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In this paper, we propose a learning system which combines the profit sharing with macro-rules coping with
the non-markov probrem in a simple and effective way. A macro-rule is a rule sequence that combines the rules
applied continuously, and it is used in order to reprensent the rule sequence acquired by agent’s experience. By
dynamic construction and use of macro-rules, the proposed system aims to improve the profit sharing system by
adapting it to non-markov environment. By experiments, we show that the proposed system can be effective for

some problems with hidden state.
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