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ABSTRACT Aiming at the problems of insufficient feature expression ability and weak generalization ability of the traditional
Res2Net model in the field of voice print recognition, this paper proposes a feature extraction module known as the SE-DR-Res2Block,
which combinedly uses dense connection and residual connection. The combination of low-semantic features with spatial information
characteristics allows focusing more on detailed information and high-semantic information that concentrates on global information as
well as abstract features. This can compensate for the loss of some detailed information caused by abstraction. First, the feature of each
layer in the dense connection structure is derived from the feature output of all previous layers to realize feature reuse. Second, the
structure and working principle of the ECAPA-TDNN network using traditional Res2Block is introduced. To achieve more efficient
feature extraction, the dense connection is used to further realize full feature mining. Based on SE-block, a more efficient feature

extraction module, SE-DR-Res2Net, is proposed by combining the residual join and dense links. As compared to the traditional SE-
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Block structures, the convolutional layers are used here instead of fully connected layers. Because they not only reduce the number of
parameters needed for training but also allow weight sharing, thereby reducing overfitting. Therefore, effective extraction of feature
information from different layers is essential for obtaining multiscale expression as well as maximizing the reuse of features. During the
collection of more scale-specific feature information, a large number of dense structures can lead to a dramatic increase in parameters
and computational complexity. By using partial residual structures instead of dense structures, we can effectively prevent the dramatic
increase in parameter quantity while maintaining the performance to a certain extent. Finally, to verify the effectiveness of the module,
SE-Res2block, Full-SE-Res2block, SE-DR-Res2block, and Full-SE-DR-Res2block are adopted based on the different network models.
Voxcelebl and SITW (speakers in the wild) datasets were used for Voxcelebl and SITW, respectively. The performance comparison of
Res2Net-50 models with different modules on the Voxcelebl dataset shows that SE-DR-Res2Net-50 achieves the best equal error rate of
3.51%, which also validates the adaptability of this module on different networks. The usage of different modules on different networks,
as well as experiments and analyses conducted on different datasets, were compared. The experimental results showed that the optimal
equal error rates of the ECAPA-TDNN network model using SE-DR-Res2block had reached 2.24% and 3.65%, respectively. This

verifies the feature expression ability of this module, and the corresponding results based on different test data sets also confirm its

excellent generalization ability.
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Fig.2 Schematic diagram of the dense connection structure
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Table 1 Performance comparison of the Voxcelebl test set under different RES2Net-50 systems
minDCF
System Parameters/ 10° EER/%
(P=0.1) (»=0.01) (p=0.001)

x-vector?”) 4.19 0.212 0.391 0.512
Res2Net-50 24.50 3.73 0.205 0.381 0.485
FULL-Res2Net-50 24.50 3.91 0.210 0.385 0.481
SE-DR-Res2Net-50 35.19 3.51 0.197 0.374 0.473
FULL-SE-DR-Res2Net-50 35.19 3.70 0.206 0.379 0.478
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Table 2 Performance comparison of the Voxcelebl test set under different ECAPA-TDNN systems
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@P=0.1 (»=0.01) (»p=10.001)

x-vector”) 4.19 0.212 0.391 0.512
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FULL-Res2Block 14.73 2.51 0.145 0.296 0.372
SE-DR-Res2Block 16.71 2.24 0.120 0.245 0.300
FULL-SE-DR-Res2Block 16.71 2.37 0.137 0.280 0.364

Gt , ZH0E AU 1.98M, EER F[% T 5.5%, minDCF
TE p {9 0.1, 0.01, 0.001 23 HIFEAK T 5.6%. 5.4%.
2.2%. FEREE R IR, 18 SCHE 0 S5 ZEAS [R] 9 4%
AL L B R A vERE, FL7E iz i~ S 8w
BRI, X5 Y ZRFE I 5 R /).

BLER 2% 2T 1Y B 2 8 T ik 25 i #5570 g
L Hb 35 FH B S R AR, 3 1 BE T FR A AR g
T N BIESS R Iz AR BE T, FEEE4E SITW iy
core-core Pl i 37 5 A AT I 3, HESZ B0 45 R an 3k 3
i 7: (1) SE-DR-Res2Block £ % F Res2Block, %k
AN 1.98M, EER T[T 6.6%, minDCF 7 p &
0.1, 0.01, 0.001 73 HIFEAR T 2.2%. 4% 7.6%; (2)
FULL-SE-DR-Res2Block #%}F FULL-Res2Block,
(3N 1.98M, EER T T 4.3%, minDCF £ p {H
0.1, 0.01, 0.001 43 HIFEAR T 0. 3.4%. 3%. H I
W45 B A %1, SE-DR-Res2Block 75 357 2 #f 7 1 T3,
i B R PR e, F— kB Tz B A
R Uiz 1k Be
333 A[FEIE KAy REXT

h VAR R G AS TR I B sk R, 25 R
core-core Pl i 4 T 19 = F MK 4R, 40 91 &/ F
15siBE, KT 15s/MT 25 s iEH MR T 25
/NT 40 s i R AR RY Res2Block 78 ECAPA-
TDNN M 2% R 4t L #E 17, x-vector R GifFE M 3&
LAY, TR HARLE R NE 4 iR,

HH 2% 4 AT AL (1) B B 3G K, P BTG
B, LS A SUE B 2, T R 40 EER 3
FEA%, Kon HYERE YA 2 5 (2) 7E R 4R SE-
DR-Res2Block #H #; T Res2Block, EER #E 0 ~ 15 s.
15 ~255.25 ~40s 535 PR T 11%.9.3% ., 3.8%;(3)FU-
LL-SE-DR-Res2Block #H%%F FULL-Res2Block, EER
750 ~15s, 15 ~255.25 ~40s 235 R T 13.3%. 5.3%.
2.8%; (4) Horp i s, MEREARE T @I B, 7ET A
it < ' SE-DR-Res2Block F) M A fie fE . S 06 25 L 36
T, 18 SCHR M0 4 25 44 X6 A () Bt 5 AT B S P 3
O 0 B 1 A e R IR A

Bl 5 57 B AN [R] B 4T A [ 58 46 1 A T e 13
KU 8. i S AT %1, SE-DR-Res2Block i K #
o HAL R G M 4T O, R B AL R4,
TE K HR 43 T AE 5., BVFE False positive rate #H [/] i 5%
£, H: False negative rate B A%, HAG ¥ 4 AP HE.
3.3.4 OR[EREARNT AP REXT e

R VAL R S8 A R, 7EAE R B PR 4 T, X
AN TRIASE Y B Pk BE R AT LA BT SE I 2R AR X R
Voxcelebl ) FF % #8741, MK 4 Voxcelebl 1 SITW
493K Voxcelebl (MR 4E fll SITW 1Y) core-core il
75

LN S PR, AR ICRBEAE Voxcelebl %4
AR AR T SCHR [14] 98T = I AL . SCEk [17]

#F£ 3  SITW MHR4ELEAE ECAPA-TDNN 245 F PEfE s

Table 3 Performance comparison of the SITW test set under different ECAPA-TDNN systems
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