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Integrated Cognitive Model for Robot Learning of Concepts, Actions, and Language
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It is expected to realize an intelligent robot that coexists with us and supports our lives. In order to realize such
a robot, it is necessary to act by understanding the surrounding environment and language in the real world. For
such a complex understanding, multiple cognitive functions are required. The purpose of this study is to propose
an integrated cognitive model for robots that simultaneously learn concepts, actions, and language. This can be
achieved by integrating various modules. The proposed model consists of three modules: concepts formation using
multimodal information, grammar learning, and reinforcement learning. We verify the potential of the proposed
model through experiments using a real robot. We show that the proposed model enables robots to form concepts,

make decision, and understand language.
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