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Human-Robot Voice Co-operation based on Motion-Language Transfor-
mation using Neural Network Model Yang Zhang, Tetsuya Ogata (Kyoto
Univ.), Jun Tani (RIKEN), Masamitsu Murase (Kyoto Univ. , presently
with Matsushita Electric Industrial Co. Ltd.), Kazunori Komatani, and Hi-
roshi G. Okuno (Kyoto Univ.)
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FEIZ B9 6 3 (“Move to red slowly. Move to blue
slowly. Move to white slowly.”) % SFEEY 2 —I)VIZ AT
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