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This bachelor’s thesis is an experimental study in which the research focus is on a self-
made Al and its usage as a level generator. These Als made in this thesis use only a few
free tools such as code language, code editor, and standard libraries.

The Als were made with Python using Visual Studio Code as a code editor. The code
libraries used in this thesis are Math, Random, Os, and Pygame and their usage is kept to a
minimum. The Als utilize evolutionary computing to improve with three training methods:
fixed, difficulty-changing, and cooperative training.

The Als used two different architectures which differ by size and layer structure. The first
version which uses one-dimension layers performed best with cooperative training while
the second version which uses two-dimensional layers performed best with fixed training.
Singular AT couldn’t produce more than one map thus making them useless for actual level
design.

The limits of this thesis were mostly due to the available computational power thus each
Al was trained for 50000 iterations. The work was done using a minimal amount of tools
and libraries to ensure they are self-made Als.
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1 Introduction

This bachelor’s thesis focuses on topics of artificial intelligence, do-it-yourself (DIY),
procedural content generation, level design, and video games. More specifically, this
bachelor’s thesis explores the idea of indie developers making an Al for procedural content
generation for their games. This thesis produced three artifacts. Two of them are different
Als that generate maps for a 2D video game and one of the artifacts is an Al that solves

maps. The specific information about Als is explained in Chapter 4.

The problem this thesis solution solves is the task of creating levels. The solution tries to
reduce the burden of the level designer and give an automatic tool(s) to level design. The
specific research questions that this bachelor’s thesis dresses are the following, is self-
made indie Al as a content generator a viable solution for level design, how could it be
done, does different ways of making AI matter significantly, and what resulting AI(s) can

do and how they compare to each other and hand-made maps.

This thesis focuses on these questions. Different technologies powering Al continue to
expand (Saxena and Cao, 2022, p. 1). So, it is beneficial to explore the possibilities and the
limits of current technology in order to find usage cases for the current and possible usage
cases for the new technologies. This thesis explores the possibilities of an Al improving
procedural content generation as a level design tool. Procedural content generation has a
lot of benefits. Procedural content generation gives better tools for making larger games
and makes game design more efficient (Shaker, Togelius and Nelson, 2016, p. 3-4;
Rodrigues, Bonidia and Brancher, 2020, p. 1-2). Procedural content generation aids
companies to be more competitive in the game industry (Adrian and Ana Luisa, 2013, p.
1). Using procedural content generation to generate part of games can reduce the size of
downloadable content by making a game smaller (Hendrikx, Meijer, vad der Velden,
Iosup, 2013, p. 3; Summerville, Snodgrass, Guzdial, Holmgard, Hoover, Isaksen, Nealen,
and Togelius, 2018, p. 257, 259). With procedural content generation, games can adapt to
players’ actions (Summerville et al., 2018, p. 257).



This thesis will focus on simple and low-level Als each having a singular neural network.
This excludes modular Al, AI with more complicated filters than checking that something
has been produced, and other Als than neuron network-based. The level design will focus
only on 2d platformer levels which consist of only five types of objects: block, triangle,
empty tile, starting point, and ending point. This thesis will not focus on game design; it
will focus only on level design. The main focus stays on Al, how it can produce a map, and

are the maps useful enough that a level designer can use them as a base for proper maps.

The methodology used in this thesis is design science methodology. It is a straightforward
methodology for designing a level designer Al. It follows three basic steps which are
problem identification, solution, and evaluation. The methodology is explained in detail in

Chapter 3

Procedural content generation (PCG) is mainly used in video games to make them more
responsive to players’ actions and to generate new areas in an open world games (Hendrikx
et al., 2013, p. 2-3, 6, 10; Shaker et al., 2016, p. 3-4). PCG uses algorithms to

automatically make content as developers see fit and PCG is usable across media.

Al can be defined in several different ways. In this thesis, Al is defined as an algorithm
that can be taught. This stems from the idea that a static algorithm, which does not change
once written, is simply a finished product. In contrast, an Al algorithm is dynamic and
capable of learning, making it an evolving entity with a specific objective. Typically, this
objective is to maximize the reward from its actions, which guides the algorithm's learning

and decision-making processes.

Level design is itself an art of creating levels for players or users to play and use. The level
may be a 2d plane with obstacles, path, and goal or the level may be 3d space with objects,
or even a menu-like interface for the user. In this thesis, the Al is meant to make a 2d plane

with obstacles, a start point, and a goal point.

Reinforcement learning is a system where the AI production is evaluated and rewarded
accordingly (Mishra, 2023, p. 3). Evolutionary computing is a class of algorithms where
multiple instances with some difference from the original are produced and then evaluated
individually (Sun, Yen and Zhang, 2023, p. 3). Adversarial is a system of two Al where the
other is a generator and another is a evaluator which train each other (Ruiz-Garcia,

Schmidhuber, Palade, Took, Mandic, 2021, p. 199). In this thesis adversarial training is
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changed to be cooperative where the generator tries to maximize its reward from the solver
by minimizing the solver’s required steps to complete and the solver improves by the
feedback about how precise and how accurate the path taken was. These are the different

learning systems used to teach the Als made in the thesis.

This bachelor’s thesis consists of 7 chapters. The first chapter is the introduction. It tells
what the bachelor’s thesis is about, the reasoning why it is done, some notably relevant
background information, the research method used in this thesis, and the research questions
that this thesis answers. The second chapter focuses on related studies and background
information. It goes over several different references what they have done and how it
impacts this thesis. The third chapter explains the research method used to complete this
thesis and its research. It dives deep into how and in what order action should be done.
Chapter four focuses on the artifact this thesis produces, the artifact, procedural map
generator Als. The chapter is divided into how the Als were done, how they worked, how
they were trained, and what they produced in the end. In chapter five, the Als made in this
thesis are evaluated and compared to other similar Als. Chapter six is a discussion chapter
where more personal thoughts about the artifact are brought up. The sixth chapter also has
important recommendations for future research on similar topics. The seventh and last
chapter is all about the conclusion, what has been done, what does the artifacts impact, and

how they can be continued in future research.
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2 Related studies

In these sections, multiple related studies for this bachelor’s thesis are covered to give
background insight on the subject. These related studies include explaining the PCG,
different types of Als and learning algorithms, and similar studies where an Al is used to
make procedural content generation. These are relevant to the artifacts in this thesis as the

artifacts are PCGs and use different learning algorithms.

21 Procedural content generation

This section describes other related studies in procedural content generation. This focuses
more on why procedural content generation is advantageous for entertainment production

and more specifically in video game production.

A book Procedural Content Generation in Games about procedural content generation in
video games was published in 2016 that explains PCG. While it is admitted that the
definition of PCG used is somewhat arbitrary, a list of examples is provided where what is
or isn’t considered a PCG. In the end, PCG was defined as an algorithmic way to generate

game content. (Shaker et al., 2016, p. 1-3)

”PCG is the algorithmic creation of game content with limited or indirect user input”
- (Shaker et al., 2016, p. 1).

Several reasons for developing and using PCG were brought up. PCG usage could reduce
needed work for finishing a game as it could make work more efficient for artists and
designers. This makes it possible to make the same level of quality faster and cheaper.
While PCG can cause loss of jobs, it can be used to make even better and bigger products
cheaply. It may even open doors for endless games where new content is generated as
players progress. The content could be modified for each players’s needs thus making the
game tailored for each player. It is stated that developing PCG helps developers understand
design more thoroughly as making it an algorithm makes producing content consistent.

(Shaker et al., 2016, s. 3-4)
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A survey Procedural Content Generation for Games about PCG for games brings up
alternative views to PCG. The survey focuses on procedural content generation for games
(PCG-G). It’s defined slightly more generously as all algorithmically generated content in
a game for the entertainment of players is considered Procedural Content Generation.

(Hendrikx et al., 2013, s. 1-2)

This survey brought up a video game called .kkrieger which is a first-person shooter (FPS)
video game with a size of 100 KB. This game uses deterministic procedural content
generation to generate its content while running thus making the game need less storage

space on a disk. (Hendrikx et al., 2013, s. 3)

Another research Procedural Content Generation via Machine Learning about using
machine learning for PCG states that procedural content generation via machine learning
(PCGML) is useful as autonomous content generation which is useful when online content
generation is needed. A second use case for PCGML would be the designer assistant,
which a designer uses as a tool to make fixed content for the game. A third use case for
PCGML is to fix designed content like a map that has impassable terrain. This could make
an analysis and give feedback to the designer about the game design. The fourth use case
would be data compression since content requires space, by generating the content on the

run the game size would be smaller. (Summerville et al., 2018, p. 257-259)

2.2 Different types of Al

All kinds of content for video games can be procedurally generated and all of these can
utilize different types of Als. These include but are not limited to different kinds of neural
networks, probabilistic models, and decision trees. These AI tools for procedural content
generation may work as an independent process that generates as the player progresses, or
as a guided tool that generates area in the development phase with a developer as a guide.

(Summerville et al., 2018, p. 257-259)

The research about PCGML continues by focusing on a procedural content generation Al

that generated functional content which is content that affects the gameplay mechanically.
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This includes maps, items, enemies, and non-player characters (NPC). The research
focuses on how these kind of AI are made and what are their attributes as an Al

(Summerville et al., 2018, p. 258)

The research separates PCGML into fifteen categories. These categories form from data
representation which is the type of data the AI handles and from the training method which
is how the Al learns to make procedural content. The data representations are Graph,
Sequence, and Grid. Sequence data representation is content ordered by timeline. One
variation of Al that handles sequence data is long short-term memory recurrent neural
networks. Graphs are generalizations of data but lack structural properties. Grids are large
arrays that hold tile data in tile-size cells. One grid utilization AI type is called
Multidimensional Markov chains which are an Al that handle inputs where the given state
has surrounding area and not a single strip of one-dimensional data. (Summerville et al.,

2018, p. 259-265)

The training methods are matrix factorization, expectation maximization, frequency
counting, evolution, and backpropagation. Frequency counting is the probabilities of
outcome which can be used to train Al to determine the most probable outcome of a state
given as an input. In evolution training, content generators are created and evaluated based
on the output of the generator compared to a data set. In backpropagation, artificial neural
networks are evaluated in parts to find which of the parts causes errors and then reweighed
to match the required outcome. In matrix factorization, training data is compiled into small
matrices that work as a generalization of the training data. In expectation maximization Al
is taught to reach expected values at maximum likelihood. (Summerville et al., 2018, p.

259-265)

The research concludes that it is hard to compare the different styles of Al as there isn’t a
good metric for them. With this in mind, long short-term memory networks were more
time-consuming to train and required more computing power to use than multidimensional
Markov Chains. Matrix factorization has the most memory usage. Multidimensional
Markov Chains, evolved neural networks and matrix factorized are generally smaller in

size than back-propagated neural networks. (Summerville et al., 2018, p. 268)

There exists another research Deep learning for procedural content generation that focuses

on different Al types and their pros and cons. It goes over multiple types of Al including
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long short-term memory, generative adversarial networks, and deep variational
autoencoders. Generative adversarial networks are made of two networks where one
generates the content and the other tries to identify if the content is realistic or generated
(Mohebbi Moghaddam, Boroomand, Jalali, Zareian, Daeijavad, Manshaei, and Krunz,
2023, p. 9771). The research explains five different training methods which are supervised
learning, standard unsupervised learning, reinforcement learning, adversarial learning, and
evolutionary computation. The research concludes that machine learning in PCG has
expanded vastly and predicts even more expansion in the future. (Liu, Snodgrass, Khalifa,

Risi, Yannakakis, and Togelius, 2021, p. 19-20, 22-27)

There is a journal article Games of GAN purely focusing on generative adversarial models
and using them in games. A generative adversarial network consists of two AI models
where one is a generator and the other is a discriminator. The generator makes products
and the discriminator tries to guess if it is Al or human-made. This becomes a game
between two Als where both improve. The survey consists of three parts: modified game
mode, architecture modification, and modified learning algorithms. In the modified game
mode section, the survey focuses on the interaction of the generator and the discriminator.
In the architecture modification section, the survey changes from a one generator versus
one discriminator game to a multiple generators versus multiple discriminators game. The
modified learning algorithms section goes over different learning methods including No-
regret and Fictitious play. The survey concludes that while generative adversarial networks
perform well they have instability problems. The training suffers from that the Als try to
improve only themselves and not others. The survey suggests future research about the
learning methods and testing different types of learning with generative adversarial
networks. (Mohebbi Moghaddam et al., 2023, p. 9771-9773, 9780-9801)

2.3 Evaluating procedurally generated content

A research Procedural versus human level generation: Two sides of the same coin? is
about comparing procedurally generated content to hand-made content. In this experiment,
507 participants where given playable content about math to improve users’ math skills.
The metrics to evaluate the content were the likelihood to replay the game, experience fun

during the game, experience description, and curiosity of the participant. The research
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concluded that the difference was marginally in favor of hand-made content with each of

the four metrics used to evaluate the content. (Rodrigues et al., 2020, p. 1-4, 10)

Another research Procedural Content Generation of Puzzle Games using Conditional
Generative Adversarial Networks focuses on specifically generative adversarial networks
and using them to generate levels on the game Lilly’s Garden. Generative adversarial
networks are made of two networks where one generates the content and the other tries to
identify if the content is realistic or generated (Mohebbi Moghaddam et al., 2023, p. 9771).
The research makes two Als with small differences in architecture. The Al are Wasserstein
generative adversarial network using gradient penalty with parametric embeddings and
conditional Wasserstein generative adversarial network using gradient penalty. Wasserstein
is a mathematical function to calculate the difference between distributions and a
perceptual loss and Wasserstein is used to improve generative adversarial networks
efficiently (Arjovsky, Chintala and Bottou, 2017; Lu, Wang, Carneiro, and Yang, 2019, p.
1-3). Gradient penalty is an improvement to instability caused by Wasserstein (Gulrajani,
Ahmed, Arjovsky, Dumoulin, and Courville, 2017, p. 2-3). The gradient penalty works by
only giving a penalty instead of fixed constraining by the Wasserstein (Gulrajani et al.,
2017, p. 3-5). Parametric embeddings are just a parametric input given by the user as a
request for a desired outcome. Conditional in this context of generative adversarial
networks is just like parametric embeddings but the parameters are also given to a
discriminator. The research concluded that both Als performed well but the conditional
Wasserstein generative adversarial network using gradient penalty was better, although
neither could follow the piece-distribution-vector which is the distribution of level pieces
by likelihood of being present presented as a vector. (Hald, Hansen, Kristensen, and

Burelli , 2020, p. 1-4, 8-9)

There is an experimental study Procedural Level Generation for Sokoban via Deep
Learning about four different types of Al used for a level generator for a game called
Sokoban which is a 2D puzzle game where player pushes crates to a goal tile. The four
types of AI used are bootstrapping using different designs, generative playing network
(GPN), controllable and uncontrollable PCG via reinforcement learning (PCGRL). The
bootstrapping retrains itself from original training data and previously made successful

maps. PCGRL in this study uses Markov decision where the Al agent modifies given level
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and is then rewarded for how well it performed. GPNs consist of two Als where one is a
generator and the other one is a solver which is a reinforcement learning (RL) agent. The
difference between controllable and uncontrollable PCGRL is that controllable has a few
extra integers between and including -1 and 1 which correspond to level properties
including the number of crates and the length for the shortest solution. The generator tries
to generate as hard as possible levels that are passable and the solver tries to solve them in
the least amount of steps as possible. The study concludes that uncontrollable PCGRL was
best at making quality maps and having the most diversity in maps but it suffered from
long training time and from being uncontrollable. When control is a necessary aspect of a
level a bootstrapping with long short-term memory was the best. (Zakaria, Fayek and

Hadhoud, 2023, p. 108-111, 114-120)

In the Electronic Arts (EA) research paper Adversarial Reinforcement Learning for
Procedural Content Generation (ARLPCG), they made 3d map generators and solvers for
them. Adversarial Reinforcement Learning (ARL) works with two Als where one is the
generator and the other one is a solver. The generator makes levels just hard enough to take
a specified amount of tries or time and easy enough to be solvable while the solver tries to
solve the level as fast as it can. The research uses two games to train and test their Als. One
game is a platformer game where the generator places platforms for the solver to jump on
cooperatively and both aim to get the solver to the goal that was placed at the start of a
scenario. The other game is a racing game where the generator generates the roads from
start point to the finish line and the solver drives through the road. (Gisslén, Eakins,

Gordillo, Bergdahl, and Tollmar, 2021, p. 1-5, 8)

The research’s one aim is to make general agents that don’t need re-training for every
update of the game thus being able to adapt to the new surroundings. This would reduce
the total training required thus making them more feasible. The research approaches the
challenge of changing variables and environments for AI agents to prepare them for new
scenarios. The research states probable use cases for the AI agents which include
automated testing of new content and responsive generation for player actions. In the
research result section, the research answers questions: can the generator output be affected
with additional input and are solving agents trained using ARLPCG better solve unseen
scenarios as fixed-trained solving agents? In the case of the solver Al that was trained in a

changing environment generally performed better than the fixed-track trained solver Al
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The generator adapted to the auxiliary input and developed accordingly. When auxiliary
input was 1 which meant easy levels, the generator generated easier levels in both games,
and likewise when auxiliary input was -1 indicating a hard level the generator provided
causing the solver to have a lower clearance rate of the generated level. The hardness of a
level in the platform game is formed from the distance of the blocks placed by the
generator and in the racing game hardness comes as curves on the road. (Gisslén et al.,

2021 p. 5-8)
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3 Research Methodology

This chapter covers the research methodology used in this thesis and the overall life cycle
of this thesis. This chapter will go over the processes in order how the actions based on the
research methodology are followed. A research methodology is a systemic way to make
high-quality research on a subject and communicate it to others (Peffers, Tuunanen,
Rothenberger, and Chatterjee, 2007, p. 50). The methodology used in this thesis shall be
design science methodology since researching by making an Al is a clear way to show the
outcome and possible problems with the Al Its main point is to focus on an artifact that
acts as the solution to the problem researched (Peffers et al., 2007, p. 49; Venable, Pries-
Heje and Baskerville, 2017, p. 2; Wohlin and Runeson, 2021, p. 4-5).

3.1 Design Science Methodology

The design science methodology consists of three main phases: Problem identification,
solution, and evaluation. In problem identification, the research presents the problem and
goes over the related studies to understand the problem completely in its context (Peffers et
al., 2007. p 52-56). In design science, the solution is reached with an artifact (Peffers et al.,
2007. p 49). The artifact is usually a concrete system or a tool developed for the problem.
The artifact may utilize known general solutions or be specifically developed for this
problem. The evaluation step is where the artifact is evaluated in terms of, whether it a
solution to the problem and how well it works as the solution to the problem (Wohlin and
Runeson, 2021, p. 4-5). The artifact should be relevant to the problem (Peffers et al., 2007,
p. 52, 56).

The design science methodology consists of eleven activities which are categorized under
the three main phases. The problem identification phase consists of four activities which
are: Identify problem, Literature review, Expert interviews, and pre-evaluate relevance.
The solution phase forms from two activities: design artifact and literature review. The
evaluation phase consists of four activities which are: refine hypothesis, case study/ action

research, expert survey, and laboratory experiment. Outside of these phases, there is one
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activity which is summarizing results which is done last to conclude the research according

to the research method. (Wohlin and Runeson, 2021, p. 5-6)

Identify problem is the main part of the problem identification phase. Identify problem
consists of researching the problem and the context where the problem is usually present.
The literature review which is part of the problem identification phase supports the identify
problem activity and focuses on how other studies have defined the same or a related

problem and handled the same or a related problem. (Wohlin and Runeson, 2021, p. 5-6)

Expert interviews are part of the problem identification phase and should support the
identify problem activity. It is similar to a literature review as expert interview searches
related information to the original study. The difference is that the related information is
obtained by interviewing researchers and other experts in the area of study, and obtained
information is also used for assessing the relevance of the problem in addition to how is the

problem identified and how is it solved. (Wohlin and Runeson, 2021, p. 5-6)

Pre-evaluate relevance concludes the first phase known as problem identification. Its main
focus is to hypothesize how the solution should solve the problem and what the problem

is. (Wohlin and Runeson, 2021, p. 5-6)

Design artifact is part of the second phase known as solution design. Design artifact
activity is the part where the artifact is designed. The artifact may be a tool, model, or
technique to solve the problem identified in the previous phase (Peffers et al., 2007, p. 55)
(Wohlin and Runeson, 2021, p. 4-5). The activity itself is a creative process and may need
problem redefinition due to unexpected situations during the process thus second literature
review might be needed. The second literary review consists of reviewing more related
studies to find a better definition of the problem and a better solution for it. (Wohlin and

Runeson, 2021, p. 5-6)

Refine hypothesis is the start of the third phase known as evaluation. The research
hypothesis might not be as precise as the research needs so it needs to be refined to be
specific for the research. The evaluation is usually done with a case study or action
research but may have in addition expert survey or laboratory experiment to support the

evaluation. (Wohlin and Runeson, 2021, p. 5-6)

Summarize results is the final step of the research. Summarize result activity is a collection

of the problem, the reached solution, and the evaluation of the solution (Wohlin and
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Runeson, 2021, p. 5-6). This activity has the main result of the research stated and the

artifact’s relevance to the problem.

3.2 Methodology practice

This thesis will use the above-described method of design science somewhat loosely since
this is only a bachelor’s thesis which ideally would be around 30 pages. This thesis still

does most of the described sections from each phase of the design science methodology.

This thesis mostly does the problem identification as the method described but leaves out
the expert review part due to it being feasible in this thesis. This means that from phase one
the sections problem identification, literature review, and pre-evaluating relevance are in

this thesis, and more precisely they are located in the introduction section 1.

From the solution phase, only the design artifact is phase is used since the nature of this
thesis an indie project without major libraries and complex knowledge of the nature of Als.
The design artifact is section 4 labeled as results. The solution literature review would
make this bachelor’s thesis way more bloated than it needs to be hence it is not part of this

thesis.

From the evaluation phase, the sections’ expert survey and laboratory experiment will be
dismissed due to they do not fit into this thesis. Refine hypothesis is done somewhat
loosely due to the nature of this thesis being an experimental test that can a level design Al
be done as an indie project. The section case study/action research is done as a small
comparison in section 5 where the Als made in the thesis are compared to each other and a

few similar Als made by others.

Lastly, the summarize results are separated into multiple sections. These sections include
abstract, conclusions, and discussions but the conclusions section is the main summarized

results section.
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4 Results of the Artifacts

In this thesis, the main part is the self-made Als. These are map maker Als that do not
utilize major libraries or training data from outside sources thus making the Als properly
self-made. In this chapter, questions: how the Als are made, how the Als work, and how
the Als are trained, are answered. The link to the artifacts’ location in the GitHub

repository is here (Jalkanen, 2024).

4.1 making of said Als

This chapter goes over how the different Als are made and explains the choices used in
making those Als. The chapter goes over the tools, libraries, and other equipment used to

make the Als and this thesis.

4.1.1 Overall tools and choices

The tools used in the thesis are Visual Studio Code, GitHub, LibreOffice, Grammarly, and
Zotero. Visual Studio Code is the programming tool and code editor where all coding,
testing, and usage of the Al and related code is done. GitHub worked as the version control
tool and as a backup system for the artifacts. GitHub offers a proper timeline of when,
where, and what was coded. LibreOffice is a free document editing tool. Zotero is a
software for source control used in this documentation. Grammarly was used for

spellchecking.

There were four libraries used for the Als. The libraries were Random, Math, Os, and
Pygame. Random library is a standard library that gives randomization functions in Python
which was used when generating an Al, generating a base for the Al to make a map, and
making evolution training possible as mutations needed to be random. The Math library
gives mathematical functions to Python and it was used to calculate reward in case of

changing-difficulty training where Euclidean distance was needed. The Os library is only


https://github.com/jepuli124/FirstSelfMadeAI
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to manipulate directories. The Pygame is used to display the game as a neat addition to this

project to give a user the ability to witness and test the product of the Als.

All of the Als use simple neural networks. This means that they are constructed from nodes
that form layers and bridges that connect the layers. This is because neutral networks have
known ability to adapt to nearly any task although they are hard to optimize (Dehuri, Cho
and Ghosh, 2011, p. 1).

All of the training methods utilize evolutionary computation. Evolutionary computation is
frequently used to optimize an Al as it does not require a large amount of training data,
problems, or accurate references (Sun et al., 2023, p. 3). This is useful in this thesis as
training data isn’t always something that can be used in an indie project. The thesis uses
reward rules to reward the map-making Als and evolutionarily improve them according to
the reward so no training dataset is used for the map-making Als. The map solver Al uses
Al-generated and hand-made maps to train itself, which in turn is also a good place to use

evolutionary computing as these maps change and aren’t large amounts of training data.

There are two rewarding structure models used in this thesis. The first one is reinforcement
learning and the second one is cooperative learning. In reinforcement learning, a rule set is
created and a system evaluates the outcome giving rewards and penalties according to that
rule set (Mishra, 2023, p. 3). In this thesis, reinforcement learning is used throughout each
of the AI’s learning to guide each Al to better results. The second rewarding structure uses
a system similar to adversarial learning. In adversarial learning, two Als known as a
generator and a solver play a zero-sum game (Ruiz-Garcia et al., 2021, p. 199). These two
Als slowly train each other. In the cooperative version, both Als gain from the other
succeeding which causes the generator to help the solver. Adversarial has been proven
efficient for machine learning and has been used widely on different tasks their problems

such as overfitting and mode collapse (Ruiz-Garcia et al., 2021, p.199).

4.1.2 Map maker version 1 (selfAl)

In the first version of the map maker Al, the layers are one-dimensional. This was due to
them being easy to implement and only required two-dimensional bridges except the last
and the first bridges needed to be three-dimensional to transfer data from one-dimensional

layer to the map grid and vice versa.
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In a few first versions of the selfAl, the input was added raw to the first layer but due to the
layer being only 10 nodes wide and in a one-dimension space, it wasn’t affecting the result

so in the end a three-dimensional bridge between input and first layer was added.

The Al instance used for testing had five layers each with ten nodes. This was to add more
nodes for more advanced processing by the Al. More wasn’t added due to the limits of the

available computing power.

The map maker version 1 has a learn rate set to 0.05. The learn rate is a value of how much
each mutation causes change in the Al. In each mutation, three random nodes and six
random bridge weights are picked and for each of them a randomized option of the
following four is added: -learnRate, -learnRate/2, learnRate/2, and learnRate. This makes

the mutations able to in any direction and has a variety of changes.

4.1.3 Map Maker version 2 (improved Al)

The most important change from the first version of map maker Al is that all layers are
two-dimensional and all bridges are four-dimensional. The two-dimensional structure
doesn’t cause as large data loss when calculating when compared to the one-dimension
with fewer nodes used in the first version. The four-dimensional bridges are necessary for

the transfer of information from one layer to another.

The improved version has 2 layers due to a singular layer having 100 nodes in two-
dimensional space. The number of layers was lowered from the first version due to the
limit of computing power but this model still has mode nodes. The first version has a total

of 50 nodes and the second version has a total of 200 nodes.

In version 2, the learning rate was lowered to 0.04 to make the fine-tuning of the AI more
precise. There are more nodes and bridges but the number of nodes and bridge values
changes remains the same as in version 1. This makes the changes smaller and more

precise.

4.1.4 The training Al (mapSolverAl)

The Al used for training the map maker Als, is an Al that is designed to solve maps. It uses

the same structure as the improved Al as it provided better results in the first rounds of
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testing. The training AI has two layers each with 100 nodes in a two-dimensional matrix

and the bridges are four-dimensional.

The learning rate of the map solver Al changes according does it completes a map. It starts
from 0.005 and each time it can’t solve a map up to 50 times in a row the learn rate grows
by 0.0025 before returning to the original value. This makes evolution faster and also

makes it possible to make more precise adjustments when it completes maps in a row.

4.2 How the Als works

These sub-chapters go over how each Al works in detail. The sections are separated by the
different AI versions. The first version is made with intuition and without any guidance
from a source. The second version is an improvement of the first version of the map-
making Al. A third Al made in this thesis is a map solver Al It is used for the map-making

Als cooperative training which is explained in more detail in section 4.3.3.

4.2.1 First version: Experiment

This Al is classified as a neural network. In simple terms, it is a complex if-else tree where
data is handled as float values. The values flow through the network, from one layer to
another, and are matched to the bias of the nodes. A group of nodes form a layer and don’t
directly interact with other nodes in the same layer. It is supposed to mimic how the brain
functions and in this case there are layers connected via tensors called bridges. Between the
last layer and output tensor and between the input and first layer is a three-dimensional
tensor. The tensor works as an interpreter from a one-dimensional vector to a two-
dimensional matrix and vice versa. Originally values from input were used straight without
a bridge between, but due to additional desired difficulty input, it was changed to go

through another weight bridge.

A node gains a signal from all nodes of the previous layer and if the average of these is
more than the node’s bias, it will turn on and pass the signal to the next layer with how
much the average was over the bias. Nodes in the same layer don’t interact with each other

but only with previous and next layers’ nodes.

A bridge works like an amplifier for a signal straight to the next layer of nodes, it may

nullify a signal from a specific node or make it more stronger. A bridge is a matrix that has



25

a weight for each connection from one layer to the next layer which is used to multiply

transferred signal.

The Al either creates a randomly generated map filled with float numbers or uses a given
map as input. The map is run as an input for the first layer of nodes. Then the signals are
passed in an ordered way from one layer to another through bridges designed to be in

between those layers.

The current program/artifact lets a user make any size Al with parameters for node amount
in a layer and amount of layers. A singular bridge size is the node amount plus one in a
layer squared and the first and the last bridge size becomes node amount plus one in a layer
cubed. The node amount in a layer limits the Al maximum map size it can produce.
Amount of layers makes the Al more complex. The standard size tested in this thesis was
10 nodes in each layer and 5 layers which is 50 nodes total which produces exactly 334
rows of information to a text file. The stored information is mostly bridge values as each

node from one layer connects each node to the next layer with different weights.

4.2.2 Second version: Improvements

The second map maker Al is made as an improvement from the first version. The second
uses the same idea as the first one with a few modifications. These modifications include
two-dimensional layers, four-dimensional bridges, and output is read straight from the last
layer of the AI. The modifications caused the AI size to grow from a few hundred to a
thousand rows of information that is saved in a text file. The standard size used in this
thesis for the improved Al was 100 or 102 nodes in a matrix and 2 layers and it produces

exactly 4417 rows of information to a text file.

The effects of the changes are shown in section 4.4 in detail. In summary, this version is

slower to train due to the larger number of nodes, but this version made better maps.

4.2.3 Training Al: map solver

The map solver Al is a neural network-based Al. Structurally it is very similar to the
improved version of map-designing Al as the map-solving Al has a user-specified amount
of two-dimensional layers and four-dimensional bridges. Although structurally similar to

the map-making Als, the map solver Al works differently. A map maker Al needs to run
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through their network only once to produce a map, the map solver runs through its network
multiple times to solve a map. More precisely, the network is run through each step the Al
takes on a map before it is stopped or it reaches the goal. The standard size used in training

the map maker Als was 200 nodes in 2 layers.

The map solver takes as an input the path it has gone through and each object on the map:
an endpoint, a start point (which gets overwritten by the player character), a block, a
triangle, an empty cell, and a player character. The map solver decides each step. The map
solver may decide one of five actions: go to the left, go to the right, go to the up, go to the

down, and stay still. Staying still stops the run.

4.3 Training of the Als

These sections go over different training methods used to train the Als. The sections
explain in detail how each training method was implemented, how rewarding works in
each training, and how they hypothetically should impact the Al. Actual impact is shown

in section 4.4.

4.3.1 Evolutionary training with fixed reward system

The first training system implemented evolutionary computation to improve AI. The
training is run as an iterative loop which is run through for user-specified number of times.
In each loop, the training works by making a hundred copies of the AI and then mutating
each of the copies. Mutation makes a few small random changes to nodes and weights.
Each mutated copy is given the same starting map where each of the Als produces their
own map. Each map is then run through a reward system which gives them a reward point
for the map. The AI with the highest reward is chosen to be the next AI. The best Al
replaces the old Al and a new iteration is then run until the loop has been iterated through
the user-specified number of times. Due to the nature of the fixed rewarding system, the

Als are likely to find a pattern with a high value and keep it.

The fixed reward system is an if-else tree that checks each cell of the map. The reward
system gives rewards according to the table below (table 1.) but in short, it gives points for
empty spaces around the start point and the endpoint, empty spaces on top of blocks and

triangles, triangles next to other triangles, and blocks next to other blocks. This in theory
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makes the Al prefer structures similar to hallways. The top row of the table tells the object
inside of the cell and the left column is the relative location of an object to the object in the
top row. Other cells in the table are the reward amount given for that cell and a cell may
receive multiple rewards. Five objects can be on the map which are: Block, triangle, start
point, end point, and empty space. In the table, start points, and end points are included in
the category empty space on the left column since they aren’t obstacles to the player

character.

Table 1: All rewards by object location to the cell in inspection.

Object and Block Triangle Start point End point
location

Block -0.6 +1.2 +1.2
one below

Block +0.1
one left

Block +0.1
one right

Block, +0.8 +0.8
one below one
left

Block, +0.8 +0.8
one below
one right

Block -0.2 -0.6
one above

Block -0.1 -0.2
two above

Block +0.1
three above

Triangle -0.2 -0.6
One above

Triangle -0.1 -0.2
two above

Triangle -0.6
one below
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Triangle +0.1
one left

Triange +0.1
one right

Empty +0.4 +0.4
one above

Empty +0.4 +0.4
one above
one left

Empty +0.4 +0.4
one above
one right

Empty -0.1
three above

In addition to the rewards in the table above, rewards are given depending on the location
of the start and end points and the amount of spikes and blocks on the map. In the case of
the start point, the reward starts with 2 points and gains -0.3 points for each column it is
from the left side of the map. In the case of the endpoint, the reward starts with -2 points
and gains 0.3 for each for each column it is from the left side of the map. This is to make
the map flow from left to right and to keep the start and end points away from each other.
Rewards from blocks and triangles are calculated with two functions. If there are more

blocks than ¥ of cells in the map reward is calculated as:

((size of the map)/4 - (amount of blocks)) * 0.6 @)
If there are fewer blocks than % of cells in the map reward is calculated as:

(amount of blocks) * 0.6 2
If there are more triangles than 1/5 of cells in the map reward is calculated:

((size of the map)/5 - (amount of triangles)) * 0.6 3)
If there are fewer blocks than 1/5 of cells in the map reward is calculated:

(amount of triangles) * 0.6 4)
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So blocks and triangles give points until a limit is reached and then they cause negative

points.

4.3.2 Difficulty-changing training.

In difficulty-changing training, the map maker Al is given a difficulty value as a
parameter, and the same difficulty parameter is used in the evaluation. This is a similar
method to auxiliary input used in Adversarial reinforcement learning for procedural
content generation (Gisslén et al., 2021, p. 2). This difficulty-changing training is done in
addition to section 4.3.1 fixed reward system rewards since it provides a structural check

for the maps.

There are three difficulty levels in the difficulty-changing training and they mainly affect
the Euclidean distance between the start point and the endpoint and block and triangle
amount. The difficulty-changing training changes the block and triangle amounts with each
difficulty decreasing the block amount and growing the triangle amount. To be exact, the
easiest difficulty is marked as one in code, the block ratio (to map size) is %, and the
triangle ratio is 1/5. On medium difficulty marked by 2, the block ratio is 1/6 while the
triangle ratio is 2/9. On hard difficulty, the block ratio is 1/8 and the spike ratio is %. The
distance of the start point and the endpoint work out similarly as in easy for each unit of
the distance a -0.1 reward is given. On a medium difficulty, this is a +0.1 reward and on a

hard difficulty, it is +0.2.

4.3.3 Training of the map solver Al

The training of a map solver is going to be more time demanding than a map maker since
the map solver needs to be accurate to solve any solvable map and smart to not cause long
training time by running in circles. The implementation of the map solver training was also
tricky and had a few variations. The training was done for 102x2, 52x2, 132x1 and 1722
(The first variable (like 102) tells the size of the layer matrix and the last variable tells the

number of layers.) size of map solver.

The first main training version of the map solver was done using 20 maps 10 of them were

made by map maker Als that were trained with fixed and difficulty-changing training and
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10 of the maps were hand-made. The maps proved to be too difficult which caused the map
solver Al to move in random directions. In this version, a negative reward -2 was given in
cases when the Al did go in the same direction as the previous move, and in cases it didn’t
move. In the end, this whole training resulted in an AI that went in a single direction

regardless of map or other inputs.

The second version of the training improved the first design by adding a comparison of
where the Al ended and the endpoint by giving a negative reward for being farther away
from the endpoint. The training maps were changed to eight easier maps so that the Al was

more likely to reach the goal.

The third version took the negative reward a bit further and wouldn’t even accept an Al
that got stuck on a wall or a border of the map. The map solver itself was changed to stop
moving completely when it chose to stay still. This way is the only way for an instance of
the Al to be evaluated while not reaching the goal since if the Al got stuck on a wall which
was checked that the Al tried to move in that direction three times with no avail the Al

would return a maximum number of steps plus one as mark that it got stuck.

The fourth version removed the requirement of Al to not get stuck as it seemed to hinder
the progress. In this version, the four easiest maps where only one direction was needed
were removed to amplify the need to move in multiple directions. A small modification to
the Al itself was made here. If the AI stayed still once, it ended the run and rewarded the
Al 2 points for not ending the run by getting stuck. During this training phase, the 132x1

and 172x2 models showed the most progress.

In the fifth version of the training, the changes were that the Al got a fixed list length used
to remember the taken path to give the Al more consistent information about its previous
actions. Another change for the memory of the Al was that the first index of the path list
presents now the most recent move as previously it was just an empty list where the last
move would be the last of the list. A major change in the training was made to promote the
progress in all maps. Now if the Al in training fails to succeed a map it tries the same map
again until it can solve it or it has gone through 50 retries. During these retries, the Al’s
learn rate is increased by 0.025 with each try to make learning faster. Rewarding in case of

multiple Als having the same number of steps has changed that repeating moves are
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discouraged more and gives -2 reward instead of -0.1. After around 25000 loops with the

17x2 model, the AI could navigate all four starting maps created for it.

The sixth version of the Al was to stabilize the Al by reducing its learning rate from 0.05
to 0.005 and when failing increasing it by 0.0025. This should cause the AI to make
smaller improvements to itself without ”forgetting” what it has learned. The map pool was
also increased from 4 to 9 by adding maps with more complex structures than near straight
lines, such as a wall between the start point and the endpoint. This is to get the Al to learn
how to navigate past objects. The penalty of hitting a wall was brought back to enforce the
idea of not running into the walls. If the AI faces a wall for 7 times in a row it stops and
returns its step value as maximum number of steps + 1. An increasing negative reward is

given for repetitive movement, -1 more for each same movement in a row.

4.3.4 Training with the map solver Al

Training with the map solver Al is done in addition to the difficulty-changing reward
system in section 4.3.2 and the fixed reward system in section 4.3.1. The system is done
using a cooperative method where a maker and a solver train with each other. The maker
loses fewer points if the map solver can solve the map and the maker looses points for each
step the solver takes to solve the map. The maker loses exactly two reward points for each
step that the solver takes. This was done to test, does the maker adapts to the solver as the
solver itself proved in testing to be somewhat unreliable to solve even the simple maps.

The solver training follows section 4.3.3 to the point.

In a training loop iteration, map makers each make a map which is evaluated according to
the difficulty-changing and fixed reward systems. The best ten of the maps are forwarded
to the solvers and they try to solve the maps. The map maker whose map that was solved
with the fewest steps becomes the new Al to be copied and mutated and the solver who

produced the fewest steps will become the next solver to be copied and mutated.

4.4 Results of the Als

The results were collected from two relatively small AT models due to a lack of access to a

high amount of computing power. The models are 10x5 the first version of map maker and
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102x2 the second version of map maker Als (the first variable refers to the nodes in a layer,
the second variable refers to the number of layers, exponent refers to the formation of the
layer). Both models in all cases are trained 50,000 times to compare the results. In all
cases, the 10x5 first version was significantly faster as it has only a % of the nodes from
the 102x2 model. These sections go over each training method’s results and what both

models produced after each training method.

4.4.1 Results of fixed reward

In the fixed reward system, both Als improved from the starting point fast. The hypothesis
was that both models would fixate on a pattern that would produce the most reward points,
only the 102x2 fixated on that. The 10x5 model changed constantly during the training and

never settled down to a pattern.

At the start, the 10x5 model was fixated to only place blocks along the bottom row and the
right column. At the end of the training, the 10x5 model still preferred to mostly fill out the

bottom row and the right column and then add random elements elsewhere.

The 102x2 started on a empty board a few tens of times and then fixated on a single setup.
Along the training, the pattern slowly improved to a nice although unsolvable map. The
early pattern was solid for actual gameplay but around 500 training loops later the level
became unsolvable as the AI was blocking the access to the endpoint. In the end, it
performed well for the training didn’t check if the level was solvable and the levels seemed

playable at first glance.

4.4.2 Difficulty-changing training

These are the results of Als that had the difficulty modifier added to their input and then
evaluated differently for each difficulty level. As the input size grew and the reward

changed constantly, the improvement slowed down significantly.

The 10x5 model spent the first 2500 training cycles filling only the bottom row and right
column of the map. After the 2500 training cycles, the block and triangle placement was
very sparse, slowly filling more while the training continued but still prioritizing the

bottom and right edge of the map. The AI didn’t settle for a pattern as hypothesized but the
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maps have still a lot of similarities and the difficulty affected mostly the placement of the

start and end points as their distance was a major way to gain or lose points.

On the contrary, the 102x2 model started with a nice pattern that could easily be a playable
map on a video game. The 102x2 model then slowly added stuff across the map making it
less clean-looking and less playable. In the end, the map was more of a mess than a

playable level. The difficulty modifier didn’t seem to have affected the outcome.

4.4.3 Cooperative training

This section contains the results of cooperative training for the map maker Als with map
solver Al. Overall results were mixed. The first map maker Al provided better maps than
previously while the second map maker AI performed worse. The map solver also
performed differently with each maker. With the first maker, the solver tried to solve the

map but with the second maker, the solver stayed still.

The first version of map maker continued to fill the edge of the map from the bottom and
right. This continued around 4400 iterations of evolving. After 4400 iterations, the maker
started filling the middle of the map rather nicely. The maker didn’t get stuck in a pattern

and changed the map constantly and slowly for the better.

The second version of map maker Al didn’t perform well as the map solver couldn’t solve
the maps and proceeded to stay in place. The maps were solvable but were more of a mess
with random objects in random places. The AI improved slowly and only by adding
objects mostly next to nothing which was against the fixed reward system. The AI didn’t

get stuck in a pattern and changed it slowly and constantly.

The map solver performed differently with each setup. With the first map maker Al, the
map solver could solve maps as long as the endpoint was in a straight line to the up of the
starting location. In this case, the map solver went up constantly after the first 310 runs.
During the first 310 runs, the map solver’s preference was to move right but it also moved

in other directions and solved slightly more complex maps than straight lines.

The map solver didn’t cooperate with the second AI and after 160 runs the map solver
stayed in place permanently. During the first 160 runs, the solver changed its directions

frequently and even solved the map on a few occasions but after hitting the edge of the
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map multiple times it evolved to stay in place as it gave more reward than trying to go off

the map.
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5 Evaluation of the Als

In this chapter, the artifacts are evaluated. The evaluation includes an investigation of how
other similar Als are made how they work and most importantly how they differentiate
from the self-made AI made in this bachelor’s thesis. Another section includes self-
evaluation and comparing the artifacts to each other. The third section is a comparison of

the other’s Als and the Als made in this thesis.

5.1 What others have made.

This sub-chapter is divided by AI and discusses how others have made their Al(s). This
dives deep into how it is exactly used for the procedural-level generation and points out the

key aspects of those Als.

5.1.1 The EA’s procedural content generation

The research Adversarial Reinforcement Learning for Procedural Content Generation uses
Adversarial Reinforcement learning which utilizes two Als that compete with each other.
In this case, the Als are known as the generator and the solver. The generator makes 3d
platform levels and depends on auxiliary inputs which are easy, medium, or hard. The hard
levels are as hard as possible but easy enough for the solver to complete some of the time
while the easy levels are completed most of the time. For the results, the generator adapted
to the progress of the solver and developed accordingly. The solver that was trained with
Adversarial training was more generally a better solver than solver trained with fixed
training and had a higher success rate on a random map. The solver trained with fixed
training could perform the single map much more efficiently but struggled even on maps.

(Gisslén et al., 2021, p. 5-8)
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5.1.2 Level design and difficulty curves

Research An Approach to Level Design Using Procedural Content Generation and
Difficulty Curves was done using procedural content generation with difficulty curves to
make a tool for level design. The difficulty curve works as a slider from zero to one
indicating how hard a level should the generator generate. The generator works by mainly
using coded calculation functions to install the required pattern for the game and then it
adds randomly according to difficulty curve objects on the path. The generator uses a
genetic algorithm to gain random results with 50 variants and a change of mutation (learn
rate) of 0.005. The overall results were messy and seemed that the levels were not well
designed but the generator adjusted along the difficulty curves. (Adrian and Ana Luisa,

2013, p. 1, 6-8)

The resulting generators were a success according to the playtesters used in this research.
The playtesters took a survey where they evaluated the difficulty, funniness, and level
design of the levels designed by the generator. The reported fun was between 7.45 and
7.95, difficulty between 4.5 and 6.91, and level design between 7.27 and 8.14. (Adrian and
Ana Luisa, 2013, p. 7-8)

5.2 Self Evaluation

The map maker Als made in thesis, made mostly messy maps. In cooperative training, the
maker Als constantly changed their output although slowly. The first map maker Al
performed better in cooperative training while the second performed better in fixed and
difficulty changing-training. The best result came from the second map maker trained with

fixed training.

The first version of map maker had an odd habit of filling the right and bottom edge of the
map. This provides a good barrier for the map and it gives the player a good indication of
where the map ends. The first map maker didn’t end up with a clear pattern and change
constantly making it hard to predict the outcomes. The barrier doesn’t work as a map alone
as it is hard to travel up and down and is too repetitive for a unique experience. The first
version worked best in the cooperative training and produced something half clean half

mess which was equal to the second maker’s map in difficulty-changing training.
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During fixed and difficulty changing training, the second map maker Al learned a pattern
that got the most reward from the rewarding system and got stuck there. The second
version produced the best maps in fixed training while other training methods produced
more of a mess. The second version of map maker Al worked better than the first version
in fixed and changing difficulty training as its maps were more clean and could even be
mistaken to be hand-made in the fixed training. In cooperative training, the maker didn’t
produce a clean map and spit out only maps with randomized objects which made the map

interesting but hard to navigate.

While the Als have made mostly messy maps and couldn’t produce more than one map per
Al, the AI themselves improved most of the time spent under training. The messy maps
provided difficulty and sometimes interesting challenges for the player, while the clean
maps were visually better but also simple and easy maps with no interesting patterns or
challenges. In the end, the artifacts made in this thesis aren’t usable as proper map makers.
They still provide direction for extra research and show the potential that better-trained or

even differently working Als can produce multiple playable maps.

5.3 Comparison

While the Als made in this thesis made passable maps, they should be evaluated against
other Als used for level design. In the evaluation, explained in section 5.2, the Als made
kind of a mess and weren’t usable for level design. In research that focused on the Al
following a difficulty curve, the Al placed obstacles, holes, and elements on a 3d tube map
and the result looked messy and wasn’t well designed (Adrian and Ana Luisa, 2013, p. 6—
7). Even though the levels seemed bad, the playtesters evaluated them around 7.5 out of 10
(Adrian and Ana Luisa, 2013, p. 7). Based on the previous two sentences, the messiness in
the map maker Als made in this thesis isn’t a huge problem although they do not achieve
the beauty of hand-made levels. In the end, the map maker AI is quite similar to the
difficulty curve Al that didn’t leave empty tube parts (Adrian and Ana Luisa, 2013, p. 6)
especially the second map maker Al is trained with the changing difficulty method.

The electronic arts generator AI was more focused on succeeding in the task of helping the
solver reach the goal where it succeeded as well (Gisslén et al., 2021, p. 1, 8). The Als
were trained in adversarial method training (Gisslén et al., 2021, p. 2) which was similar to

what was done in this thesis as the map maker Al lost points if the solver didn’t succeed on
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the map. The map makers weren’t close to the EA’s generator Al as they didn’t

successfully help the solver to reach the end.

When it’s taken into account that this thesis used minimal tools and near zero resources for
the Als, the Als performed well. The Als didn’t reach the level of intent like in EA’s Al
(Gisslén et al., 2021) or weren’t implemented in a complex environment like designing a
3d tube map (Adrian and Ana Luisa, 2013). The Als are nowhere near perfect or even
usable in such a short amount of training but the improved AI with fixed training did reach

a neat and clear level design, thus there is potential with the Al artifacts as level designers.
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6 Discussion

This thesis’ goal was to study procedural content generation and how could AI be
implemented to be the generator in procedural content generation. The scope of the artifact
made in the thesis only focuses on the 2d level design and procedurally generating it. This
was done with the mindset of an indie developer using no major libraries to enable or

enhance the Al

The artifact project was done in Python and used four libraries and only two of them
affected the Al The libraries were Random, Math, Os, and Pygame. The Random library is
a standard library that enables simple randomization in Python. The Math library gives
mathematical functions to Python. The Os library and the Pygame library doesn’t affect the
Als and the Pygame library is only used to display the game. Using only these four
libraries limited the artifact as many powerful libraries like PyTorch enable graphical
processing unit (GPU) usage to calculate the tensors used in an Al (Mishra, 2023, p. 2, 4—
5).

The results might first seem like making an indie Al for the procedural level generator isn’t
feasible or viable but with proper coding, it might be as the Als showed great progress
during their training and were only trained for 50000 times. Als are usually trained
millions of times and the Als made in this thesis used evolutionary training which is

usually more compute power requiring than others types of training.

The technology of Al usage as a procedural content generator is a common and researched
topic (Risi and Togelius, 2020, p. 428). The research done on machine learning and on
procedural content generation have influenced each other and research combining them to
form procedural content generation via machine learning has been conducted (Risi and
Togelius, 2020, p. 428). These results of this thesis aren’t anything new but they still
enforce the idea of Al helping in artistic tasks of content generation like level design or

other procedural content generation-related tasks.

Recommendations are probably the most important thing this thesis can offer. First of all,

use coding languages like C or Rust that are fast and compilable because Python being
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interpreted language makes it painfully slow to use even a small Al. In case Python is
preferred due to any reason, at least using libraries like NumPy, TensorFlow, or PyTorch
which each offer math calculations for Al, ease the progress remarkably. PyTorch, which
is written in C++ and Python, does offer proper tools to handle Al and calculations for the
Al to perform on GPU in a much shorter time than without any major libraries (Mishra,

2023, p. 2, 4-5).

Recommendable ways to continue the research include improving the reward system,
testing with larger models and with more training, and using other types of training

methods like backpropagation and frequency counting.

The reward system could be improved by rewarding the similarities with the input map
making the input map have more impact for the end product. Another way to improve the
reward system would be making an algorithmic search that the level is beatable as the map
solver Al was intended to do that but made mostly the output put the start and end points

together.

Testing with larger models and with more training should improve the result and provide
actual differences in the changing-difficulty and cooperative training methods. This though
needs a lot more computing power or more efficient code due to the needed calculations

amount grow as the model grows.

The research on different training methods could provide interesting and alternative ways
to improve an Al model faster and more efficiently than evolutionary computing. They
could also be used alongside evolutionary computing to fine-tune the model to get more

precise outcomes.
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7 Conclusions

This thesis made multiple artifacts to study Als used for level design. The Als are neural
networks and each of them is trained with different techniques using evolutionary
computing to improve the Al The artifacts were made with very few free tools. This thesis
used tools that affected the Als directly a high-level coding language python, a code editor
visual studio code, and two libraries that introduced math functions and randomization

functions.

This research was done to research the possibility of Al as a level designer. Al could
reduce the cost of the development of games and make the development faster. The level
designer AI could be used to make games endless since the Al could make levels as the
player progresses. The Al could reduce the downloadable part of the game as content could

be generated and doesn’t need downloading.

The results were mixed since the maps produced by the Als were mostly messy. The best
outcome was with the second map maker Al trained with a fixed training method. The
second map maker worked best with fixed and changing-difficulty training methods while
the first map maker was better with the cooperative training method. The maps are similar
when compared to other studies as they too resulted in a mess of random objects. Hand-

made maps are clearly superior to the map the Als made in thesis.

The indie Al can be used as a level designer but it will result in messy mostly undesired
outcomes when limited with training time. The results indicated that larger models and
more complex training methods slowed down the improvement. This made the second map
maker which was larger than the first one, better with simpler training methods. The results
also indicated that the required computational power, the number of loops in training, and
the required time all increased with larger models and more complex training methods.
Making and using an Al for level design is feasible but requires a lot of computing power.
The usage of Al as a level designer is recommendable in cases where a lot of levels are

necessary or generate random levels while the game is on.
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As for the future, this study could be easily expanded to include other types of learning like
backpropagation, adversarial, and matrix factorization. The study expanding the limits by
giving more time for training can show what these models could have done. Enhancing the
Als to be more efficient and making it to be able to be run in real-time while remaining in
minimal tools should provide interesting improvement and more insight into how Al can

be utilized as a level designer.
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