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M B WEAREI-—HAANEDSIDEET &, L EARANF RO R T ERREE LS 0L EARIER GO EE,
&L, Transformer BB £ A FiEFRANAAREIE TE RGBS .2 E T Transformer 74 % 65 B & H ALH) st By 35 45 42 6%
FREAE S 3 55, VAR O 2 6 BLE A ASF AR, B 3k Transformer A28 £ 578 AL JEAR A AR AR B A EZG A T ERR
KA BA . A TR G Transformer sF B HAF MG RIS L PR ET —H 36 B EF AP H A T Transformer % 75 %, 4R A
% R E KA B EE N %A% (Multi-scale Convolutional Self-Attention Encoder, MCAE), #] 8 R B R E ¢ AR RIRIK % ot
[ R EAZ &, SHiB i s M R A MR AR I F T O AR IELT, XH %R THEARIERL LA
o, BEEBEAN.EIAMTFHMKEL IR TEFWESBERLALE, 5% 6 Transformer % A % 48 1L, MCAE 4 2
FBRFRG . EXEHAH TGS ARE,

KEAR L EARIE; BLIEABEAN; BIEE HAH ; Transformer A % ; § R E AR

HESES TP301

Speaker Verification Network Based on Multi-scale Convolutional Encoder

LIU Xiaohu' ,CHEN Defu',LI Jun*,ZHOU Xuwen',HU Shan' and ZHOU Hao'
1 School of Information Engineering,Zhejiang University of Technology, Hangzhou 310023, China
2 Zhejiang Iflytek Intelligent Technology Co. ,Ltd. Hangzhou 310000, China

Abstract Speaker verification is an effective biometric authentication method, and the quality of speaker embedding features
largely affects the performance of speaker verification systems. Recently.the Transformer model has shown great potential in the
field of automatic speech recognition, but it is difficult to extract effective speaker embedding features because the traditional self-
attention mechanism of the Transformer model is weak for local feature extraction. The performance of the Transformer model in
the field of speaker verification can hardly surpass that of the previous convolutional network-based models. In order to improve
the Transformer’s ability to extract local features,this paper proposes a new self-attention mechanism for Transformer encoder,
called multi-scale convolutional self-attention encoder ( MCAE). Using convolution operations of different sizes to extract
multi-time-scale information and by fusing features in the time and frequency domains,it enables the model to obtain a richer rep-
resentation of local features.,and such an encoder design is more effective for speaker verification. It is shown experimentally that
the proposed method is better in terms of comprehensive performance on three publicly available test sets. The MCAE is more
lightweight compared to the conventional Transformer encoder, which is more favorable for the deployment of the model in appli-
cations.

Keywords Speaker verification, Speaker embedding, Self-attention mechanism, Transformer encoder, Multi-scale convolution
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TRBESE > T HAL 5 109 2% 35 B ) B K 19 R A 32 IR fg
T A AR T T UETE N UE R G RE RIS, Ak,
TREE DU ARIER GG TR SRR, X
KRG — PR A x-vector, 38 1o U BE #1280 4% 452 UKt i A
BT & R AR A o — A KRR AIE 1) i, R A x-vector &
%5 E B R H IR B #h 25 W 4% (Deep Neural Network, DNN) X )
AW AT RRAE SR IR, B 45 B 48 X 4% (Convolutional
Neural Network, CNN) fY %4 i€ , T CNN /9 75 & F# 1iE £2 1R 5
AR T T2 B R 2 B T ResNet ™ R R 1y
PTG SR R T 3 R B SR N - A I 11
Res2Net"*, RawNeXt!"" #l ECAPA-TDNN"?) i >y # 3 3
B T AR E T v

B3t . Transformer 76 B 3 17 2 1131 450 801 (19 B 2y [H]
REHE N T W98 B %3 3T Transformer B9 U836 A 5 IE 19 R 48 0F
58, B, W5 K B, Ml ] Transformer ¥ 4 19 35635 A 36 IE &
GoRy Mk fE ME DL ML T ResNet MW RS, XEH N
Transformer P &% i (9 7 B2 7 BEH 0 56 i 2 17 8. B 301E
N B AR M TE R &8 0 1 2 e, Sy T T
Transformer % &) %8 15 & (19 42 B A8 J), — L& BF 5¥ 7€ Trans-
former BEHe 5| A T & AR IR ZE SC 00 TP U B Ll ad 51 A B
FRERAE A (0 R REAS 2] T 2 4R 0

9T K458 Transformer 15 8 48 BUR 5 4-1E A9 B8 07, 5 LU
A R ] AR SC B T CONN B T — Ao i B i =2
FikEE B H B A Transformer 4% 88 AR Uz W T
ZREERAEE I mMEE. 05, (0 HA R RS 8%
JEE 6 TR 3 HOAS [7) B () RUBE T A AR AE A5 8, R /N B B
PRI 5 1 JR AR AR AR L O T A A Rk 3 BT K i IR B A
Ko FUC 8 A A RO AR % ) (09 R AR HE AT A L RO
YRR R B . R ORI BRI AT IR RS . SR R
R, 5HITA I T Transformer & 8 1) U835 A K IE R 58 4
Fo iR i 2 RO B R S A T e L R R R, R
TITERA RE

2 MXTIIE

Transformer I 9% 82 ) F T ALAF BHPE  OF 72 A AR TE 5 4
PRI T E R, A T4 Transformer i F F ULi&E A
BER G GEAERIL I TR 29T,

Safari 487 UK P JZE HE B (9 Transformer 4 7% #% 5
T U5 58 E , JF 2 T — i 5 I R g A R b Ak AL
Hl ., Mary 2073 T S-vector, ¥ Transformer % i #% #F
T R EZINMAEEMEEZR. B LEREFES
Transformer By 15 if A 56 TIF 451 B0 it = %F & 3 45 fiF 09 22 485 58
71 PG AE U6 TE N 380 i AF 55 h RIOR . Wang 4510 4
H—Fi 2 0 R AL X A R T Sk AR AR
] /N 0 3 0 o A 45 22 Sk T & 0 AL AT L3R AR R TR
B % 2 BF Y R LA UG Ok B R R R 1E B, 5 1% % 1Y Trans-
former W5 A LE M fE A3 8 T B F | F. Zhang HF
Z 3 B R AL E R 2% ] A S LS B ok ) R AR
FEAE UE AT B, FX A Conformer 4 it # , 38 & 52 46 F B 31X

FEB) W25 1% 3 2 F 4 5 1 Transformer B 4%, Sang
SECOTHR T — R etk A9 84 5% Conformer 45 K4 ¥ 35 B M 4%
RIS 8 VE R D HL AR 0 B A5 g b, i — P R TR
TR AE A R ABLRE ) .

T #4558 Transformer Xt 5 &6 5 fiF 79 2 A2 88 71 . A& 3¢
BHT—MIHNET CNNHTEE WL . EHE
FROBE B9 IF AT 46 BB A S B X R [R) 8% 32 B A9 10 95 N R AIE
BEATRAL A . SCIRUERT, AR SCER W A T e 3 NI AE B Y
RIEAN T L £ WETF Transformer 1Y P63 A 51 W 4%

3 ETZRESMEEI[AUIEARIE

Bl 2 2510 T 3T 2 REB Mm% 4 0 Uiis AIIERE N
RN . R A —A 80 4E Y1 ¥ Fbank $R1E. 1
S R — A% 55 1 4 BUZ X A 2E AT R R B Ak 28 (Convolu-
tion Subsampling) , ¥ % A T 514 B2 45 v — 2 I B2 F i i
BE 256 4. RIGHAH 24 MCA i % 45 HE 2 ALY 5 1
P BOOARE e, 2 A 2R AR S L, R AR S S N 4 AR R A Ak
(Feature Aggregation) 3k B & A 7] 4 ith 4% e (9 i . f )
i T M Ak JZ (Pooling ) W — 2 iy A 45 1E 56 4 oy — 4 R 1F L 3 f
FH 43 #2 )2 (Fully Connected layer, FC) ¥ — 4 45 1iF Bt 4 5]
— A~ 192 4 U8 E A A 7R (Speaker Embedding) .
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Fig. 2 System overview
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(a) MCA Encoder
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Fig. 3 Multi-scale convolutional enocder
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Fig.4 Three types of feature aggregation strategy
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N FEROHE B AL E SR Y S 2 BR BT R AE W IE R T
W T LR . AR SCRE R AL S 5994 AN EE A
) VoxCeleb2-dev £t 4l 42 #4711 25 . A T IiF B Jir 48 5% AL 7
AN 45 70 R B9 A S A ST T T ok B VoxCelebl %t
P B 1Y 3 A VE Al 0 8 48 3k AT B 2 Pk RE Y PR A . R B PR A
M (VoxCelebl-O) 41 % 3k [ VoxCelebl # 4 4 (4 40 4
UL A 37611 AN HIE X, 47 J& M iR 4 (VoxCelebl-E) 7%
K B #EA VoxCelebl BG4 19 1251 4 UL 1A & 1 579 818 X
i 15 X, VoxCelebl-H W 42 & & A VoxCelebl % 4l £ 1Y
11904 4% & 9 550 894 % B A #1 17 [ 45 A o4 91 1Y %
A
4.2 YI&%iEE

AR A Pytorch #E 28 S # £l AN 5% BT £2 09 1535 N 5%
WERGE ., X T4 A GBS HEA LR IE & KB 3s i B i
B RRAEESUR I 16 kHz, I3 80 4k Fbank 1E iy ARFIE,
BWEKEE N 25 ms, WAL 10 ms, W2 fd ] AM-Softmax-*"
KR BGIEAT N SR, 320 B R0 EE ) IR T 3R R 0.2 T 30, it
0 PRBY S B S SOk (19 14— 3. BbAh . BRI
HE R /NEE T Ny 200, 8 Adam £ Ak 25 328 77 Y11 25, 90 4 2 2
RPEE A 0.001, B 4 Fo2 3 R 50% .
4.3 iEMIELR

e S5 T T A 5% AR BB X 35 55 X A AR AU RE BE AT A
By, I FAS T R R AL AR R 4R [ Y 45 4 IR R (Equal Error
Rate, EER) il 5 /) K il 5% A< pF £X (minimum Detection Cost
Function,minDCF) ., EER J& #ht i A 56 3iF 5 5 09 PEAS 48 45
ZAH R AR B 19 9] (False Acceptance Rate, FAR) & F

AR 45 (1 H 9] (False Rejection Rate, FRR) iy 4% %, *F T
minDCF , 523 H4G P e BE R 0. 01, 3 ICRE IR BE AR KU R 2K
Cra FIEERAE L FEAR XU RECre 24 1. EER Al minDCF 1y
B /N 2 7R AR ) M R T A

5 XWHERSHM

T VAR A ST B B A RO AR T B AE VoxCelebl 1Y
3 AR B AT AR OF 5 AT 4 R 52 1 i LR O7 R AT X
W s 32 T ik — 25 544 48 i) Transformer i 55 7% A9 14 GE #E 47
S He L E IR T AR s R L XA 3 SR PR Y 3 R AR AE 3R
AR HEAT T BT LB HEAT I AL S5

AR S S R L LR A5 B AR R A B 0 £ 8 B Y 2
2% R 9, 3F HWJH T Concat $RAF R4 %0, # 15
T A SRR 5 AR JLFP B T Transformer A9 3635 A IE R 56
TE 3 AR ERyscs R, AR 1P RTLUEL. 5
T 3 B JE T BB B (C-SA) M 2 1 (G-SA)
Transformer RGA L, EER 70 JIFEAR T 41%,35% 1 31%,
HHRERA LA B ERE. 5 DT-SV Ml . B R FE Vox-
Celebl-E il VoxCelebl-H _E % minDCF # X F+ & T 7%
9% B7E 3 H MK E E EER 45 FFET 40%.30% A
33% . 5 MACCIF-TDNN # tt, 12 % VoxCelebl-H I )
EER FJHT 1% .78 VoxCelebl-O F1 VoxCelebl-E | EER
TRET 3% 9%, IREE R R, AT H A 2 3 U7 vk A
SCHE R Y kT 2 ROE B R g i 288 1 Al A 2 ROEFRERETE A
S0t X TR A BB JR R AR 0 A A, R L AE 3 4 P A ST
B gE A RIMEA B EH.

%1 1 VoxCelebl B 3 PPEAL 4 LAY 92 5 45 51

Table 1 Experimental results on three evaluation sets of VoxCelebl
Models VoxCelebl-O VoxCelebl-E VoxCelebl-H
EER/%  minDCF EER/%  minDCF EER/% minDCF
G-SA & C-SAlz8] 1.96 0.26 2.07 0. 24 3. 66 0.37
DT-sVLz9) 1.92 0.13 1.91 0.14 3.72 0.22
MACCIF-TDNNE30] 1.19 0.15 1.47 0.16 2.48 0.24
MCA-Encoder(Ours) 1.15 0.11 1.34 0.15 2.51 0.24

F 2 WL T A SCH Y 2 RUBE A% ARG T A% R AR G2 Y
Transformer 47 i3 2% 76 VoxCeleb1-O il i 4 I #) Pk fE 32 2L,
I o3I 3 AN ) B o B 45 o L ATV AG OS2 . SEER g 2R
F W], e A R 1 4 18 45 BB I IC 8 T MCA SRS 8% 5165
Transformer % i #% #H L , 1 5 & B8 8 R 0, B T S 80t
WIFMET 202 647 s Hok . € EER BARXE FRET 18%6,29%
H30% . PERES A WAL B WA J5 vk B A g 0 4 B Y
Bom AL RE I A SR BRI B S 2 T,

# 2 Transformer %l B4 & Al MCA 4 % # 1) 15 Gl X L

Table 2 Performance comparison of Transformer encoder

and MCA encoder

Blocks L Parameters EER/%  minDCF

11.8X10° 1.64 0.15

Transformer 16, 5% 106 162 0. 14
Block - ‘ ’ :

12 21.1x108 1.62 0.17

9.6>105 1.34 0.13

MEAE 13.0X 106 1.15 0.11
Block : ‘ - :

12 16.5x10° 1.13 0.12

P 5 fig M B0 U8 35 N 56 TIE 2R G0 A R 5 100 AR D) B 15 AN A
(Detection Error Tradeoff, DET) i<k K. 7 DET &+ ,EER
FH N FRR A1 FAR BV AR MTAE RO P15 5 0 T
F 2y 6 AR DET fhZk 6. M hal LU i, B T
MCA %t #% 9 15 B # (R T 5 T Transformer i 5% 4% 19 T
. B AT 4 5 75 9 FAR AT FRR 350, o AR EL T 7 42 B8 Y (1
AR

Transformer(L =6)
Transformer(L =9)
Transformer(L =12)

+++* MCAE(L=6)
——MCAE(L=9)
—— MCAE(L=12)

False rejection rate/%
o

01 02 04 1 2 5 10 20
False acceptance rate/%

B 5 AFEERE DET &
Fig.5 DET diagram of different models
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F 3FN T 3 T oh BT R 0 TR E S B FEN B
AN 3 PR [R) A 7 AE B A SR s kAR AL M AR 1 5, S04 R
Voxceleb1-O M4 LAY MK Z5 R, WERLERITUE G,
BRI T 2N FEN B S SRR E — €T
R, flf EER MEXF 30 T 3% . M4k, Concat S fie A & 14 H5 1F
RGN, U0 e w5 00 4 B 2% B Y A L 000 £ 3 R
EER 42 5 19% . minDCF A% 52 55 36 %, 40 5 5% Ji 7] 2
SRR - X s AR AR D0 P BE 4 T 25, EER M X R T
24%,

# 3 MCA %if% 45 (1 fl iF 52
Table 3 Ablation study of MCA Encoder
Systems EER/% minDCF
Concat 1.15 0.11
No DW-FFN 1.19 0.13
No Concat 1.37 0.15
Weighted Avg 1.43 0.13

GRIE AT ZREBREIT T -FMEARWN AT
BEAHLE . I8 H 5] A Transformer 47 % 28 % i1, 5 T
Transformer % #% X Jo S A AE A SR BLRE 07 . & 26 @ ot il &
Ak I 35 A 22 RUBE R AR OB 1 B R A o G B 5 AR A5 B
YR ERARAE . Forb 3 RRAE TR A W A IR AR B Y AR AE
PR T T M PERE . SRR AR SCH AR T MCA
AL MU NI IE RS MR G HERR R B T Z i iy 3 T
) Transformer 75 . IE7E Voxcelebl [ 3 4 4E |56
UE T HAAL A RE . (BRSO IR WAFTE R A R Z AL, B 58
AR EE 55 1Y Fbank FR1E , M Z 0 T )5 46 95 & (5 5 5
TERYSEMR . AR 0 TARNG 2 — B W5 T 2 2 FE R Ak il & (0
VRIE A8 UE J7 %, JF 38 1 W 4% 25 1) O AL Fn AR AE mil & ok ilE — 25
PRABRMRE .,

2 % x o
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