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Fig. 1 wav2vec architecture.
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Fig. 2 Overview of the proposed method.
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Table 1 Experimental results of baseline and the
proposed method.

Method Feature Cavg EER%
baseline  30-dimensional MFCC  0.32 32.7
C (512-dimensional Z) 0.20  20.9
C (256-dimensional Z) 0.19 21.1
proposed C (128-dimensional Z) 0.16 18.5
C (64-dimensional Z)  0.13 13.4
C (32-dimensional Z)  0.21 23.3
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