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Abdtract : A neuro-dynamic programming (NDP) method for a semi-Markov decison processes (SMDP) is studied
based on the learning of performance potentials and approximating of policy. Usng a sngle sample path of a
uniformized Markov chain of the SMDP, a unified TD (A\) learning formula is presented for both discounted and
average criteria as the approximate policy evaluation of the actor algorithms. Approximation architecture such as a
neural network is used to represent the policy , and two methods of policy updating are proposed by improving the
policy parameters based on the estimates of potentials. A numerical example shows the effectiveness of the

corresponding agorithms.
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