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Abstract

This paper proposes a formal model and the algorithm for human” s state space leaning process based on metacognition which is
seen as the human’ s capability to introspect their thought process and report their level of uncertainty, Given the 2-stage Markov
decision process game data which augmented humans — state space leaming process, the algorithm performs online updates of low
dimensional embedding of state space on the basis of the uncertainty assessment, We found out that the uncertainty does use on the
human leaming process, Furthermore, by predlicting the exploration-exploitation tradeoff using acquired knowledge about the state
space, it is expected to improve the exploration and exploitation dilemma in machine leaming,
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Fig. 3. (a) Low dimensional embedding of the state space (b)
Computing the uncertainty g with the state space previously learned
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Fig. 4. Analysis of human task performance based on the
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Fig. 5. Analysis of human reaction time based on the uncertainty
estimated by the proposed model
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