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Abstracts

Realiazation of autonomous agents that organize their own internal structure in order to behave
adequately with respect to their goals and the world is the ultimate goal of AI and Robotics.
Reinforcement learning gas recently been receiving increased attention as a method for robot learning
with little or no a priori knowledge and higher capability of reactive and adaptive behaviors. In this
paper ,we present a method of reinforcement learning by which a multi robots learn to move to goal.
The results of computer simulations are given
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