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Res2Net based on layer attention mechanism for speaker verification
HU Honglin, XIONG Shuhua

(College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract; Aiming at the problem that it is difficult for the network to effectively use the global information in the speaker
verification task, this paper proposes Res2Net speaker verification algorithm based on hierarchical attention mechanism, which can
effectively extract the global information by fusing the multi—resolution hierarchical output results, and passing through the channel
attention mechanism and spatial attention mechanism in turn. In addition, according to the speaker verification task, a local feature
fusion algorithm which is different from the traditional attention mechanism is designed to extract more detailed local features and
effectively retain the context information. Experimental results show that compared with the baseline system, the proposed algorithm
improves the Equal Error Rate (EER) and minimum Detection Cost Function (minDCF) by 41. 7% and 29. 7%, respectively.
Compared with other variants of Res2Net, Res2Net-26w8s and ECAPA-TDNN, the proposed algorithm improves the Equal Error
Rate by 39.3% and 12. 9%, and the minimum Detection Cost Function by 27. 9% and 16. 5%, respectively. It can be demonstrated
that the proposed algorithm has better performance in the task of speaker verification.
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Table 2 Ablation experiment
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Res2Net+LF 1.37 0.129 1.35 0.144 2.36 0.218
Res2Net+AFF+LF 0.88 0. 106 1.03 0.116 1.93 0.199
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Fig. 4 Two different levels of attention feature fusion mechanism
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Table 3 Comparison of experimental results of different layer attention mechanism
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