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Robot motion control inspired by boundedly rational heuristics
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The rationality of an agent is bounded in various ways, because of imperfect observation, finite computational
and memory resources, and incomplete control exerted in the environment. Under the bounded rationality, instead
of optimize, one would satisfice with a certain level of aspiration. We model satisficing, the heursitics central to
bounded rationality, in the framework of reinforcement learning and test the performance with the task of robot

motion learning, which is a coarse grained dynamical system control problem.
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