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Frequency Analysis in Voice Conversion Using Generative Adversarial Networks
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In recent years, deep learning has enabled high-quality speech synthesis and voice quality conversion. Traditional methods
use a GAN (Generative Adversarial Network) to perform voice conversion. However, the generated speech sounds a little
muffled compared to actual speech. There are also some shortcomings regarding the generated 2D features. Therefore, in this
study, the generated spectrogram is divided into several frequency bands, and the Mel-Cepstrum Distortion (MCD) of each
frequency band to investigate and analyze which frequency bands are well generated. Analysis showed that the low frequency
of the generated Spectrograms were well generated, but the mid/high frequency were not well generated. In addition, we
found that although the linguistic information was reproduced, the reproduction of speaker characteristics was insufficient.
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[1] https://github.com/GANTtastic3/MaskCycleGAN-VC
[2] https://datashare.ed.ac.uk/handle/10283/3061
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#* 3 SM3—-TF1 ©43#7(6,100epoch)

SM3—TF1
freq low mid high
M-Spec real | fake real | fake real fake
MCD 1.062 2.608 6.365
ave 0.002 | 0.003 | -0.010 | -0.023 | -0.510 | -0.533
max 0398 | 0350 | 0.942 | 0.614 | 5228 | 4.59%
min -0.402 | -0.394 | -0.995 | -1.115 | -9.210 | -9.210
# 4 SM2—TF2 4347 (6,100epoch)
SM2—TF2
freq low mid high
M-Spec real | fake real | fake real fake
MCD 1.167 2.457 5.637
ave 0.003 0.002 | 0.004 | -0.015 | -0.579 | -0.647
max 0.400 | 0.405 1.003 | 0.882 | 4.756 | 4.292
min -0.344 | -0.386 | -1.001 | -0.878 | -9.210 | -9.210
# 5 TF1—>SM3 D 43#7(6,100epoch)
TF1—SM3
freq low mid high
M-Spec real | fake real | fake real fake
MCD 1.008 2.501 7.098
ave -0.005 0.003 0.004 | -0.005 | -0.483 | -0.666
max 0.503 0336 | 0.925 | 0.503 5.064 | 4.096
min -0.519 | -0.274 | -1.285 | -0.519 | -9.210 | -9.210
% 6 TF2—SM2 D 4347 (6,100epoch)
TF2—SM2
freq low mid high
M-Spec real I fake real I fake real fake
MCD 1.720 2.784 6.006
ave 0.002 | -0.001 0.001 0.003 | -0.611 | -0.619
max 0.687 | 0.539 1.117 | 0.933 5.078 | 4.546
min -0.543 | -0.488 | -0.917 | -0.718 | -9.210 | -9.210
K 7 EBMED real L fake DEDFHE
freq low mid high
MCD 1.239 2.587 6276
ave diff 0.003 0.011 0.070
max_diff 0.092 0.264 0.650
min_diff 0.086 0.302 0

fake

B 3 SM3—>TF1 THRL X 117z Mel-Spectrogram
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