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REINFORCEMENT LEARNING CONTROL WITH
ASSOCIATIVE MEMORY

Xu L1 JIANG JINGPING  ZHU JING  ZHU YANXIN
(Department of Electrical Engineering, Zhejing University, Hangzhou 310027)

ABSTRACT

The supervised learning local nets are employed in the ASE/ACE model as
the associative memory to construct a novel reinforcement learning controller mod-
el called RELCAM, simulation results show that the learning ability and
control performance can be improved by using this model.

Key words: Reinforcement learning, associative memory, ASE/ACE model,
RELCAM model.



