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Reinforcement learning method is now being actively studied as a framework for autonomous learning because
actions can be learned using only scalar evaluation values and without explicit training signal. To solve the problem
of tradeoff between exploration and exploitation actions in reinforcement learning, the authors have proposed two-
dimensional evaluation reinforcement learning, which distinguishes between reward and punishment evaluation
forecasts. In the proposed method of reinforcement learning using the two dimensions of reward and punishment,
a reinforcement signal dependent on the environment is distinguished into reward evaluation after successful action
and punishment evaluation after an unsuccessful action.
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