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*HumanACGAN: conditional generative adversarial network using human-based auxiliary classifier and its
evaluation in representing conditional distribution of phoneme perception, by Yota Ueda, (The University
of Tokyo), Kazuki Fujii (National Institute of Technology, Tokuyama College), Yuki Saito, Shinnosuke
Takamichi (The University of Tokyo), Yukino Baba (University of Tsukuba), and Hiroshi Saruwatari

(The University of Tokyo).
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