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MDP Q-learning

Reinforcement Learning using Prediction of Neighborhood Value
in Continuous State-Action Space

Yoshitaka Sakurai' Nakaji Honda'

Generally the conventional Reinforcement Learning had discontinuous state action space. However, in a
real problem, it can ask for the state input of a continuation value, and the action output of a continuation
value in many cases. It is ordinary to have discrete state-action space. But, warm control cannot be
performed if dispersed not much coarsely. But if dispersion is too fine, search space will increase. And ,
study will not progress easily and it becomes un-practical by usua Q-learning in discrete MDP and its
usual action selection method. In this paper, we propose a method to learn efficiently. the method updates
Value function by predict neighborhoods Vaue. This method updates Value function efficiently, even when
search spaceislarge.
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