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A novel adaptive control algor ithm
based on reinforcement learning

GU Dong-lei, CH EN W ei-dong, X | Yu-geng
(Institute of A utomation, Shanghai Jiaotong U niversity, Shanghai 200030, China)

Abstract: A direct adaptive control schema for model unknown time dependent dynamical plant is
presented Combining the ability of radial based function network and the self tune property of
reinforcement learning, it needs not to know the priori know ledge of the plant’s dynamical property.
T he know ledge related to the problem is accumulated gradually by trial and error method and then the
acceptable optimal slution can be obtained
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