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Reinforcement Learning in High-dimensional state-action space:

Development of a random rectangular coarse coding

O000 00000000 Ooooooooono >o0 d
o Hajime Kimura, Graduate School of Engineering, Kyushu University

Abstract:

This paper presents an improvement method for rectangular coarse coding in reinforcement learning.

The rectangular coarse coding is very simple and quite promising in high-dimensional continuous domains. However,

a number of features are useless because the rectangular features are simply generated at random. In this paper, a

criterion for the feature is proposed, and a feature inprovement algorithm is given. The algorithm is demonstrated
through a crawling robot learing task, Rod in maze task, and a redundant-arm reaching task.
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