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Abstract

Neural network-based extraction of the speaker embedding in the speaker verification task shows
good performance, however, the traditional speaker embedding network usually uses Softmax
loss as the loss function, and the distinction between the speaker characteristics class is not ob-
vious. Therefore, this paper improves Softmax loss by introducing negative sample pairs (two
samples from different categories) to learn speaker embedding in cosine angle space that there is
a clear angle distance between different speakers and that the same speaker features are compact.
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The speaker verification experiment on the public data set AISHELL dataset showed that the loss
function had a lower EER and a larger area under the ROC curve than A-softmax.
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Figure 1. Geometric interpretation of cosine Softmax loss
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Figure 2. Training structure of network
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Table 1. The structure parameters of speaker embedding network

F 1L RIEABRANNBLERSH

Layer Structure Output size
Input — 300x39x1
Convl 3x3,Stride 1 300 x 39 x 64
. 3x3,64
BasicBlock 1 x 2 300x39x 64
3x3,64
BasicBlock 2 3x3,128 2 300x39x128
asicBloc X
! 3x3,128 e
BasicBlock 3 $x3,256 2 300 %39 % 256
asicBloc X
! 3x3,256 s
Avg_pool — 256 x4
Dropout — —
Dense 1024 x 64 64
Dense 64 %100 100
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Table 2. Speaker verification results of different loss functions
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Figure 3. ROC curves of cosine Softmax and A-softmax
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