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Reinforcement Learning for Continuous Action using Stochastic Gradient Ascent
o Hajime Kimura, Shigenobu Kobayashi

Interdisciplinary Graduate School of Science and Eng., Tokyo Institute of Technology

Abstract:

continuous and reward is considerably delayed. The proposed method is based on a stochastic gradient

This paper considers a reinforcement learning (RL) where the set of possible action is

ascent with respect to the policy parameter space; it does not require a model of the environment to
be given or learned, it does not need to approximate the value function explicitly, and it is incremental,
requireing only a constant amount of computation per step. We demonstrate the behavior through a

simple linear regulator problem and a cart-pole control problem.
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