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Model of generating and sharing intention: toward human-robot cooperation
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We normally tend to think that as human we act as if we have intention to achieve a goal.
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However, in the

situation of cooperating with other people, it is difficult to coming up with a mechanism of predicting and adjusting
each other’s intention when we think that goal comes from top-down. Thinking that intention comes from context
may help to solve that problem. In this study, we attempt to model an action learning mechanism that generates
intention using Deep Q-Network and Recurrent Neural Network.
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