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Abstract In 1997, IBM's DeepBlue won the world chess championship, Garry Kasparov, and recently, Google's
AlphaGo won all three games against Ke Jie, who was ranked Ist among all human Baduk players worldwide,
interest in deep running has increased rapidly. DeepPurple, proposed in this paper, is a Al chess engine based on
deep learning. DeepPurple Chess Engine consists largely of Monte Carlo Tree Search and policy network and value
network, which are implemented by convolution neural networks. Through the policy network, the next move is
predicted and the given situation is calculated through the value network. To select the most beneficial next move
Monte Carlo Tree Search is used. The results show that the accuracy and the loss function cost of the policy
network is 43% and 1.9. In the case of the value network, the accuracy is 50% and the loss function cost is 1,
respectively.
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