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Reinforcement Learning for Continuous Input
using Multi Step Reinforcement Learning Model

o Makoto SATOU Hajime KIMURAL Sigenobu KOBAYASHI
Department of Intelligence Science, Tokyo Institute of Technology

Abstract : To solve high dimentional continuous state space problems, we propose a new reinforcement
learning method that has two step Reinforcement Learning layers. One layer is an action selector that
stochastically selects an action, and the other is a state analizer that stochastically partitions the input
space. Each layer adapts itself according to the reinforcement signal. The proposed state analyzer can
create new needed inner states. Computer simulations have been conducted to illustrate the performance

and applicability of the proposed learning method.
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