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Deep Monte Carlo algorithm for Gongzhu game

WU Licheng, WU Qifei, ZHONG Hongming, LI Xiali

(School of Information Engineering, Minzu University of China, Beijing 100081, China)

Abstract; The existing convolutional neural network model for Gongzhu game is computationally

complex and highly dependent on expert knowledge. In order to solve this problem, a deep Monte

Carlo algorithm combining deep neural network and Monte Carlo method is proposed for Gongzhu.

This algorithm uses the self-play method to simulate and evaluate actions and states, and uses a deep

Q-network to replace Q-table to complete the updating of the Q-value, efficiently exploring and

utilizing the strategy for Gongzhu. Besides, this algorithm also uses distributed parallel computing to

improve training efficiency.

Compared with the traditional Monte Carlo method, the proposed

algorithm can effectively solve the problem of high variance. After training on a single server with one

GPU for 24 hours, the constructed intelligent agent applied to the proposed algorithm plays 10 000

games against Gongzhu convolutional neural network model. The experimental results show that the

intelligent agent has a winning rate of 78.3% , with an average of 67 points per game. The analysis of

specific examples further verifies the effectiveness of the algorithm and a good performance of the

intelligent agent.

Key words: artificial intelligence; Gongzhu; deep reinforcement learning; Monte Carlo method
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