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Learning and generation of clothing folding task based on motion direction indication
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We describe a learning-based approach to co-work with humans by using neuro-dynamical models for learning
multisensory information. Assuming that a robot works by receiving instructions from a human, the robot must
acquire the meaning relationships of instructions that have characteristics such as ambiguity and context depen-
dence, and switch or combine its motions to perform the required tasks. As a solution to this problem, we present
a method with two phase deep learning model; a convolutional auto-encoder for conpressing highlly-dimensional
camera image, and a hierarchical recurrent neural network (RNN) for integration of motions and image feture
vectors. By embedding the short cyclic attracters to the network that consists of a direction phase and a behavior
phase, our models self-organize the meaning relationships for sensory sequences and human instructions. To confirm
the ability of our method, we demonstarated clothes-folding that consists of four short motions and three kinds of
instructions that indicate the direction of each folding motion. The results showed that a robot can perform long
seqencial task operation, and the proposed method self-organized its behaviors according to context.
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Learning method with two deep learning models
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2.1 Convolutional Auto-Encoder
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2.2 Multiple Timescale RNN
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