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Abstract Most of the match-3 puzzle games supports automatic play using the MCTS algorithm.
However, implementing reinforcement learning agents is not an easy job because it requires both
the knowledge of machine learning and the way of complex interactions within the development
environment. This study proposes a method in which we can easily design reinforcement learning
agents and implement game play agents by applying PPO(Proximal Policy Optimization) algorithms.
And we could identify the performance was increased about 44% than the conventional method.
The tools we used are the Unity 3D game engine and Unity ML SDK. The experimental result shows
that agents became to learn game rules and make better strategic decisions as experiments go on.
On average, the puzzle gameplay agents implemented in this study played puzzle games better than
normal people. It is expected that the designed agent could be used to speed up the game level
design process.
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Fig. 1. Four Stages of MCTS
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Fig. 2. Structure of Reinforcement Learning
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class MatchThreeGame:
void GenerateField()
void SelectBlock(Position)
void MatchCheck()
void SortField()
void FillField()
void DestoryMatchBlocks()
void CreateSpecialBlock(Type)

Fig. 3. MatchThreeGame Class
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Table 1. Hyperparameter Setting

lambd 0.95
buffer_size 256
batch_size 32
num_epoch 2

learning_rate 1e-3
time_horizon 5
max_steps 1eb
beta 1e-3
Epsilon 0.2
normalize false
num_layers 1
hidden_layer 128
extrinsic/gamma 0.9
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Fig. 7. Tensorboard Graph
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Table 2. Required Turn Comparison

Expert group Agent
total number of clear games 49 49
minimum required turn 10 7
maximum required turn 20 18
average required turn 15.9 1.0
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