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Abstract
In this paper we improve the performance of autonomous mobile robot by induction of

reinforcement learning concept. Generally, the system used in this paper is divided into
two part., Namely, one is neural-fuzzy and the other is dynamic recurrent neural networks,
Neural-fuzzy determines the next action of robot, Also, the neural-fuzzy is determined to
optimal action internal reinforcement from dynamic recurrent neural network. Dynamic
recurrent neural network evaluated to determine action of neural-fuzzy by external
reinforcement signal from environment. Besides, dynamic recurrent neural network weight
determined to internal reinforcement signal value is evolved by genetic algorithms. The
architecture of propose system is applied to the computer simulations on controlling
autonomous mobile robot.
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