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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
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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 difficulty 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 × 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 different 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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