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Lightweight Speaker Verification Method Based on Fusion of Grouped
Modeling and Multi-dimensional Attention Mechanism
ZHENG Zhan-heng'*, LI Jia-qi'”*, WANG Jian'?, LI Qi', ZENG Qing-ning'”

(1. School of Information and Communication, Guilin University of Electronic Technology, Guilin 541004, China; 2. Key Laboratory of
Cognitive Radio and Information Processing, Ministry of Education ( Guilin University of Electronic Technology) , Guilin 541004, China)

[ Abstract] In recent years, deep learning has made significant progress in speaker verification tasks. However, existing models of-
ten suffer from large parameter sizes, limited temporal modeling capability, and poor deployability on edge devices. To address these
issues, a lightweight speaker verification model incorporating grouped modeling and multi-dimensional attention mechanisms was pro-
posed. The model was built upon an improved time-delay neural network (TDNN) architecture and introduced a channel-split temporal
encoding block (CSTE-Block) and a grouped scaled Res2Net block ( GSRes2Block ) to enhance frame-level temporal modeling and
multi-scale feature representation. In addition, a speaker embedding refinement module block (SERMBlock) and multi-dimensional at-
tention were employed to improve global contextual modeling and feature focusing. A global speaker embedding was generated via atten-
tive statistical pooling and jointly optimized using an additive angular margin Softmax classifier and supervised contrastive loss to en-
hance the discriminative power of the embedding space. Experiments on the CN-Celeb dataset demonstrate that the proposed model
achieves an equal error rate (EER) of 14. 82% and a minimum detection cost function (minDCF) of 0. 694 8, with a parameter reduc-
tion of approximately 69. 4% compared to the ECAPA-TDNN ( emphasized channel attention, propagation and aggregation in time delay

neural network ) baseline. The model also exhibits strong cross-lingual robustness on the VoxCelebl evaluation set. Complexity analysis
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further confirms that the model offers a favorable trade-off between performance and computational efficiency, showing excellent poten-

tial for real-world deployment.
[ Keywords ]
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#&1 CN-Celeb jHBh3RL
Table 1 CN-Celeb ablation experiment

CSTE-  GSRes2  SERM  Xfitdiisk .
. EER/ % minDCF
Block Block Block PR
X X X X 15.79 0.740 4
Vv X X x 15.92 0.738 5
Vv Vv x x 15.56 0.716 5
Vv Vv Vv x 15.09 0.702 1
vV Vv Vv vV 14.82 0.694 8

A 0.740 4, 5| A CSTE-Block J&, minDCF [%& &
0.738 5, 1B 3 43 41 25 44 B oK 3 ol st A 1R R
(XTI B 7 AL AR e A — e PR HER ., 4k
AN GSRes2Block Ji ,EER [% % 15. 56% minDCF
B2 0. 716 5, R W 2 RG22 5 A+ is ROEE
NERBEFHMEA R EFESR, #—L 5] A SERM-
Block , 152 B 1% g +F 2L £ F+, EER B £ 15.09% ,
minDCF [ % 0.702 1, Ui Bz G il iE s2 B 5
MIEEENLT A RO TRER G RE T, R4 BRE
FIART ek pRELS |, 155 B AE A F8 b L 3538 31
It :EER 4 14. 82% , minDCF 4 0. 694 8, %:iiF T Bk
A W o X i A S I Z5 A A0 Ak B IE AR, B
RS2, R | 25 BEHAE S FHBORL A i 1k 5 4
PRI RE TRMAE R, AR i B4 R A
P s: vere 5 2 I .
2.4 XFLESEIE

R AT VTAG BT A B 9 25 A M e S R bk
H VBB ResNet34'?''  ERes2Net'?' | ECAPA-TDNN
K CAM + + P48 E R U ih Al AR B N % e
%, 7E CN-Celeb Zili4E LA 75050 PrA AR 7E
AH RN 25 3R W5 Ak B A T A PR AL 8 b L 4
S0 (Params ) | FFE5 1R (EER) 5 fe/Ma A
PREL (minDCF) , SCHE5 RN 2 Frs , HrpohimdH
I FIRA S IIFER

322 JBIR T ORRI SRR I AR b A 1 e S Br ke
o 4R R, FriEBiB4E EER F1 minDCF #8745 I
I3 AE 14. 82% 5 0. 694 8  FEFS 5143 LIS A
AR SR, Rl 28 AU 4.5 ML T B £
TS ABRIAEAY BRI AR T2 R 2 M
4% ResNet34 Fll ERes2Net, T #5138 7 GTRUBlock

&2 CN-Celeb 3tLb I8
Table 2 CN-Celeb comparative experiment

st Params/M EER/% minDCF
ResNet34 6.7 15.99 0.721 2
ERes2Net 6.6 15.18 0.669 4
ECAPA-TDNN 14.7 15.79 0.740 4
CAM + + 7.2 15.55 0.7158
AR SR 4.5 14.82 0.694 8

55 GSRes2Block AYHKA EAA ROF M LT X fF
ST S TR A AR R A (%) [ i 2 — 25 4 TR A
JE RPN EARAY EER A B0 5 2400 £ R &t
AEMIT ECAPA-TDNN A L, S5 I #ofi 22 RO
55 3 Y AL S B e A K ) 2 e (G
VIR A B A vy 5 10 T B A8 AR A L 5 T /N S B R
(IRTHE T, AR ARAS T AR IR Ak fE ., 5 Bt
i, CAM + + ¥F°& ECAPA-TDNN A4 %% 4 1k ot 3 i
A TEG I TR SCBIRE RO 5 U — 5 RS -
WA (BT R AR AR EER HE— 25 F [0 [
{SERFE /N S ECIBE | JF — 20 48 T T AR (1) 3
PEBE 5B 18

2 LRTIR , B $E 5 A FE R UE T IS BE 1 [R] e ik
EREIL TRAVE 2 B R AP R MERE ORI P g
F1, IR Z R 5 R B BTE AT S 108 T B
LTI RIS AE
2.5 BERENH

SRyt — 20 VAL BT PR AR AU AE SRR AZ IR S N Y
BREVE Ty, 5 o6 T AR A 2 B 5 4R B ASOCR 3 AT O
Mr, 305 HH 3 0 0 UL A AL AL AN ResNet34
ECAPA-TDNN & CAM + + #EA7%f 10, SC8e 4 —1E
Intel i5-12600KF CPU & F5E, PEAG TR AR AL 35 AR
RUZ Y f (Params ) | BEUCHT 0] 4% 4% Ir 75 09 1% 118 55
1 (floating-point operations per second , FLOPs) DA &
SEI AT (real-time factor, RTF) o Z55AU0% 3 Ui,

MFR 3 AL rg LR fE S 40 5 FLOPs J7 Ifl
BT H AL XSt 7%, AU 4.5 M FIL.40 G,
439 ECAPA-TDNN 5 /> 24 69. 4% H1 77.2% , ‘.
N AR 25 0 B M SRR 7E RTF 5,
GSATE-TDNN [ #fi: BB ] 29 47 0. 011, 3 1% T~ 5 B
PEF(E 1, %8 T ResNet34 F1 ECAPA-TDNN 43 5142
F2 66. 7% F1 65. 6% , 7% B i B0 A4 b 3L 5 AH
LRI AE DL & Ak R H b HL O 45 5 780 4 i 35 1 19
CAM + + #i%) GSATE-TDNN 7EfR#r0 /NS5 5
IHE R FEI, P —25 48 RTF 2= B AR, BBt
M T 0TI A5 X S R R T R AU 3 o
()3 P

CERRE T e vE e 5 &R 4 2 [A) SE By
T RIS A i g v A b S TR S
N E,

®I TEEREX

Table 3 Computational complexity comparison

e Params/M FLOPs/G RTF
ResNet34 6.7 3.96 0.033
ECAPA-TDNN 14.7 6.84 0.032
CAM + + 7.2 1.72 0.013
AR SCAF Y 4.5 1.40 0.011
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2.6 ZiLMERED T

St — 2 U8 UE BT $R A TR A R b 5 B S 2
KT Rz ALEE ST, AR B AE A VoxCelebl %4
PERIRTHE R, 1L CN-Celeb 4> $0 3815 I R4
BT VoxCelebl BE4E Fatfrii, ik & HT
PEASTEARIYE T 5 0 M e s AR & T )
WP, X HE 7 AL 4 4 B B9 ResNet34 5
ERes2Net 24 #4) | 3 3t /= PE E A A ECAPA-TDNN LA
KA CAM + + #5455 70 24 78 A1 TR 1 5 0K
W T BRI AR AT U TS bR i EER 5
minDCF, SCEG 45 R AN 4 P

MEERATLUE TR 7E EER 5 minDCF
Bhn LAk ®] 14. 25% 5 0. 873 3, L TR A Xt L
iR AH H ECAPA-TDNN 5 CAM + + , Jir $2 A7
TEPRFFAR AR 2= () e At b E— 2 SR TR B, 1A
I SR A IR RS e, IR A T GSATE-
TDNN Jir 5 | A8 3 20 A | 18 SCHG 58 533 2 I Bl
BRARTE T AR RAE KR T 00 N R RRE — bk
555 6

g5 b FT R RLIE N AK S B AR iE S REAR I 2R
HIEE N 5 B AL S5 0z AR P BE, 36E 1T Hife £
WS ESE B a T R SEhR N T

R4 ZHIERERTEL

Table 4 Comparison of generalization performance

Y Params/M EER/ % minDCF
ResNet34 6.7 16.95 0.923 1
ERes2Net 6.6 16.85 0.903 7

ECAPA-TDNN 14.7 16.41 0.942'5
CAM + + 7.2 16.35 0.930 6
AR SRR 4.5 14.25 0.8733

3 g

BT IRA 10 T A B S TR A T 2% ) T A A R
F155 S B I 28 35OR AR S5 ) R, 48 — e
Al AR S 22 Y VR B AL 0 5% s A
TRl ——GSATE-TDNN i i 5256 X5 7 412 M A
BUHATRIE 152 LR 458

(1) 51 AGEIE 7 24 B 7 4 i A B ( CSTE-Block )
A AR 205 A T AR ML, AT SR T g s Tl
AR T, IR B P A BT B SO

(2) el 2 R 5% 25 2544 ( GSRes2Block )
FEF e aUak 2 A A T R R P Es R
JE R SUE B SR A 5 R e ik,

(3) MR a3 N R A AL AL B ( SERMBlock ) ,
LR R AN Gl B HE SACR R I HLH S
TSE MTVEPE I | 14 o 25 30 38 0 X A8 1 A i o6
e T

(4) &R A8 = gt i A ik, I 25
4 AAM-Softmax 5%t FLi R B GEAL, A 82T+ T
HAZS (B A S 2 AR RE T

(5) LI 2h FR B, Pr SR B AU 7 U IRS B 50
FRCRZ B SEEL T R AP, 5 A JE s A A
e, ZE /NIRRT RE (A [R] B ( EER &5 minDCF #f
— ) RIS A B 4.5 M, B EEIE T
THEGERTE AL ; B 2% o0 o | 25 AU 78 FLOPs
55 RTF J5 3 A 516, H A R A6 B3R R
KA RIS 2 BB R 2 5 251 VoxCelebl 5
UFAE 2RI R s iE A e et oE— 20 50 T 1
ALRE S, ARG R v BT 2
I8 7 IR, N 21 Fh s & Ik R AE B i A K
LRSS, B R AR SE bR s .
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