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Abstract Many problems in the imperfect information game also exist in daily life. Studying about it is of great
significance to solve our daily problems and improve people’s quality of life. Texas Hold’em is a typical imperfect
information game. This paper proposes a valuation algorithm based on convolutional neural network for Texas Hold’em.
We chose to use the game history between masters to train the model so as to learn the experience of masters. The game
agent based on the valuation model gamed with the agent designed by the predecessors. The experiment proves that the

convolutional neural network valuation method based on human master experience can provide better decision-making and

enhance the power of the agent.
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