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Speaker Verification Method Based on Sub-band Front-end Model and Inverse Feature Fusion

WANG Mengwei and YANG Zhe

School of Computer Science and Technology,Soochow University, Suzhou,Jiangsu 215006, China
Abstract Two problems with time delay neural networks(TDNN) used to extract frame-level features in existing speaker confir-
mation methods are the lack of the ability to model local frequency features and the inability of the multilayer feature fusion ap-
proach to effectively model the complex relationships between high-level and low-level features. Therefore,a new front-end model
as well as a new multilayer feature fusion approach are proposed. In the front-end model, by dividing the input feature map into
multiple sub-bands and expanding the frequency range of the sub-bands layer by layer,the TDNN can model the local frequency
features progressively. Meanwhile,a new inverse path passing from higher to lower layers is added to the backbone model to
model the relationship between the output features of two adjacent layers,and the outputs of each layer in the inverse path are
concatenated to serve as the fused features. In addition, the design of the inverse bottleneck layer is used in the backbone model to
further improve the performance of the model. Experimental results on the VoxCelebl test set show that the proposed method has
a relative reduction of 9% in the equal error rate and 14% in the minimum cost detection function,compared to the current

TDNN method,while the number of parameters is only 52% of the current method.

Keywords Speaker recognition, Speaker verification, Time delay neural network, Sub-band feature extraction, Multilayer feature

fusion
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Fig.1 Speaker verification method
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Fig. 2 Framework of front-end model
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Table 1 Parameter settings of the proposed model
AR ksgsdsr BBk

. Convl-BN-ReL.U 5,8.1,— (512,300)
ﬁg Res2Block 3.4,1.1 (512,300)
Res2Block 3,2,1,1 (512,300)

i SE-Res2Block 3,1.2,2 (512,300)
:;; SE-Res2Block 3,1,3,2 (512,300)
SE-Res2Block 3,1,4,2 (512,300)
FC-BN-ReL.U N/A (512,300)

e AE FC-BN-ReLLU N/A (512,300)
B A FC-BN-ReL.U N/A (512,300)
BB RHE N/A (1536.,300)

A ASP N/A (3072)

LS FC N/A (192)

YL i 4 B A LR B R A B0t 1y 400 I T Adam
LA T H AR S8, RIL 3R AL E il R E N 2 X
1077 o o F A A TR 1 A% 5% 0 B2 > 28 0 B i i A7 2 ) F
JE 2R 3 Il 0 TG 1X 107, Z 545 77
YILRFEW R 1 X 1077, X T 45 2% bR 2. A< SOK AAM-Softmax
R m R s SRR E R 0.2 30, AE IR Al 3 B A
BURRAE 0 T/ T 3s YT ARNDK AR PRI 7 % 35, BT Tk
Y 2 5% 40 GB BAFHY NVIDIA A100 #EAT I Z: AR
4.4 FEMHIERR

TE S0 il i 4248 12 % EER(Equal Error Rate) /fi /M
AR A PR %L minDCF (Minimum Detection Cost Function) 4™
FRAT R A B A SCOT R R R AR L IR S A T IR A PR REEAT R .
EER Sy 6 I 15 22 A0 1t £k v 8 158 12 52 38 A DR 4E 48 R A0 5
W AY AR 2 . minDCF g 2 (9 73 8 .

min DCF=Cg * FR * Pr+Cry « FAX Py 9
Hrp  FR WHIRIE 45 FA R EERZ R, Con Ml Cra 4330 K
i TR A 2 R TR 2 2 I AN R AL P R Py 43 30 3R ELSE B0
AFBEZTEE B ERmME, EACHERE T Cr
I Cea BEE N 1, HE P M P 0.01 F10.99,

4,5 XFLEEXEIgIT

XA LI T 3.3 A5 AR A BRI A T A (R X
MR 5 H AT 3 9 09 5 2% 3E 4T % L A 45 ECAPA-TDNNE/,
ResNetSE34" ) & MFA-Conformer''™, ECAPA-TDNN f
SEHAN 3. 2 R I X B E G E A E O 1024, ResNet &
— a7 B BB AL, o — B AT R 4 TR LA
ResNetSE34 ffi FH—> 4 B Bt 34 JZ ResNet E 4 $ 00 ff
F SE B X A~ B Be (9 i 11 45 AE [ AT 46 7%, 4] ASP A
PRICES B ST — 2 Y WS AE TP AR B R R AR AE
MFA-Conformer J&— f i /7 i) 3 F Transformer A9 3615 A
INTTIE AR BUER R) 1R )2 R 20K 2 RS 0 5 R, 17 37 %) 4
TEREAT T RAE ; LB £ 18 Conformer £Hk, i J5 42 B %
PSR 2 0 RR AR PE 42 ) Gl 0 — > 23 R AT R IR AL A, 9T
i ASP MRl 5 Y Wi e AE R o E S A B R R AR, B
B R, BT 7 s RS s B AEAE X5 .
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4.6 HIWHERARELRIEIT
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Net 15 by T s B Y, 4 5 28 455 A0 (14 2 B8 7 Ry 32 T #0480 5 1
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JG— R AR AR 2K 2 (985 40 5 Bk R R i, P
V) V9 J2 0 i A T Ao PR 378 0 A I B 4 b, RS SRR S
H—A ReLU F1 BN, #x Z¢Hij o 15 B i 11 (19 FF AR 4R 4 (400,
128,20,300) , N T W AR AE A% 32 3] 32 85 A0 ofr , 55 225000
B R (400,2560,300) ,2560 By I8 #i B 6 £ 2 F R
WE—-EHARKNSHEE, B THETOTFHE, 55
WAF T — A E 40k 32 19 U )2 ResNet 17 g A2 A 6 H 5
AR R B IR B A PR A Conv2d(32)-ECAPA, B T
T B D Ah L, KA 455 Conv2d (128)-ECAPA M A .
AR LRI A T 5 4. 3 1 v AH TR T o ASE B 25 4 5 ik 2k
MR PR IER HEAT AL A . D9 Ah e T 42 M o 45T AR 1) 25 44
5B TR, B — A — 2 k=5 [ — 45
WIhn 2 W R 5 3k 2 BT AL Y 4R BAS A IR I B /Y SE-
Res2Block 4 i ) Aif o 45 8, 55 3 28 450 80 (19 42 B 4% 41 i —
4~ 2 9 ECAPA-TDNN, F§ 2 5 ECAPA-TDNN-D, F L)
0 IF B H Y T A A I OR R R B b i VR &2 TR AL IR

A S 46 e B2 B PR RO O AR R 7 A X
4.7 FTFHEBEREFEMETIELIIEIT

N TR WA AR S A AR Bt DA R AR A S 1 R
T3 ¥R B SO AR BT 512 3 £y ECAPA-TDNN % 31
T oA Fp R AL 3 T AL 4R RS AT X LS. 55— Ah R X
#41) SE-Res2Block e AR o 48 58 18 1, 17 2445 512 Y38 iE
B B r=154 RIS N =2 WO BUZ I Bi—1
r=0.5 BYRHUZE$EHLAR . A T PR UE R S50 00 B2 0 3
BAREAMSE AR TE r=0. 5 (9255 ok il i ik B h
1024, )5 AT HARLEG =2 G54 b PR BT AT 2 45 08 38
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5 LBWERDH

5.1 XEELWERRELHH

2 PN T ARSI S BT IAT B LR 5 ik 0 6] b S G
g, W LLE M, 7E 3 Fh AT 19 35 h, ECAPA-TDNN
Qo2DA H AT PERE R, ARSCHIRITE 3 AR LY
PEREFR U T ECAPA-TDNN(1024) , H H1 7E VoxCelebl-E I
EER (A% T 9%, 7E VoxCelebl-O F minDCF &A% T 14% .
M50 ECAPA-TDNN (1 024) ¥ 52% , X 36 B 4% ¢
5 % BE 5 B e Ak 4R IO A A B TR AR

2 HHAMT BRI

Table 2 Comparison with other methods

VoxCelebl-O VoxCelebl-E VoxCelebl-H
A A FLOPs HHE - - - -
EER/ % minDCF EER/ % minDCF EER/ % minDCF
ResNetSE34 21.06 X107 22.06 <108 1.35 0.127 1.72 0.191 3.11 0.281
MFA-Conformer 1.90x 107 19. 76105 1.07 0.112 1.35 0.153 2.59 0.247
ECAPA-TDNN(1024) 4.11x107 15.05% 106 0.96 0.106 1. 30 0.143 2.58 0.249
R A 1.38x107 7.85%10° 0.95 0.091 1.18 0.130 2.36 0.234

5.2 RImERERMELBRERR SN

3 G TN o AR A A S0 i a5 R R AR R A
Conv2d(128)-ECAPA [ b4 45 5 Uk W 1 322 8 i — 4 4 B Ok
SIABCRAER = F A5 B I A& i, B4R Conv2d (128)-
ECAPA M FRE B M MERER —E WIRFH HHFIAT K
HISEL NS 4.6 WA S HE /Y Conv2d(32)-ECA-
PA, PR FASAI AR HIBEAS T . 59 — J7 1 » ECAPA-TDNN-
D ) EER #H5 F 5 2 BRI AR T 5 00, U6 B 0 42 i R A AU
TR W S RE ok — & M MR RE R . T 4. 6 W P BT 4R A
R EER AHEE T S Ze LR RE AR T 9 06, 33 130 W1 48 Lt 0 i i
HE T ok 1 M B 4R TS A0 B g b R TR T R L
TR TIAT B 2 A BT aE b A R A % A iE
it AR .

3 AR A RO S Y R

Table 3 Results of the front-end model effectiveness

VoxCelebl-O

A A FLOPs LM E EER/ %
EEHA 1. 04X 107 6.19x10° 1.17
Conv2d(128)-ECAPA 4.76X10° 10. 36X 10° 1.10
Conv2d(32)-ECAPA 1.39Xx 109 7.00X 108 1.19
ECAPA-TDNN-D 1.29%107 7.42X10° 1.11
4.6 FAEA 1.22x107 7.06X10°8 1.06

5.3 ETHER K ESFMERESHLELREHH

F A BT R UE B X 3 AR W Y A 0 TR AT Y S
KRR, HPmBUZE (r=0.5) 5HLHIM (=1 EER
ARG L AFR S50 AT 55 0 ) e 2R AL S T RB 2 h
)2 Res2Block Wi —4E B U 45 T 4P iF B IEE . 3T —
SE RS BB, 7T S B Res2Convld J61: 15 ) & LU R
(7] i [) RO AR AE . AR B, 39000 35 2 v — 46 6 BRI Jin T 4R AE
B 38 38 40, 15 Res2Convld 15 2 49 15 B 3 75 43, F i %
7 A AR A [ ) B AR AR O IR (r=2) 5 R AR
RS 25 LAY X HE AR EPAIE T 3% — 55, 55— T HORAR S04
H A HRAE BlA T 1k (4, 7 B AR LR B AR AE Bl A IR =
2) AR SO B AE #E— A FR AR T EER A [R] I i 20 T 45 50 % {4
B2 50 X 2 DA AR SO 00 2 Z A Bl A 7 Tk e TR
o A0 M il A R TR 2 R

A4 WCHEIT S TR A RO S 40 4

Table 4 Results of the improved backbone model effectiveness

VoxCelebl-O

A FLOPs SHE

EER/ %
r=1.0 1.04 <107 6.19x10° 1.17
r=0.5 1.87x107 10.73% 108 1.16
r=2.0 1.51x 109 8.55x10° 1.11
4.7 A 1.20X10? 6.98x10° 1.05
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Fig. 5 Visualization of receptive field in different layers
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