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Reinforcement Learning in Partially Observable
Markov Decision Process Including Probability State
Transitions

Hiroshi OSADA Satoshi FUJITA

HQ-learning proposed by Wiering et al decomposes a given task into several independent Marko-
vian subtasks, and activates those tasks in a sequential manner. However, in multi-agent systems
which have probability state transitions, HQ-learning cannot learn appropriately due to the archi-
tecture. In this paper, we propose a new learning scheme to solve such problems, and evaluate the
effectiveness experimentally.
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