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Playtesting Match 3 Games with PPO

Stanislaw Malec
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg

Abstract

The training of proximal policy optimization agents with action masking on stochas-
tic match-3 environments is explored in this thesis. A performant, feature-rich
match-3 simulator is developed, and experiments demonstrate improved perfor-
mance over a random policy on both seen and unseen levels. Furthermore, the
best generalization performance is achieved when training is done by sampling lev-
els from a subset of levels.

Keywords: reinforcement learning, match-3






Acknowledgements

I would like to express many thanks to my supervisor Joakim Bergdahl whose unwa-
vering support and guidance were instrumental in the completion of this endeavor.
I would also like to thank Morteza, Linus, and Alessandro for invaluable feedback
and insights.

Stanislaw Malec, Gothenburg, 2023-10-16

vii






Contents

List of Figures
List of Tables

1 Introduction
1.1 Match-3 . . . . . . e
1.2 Research Question . . . . . .. . ... . . ... ... ...
1.3 Related Work . . . . . . . . .
1.4 Purpose . . . . . ..
1.5 Motivation . . . . . . . ..
1.6 Electronic Arts . . . . . . . . e

2 Background

2.1 Artificial Neural Networks . . . . . . ... . ... ... ........
2.1.1 LossFunction . . ... .. ... ... ... ...
2.1.2 Backpropagation . . ... .. ... ... ...
2.1.3 GradientDescent . . . . . . . . ... ...
214 LearningRate . . . .. ... .. ... ... ... .. ...

2.2 Convolutional Neural Networks . . . . . ... ... ... .......

2.3 Reinforcement Learning . . . . . . . . . ... .. .. .
2.3.1 Core Elements of Reinforcement Learning . . . ... .. ...
2.3.2 Markov Decision Processes . . . . . . . . ... ..
2.3.3 Policy and Value Functions . . . . ... ... .........
2.3.4 Advantage Function. . . . .. ... ... ... ...

2.4 Policy Gradient Methods . . . . . . .. ... ... ... .. ... ...
241 REINFORCE . ... ... .. . . i
2.4.2 Proximal Policy Optimization (PPO) . . . .. ... ... ...

2.5 Actor-Critic Architecture . . . . . . . . . . ...

2.6 ActionMasking . . . . . ...

2.7 Evaluation Metrics . . . . . . . . ..

3 Implementation

3.1 Simulator . . .. ...
3.1.1 Simulator with Best of Both Worlds: C++ and Python
3.1.2 Reproducibility . ... ... ... ... .. . 0oL

Xi

xiii



Contents

3.1.3 Interoperability between the Simulator and Existing Match-3

Games . . . .
3.2 Environment. . . . .. ...
3.2.1 Visualizing Trajectories . . . . . . . . . . . ...,
3.22 ColorBlocks. . . .. ... ... ... ..
3.2.3 Powerups . . . ...
3.2.4 Powerup Combinations . . . . .. .. .. ... .. ... ...
3.25 Obstacles . . .. ... .. . . ..
3.2.6 Objectives . . . . . . . .
3.27 Gravityand Cascading . . . . .. ... ... ..........
3.28 SwapLimit . .. ... ... ...
3.3 State Space . . . . .. e
3.4 Action Space . . . . ... e
3.5 Reward Function . . . ... .. ... ... ...
3.6 PPOAgent . .. .. . . . . ...
3.7 Hardware . . . . . . . .
Results
4.1 Experiments . . . . . . ...
4.1.1 Experimental Setup. . .. .. .. .. ... ... .. .. ...
4.1.2 Stability of Training . . . . . ... ... ... ... ......
413 Trainingon Single Levels . . . . . ... ... ... .......
4.1.4 Training on Subset {6,7,10,25} Sequentially . . .. ... ...
4.1.5 Training on Subset {27,29,47,51} Sequentially . . ... .. ..

4.1.6 Training on Subset {6,7,10,25} with Uniform Sampling . . . .
4.1.7 Training on Subset {27,29,47,51} with Uniform Sampling . . .

4.1.8 Training on All Levels with Uniform Sampling . . . . . . . ..
419 Benchmark Comparison . . ... ... ... ... .......
4.2 DISCUSSION . . . . . o o
421 TrainingonSingleLevels. . . .. .. .. ... .........
4.2.2 Training on Subsets Sequentially . . . . ... .. ... ....
4.2.3 Training on Subsets with Uniform Sampling . . . ... .. ..
424 Training StePS . . . . . . .
425 Actionmasking . ... .. ... ... ..
4.2.6 Problematic Levels . . .. ... ... ... ... .. ...
4.2.7 Ethical Considerations . . . . ... ... ... .. .......

5 Conclusion

5.1 Future Work . . . . . .

Bibliography



List of Figures

1.1 Screenshots of two popular match-3 games. Left: Bejeweled. Right:

Candy Crush Saga. . . . .. ... . ... .. .. ... ... ... 2
2.1 Example of a neural network with an input layer, two hidden layers,

and anoutput layer. . . .. ... ... .. . 5
2.2 Gradient descent for di erent learning rates. . . . . .. ... ... .. 8
2.3 High level comparison of the three main paradigms in machine learning. 11
2.4 Agent-environment Interaction in reinforcement learning. . . . . . . . 12
2.5 llustration of clipping of the objective for (left) positive advantages

and (right) negative advantages [15]. . . . . .. ... .. ... .. .. 15
3.1 Overview of setup and how the simulator communicates with Python. 17
3.2 Overview of how levels are loaded into the simulator. . . . ... ... 18
3.3 PPO network architecture . . . .. ... ... ... .. ... .. ... 24
4.1 This plot illustrates the stability and reproducibility of training of

trainingon asinglelevel. . . . . . ... ... .. ... ... .. .. .. 28
4.2 Four distinct models are trained independently on individual levels.

The average trajectory length of each model is evaluated on its respec-

tive training level. Top-left: L6. Top-right: L7. Bottom-left: L10.

Bottom-right: L25. . . . . . . . . ... ... 29
4.3 Four distinct models are trained independently on individual levels.

The average success rate of each model is evaluated on its respec-

tive training level. Top-left: L6. Top-right: L7. Bottom-left: L10.

Bottom-right: L25. . . . .. .. . .. . ... ... 30
4.4 Comparison of average trajectory length between individually trained

models. Top-left: L6. Top-right: L7. Bottom-left: L10. Bottom-

right: L25. . . . . . . . e 31
4.5 Model Mg 710,25 is evaluated on its training levels 6,7,10,25. . . . . . . 31
4.6 Model Mg71025 is evaluated on all levels. . . . . .. ... ... .... 32
4.7 Model My7 294751 IS evaluated on its training levels 27,29,47,51. . . . . 33
4.8 Model My7294751 IS evaluated on all levels. . . . . .. ... ... ... 33
4.9 Model M g71025 Is evaluated on all levels. . . . .. ... ... .... 34
4.10 Model M 5794751 IS evaluated on all levels. . . . .. ... ... ... 34
4.11 Model M ,, isevaluatedon all levels. . . . . ... .. ... ...... 35
4.12 Color-block configurations that lead to matches. . . . . . . ... ... 39



List of Figures

Xii



3.1
3.2
3.3
3.4
3.5

4.1
4.2

List of Tables

Visualization of color blocks. . . . . ... ... ... ... ... .... 19
Visualization of powerups blocks. . . . ... ... ... ... ..... 20
Visualization of powerups combinations. . . . .. .. ... ... ... 20
Visualization of obstacles. . . . .. ... ... ... ... ... ..., 21
Visualization of observation channels. . . . . . .. ... ... ..... 22
Average trajectory lengths of all models and a random agent. . . . . . 36
Percentage di erence in average trajectory length between all models

and random agent. . . . . . . ... 37

Xiii



List of Tables

Xiv



1

Introduction

The popularity of video games has continued to rise every year, but the development
of video games remains time-consuming and complex. Play-testing, the process of
playing the game to ensure suitable di culty and quality of experience, is a challeng-
ing aspect of game development because humans have to play through the game and
provide feedback manually. One approach to play-testing that has gained traction
in recent years is using reinforcement learning (RL) algorithms. RL is a subfield of
machine learning that deals with learning optimal behavior in an environment. In
this thesis, we investigate the feasibility of applying RL to a common video game
category called match-3 which, in its simplest form, is a type of puzzle game in
which three or more tiles of the same type are matched to score points.

1.1 Match-3

A match-3 game consists of levels that contain a m %< n grid (typically 10 x 10,
+5), where the player can swap adjacent cells to match up three in a row/column.
The objective is to remove the required amount of specified block types in the
level mission. In addition, many games expand upon the simple matching of three
mechanics by introducing block types with di erent functions: horizontal/vertical
blasters, TNT, and crates are examples of commonly found objects in popular match-
3 games. Two popular match-3 games are shown in Figure 1.1.
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