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Abstract; The voice conversion task refers to the conversion of one speaker’s voice identity to another speaker while keeping the lin-
guistic content unchanged. However, current work rarely considers anti-forensic studies for audio forensic machine classification mod-
els,where the converted audio is easily recognized by forensic models. In this paper, we propose a voice conversion anti-forensic
framework HADV-GAN with three sub-band spectral discriminator, whose synthesized audio is anti-forensic to voice spoofing forensic
models with high fidelity. In addition, HADV-GAN does not need to train additional vocoders,and can directly use the original audio
waveform as input and reconstruct the speech with acoustic features,thus avoiding the feature mismatch problem caused by using vo-
coders. The experimental results show that the proposed method has better anti-forensic capability on the three mainstream voice spoo-
fing forensic models LFCC-GMM ,MCG-Res2Net and AASIST than the baseline model NVC-Net with comparable synthesized audio
quality.
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