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- Tables
Table 1. Model performance Table 2. ResNet Architecture
Model Params VoxCelebl-O VoxCelebl-H VoxCelebl-E : :
# | | | Layer Name  Layer Details _ Qutput Size Box A: ResNet with GAP Box B: ResNet with ASP Box C: TB-ResNet
EER (%) minDCF EER (%) minDCF EER (%) minDCF input _ (80,T,1)
ResNet18-GAP  11.27M  2.03 0.1410 3.73 0.2300 2.08 0.1410 convl 5x5, BN, ReLU  (80,7,64)  conv3x Block(128, 2, ng) (20,7/4,128)  conv3 x Block(128, 2, n3)  (20,7/4,128)  conv3 x TB-Block(128, 2, n3) (20,7/2,128)
ResNet18-ASP  13.80M  1.62 0.1109 3.02 0.1842 1.64 0.1100 maxpool 3% 3 window, stride 2 (40,77/2,64)  conv4 x Block(256, 2, ny) (10,7/8,256)  conv4 x  Block(256, 2, n4) (10,7/8,256) | conv4 x TB-Block(256, 2, n4) (10,T/2,256)
TB-ResNet18  11.44M  1.36 0.0870 2.47 0.1497 1.39 0.0895 conv2 x Block(64, 1, ny)  (40,7/2,64)  convb x Block(512, 2, n5) (5,7/16,512)  convb.x Block(512, 2, ns) (5,7/16,512) | convb.x TB-Block(512, 2, n5) (5,T/2,512)
ResNet34-GAP  21.38M 160 01080 320 01940 173 0.1190 3 A/B/C GAP - (1,1,512) flatten except for time axis (1'/16,5x512) dw.convd 5x1, BN, ReLU  (1,7/2,512)
ResNet34-ASP  23.91M 135 0.0847 269 0.1629 1.43 0.0966 ox (A /B /C) ASP  channel-dependent 0120 ASP  channel-dependent 1024
TB-ResNet34  21.55M 1.13 0.0687 2.20 0.1298 1.21 0.0779 linear speaker embedding 192
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