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[Abstract]

The rapid advancement of voice synthesis and modulation technologies has increased the threat of exploitation of deepfake
audio for voice phishing, fraud, and identity theft. Consequently, the importance of deepfake audio detection technology that can
complement existing speaker verification systems has been highlighted. In this study, we propose a deepfake audio detection model
based on the Multi-View Collaborative Learning Network (MVCLN) architecture, with Vision Transformer (ViT) replacing CNN
as the spectrogram encoder. The proposed model employs a parallel configuration of a waveform-based Transformer and a
ViT-based spectrogram encoder, and applies a Waveform-Spectrogram Fusion Module (WSFM) to effectively fuse the
complementary characteristics between the two representations. Experimental results demonstrate that the proposed model achieves
an AUC of 0.9999 and an EER of 0.38% in seen scenarios, and an AUC of 0.9653 in unseen scenarios, showing improved
performance compared to the original MVCLN.
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Table 1. Dataset

Split # Samples
Train 255,636
Validation 31,954
Test (Seen Attack) 31,955
Test-Unseen (Unseen Attack) 14,710
Total 334,255
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Table 2. Performance of the proposed model

Model MVCLN Proposed Model
Seen AUC 0.953 0.999
Seen EER (%) 9.33 0.38
Unseen AUC 0.953" 0.965
Unseen EER (%) 9.85" 8.56

“presented as average values for comparison
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