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Optimal Action Selection for Multimodal Object Category Recognition
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In this paper, we propose an optimal action selection technique for multimodal object category recognition. It
is shown that a robot can obtain several multimodal categories through interaction with daily objects. However,
when a robot observes a target object, the robot cannot obtain haptic and auditory information without action
to the object. The robot has to decide which action it should take to recognize the object. We propose to use
expected KL-divergence to select next action. We give an experiment and show its effectiveness.
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