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Neuro-Fuzzy Controller Based on Reinforcement Learning
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ABSTRACT

In this paper, we propose a new neuro-fuzzy controller based on reinforcement leaming. The proposed
system is composed of neuro-fuzzy controller which decides the behaviors of an agent, and dynamic recurrent
neural networks(DRNNs) which criticise the result of the behaviors. Neuro-fuzzy controller is learned by -
reinforcement learning. Also, DRNNs are evolved by genetic algorithms and make internal reinforcement
signal based on external reinforcement signal from environments and intermal states. This output(internal
reinforcement signal) is used as a teaching signal of neuro-fuzzy controller and keeps the controller on
learning. The proposed system will be applied to controller optimization and adaptation with unknown
environment. In order to verify the effectiveness of the proposed system, it is applied to collision avoidance
of an autonomous mobile robot on computer simulation.
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