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Application and consideration of learning of reference to a cognitive reinforcement learning model
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LS(loosely symmetric) model is effective in N armed bandit problem. LS model is subjective probability model derived

from human cognition. Uragami devised a method for Giant-Swing that takes advantage of LS properties. In this research,

the refined model of LS which Kono devised (LS-VR) was implemented in the above-mentioned method, and aim to improve

the performance.
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