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Research and implementation of Hex game based on reinforcement learning
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[ Abstract] The purpose of this paper is to study how to apply reinforcement learning model to the algorithm of Hex game
reasonably, and give the program implementation scheme. In this way, the convolution neural network can be trained by using the
data set generated by the Monte Carlo tree search, so that the model can enhance chess skills by modifying the strategy of its own
choice of action and updating the model parameters in the process of continuous self playing. The experimental results show that the
reinforcement learning algorithm can accurately evaluate the situation of Hex game, and effectively select a favorable moves, so that

Hex game system gains high—quality decision—making ability.
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Convolution 1
kernal:32, 33, stride:1
activation function:ReLU

Convolution 2
kernal:64, 3X3, stride:1
activation function:ReLLU

Convolution 3

kernal:64, 3X3, stride:1
activation function:ReLLU
Convolution 4

kernal:96, 3%3, stride:1
activation function:ReLLU
Dense 1

neuron:128

activation function:Sigmoid

Dense:2 Dense:3
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Sigmoid Softmax
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Fig. 1 Neural network
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Fig. 2 Data flow diagram of model decision
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Fig. 3 Data flow diagram of model self playing process
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Fig. 4 GUI of Hex game
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Layer(type) Output Shape Param # Connected to
chess_table_input (None, 11,
(InputLayer) 11,2) B
(None, 9, chess_table_input
conv2d(Conv2D) 9,32) 608 [0][0]
(None, 7,
conv2d_1(Conv2D) 7.64) 18496  conv2d[0][0]
(None, 5,
conv2d_2(Conv2D) 5.64) 36928  conv2d_1[0][0]
) (None, 3,
conv2d_3(Conv2D) 5 96) 55392 conv2d_2[0][0]

flatten(Flatten) (None, 864) 0 conv2d_3[0][0]

dense(Dense) (None, 128)

110720 flatten[0][0]

value_output_layer

(Dense) (None, 1) 129

dense[0][0]

policy_output_layer
(Dense)

(None, 121) 15609  dense[0][0]

Total param:237,882
Trainable parames:237,882
Non-trainable params:0

B 5 HEZML%H TensorFlow LI

Fig. 5 Implementation of neural network by Tensorflow
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Fig. 7 The relationship between winning rate and training times
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