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Abstract: In partially observable markov decision processes(POMDP), due to perceptual aliasing, the menoryless
policiesobtained by Sarsa-learning may oscillate A memory-basednev reinforcament learning algorithm—CpnSarsa
(N is studied to solve this problan. W ith nev definitions of states, the agent combines current observation w ith
preobservations to distinguish aliasing states W ith gpplication of the algorithm to some typical POMDP, theoptmal
or aimost-optimal policies are obtained Comparing w ith previous algorithms, this algorithm greatly improves the
convergence rate
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