ISSN : 1226-7244 (Print)

ISSN : 2288-243X (Online) j.inst.Korean.electr.electron.eng.Vol.23,No.4,1187 ~1194,December 2019
=53 19-4-11 http://dx.doi.org/10.7471/ikeee.2019.23.4.1187
72

2~ O =
F2 0|83

An Artificial Intelligence Game Agent Using CNN Based

Records Learning and Reinforcement Learning
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Abstract

This paper proposes a CNN architecture as value function network of an artificial intelligence Othello game agent
and its learning scheme using reinforcement learning algorithm. We propose an approach to construct the value
function network by using CNN to learn the records of professional players’ real game and an approach to enhance the
network parameter by learning from self-play using reinforcement learning algorithm. The performance of value
function network CNN was compared with existing ANN by letting two agents using each network to play games
each other. As a result, the winning rate of the CNN agent was 69.7% and 72.1% as black and white, respectively. In
addition, as a result of applying the reinforcement learning, the performance of the agent was improved by showing
10026 and 78% winning rate, respectively, compared with the network-based agent without the reinforcement learning.
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Fig. 3. Structure of CNN for state value evaluation.
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