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Abstract: A n adaptive fuzzy A ctor-Critic reinforcanent learning based on a fuzzy radial basis function network is
proposed, which can solve the' curse of dimensionality’ problem caused by state gpace generalization A fuzzy RBF
network isused to goproximate both the action function of A ctor and the value function of Critic smultaneously.

The fuzzy RBF network is able to adjust its structure and paraneters in an adaptive way with a self-organizing
goproach acoording to the change of envirorment state and the characteristics of the plant during the learning
process, which ensures network size is economical The proposed fuzzy A ctor-Critic learning has advantages of
perfect generalization ability, smple control structure, and high learning efficiency. Smulation experment on
M ountain Car control show s the validity of the proposed algorithm.
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