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Gaussian mixture model (GMM) [Toda+2007], Neural net (NN) [Desai+2010]
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low-dimensional WaveRNN [Kalchbrenner+2018]
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Generative Adversarial Network (GAN) (coodteliows 201
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StarGAN-VC [Kameoka+2018, Kaneko+2019]
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Aug mented StarGAN [Kameoka+, to appear] NTr O
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o X)L TR T LAEHFMCD) [dB]

Speakers Methods
Source Target VAE [Hsu+2016] V’A[‘l_E;Y\Z/g;A]‘N StarGAN A-StarGAN
SM1 7.66+0.123 7.70£0.122 7.2610.116 7.27+0.129
SF1 (female) SF2 7.53+0.118 7.43+0.124 7.16+0.126 6.98+0.147
SM2 8.06+0.143 8.04£0.145 7.67x0.120 7.58+0.115
SF1 8.25+0.104 8.20+0.128 7.69£0.099 7.45%0.096
SM1 (male) SF2 7.43%£0.111 7.23%£0.117 6.95+0.103 6.661+0.114
SM2 7.92+0.106 7.82+0.103 7.24+0.089 7.081+0.102
SF1 7.97+£0.127 7.83£0.121 7.59+0.102 7.401+0.107
SF2 (female) SM1 7.38+£0.108 7.37£0.097 6.91£0.121 6.831£0.126
SM2 7.92+0.122 7.78+0.109 7.49+0.116 7.48+0.103
SF1 8.33+£0.148 8.20+0.158 7.83£0.152 7.671+0.139
SM2 (male) SM1 7.73£0.138 7.66+0.142 7.07x0.122 6.9710.127
SF2 7.74%£0.135 7.65+0.137 7.27+0.143 6.981+0.154
All pairs 7.83+0.045 7.74£0.046 7.35+£0.044 7.1910.046
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WaveCycleGAN (ranaka+2018] NTT O
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synthetic speech ")

WaveCycleGANIC &S

g DNN%EI/EI\EE[Zen+2013] GD
SkEE(CEA U IZf)

o MODIRAZERNE EDMOSHE
DL

Frequency [kHz] Frequency [kHZ] m"'

System MOS

Recorded 4.590 4 0.082

WORLD (from mel-cepstrum) 3.124 + 0.150

Griffin-Lim [Griffin&Lim1984] 3.300 + 0.143 « unofficial implementation
open WaveNet van den 0ord+2016] 3.657 £ 0.162 . 7 available on GitHub
WaveGlow [Prenger+2018] 3.443 4+ 0.164 ) —» offici'al implementation
WaveCycleGAN (Ours) 4.023 £ 0.124) provided by the authors
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Acknowledgement: We thank Prof. Tomoki Toda (Nagoya University) for
providing us with the voice samples and the photo in this slide.
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Multi-speaker identity conversion NTT O

» Audio examples obtained with multi-domain conversion mode|,
trained on 450 sentences per speaker in ATR Japanese database

Original Original
voice voice
Speakerl Speaker2
(speaking rate: (speaking rate:
fast) moderately slow)
Original Original
voice
Speaker3

(speaking rate:
moderately fast)

- voice
Speaker4
.~ (speaking rate:
slow)



Real-time VC demo
» S25-VC followed by WaveCycleGAN

Original voice

female
voice
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