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Abstract

Computer games have played an important role in the development of artificial intelligence in recent
years. Throughout the history of artificial intelligence, computer games have been a suitable test
environment for evaluating new approaches and algorithms to artificial intelligence. Different methods,
including rule-based methods, tree search methods, and machine learning methods (supervised learning
and reinforcement learning) have been developed to create intelligent agents in different games. Games
have been used as a suitable environment for trial and error, testing different artificial intelligence ideas
and algorithms. Among these researches, we can mention the research of Deep Blue in the chess game
and AlphaGo in the game Go. AlphaGo is the first computer program to defeat an expert human Go
player. Also, Deep Blue is a chess-playing expert system is the first computer program to win a match,
against a world champion.

In this paper, we focus on the match-3 game. The match-3 game is a popular game in cell phones, which
consists of a very large random state space which makes learning difficult. It also has random reward
function which makes learning unstable. Many researches have been done in the past on different
games, including match-3. The aim of these researches has generally been to play optimally or to predict
the difficulty of stages designed for human players. Predicting the difficulty of stages helps game
developers to improve the quality of their games and provide a better experience for users. Based on the
approach used, past works can be divided into three main categories including search-based methods,
machine learning methods and heuristic methods.

In this paper, an intelligent agent based on deep reinforcement learning is presented, whose goal is to
maximize the score in the match-3 game. Reinforcement learning is one of the approaches that has
received a lot of attention recently. Reinforcement learning is one of the branches of machine learning in
which the agent learns the optimal policy for choosing actions in different spaces through its experiences
of interacting with the environment. In deep reinforcement learning, reinforcement learning algorithms
are used along with deep neural networks.

In the proposed method, different mapping mechanisms for action space and state space are used. Also,
a novel structure of neural network customized for the match-3 game environment has been proposed to
achieve the ability to learn large state space. The contributions of this article can be summarized as
follow. An approach for mapping the action space to a two-dimensional matrix is presented in which it is
possible to easily separate valid and invalid actions. An approach has been designed to map the state
space to the input of the deep neural network, which reduces the input space by reducing the depth of
the convolutional filter and thus improves the learning process. The reward function has made the

learning process stable by separating random rewards from deterministic rewards.

The comparison of the proposed method with other existing methods, including PPO, DQN, A3C,
greedy method and human agents shows the superior performance of the proposed method in the
match-3 game.

Keywords: deep reinforcement learning, random game, match-3, large state space
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Algorithm 1: DQN with Action Masking

1 Initialize primary network Qg, target network Qg-, replay buffer D

2 for each iteration do
3 for each environment step do

SN

Observe state s; and select a; = {

a random action from A(s)
argmazaeasQ(s, a; 0)

w.p. €
w.p. 1—¢€

5 Execute a; and observe next state s, ; , reward 7, and action mask A(s;,1)
6 Store (s, g, 1, Se+1, A(Se41) ) in replay buffer D
7 for each update step do
8 Sample e; = (¢, ap, 11, Se41,A(S¢41) ) ~D
Compute target Q value: Q*(s;,ar) =, +y max Q(sq4q,a’;6")
9 a’€A(St+1)
10 Perform gradient descent step on (Q*(s;, a;) — Q(s¢, ag; 9))2
11 Update target network parameters every C step: 6’ < 6
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