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Fig. 1 Procedure for creating parallel data us-
ing TTS model.
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Fig. 2 Training procedure using CycleGAN-VC2-based voice conversion.
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Fig. 3 Comparison of spectrums in opera

singing voices.
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Fig. 4 MOS on quality evaluation.
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Rate of change in lyrics content
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Fig. 5 Rate of change in lyrics content.
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Fig. 6 MOS on speaker-similarity evaluation.
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