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Acquisition of Concept and Dialogue Strategies through the Interaction among Infant Agents
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This paper described acquisition of concept and dialogue strategies through the interaction among infant agents (1As). In
experiments, an 1A who has learned all the concepts teaches an uninformed IA along with a dialogue strategy. Two types of
concept acquisition experiments are executed: (A) the diaogue strategy is given beforehand and (B) the strategy is
automatically given by using reinforcement learning. The experimental results show the importance of strategies in dialogue

exchange among | As and the same dialogue strategy as human designsis given by the reinforced |learning.
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