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Abstract: A K means clustering based reinforcement learning method is proposed, w hich uses clustering algorithm
to adgptively discretize continuous state pace The learning of thismethod is divided into two processes, state ace
learning using K -means clustering algorithm for adgptive discretization of continuous states and policy learning using
Sarsa algorithm for finding optimal policy. Simulation conducted on reinforcament learning benchmark problen w ith
continuous state show s that the proposed method can adaptively discretize continuous state gpace and learn optimal
policy in the end Comparison with OM A C network based reinforcament learning method show s that the proposed
method has advantages of saving memory and reducing computation tme
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