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Robotic Learning from Human Demonstrations and
Interactions

HAMAYA Masashi

Thanks to recent learning techniques, robots can obtain skills for complex tasks automatically. Meanwhile, engi-
neering efforts of tuning hyperparameters and designing appropriate reward functions are not trivial. Some
researchers have leveraged human domain knowledge such as demonstrations and interactions to facilitate robotic
learning. In this article, we introduce our recent works using contradictional information provided by humans.
Concretely, we present learning from" successful and failed demonstrations and” advisory and adversarial inter-

actions.
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