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Abstract: Recently in speaker recognition tasks, consistent performance gains have been continually achieved by
various Convolutional Neural Networks (CNNs), which have shown increasingly stronger multiscale
representation abilities. However, most existing methods enhance their strength with more layers and deeper
structures. In this paper, a unique multiscale backbone architecture, Res2Net, is introduced for speaker
recognition tasks, and its blocks are modified for assessment. This architecture works at a more granular level
than most layer-wise networks. It improves the system by combining many equivalent receptive fields, resulting
in a combination of different feature scales. The experiments results demonstrate that this architecture steadily
achieves a 20% improvement on the Equal Error Rate (EER) over the baseline without additional
computational burden. Its effectiveness and robustness are also verified in different environments and tasks,
such as VoxCeleb and Speakers In The Wild (SITW). The modified full-connection block can make sure a more
sufficient use of information and improves the performance obviously in more complex tasks. The code is
available at https://github.com/czg0326 /Res2Net-Speaker-Recognition.
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R4 SRREER (L) — T 001 P0.001
x-vector 4.189 0212 0391 0512
ResNet-50 3.955 0212 0404  0.483
Res2Net-50-sim 3.484 0194 0370  0.481
Res2Net-50-full 3.633 0201 0373 0477

R 2 VoxCelebLMIXE & RFEMRERI(IZE: VoxCeleb2)

T/ MEIARA B FminDCF

R4 SHARFEER(%) P=0.1 P=0.01 P=0.001
x-vector 2.985 0.179 0.336 0.465
ResNet-50 2.243 0.158 0.299 0.391
Res2Net-50-sim 1.729 0.143 0.271 0.405
Res2Net-50-full 1.403 0.136 0.259 0.364
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P=0.1  P=001 P=0.001

SHER FHEEER (%)

- Twis 3.484 0.194 0.370 0.481
% 3 RGVoxCelebiUiRk 1 4 e
16wds 3.446 0.186 0.357 0.491
3 : A Lt 27
ISR (%) Tw8s 3.266 0.188 0.347 0.475
Nagrani% APl VoxCelebl 7.80
OkabeZs A 118! VoxCelebl 3.85
Heo: A112 VoxCelebl 550 7= 6 Res2Net-5018FwidthflscaleZESITW I GERIN
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Heo%s \[1?) VoxCeleb?2 2.66 e Core-core  Core-multi  Assist-core  Assist-multi
Zeinali%E A1) VoxCeleb2 1.31 Twis 6.483 8.520 8.306 9.740
KULRS VoxCelebl 3.266 16w4s 6.370 8.382 8.601 9.411
KL RGR VoxCeleb2 1.403 Tw8s 5.549 7.726 7.699 9.122
*F 4 SITW 4FMIXZ£ T & RS ReRI
2 . SITWHlliSEEER(%)
AE | 2R
Core-core Core-multi Assist-core Assist-multi
x-vector 6.698 8.661 8.476 9.920
ResNet-50 VoxCelebl 7.217 9.358 9.282 10.972
Res2Net-50-sim 6.483 8.520 8.306 9.740
Res2Net-50-full 6.603 8.575 8.297 9.516
Res2Net-50-sim VoxCeleb2 3.258 4.765 4.613 5.706
Res2Net-50-full 2.952 4.201 3.931 4.833
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