directly between
the start and the waypoint, while the path shifting the least weight navigates
between the peaks.

As seen in all presented figures, we will test our approaches on all of these
maps with dimensions of 35 x 35 and 50 x 50. Furthermore, we are employing
the previously discussed tree traversal mechanisms, which will dictate how we
select nodes on the way from the root to a node that not already has all its
children. Only one root selection method will be used in this thesis and this
is a hypervolume based selection. This selection method passes the children
first through a Pareto filter that removes dominated children and afterwards
computes the hypervolume contribution of each remaining child. The child
with the highest hypervolume is then selected, with the method relying on
averaged objective values that are updated with each backpropagation.

For the hyperparameters that we want to use for the experiments, we have the
total budget, the budget per simulation and the number simulations that we
do per child. Because the concept of MCTS was never used on path influenced
environments, we ran preliminary experiments where we used a number of
different values for the hyperparameters and tested them on the 35x 35 random
map with a single seed. The preliminary experiments were limited in scope,
as parameter tuning is not the focus of this thesis and the aim was merely
to identify which parameters reliably produce results. It turned out that for
the total budget 200000, 5000000 and 1000000, for the per simulation budget
75, 100 and 150 and for the number of simulations per child 25, 50 and 100
produced good results. In turn, these will be the hyperparameters that we
intend to use in the experiments. Overall, we will use all possible combinations
of the different budgets, selection and rollout methods. These will be tested on
31 different seeds to achieve statistical significance for the experiment results.
For the A* pipeline we will only do one run, since it always produces the same
results in the tested environments, but it still remains to be proven that this
approach is deterministic in nature.

3.5 Evaluation Metrics

To evaluate the results of both algorithms, we focus on the hypervolume of
the obtained Pareto fronts. Before computing the hypervolume, all objective
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values are normalized using min-max normalization, with a fixed reference
point of (1.1,1.1) on the normalized scale. A higher hypervolume indicates
a better set of solutions. For the easy environment, where a single known
optimal solution exists, we additionally use the hit count, which is the num-
ber of runs in which a configuration successfully found this optimal point, as
a tiebreaker between configurations of equal hypervolume. Furthermore, we
track the number of runs that failed to produce any valid solution within the
given step budget, referred to later as the None count, to assess robustness.
We will also employ the Kurskal-Wallis test [21] in combination with the Dunn
test [13] and the Bonferroni correction [6] on the obtained hypervolume values,
to test for significant differences in performance between the different MCTS
configurations. For the final comparison between MCTS and the two-phase
A* we overlay the Pareto fronts of both approaches and evaluate dominance
relationships alongside the hypervolume.

44



4 Results

After finishing the methodology chapter, we will now discuss the results of our
experiments. We will start by analyzing our baseline two phase A* approach
and continue with the evaluation of the MCTS results. Afterwards we will
compare the results of different Monte Carlo Tree Search configurations to
determine which combinations produced the best results. At the end of this
chapter we will then compare both approaches to each other to determine
which approach found solutions of higher quality.

4.1 Baseline - Two Phase A*

We will start by evaluating the results of the two phase A*. Beginning with
the easy environment, we can see that the algorithm found the optimal path
through the map in both dimensions. To reiterate, what was described in the
methodology chapter, this map has randomly distributed weight in all cells of
the grid besides the ones on the direct path between start and waypoint.

Pareto Comparison - Easy Map 35x35 Pareto Comparison - Easy Map 50x50
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Figure 4.1: Pareto Optimal Solution by A* for Easy Map with Dimensions 35
(left) and 50 (right)
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In figure 4.1 we can see the pareto optimal solution resulting from the A*
approach. One can see that both results are at 68 and 98 steps respectively
and that no weight was shifted along the path. That indicates that the optimal
weight free path through the environment was found both times.

Easy Map 50x50
Steps: 98 | Weight Shifted: 0.00
]

Easy Map 35x35

Cell Weight
Cell Weight

0.0 0.0

Figure 4.2: Pareto Optimal A* Paths for Easy Environment

This is further supported by figure 4.2 which shows both optimal paths on
their respective map. It further illustrates that only one optimal path through
the environment exists, which is why this environment was used as a proof of
concept for both approaches. A more interesting result was achieved in the
sinusoidal /checkerboard environment. This environment consisted of alternat-
ing peaks and valleys, where valleys would have very light obstacles and peaks
very heavy ones. It was one of the two environments presented by Niibel et al.
[30] and here the algorithmic pipeline again found only a single path in both
dimensions.
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Figure 4.3: Pareto Optimal A* Paths for Sinusoidal Environment
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The path that was found both times is the shortest possible through the en-
vironment as can be seen in figure 4.3. In the smaller environment, the path
required 68 steps to be taken and shifted 16.5 units of weight, while in the
larger environment it required 98 steps and shifted 24.01 units of weight. This
suggests that no meaningful tradeoff between objectives exists for this environ-
ment, and that structural improvements would be needed, either by increasing
obstacle weights in denser areas or decreasing them in lighter ones. If these
changes were applied, there could be more than one optimal Path but for our
specific setup, there was only one. The third environment we want to examine
is the random one. This environment had randomly distributed weights in ev-
ery cell and poses one of the biggest challenges since there is no obvious high
quality solution. Here the A* pipeline found more than one Pareto optimal
path, which stands in contrast to the two previously discussed environments.

Pareto Comparison - Random Map 35x35 Pareto Comparison - Random Map 50x50
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Figure 4.4: Pareto Fronts A* for Random Environment with Dimensions 35
(left) and 50 (right)

As we can see in figure 4.4, two Pareto optimal paths were found for the
smaller environment and eight for the larger one. This indicates, that there are
indeed multiple optimal paths in this random environment, that have differing
objective tradeoffs. The optimal paths for the smaller environment had a step
count of 68 and 72, as well as a shifted weight of 13.504 and 13.095 respectively.

47



4 Results

Figure 4.5: Pareto Paths Random Environment 35 x 35

Both paths are shown in figure 4.5 and follow a near-straight route down the
middle, with the exception of the 72-step path, which takes a small detour
before reaching the waypoint to avoid the weight on the direct route. The
results become more interesting when examining the 50 x 50 variant of the
random environment. As mentioned, figure 4.4 shows, that our A* pipeline

Random Map 35x35
Steps: 72 | Weight Shifted: 13.09

produced eight different Pareto optimal paths for this scenario.

Path# Step C
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Weight Shifted
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>
Cell Weight

Table 4.1: Pareto Path Values Random Environment 50 x 50

Table 4.1 shows the objective values of all these Pareto optimal solutions.
While the first and second paths differ substantially in the amount of weight
shifted, the later paths show only incremental changes in shifted weight, ac-
companied by a progressively increasing number of steps. This is precisely
what the A* approach is designed to achieve, as once the optimal step length

48



4.1 Baseline - Two Phase A*

is found, it is relaxed incrementally to identify paths that are worse in terms
of step count than the shortest path, but better in terms of weight shifted.
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Figure 4.6: Extreme Points of Pareto Optimal A* Paths for Random Environ-
ment with Dimension 50 - Lowest Step Count (Left) and Lowest
Weight Shifted (Right)

In figure 4.6 we can see that the path with the lowest steps on the left, while
the path with the lowest weight shifted is on the right. While the path with the
least amount of steps is again a straight line as it always is in our environments,
we can see that the path with the lowest weight shifted takes additional detours
to avoid high density obstacles. This behavior can again be seen in the results
for the meandering river environment, the second environment that was taken
from the works of Niibel et al. [30].

Pareto Comparison - Meandering River Map 35x35 Pareto Comparison - Meandering River Map 50x50
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Figure 4.7: Pareto Fronts A* for Meandering River Map with Dimensions 35
(left) and 50 (right)
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Figure 4.7 shows the Pareto fronts that were found for both tested map di-
mensions. What is interesting here is that the Pareto fronts seem to be dis-
connected in certain areas. In the front for the environment with dimension
35, we can see that there is no Pareto point between 68 and 88, as well as
between 100 and 120 steps. The same can be spotted for the larger dimension
of 50, where we have no candidate between 106 and 142, and 154 to 202 steps.
This behavior suggests that the meandering river environment is structured in
such a way that no Pareto optimal path exists for certain step counts, as no
path with those step counts is able to adapt to the features of the environment.
Furthermore, it becomes even more evident when we look at the paths for each
extreme point in the Pareto front. In Figure 4.8 we can see these paths for
the environment with dimension 50. We again see the straight path that dom-
inates in terms of step count as was expected. For the other extreme the path
has perfectly adapted to the structure of the river bed, which guarantees that
it needs more steps but also needs to shift less weight. The results in between
these extremes show different levels of adaptation to the river structure so i.e.
shorter paths may take shortcuts through regions with heavier obstacles while,
with increasing step size, more detours through less dense areas are taken. In
the variation with the smaller dimension of 35, the results are similar but with
less possible "levels" of adaptation since the river itself is smaller in size.

i i Meandering River Map 35x35
Meandering River Map 35x35 §
Steps: 68 | V?Ieight Shif‘t’ed: 23.91 Steps: 144 | Weight Shifted: 17.07

10 15 15 20
X-Axis X-AXis

Figure 4.8: Extreme Points of Pareto Optimal A* Paths for Meandering River
Environment with Dimension 50 - Lowest Step Count (Left) and
Lowest Weight Shifted (Right)
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4.2 Monte Carlo Tree Search Evaluation

Now that we have seen the results produced by the A* pipeline, we will discuss
the different results of the Monte Carlo Tree Search approach. We will firstly
examine the combined results of all configurations per environment, where
we will determine which paths were dominating and amongst the results. A
"configuration" in this context refers to the tree selection, the root selection
and the simulation method. This will also answer research question one which
addresses if MCTS can be used for pathfinding in PIEs. It is important to
notice that we only used hypervolume based root selection in our experiments,
so this is a given for all configurations. At the end of this section, we will
evaluate which specific configuration achieved the best results in each of the
tested environments which will answer research question three. To achieve
this, we will compute the Pareto front per environment per configuration and
then measure the hypervolume to a shared reference point.

4.2.1 Environment Evaluation

We will start the per environment evaluation of MCTS with the easy envi-
ronment, as we have for A*. Figure 4.9 displays all found solutions by the
different configurations of the algorithm. It is important to notice that these
results are only grouped by their tree selection and simulations mechanisms.
This combines all possible hyperparameters for the different settings. While
figure 4.9 suggests that the hypervolume based tree selection in combination
with the heavy square sampling rollout produced many good results, generat-
ing the actual Pareto front from these solutions yields only a single remaining
solution. This dominant solution is the shortest path through the environ-
ment which corresponds to what was found by A*. Figure 1, which due to its
length is located in the appendix, shows which parameter combinations found
this optimal path and how frequently it was found across their 31 runs. We
observe that the configurations which reached this point most often were both
using the hypervolume tree selection method. Both of these MCTS configu-
rations found the perfect path 30 out of 31 times. In terms of tree selection,
the hypervolume and crowding distance based mechanisms produced the best
results in this environment, while adaptive epsilon archiving based selection
also found the optimal path, albeit less frequently than the other methods. It
has to be noted that our UCB tree selection method did not find this path
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Pareto Front — Easy Map 50x50
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Figure 4.9: All MCTS Results for the Easy Environment with Dimension 50

even once, which means that it fails in the proof of concept environment. This
is again confirmed by figure 4.9 where the points for UCB selection are rang-
ing from around 130 to about 380 steps, which is far from the optimum of 98
steps on this map. Figure 4.5 shows all results for the easy environment with
a dimension of 35. The results for this map can also be found again in the

Pareto Front — Easy Map 35x35
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Figure 4.10: All MCTS Results for the Easy Environment with Dimension 35

appendix as table 1. We can see here, that nine different combinations found
the optimal path in all 31 runs. Five of those nine used the crowding distance
tree selection and the rest used the hypervolume tree selection. In terms of
simulation strategies we can see that all of them were used in three different
combinations amongst the top nine results. Adaptive epsilon archiving selec-
tion performed similarly to the results from the same map with dimension 50.
Again UCB selection did not find the perfect path once. Next we want to
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look at the MCTS performance in the sinusoidal/checkerboard environment.
Figure 4.11 shows the performance of all configurations of the Monte Carlo

Pareto Front — Checkerboard Map 35x35
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Figure 4.11: All MCTS Results for the Sinusoidal Environment with Dimen-
sion 35

Tree Search that were tested. We can see that all configurations that used the
UCB tree selection performed the worst overall, which could also be observed
for both environments that we have discussed already. It can be theorized
that this could be due to a bad parameter tuning inside the UCB method,
but we can not confirm this here since we did not test different parameter
configurations inside UCB. This would exceed the scope of this work and will
be touched on again in the future work section. For both sizes of the environ-
ment, we got only one solution that was found to be optimal by MCTS. In the
smaller checkerboard environment the combination of hypervolume based tree
selection and light simulations found the optimal path with a step length of 68
and a shifted weight of 20.5 units. Furthermore, this configuration used a total
evaluation budget of 200000, performed 100 actions per simulation and simu-
lated each child 50 times. This path is the dominating one amongst all results
of all configurations and no other configuration was able to find it. Almost
the same can be said for the larger version of the environment. Figure 4.12
shows the combined results of all configurations in the 50 x 50 checkerboard
environment. It becomes very apparent that the configurations that produced
the worst results again were those that used UCB selection as the tree selec-
tion method. The configuration consisting of adaptive epsilon archiving based
tree selection and heavy square sampling rollout found the dominant path also
exactly once. This dominant path had a step count of 98 and a shifted weight
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Pareto Front — Checkerboard Map 50x50
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Figure 4.12: All MCTS Results for the Sinusoidal Environment with Dimen-
sion 50

Pareto Front — Random Map 35x35
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Figure 4.13: All MCTS Results for the Random Environment with Dimension
35

of 30.92 units. That result can even be seen in the lower left corner of figure
4.12. Specifically, the configuration that found this path used a total evaluation
budget of 200000, a per simulation budget of 100 actions and did 25 simula-
tions per child. Similarly to the smaller environment, this path was only found
once amongst all configurations. Continuing with the evaluation, we want to
evaluate the per configuration results in the random environment. Figure 4.13
shows the combined results of all configurations for the smaller version of the
environment. As we have already seen for the sinusoidal and the easy environ-
ment, configuration using the UCB tree selection method produced the worst
results. We again only have one dominating solution, which was found by
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Pareto Front — Meandering River Map 35x35
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Figure 4.14: All MCTS Results for the Meandering River Environment with
Dimension 35

the configuration of crowding distance based tree selection and heavy square
sampling simulations. To be more specific, this solution was found once by
the configuration that used 200000 total evaluations, 100 actions per simula-
tion and 50 simulations per child. The found path has a step count of 68 and
a shifted weight of 15.72 units. For the larger environment, the results are
similar. Not only did the configurations that were using UCB tree selection
produce the worst results but furthermore, the dominating solution was only
found once by a single configuration. This configuration consisted of crowding
distance based tree selection and light simulations. A total evaluation budget
of 1000000 as well as 75 actions per simulation and 100 simulations per child
were used. The final path had a step count of 98 and 37.149 units of weight
were shifted along it.

The last configuration comparison that we want to perform is for the meander-
ing river environment. Figure 4.14 shows that the trend of UCB tree selection
configurations producing the worst results continues. Furthermore, we again
only have a single path that dominates all others which was found by the
configuration consisting of hypervolume based tree selection and heavy square
sampling simulations. A total evaluation budget of 500000 was used for this
as well as 100 steps per simulation and 100 simulations per child. The path
that the named configuration found had 68 steps and a total of 30.602 units of
weight were moved. Its higher dimensional counterpart again produced simi-
lar results. UCB configurations again produced the worst results and the one
dominating path was found by using crowding distance based tree selection,
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hypervolume based selection and the heavy distance weight simulations. To
achieve this the algorithm had a total budget of 500.000 with 100 steps per
simulation and 100 simulations per child. The final path took 98 steps and
50.02 units of weight were shifted along it.

4.2.2 Configuration Comparison

As we have finished with evaluating the combined results of all configurations
in each environment, we now want to continue by comparing the different
configurations with each other. This comparison will answer research question
three, which asks which of the proposed approaches performed better overall.
Starting with the large easy environment we have a nine way tie for the best
algorithm configuration. Across all results, steps ranged from 98 to 388 in this
environment, with shifted weight ranging from 0 to 115.66 units. These ranges
are computed with dominated points taken into account, but the hypervolume
computation will by definition only use the members of the pareto front. As
explained at the end of the previous chapter, their values are normalized using
min-max normalization and the reference point will always have the values
(1.1,1.1) on the normalized scale.

Rank  HV  Tree Selection Simulation
1 1.210  Adaptive Epsilon Archiving Light
2 1.210  Crowding Distance Light
3 1.210  Hypervolume Light
4 1.210  Hypervolume Distance Weight
5 1.210  Adaptive Epsilon Archiving Distance Weight
6 1.210  Crowding Distance Distance Weight
7 1.210  Crowding Distance Square Sampling
8 1.210  Adaptive Epsilon Archiving Square Sampling
9 1.210  Hypervolume Square Sampling

Table 4.2: MCTS Configuration Rankings by Hypervolume for Easy Environ-
ment 50 x 50

Table 4.2 shows that all nine listed methods share a hypervolume of 1.210.
This is the case since in the easy environment, all these configurations found
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the optimal path through the middle that shifts no weight. To break the tie,
one can refer to table 1, which shows how often each configuration was able
to find this path. In doing so, we find that hypervolume based tree selection
combined with heavy square sampling simulations produced the best overall
results. This configuration has found this path a total of 238 times across all
hyperparameter settings, while the second-best approach, crowding distance
based tree selection in combination with the light rollout, found the path a
total of 231 times. Furthermore, the third-best approach for this environment
seems to be the hypervolume based tree selection and the light rollouts with
this configuration finding the optimal path a total of 216 times. The results
for the smaller 35 x 35 version of the easy environment are very similar to the
ones seen in the larger version. Here the step count was in a range from 68 to
388 and the weight shifted between 20.51 and 144.89 units.

Rank  HV  Tree Selection Simulation
1 1.210  Adaptive Epsilon Archiving Light
2 1.210  Crowding Distance Light
3 1.210  Hypervolume Light
4 1.210  Crowding Distance Square Sampling
5 1.210  Adaptive Epsilon Archiving Square Sampling
6 1.210  Hypervolume Square Sampling
7 1.210  Hypervolume Distance Weight
8 1.210  Adaptive Epsilon Archiving Distance Weight
9 1.210  Crowding Distance Distance Weight

Table 4.3: MCTS Configuration Rankings by Hypervolume for Easy Environ-
ment 35 X 35

Table 4.3 shows that we again have a nine way tie for the first place, with
all configurations again having a hypervolume of 1.21. With the same tie
breaking methods that we used for the larger environment, consulting table 2,
we can determine that the configuration using crowding distance based tree
selection and square sampling takes first place, finding the optimal path 270
times. Hypervolume based tree selection with square sampling ranks second,
having found the path 258 times, followed in third place by crowding distance
based tree selection with distance weight sampling at 239 times. Now that we
have seen the results for the easy environment, we will be continuing with the
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sinusoidal one. Table 4.4 shows the top three configurations for the 35 x 35
version of this environment.

Rank HV Tree Selection Simulation

1 1.2100 Hypervolume Light
2 1.2026 Crowding Distance Distance Weight
3 1.2020 Crowding Distance Square Sampling

Table 4.4: MCTS Configuration Rankings by Hypervolume for Sinusoidal En-
vironment 35 X 35

Hypervolume tree selection in combination with light rollouts achieved the
optimal hypervolume of 1.2100, which is the case because this configuration
was the only one to find the path that dominates all others. The second-best
configuration with a hypervolume of 1.2026 goes to crowding distance tree se-
lection paired with distance weight rollouts. The third place configuration,
combining crowding distance based tree selection with square sampling simu-
lations, closely trails second place with a hypervolume of 1.202. At this point
it seems like crowding distance and hypervolume being the superior tree se-
lection methods while the simulation approaches are evenly matched, which is
solidified by the results for the 50 x 50 sinusoidal environment.

Rank  HV  Tree Selection Simulation
1 1.2100 Adaptive Epsilon Archiving Square Sampling
2 1.2034 Hypervolume Distance Weight
3 1.1970 Crowding Distance Distance Weight

Table 4.5: MCTS Configuration Rankings by Hypervolume for Sinusoidal En-
vironment 50 x 50

Table 4.5 shows the three configurations that produced the best results on
the larger version of the sinusoidal environment. Interestingly on this map
the adaptive epsilon archiving based tree selection in combination with square
sampling simulations achieved the best hypervolume, since it also produced
the non dominated solution across all configurations. The second and third-
best combination are the hypervolume and the crowding distance based tree
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selection, both using the distance weight rollout methods. In this environment
the found solutions of all approaches had a step range of 98 to 398 and a range
of shifted weight between 30.92 and 187. Something that is interesting about
this is that 400 steps are the maximum length that a path was allowed to be.
With a maximum step count of 398, it seems plausible that some runs did
not produce results since they reached the step limit. While in other environ-
ments this would happen one to two times during all runs of all configurations
combined, in the sinusoidal 50 x 50 environment, this happened a total of 13
times. In all cases where no solution was found due to the maximum step
limit being exhausted, UCB tree selection was used. Table 4.6 shows us all
misses for each configuration in each environment, including the ones we have
already evaluated. We can see that in the current environment distance weight
rollouts didn’t find a solution to the environment 6, light rollouts 4 and square
sampling rollouts 3 times. Next we want to look at the results for the random

Environment Total Tree Selection Rollout Count
UCB Distance Weight 6
Sinusoidal 50x50 13 UCB Light 4
UCB Square Sampling 3
B Light 1
Random 50x50 2 ESB ngilare Sampling 1
Meandering River 50x50 1 UCB Light 1
Easy 50x50 1 UCB Distance Weight 1
Sinusoidal 35x35 1 UCB Square Sampling 1
Random 35x35 1 UCB Distance Weight 1

Table 4.6: None File Occurrences per Environment and Configuration

environment. For the smaller dimension the step count ranged from 68 to 376
and the weight shifted from 15.72 to 132.72.
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Rank  HV  Tree Selection Simulation
1 1.2100 Crowding Distance Square Sampling
2 1.2046 Hypervolume Square Sampling
3 1.2001 Hypervolume Light

Table 4.7: MCTS Configuration Rankings by Hypervolume for Random Envi-
ronment 35 x 35

Table 4.7 shows that the configuration consisting of crowding distance based
tree selection and square sampling rollouts achieved the perfect solution. The
second biggest hypervolume of 1.2046 was achieved by the hypervolume tree
selection and again the square sampling simulations while the third place with
a hypervolume of 1.2001 goes to again hypervolume tree selection and light
rollouts. For the larger random environment the results can be seen in table
4.8. In this environment we had a step range of 98 to 398 and a weight shifted
range from 37.15 to 172.51 units. The results are again similar to those of the
random environment with a dimension of 35.

Table 4.8: MCTS Configuration Rankings by Hypervolume for Random Envi-
ronment 50 x 50

Rank HV Tree Selection Simulation

1 1.2100 Crowding Distance Light
2 1.2099 Hypervolume Light
3 1.2095 Crowding Distance Square Sampling

The last environment that we want to compare configurations for is the mean-
dering river. Starting again with the 35 x 35 version of the environment, the
step range here was between 68 and 400. This again indicates that some runs
might have not found a solution due to exceeding the step limit. Returning to
table 4.6, only the configuration combining UCB tree selection with distance
weight rollouts failed to find a solution on one occasion. Here the best solution
was found by the configuration of hypervolume based tree selection and square
sampling simulations. Places two and three achieved a hypervolume of 1.2082
and 1.2001 respectively, with both using crowding distance based tree selec-
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tion, while the second-best configuration used light rollouts and the third-best
square sampling simulations. This can be seen again in table 4.9.

Table 4.9: MCTS Configuration Rankings by Hypervolume for Meandering
River Environment 35 x 35

Rank HV Tree Selection Simulation

1 1.2100 Hypervolume Square Sampling
2 1.2082 Crowding Distance Light
3 1.2001 Crowding Distance Square Sampling

These results reinforce the emerging trend of hypervolume and crowding dis-
tance based selection consistently finding the best paths through the environ-
ment. Furthermore, the results for the larger meandering river environment
are similar to those we have seen till now. The steps ranged from 98 to 398
and the weight shifted from 50 to 309.07 amongst all solutions. Referring to
table 4.6 even though we have a maximum number of steps that is very close
to our 400 cutoff, we always found a solution for this map. The best result
was achieved by crowding distance based tree selection and distance weight
rollouts, while the second and third-best result utilize crowding distance and
hypervolume based tree selection with a hypervolume of 1.2048 and 1.2025
respectively. Both used the square sampling simulation method.

Table 4.10: MCTS Configuration Rankings by Hypervolume for Meandering
River Environment 50 x 50

Rank HV Tree Selection Simulation

1 1.2100 Crowding Distance Distance Weight
2 1.2048 Crowding Distance Square Sampling
3 1.2025 Hypervolume Square Sampling

To statistically validate the observed performance differences between config-
urations, a Kruskal-Wallis [21] test was conducted per environment using the
normalized hypervolume of each individual run as the test metric. It was sig-
nificant across all eight environment-dimension combinations (all H > 2284,
all p < 0.001), confirming that the configurations do not perform equally. A
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subsequent Dunn post-hoc test [13] with Bonferroni correction [6] was applied
to identify which specific configurations differed significantly. It revealed a
consistent three tier structure across all environments. The first and thus
best performing tier encompassed all configurations using crowding distance
or hypervolume based tree selection, regardless of the used simulation method.
Furthermore, the second tier consisted of all adaptive epsilon archiving based
configurations, and the third and worst-performing tier contained all UCB
based configurations. All cross-tier differences were significant at p < 0.001
after correction, while no significant differences were found within any tier.
Taking the random map with dimension 35 X 35 as a representative example,
tier 1 achieved a mean normalized hypervolume of 1.107 + 0.065 compared to
0.980 £ 0.100 for tier 2 and 0.498 £ 0.156 for Tier 3. Critically, within each
tier the simulation method never produced a statistically significant difference.
This confirms that the tree selection method is the sole driver of performance
differences between configurations. Table 4.11 summarizes how often each
specific configuration combination produced the best result across all environ-
ments. Crowding distance and hypervolume based tree selection each achieved
the best results four times, while adaptive epsilon archiving based selection
placed first once on the 50 x 50 sinusoidal environment. Square sampling
appears most frequently amongst the winning combinations, though as estab-
lished by the statistical analysis above, this advantage was not statistically
significant.

Tree Selection Simulation Number of Best Results
Crowding Distance Square Sampling 2
Hypervolume Square Sampling 2
Hypervolume Light 1
Crowding Distance Light 1
Adaptive Epsilon Archiving Square Sampling 1
Crowding Distance Distance Weight 1

Table 4.11: Number of Best Results per MCTS Configuration Combination
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4.3 Algorithmic Comparison

Now that we have evaluated the results for both the A* baseline and the
MCTS approach, we are ready to compare them to each other. We will again
go through environment by environment and compare the best results of both
approaches.

Pareto Comparison - Easy Map 35x35 Pareto Comparison - Easy Map 50x50

® MCTS (1827 pts) ® MCTS (1541 pts)
0.04 ® A*(1pts) 0.04 4 ® A*(Lpts)

0.00 L 0.00 - L

Weight Shifted
Weight Shifted

—0.02 —0.02 1

—0.04 —0.04 +

6‘5 6‘6 6‘7 6‘8 6‘9 7‘0 7‘1 9‘4 9‘6 9‘8 160 162
Step Count Step Count
Figure 4.15: Pareto Front Comparison of MCTS and Two-Phase A* in the
Easy Environment

Starting with the easy environment figure 4.15 shows the Pareto fronts for both
approaches for each size of the environment. In both cases the A* pipeline only
produced one result, since there is only one optimal path through the environ-
ment. Over all its configurations and runs, for the smaller environment MCTS
found this path a total of 1827 times. Since each environment would have 3348
runs per dimension, this means that the optimal path was found in 54.6% of
runs. For the larger environment MCTS found it 1541 which makes a percent-
age of 46% of all runs. This makes the two phase A* approach the better option
for this environment, since it finds the best path deterministically all the time.
The same trend continues when we proceed to the sinusoidal /checkerboard
environment. Figure 4.16 shows the Pareto fronts of both approaches.

63



4 Results

Pareto Comparison - Checkerboard Map 35x35 Pareto Comparison - Checkerboard Map 50x50
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Figure 4.16: Pareto Front Comparison of MCTS and Two-Phase A* in the
Sinusoidal Environment

For both dimensions, the A* approach found a better path through the envi-
ronment than MCTS. Furthermore, while both algorithms found the optimal
step length for each environment with 68 and 98 respectively, MCTS seems
to have shifted the weight in a worse way than A*. What also needs to be
mentioned is that in both instances, the dominating path for MCTS was only
found once. This means that MCTS has a 0.03% chance of finding this path
for both environment sizes, while the path it produces is dominated by the de-
terministic two-phase A* solution, making the A* approach superior for this
environment. Turning to the random environment further highlights another
issue with the lackluster performance of the MCTS observed so far. Figure
4.17 shows the comparison of both Pareto fronts where it can be observed
that MCTS again only found its respective dominating path once which again
gives us a 0.03% chance to find this path amongst all 3348 runs with different
hyperparameter settings. Meanwhile, the A* pipeline found a front for both
sizes of the environment, and in both instances a member of the A* front dom-
inates the MCTS path. It has to be noted that even if the weight shifting was
not optimal, MCTS found the minimum amount of steps required for both
environments. What is problematic is that MCTS only found one path that
dominated all others and, according to the solutions that A* produced, the
found MCTS path is not even part of the actual Pareto front. This makes A*
the better approach for this case.
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Pareto Comparison - Random Map 35x35
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Lastly we want to look at the results for the meandering river environment.
Figure 4.18 shows the comparison of the Pareto fronts for both approaches.
In essence these results are the same as the ones for the random environment.
While the A* pipeline found an actual front of solutions MCTS only found one
dominating path once. Furthermore, the found MCTS solution is worse than
the A* solution with the same step length, but it can be seen as positive that
MCTS figured out the shortest path for this environment, even if the weight
shifting is off again. Overall the two phase A* approach seems to be the better

option for this environment also.
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Figure 4.18: Pareto Front Comparison
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5 Conclusion and Future Work

After thoroughly evaluating the obtained results, in this chapter we want to
summarize our findings and answer the research questions that we posed in
the beginning of this thesis. The first research question we proposed was if the
MCTS approach is able to solve the roundtrip pathfinding problem in PIE’s.
We hypothesized in that it should be able to due to its overall success in other
pathfinding problems, given that it is adequately adapted to the problem. In
both the map evaluation and configuration comparison subsections of the eval-
uation chapter, we could see that MCTS was consistently able to find paths
through the environment. Referring to table 4.6, we saw that only 19 out of
26784 total runs did not produce a result and all of these used UCB tree se-
lection. This might be the case because the parameters for UCB tree selection
were not tuned well enough. We did not focus on this in this work, since we
wanted to propose general concepts to solve roundtrip problems in path influ-
enced environments. With that being said, our hypothesis that our proposed
MCTS would be able to solve the problem at all was proven right. The second
question we wanted to answer in this thesis was which algorithm would per-
form better on the proposed problem. We hypothesized that the two phase A*
approach would be able to outperform MCTS due to the deterministic nature
of its components that allows it to find paths more reliably. Across almost all
environments, the A* pipeline produced superior results to MCTS, with the
easy environment being the sole case where both approaches found the optimal
path. Even in the easy environment, A* could be considered superior, having
found the optimal path in every run compared to MCTS, which succeeded
only 54.6% and 46.0% of the time for the smaller and larger environment sizes
respectively. The A* approach most definitively outperformed MCTS in the
meandering river and random environments, where it produced a full Pareto
front of solutions, while MCTS found only a single optimal point across all its
runs, which was subsequently dominated by members of the A* Pareto front.
For this thesis, we can say that the two phase A* pipeline works much bet-
ter than Monte Carlo Tree Search, at least for the specific MCTS parameter
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configuration that we chose. After answering this, we still want to answer
the question which configuration of MCTS achieved the best results overall,
which refers to RQ3. In the introduction, we hypothesized that there will be a
significant difference in performance among the combinations of MCTS mech-
anisms. This was confirmed by the Kurskal-Wallis test and was supported by
the Dunn post-hoc test with Bonferroni correction which revealed a three tier
structure. In this structure, crowding distance and hypervolume based tree
selection formed the best performing, adaptive epsilon clusteringl the second
best and UCB the worst tier. There were no statistically significant differences
between the simulation methods, which implies that they do not meaningfully
affect the solution quality. The poor performance of UCB based tree selection
can be attributed to insufficient parameter tuning. To close this chapter we
want to name the scientific contributions of this thesis to the field of pathfind-
ing in path influenced environments. The first novelty is the problem itself.
A roundtrip problem in PIE’s was never considered in the papers that are
published at this point in time. While Niibel et al. [30] and Speidel [33] tried
to solve the problem of pathfinding in these environments, they only consid-
ered problems that had a definitive start and goal point, which differs from
a roundtrip. One could argue that the roundtrip problem is more challeng-
ing, as it requires more structured shifts to carve a corridor, ensuring that no
weight needs to be moved during the second half of the path. Another novelty
proposed in this thesis is the two phase A* pipeline that we aimed to use as
a baseline. Speidel [33| used a single A* algorithm with scalarized objective
values to navigate the environment, which is a valid approach for the prob-
lem but lacks flexibility and produces only one result per run. Our approach
finds a complete Pareto front in a single run and is applicable to both PIEs
and traditional pathfinding environments with a mix of static and dynamic
obstacles. Lastly, the final novelty of this thesis is the application of MCTS
to PIEs. While the concept of MCTS is widely known and finds application
in traditional pathfinding and pathplanning, it was thus far never used in this
kind of new environment. Again referring to Niibel et al. [30] and Speidel [33],
both of them used mainly evolutionary algorithms to solve the problem. Be-
sides the mentioned A* version in Speidel’s bachelor thesis, no other approach
was ever tested. Thus, we adapted this algorithm to the problem at hand and
also proposed a new tree selection method in adaptive epsilon archive based
tree selection, which was to our knowledge not known before. While it did not
produce the results we hoped for, we again want to reiterate that a parameter
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tuning study would be needed to accurately determine how powerful MCTS
could be in the shown configurations.

What we now want to talk about to finalize this thesis is the future research
that in our opinion might be interested in this field. A parameter study
would be a crucial step toward effectively applying Monte Carlo Tree Search
to pathfinding problems in Path Influenced Environments. If we look at our
setup we can see that we have many tunable hyperparameters, which range
from the total evaluation budget, the number of actions per simulation and the
number of simulations per child to the hyperparameters of UCB1 or the dif-
ferent sampling methods. Similarly, a correlation between different map sizes
and parameter settings could also be evaluated. Another important research
question regarding the proposed A* pipeline would be whether it is capable
of deterministically finding the true Pareto front for PIEs, which remains to
be formally proven or disproven. The last and perhaps most significant area
of research specific to Monte Carlo Tree Search in this field would be the
exploration of alternative tree and root selection methods, as well as novel
simulation techniques. While we found that there were no significant differ-
ences among the simulation methods that we used, there might be approaches
that can effectively exploit the characteristics of the problem, which may lead
to better results. In our opinion these different mechanisms on their own can
have a large impact on the quality of results that are achieved and while we
tried to adapt to the problem using i.e. the Pareto archive, there might be
other and better approaches to make this algorithm competitive.
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Appendix

Table 1: Configurations reaching the Pareto-optimal point (steps=98,
weight=0.0) on easy_map 50 x 50. Hits = number of runs achiev-
ing the optimum out of 30. Tree selection: hv = hypervolume, cd
= crowding distance, aega = adaptive epsilon grid archiving. Simu-
lation: 1ight = light rollout, heavy_dist = heavy distance weight,
heavy_sq = heavy square sampling.

Tree Simulation Budget Per-Sim Sims Hits

hv light 1,000,000 150 50 30
hv heavy_dist 500,000 150 25 30
hv light 1,000,000 100 25 29
hv heavy_dist 200,000 100 50 29
cd heavy_sq 500,000 75 20 29
cd light 200,000 75 25 28
cd light 500,000 75 20 28
hv light 1,000,000 75 100 28
hv light 500,000 100 100 28
cd heavy_dist 1,000,000 75 100 28
hv heavy_dist 1,000,000 75 100 28
hv heavy_dist 1,000,000 100 25 28
hv heavy_sq 1,000,000 75 100 28
hv heavy_sq 500,000 75 20 28
hv heavy_sq 500,000 100 100 28
cd heavy_sq 1,000,000 100 25 28
hv light 500,000 75 50 27
cd heavy_dist 1,000,000 150 50 27
cd heavy_dist 500,000 150 25 27
hv heavy_sq 1,000,000 100 25 27

continued on next page
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Table 1 — continued

Tree Simulation Budget Per-Sim Sims Hits
hv heavy_sq 1,000,000 150 50 27
hv light 200,000 100 50 26
cd light 500,000 150 25 26
cd light 1,000,000 150 50 26
cd heavy_dist 200,000 100 50 26
cd heavy_dist 200,000 75 25 26
hv heavy_dist 500,000 75 50 26
cd heavy_dist 500,000 75 20 26
cd heavy_sq 200,000 75 25 26
cd light 500,000 100 100 25
hv light 200,000 75 25 25
cd light 1,000,000 75 100 25
cd heavy_sq 200,000 100 20 25
cd heavy_sq 500,000 100 100 25
hv heavy_sq 500,000 150 25 25
hv heavy_dist 200,000 75 25 24
hv heavy_dist 500,000 100 100 24
hv heavy_dist 1,000,000 150 20 24
cd heavy_sq 1,000,000 75 100 24
hv heavy_sq 200,000 100 50 24
hv heavy_sq 200,000 75 25 24
cd heavy_sq 500,000 150 25 24
hv light 500,000 150 25 23
cd heavy_dist 500,000 100 100 23
cd light 200,000 100 50 22
cd heavy_dist 1,000,000 100 25 22
cd heavy_sq 1,000,000 150 20 22
cd light 1,000,000 100 25 21
aega heavy_dist 200,000 75 25 18
aega light 500,000 5 50 17
aega light 1,000,000 150 50 17
aega heavy_dist 1,000,000 150 20 17
aega heavy_sq 200,000 75 25 16
aega heavy_dist 1,000,000 75 100 14

continued on next page
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Table 1 — continued

Tree Simulation Budget Per-Sim Sims Hits
aega heavy_dist 500,000 150 25 14
aega heavy_dist 500,000 75 20 14
aega heavy_sq 500,000 75 20 14
aega heavy_sq 1,000,000 100 25 14
aega light 1,000,000 100 25 13
aega heavy_dist 1,000,000 100 25 13
aega heavy_sq 1,000,000 150 50 13
aega heavy_sq 500,000 150 25 13
aega heavy_sq 1,000,000 75 100 12
aega light 1,000,000 75 100 11
aega light 500,000 150 25 10
aega light 200,000 75 25 9
aega heavy_dist 500,000 100 100 8
aega light 500,000 100 100 7
aega light 200,000 100 20 7
aega heavy_dist 200,000 100 50 6
aega heavy_sq 200,000 100 50 5
aega heavy_sq 500,000 100 100 5
hv heavy_sq 200,000 150 100 2
cd light 200,000 150 100 1
cd heavy_dist 200,000 150 100 1
hv heavy_dist 200,000 150 100 1

Table 2: Configurations reaching the Pareto-optimal point on easy_map 35 X

35. Hits = number of runs achieving the optimum out of 31. Tree se-

lection: hv = hypervolume, cd = crowding distance, aega = adaptive

epsilon grid archiving. Simulation: 1ight = light rollout, heavy_dist

= heavy distance weight, heavy_sq = heavy square sampling.

Tree Simulation Budget Per-Sim Sims Hits
cd light 200,000 75 25 31
hv light 500,000 75 50 31

continued on next page
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Table 2 — continued

Tree Simulation Budget Per-Sim Sims Hits
hv light 500,000 100 100 31
cd heavy_sq 500,000 75 50 31
hv heavy_sq 500,000 75 20 31
hv heavy_sq 500,000 150 25 31
hv heavy_dist 200,000 75 25 31
cd heavy_dist 1,000,000 75 100 31
cd heavy_dist 1,000,000 150 50 31
hv light 500,000 150 25 30
hv light 200,000 75 25 30
hv light 1,000,000 150 20 30
cd heavy_sq 1,000,000 75 100 30
hv heavy_sq 200,000 100 50 30
hv heavy_sq 200,000 75 25 30
hv heavy_sq 1,000,000 100 25 30
hv heavy_dist 1,000,000 75 100 30
cd heavy_dist 1,000,000 100 25 30
cd heavy_dist 500,000 75 50 30
hv light 200,000 100 50 29
hv light 1,000,000 100 25 29
cd light 500,000 75 20 29
hv light 1,000,000 75 100 29
cd light 1,000,000 75 100 29
cd light 1,000,000 150 50 29
hv heavy_sq 1,000,000 75 100 29
cd heavy_sq 500,000 150 25 29
cd heavy_sq 1,000,000 100 25 29
hv heavy_dist 500,000 100 100 29
cd heavy_dist 200,000 100 20 29
cd heavy_dist 500,000 100 100 29
hv heavy_dist 1,000,000 150 50 29
hv heavy_dist 200,000 100 50 29
hv heavy_dist 1,000,000 100 25 29
cd heavy_dist 500,000 150 25 29
hv heavy_dist 500,000 150 25 29

continued on next page
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Table 2 — continued

Tree Simulation Budget Per-Sim Sims Hits
cd light 500,000 100 100 28
cd light 500,000 150 25 28
hv heavy_sq 1,000,000 150 20 28
hv heavy_sq 500,000 100 100 28
cd heavy_sq 1,000,000 150 20 28
cd heavy_dist 200,000 75 25 28
hv heavy_dist 500,000 75 50 28
cd light 1,000,000 100 25 27
cd light 200,000 100 50 27
cd heavy_sq 200,000 75 25 27
cd heavy_sq 500,000 100 100 27
cd heavy_sq 200,000 100 50 24
aega heavy_sq 200,000 75 25 21
hv heavy_sq 200,000 150 100 21
aega heavy_sq 500,000 150 25 21
aega heavy_dist 500,000 75 50 20
aega light 1,000,000 100 25 19
aega light 200,000 75 25 19
aega heavy_sq 500,000 75 20 19
aega light 1,000,000 75 100 18
aega heavy_dist 1,000,000 5 100 18
aega heavy_dist 1,000,000 100 25 18
aega light 500,000 150 25 17
aega heavy_sq 500,000 100 100 17
aega heavy_sq 1,000,000 100 25 17
cd heavy_sq 200,000 150 100 17
aega heavy_dist 200,000 75 25 17
aega heavy_dist 500,000 100 100 17
aega heavy_dist 1,000,000 150 20 16
aega heavy_sq 1,000,000 5 100 15
aega heavy_sq 1,000,000 150 50 15
aega heavy_dist 500,000 150 25 15
aega light 500,000 75 20 14
aega light 500,000 100 100 12
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Table 2 — continued

Tree Simulation Budget Per-Sim Sims Hits
aega heavy_sq 200,000 100 50 12
aega light 1,000,000 150 50 11
aega light 200,000 100 50 8
aega heavy_dist 200,000 100 20 6
aega heavy_sq 200,000 150 100 5
cd heavy_dist 200,000 150 100 2
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