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Abstract The purpose of this research is realizing the intelligent learning agent that support teaching in human agent
interaction (HAI). Normally, reinforcement learning systems is intended to acquire an optimal policy for fixed goals. So
reinforcement learning is not available to interactive reinforcement learning in which goals are added interactively by an end
user. To adjust the user’s teach or make clear the user’s goal, it is available to show the user various result of learning for
unclear user’s goal. In this research, we propose the concept of every-visit-optimality (ev-optimality) and the reinforcement
learning method that preparing various policies. And we show the proposal method is valid to preparing various ev-optimal
policies by the experimental result.
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