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Reinforcement Learning for Continuous
Spaces Based on Gaussan Process Classfier

WANG Xue-ong*? ,ZHANG Yi-yang' ,CHENG Yu-hu*
(1. Schod o Irformation and Hedtrical Engineering, China University  Mining & Techndogy , Xuzhou , Jiangsu 221116, China;
2. Irgtitute d Automation, Chinese Academy d Sdences, Beijing 100190, China)

Abgract: The generdization of reinforcement learning methods to large-scale or continuous spaces has become a mgjor fo-
cus in the research field of reinforcement learning. Unlike the present reinforcement learning methods for continuous spaces based on
a value-function approximation method ,the reinforcement learning is constructed as a simple binary-class problem. A kind of rein-
forcement learning method for continuous state and action spaces based on a Gaussian process classifier is proposed using a classifi-
cation algorithm to obtain a control policy. At first ,a continuous action space is discretized into discrete actions with definite num-
ber ,and the Gaussian process classifier is used to predict the probability of class for a continuous-state-discrete-action pair. Then a
continuous action is generated based on a weighted operation of the pasitive actions with their probability values. Computer simula-
tions involving a boat problem illustrate the vaidity of the proposed reinforcement learning method.
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