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ABSTRACT

This paper suggests non-parallel-voice-conversion network conversing voice between unmapped voice pair as source
voice and target voice. Conventional voice conversion researches used learning methods that minimize spectrogram’s
distance error. Not only these researches have some problem that is lost spectrogram resolution by methods averaging
pixels. But also have used parallel data that is hard to collect. This research uses PPGs that is input voice’s phonetic
data and a GAN learning method to generate more clear voices. To evaluate the suggested method, we conduct MOS
test with GMM based Model. We found that the performance is improved compared to the conventional methods.
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