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ABSTRACT

This paper is a study on singing voice synthesis modeling using a generator loss function, which analyzes various
factors that may occur when applying BEGAN among deep learning algorithms optimized for image generation to
Audio domain. and we conduct experiments to derive optimal quality. In this paper, we focused the problem that the
L1 loss proposed in the BEGAN-based models degrades the meaning of hyperparameter the gamma(y) which was
defined to control the diversity and quality of generated audio samples. In experiments we show that our proposed
method and finding the optimal values through tuning, it can contribute to the improvement of the quality of the
singing synthesis product.
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Table 1. Compared models and the experiment seltings.
Model Model | Model 2 Model 3 Modeld Model 3
Tope of GAN | Original GAN _ Onginal GAN _ BEGAN BEGAN  BEGAN
~ in BEGAN 10 10 0.7
Auto-regressive No Yes No Yes Yos
Table 2. Qualitative evaluation results in MOS.
Model |[ Pronunciation Ace. Sound Quality Naturalness
Model 1 2267 = 0.988 1001 £ 0,826 2.099 = 1,021
Model 2 2.052 £ 0,993 1.896 + 0.876  2.000 + 1095
Model 3 3070 + 1.003 288 0923 2867 & 1.045
¥ =10 «—— Model 4 | 3.038 £ 1.057 2965 = 0955 3122 = 1.074 |
p=07+ Model § 2,646 + 1021 2,377 4 0,904 2519 4+ 0.997
Reconstruction 4.681 = 0.643 433340713 40600 £ 0717
Ground Truth 4780 £ 0.564 4701 £0.656  4.762 £ 0.582
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