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Chapter 1

Introduction

1.1 Background

Video games exemplify “perfect testbeds for artificial intelligence” [272], as they pro-
vide complex, interactive, and dynamic scenarios that challenge computational models.
They consist of many different components (ranging from mathematics, and graphics
engines, to approximations of the laws of physics [105]). The primary objective of
these systems is to create an engaging and immersive experience for users. Achieving
this requires the seamless integration of a multitude of technologies [30].

Designing Artificial Intelligence (AI) in video games presents a spectrum of chal-
lenges. When creating believable and immersive worlds the focus lies on replicating
human-like behavior [121] [303] through Non-Player Characters (NPCs). Furthermore,
in some highly competitive games, the goal may be either to achieve superhuman
decision-making capabilities [43] 285], or to provide players with an interesting oppo-
nent [296].

Games of a competitive nature have seen significant advances in Al achieved
through algorithms such as MiniMax [202] [205], Monte Carlo Tree Search (MCTS) [44]
50], Evolutionary Algorithms (EAs) [94] [152] 208], Reinforcement Learning (RL) [139]
298], and hybrids of RL & MCTS [L168, 232, 279]. Particularly RL is well suited for
learning interactive behavior and has made great strides in the field of robotics [249],
where robots learn human-like movement [23]. Moreover, in video games, the promise
of reinforcement learning has been well recognized [239].

The development of benchmarks is critical for advancing and validating any Al
system. One notable example in the field of video games is the General Video Game
Playing AI (GVGAI) Framework [196]. Recent advancements in competitive Al have
shifted focus toward multi-agent systems, emphasizing coordinated decision-making
through interactions in complex environments. Games such as Dota 2 have become

prominent platforms for testing and refining these algorithmic frameworks [28]. Ad-
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ditionally, the emergence of Large Language Models (LLMs) has introduced novel
capabilities for strategic planning, giving rise to novel benchmarks [184].

Human behavior is intrinsically complex, making its replication in video games
a non-trivial challenge. Historically, game-level design relied on a static approach,
where the content was manually crafted. Procedural Content Generation (PCG) en-
compasses any content for video games that is generated algorithmically. Examples
include trees [118, [186], meshes [284], levels [129, [134] 209] 223 261, 269] 282], tex-
tures [57], and dialogue [1111 [165] 257]. This list is not exhaustive, for a more complete
overview we refer the reader to [115]. To generate the required level of diversity in
content for Al, developers have adopted algorithmic methods to procedurally gener-
ate content using a pseudorandom number generator (PRNG) [194]. In consequence,
PCG has enabled video games to exhibit greater variability and unpredictability in
their content [I15], which in turn elevates the cognitive and strategic demands on
players, allowing controllable levels of difficulty for gameplay [226 251].

This trend towards more diversity can also be seen in machine learning [130]. Train-
ing new deep learning models for different data sets and environments is expensive [217]
and wasteful [193]. Tt is much more efficient to transfer knowledge from a model that
has been learned for one task to a model for a different task [265]. For example, in
image recognition, the ImageNet model is trained on millions of images [67]. Subse-
quently, it is employed to fine-tune smaller models for specific recognition tasks [150].
Similarly, in natural language processing (NLP), LLMs are evolving into foundation
models [I8] capable of being adapted through fine-tuning for diverse applications [132].
The perfect example of this is the usage of a vision language action model for naviga-
tional tasks in robotics [237].

We wonder how the concept of transfer learning can contribute to video games. In
turn, our thesis delves into the possible synergies between Transfer in Reinforcement
Learning (TRL) and PCG by categorizing existing research and performing empirical
studies.

Now that we have introduced key aspects of the relevant fields, we transition to

defining the central research questions that will guide this thesis.

1.2 Research Questions

Throughout the research efforts of our thesis, we pose a variety of questions that we aim
to answer by means of empirical analysis and experimentation in our publications. In

the subsections, we first motivate the origin of our question based on related research.
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Then we pose questions for which we list the chapters related to allowing us to answer
the posed question. In Chapter|7|we present the answers to these individual questions.

Our main topic in this thesis is:
Exploring synergies between TRL and PCG.

This general topic captures the research that is covered in this thesis at a high level.
Combining TRL and PCG suggests the need for better benchmarks. To investigate

this topic in greater depth, we have formulated the following research questions.

1.2.1 RQ1

The inherent difficulty in establishing robust benchmarks stems from the phenomenon
known as Goodhart’s law: “When a measure becomes a target, it ceases to be a good
measure” [258]. This principle underscores the necessity for continuous benchmark

evolution, which is why we ask:
How can benchmarks for (transfer in) RL be improved?

This research question is studied by first benchmarking a variety of popular Al
methods (Heuristic, MCTS, RL) on the game Tetris Link (Chapter [2). Both MCTS
and RL exhibited disappointing results in comparison to a heuristic search. Addition-
ally, our investigations into RL highlighted reproducibility challenges, a well-known
issue in the field [201], prompting us to explore potential solutions (Chapter [4]). Fur-
thermore, we identified transfer in RL as a possible way to improve performance,
guiding us to survey the field (Chapter [3) and conclude that PCG is a promising
method to further improve benchmarks for (transfer in) RL. We answer this question
in Section

1.2.2 RQ2

The previously mentioned hybrids of RL & MCTS highlight that the combination of
two methods can yield promising results, achieving superhuman performance in games
like Go [232] or Starcraft IT [279]. Our main topic is to explore such synergies between
TRL and PCG, thus we ask more concretely:

Can TRL improve PCG applications in video games?

This research question is studied by identifying limitations in TRL experiments of
existing research (Chapter [3)) and empirically showing that combining TRL and PCG
is promising (Chapter [5). We answer this question in Section
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1.2.3 RQ3

The use of LLMs in video games holds significant promise as it can be used for AI [12§]
or for PCG to generate levels [261] [269], and interactive dialogues [257]. Moreover,
the existence of mods for existing games that incorporate LLMs [15] [211] highlights a
clear demand by the user base. However, as a developer, controlling the output is an

open problem. That is why we wonder:

Can LLMs procedurally generate content locally for video games while

preventing adversarial attacks?

This research question studies the computational requirements and safety of deploying
LLMs that procedurally generate content in video games. We run empirical experi-
ments (Chapter [6]) to help answer this question (Section [7.1.3).

1.3 Contributions

This doctoral thesis comprises independent research publications, each constituting a
distinct chapter. We provide a concise overview of the key findings and arguments

presented in each chapter. We will now list our main contributions:

Chapter [2] studies the game of Tetris Link using three different popular Al al-
gorithms: Heuristic Search, MCTS, and RL. To our surprise, the classical method,
heuristic search, performs best. We show that this is due to a combination of a large
branching factor and restrictive game rules. This chapter is based on:

[175] Miiller-Brockhausen, M., Preuss, M., Plaat, A.: A new challenge: Approach-
ing tetris link with AI. In: 2021 IEEE Conference on Games (CoG), Copenhagen,
Denmark, August 17-20, 2021. IEEE (2021), https://doi.org/10.1109/CoG52621.
D021 9619044,

This surprising result has caused us to investigate transfer methods in RL in Chap-
ter |3 Here we find that transfer learning is studied widely in reinforcement learning
and is successful when levels are simple and pre-programmed. However, we find that
few works use transfer in combination with PCG, identifying a field for further study.
This chapter is based on:

[176] Miiller-Brockhausen, M., Preuss, M., Plaat, A.: Procedural content gener-
ation: Better benchmarks for transfer reinforcement learning. In: 2021 IEEE Con-
ference on Games (CoG), Copenhagen, Denmark, August 17-20, 2021. IEEE (2021),
https://doi.org/10.1109/C0G52621.2021.9619000.
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Reproducibility is a desirable trait, especially for TRL experiments. However, it
remains an unsolved and often ignored problem in the field of RL [201]. As we cannot
fix reproducbility, we propose focusing on verifiability (Chapter [4). This enables re-
viewers to validate empirically reported results, such as tables or graphs. This chapter
is based on:

[173] Miiller-Brockhausen, M., Plaat, A., Preuss, M.: Towards verifiable bench-
marks for reinforcement learning. In: IEEE Conference on Games, CoG 2022, Beijing,
China, August 21-24, 2022. pp. 159-166. IEEE (2022), https://doi.org/10.1109/

CoGHh1Y82 . 2027 9893715,

Next in Chapter [5| we empirically show the synergies of TRL and PCG at the
example of Linerider 3D (see. Employing PCG broadens the explored state space
during training, yielding scalable transfer unachievable when learning from scratch (see
. Complementarily, the task of the RL environment is to procedurally generate
a track for the video game Linerider (see . This chapter is based on:

[1'72] Miiller-Brockhausen, M., Khalifa, A., Preuss, M.: Scalable procedural content
generation via transfer reinforcement learning. In: Data Science and Artificial Intelli-
gence (DSAI). Springer (2024), https://doi.org/10.1007/978-981-97-9793-6.

In our final chapter [6] we study the viability of local LLMs to generate content for
video games, while preventing derailment through the user. To that end we suggest
the usage of Chatter, which disables user input, relying solely on pre-defined prompts.
This prevents users from breaking the model out of its safety guidelines, for which

researchers keep finding new creative ways |46l [53]. This chapter is based on:

[L71] Miller-Brockhausen, M., Barbero, G., Preuss, M.: Chatter generation through
language models. In: IEEE Conference on Games, CoG 2023, Boston, MA, USA, Au-
gust21—24,2023.IEEHE(2023),https://doi.org/lo.1109/00657401.2023.10333244.

1.3.1 Published Collaborations of the Author

In addition to these published works, we have collaborated on a variety of topics which

has led to the following publications:

[137] Kampert, D., Varbanescu, A.L., Miiller-Brockhausen, M., Plaat, A.: Mimicking
the human approach in the game of hive. In: IEEE Symposium Series on Compu-
tational Intelligence, SSCI 2021, Orlando, FL, USA, December 5-7, 2021. IEEE
(2021)7https://doi.org/lO.1109/SSC150451.2021.9659999


https://doi.org/10.1109/CoG51982.2022.9893715
https://doi.org/10.1109/CoG51982.2022.9893715
https://doi.org/10.1007/978-981-97-9793-6
https://doi.org/10.1109/CoG57401.2023.10333244
https://doi.org/10.1109/SSCI50451.2021.9659999
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[174] Miiller-Brockhausen, M., Plisnier, H.: Transferring while playing the rl agent.
In: Demo at BNAIC/BeNeLearn 2022: Joint International Scientific Conferences
on AT and Machine Learning (2022), https://bnaic2022.uantwerpen.be/wp-
content/uploads/BNAICBeNelLearn 2022 submission 6564.pdf.

[255] van der Staaij, A., Prins, J., Prins, V.L., Poelsma, J., Smit, T., Miiller-Brockhausen,
M., Preuss, M.: Believable minecraft settlements by means of decentralised iter-
ative planning. In: IEEE Conference on Games, CoG 2023, Boston, MA, USA,
August 21-24, 2023. IEEE (2023), https://doi.org/10.1109/CoG57401.2023.
TO333T46.

[21] Barbero, G., Miiller-Brockhausen, M., Preuss, M.: Challenges of open world
games for ai: Insights from human gameplay. In: Data Science and Artificial
Intelligence (DSAI). Springer Nature (2024), https://doi.org/10.1007/978-

981=9/=9/93-6.
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Chapter 2

A New Challenge: Approach-
ing Tetris Link with Al

Decades of research have been invested in making computer programs for play-
ing games such as Chess and Go. This papel?] focuses on a new game, Tetris
Link, a board game that is still lacking any scientific analysis. Tetris Link has
a large branching factor, hampering a traditional heuristic planning approach.
We explore heuristic planning and two other approaches: Deep Reinforcement
Learning (DRL), MCTS. We document our approach and report on their rela-
tive performance in a tournament. Curiously, the heuristic approach is stronger
than the planning/learning approaches. However, experienced human players
easily win the majority of the matches against the heuristic planning Als. We,
therefore, surmise that Tetris Link is more difficult than expected. We offer our

findings to the community as a challenge to improve upon.

%This chapter is based on the publication [175] Miiller-Brockhausen, M., Preuss, M., Plaat,
A.: A new challenge: Approaching tetris link with Al In: 2021 IEEE Conference on Games
(CoG), Copenhagen, Denmark, August 17-20, 2021. IEEE (2021), https://doi.org/10.1109/
CoGb2621.2021.9619044


https://doi.org/10.1109/CoG52621.2021.9619044
https://doi.org/10.1109/CoG52621.2021.9619044

2.2. Introduction

2.1 Introduction

Board games are favorite among Al researchers for experiments with intelligent decision-
making and planning. For example, works that analyze the game of Chess date back
centuries [198] [254]. Already in 1826, papers were published on machines that suppos-
edly played Chess automatically [38], although it was unclear whether the machine was
still operated somehow by humans. Nowadays, for some games, such as Chess [120]
and Go [240], [248], we know for sure that there are algorithms that can, without the
help of humans, automatically decide on a move and even outplay the best human
players. In this paper, we want to investigate a new game, Tetris Link, that has not
yet received attention from researchers before, to the best of our knowledge (see Section
2.2)). Tetris Link is a manual, multiplayer version of the well-known video game Tetris.
It is played on a vertical “board”, like Connect-4. The game has a large branching
factor, and since it is not immediately obvious how a strong computer program should
be designed, we put ourselves to this task in this paper. For that, we implement a
digital version of the board game and take a brief look at the game’s theoretic aspects
(Section . Based on that theory, we develop heuristics for a minimax-based pro-
gram that we also test against human players (Section . Performance is limited,
and we try other common Al approaches: DRL [263] and MCTS [44]. In Subsection
we look at MCTS agents, and in Subsection we look at RL agents and
their performance in the game. In our design of the game environment for the RL
agent, we assess the impact of choices such as the reward on training success. Finally,
we compare the performance of these agents after letting them compete against each
other in a tournament (Section . To our surprise, humans are stronger.

The main contribution of this paper is that we present to the community the
challenge of implementing a well-playing computer program for Tetris Link. This
challenge is much harder than expected, and we provide evidence (Section on
why this might be the case, even for the deterministic 2-player version (without dice)
of the game. The real Tetris Link can be played with four players using dice, which
will presumably be even harder for an Al

We document our approach, implementing three players based on the three main
AT game-playing approaches of heuristic planning, MCTS, and DRL. To our surprise
and regret, all players were handily beaten by human playersE We respectfully offer

our approach, code, and experience to the community to improve upon.

Humans only played against the Heuristic, not MCTS or DRL. The Heuristic is our strongest Al
as can be seen in Figure @
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2.2 Related Work

Few papers on Tetris Link exist in the literature. A single paper describes an exper-
iment using Tetris Link [I88]. This work is about teaching undergraduates “business
decisions” using the game Tetris Link. To provide background on the game, we an-
alyze the game in more depth in Section The authors are aware of a similar
game called Blokus [55]. Tt is an interesting game as the branching factor is so large
(~32928 for Blokus Duo on a 14x14 board) that specialized FPGA’s have been ap-
plied to build good AI for it [126] [214]. Although visually similar, the gameplay is
completely different, so Blokus strategies or heuristics do not transfer to Tetris Link.

The AI approaches that we try have been successfully applied to a variety of board
games [203]. Heuristic planning has been the standard approach in many games such
as Hex [278], Othello [231], Checkers [205], and Chess [120] 224]. MCTS has been
used in a variety of applications such as Go and GGP [44] [64], 222]. DRL has seen
great success in Backgammon [267] and Go [79) 246] 263]. Multi-agent MCTS has
been presented in [95].

2.3 Tetris Link

Tetris Link, depicted in Figure|2.1] is a turn-based board game for two to four players.
Just as the original Tetris video game, Tetris Link features a ten-by-twenty grid in
which shapes called tetrominoesﬂ are placed on a board. This paper will refer to
tetrominoes as blocks for brevity. The five available block shapes are referred to as:
I O TS5, LE| Every shape has a small white dot, also in the original physical board
game variant, to make it easier to distinguish individual blocks from each other. Every
player is assigned a color for distinction and gets twenty-five blocks: five of each shape.
In every turn, a player must place precisely one block. A block fits if all of its parts
are contained within the ten-by-twenty board. A player is skipped if they are unable
to fit any of their remaining blocks. A player can never voluntarily skip if one of the
available blocks fits somewhere in the board even if placing it is disadvantageous. The
game ends when no block of any player fits into the board anymore.

The goal of the game is to obtain the most points. One point is awarded for every

block, provided that it is connected to a group of at least three blocks. Not every

2 A shape built from squares that touch each other edge-to-edge is called a polyomino [66]. Because
they are made out of precisely four squares, these shapes are called tetromino [290].
3The S and L blocks may also be referred to as Z [45] and J [49].
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TETRIMINOS VERBINDEN ODER BLOCKEN! DIE RT
WET VIDEOSPEL NU EINDELUK ALS &
LE JEU VIDED ENFIN ADAPTE EN JI

LN

LEIDEY
UNIVERs)
EST. .HEY

Figure 2.1: A photo of the original Tetris Link board game. The colored indicators on the
side of the board help to keep track of the score.

block has to touch every other block in the group, as shown in Figure [2.2a]
The I block only touches the T but not the L on the far right. Since they together

form a chained group of three, it counts as three points. Blocks have to touch each
other edge-to-edge. In Figure the red player receives no points as the I is only
connected edge-to-edge to the blue L.

A player loses one point per empty square (or hole) below block that was placed,
with a maximum of two minus points per turn. Figure[2.2dshows how one minus point
for red would look like. Moreover, the Figure underlines a fundamental difference to
video game Tetris. In video game Tetris, blocks slowly fall, and one could nudge the
transparent L under the S to fill the hole by precise timing of an action. In Tetris
Link, one can only throw blocks into the top and let them fall straight to the bottom.
In the original rules, a dice is rolled to determine which block is placed. If a player
is out of a specific block, then the player gets skipped. Since every block could turn
into one point, being skipped means potentially missing out on it. Although not a
guaranteed disadvantage, as the opponent might also be skipped, the authors have
abandoned the dice in their own matches as it resulted in too many games that felt

unfairly lost.

10
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(a) Three points for red (b) No points. (¢) Minus point for red.

Figure 2.2: Small examples to explain the game point system.

The dice roll also makes Tetris Link a non-deterministic perfect information game.
In this paper, there is no dice roll, so we analyze the deterministic version of Tetris
Link. Note that we also focus on the two-player game only in this work. The three-
and four-player versions are presumably even harder. In multiplayer games without
teams, people might temporarily team up against the current leading player, which
creates an unfair disadvantage [55]. Nevertheless, our web-based implementation for
human test gameeﬁ can handle up to four players and can provide an impression of

the Tetris Link gameplay.

2.3.1 Verification that all games can fill the board

Each game of Tetris Link can be played to the end, in the sense that there are enough
blocks to fill the whole board without leaving any empty squares. This can be seen
in Equation 2.1} The board is ten squares wide and twenty squares high, so it can
accommodate 200 individual squares. Every player has twenty-five blocks (), each
consisting of four squares (). There are always at least two players playing the game

(7), so they are always able to fill the board.

a-B-y=25x4x2=200 (2.1)

4https://hizoul.github.io/contetro

11
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Turn
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Figure 2.3: This graph underlines the game’s difficulty, especially for search algorithms,
by showing the average number of possible moves and their associated effect on the player’s
score. The agent name abbreviations stand for: R = Random, H-R = Random Heuristic, and
H = User Heuristic. See Section for an explanation of how the heuristic agents work.

2.3.2 Game complexity

An essential metric for search algorithms is the so-called branching factor, which spec-
ifies the average number of possible moves a player can perform in one state [81]. In
order to compute this number, we look at the number of orientations for each block.
The I block has two orientations as it can be used either horizontally or vertically.
The O block has only one orientation because it is a square. The T block has four
different orientations for every side one can turn it to. The L and S are special cases
as they can be mirrored. The L has four and the S two sides one can rotate it to.
Mirroring them doubles the amount of possible orientations. Hence, in total, nineteen
different shapes can be placed by rotating or mirroring the available five base blocks.
Since the board is ten units wide, there are also ten different drop points per shape.
In total, there can be up to 190 possible moves available in one turn. However, the
game rules state that all placed squares have to be within the bounds of the game
board. Twenty-eight of these moves are always impossible because they would neces-
sitate some squares to exceed the bounds either on the left or right side of the board.
Therefore, the exact number of maximum possible moves in one turn for Tetris Link
is 162. Since the board gets fuller throughout the game, not all moves are always
possible, and the branching factor decreases towards the end. In order to show this
development throughout matches, we simulate 10,000 games.

We depict the average number of moves per turn in Figure [2.3] For the first eight
to ten turns, all moves are available on average. Not depicted in the Figure but based
on the data, this only holds true until turn 6. After that, the number of plays may
already decrease. Tetris Link is a game of skill: random moves perform badly. A game

consisting of random moves ends after only thirty turns. Many holes with many minus
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Agent Random | Random-H | User-H | Tuned-H
Win Rate 48.16% 47% 71.65% 70%
Unique Games 10,000 10,000 7 50

Table 2.1: First move advantage, over 10,000 games. The first six (#1) or all turns (#2)
are compared for uniqueness to see whether the same games keep repeating. The -H in the
agent name stands for Heuristic (see Section [2.4.1)). Draws are not counted towards wins.

points are created, and the game ends quickly with a low score. The heuristic bars
show that simple rules of thumb fill the board most of the time by taking more than
forty turns. Furthermore, the branching factor in the midgame (turn 13-30) declines
slower and hence offers more variety to the outcomes. Another thing that can be seen
in Figure is that only very few select plays can actually lead to positive points.
Most of the turns will leave the score unchanged or even decrease it. A player would
only consider taking minus points if it would cost the opponent even more points
than the player loses, or there are no other options. To further underline this, we did
an exhaustive tree search until depth 5, which is the first turn player one is able to
achieve points. Of the over 111 Billion possibilities (111577100832), only ~ 14.36%
allow for an increase in points. Moreover, only ~ 3.06% allows the optimal three-
point gain, which the first player aims for. = 69.08% of the outcomes result in a point
disadvantage, and in =~ 16.55% of the cases, no points have been gained nor lost due
to blockage by the opponent or lack of connectivity.

We are now ready to calculate the approximate size of the game tree complexity
for the deterministic variant of Tetris Link, in order to compare it to other games. On
average, across all three agents shown in Figure 2:3] a game takes 37 turns and allows
for 74 moves per turn (7437 ~ 1.45 % 105). The game tree complexity is similar to
Chess (10%3 or 10'23) but smaller than in Go (103¢°) [161].

2.3.3 First move advantage

An important property of turn-based games is whether making the first move gives the
player an advantage [289]. To put this into numbers, we let different strategies play
against themselves 10,000 times to determine if the starting player has an advantage.
The first six (#1) or all (#2) moves are recorded and checked for uniqueness.

As can be seen in Table the win rate for random heuristic as starting player is
almost 50%. Although the win rate for the first player is higher for the tuned heuristics,
these numbers are not as representative because the heuristic repeats the same tactics

resulting in only seven or twenty-nine unique game starts. If we repeat the same few
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games, then we will not truly know whether the first player has a definite advantage.
Especially considering that at least until turn six, all moves are always possible, there
are around 1013 or 18 Trillion (BranchingFactorT* s = 1625 = 18,075,490, 334, 784)
possible outcomes. Since the random heuristic has more deviation and plays properly
as opposed to random moves, we believe that it is a good indicator of the actual first
player advantage. Note that 47% is close to an equal opportunity. Different match
history comparisons of Chess measure a difference of around two to five percent in win
rate for the first player [289]. However, since neither Tetris Link nor Chess have been

mathematically solved, one cannot be certain that there is a definite advantage.

2.4 Al Player Design

In this section, we describe the three different types of Al players that we implemented,
based on heuristics, MCTS, and RL, respectively. For the experiments (Section ,
the game is coded in Rust and JavaScript (JS). The Rust version is written for faster
experiments with MCTS and RL, and the JavaScript version is written to visually
analyze games and also do a human play experiment. Both implementations share a
common game log format using JSON in order to enable interoperability. To underline
the importance of a performance-optimized version, we measured the average time it
takes to simulate one single match where always the first legal move is made. The
Rust implementation requires 590us for that, whereas the JavaScript implementation

needs 82ms.

2.4.1 Heuristic

We now describe the design of our heuristic player. A heuristic is a rule of thumb that
works well most of the time [221]. For Tetris Link, we identify four heuristic measures:
the number of connectable edges, the size of groups, the player score, and the number
of blocked edges. The number of blocked edges is the number of edges belonging to
opponents that are blocked by the current players’ blocks. All heuristic values are
positively related to the chance of winning.

Each parameter is multiplied by a weight, and the overall heuristic score is the
sum of all four weighted values. For every possible move in a given turn, the heuristic
value is calculated, and the one with the highest value is chosen. If multiple moves
have the same maximum value, a random one of these best moves is chosen, which

is why in Table the heuristics play more than one single unique repeating game.

14



Chapter 2. A New Challenge: Approaching Tetris Link with Al

Hello rutger!
Thanks for willing to participate
in my experiment.

You can cancel and continue at
any time, your progress will be
right where you left off :)
Given your actions a bot would
recieve a numericakreward of
-1.4860000000000002

Figure 2.4: The web interface to measure the effectiveness of our Heuristic agent against
actual human players familiar with the game.

The initial weights were manually set by letting the heuristic play against itself and
detecting which combination would result in the most points gained for both players.
We refer to this as user heuristic. We then use Optuna [3], a hyperparameter tuner, to
tune a set of weights that reliably beat the user heuristic. This version is called tuned
heuristic. To achieve a greater variety in playstyle, we also test a random heuristic
which at every turn generates four new weights between zero to fifteen. To have
an estimate on the performance of the heuristic, we let actual human players (n=7)
familiar with the game play against the heuristic via the JavaScript implementation
(Figure [2.4). The random heuristic achieved a win rate of 23.07% across 13 matches.
and the user heuristic a win rate of 33.33% across six matches. The sample size is
very small, but it still indicates that the heuristic is not particularly strong. This is
supported by a qualitative analysis of the game played by the authors, based on our
experience. We conclude that our heuristic variants play the game in a meaningful

way but are not particularly strong.
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2.4.2 MCTS

For applications in which no efficient heuristic can be found, MCTS is often used, as
it constructs a value function by averaging random roll-outs [44]. Our MCTS imple-
mentation uses the standard UCT selection rule [143]. As further enhancements, we
also use MCTS-RAVE [44] and MCTS-PoolRAVE [219] to see whether the modifica-
tions help in improving the quality of results. Furthermore, we experimented with
improving the default (random) policy by replacing it with the heuristic. However,
the heuristic calculation is so slow that it only manages to visit ten nodes per second.
We want to stress that this is only the MCTS heuristic that is slow as it was not
optimized for speed at all. The game simulation itself is fast processing a full match
of random actions in on average 590us, so up to around 1694 matches per second.

MCTS is well-suited for parallelization, leading to more simulations per second
and hence better play [44]. We implemented tree parallelization, a frequently used
parallelization [85]. In tree parallel MCTS, many threads expand the same game tree
simultaneously. Using 12 threads, we visit 16258 nodes per second on average with
a random default policy. To put this into perspective, this is 1.63e7°% of all 10'3
possibilities in the first six turns. Thus, only a small part of the game tree is explored
by MCTS, even with parallel MCTS.

2.4.3 Reinforcement Learning Environment and Agent

A RL environment requires an observation, actions, a reward [136], and an RL agent
with an algorithm as well as a network structure. To prevent reinventing the wheel,
we use existing code for RL, namely OpenAl gym [39] and the stable-baselines [117],
which are written in Python. To connect Python to our Rust implementation, we
compile a native shared library file and interact with it using Pythons ctypes. As
RL Algorithm, we exclusively use the DRL algorithm PPO2 [234]. For the network
structure, we increase the number of hidden layers from two layers of size 64 to three
layers of size 128 because increasing the network size decreases the chances of getting
stuck in local optima [148]. We do not use a two-headed output, so the network only
returns the action probabilities but not the certainty of winning as in AlphaZero [24§].

The observation portrays the current state of the game field. Inspired by AlphaGo,
which includes as much information as possible (even the “komi’ﬂ), we add additional
information such as the number of blocks left per player, the players’ current score, and

which moves are currently legal. For the action space, we use a probability distribution

5 Komi refers to the first turn advantage points [246].
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Reward Type | Steps | Episode Reward | Score
Guided 3183.49 -0.17 -5.6
Simple 10000.0 -0.0 -12.25

Score 6214.45 -0.09 -6.88

Table 2.2: Results of self-play with different reward types until either a local optimum or
10,000 steps have been reached. Step, Reward and Score show the average of all seeds.

over all moves. The probabilities of illegal moves are set to 0, so only valid moves are
considered. For the reward, we have three different options. They are calculated
using the current players score (§), the size of a connected group (€¢) and a scolding

parameter (¢)

1. Guided: &k —¢

.0
2. Score: 100

3. Simple: +1 depending on win / loss

The Guided reward stands out because it is the only one that reduces the number of
points via scolding (). If the move with the highest probability is illegal, then the
reward will be reduced by -0.004, and the first legal move with the highest probability
is chosen. This should teach the agent to only make valid moves. This technique is
called reward shaping, and its results may vary [106].

In order to detect which one of the three options is the most effective, we conduct
an experiment. Per reward function, we collect the averages for the number of steps
it took, the average reward achieved, and what the average score of the players was in
the results. Our results, shown in Table indicate that the Guided reward function
works best. It only takes around 3183 steps on average to reach a local optimum, and
the average scores achieved in the matches are the highest. We define a local optimum
as the same match repeating three times in a row. The Score reward function also lets
the agent reach a local optimum, but it takes twice as long as the Guided function,
and the score is slightly lower as well. The simple reward function seems unfit for
training. It never reached a local optimum in the 10,000 steps we allowed it to run,

and it got the lowest score in its games.

2.5 Agent Training and Comparison

For our experimental analysis, we first look at the performance of the MCTS agent
(Section [2.5.1)) and the training process of the RL agents (Section [2.5.2). Finally, we
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compare all previously introduced agents in a tournament to analyze their play quality

and determine the currently best playing approach.

2.5.1 MCTS Effectiveness

Setup

Initial test matches of MCTS against the user heuristic resulted in a zero percent win
rate, and a look at the game boards suggested near-random play. We use a basic
version of MCTS with random playouts because using our heuristic as guidance was
too slow. AlphaZero has shown that even games with high branching factors such as
Go can be played well by MCTS when guided by a neural network [248]. However,
without decision support from a learned model or a heuristic, we rely on simulations.
In order to see if this guidance is the reason for bad MCTS performance, we abuse
the fact that the user heuristic plays very predictably (Section . We use the
RAVE-MCTS variant (without the POOL addition), pre-fill the RAVE values with
100 games of the user heuristic playing against itself, and then let the MCTS play 100
matches against the user heuristic. We repeat this three times and use the average
value across all three runs. We run this experiment with different RAVE-/ parameter
values. This parameter is responsible for the exploration/exploitation balancing and
replaces the usual UCT C), parameter. The closer the RAVE visits of a node reach
RAVE-{, the smaller the exploration component becomes. Furthermore, we employ
the slow heuristic default policy at every node in this experiment. We simulate one
match per step because otherwise, the one-second thought time is not enough for the

slow heuristic policy to finish the simulation step.

Results

Our MCTS implementation can play well with a decent win rate against the user-
heuristic, as shown in Figure This result underlines that in games with high
branching factors, MCTS needs good guidance through the tree in order to perform
well. Figure 2.3] also supports this as there are very few paths that will actually lead
to good plays. The declining win rate with a higher RAVE-3 value suggests that
exploration on an already partially explored game tree worsens the result because the
opponent does not deviate from its paths. The rise in win rate for a g value of 5000
after the large drop in 2500 underlines the effect of randomness involved in the search

processes.
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MCTS pre-fill vs User Heuristic
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Figure 2.5: Win rates of pre-filled MCTS playing against the User-Heuristic compared by
the RAVE-S parameter.

Even though the heuristic-supported playout policy works well, we will still use a
random playout policy for the tournament (Section [2.5.3). Pre-filling the tree is very
costly and would provide an unfair advantage to the MCTS method.

To underline that we believe the bad performance stems from the large branching
factor and few paths that lead to positive points, we test our implementation on the
game of Hex. In different board sizes (2x2 to 11x11) of Hex, our MCTS plays against
a shortest path heuristic. The result is striking: as long as the branching factor stays
below 49 (7x7), MCTS wins up to 90% of the matches. For larger branching factors,
the win rate drops to 0% quickly.

2.5.2 RL Agents Training
Agents

We define an RL agent as the combination of reward type, algorithm, and training
opponent. We use the guided reward function because it worked best in our experiment
and call this agent RL-Selfplay. (This is a neural network only RL, without MCTS to
improve training samples, that plays against itself [Selfplay].)

In addition to this rather simple agent, we introduce the RL-Selfplay-Heuristic
agent. It builds on a trained RL-Selfplay agent where we continue training by playing

against the heuristic. Observation and reward are the same as for RL-Selfplay.
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From the first turn advantage experiment, we know that the heuristic plays well
even with random weights. That is why we also introduce an agent called RL-Heuristic.
This agent outputs four numbers that represent the heuristics weights (Section .
We use a modified version of the guided reward function using the players own score

(6), the opponents score (1) and the size of a connected group (¢):

(0—n)+e

100 (2.2)

Group size stands for the total number of blocks that are connected with at least
one other block. This is added because we want the algorithm to draw a connection
between the number of points gained and the number of connected blocks. However,
mainly the difference in points between itself and the opponent is used as a learning
signal, so it aims to gain more points than the opponent. Scolding is not necessary

anymore as we do not have to filter the output in any way.

Setup

In this section, we detail the training process of the RL agents. Each training is done
four times, and only the best run is shown. Agents are trained with the default PPO2
hyperparameters, except for RL-Heuristic, which uses hand-tuned parameters.

When playing only against themselves, the networks still quickly reached a local
optimum even with increased layer size. This optimum manifested in the same game
being played on repeat and the reward per episode staying the same. This repetition
is a known problem in self-play and can be called “chasing cycles” [279]. To prevent
these local optima, we train five different agents against each other in random order.

To be able to train against other agents, we modified the stable-baselines code.

Results

The training process for RL-Selfplay peaked around 1.5 million steps. For RL-Selfplay-
Heuristic we use the two best candidates from RL-Selfplay, namely #3 after one million
steps with a reward of 0.04 and #1 after 1.5 million steps with a reward of 0.034. The
training of RL-Selfplay#1-Heuristic reaches its peak after 3.44 and RL-Selfplay#3-
Heuristic after 3.64 Million steps with a reward of 0.032 and 0.024. These are our first
RL agents that can achieve a positive reward while playing against the heuristic.
The RL-Heuristic training worked well, achieving mostly a positive reward. How-

ever, looking at the output values, we realize the reward function design was unfortu-
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nate. It sets all weights to zero, except for the enemy block value to fifteen and the
number of open edges between four and seven. So by negating the player’s score with
the opponent’s score, we have unwillingly forced the heuristic to focus on blocking the
opponent over everything else. Needless to say, with these weights, the RL-Heuristic
rarely wins. Although it manages to keep the opponent’s score low, it does not focus

on gaining points which leaves it with a point disadvantage.

2.5.3 Tournament

Setup

In the tournament, all presented AI approaches play against each other. Every bot
will face every other bot in 100 matches. We have five different RL bots, three MCTS
bots, and three heuristic bots. Each agent gets at most one second of time to decide
on their move, and they are not allowed to think during the opponent’s turn. Every
bot will play half of its matches as first and the other half as second player. The bot’s
skill will be compared via a Bayesian Bradley Terry (BBT) skill rating [287]. The
original BBT [287] ratings range from 0 to 50. By adjusting the BBT-g parameter,
we change this to represent the ELO range (0 to 3000) [103].

Results

The final skill rating is portrayed in Figure [2.6] The three heuristic agents take the
top 3, followed by RL and MCTS. Remarkably, the tuned heuristic performed best,
even though it is only optimized to play well against the user heuristic, but yet it
performs best across all agents.

Seeing RL-Heuristic as the best RL approach shows that the other RL agents are
far from playing well. Yet all RL agents consistently beating MCTS with random
playouts proves that the agents definitely learned to play reasonably.

It is interesting to see that the MCTS-UCB (14% win rate) variant performed best
because the other two variants [RAVE (0.02%), PoolRAVE (0.04%)] were conceived in
order to improve the performance of UCB via slight modifications [219]. Please note
that this poor performance in Figures 2.6 and 2.7] is caused by the tree not being pre-
filled as it was in Figure (Section . This shows the importance of pre-filling
MCTS in Tetris Link due to the few paths that result in positive points (see Figure
53).

The skill rating omits information about the quality of the individual moves. To

gain further insight into that, we provide Figure Here, we can see that every
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Skill Rating by Agent
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Figure 2.6: The skill rating of the agents that participated in the tournament. MCTS uses
a non pre-filled tree, resulting in bad performance (Section [2.5.1)).
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Figure 2.7: Visualisation of the scores that agents achieved in the tournament. Agents are
sorted by the skill rating in Fig.
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agent manages at least once to gain 8 points or more. This means that every agent
had at least one match it played well. Looking at the lowest achieved scores and
average scores, we find that every agent, except for the pure heuristic ones, plays

badly, considering that they only make £3 points on average.

2.6 Conclusion and Future Work

Board game strategy analysis has been done for decades, and especially games like
Chess and Go have seen countless papers analyzing the game, patterns, and more to
find the best play strategies [248]. We contributed to that field by taking a close look
at the board game Tetris Link. While the strategy is key to winning, some games,
such as Hex, give the first player a definite advantage. We have experimentally shown
that there is no clear advantage for the starting player in Tetris Link (Section .

We have implemented three game-playing programs based on common approaches
in AI: heuristic search, MCTS, and RL. Despite some effort, none of our rule-based
agents was able to beat human players.

In doing so, we have obtained an understanding of why it may be hard to design
a good Al for Tetris Link:

¢ Especially at the beginning, the branching factor is large, staying at 162 for at
least the first six turns.

e The majority of possible moves results in minus points making the number of
good moves diminishingly small (see Figure and Section [2.3.2)).

o Mistakes / minus points can hardly be recovered from. The unforgivingness for
these moves may make it harder to come up with a decent strategy, as generally
postulated by [63].

e Many rewards in the game stack — they come delayed after multiple appropriate
moves because groups of blocks count and not single blocks. This makes it

especially hard for MCTS and RL to learn the correct sequences.

All this holds true for the simplified version we treat here: no dice, only two players.
Adding up to two more players and dice will also make the game harder.

With a solid understanding of the game itself, we investigated different approaches
for AT agents to play the game, namely heuristic, RL and MCTS. We have shown that

all tested approaches can perform well against certain opponents. The best currently
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known algorithmic approach is the tuned heuristic, although it can not consistently
beat human players.

Training an RL agent (Section for Tetris Link has proven to be complicated.
Just getting the network to produce positive rewards required much trial and error,
and in the end, the agent did not perform well even when consistently achieving a
positive reward. We believe the learning difficulty in Tetris Link comes from the many
opportunities to make minus points in the game. One turn offers usually offers one
plus to three points, or six at most if two groups are connected, but that means that
multiple previous turns that were well planned and gave zero points if not even more
minus points had to be made. Hence recovering from minus points is difficult, meaning
small mistakes have graver consequences.

Although MCTS performed poorly in our tournament, we have shown that with
proper guidance through the tree, MCTS can perform nicely in Tetris Link and Hex
(Section . That is why a combination where RL guides an MCTS through the
tree might work well, e.g. AlphaZero [248] or MoHex v3 [98], and is something to try
in future work.

As computer game researchers, we found ourselves challenged to create a good
agent to play the game Tetris Link. We tried a large variety of classic approaches and
were not able to achieve the results we hoped for. We invite the research community

to use our code and improve upon our approachesﬁ

Shttps://github.com/Hizoul/tetris-link-research
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Chapter 3

Procedural Content Generation:
Better Benchmarks for Trans-

fer Reinforcement Learning

The idea of transfer in reinforcement learning (TRL) is intriguing: being able
to transfer knowledge from one problem to another problem without learning
everything from scratch. This promises quicker learning and learning more com-
plex methods. To gain an insight into the field and to detect emerging trends,
we performed a database searcf”] We note a surprisingly late adoption of deep
learning that starts in 2018. The introduction of deep learning has not yet
solved the greatest challenge of TRL: generalization. Transfer between different
domains works well when domains have strong similarities (e.g. MountainCar
to Cartpole), and most TRL publications focus on different tasks within the
same domain that have few differences. Most TRL applications we encountered
compare their improvements against self-defined baselines, and the field is still
missing unified benchmarks. We consider this to be a disappointing situation.
For the future, we note that: (1) A clear measure of task similarity is needed.
(2) Generalization needs to improve. Promising approaches merge deep learn-
ing with planning via MCTS or introduce memory through LSTMs. (3) The
lack of benchmarking tools will be remedied to enable meaningful comparison
and measure progress. Already Alchemy and Meta-World are emerging as in-
teresting benchmark suites. We note that another development, the increase
in procedural content generation (PCG), can improve both benchmarking and

generalization in TRL.

%This chapter is based on the publication [176] Miiller-Brockhausen, M., Preuss, M., Plaat,
A.: Procedural content generation: Better benchmarks for transfer reinforcement learning. In:
2021 IEEE Conference on Games (CoG), Copenhagen, Denmark, August 17-20, 2021. IEEE
(2021), lhttps://doi.org/10.1109/CoG52621 . 2021 .9619000
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Chapter 3. PCG: Better Benchmarks for TRL

3.1 Introduction

The need for TRL is growing through increased usage of DRL as shown in Figure
Deep networks are expensive to train [193], so cutting down the learning time by re-
using previously gained knowledge is desirable. Computer games are currently often
used as benchmarks or challenging test systems, and here it is especially the case that
changes of different amplitude (e.g. patches) happen regularly. Recent AI successes
on well-known complex games such as Dota2 [28] and StarCraft II [279] show that
constant retraining is necessary as the underlying systems evolve on the same time
scale as the trained Al systems.

Although the need for knowledge transfer in a reliable manner is clear, most ex-
periments show limited generalization, and progress in TRL is limited. Our main goal
in this paper is to detect why this is the case and how it can be cured. It turns out
that a major problem lies in the sparsity of suitable benchmarks, and we see the use
of PCG as a recommended solution to this problem.

This paper has the following contributions.

1. We categorize the literature of TRL, finding many different approaches and

applications
2. The absence of clear benchmarks and a clear research agenda is noted

3. We provide a research agenda in which we stress the need for a clear measure
of success, clear benchmarks, and suggest that PCG is ideally suited to provide

such benchmarks for transfer reinforcement learning

Section introduces related work (a meta-survey). To gain an unbiased insight into
TRL, we scrape through a dataset (Section. We explain the experimental param-
eters and decisions involved in TRL and identify trends in their usage (Section .
After categorizing a large number of transfer experiments, we report the generalization
capabilities of TRL (Section [3.4.3). We draft a research agenda for TRL (Section
that lists current limitations and identifies directions that the field is likely headed to.

3.2 Related Work

Some summaries on individual aspects of TRL exist, and we will introduce them in
chronological order. The first one was written by Bone in 2008 [35], still pre-deep

learning. A year later, Taylor & Stone followed [265] with a comprehensive survey.
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Figure 3.1: Number of published papers per month. Light blue indicates entries that make
use of deep neural networks, and green ones do not. The years 1985 to 2009 are cut off for
readability, but the full graph is available at [180].

Its authors are the two most recurring names in the field in our data set. Two years
later, they published a second survey with a focus on inter-task transfer [266]. In
2012, Lazaric formulated a framework that enables the categorization of TRL
experiments similar to [265]. Seven years later, in 2019, Da Silva & Costa published
a survey focused on multiagent RL [243]. In 2020, multiple surveys appeared. One on
curriculum learning in RL [182], one about multi-task transfer [280], and one about
transfer in deep reinforcement learning [304]. Multiple surveys in one year might seem
peculiar, but a look at Figure shows a large increase in publications starting in
2018.

These surveys formulate frameworks to encompass the different TRL literature they
encounter [265], or analyze specific sub-fields of TRL [304]. We
aim for a comprehensive overview of all aspects of TRL. We perform scraping through
the Microsoft Academic Graph [250], which contains over 209 Million papers, and
include papers based on keywords in title and abstract. This yields some interesting
statistics. For example, ~ 74.8% of the 270 relevant papers in our data set have not
been included in any previously mentioned survey [35] [182] 265 266, 280 [304].
Moreover, it enables visualizations such as a publication timeline (Figure , a social
network graph (Figure , and the creation of an interactive web tool that
facilitates the re-use of the data. Automatic quantitative analysis is to be seen as an
addition to produce insightful figures and tools. It also served as tool to gain insight
into the state of the field. But to form a true vision for our research agenda (Section
we still relied on manual research.
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1.
Allowed

Learner
creates 3 Knowledge re-uses

tralns on 6. mappings > trains on
Target 7. Tran.sfer
< 5. differences > Task Learryng

Metrics

2. RL- Algorithm Transfer Agent

4. Source
Task
Selection

Source
Task

Figure 3.2: A visualization of the transfer learning process. The chosen allowed learner (1)
/ algorithm (2) combination generates knowledge (3) while training on a selected source task
(4). Source and target task have to differ (5), and depending on how large the differences are,
task mappings (6) might be required. By using previously gained knowledge, the transfer
agent then trains on the new task. Gathered data from source and target training can be
distilled into the transfer learning metrics (7).

3.3 Method

We search through a snapshot [163] of the Microsoft Academic Graph (MAG) [250] for

” "reinforcement” and "learning” in ei-

entries that contain the three words "transfer,
ther their abstract or title. We create a spreadsheet using the terminology introduced
by [265]: transfer dimension, allowed task differences, source task selection, task map-
pings, transferred knowledge, allowed learners, transfer metrics. We also record which
RL algorithm was used (e.g., Q, DQN, PPO, DDPG), whether the paper publishes
additional resources such as source code, and we check if the links work [305]. All data
and resources, including the spreadsheet, and an interactive data viewer, are openly
available at [180].

Figure provides a visualization of the process of a TRL experiment. For ter-
minology, we stay as close as possible to [265]. The RL-algorithm (2) provides more
details about the learning algorithm that is used (1) and how transferred knowledge
is re-used. We briefly review which information was gathered from the papers. The
content in parentheses behind keywords refers to the transfer process step in Figure
if numerical, or otherwise the abbreviation used in the spreadsheet. By explaining
the Figure, we also follow the workflow of setting up a typical TRL experiment, and
we describe essential choices of the authors.

The allowed learner (1) places restrictions on how transfer is approached and in-
fluences experimental parameters such as the pool of available reinforcement learning

methods (2). The options are temporal difference learning (TD), model-based learn-
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ing (MB), relational learning (RRL), hierarchical learning (H), batch learning (Batch),
Bayesian methods (bayes), and case-based reasoning (CBR). Because many different
algorithms exist per allowed learner method, we also note which RL-algorithm was
used (2). The next step is to determine the type of knowledge (3) to transfer. The
easiest methods re-use what was learned, e.g., the action-value function (Q), policy
(m), task model (model), found prior distributions (pri), or experience instances (I).

However, higher-level knowledge can also be used in a variety of ways. One can
extract partial policies (m,) or options (options) for guidance. Rules or advice from
experts (ra), be it human demonstration or successfully trained agents, can guide
the training process. This advice can manifest itself in a shaped reward (R). Some
algorithms can identify and learn important features (fea), autonomously find sub-task
definitions (sub), or build a proto-value function (pvf). Other methods to transfer
knowledge are a Variational auto-encoder (VAE) [294] or policy distillation [22].

To gather the re-usable knowledgeﬂ an agent needs to train on a selected source
task (4). Either all previously seen tasks are used (all), one is selected by the author
(h), a library of tasks to choose from is defined by the author (lib), or the agent has
to modify the source task to gain the required knowledge autonomously (mod). There
are two important factors on transfer between the source and target task. The first
are differences (5) an agent has to handle between tasks. These can be small, such
as an alternating start (s;) or end (sy) position, another level layout, or a different
number of encountered objects (#). Changes can also affect the number of involved
objects (#), transition function (t), state variables (v), the action set (a), or reward
function (r). Secondly, mapping between tasks (6) could be required. The agent can
get no mapping (N/A) or learn it from experience (exp). The mapping can also be
provided as higher-level knowledge (T), created by humans (sup), derived from action
mapping (M,), or a grouping of state variables (svg).

The transfer experiment results in metrics (7) that indicate success. One can
measure an improvement in the Time to Threshold (tt), so how many fewer steps did
the agent have to train to reach a previously specified reward threshold. If the transfer
agent training starts at a higher reward than an agent that started from scratch, one
has measured a Jumpstart (j). The transfer agent can also achieve a higher total
reward (tr), and the difference between transfer agent and training from scratch is

called transfer ratiﬂ Lastly, Asymptotic Performance (ap) indicates whether the

ISimplified for the Figure. Knowledge used to train the transfer agent can stem from anywhere,
like human made demonstrations or rules.

2We omit the transfer ratio as performance improvement measurement in our data and in Figure
as it is an extension of the total reward [7].
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final learned performance has improved.

3.4 Analysis

To get an overview of the dataset, the social network structure of the citation data is
visualized (section , and insights from the categorization are presented (section
. The main goal of transfer learning is generalization. We analyzed the papers
for the strength of generalization that has been achieved in TRL (section .
Many more insights have been found, and we refer the reader to discover the full

data on an interactive website [180].

3.4.1 Social Network Structure

Figure|3.3|shows a visualization of citations between authors. Colors indicate different
communities, as identified by the community detection algorithm [33]. Note that due
to noise and missing values in the base data, 63 (= 23%) of the entries are missing
reference data and are therefore not present in Figure [3.3]

Eight connected components have been identified. Only one of these contains
most entries. The other seven are independent. The independent components are not
included in Figure|3.3] The largest component consists of nine individual communities.
For each community, we attempt to identify common aspects and succeeded for four
of them. Two communities focus on the different types of allowed learners. Red at the
far left contains mostly case-based reasoning (CBR), and purple at the bottom left
hierarchical (H) and Bayesian RL (bayes). The dark green community at the far right
contains mostly Simulation to Reality (Sim2Real) experiments. From here on out, the
similarities are already declining. As for the black group, the only link we could find
is that they all applied Q learning at some point.

In addition to hierarchical learners, purple also contains numerous 2D navigation
experiments, but not exclusively. Dark blue at the bottom contains many reward
shaping experiments that sample from a (human) demonstration or world model pre-
diction.

For the remaining five communities, no real common aspects could be found, except
that ~ 44% in the orange community focus on real-world engineering problems such as
optimizing power usage for buildings [167], air conditioners [I53], or collision avoidance

for autonomous vehicles [164].
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Figure 3.3: Directed Social Network Graph of Authors citing each other. The red group
contains mostly case-based reasoning learners, purple contains hierarchical algorithms and
Bayesian RL, dark green is the Sim2Real community, black papers all applied Q-learning,
dark blue contains reward shaping, orange reports mostly on applications (such as energy
consumption in buildings). Layout determined by Force Atlas [125].
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3.4.2 Category Data

Of the 270 entries, 202 (=~ 74.8%) have not been in previous surveys of the field [35][149]
182, 243 265, 266, 280 [304]. In the following, parentheses will indicate the number of
papers in the dataset relating to a specific message, for example 10% (27) entries have
not been approved through peer-review (23 arxiv, 4 rejected on openreview). Text
in brackets refers to variable abbreviation presented in Section Furthermore, one
entry may contain multiple tags per category. We follow the order of the steps of the

transfer learning process of Figure [3.2) in presenting the data.

First, the allowed learner is chosen. The majority of papers uses regular temporal
difference methods (241) [TD], followed by hierarchical learning (46) [H], model-based
learning (31) [model], Bayesian learning (20) [Bayes|, batch learning (13), relational
learning (11) [RRL], policy search learning (10) [PS], case-based reasoning (9) [CBR],
and one linear programming entry. TRL transfers knowledge between different tasks,
and it is no surprise that hierarchical learning is the second most applied learner
type for TRL because the multiple tasks might be hierarchically related. Moreover,
singular large tasks can be decomposed into multiple (hierarchically ordered) sub-tasks
for transfer [265].

The allowed learner narrows the pool of RL algorithms that can be chosen. The
most popular algorithms are tabular Q-Learning (124), DQN (36), SARSA (28),
DDPG (11), PPO (10), FQI (10), DDQN (8), A3C (7), LSPI (7), and Policy Gra-
dient (6). The high occurrence of tabular Q-Learning could give the impression that
deep learning is not prevalent in TRL yet, but = 36% (99) already use deep neural net-
works. Moreover, Figure depicts a clear trend towards deep learning that started
in 2018.

Although the number of 3D environments that deep neural networks (DNN) (17)
are applied to are almost the same as for tabular algorithms (14), their complexity
differs. Tabular algorithms focus mostly on balancing problems, such as Mountain
Car 3D (11) or controlling joints in a real-world RoboCup robot [23] 52]. The 3D
environments that DNN’s are applied to are more complex. AirSim requires full free
3D navigation through flying, plus the policy is transferred to a real drone [298], and
Mujoco combines controlling multiple joints with moving in a 3D World [293].

The third step (see Figure) is to decide what knowledge should be extracted or
transferred. The most popular methods are also the easiest to transfer, namely just re-
using the previously learned action-value function (72) [Q] or policy (64) [r]. All other

methods require more sophistication, such as extracting and re-using relevant features
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(38) [fea] or guiding training via Advisor / Teacher data (22) [advisor]. Shaping the
reward (20) [R] is also an often-used means to transfer knowledge. Less often used are
approaches like collecting experience instances (14), building a task model (14) or sub-
task definition (8), defining rules (14), finding options (12), or collecting distribution
priors (9). There are also new ways to transfer knowledge between tasks. One of
these is policy distillation (4). Most entries used it to summarize multiple learned
policies into a single one [22] 292] [297], but it can also be used for simulation to reality
transfer [275]. The distillation process and the advisor method have one element
in common: They both re-use the same type of saved knowledge. Another transfer
method that was introduced through deep neural networks is the Variational Auto
Encoder (VAE). These networks can help to automatically identify relevant features
in the latent space and thus allow for universal control policies [294]. Moreover, Q-
functions can be generated algorithmically [14]. This is related to hyper-networks,
where a neural network outputs the weights used in another network [256].

The fourth step is determining the source task from which knowledge should be
transferred. Here most approaches perform hand-selection (137) [h]. 48 entries let the
algorithm use all tasks (all), 32 a library of selected tasks (lib), and two times, the
agent automatically modifies a provided source task (mod).

The fifth and most important question to answer is: What kind of differences in
tasks will the learner have to handle? The most frequently occurring differences are
in transition dynamics (115) [t] of the environment. Different transition dynamics
refer to changes in parameters between tasks that influence how the world changes per
timestep. For example, if the agent were to control an airplane, changes in gravity,
weight, or friction would count as transition dynamic differences. The second to fourth
place goes to navigation-related tasks, namely changes in the goal- (95) [sf] or start-
(91) [s;] position or the level layout (56). Values that the agent receives are also well
suited to accelerate the transition. For that, the received observation (52) [v], the
action set (43) [a], the number of objects encoded in the observation (32) [#], or the
reward (29) [r] given to the agent can be adjusted.

Based on the task differences, the sixth step, namely mappings between tasks,
must be determined. They are not often necessary as 164 do not use any mapping
between tasks. Nevertheless, when they are used, the majority of algorithms try to
learn them from experience (40) [exp], or they are given manually (25) [sup]. The
less-used methods are action mappings (8) [M,] or groupings of state variables [svg].
One interesting approach for mappings in image-based domains is the Generative
Adversarial Network (GAN) [97].
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Figure 3.4: Number of times papers reported that transfer performance improvements
(Section [3.3) were measured by category.

The last step in transfer learning, and the most important to get an idea of the
experimental success, are the associated metrics (Figure . 146 entries achieved a
decrease in the time to reach a threshold (tt), while 135 were able to jump-start (jp) the
reward in a new setting. 123 entries achieved a higher total reward (tr) compared to
no transfer at the end of training, and 85 entries trained agents that show asymptotic
performance (ap) after transfer. Many papers measured multiple metrics of success.

91 achieved two, 38 three, and 27 all four metrics.

We also looked at what kind of problem TRL is mostly applied to. The most often
recurring applications are navigation (122), robotics (56), classic control (42), and
games (26). The navigation domain is the most diverse. The majority of experiments
inspect 2D (110) instead of 3D (12) worlds. To further simplify 2D worlds, 79 entries
use a grid instead of continuous navigation. Most entries formulate their own problem,
but there are also some recurring standardized environments such as the Taxi world
from Dietterrich [70] or the blocks world by Langley [147]. Although most 2D grid-level
layouts do not cite anyone, there is one recurring citation: the three-room grid-level
by Thrun [268]. One entry also uses a slightly adjusted version of the three-room
grid-level [12]. The goal of these papers is to test if transfer is possible. We would
expect test domains to be different, challenging, and standarized. The state of affair
that we encountered is lacking in this respect. While some problems repeat, there is no
unified benchmark, and the few existing benchmarks are not dynamic in the sense that
they could adapt their difficulty or similarity (Section . Given the large number

of entries on the topic, we were surprised that there is no real benchmark to assess
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the planning capabilities of an RL algorithm in the navigation domain. The ProcGen
environment is such a benchmark for maze navigation [59]. However, ProcGen is an
environment with procedurally generated levels, and most entries here use one (or
more) static levels. And [134] has found that while (deep) RL can learn to generalize
to generated levels within the same distribution, it can not handle arbitrary level
layouts.

We encountered 27 game-related entries, of which 11 focus on Atari and only 4
on board games. Few complex games are approached with TRL, like Unreal Tourna-
ment [119], StarCraft [240], or GVGAI [I81]. Simpler games include Sonic 3 [112] or
Pinball [295].

The growing use of neural networks comes with a drawback, namely the repro-
ducibility of results. The ICLR Reproducibility Challenge [200] from 2018 underlines
the problem, as less than 33% of papers are rated as properly reproducible [199]. The
most straightforward way to make a code-based science experiment reproducible is by
publishing the source code. Only 15 entries did this, but at least 148 contain pseudo-
code. Moreover, 31 entries link additional resources. 10 of these are websites, but 8 of
them are not available anymore. The two websites that are still reachable summarize
different short videos of robotics tasks on one page. The remaining 21 links are videos.

Another important aspect related to reproducibility is the software libraries used
in the experiment code. Even when closed source, some entries do share details about
used libraries. As machine learning backend, TensorFlow (20) and 7 PyTorch (7)
are popular. Only 4 of the TensorFlow uses are from DeepMind, so the library’s
popularity seems community-driven. Regarding RL environments, 24 use OpenAl’s
Gym [39], 5 the proprietary physics playground Mujoco [270], 4 the unreal engine
based 3D navigation simulator AirSim [238], and 2 the continuous control benchmark
RL-Lab [76].

3.4.3 Generalization Capabilities

Achieving generalization by transferring knowledge from one task to another remains
challenging. The more different tasks are, the harder generalization becomes. One
algorithm, such as AlphaZero, may be able to learn to play at world champion level
in three different board games [232]. The limitation is that one network has to be
trained again for each game. Unlike humans, the AlphaZero Al can not yet generalize
and transfer knowledge from one domain to another similar domain, even when the

internal network architecture is identical. The field of TRL revolves around finding
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algorithms to enable this transfer between different tasks in the same domain. Transfer
between differing domains works better the more similar they are, and when only the
transition dynamics change.

For example, transferring a Q-learner from MountainCar to Cartpole works well [7].
Also, transfer from CartPole to Bicycle works well [I31] or a three-linked CartPole to
the Quadrotor [8] control tasks. Another popular transfer domain is RoboCup, with 24
entries. Many of the experiments focus on increasing the number of players involved
from 3v2 to 4v3 [252] or 3v2 to 6v5 [190] in KeepAway. Others explore multi-task
experiments such as MoveDownfield to BreakAway [273].

Although the RoboCup challenge could be seen as 2D navigation, it does not
involve the same amount of planning as is required to navigate through a 2D maze,
whether it is grid-based or continuous. For 2D maze navigation, which is intuitive for
most humans, reinforcement learning needs special help. For example, repositioning
doors in a level whose layout has not changed requires advisors [206]. Picking up a
sequence of keys and then moving through doors can be solved by adding options [144].
For regular search algorithms such as A* these task changes would be easy to solve.
However, for large, complicated 2D and 3D navigation domains, one has to incorporate
planning into RL. There already exist two great examples of this. First of all, Go-
Explore [80]. Many of the Atari games that [80] tackles can be viewed as multi-level
2D navigation tasks, such as Montezuma’s Revenge, Berzerk, and Private Eye. Go-
Explore effectively combines planning with regular reinforcement learning and is good
at these navigation and planning Atari games. Other promising approaches exist such
as MuZero [233] or MCTSnet [107].

Achieving reliable transfer of knowledge gained from perfect simulations to the
real-world is another unsolved transfer problem. We found 23 entries in this sub-field
(Sim2Real). Many of these focus on moving joints (3), which could be compared to
classic control tasks. It can also be extended to multiple joints that form a robotic
arm (12) to interact with objects. To narrow the gap between simulation and real-
ity, in many papers, noise is applied for regularization or smoothing, e.g., Gaussian
Noise [116], uniform random noise [11], the Simulation Optimization Bias (SOB) [178]).
There are also efforts to make the noise obsolete [138].

The findings underline that TRL only works well when some similarity between
source and target tasks can be found. In this sense, generalization is in the eye of
the beholder, and there is a long way to go. Nevertheless, one paper’s generalization
capabilities are impressive: By encoding the Video and Audio output of an Atari game

into a multi-modal latent space, a policy was trained on video-only that can transfer
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its performance to audio-only input [245].

3.5 Research Agenda

In this literature review, we have categorized around 300 papers on transfer reinforce-
ment learning. We have seen many different approaches trying to transfer knowledge
between many different applications. The measure of success is generalization: how
well knowledge can be transferred between different applications. We note (1) in super-
vised learning, transfer has achieved more success [280] than in reinforcement learning.
TRL is still a young field. The first deep learning TRL papers appeared around 2010,
but only in 2018 did the field really start adopting it. Deep learning methods can
be expected to continue to yield good performance. Transfer reinforcement learning
should continue to focus on transfer of network parameters. (2) The large diversity
in applications and methods makes progress comparisons difficult. Also, we noted a
lack of dynamic benchmarks (Section [3.4.2). (3) Generalization is hard, except when
applications are clearly related. These observations bring us to the following research

agenda.

1. A clear measure of transfer capabilities is needed in transfer reinforcement learn-
ing [9, [50]. This implies a universal measure of similarities between tasks/do-

mains.

2. The combination of planning and learning can be expected to improve (as already
shown by Go-Explore [80] and Mu-Zero [233]). TRL should focus on general
planning methods [107].

3. Benchmarks are needed that are standardized, challenging, and dynamic (Section
3.4.2)). PCG can be leveraged to enable fine-grained control on the different levels
of difficulty and task similarity.

Specifically, in Section we briefly mentioned the inability of TRL to generalize
to procedurally generated levels in 2D navigation [134]. Although it can generalize to
different levels from one distribution, it can not handle arbitrary levels. One trend that
could help overcome this problem, at least for navigation-related tasks, is the fusion of
learning and planning, as in model-based reinforcement learning [262]. Nevertheless,
it is still an active research field with contributions such as a framework trying to
unify the two [I69]. LSTMs also play an increasingly important role in improving

generalization, as they can already enable the adaptability to different layouts of 2D
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navigation levels [77, 253]. Furthermore, we view curriculum learning as a form of
planning, as the creation of curricula inherently requires planning, and it has shown
success as a TRL method [104] 240].

Unfortunately, using benchmarks to compare novel approaches is not the norm
in TRL yet. Contrary to Supervised Learning, where achieved accuracy percentages
on well-known data sets can be perfectly compared, each sub-field and application
would require different benchmarks to assess specific transfer capabilities of varying
algorithms. But as we have shown (Section , there are many experiments in
similar fields like robotics or navigation that could profit from each other. There are
already interesting simulators like Mujoco [270] for continuous control, ProcGen [59)
for generalization capabilities, Meta-World [299] and Alchemy [283] for meta-TRL.
However, there is still a plethora of other applications missing benchmarks to assess,
e.g., game-playing Al [281] or 2D navigation. ProcGen does feature 2D Maze levels,
but no benchmark verifies whether an algorithm can adapt to different movement
styles (grid vs. continuous) or movement types (top-down vs. side-scroller).

Most experiments we encountered only transfer between fixed sets of tasks. As
PCG has proven to be a reliable tool to improve generalization performance in RL [20]
102], the adoption of PCG is the logical next step for TRL. One could generate a seem-
ingly infinite amount of different transfer tasks, and in game-like environments this
is presumably relatively easy. Furthermore, PCG benchmarks would enable agents
to control generation parameters that influence the difficulty, resulting in a dynamic
curriculum that improves learning performance [104]. Moreover, the generation pa-
rameters could be chosen to influence task similarity. Such a quantifiable similarity
control could be used as a benchmark metric to determine how much tasks may differ

until the tested algorithm can not transfer efficiently anymore.

An ideal tool for the future would be a database, similar to OpenML [277], that con-
tains machine processible information on all available TRL tasks/experiments. When
approaching a new task, the trove of data could be used to cluster similar domains
via task similarity metrics [50], to identify promising source tasks to transfer from.
This would also allow a leader-board style comparison of how well which algorithm
transfers between what tasks, as has been done in the GVGAI [195] per game (set).
While new task similarity metrics are still developed [9], the problem identified by [50]
persists, that there is no one universal metric to encompass all similarity dimensions.
The described database would enable the combination of all existing similarity metrics
and the performance of different algorithms in transferring from one task to another

to train a supervised network that outputs a singular numerical transfer success prob-
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ability.

3.6 Conclusion

By borrowing methods and a dataset from the field of social network analysis (Section
7 we have created a unique survey about TRL. We have collected tabular data
about transfer-related metrics similar to [265] but on a larger scale. We verified that
out of 270 unique TRL entries, ~ 74.8% have not been included in any of the previous
surveys [35], [149] [182] 243], 265 266, 280, [304]. Because of the large scope, in which not
every single entry can be mentioned textually, we created a website [180] that gives
a better overview of the dataset with more graphs and the ability to interactively
filter through the data. With this data, we have underlined the large diversity of ap-
plications for TRL, which shows a focus on navigation, robotics, classic control, and
games. We find that transfer, at least in RL, has a hard time generalizing to different
problem variations (Section . The transfer that works best is to problems that
are similar. In tasks that involve planning, such as routes through a 2D levels, TRL
lacks as it can not generalize to arbitrary layouts yet [134]. We do see an increase
in methods that try to merge planning with learning (Section to overcome this
limitation. Another issue is the comparability of algorithms. Most approaches define
their own slightly different version of known problems and compare their results to
self-defined baselines. The field requires more benchmarks like Alchemy [283], Meta-
World [299], or ProcGen [59] to quantify transfer performance properly and compare
different algorithms. These benchmarks will increasingly include more PCG to chal-
lenge generalization capabilities further. We provide a research agenda outlining how
to achieve this goal. In our view, the game Al field is especially well suited to pur-
sue this research as it already employs the necessary algorithms and an abundance of

configurable problems.
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Chapter 4

Towards verifiable Benchmarks

for Reinforcement Learning

Reinforcement Learning (RL) is one of the most dynamic research areas in Game
AT and AI as a whole, and a wide variety of games are used as its prominent
test problems. However, it is subject to the replicability crisis that currently
affects most algorithmic Al research. Benchmarking in Reinforcement Learning
could be improved through verifiable results. There are numerous benchmark
environments whose scores are used to compare different algorithms, such as
Atari. Nevertheless, reviewers must trust that figures represent truthful values,
as it is difficult to reproduce an exact training curve. We propose improving
this situation by providing access to the original evaluation data to validate
study resultsif’] To that end, we rely on the concept of minimal traces. These
allow re-simulation of action sequences in deterministic RL environments and, in
turn, enable reviewers to verify, re-use, and manually inspect evaluation results
without needing large compute clusters. It also permits validation of presented
reward graphs, an inspection of individual episodes, and re-use of result data
(baselines) for proper comparison in follow-up papers. We offer plug-and-play
code that works with Gym so that our measures fit well in the existing RL and
reproducibility eco-system. Our approach is freely available, easy to use, and
adds minimal overhead, as minimal traces allow a data compression ratio of up
to &~ 10* : 1 (94 GB to 8 MB for Atari Pong) compared to a regular MDP trace
used in offline RL datasets. The paper presents proof-of-concept results for a

variety of games.

%This chapter is based on the publication [173] Miiller-Brockhausen, M., Plaat, A., Preuss,
M.: Towards verifiable benchmarks for reinforcement learning. In: IEEE Conference on Games,
CoG 2022, Beijing, China, August 21-24, 2022. pp. 159-166. IEEE (2022), https://doi.org/
10.1109/CoGb1982.2022.989371%5
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Chapter 4. Towards verifiable Benchmarks for Reinforcement Learning

4.1 Introduction

Reproducibility is a key component of peer-reviewed science. Reviewers are supposed
to read, understand, and ideally be able to reproduce an experiment to ensure its
factual correctness. It touches not only computer science, but any science, as with-
out easy reproducibility, fraud is difficult to detect [185]. Especially for benchmarks
and competitions, where fraudulent submissions potentially poison the rankings of a
leaderboard, it is important to have tools for validation.

Benchmarking Al algorithms has become increasingly important and is now a driv-
ing force behind algorithm development. In Game AI, competitions have been an
important part of scientific conferences for a long time already, and especially game
problem benchmarks are currently more and more spreading out to core Al confer-
ences, e.g., with the MineRL competition at NeurIPS [109] [110]. Whereas the overall
aims of algorithm development are often to improve generality and especially sample
efficiency, the employed methods are still relatively slow and thus need very long runs,
thereby making reproducibility difficult.

In theory, computers are excellent for reproducibility. One can run the same code,
bit for bit, on many different machines. This may be simplified down to issuing a
single command, based on technologies such as Docker [34]. However, methods that
include some sort of non-determinism (e.g., training evolutionary algorithms [155],
or deep neural networks [154]) hamper the reproducibility of experiments. Another
growing problem is the availability of computing resources that would be needed to
replicate results [54]. The tremendous successes of AlphaStar [279] and Dota 2 [28]
are prominent examples. The large computing clusters they relied on are unavailable
to most researchers for running any type of replication experiment. Furthermore, it
becomes increasingly important to also consider sustainability issues, as the big cluster
experiments are energy inefficient. Such considerations have been voiced, e.g., for
Natural Language Processing (NLP) [260] or complex Games as Go (AlphaZero) [235].
It would thus make more sense to avoid re-computing everything but to improve the
inspection of existing log data. Other issues that stand in the way of exact replication
include insufficient reporting [114] or not open-sourcing code [201].

If replication itself is unavailable for some experiments, the next best thing could
be verifiability, namely the ability to inspect, check, and replay parts of the evaluation.
However, this is also difficult even in terms of handling the huge amounts of data that
are produced during the big experiments. In order to achieve this, we would need

some way of highly compressing this data, which instantly points us to the concept of
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minimal traces.
The research question we are going to tackle in this work is thus: How may a
researcher verify the evaluation of aRL algorithm of other researchers, especially the

display of results in figures and tables, based on minimal traces?
We offer the following contributions:

e We explain how minimal traces (Section allow reproducible verification of
results such as benchmark leaderboards (Section . Moreover, we empiri-
cally show that they enable a compression ratio of up to 10* : 1 for offline RL
datasets (Section

o We provide Plug-n-Play code [17] to collect minimal traces that integrate with
the RL-Ecosystem (Gym [39])

¢ We provide an agenda for further research on how to obtain verifiable RL eval-

uation results using minimal traces (Section [4.5)

Although there are many factors at play with reproducibility, our work solely
focuses on methodological improvements for RL research. After briefly introducing the
concept of minimal traces (section , we first look at suggestions that have already
been made for improving reproducibility or experimental methodology in section [4.3
Based on that state, we find improvable points (section and suggest concrete,
actionable steps (section [4.5). We then outline how these steps can be applied in
practice with the code that we provide (section [4.5.1). To enable compatibility, we

ensured that it properly interfaces to the existing RL-Ecosystem.

4.2 Background: Minimal Traces

For the following sections, the concept of minimal traces is important, thus we review
its origins and known uses here.

RL optimizes sequential decision making processes, that are modeled as so called
Markov Decision Process (MDP). An MDP consists of a tuple (S, A, P,(s,s), Ra(s,5"))
(state space, action space, the probability to go from state s to s’, and reward for going
from s to ') [27].

A trace, also commonly referred to as an Episode within an RL-Environment [204],
is a list of tuples that contain the start state s;, the chosen action a, the received reward
r, and the resulting state s;11. Traces are sufficient to train an RL Algorithm offline

/ off-policy, and they are also shared by related work as dataset-basis for training [2].
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Staying true to the computer science RL terminology drawing inspiration from
psychology [263], we found a fitting concept to our problem, namely minimal traces.
Their goal seems related: “Predicting the Past from Minimal Traces” [288]. We want
reviewers to reliably predict (verify) the past (evaluation results) using minimal traces.
To reduce the used space (minimal) of traces we assume that an MDP, given the
same initial state sy and action sequence «, will yield the exact same trace. To
reliably re-reproduce the initial state sg and follow up states, the random outcomes
in P,(s,s’), as well as parameters influencing the behavior of the environment need to
be fixed based on an initial configuration s;,;;. Hence s;,;; contains the random seed
as well as environment hyper parameters (see Table for an example of cartpole
hyper parameters). Fixing these probability outcomes is commonly referred to as
a deterministic MDP [207]. Deterministic MDPs reduce the required data for re-
simulation of minimal traces to s;,;+ and a. Minimal traces fit well into RL problems
as there the action set A is usually smaller than the state space S. Hence it makes
more sense to only save actions, if the observations can be re-constructed afterward.
While the added re-simulation cost might seem impractical for verification purposes,

our experiments show that it can take less than 0.7% of the original RL training time

(Section [4.4.1)).

4.3 Related Work

While the matters of reproducibility, replicability, and verifiability are relevant to all
scientific fields [185], we will focus on RL here. In RL, previous works suggest guide-
lines on how to design and report a well reproducible experiment [I14]. Conferences
such as NeurIPS are moving towards implementing these guidelines and ask reviewers
to fill in a questionnaire about reproducibility. This has led to more and more sharing
of code, and researchers are encouraged to do so [201]. Moreover, reviewers found it
easier to judge submissions that included code. Most of the reviewer guidelines focus
on the paper itself, which is the well-established scientific tradition that was practiced
already when computers were not yet invented. However, many researchers in Com-
puter Science now believe that for experimental works, we should go one step further
and exploit its theoretically perfect and exact ability to verify factual correctness of
reported results and submitted code / data (Section [4.3.1]). This so-called “Verifica-
tion of Artifacts” [I55] is not a new concept. For example, tools available to make
policy training as reproducible as possible are readily available (e.g. Garage [61]). For

experiments that are not using tools as Garage, there are also clear guidelines on how
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to properly compare to a baseline of an algorithm [124]. Moreover, researchers have
suggested to save the final values used in graphs to be able to verify the figures [141].
This theoretically works for any Figure. However, how can we be sure that the Figure
is correct [84]7

Games are an interesting playground for RL-AI. GVGAI is a prominent exam-
ple [197], as it is used for competitions that benchmark individual algorithm submis-
sions from both planning [93] and learning such as RL [272]. For these competitions,
the validity of results is guaranteed by means of execution of the submitted code by the
event host. This is made possible through a pre-defined agent interface, that allows to
interact with arbitrary games. In other RL environments, we also have a pre-defined
agent interface (see the center of Figure , but re-running policy training is not at
all reproducible. Reproducibility is not guaranteed in GVGAI either, as the applied
algorithms, such as MCTS [44], include randomness that is not fixed. While GVGAI
remedies this by means of multiple runs, research has shown that averaging over runs
does not prevent inconsistencies in reproduction attempts [114]. Whereas minimal
traces do not alleviate the problem directly, they do lift the requirement to have to

run the agent code oneself.

4.3.1 Why minimal traces?

Reproducibility in the RL ecosystem is an evolving matter. Environments usually
behave deterministically if seeded, as, e.g., Cartpole or MountainCar in Gym [39].
Famous problems that did not yet satisfy this requirement have been converted (e.g.
Robotics [16l [00]). Moreover, besides theory focused guidelines [114], practical tools
like Garage exist to enable reproducible policy training [61].

Nonetheless, RL lacks verifiability of evaluation results, such as benchmark sub-
missions. Reviewers shall be enabled to easily verify reported results in figures or
tables with minimal effort. MDP’s already come with the concept of traces that are
basically a full log of all data (observation, action, reward) [204], from which figure
data could also be constructed (see Section |4.2)). These traces are used for offline
RL. However, offline RL datasets can become quite large (3TB for the experiments in
one paper [2]) and, as a consequence, are hosted on a proprietary central authority.
To remedy this problem, we collect as little data as possible and without requiring a
central hosting authority regardless of size (Section . In Figure we attempt
to visualize the relationship between offline RL datasets, minimal traces, and the data

that Garage [61] collects. Thus, we suggest to collect an initial environment config-
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Algorithm Garage
Hyperparameters 9
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initialize
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(Offline RL) Reward (r)
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Re-Simulate
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Figure 4.1: A visualization of the relationship between RL training, offline RL datasets
(traces), minimal traces Garage [61], as well as the data collected for each.

uration corresponding to $;;¢ from the Minimal Trace (Section . In Gym, Sjnst
contains all values that influence an environments initialization (reset) and transition
function (step). Table contains an example of s;,;; for CartPole. Moreover, the
actions that an agent takes are saved. A consequence is that our method is limited to
fully deterministic environments. By properly seeding non-deterministic algorithms’
random number generation, non-deterministic problems can also be used.

We later show that minimal traces allow a compression ratio of up to 77 for regular
and up to 12559 for image-based environments (Section .

Our focus on the environment instead of the policy training is well motivated. The
data collected by tools such as Garage [61] can not overcome one specific problem.
The training of neural networks includes certain operations that render it not repro-
ducible if the host machine, host operating system, or software library version change
[213]. Unless researchers have the exact same machine and software configuration, re-
producibility will become difficult. Software configurations are easily reproducible via
Docker [34]. However, if the same code produces different results on other machines,
then reproducibility becomes practically impossible.

We see minimal traces as an add-on rather than a replacement to current repro-
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ducibility approaches. It is a workaround because reproducible policy training, such
as Garage [61] attempts to offer, does not yet work. Should training become fully
deterministic, minimal traces might become obsolete. Nevertheless, they would still
offer the advantage of being computationally cheaper than training, as environment
execution requires less computational resources than updating weights of a large neu-
ral network. Moreover, environment re-simulation is cheap enough to potentially run
in the web browser enabling interactive tools, which is difficult to reproduce with

computing clusters needed for training.

Whereas minimal traces are limited to RL, their concept transfers perfectly to
video games. TrackMania is a great example because its physics is fully deterministic.
For its leaderboard, replays are saved. A replay contains the name of a level and
all taken actions by the player. Leaderboard submissions are verified for validity [72].
Moreover, it allows to detect Tool-Assisted Runs in pure human play leaderboards [73].
More complex games, such as Counter Strike: Global Offensive, Dota 2, and Starcraft,
support replays as well. They are also minimal in their sense. However, the multitude
of possible inputs is difficult to map directly to a RL action space and hence minimal
traces. The same applies to the Unreal Engine, which has a general ReplaySystem
that can replay any data [96] but does not automatically allow replaying arbitrary
scenes deterministically based purely on agent actions. Nevertheless, this larger trove
of data is still useful to detect cheats, such as AimBots [I57]. Furthermore, it can be

used to make estimations of player skill [291].

As games are used in competitions, it could also be applied for validation there.
For example, two of the games we previously mentioned to support replays have been
a competition at the IEEE Conference on Games 2021: Dota 2 [92] and Starcraft [89].
Moreover, Spacelnvaders, which we test from Gym, is also a CoG competition [41].
Other games seem suitable as well, such as GvGAI [93], Snakes [42], or Bot Bowl [133].
These games might even manage to be directly compatible with minimal traces, as,
for example, GvGAI has managed to provide an RL-Gym Environment for its learning
track [272].

Lastly, our data collection suggestion harmonizes with the concept of PCG, as
the seed can be saved for deterministic reproduction. ProcGen has already shown
that current RL-Algorithms are struggling to generalize [59]. However, PCG applied
correctly already enables better generalization [220] and more fine-grained training

curricula [I04], and is thus especially important in benchmarking TRL [170].
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4.4 Method

We will describe our approach in detail, along the lines of 3 different aspects. Minimal
traces achieve a high compression ratio compared to regular traces. They can compress
up to 10* : 1 (Section [4.4.1)). Next, we detail how minimal traces enable re-usable
visualizations (Section . Moreover, we suggest the usage of a distributed file
system, the interplanetary file system (IPFS) [177], for long-term storage (Section
[4.4.3]). Based on these insights, we propose a reproducibility agenda (Section [4.5)).

Envi- Trace Min- Com- Training Re- % Re-

ronment | (MB) imal pression (sec) simulation| Simulation
Trace Ratio (sec) to Train-
(MB) ing

Assault- | 767.21 7.76 98.82 2314.0 177.0 7.65

ram-vQ

Assault- | 96165.33| 7.78 12355.67 5372.0 393.0 7.32

v0

Bipedal- | 530.72 181.79 2.90 2241.0 15.0 0.67

Walker-

v3

Breakout- 757.55 8.33 90.94 2859.0 640.0 22.39

ram-v0

Breakout- 96504.98| 7.98 12100.5 5647.0 520.0 9.21

v0

CartPole-| 452.25 8.5 53.23 1907.0 13.0 0.68

v0

Pong- 767.18 7.7 99.58 2356.0 142.0 6.03

ram-v0

Pong-v0 | 94641.99| 7.54 12559.36 | 5319.0 321.0 6.03

Space- 767.45 7.76 98.91 2412.0 181.0 7.5

Invaders-

ram-v0

Space- 95973.03| 7.75 12378.43 5448.0 378.0 6.94

Invaders-

v0

Taxi-v3 | 335.85 8.46 39.69 2053.0 68.0 3.31

Table 4.1: A comparison of the space requirements in megabytes and re-simulation cost
in seconds for (minimal) traces when training PPO for 1 Million steps and averaged over
three runs. We see that minimal traces achieve high compression ratios for single action
environments such as Atari or CartPole. Even in the worst case (BipedalWalker-v3), minimal
traces still allow a compression ratio of 2.9, saving nearly 350 MB.
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4.4.1 Data compression

Minimal traces are a way to store evaluation result signatures efficiently. We will have
a closer look at efficient storage for different games. Please refer to Table for the

size comparisons.

RL traces can take up a considerable amount of space. For example, a single
work offering an offline RL trace provides 3TB of data [2]. In order to compare the
amount of space needed for traces vs. minimal traces (Section , we chose different
environments with growing observation spaces. Taxi with one integer, CartPole with
two floats, BipedalWalker with 24 floats, Atari-Games RAM using 128 bytes, and
the produced 210 x 160 pixel RGB image using 100800 bytes. More interestingly,
whereas most environments have only a single integer action space A, BipedalWalker
has three continuous actions increasing the space required for minimal traces. We
train on the environment for 1 Million steps using PPO [234] from stable baselines
3 [215], using the default hyperparameters for both environment and agent. During
training, we collect the full MDP-trace (Observation, Action, and Reward) and the
minimal MDP-trace (Env-Params and Actions) for each environment. The results
in Table are striking: Minimal traces enable a compression ratio of 12559.36 for
image-based environments with a single action, such as Atari Pong. For the 128-byte
ram observation, the compression ratio falls to 99.58 for Pong, reducing 767.18 MB to
7.7 MB.

Nevertheless, environments with small observation spaces such as CartPole still
allow a compression rate of 53, reducing a 452.25 MB trace down to 8.5 MB. However,
BipedalWalker underlines that the potentially saved space depends solely on the size
difference between the observation space S and the action space A. For BipedalWalker,
24 numbers in the observation space vs. 4 in the action space. Hence the compression
ratio of 2.9 reduces the 530.72 MB trace down to 181.79 MB. An intriguing discovery
we made is a varying size for the re-simulated trace of BipedalWalker, which should
not occur. Thus we performed an experimental analysis and found that 5 in 100
re-simulations yielded a different trace due to rounding errors. Consequently, Bipedal-
Walker is not yet fully deterministic. We repeated this experiment for all other tested
environments in Table 1 and found that they are fully deterministic, hence yielding 0

failed re-simulations.

We also measured the time to re-simulate a full MDP-trace from a minimal MDP-
trace vs. the training time. Our measurements are also shown in Table Note

that for timing-related data, there is variation in runs for different hardware. All
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experiments were run on a machine with an Intel Xeon Silver 4214, an Nvidia Geforce
RTX 3090, and 256GB of RAM. The cost of re-simulation depends on the complexity
and observation space of the environment. We make use of multi-threading to re-
simulating multiple episodes at once. For Atari, re-simulation varies per observation
and game. In the worst case, it takes 22.39% of the training time for Breakout-ram-v0,
and in the best case 6.03% for Pong-v0. Computationally less intensive environments,
such as BipedalWalker-v3 or CartPole can lower this further to less than 1 % (0.68%)

of training time.

4.4.2 Re-Usable Visualizations

Listing 4.1: An excerpt for a re-usable Vega Reward Graph description. Generates the
graph shown in Figure The full JSON-File that can be explored in the Vega-Editor can
be found in the Code-Repository as listing graph.json.

{”$schema”: 7 ...",

"description”: ”Reward,per Episode”,
"data”: {”"values”: [{”Episode”: 0,
"Reward”: 11.0, "env”: 7 ...7}, ...]},
"mark”: ”line”,
"encoding”: {
"x”7: {7field”: ”Episode”,
"type”: "quantitative”},
"y7: {7field”: ”"Reward”,
"type”: "quantitative”},
"color”: {”field”: 7env”,
"type”: "nominal”}}

18

[141] suggests saving the values that are used to plot figures and providing the code
to the plot. This improves reproducibility when the numbers are the results of the
experiments. Minimal traces enable re-simulating this data to verify if this is the case.
Moreover, minimal traces allow looking at different values than presented in a paper.
For example, if a paper reported only the average reward, one could extract the median
reward instead through the re-simulated data. Alternatively, if reward per episode was
reported, one could instead look at reward per step. To increase the re-usability and

accessibility of figures, we suggest using Vega [230]. Vega is a JSON-based graph
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Figure 4.2: A re-usable Vega Lite Reward Graph, generated from the Description shown in
Listing It displays the sum of reward per episode achieved during training of PPO3
for 1 million steps using the default hyperparameters for algorithm and environment. The
used reward data can be re-simulated based on the minimal trace with ID ”2IEpetGGwN-
FOs38rhAFHx”.

description language. The main advantage is that plotted values are embedded inside
the human-readable JSON data. Hence, one could extract a baseline algorithm reward
line from the Vega description of an original paper and then compare it to a newly
trained variation without re-simulation. Of course, it still allows exporting a scalable
graphic for usage inside of the paper (e.g., Figure . In this case, guidelines on
designing a proper baseline are not that important anymore because the actual
data from other papers can be directly comparecﬂ

Another advantage of Vega [230] is the ability to load Graph-Definition-Files in
a Browser. These come with various advantages, such as seeing the exact value of
an individual coordinate, zooming, scrolling through the axes, and changing colors if

these are not color-blind friendly.

I Assuming they are being compared on the same benchmark environment with the same configu-
ration
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4.4.3 Data availability

The data we suggest to collect (Section potentially requires much storage.
Whereas some hosting authorities allow researchers to upload large datasets for long-
term availability, the two main problems with a central authority are the possibility
that data could be tampered with / changed and that there is only a single point
of failure regarding availability. The Interplanetary File System [177] lets us address
these issues. It behaves similar to BitTorrent. Users who downloaded a file also share
it, eliminating the need for a central server to store all files. Moreover, the data is
hashed, so it can not be altered afterward by the original author, the hosting authority,
or a redistributing user. A hash can represent a full folder with many subfiles that also
all have individual hashes / IDs. So the log file itself and the results produced with
it become verifiable. IPFS [177] also advertises its usefulness for scientific purposes,
and we believe our minimal traces are well suited for it. Moreover, IPFS can co-exist
and even integrate into a hosting service (such as Zenodo [87]) that could mirror the
data it provides via IPFS. That would allow them to use it as a Content Delivery
Network (CDN) for the actual files listed in the Zenodo database. Finally, conferences
or journals could have public lists of relevant dataset IDs for published papers that
should be pinned. Pinning in IPFS can be seen as the equivalent of mirroring data.
A pinned ID will permanently (until unpinned) be held in local storage and thus be

available to others requesting it.

4.5 Reproducibility Agenda

Minimal traces are a useful step on the path to reproducibility, allowing efficient
verification of evaluation data. To further improve the reproducibility of the field and
to put our work in perspective, we suggest the following agenda.

We propose researchers experimenting on deterministic Environments (ideally us-

ing PCG in order to improve generalizability) to do the following:
1. Use the verifiability tool to collect minimal traces

2. Provide source code, including a runnable container (e.g. Docker), to allow

verification of results and figures

3. Generate figures using a common visualization grammar such as Vega [230],

facilitating re-use of figure data

4. Utilize IPFS [I77] to ensure the data’s integrity and long-term availability
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Name Default Description

Gravity 9.8 Gravitational Power of the Planet

Pole Mass 0.1 The mass of the pole balancing on
the cart

Pole Length 0.5 The length of the pole (The actual
length is this value times two)

Cart Mass 1 The mass of the cart

Force Magnitude 10 Strength of the force applied to the
cart on input

Tau 0.02 How much time passes between

state updates (in seconds)
Theta Threshold Radians | ~0.209 (~12°) | The angle at which the pole is con-
sidered to be tipped over

X Threshold 2.4 The area in which the cart may
move without being considered out
of bounds

Use euler kinematics TRUE Influences cart movement

Random Seed varies Influences initial cart position and
pole angle

Table 4.2: Complete list of initial Environment Parameters s;,:; (Section4.2) for Cartpole.
Given the same s;pi¢ and action sequence «, a deterministic MDP like CartPole will always
yield the same trace.

4.5.1 Agenda applied to CartPole

To better illustrate our suggested agenda in practice, we will illustrate how following
it looks for the proverbial CartPole environment. In Table we have prepared the
environment hyperparameters (s;;;) relevant for each CartPole episode. Garage [61]
(Figure also collects these parameters but assumes policy training to be fully
reproducible, which it is currently not (Section . In Listing we show that
recording minimal traces merely requires wrapping the Gym-environment. The code
in this listing is not pseudo-code but the actual main file of our runnable example.
The last function generates a Vega [230] (Section JSON-Description (Listing
that can be used to visualize a graph (Figure . It can also be pasted into the
Vega—Editotﬂ Table is also based on re-simulated data from minimal traces.

New projects wanting to record minimal traces need to wrap their Gym-environment
with the record function from the vgym-folder [17] before training. Then, the minimal

traces will be saved into a sub-folder of the current working directory. A minimal

2https://vega.github.io/editor/
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trace file is serialized into the Concise Binary Object Format (CBOR) [37] and com-
pressed with zlib [69]. Note that minimal trace sizes in Table reflects the size
before serialization and compression. The utility function load_replay in our package
abstracts these serialization details away from the user. After loading a file, either
all episodes can be re-simulated into regular traces in parallel using resimulate par-
allel, or an individual episode can be re-simulated using episode to_ trace. Based on
that, re-simulated data figures and tables should be generated, and the code as well

as recorded minimal traces published alongside the submission.

Listing 4.2: Example code that trains a policy on Cartpole collecting a minimal trace.
The full trace is re-simulated based on the minimal trace and used to generate a Vega Graph-

Description.

import gym

from vgym import record, resimulate
from stable_ baselines3 import PPO
from example import make graphs_from
env = gym.make(” CartPole—v0”)

renv = record (env, name="CartPole—v0”)
renv.reset ()

PPO(”MlpPolicy”, renv, verbose=1)
.learn (1000000)

# Recreate Trace from minimal Log
trace = resimulate (renv
renv.minimal traces.to_list ())

# Plot using re—simulated data

make__graphs_ from ([( ”CartPole—v0”, trace)])

Our code repository contains a Dockerfile, recorded / used minimal traces, the example
code behind the imported functions of Listing [£.2] and a readme detailing how to re-
simulate the shown graph (Figure , as well as the values for the size comparison
table (Table [{.1)). All data is hosted on IPFS [177] here [17].

4.6 Discussion

If properly applied, the concept of minimal traces allows for reproducible and verifiable
RL evaluations. Moreover, it enables re-usability of result data, more accessible ways

to view the data interactively, inspection of individual episodes and data-saving for
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offline RL datasets.

A limitation of minimal traces is that the source of the action sequence can not
properly be verified. From the obtained data alone one cannot exclude any sophisti-
cated ways of cheating the authors may have applied. Whereas a result figure or table
may be fully reproduced with our data, one can not know whether the agent created
the supplied action sequences. The data could be handcrafted or made by a heuristic
or any other method that is not listed in the reviewed paper. Although minimal traces
do not yet achieve end-to-end verifiable research experiments, they are an important
step towards verifiable evaluation figures to show that values portrayed in figures or
tables have truly been achieved within the tested environment and have not been ran-
domly generated. In combination with host executed competition benchmarks such as

GVGALI, they enable post hoc analysis of individual agent performances.

4.6.1 Environmental Impact

In times where big research experiments use large amounts of electricity [193], it is
important to note the possible environmental impact of our suggestion. Hard-disk
space seems cheaper than the high wattages of training an agent on a GPU. Hard-
disk space instead of computation is also used to “greenwash” novel blockchains as
Chia [60]. Nevertheless, nothing electronic comes free, so the hardware still needs to
be built, and energy needs to be used to power the servers pertaining the datasets we
suggest to collect. In consequence, it will increase the global environmental impact
of RL. However, we see no other, more minimal, and less intrusive way to ensure full
verifiability of RL research. Thanks to the suggestion to share the data via IPFS [177],
the servers would not need to stay online 24 / 7. There could be specific times of data
availability where the server is switched on and the data accessible while ensuring the
data is not tampered with. Moreover, the distributed nature of IPFS might make
the necessity of a central storage server obsolete, given enough participants pertaining

parts of the datasets.

4.7 Conclusion

In RL, reproducibility of experimental results, and verification of research claims, is an
important challenge. Our work introduces a methodology to verify evaluation results
building on the concept of minimal traces. We provide a full implementation of this

method and have tested it on small and larger RL experiments.
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For typical experiments, minimal traces enable compression ratios of up to 12539,
reducing an offline RL trace of Atari Pong from 94 GB down to 8 MB. Moreover, re-
simulating this minimal trace back to its original size takes 6% of the original training
time.

As our example shows, the collection of minimal traces requires but a wrapper
around a Gym-environment.

While minimal traces are limited to deterministic RL problems, the idea transfers
well to (video) games. Trackmania already applies leaderboard verification via replays,
showing that benchmarks and competitions could adopt similar concepts. We envision
a web-based tool that allows re-simulation and verification of results without any
software setup by a reviewer on their local machine for future work. To that end,
we provide a mock-up (Figure with a functionality description. This could be
implemented through either a Rust-Gym port of the current approach or by having
a Python interpreter that properly works in a web assembly environment and with

Gym.

Reinforcement Learning®= VerifierQ

& 1303Q
® Spacelnvaders-ram-v0

& 4431Q
® Breakout-ram-v0

& 521Q
® CartPole-v0

& 13009
® Assault-v0

& 11683
® Spacelnvaders-v0

Episade

Figure 4.3: Mock-up of a web-based tool we envision for future work. The left side contains
a list of minimal traces, the environment, and amount of contained episodes. The right side
shows details of the re-simulated trace. For inspection, one can select individual episode
replays directly from the training reward graph, highlighted by the green vertical stripe.
Each episode can be stepped through frame by frame.
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Chapter 5

Scalable Procedural Content
Generation via Transfer Rein-

forcement Learning

Procedural Content Generation algorithms that make use of Machine Learning
have garnered significant attention from the general public due to their ability
to generate text, images, or video content that is often indistinguishable from
human-crafted artworks. These achievements typically necessitate a substantial
quantity of data, which may be scarce in specialized domains such as game-
level design. One machine learning technique, Reinforcement Learning (RL),
can be employed to learn from trial and error to address this scarcity. However,
the RL training process requires a substantial time investment and may prove
unsuccessful in the case of sparse reward structures. This papei?] empirically
demonstrates the efficacy of curriculum learning as a viable solution to address
scalability issues inherent to learning more complex tasks. Instead of trying to
learn the whole space from scratch, we employ transfer learning on a curriculum
from small to larger levels. We empirically validated this in a 3D vector-based
environment, where the objective is to generate free-form tracks that facilitate
a rider to move between designated points in the same vain as the flash game
hit “Linerider”.

%This chapter is based on the publication [172] Miiller-Brockhausen, M., Khalifa, A., Preuss,
M.: Scalable procedural content generation via transfer reinforcement learning. In: Data Sci-
ence and Artificial Intelligence (DSAI). Springer (2024), https://doi.org/10.1007/978-981-
I/—-9(93-€
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5.2. Introduction

5.1 Introduction

PCG offers numerous algorithmic approaches to generate various content for games.
Some involve the manual creation of intricate rulesets to generate diverse realistic
Minecraft villages [225]. Other methods employ generative adversarial models [282] or
language transformers [261] to create 2D Mario levels. Search-based and evolutionary
algorithms are applicable to a variety of PCG-related tasks as well [271].

Most PCG work is focused on discrete 2D domains with a limited amount of actions.
In this work, we explore the game “Linerider” [166]. It enables players to create new
tracks by drawing free-form lines through mouse input. We expanded on that problem
by extending the game to 3D space. This allowed for a complex continuous space that
is different from generating images or text because training data is scarce, which makes
it unfeasible to use supervised technique methods. Also, generating levels for games
introduces the requirement that the generated content needs to be functional (the level
has to be playable).

This data scarcity and the functional aspect of game content pushed researchers
and developers [140] towards using the Machine Learning approach of RL. Although
RL has achieved superhuman performance in game playing [28] [247] 279], it still has
trouble with domains with sparse rewards. Due to that, successful training either
requires a lot of training time or requires a small environment. In this work, we
showcased that transfer learning for reinforcement learning helps in training agents
on bigger vector-based domains in the same vein as Zakria et al. [300] work. Based
on this, we think this paper contributes to the following under-explored areas in the
combination of PCG and RL:

e Free-form content generation through vector-based action spaces

¢ Applying learning curricula to tackle RL’s scalability issues

5.2 Related Work

Reinforcement Learning and PCG are a fruitful combination as the PCGRL [140]
framework highlights. For example, it successfully balances competitive grid-based
strategy game-levels [223]. Moreover, it enables the transfer of experience to generate
Mario levels that optimize fun and historical deviation [242]. Furthermore, applied

to Sokoban, it can generate more diverse and high-quality levels compared to other
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approaches, such as GANs and VAEs [301]. It is also not limited to 2D worlds, as it
can generate 3D Minecraft structures [129].

However, the key difference between our approach and PCGRL [140] is that PC-
GRL operates on an iterative basis, revising work generated by another algorithm
and making incremental decisions regarding whether to adjust the current piece under
consideration. This stepwise action space makes the agent learn to do repairs. For
example, Gupta et al. [I08] trained an RL agent to correct programming source code
mistakes. However, we aim to harness RL for generating tracks from scratch, which
aligns more with Campbell and Verbrugge’s work [47], which generates new Roller-
coaster Tycoon 2 (RCT2) tracks from scratch. A key distinction between Linerider
and RCT?2 is the requirement for rollercoaster tracks to loop back towards the starting
point. This has been seemingly impossible to solve using exclusively RL, as Campbell
and Verbrugge [47] resort to custom heuristics and the A* search algorithm to finish
tracks initiated well by RL. In contrast, our tasks involve designing tracks connecting
A and B but never looping back to point A.

Transfer Learning is an interesting avenue for PCG as it allows knowledge to be
extracted from an existing model that then is effectively transferred to a similar game.
Alternatively, multiple models can be combined into a single model, fostering collab-
oration and knowledge-sharing [228]. This knowledge could, for example, already be
embedded in a LLM, which was not at all trained to generate content for a game.
Nevertheless, with the right prompt, they can be led to generate Sokoban [269] levels.
Alternatively, novel Mario levels can be generated through fine-tuning, which is also
a sort of transfer [261].

In the realm of reinforcement learning, the integration of transfer learning with
PCG remains an under-explored area. But it holds great promise as reusing existing
models becomes even more important for sparse reward settings such as ours. Design-
ing procedural curricula can facilitate the transition from simpler tasks to more com-
plex ones, ultimately enhancing the agent’s ability to generalize its learned skills [244].
Under Taylor and Stone’s taxonomy [265], the varying reward structures across cur-

riculum steps could be seen as a form of transfer learning.

5.3 Linerider

Originally Linerider (shown in Figure [5.1a)) is a two-dimensional flash game released
in 2006 [156]. It offers a basic yet engaging sandbox that can be applied in educa-

tion to teach students fundamental physics concepts [6]. Linerider stands apart from

61



5.4. 3D Linerider Framework

[

N

(a) Screenshot from the original Linerider (b) Screenshot from our 3D version of Liner-
game. Blue is a normal track and red is an ider. Dark blue is a normal track and light
accelerating track. blue is an accelerating track.

Figure 5.1: A comparison of the original Linerider and our implementation. In both
versions, a simple ramp that propels the rider into the goal is built. Note that in the original
Linerider the green goal is purely decorative and has been added for a better visual
comparison.

traditional gaming experiences as it lacks a predetermined objective. Instead, players
create custom tracks by drawing lines using a mouse. Moreover, players can make the
line accelerate the rider. At any point during the creation process, users can simulate
their designs. This simulation drops a rider (a person riding a sleigh) at the starting
point. From there on out, physics takes over, and the user can watch the rider roll
down the created track. The second iteration, “Line Rider 2: Unbound” [166], released
in 2008, introduces predefined levels with start and target points, requiring users to
fill empty sections with appropriate track components to guide the rider successfully
to the goal. Linerider still fosters an active community that uses the game as a
creative outlet to express themselves artistically. This expression can be in the form of
audio-visualizers that match a specific song or apply orthographic projection to create

seemingly 3D images that the rider drives through.

5.4 3D Linerider Framework

Our re-implementation of Linerider (illustrated in Figure emphasizes the devel-
opment of solvable tasks that can be learned rapidly within the realm of reinforcement
learning. To add to the original challenge, we move to 3D Space. Another change we
introduced is to use a ball instead of a person riding a sleigh. The primary reason is
that in early prototype testing, a rectangular shape gets stuck too easily in curves.
Besides the influence on the rider’s behavior, this change will allow for an alternative

mode where the rider is controlled by a player/agent. Then, the game would be more
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similar to Super Monkey Ball [83].

We developed our platform using a natively compilable language rather than Python.
Research suggests that the primary obstacle in RL training stems from insufficient sam-
ple collection during environmental interaction [10]. Consequently, minimizing latency
between agent actions and environmental feedback is essential. This aligns with other
physics-based RL environments, such as Mujoco [270], where the physics calculations
are done in C(++). By leveraging the Rust programming language [160] alongside
the Bevy game engine [29] and Rapier physics simulator [71], we harness a powerful
yet lightweight technology stack optimized for scientific exploration. This stack has
a proven track record for scientific research in both PCG [31] and offloading physics
computations to servers [146].

Our track design connects XYZ coordinates with flat track pieces with edge rail-
ings, enabling the rider to navigate curves without exiting the track. To mitigate the
likelihood of the rider leaving the track, we have adjusted the restitution coefficient
(which is used for allowing to simulate elastic behavior) to 0.5. This modification
ensures that the ball bounces less vigorously upon impact, reducing the chances of

unintended jumps above the edge railings.

5.4.1 Formalizing the Environment

We formulate our problem as MDP [26]. Software-side we use Gym [39] to allow
RL-Agents to train in our environment. We rely on Pyo3 [212] for interoperability
between Rust and Python, which allows us to use our Linerider Rust Gym like any
other one implemented in pure Python. When designing an MDP, three crucial design
decisions must be made: observation space, action space, and reward design. Each of
these parameters makes or breaks the learning process.

To make Linerider 3D stand out from the related work, we opt for a continuous
action space that enables vector-based PCG. This is in contrast to, e.g. [47], which
has a static action space with &~ 152 predefined pieces. The continuous action space
expects RL to generate four values: The coordinates (XYZ) relative to the previous
point and the type of track to generate. The track type can be one of the following:
Normal, Empty (to allow building Jumps), and Boost (accelerates the rider in the
direction of the track).

For the observation space, we use two variations: Full Observation and Sliding
Window Observation. Both contain track coordinates and their type. In full, the

observation contains all possible track pieces that can be put down (10 by default
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Name H Description \ Value

Rider distance to || The closest, the rider has passed by the | 1555

Goal goal during simulation

Track distance to || Encourages building towards the goal 0.1% (1 - 5£)
goal

Goal reached by || Given if the built track is within the range | 0.5
track of the goal
Goal reached by || Given if the rider reaches the pre-defined | 2
rider goal
Scold premature || Given if the rider falls outside of the | -1

end building area
Use of boost If the chosen track type is of type accel- | 0.01
eration

Table 5.1: Individual reward components that are used for the framework. In the equations
we have the distance between the rider and goal (¢), the distance between the last placed
track piece to the goal (k) and the world size (X).

but we also test larger sizes in Section . On the other hand, the sliding window
only includes the last n placed track pieces (4 by default). Sliding window yields the
possibility of transfer between arbitrary world sizes as it is not restricted to a specific
world size. The sliding window observation is used for the transfer learning task as it
is not restricted to a specific world size.

For the reward function, we use a simple sparse reward that is granted at the end of
the episode (after the simulation is complete). The reward function focuses on making
sure the ball and the track reach the final goal. It also rewards using boost tracks and
punishes falling off track. Table covers the individual reward parts and how they

are calculated.

5.4.2 Environment Hyperparameters

The environment is configurable through a variety of parameters. Most are left un-
changed after the initial test, but they can be relevant for more experiments, e.g.,
testing a different transition function for a transfer learning experiment. Unchanged
parameters include: Rider mass (1.0), density (5.0), track width (0.5), track wall width
(0.5), track wall height (0.75), maximum track piece length (1.5).

Parameters we do vary in experiments include: World Size ([10, 20, 30] with 10
as the default value, see section for more details), steps to simulate before pre-

maturely ending it (default is 1250, calculated via % * (80 % A) where X\ s the world
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| Success Rate in % / — Size [ 10 | 20 | 30
Baseline-Ball 100 98.92 | 96.55
RL-Full-Ball 99.85 | 0.68 0
RL-Full-Track 0.15 55.26 | 0.14
RL-Sliding-Ball 99.99 | 0 0
RL-Sliding-Track 0.01 0 0

Table 5.2: A table comparing the success metric track reached goal and ball reached goal
between the two RL observation spaces and our baseline heuristic. RL’s reported success rate
stems from the 10k evaluation episodes after training has concluded. In this table, the ball
category also incorporates the case of both parts reaching the track.

size), and the task type that reflects the complexity of the problem ([up, same, down],
see section for more details). The world’s size plays a role in determining several
aspects of the environment. Firstly, it establishes the spatial boundaries within which
track pieces can be placed, namely [0, A] for the XYZ-Directions, with A being the
world size. Secondly, the number of available track pieces and, consequently, the
maximum number of steps per episode is directly proportional to the world size, as
per step in the environment one track piece is laid down. Lastly, the rider’s starting
position and the goal location are randomly selected within the world size’s coordinate
range. Additionally, we ensure a minimum distance between these points to preclude

scenarios where no actions are necessary for success.

5.5 Experiments

We apply Proximal Policy Optimization (PPO) [234] from the stable-baselines3 [215]
library. All hyperparameters are left to their default values; thus the neural network
size comprises 2 fully connected layers of size 64. Because experiments in deep re-
inforcement learning are notoriously difficult to reproduce [201], we provide replay
traces [173] in the code repositoryﬂ to allow our results to be at least verifiable.

To evaluate the success of an agent, we have the following metrics. The track
reaches the goal (where the reward, in that case, is 0.5), the rider reaches the goal
(where the reward, in that case, is 2), or both parts reach the goal (where the reward
is 2.5). As the rider is uncontrolled, it can happen either by coincidence or through
bad track design that the rider falls off the track without reaching the goal, while the
track itself reaches the goal. An episode is considered a success if the rider reaches

the goal. Hence, the track reaching the goal is only considered a step in the right

Thttps://github.com/Hizoul/3dlineriderpcg
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5.6. Results

direction. If both reach it, that is a nice feat, but as Figure demonstrates, the
rider can also reach the goal without the track doing so. To influence the agent to use
the boost track pieces, we include the “use of boost” reward (Table [5.1)).

We also have a heuristic agent that achieves a 100% success rate in both parts
(making the ball reach the goal and the track). This is an agent based on a heuristic
that calculates the direction vector between the last track piece and the goal. Due
to its reliable success, we refer to this agent as baseline agent. While the heuristic
reliably builds a straight line to the goal, the core of Linerider is to be creative. The
heuristic enables us to train a baseline RL agent that can fulfill the goal. From this
policy, we can then transfer to different reward functions to increase track traits such
as jumps (Section [5.6.3).

For the scalability of our trained models, we increase the problem complexity by
varying the world size. This influences the size of the world, the distance between the
start and goal locations, as well as the number of placeable track pieces. Increasing this
size ensures a delay in the reward signal making it more difficult for RL algorithm to
learn the environment. Similar to the problem of late reward introduced by Bontrager
et al. [36].

5.6 Results

The training regimen of all experiments consists of 100k steps. Every 2048 steps, an
intermediate evaluation comprising 100 episodes is conducted. Upon completion of
training, an end evaluation of 10k episodes is done. Each experiment configuration
is executed five times, and all values presented in Figures and Tables represent the
average of these runs. If a plot incorporates translucent colored areas behind a line,
it denotes the confidence interval (95%) of the mean across the aforementioned five

runs.

Before conducting the scalability experiments, we verified that RL can solve the
basic task in the smallest size environment under default parameters (Section [5.4.2).
We found out that when the goal is lower than the starting position or at the same
height, RL achieves a 100% success rate. On the other hand, going upward is a little
harder but our RL solution was able to reach 96.77% success rate. The remaining
3.23% are not complete failures, as the track still reached the goal. Looking at the

built tracks we can see that the failures are due to not using the boost-track type.
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Figure 5.2: Comparison of performance on transferring between different world sizes. The
necessity to transfer to be able to solve larger world sizes is clearly visible.

5.6.1 World Size Base Experiment

To investigate the impact of different observation spaces on learning efficiency, we
conducted experiments on various world sizes ranging from 10 to 40. Note that the
number of track pieces placed is equal to the world size (see Section . Our pri-
mary objective was to determine the minimum track size beyond which RL encounters
significant difficulties in solving the problem. So, we decided to only focus on prob-
lems where the goal location is lower than the starting location because RL has solved
this task in a world size of 10 with 100% accuracy. We compare both observation
spaces (Full and Sliding Window) in this task, to see if it affects learnability. We also
compared the results on the different sizes to our baseline agent.

Table summarizes the outcomes of our experimentation. Looking at the num-
bers for the baseline, we can see the likelihood of the ball exiting the track prematurely
before reaching the goal increases as the world size grows. However, even for the largest

track size of 40, the success rate for the baseline agent remains consistently above 96%.
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Figure 5.3: Visualization of success score (see Section per episode during training.
Lines are smoothed with a rolling window of 50. Lines prepended with “TR” are transferred
policies. The first label after TR denotes the source task, while the second label represents
the target task. For example, the TR-Down-Same policy is trained on the A to B down task
and transferred to the A to B same task.

Examining RL in the two observation spaces yields mixed outcomes. While the
sliding observation window of size four yields a marginal improvement of 0.14% in
Ball success rate for a world size of 10, its efficacy counter-intuitively diminishes when
learning larger world sizes from scratch. Despite the full observation space managing to
at least build a track to the goal around half the time (55.26%), the sliding observation
space proves unsuccessful and fails to generate any useful track. Conversely, the sliding
window observation enables the transfer of a previously learned policy and is more

successful in learning larger world sizes when training from scratch (see Section |5.6.2)).

5.6.2 Transfer Learning Between World Sizes

In this experiment, we are using the sliding window observation as it will allow for

easier transfer between sizes as its size is fixed between all the experiments. The
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results from the previous section showcased the inability to facilitate generalization
to larger world sizes. This prompted an evaluation of policy transfer techniques from
smaller to larger ones. If learning tasks from scratch proves unsuccessful, employing
a curriculum to introduce difficulty slowly can yield improved results [183]. More
specifically, Zakria et al. [300] highlight that in PCG scenarios with a sparse reward,
such as ours, an incremental increase in size during training improves performance on
larger worlds.

Taylor & Stone [265] define four metrics of success for TRL: Jumpstart, denoting a
higher initial reward than training from scratch. Time to threshold, signifying shorter
training duration to achieve a comparable reward level. Total reward, indicating
whether the transferred policy achieved a higher cumulative reward than training

from scratch. Lastly, asymptotic performance means the agents’ final performance has

improved.

(a) Track built by the base- (b) Track built by “TR-S10- (c) Track built by “Size-20-
line in a world size of 20. Both S20”. The track does not quite Sliding”. Neither track nor the
track and ball reach the goal reach the goal, but the ball ball reach the goal, but despite
and the resulting track is a does. The resulting track in- a near zero success rate it un-
straight line from start to fin- dicates that RL is close to an derlines that something sense-
ish. optimal solution. ful is learnt.

Figure 5.4: A visual comparison of tracks built in a world size of 20 in the A to B down
task by the baseline (5.4a]), RL learning from scratch with the sliding observation space ([5.4c)
and RL after learning using a curriculum that transfers from world size 10 to 20 (5.4b).

Figure clearly illustrates asymptotic performance, revealing that a transferred
policy successfully manages some success in world sizes of 20 or 30, whereas training
from scratch is completely unsuccessful in this scenario. The transfer policy is also
more successful in making the ball reach the goal (61.98% vs 0.68%) than training RL
from scratch using the Full Observation Space (see Section [5.6.1)).

Additionally, Figure [5.3| showcases a jumpstart, lower time to the threshold, and
a higher total reward compared to training from scratch on the tasks. These findings
underscore the necessity of curriculum learning to address higher dimensional state

spaces. However, with these improvements, a world size of 30 is not reliably solvable
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Name H Description \ Value

Touch The amount of time the rider was touching the track %
during simulation

Air The amount of time the rider was in the air during %
simulation

Speed The overall speed during the whole simulation %

End speed The current velocity of the rider at the moment it 5—’6

reaches the goal

Table 5.3: Individual reward components that are used in reward shaping. In the equations
we have the total time (u), the time the ball is touching the track (v), the time the ball is in
the air (£), the velocity per step (o) and the velocity at the end of the simulation (p)

through RL, whereas the baseline manages a success rate of 96.55%.

We provide a visual comparison of built tracks in Figure [5.4l It depicts the in-
baseline solution: a straight line to the goal (Figure . When transferring from
size 10 to 20 RL finds a similar solution (Figure . However, the track is more
bumpy, which could explain why in 36.68% of the cases the track reaches the goal
but not the ball (for “TR-S10-S20”). Lastly, we also include a failed track from the
training from scratch on size 20 (Figure to underline that while the success rate
is exceptionally low, the built tracks are not completely useless. If the second track
piece would have less of an up inclination the rider would not get stuck and could
reach the goal. We think that the reason for not learning to use the straight track
instead of going up is due to the delayed reward which causes a problem in reward

assignment with every piece in the track [36].

5.6.3 Reward Shaping

In this experiment, we let RL build tracks that fulfill the goal while also maximizing
a specific trait. The traits we optimize for can be: Touch (rider contact with track),
Air (opposite of touch), Speed (velocity of the rider), and End Speed (velocity of the
rider when reaching goal). Table details how these are calculated.

The experiments were conducted on the A to B Down variant in a world size of
10, as RL previously came close to a 100% success rate in this setup. As illustrated in
Figure 5.5} reward shaping yields mixed results. We aim to normalize all values across
0 and 1. Hence, Air and Touch have an inverse relationship, and their sum will always
be 1.0. Encouraging the rider to go faster proved to be effective, as evidenced by the

highest speed attained during the simulation, and the highest end speed achieved upon
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Figure 5.5: A comparison of certain track/simulation traits and reward shapes that try
to optimize these traits. The color/label determines what the reward was attempting to
optimize. The x-axis shows the performance per individual trait. Values in the Y-Axis have
been normalized to 1.
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(a) A track maximizing air (b) A track maximizing (¢) A track maximizing
time Touch-Time speed

Figure 5.6: A visual comparison of tracks built in a world size of 10 in the A to B down
optimizing for different track traits through reward shaping.

reaching the goal was measured in the “Touch&Speed,” “Air&Speed,” and “Speed”

runs.

The pure touch reward exhibits a comparable efficacy in achieving its intended
objective, except for the combination “Touch&Speed” which results in a similar Air-
time than the focus on Air-time alone. While pure air reward has slightly more air
time than the touch experiment it is still lower than when optimizing for speed. We
assume that this is due to the small world size not allowing for as much variation and
that the effect would be more notable in a reward-shaping experiment with a larger
world size. Hence, we can see a clear correlation between speed and air time. The

disparities highlighted in Figure [5.5] are also evident in the built tracks portrayed in
Figure

For example, optimizing for Air-time results in the cessation of track additions
shortly before the goal, ensuring that the rider will not engage with the track further,
as evident in Figure Additionally, the utilization of accelerating track pieces,
signified by their greenish-blue coloration, results in elevated velocities and ensures
that the rider jumps far enough to reach the goal. When optimizing for track touches,
as depicted in Figure the conventional non-boosting track pieces colored in light
blue are used. Notably, the track does not exhibit a straight downward trajectory but
rather a slight upward curvature towards the end to force more track touches. Lastly,
when optimizing for speed, as illustrated in Figure the track maintains a straight

line and predominantly incorporates accelerating pieces.
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5.7 Conclusion & Future Work

We introduce a three-dimensional (3D) Linerider implementation that is capable of be-
ing learned through RL. Our experimental evidence suggests that RL can procedurally
generate free-form vector-based tracks for 3D Linerider. This involves simple A to B
tasks (section . While RL exhibits limited scalability to larger world sizes (section
, we underline how curriculum learning is a promising direction to overcome these
limitations (section . The usefulness of TRL is not limited to scaling to larger
problem sizes. Moreover, we show that reward shaping enables the maximization of
specific desired track traits such as rider speed (section |5.6.3)).

Several promising avenues for further research on this problem exist. Regarding
the reward shaping (section , it would be interesting to see if the effects are
more pronounced in the data if the world size is larger. For the scaling experiment
(section , an investigation into a more dense curriculum that increases the world
size in increments of two or four rather than ten could alleviate the scalability issue to
sizes of thirty. Moreover, the construction of pre-made levels with designated sections
that require completion could be tested. This would enable our choice of action space
and the PCGRL approach. Furthermore, we could build pre-made levels where only
certain parts must be filled in. This could also be compared to using the PCGRL-
Action space, where RL only decides if it wants to adjust a certain point or keep it as
it is.

Additionally, as hinted in section incorporating player control over the rider
would bring the problem closer to that of Super Monkey Ball [83]. This modification
would enable a generative adversarial approach to generate progressively challenging
tracks. Considering our positive curriculum learning results, this might prove a suc-
cessful extension to tackle the scalability issues to larger world sizes. Lastly, the track
could be transformed into a pipe through which the rider would traverse, thereby de-
creasing the likelihood of the track alone reaching the goal without the rider’s presence,

as there would be no means of falling off the track.
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Chapter 6

Chatter Generation through
Language Models

This worK? examines the feasibility of using Language Models (LMs) to gen-
erate chatter that stays in context based on persona descriptions. We clearly
distinguish between chatter and dialogue, explain why we believe that chatter
yields more promise for integration, and experimentally show that in 500 gen-
erated samples the majority (79%) of responses stayed in context. Additionally,
we coarsely check that most (=70%) consumer gaming hardware has enough
random access memory (RAM) to store a small 7B 4-bit quantized LM model
such as LLama.cpp on top of a demanding AAA game. Finally, we outline our

vision for the future of games and language models and their potential synergies.

%This chapter is based on the publication [I71I] Miiller-Brockhausen, M., Barbero, G.,
Preuss, M.: Chatter generation through language models. In: IEEE Conference on Games,
CoG 2023, Boston, MA, USA, August 21-24, 2023. IEEE (2023), https://doi.org/10.1109/
CoGb7401.2023.10333244
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6.2. Introduction

6.1 Introduction

The Large Language Model (LM) field is experiencing a large influx, mostly thanks to
the release of ChatGPT and GPT4 [187]. These technologies have convinced the larger
populace that Al is moving quickly towards human level proficiency in natural language
use. Unfortunately, being able to run these models is a privilege as they require large
hardware clusters, unavailable to most people. However, the introduction of smaller
versions, such as LLama [274], makes LMs accessible to consumer hardware. It can
even run on a Raspberry PI or mobile devices such as Android Phones to generate
text [82].

The availability and, especially, the comparatively low hardware requirements have
sparked our interest in investigating the possibility of integrating LMs into video
games. Generated dialogue text can potentially improve immersion in video games,
as it can be directly synthesized to voices that sound natural [I58]. The audiovisual
quality and style are central aspects in the perception of how good a game is [80],
and dynamically voiced text can help improve here. Moreover, immersion is fueled
by a vividly designed, detail-loving environment [179]. An example is Grand Theft
Auto: Vice City, that immerses players in a 1980s representation of an American city
through contextualized radio programs [19] and slang used in dialogues. To assess the

integration of LMs in video game making, we offer the following contributions:

1. We experimentally generate chatter to manually evaluate its ability to stay in

context (Section

2. We check that most (~=70%) consumer hardware could store a small LM in

memory (Section

3. We form a vision on LMs will generate immersive content beyond dialogue (Sec-

tion

6.2 Related Work

6.2.1 Dialogue

While we focus on chatter (see Section [6.3)) in our work, it is important to look at what
has been done in dialogue generation before. The two are closely related, especially
in the context of imitating a persona. Most related work we found did not have small

LMs available yet, so it focused on generating dialogue outside the game runtime.
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However, in 2006 it was already hypothesized that natural language technology could
be included in the runtime of video games to improve RPG dialogue [135]. The
present has shown that the large availability will make this a reality very soon, as
the Skyrim ChatGPT integration [I5] suggests. There is also a prototype system
to formalize backstories, character information, and social interactions that uses finite
state machines to generate varying dialogue when talking to NPCs [259]. Furthermore,
there are attempts to diversify dialogue (e.g., Fallout 4 [I11]). Lastly, other work fine-
tuned GPT-2 to diversify the dialogue of receiving quests in World of Warcraft [257].
In other instances, full quests are generated via GPT [4]. Moreover, recent work
completely generates each individual character and their dialogue in a 2D RPG with
the help of ChatGPT [189] or generates text adventures using GPT-4 [1]. RPGs are
a recurring theme regarding dialogue generation, as all four relevant works focus on
applying it to RPGs. Outside of games themselves, there is Character.ai [122], a web
interface that allows users to chat with pre-built personas. A similar open-source
project is TavernAl [65], which offers open-source character descriptions to be used

with various LMs for “atmospheric adventure chat” packaged in a web interface.

6.2.2 Procedural content generation in Games

PCG helps in many fields of research, e.g., helping generalization in RL [58] or provid-
ing curricula to improve learning through dynamic difficulty scaling [5]. We will focus
on its application in games. PCG methods already help generate stories that players
live through [51] without generating dialogue or novel text. It could be a small mur-
der mystery case generated using MCTS [127], or using data openly available on the
web [24]. Alternatively, it could be triggering events that shape the history of a colony
that one is managing, like in Rimworld, where attacks or visits to your colony are ran-
domly generated [159], or the dynamic nemesis system in Lord of the Rings Shadow
of Mordor [145]. Furthermore, assuming that one can successfully generate sensible
dialogue, it can be turned into realistic-sounding voices [I58], which has already been
applied to Fallout 4 [211] through a mod.

6.3 Chatter

6.3.1 Definition

Chatter is originally defined as “idle talk” [162]. Thus, it qualifies as a subset of

dialogue. In our work, we further specify this definition to refer to any utterance by
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Police / Al- | Dragonshout | Captain / Pi- | Introvert Thief / Steal-
most collision | / Nord rates Genius / Ice | ing
cream
Driver, stop! Is it really | Hold on tight | I'll just pass | I could’ve
possible? men! Prepare | on this one. done that
Can one of | for battle! better.
them ac-
tually use
magic to talk
to dragons?
Stop that ve- | That... was | Battle sta- | Darn it all, | I could to-
hicle! incredible. T | tions! Brace | I guess Tl | tally do that
have  never | for impact! just have to | too, if 1
seen anything tough it out | wanted to.
like it before. without my
precious ice
cream.
Hey, watch | Thor, protect | Hold your | I guess T'll | I hope he’s
where you’re | me! position! just have to | not too good
going! Stay  alert! | suck it wup | at hiding his
We have | and go back | stolen goods.
company! inside.
What’s  the | That is | Men! Pre- | Well, T sup- | Looks like
rush? one brave | pare for bat- | pose it’s | I found my
warrior. tle! We're | back to sit- | next victim.
about to be | ting in my
attacked by a | room playing
group of pi- | games for me
rates! today.
What is | What is going | Hold fast, | Screw  this, | Ah, a thief in
wrong with | on here? A | men! Prepare | I'll just grab | the market.
people?! Do | dragonshout for enemy | a cone from | It seems like
they have no | right before | fire! the conve- | I'm not the
regard for | my eyes? nience store | only one with
human life? later. sticky fingers

around here.

Table 6.1: Cherry picked examples of successful chatter generation.
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an indiwvidual that does not require or expect a response but could be used as the start
of a dialogue, e.g., “Ahoi!”, “Watch your step!”, “Nice Weather, eh?”, “Such a cute
dog!”. Chatter can also be a reaction to an event, such as almost being run over and
responding, “Watch where you’re going!”, “Are you blind?!”. A great resource for
examples is this list of generic dialogue in the video game Skyrim containing, e.g.,
a list of reactions of NPCs to a player performing a Dragon Shout [62]. A similar

scientific resource collected drug-related chatter from Twitter [229).

6.3.2 Why not Dialogue?

While LMs, in principle, only generate text and add on to it, they are often used for
chatbots / conversational partners, thus having a dialogue. LMs can take on personas
(Section to imitate imaginary characters or well-known celebrities (e.g., Char-
acter.ai [122]). For RPG settings, having more than just the pre-scripted conversation
with an NPC could create a more immersive experience. Games like text adventures
completely rely on text and could be made much more dynamic. Others identified
this opportunity and seized it to integrate LMs to handle game dialogue, e.g., a Chat-
GPT Skyrim Mod [15]. While the concept works, we believe it will struggle to stay
in context, e.g., ensuring that a Skyrim NPC does not include references to concepts
or technologies not yet known to humankind in the game setting. The technology
to control dialogue systems is still in its infancy, as they can easily deviate towards
producing unwanted toxic content [68]. It is only natural that procedural systems will
evolve, just like the world generation in Minecraft has been continually improved [88].
This evolution will be necessary, as small changes in the context, which in this case
would be the dialogue history, are enough to confuse an LM and make it give faulty
answers [241], 302]. This is why we focus on chatter. The danger that, e.g., unknown
concepts or technologies are included in the answer of course remain, but given the
shortness of the answer is less probable. Moreover, in the future, the uttered chatter
could be used as the start of the dialogue and result in even more dynamic conversa-
tions with NPCs, thus making it a viable teaser that will stay handy in the future.
Ultimately, derailing the context will not be possible as we envision the prompts that
generate chatter to be statically defined by the game developers and outside of the
control of the user. Moreover, we believe that AI should extend the human creative

process but not automate it by asking the LM to generate the personas in the game.
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Response Type

B In context

B Duplicate in context

1 Somewhat in Context
Duplicate Unfitting
Out of context
Assistant Refusal
Unrelated Story
Text Adventure

Amount of responses
EEB N

Figure 6.1: The chatter categorization results (see Table for legend label explanation)
for the fitting character situation pairs (Table [6.3). It is clearly visible that the majority of
responses (up until the green part of the bar) are sensible chatter.
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Category | Example Explanation

In Con- | Stop that vehicle! (Police / Al- | A police officer would attempt to

text most collision) stop a reckless driver.

Some- I might have to do what I have | In character but not really pre-

what in | to do. (Thief / Stealing) cise and properly reacting to the

context situation.

Out  of | What is happening? Who are | There is only one other person

context these people? (Nord / Dragon- | and the dragon, so the situation
shout) / context description has been

ignored.

Unre- “I could do that too.” You ap- | Generates a continuation of the

lated proach the cashier, [..] (Thief / | situation after the intended re-

Story Stealing) sponse

Text Ad- | You decide to approach the | Similar to unrelated story, but it

venture thief and try to get it back. | ends with a question or a list of
What do you do? (Thief / | possible actions that the player
Stealing) should choose from, as if it were

in a text adventure game.

Assistant | I'm sorry, but as an AI lan- | Because we use an Instruction-

Refusal guage model, I cannot fulfill | Following-Model it has certain
this request. [..] (Introvert Ge- | safe guards built in, as to not aid
nius / Ice cream) in illegal activities.

Table 6.2: A list of the categorization labels we came up with, together with an actual

example and an explanation as to why this example is categorized under this label.
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6.3.3 Generating Chatter using Personas

Borrowing the concept of personas [25], we want to give NPCs a unique character
to produce a variety of chatter that always fits a certain situation. Thus generating
chatter requires two parts in its prompt: a persona and a situation description. A
persona description should allow inference of fitting answers. Relevant information
to allow this could be emotional state, accents, or other remarkable language traits
such as an affinity to swear words, occupation, and political orientation. The situation
description should capture as many details of the scene as possible to paint a vivid
picture. The combination of both descriptions should consider the input token limit
(2048 for Llama [274]).

To evaluate chatter generation, we generate 100 responses for five character situ-
ation combinations (Table , using Llama.cpp [101] and a 4-bit quantized version
of the Koala [100] model. In initial tests, we noticed much duplication leading us to
choose a relatively high temperature parameter of 0.7 and a repeat penalty of 1.1. The
other parameters were left at the default of Llama.cpp.

Table [6.1] presents some cherry-picked responses that we subjectively deem good.
However, we want to give a more differentiated and objective view of the quality of
generated content. Thus, we manually categorize responses (see Table to produce
Figure The data shows that in the 500 responses, the majority (396 / 79.2%)
of generated chatter is in context. However, with the high temperature parameter
we still found a surprising amount of duplicates (60 / 12%). Future work should
investigate if accepting a higher duplicate rate could be traded for an even better in

context response rate.

Characters Situations

You are Raj Tara, a renowned police of- | You are strolling down a bustling city
ficer in the city of Amsterburg. Your | street in Los Santos flooded with peo-
strong will for justice makes you live | ple and car traffic. Suddenly out of
for your job. Your no-nonsense attitude | nowhere, a Car appears, charging right
never fails to get you the respect of any | at you with high velocity. You man-
opponent, and there is not a single case | age to jump out of the way just in time.

unsolved case in your entire carrer. Mid-air, already safe from impact, you

manage to yell:
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You are Joe Craig, Captain of a me-
dieval military battleship. You are a re-
spected and experienced leader that has
proven his bravery and strength in many
successful battles. These victories have
left your uniform cluttered with badges
of honor. You must explore and con-
quer new lands, and you do so with great
tactical plans, which have gained your

crew’s respect.

You are sailing without backup in your
large medieval battleship, fully stocked
with a crew. You have gotten off course
days ago and are completely lost. You
are approaching land, but it is foggy, so
you can barely see anything. You have
almost reached the shore when you start
to see a bunch of pirate flags and human
bones pierced on wood sticks. It is too
late to turn around, and you realize the
first attack arrows are flying your way.

You yell to your crew:

You are Atticus Doyle, a man struggling
in life. While your curiosity for tech-
nology and science has granted you un-
matched intelligence, it has left you a so-
cially lacking, resulting in trouble inter-
acting with other human beings. More-
over, you have a fear of altercation be it

physical or verbal.

You are standing in line at the town’s
The

temperature outside is high, so you are

most popular ice cream parlor.

melting away and desperately dreading
some much-needed ice cream. You re-
alize that at the current pace, you will
have to wait at least 30 more minutes
before you get your turn. You try to
cut in line slowly, but the first person
you pass already scolds you and de-
mands you to return to your original
spot. Hangry for ice cream, you rant
back at them:
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You are Gallus Mallory, a sneaky klepto-
maniac that has never learned to make
an honest dime. It has left you in
poverty and frequent imprisonment, but
you get by and are currently free. To the
outside, you seem very kind and defen-
sive, but you are capable of anything, as
your convictions of manslaughter have

proven.

You are exploring all the interesting
stands at the local market of your town.
You come across an item that piques
your interest but is way out of your price
range. Nonetheless, you really want to
have it, so you plot to return later in dis-
guise and sneakily steal it. Returned in
disguise, you attempt to steal the item

but get caught by the merchant and are

instantly pinned down. Realizing that
you have been defeated and there is no
getting out of this anymore, you look the

merchant in the eyes and plead to him:

Table 6.3: Character and Situation description examples used to generate Chatter. Each
character description is specifically suited to the situation description in the same row.

6.3.4 Potential applications

Potential applications include improving old games’ chatter. For example, we could
make the narrator in Stronghold diversify his “The people are starving, sire!” line
to variations such as “Please provide more food to the people, sire!” or “My lord,
please consider feeding your fellowship!”. Alternatively, in games like Stellaris, or
the Civilization series, the answers to specific actions, such as declaring war, could
be diversified. Moreover, in a game like Stardew Valley, the world could be more

interactive by making characters utter chatter instead of emojis to certain actions.

6.4 Hardware Target Audience

To assess whether consumer hardware could run small LMs next to a video game,
we must define minimum system requirements and compare those to the average con-
sumer hardware. We will focus on Random Access Memory (RAM) only for the system
requirements as we assume the Graphics Card will be busy with rendering the game
and unable to also handle the LM. Moreover, we omit CPU capabilities as the genera-
tion could always be outsourced into a low-priority thread that generates tokens very

slowly but does not interfere with the game loop keeping up with frame rates.
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Windows should use around 2.5 to 3 GB of RAM in idle [113]. While playing
Cyberpunk 2077, our Task manager claims 5 GB is being used. Lastly, we want to
add an LM. The size in RAM depends the amount of weights. A 4-bit quantized
model requires 3.9GB (7B) or 7.8GB (13B) [10I]. That means a gaming computer
that uses LMs to improve Cyberpunks dialogue via a mod would require at least
11.9GB (7B) or 15.8GB (13B). Next, we want to know what hardware the average
consumer owns. Unfortunately, the most well-known PC benchmarks keep this data
proprietary in order to make a business of selling it (e.g., 3DMark [13], Unigine,
canyourunit, userbenchmark). However, we found two sources that actually share
this data. One is the Steam Hardware Survey [276], which appropriately focuses
on a potential target audience of gamers. Another publicly accessible source is the
PassMark Benchmark [191].

When it comes to RAM, according to PassMark, ~84% of users have at least
12GB of RAM, and ~83% have 16GB available. This is mostly in line with the Steam
Hardware Survey, where ~ 75% have 12GB and ~ 72% have at least 16GB. We expect
the worst case thus that around 70% of the user base can play games containing small
LMs. Which would still be the majority of all gamers and more than, e.g., players
that have VR headsets (=~ 2% [276]).

6.5 Vision

In our experiments, we show that chatter is a feasible contemporary teaser to the future
of dialogue systems. These systems will give ample opportunity to improve existing
games through mods (Skyrim [15], Fallout 4 [111]) or create entirely new experiences.
Chatter poses as an extension to these systems, as the utterances can be used as the
starting line in a dialogue with NPCs. Furthermore, using dynamically generated
dialogue would be a great opportunity for improvement for games such as Sims or
its new competitor, Life by You [236], and could replace Simlish with a real language
known to the user. However, using a known language can reduce intelligibility over,
e.g., Simlish when trying to understand song lyrics [40]. Moreover, VR experiences
could now provide realistic chatbots as we can make them respond with voice to
our voice inputﬂ Even the immersion of classical board games like Dungeons and
Dragons can be improved into an interactive drama through a combination of text and
image generators [227]. Moreover, LMs allow for more generative AI approaches than

dialogue [48]. Special encoding for tokens allows developers to come up with creative

LVoice to Text — Text to LM — Response from LM — Voice Generator
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ideas. Transformers can be made to solve image classification tasks [74]. Moreover,
they can encode states of a RL environment and combine it with text to make an agent
act |75, [218]. That means one could also create special tokens to interact with a specific
game by, e.g., allowing the narrator in Rimworld to generate dynamic dialogue and
include tokens in this dialogue that trigger certain events. Also, the input to the LMs
could include tokens that encode game state specific information that can help generate
its responses. An example of state encodings that could potentially be converted to
LMs tokens is provided by StoryWorld [210], which encodes personal details, skills,
relationships, memories thereof, and more. Alternatively, a bot for a game could
potentially be programmed through a combination of snapshots of the game (picture
or state encoding) and textual descriptions of what to do. Nevertheless, we should not
forget the potential consequences of this diversification: What will happen to classical
memes from countless repetitions of the same line? Think of the arrow to the knee
that has created new social structures [32]. How would this look in a future where
every player hears a slightly deviated version of the text that still conveys the same
information? Lastly, small LMs and Transformers are seeing rapid development [192],
so we do not doubt that they will make it into video games in the future. The better
performing models, Alpaca [264] and Koala [I00], are also “merely” fine-tuned LLama
models focused on improving Instruction Following. Similar fine-tuning could be done
to improve dialogue capabilities for certain environmental settings. Considering the
low cost of re-training a LLama through low rank adaption (LoRA) [192], it is likely
that fine-tuned RPG dialogue models surface soon. We are convinced that the first
video game to integrate LMs successfully will be an RPG, as almost all related work
focuses on RPGs (Section . Nonetheless, other probable game genres would be
open-world games, as many popular RPGs are also open-world games, such as The
Outer Worlds or Horizon Zero Dawn. Lastly, even if embedding small LMs into the
game runtime proves impractical, there is still the possibility that this technology will
be outsourced into the cloud for short events, as Sony did with Sophy AI for Gran
Turismo [123].

6.6 Conclusion

This work identifies possible synergies between LMs and Video Games. We believe
and empirically show that LMs can already provide sensible chatter in a majority of
the cases (79%). Moreover, most (=70%) contemporary consumer hardware can store

these LMs concurrently with games in RAM. However, leaving dialogue fully to LMs
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is not yet as “safe” as it could and should be, as even chatter generation is not a
completely safe bet yet. Lastly, we envision creative applications based on LMs that
could enhance the variety and replayability of video games beyond adding dynamic
dialogue to NPCs.
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Chapter 7

Conclusions

This chapter will summarize the main findings of our work, and surmise the answers
to our posed research questions (Section . Moreover, we highlight the current
limitations of our research and present the next steps that could foster derivative
works in the future (Section . We will start by providing answers to the research

questions.

7.1 Answers to research questions

In this section, we provide answers to the research questions.

7.1.1 Improving Benchmarks

Our first research question sought to identify opportunities for improving the state of
benchmarking for (transfer in) Reinforcement Learning (RL).

By benchmarking a variety of popular AI methods (Heuristic, Monte Carlo Tree
Search (MCTS), RL) on the game Tetris Link (Chapter [2) we notice that RL exper-
iments are hardly reproducible. Furthermore, we observed that training RL agents
from scratch to perform effectively on complex tasks proves to be highly unreliable.
Both MCTS and RL demonstrated underwhelming performance relative to a simple
heuristic search baseline

To address reproducibility issues, we suggest the usage of replay traces. While this
approach does not inherently guarantee reproducible training outcomes, it provides a
mechanism for verifying experimental results by enabling the replay of every training
and evaluation episode of an RL agent. Sadly, the manipulation of figures in scientific
publications is a practice that to this day still prevails [170]. Replay traces enable
reviewers to prove that displayed graphs are truly based on the collected data and have
not been tampered with. Lastly, our survey of the Transfer in Reinforcement Learning
(TRL) field (Section [3.5), highlights the underutilized potential of Procedural Content
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Generation (PCG). It enables the creation of more varied task differences, which not
only enhance generalization capabilities but also contribute to the development of

improved future benchmarks for TRL research.

7.1.2 TRL & PCG

Our second research question asked whether TRL can enhance PCG in video
games.

Our findings demonstrate that TRL and PCG exhibit a bidirectional synergy. In
addressing our first research question we established that TRL benchmarks
can profit by employing PCG methods for generating a broader spectrum of tasks.
Furthermore, in our empirical experiments on 3D Linerider (Chapter , we highlight
that his relationship is bidirectional. The first direction, as previously suggested,
is to use PCG to vary the start and goal positions of each episode to train an RL
policy with better generalization capability. The other direction is that TRL enables
to tackle PCG tasks on a scale that would not be achievable if RL were trained
from scratch. Specifically to our experiments that means instead of being limited
to a world-size of 10 in 3D Linerider, we can achieve asymptotic performance, lower
time to threshold, a higher total reward, and a jumpstart in training performance
by incrementally transferring from smaller to larger world sizes of 30. These results

satisfy all four performance criteria for TRL experiments outlined by [265].

7.1.3 LLMs & PCG

Our last research question examines the integration of Large Language Models (LLMs)
into video games for PCG running locally on the machine of the user while being
protected against adversarial attacks. Recent advancements in parameter-efficient
LLMs such as LLAMA [274] consisting of 7B or 13B parameters (compared to 175B
for, e.g., GPT3 [91]) enable running LLMs locally in parallel to a video game. To
underline this feasibility, we show that 70% of consumer-grade gaming hardware would
be able to load a 7B LLM next to a demanding game such as Cyberpunk running on
Windows 11 (see Section [6.4)).

To address adversarial attacks, we suggested disabling user input that could derail
the generated content. Instead, developers should focus on producing only Chatter
(see6.3|for definition) that is generated by a pre-defined prompt. Empirical evaluation
across five distinct scenarios revealed that this methodology yields desirable outputs
with a reliability rate of 79.2% (see[6.3.3]). The remaining 20% of cases do not produce
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toxic content but instead result in either refusal to generate specific outputs (e.g.,
due to graphic content or a sensitive subject matter) or harmless, albeit irrelevant,
responses. These findings underline the practicality and safety of implementing LLM-

driven PCG in video game environments.

7.2 Limitations and Future work

In this section we will first give a general outlook on the scientific field, and then in
subsections talk about specific limitations and future work regarding our individual
research questions.

The main limitation we see in our research is that TRL will not solve generalization
in RL, even when combined with PCG. While TRL does enable scaling to tasks not
achievable from scratch, as shown in Section[5.6.2] limitations regarding genuinely gen-
eralized behavior persist. Solutions based on Foundation Models seem better suited
for this [216]. Specifically, Vision Action Models (VLA) show promise in developing
agents that act in environments capable of generalizing across multiple domains [142],
a feature that we have not observed in any TRL research yet. Furthermore, PCG
remains a dynamic and rapidly evolving field. We already highlighted many of its ap-
plications for video games and research listed in our introduction and individual work.
Especially the influx of generative AI algorithms that create Text [274], Images [57],

and Videos [I51] will only accelerate its adoption.

7.2.1 Improving Benchmarks

Our empirical experiments in Tetris Link have been conducted using a single RL
algorithm (PPO [234]) and could be expanded by conducting comparative analyses
across various RL algorithms.

Drawing insights from our work on 3D Linerider and related work [300],
future experiments could attempt to reduce the branching factor of the problem by
starting to train on smaller fields that get incrementally bigger.

While we have initiated efforts to enhance reproducibility by establishing verifia-
bility, a proper solution to achieve full reproducibility in RL experiments remains an
open challenge.

Lastly, our TRL survey was performed five years ago, making a refresh of the

findings with more current papers valuable.
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7.2.2 TRL & PCG

Automated curriculum learning (ACL) is an actively evolving research domain. We
are aware of one work [300] that combines ACL with PCG, but we observe significant
potential for further exploration and innovation in this interdisciplinary space.
Concerning our Linerider experiment: It can be transformed into a Generative
Adversarial challenge, akin to the game Super Monkey Ball [83], making it more in-
teresting and enabling the incorporation of ideas from automated curriculum learning.
Finally, the constrained scale of world sizes in our Linerider experiments limits their
ability to capture the full spectrum of creativity and diversity typically observed in

human-generated levels.

7.2.3 LLMs & PCG

The procedural generation of content through LLMs presents a promising area for
future research and development that ranges beyond the generation of Non-Player
Character (NPC) lines for video games. Examples include Mario [261] or Sokoban [269]
level generation. These could also be generated using the locally runnable LLMs we
focus on.

The ideal use case of local LLMs would be to have interactive dialogues that im-
merse the player more into the game world, achievable through dialogue systems [111],
135 257].

On the topic of chatter generation, our experiment has been limited to a single
model configuration (Koala [100], 7B parameter size). A greater variety of configura-
tions should be explored. Especially newer models with even fewer parameters, such
as Llama3.2 [78] and Gemma2 [99] would be even better suited as they only require

between 1 to 2B parameters.
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Samenvatting

In dit proefschrift (getiteld: Ezploring the Synergies between Transfer in Reinforcement
Learning and Procedural Content Generation) is onderzocht hoe de twee in de titel
genoemde onderzoeksvelden Transfer in Reinforcement Learning (TRL) en Procedural
Content Generation (PCG) synergetisch zouden kunnen samenwerken.

Allereerst vergeleken wij verschillende Al-algoritmes in het bordspel Tetris Link.
We vergeleken (1) een heuristische benadering, (2) Monte Carlo Tree Search (MCTS)
en (3) Reinforcement Learning (RL).

Voor beide laatste algoritmes (MCTS & RL) is het aantal mogelijke zetten één
van de indicaties hoe moeilijk een spel is. In Tetris Link ligt het aantal mogelijke
zetten tussen die van schaken en go. Verder heeft Tetris Link de eigenschap dat het
moeiljik is terug te komen van een achterstand. Samen maken deze eigenschappen dit
spel een interessant onderzoeksonderwerp. Onze verwachting was dat MCTS hier
het beste zou presteren, vanwege de snelheid van onze implementatie. Toch was
MCTS zwakker dan RL en de heuristische benadering. Ook RL is door onze heuristiek
verslagen. Hetgeen verbazend is, gezien bekende voorbeelden in de literatuur waarbij
RL uitstekend presteert. Dit heeft ons ertoe aangezet de reden verder te onderzoeken,
waarbij we ons op transfer in RL hebben gericht.

Om een idee van het onderzoeksveld te krijgen hebben we een literatuurstudie
geschreven. De belangrijkste conclusie van onze survey is dat TRL zich voornamelijk
richt op een statische hoeveelheid van taken die niet meer veranderen. Daarom zijn
we ons gaan richten op PCG, waarin gemakkelijk dynamische veranderingen kunnen
worden onderzocht.

Zodra we begonnen met experimenteren met TRL stuitten we snel op het probleem
van reproduceerbaarheid. Het trainen van RL-policies gebaseerd op neurale netwerken
is lastig reproduceerbaar. Reproduceerbaarheid is een belangrijke eigenschap in machine
learning, vooral in de context van TRL waar elke taakwisseling een keten van niet-
reproduceerbaarheid creéert. Hoewel we geen algemene oplossing voor het probleem
gevonden hebben, hebben we wel een verbetering voorgesteld: Replay traces. De
meeste RL omgevingen zijn deterministisch en dus reproduceerbaar als dezelfde actie-
sequentie met dezelfde initiéle random seed worden uitgevoerd. In deze benadering

wordt een set van verschillende random seeds gebruikt om diverse maar reproduceerbare
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playouts te garanderen. Figuren en tabellen in wetenschappelijke publicaties zijn met
replay traces vergelijkbaar en verifieerbaar. Voortbouwend op de basis van replay
traces, onderzochten wij hoe TRL en PCG elkaar kunnen versterken. Daarvoor hebben
we het spel Linerider veranderd van 2D naar 3D. Het spel zelf is puur creatief en heeft
geen vast doel. Dit heeft als gevolg dat er allerlei creaties kunnen worden gemaakt zoals
tracks die synchroon op muziek worden afgespeeld. Na het specificeren van de track
zorgen krachten zoals zwaartekracht voor de beweging van de rijder. Om dit spel
toegankelijk voor RL te maken hebben we er een omgeving voor geprogrammeerd.
Daarvoor moesten we een doel voor de algoritme definiéren. Het interessante aan
deze omgeving is dat de op te lossen taak zelf een toepassing van PCG is. Initiéle
experimenten toonden aan dat de afstand tussen de startpositie en het doel klein moet
zijn om RL de taak te laten leren. Door kleine incrementele verhogingen in afstand
waren we in staat om een RL policy te trainen die ook geschikt was voor tracks van
grotere afstanden. Tenslotte hebben we in de lijn van PCG ook Large Language
Models (LLMs) onderzocht die inhoud voor games genereren. Gerelateerd onderzoek
focust vooral op dynamische dialogen waarin de gebruiker alles kan invoeren wat hij
wil, wat redelijk goed werkt. Gebruikersinvoer heeft echter het nadeel dat LLM’s
misbruikt kunnen worden om veiligheidssystemen te kraken en ze te laten ontsporen
om toxische inhoud uit te spuwen. Derhalve hebben wij het concept van Chatter
als alternatief bedacht, waarbij NPC’s alleen korte zinnen genereren op basis van
vooraf gedefinieerde aanwijzingen van ontwikkelaars. We laten empirisch zien dat dit
goed werkt. Bovendien laten we in dit werk zien dat de meeste gaming hardware die
consumenten in huis hebben krachtig genoeg is om een lokale LLM te laten draaien
naast een AAA-game zoals Cyberpunk. Dit proefschrift laat zien dat PCG en TRL
elkaar kunnen aanvullen. PCG kan worden toegepast om veel verschillende taken te
genereren die helpen bij het trainen van generaliserende RL policies. En TRL kan
helpen om betere resultaten te bereiken bij het toepassen van RL, bijvoorbeeld op een

PCG-probleem zoals Linerider.
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Summary

In this dissertation (titled: Ezploring the Synergies between Transfer in Reinforcement
Learning and Procedural Content Generation) we explore how the two research fields
named in the title, namely Transfer in Reinforcement Learning (TRL) and Procedural
Content Generation (PCG) can synergize together.

Our journey began with a comparison of different Al algorithms on the board
game Tetris Link. We compared a heuristic, Monte Carlo Tree Search (MCTS), and
Reinforcement Learning (RL). For both MCTS & RL, the number of possible actions
per turn indicates how difficult a game is. In Tetris Link, the number of possible
actions per turn is between chess and go. This combined with difficult game mechanics
where most actions result in negative points that are hard to recover from make it an
interesting game for research. We expected MCTS to perform best here, especially due
to our implementation of the game in Rust with a focus on speed, and the fact that our
MCTS implementation was heavily parallelized and got a reasonable thinking time.
Especially given the thinking time we expected different results, because in principle
MCTS will always find the optimal solution, provided that it has simulated every
possible outcome. Nevertheless, the heuristic outperformed both RL and MCTS, and
even RL outperformed MCTS. Still, we were disappointed by the performance of RL
and we were determined to find out how to make it work better.

One promising avenue is using transfer in RL to increase the difficulty of tasks
slowly. Instead of learning a problem from scratch, one starts with an easier task.
After understanding the simple version, one continues training on a more difficult
version. Every change in difficulty is then a transfer in RL. To be sure about the
field and what to do we set out to create an overview of the field. To do so we
scraped all available papers that contained the three keywords transfer reinforcement,
and learning in the Microsoft Academic Graph. After combing out duplicates and
irrelevant papers we still ended up with almost 300 contributions that we analyzed
according to Taylor & Stones TRL categories. The main takeaway from our overview
is that TRL mainly focuses on a static amount of tasks that only slightly differ and
are all within the same domain. A true cross-domain transfer is an unsolved challenge
and the few papers that actually did it had domains that were fairly similar. However,
the small incremental task changes gave us the idea that this could be improved by
leveraging PCG so that the learned policy generalizes better to unseen task varieties
that have not been included in the static task set. This can also be extended to small

difficulty increases which then is akin to automated curriculum learning.
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Having an idea of how to sensefully apply TRL we attempted our first experiments
but quickly hit the problem of reproducibility. Training RL policies based on neural
networks is hardly reproducible, a problem that plagues the whole machine-learning
field. However, reproducibility is a strongly desirable trait because in TRL every
task switch creates a chain of non-reproducibility. While we did not come up with a
solution to the problem we did find an intermediary patch: Replay traces. Most RL
environments are deterministic and hence reproducible if the same actions are played
out with the same initial seed. If we save both we can re-simulate the rest of the data
such as observations and rewards while saving hard-disk storage as we do not have to
save these. Moreover, sharing replay traces enables reviewers of scientific publications

to verify the validity of portrayed figures and tables.

With a solid foundation to do verifiable experiments, we set out to actually apply
TRL and PCG together. For that, we transformed the creative Linerider game from
2D into 3D space. The game itself is purely creative and does not have a set goal,
which has sparked players to come up with wonderful creations such as tracks that
play out synchronously to music. This is challenging as after a track is drawn one
presses a play button and then a rider on a sled starts to drive down the track without
any interaction from the user. Physics and gravity are the only guiding powers here.
For our RL-environment, we had to of course define a goal, which in our case is to
ensure that the rider arrives at a target position. This goal can be below, above, or
at the same height as the rider’s starting position. The interesting thing about this
environment is that the task to solve itself is an application of PCG. Initial experiments
showed that the distance between the starting position and the goal has to be small
for RL to learn the task. However, through small incremental increases in distance,
hence applying TRL to the problem, we were able to train policies that were able to

build tracks for larger distances as well.

Lastly, in the vein of PCG, we also investigated Large Language Models (LLMs)
to generate content for games. Related research focuses on having dynamic dialogues
where the user can input anything they want to. However, user input to LLMs can
easily be used to jailbreak its safety systems and derail them to spew toxic content.
Our idea is Chatter. Only generate small utterances of NPCs based on pre-defined
prompts of developers. We empirically show that this works quite well. Moreover, in
this work, we show that the majority of consumer gaming hardware (= 70%) would

be powerful enough to run a local LLM next to a AAA-Game such as Cyberpunk.

In conclusion, we have shown that PCG and TRL synergize well. PCG can be
applied to create many different tasks that help train more general RL policies. And
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TRL can help to achieve better results when applying RL to a PCG problem.
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