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A Temporal-Difference Learning Method Using Gaussian State Representation
for Continuous State Space Problems
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When applying Reinforcement Learning to environments with continuous state spaces, a relevant discretization
is required for avoiding perceptual aliasing. A method that uses Gaussian state representation for corresponding
the problem is known. In this paper, we propose a method that applys the Gaussian state representation to TD
learning for environments with continuous state spaces and noisy actions. We show the effectiveness of our proposal

by computer simulations of a path finding problem.
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