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Tool-use Model Considering Selecting Tool by Deep Learning
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We propose a tool-use model that makes robots choose and use tools to carry out tasks. In these days, researches

on the tool-use by robots have been done aiming at robots that are useful in daily life.

However, conventional

researches have two problems, (1)experimenters need to label tools or environment, (2)it is impossible to perform
a series of operation from tool selection to task execution. In this research, we propose a model which does not
require labeling, and can use tools in consideration of selection. In order to construct a model which can solve the

two problems, we let a robot select a tool, hold it and perform the task, and have a series of experiences.

Then,

train the sensory-motor data that acquired during the experience and task command with deep learning. At last,
to evaluate the model, we confirmed ability of motion generation in the untrained situation.
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