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Imitative Learning of Robot by Acquring a Viewpoint Utilizing Recurrent Neural Network
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In imitative learning, acquiring viewpoints of others’ actions is a crucial problem. In cognitive developmental
robotics, existing models have been requiring coordinate transformations provided by human designers or involved
modules to acquire viewpoints. This paper introduces an imitative model that enables a robot to predict viewpoints
of the self and others from training data. To allow a robot to acquire representations of behaviors and viewpoints
autonomously, we use a recurrent neural network model. Several neural units describing information about actions
or positional relationships between the robot and the demonstrator are added to the network model. The training
data are labeled with types of behaviors and viewpoints, and are linked to each internal state. We implemented
this model in a robot and carried out training of object manipulation. According to the model evaluation, we
confirmed the representations of behaviors and viewpoints were self-organized in a space composed of the neural

units.
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