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New Algorithm for a Class of Adaptive Markov Decision Process

LI ]iang-hongl, HU Zhao—wen’
(1. Electronic and Information College, Shanghai Jiaotong University, Shanghai 200030, China;
2.Changsha Railway College, Central South University, Changsha 410075, China)

Abstract: A new algorithm for adaptive Markov Decision Process( MDP) is proposed, which can achieve
optimal decision with any desired accuracy. The principle of the new algorithm is partitioning the
parameter set acocording to the desired accuracy and using the policy related to the partition that the new

estimated parameter exists to make decision.
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g I (s) (s) (%)
2.0 9.521 2 446 9.531 2.0194 1653 9.521 2.0128 32
1.0 9. 360 2653 9.371 1.092 8 1739 9.537 0.963 5 34
0.0 9.318 2 366 9.318 0.003 5 1555 9.323 0.020 8 34
- 1.0 9.395 2582 9.402 1.3381 1747 9.395 1.209 8 32
- 2.0 9.591 2435 9.591 2.3022 1624 9.582 2.2325 33
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