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Explainable Game Al using Hierarchical Reinforcement Learning

TAKUMA Iwasal®  YOSHIMASA TSURUOKAZ

Abstract: There have been many studies on game Al that can beat opponents or get high scores in games.
However, especially for the purpose of entertaining players, game Al is not only required to be strong. One
of the challenges for future development in the field of game Al is to study game AI that has the purpose
of entertaining or guiding human players, rather than merely seeking strength. The purpose of this study
is to realize a system that can explain what strategy a game Al decides its actions by. There are already
several methods to realize explainable AI, but they are difficult to apply to game A, or they are not easy to
interpret. Therefore, we propose a method using hierarchical reinforcement learning to explain game Al. In
our experiments, we used hierarchical reinforcement learning in a brick breaking environment and succeeded

in visualizing the strategies taken by the Al
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