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Investigation of Feature Processing Modules and

Attention Mechanisms in Speaker Verification System
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Abstract

In this paper, we use several combinations of feature front-end modules and attention
mechanisms to improve the performance of our speaker verification system. An
updated version of ECAPA-TDNN is chosen as a baseline. We replace and integrate

different feature front-end and attention mechanism modules to compare and find
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the most effective model design, and this model would be our final system. We use
VoxCeleb 2 dataset as our training set, and test the performance of our models on
several test sets. With our final proposed model, we improved performance by 16%
over baseline on VoxSRC2022 valudation set, achieving better results for our
speaker verification system.

RESEEE : SHEEREE - pURERMLAE  JEE TP - RS RR

Keywords: Speaker Verification, Frontend Module, Attention Mechanism, Time
Delay Neural Network

1. &% (Introduction)

FEE AR HT AR RENBAMLERTFERMESET » BB
TR > (T EY) - BRI DS ETE T - B E L FER AT 5
& (1 AU AR A iy B B 22 [ B PR - BE DARE Ry R BV A sk iR R (T R -
PRI » & (A A 1S Sl e B A B AR S OB S B (BB A &0AY 808 ~ AL
HIE AL Ha i > Wi freg B B i &L 2 —(EIEE BUInEE -

FEE YR (E R H T — TR A AR AR B BB RV SR € 704 - FEHHIE TR
flr > FRAFT AT LURFE B AV SR BB R A A B E R B AR & » BBt E (E iR A A
AR ERIREEN S 7 EITHERD . DART B & s s R B -

AR BEF B ETEE G ARG AR RS s A SRS ET - R
S BB RS R A T MR ZE R 0 (502 DABF IEFHCAEEE ( Time Delay Neural Network,
TDNN) {E&FE: » W FHEPFS] AT Res2Net (Gao et al,, 2021) %437 #F54515H1 SENet
(Hu et al.,, 2018) X J7H#4%f) ECAPATDNN (Desplanques et al., 2020) SR AMELE — 4
GBS RS F Y ResNet (He er al., 2016a) » W& ERE AT Y E 2 Bnad i 28 h HUS 52
ARAYZRIR o MEET RTEE AR IS5 B S EFH IR » 7S RE 4 & & it 2
T (B B 3 B ZE R W B4 2K > Hisk 2 ECAPA CNNTDNN (Thienpondt et al., 2021) « 1F
ZfERIH > ResNet 451 5%51 5 ECAPA-TDNN HYRTRE B4R » AT R A S 1ERHE
FREREE AR VR - B GTEIR P EH R EE R EENE - 24 ER
FEPHIRSIERIARIR - W R sEE s AR B LR N T SRy AT AR I

TE AR & S Fef 8 H B X ECAPATDNN 22 % 3 17 20 #£ Y Improving
ECAPATDNN (Zhang et al., 2021) B EE » BB M5 4515 L2 ! IM ECAPA-TDNN
R AR AR - I ECAPA CNNTDNN HYZERREEEa T TNy - TRMevE
Ep el oy MR TR 7E AR B AT R R B AH DU E BT H E o B0 MR R A )
B AR ERIEEREETTIISE - 1T HAAAY CNN 585N » I SINEER T TESCERY CNN 45
LU B AW (B E B I MFA 15540 (Liu et al., 2022) - Z & IE HUE =405
RIS R R A F L T S AR 2 O - IR AHY SE A B CBAM 5
&H(Woo et al., 2018) LK GC 1#i4H(Cao et al., 2019) » FERAMIHIEAAELI G - (EH] T THH
JEHY 2D CNN (4R E By R e R4 DL fe. CBAM AR {E B LAY 2 01 - 7
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Voxceleb 1-O ~ Voxceleb 1-E ~ Voxceleb 1-H J VoxSRC2022 HiztEE FEE IR T EEER
AR AU AF AR -

R FZE o R TAEE Y - B8 Redtiahm 5 55 Z8h0 RR9T 5% > 0 48EHEIRY
BERIATE I 0% ~ AR  RiERT RS DU E B IS S =8n hE e E
SEHERATEHERERHE - S8EE DUGHERER]; SR B E AR - gthicr
(] A o B A AH B E B IR B R s AR IR E e aE AT o BT R o B LM By

e
\Z\\D af °©

2. %A (Research Methods)

e EEEIRMTR SR AR E BT BN &E DT 5 - B2 A S EETH
PR~ TFEPEAIZLREAREDN « A EIRTREEAH DU FE B IEHI0Y 48 - B R
{#H T VoxSRC ‘B )52 ALY %k T £ (Chung et al., 2020) {734k » i L IM ECAPA-
TDNN R BB > 7 45 & A BT R A DU B M 22 15 te pi B S Y
RUREFT SR s 2 -

2.1 EFIEIEE (Data Preprocessing)

By T e A 5 (R 14 DA R 3 o 72 A MR FEHERT (overfitting ) (HYR0N » FRPIFIF T EkHY
SEREY AR NI SRR 2R 1 o BB SRS R AN B PR A2 » BES A U A
RIGTZALRES) - FEHAEHRISENRFEIES - M EEERRERERE - 7
SE T IRFERET SR ENEER - BROTEAEEERE S B2 -

2.1.1 EE}E5E (Data Augmentation)

FeM{E A T RITE Y E R iR 0 B RHEE SR AP I SR E R T iRAE - B EEE
MUSAN &R} £E(Snyder et al., 2015) 5K Fslign A S RENIAR S » £ MUSAN ZEfpEE 1L
BT =AEE s 0 oy A FesE e (speech) ~ H4E (music) - DAKIEE (noise) - SEE D
HINE LR B AL G P R - G2 HEE AT DU ZE B B S P s
FEE > EEEEMOYEIE 12 EEESHK 0 PSRN A% BN
BETZEAERE - RIREL LA ESRRIRIVEDE ~ R ~ il ggs > tfF
TATRIREVE I ~ B3 ~ IEIa B eEE ) BB ASAIEE TR RS (0E5E
B FEMAEREE) DURERY (NEE - WE - giYRssE) > FREEtgAEE
SRR AR E o S5—(ERIZ A RIR (Room Impulse Response » ZEfEAREZLE ) &
HHEEKoeral., 2017) KEERENIAEZE (Reverberate) » {F RIR EORHE A HEH BUEHET
BEuErl > IMA G AR ER T ETE RS A -

it
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2.1.2 BLUSEHEEL (Acoustic Feature Extraction)

FefM{FH 80 4EAINGFEISEEE ( Mel-filter bankfeatures » FBank features ) {F ARy 3 2k
BILE i 2SR EI5ERE (45 (Mel-Frequency Cepstral Coefficients » MFCC ) &
i MRRER R R g A 408 DCT 4 (S HIRE T E MBIt E R e e
sEERE USRS R -

2.2 fEAEIZEEE (Model Architecture)

#£ ECAPA-TDNN 2 1% - 155N B T 2 Je i G ORI DU % RIEHF Beeta - Al
TS (EFEE B s B P U EF VR 7% AL DU R R R R R TR FRE Y
2B e AR ER SR LA ECAPA-TDNN  YEH) Improving ECAPA-TDNN  {F Ry S JEE »
Ao E e AT RREIT IR  [RE TR BR800 4R AT AR IR - PR ELIR AT
Hlap 44 Fs IM ECAPA-TDNN » 37 HAT B AR i SC P A BRI -

2.2.1 Improving ECAPA-TDNN

Improving ECAPA-TDNN 2% j/® ECAPATDNN A&ty —{E U ERRAS « fEZ A

Zhang et al. i T SE JEE SJ#HIEY SCBlock (Liu er al., 2020) HUX T JR4GZEHE L5
HgPEAEAY Res2Block » 3% SC-Block FrfiA Y AR E K47 B GIE A SERS B RN R
B (receptive field ) fz FTNICHYZERDEET] > DALE R EP A AZEE - WAE SC-
Block 1% [Hi#% | SE-Block » 7% ;% & 7 {E A XURHEE] (feature map ) 1 88 B A AMEAY
{45128 - Zhang et al. 3@ {T 8 —J@ SE-SC-Block 2 [ij#fi A B4 (aggregation) JEHY4EHE -

FAZIE A B 7 WAV R B R B S PR BREE By N — i@ SE-SC-Block HYfa ALKV © 13 265
&g R G ECAPA-TDNN W% @8 & )7 A4S R R—EME e (0 F & 45
it 2 S —/@ SE-SC-Block MigitHE & F o BE—BESEI# A » MlBIERE
IRV G TGS B a2 R [E S R R DURHCE B S & VIR A A & -

2.2.2 IM ECAPA-TDNN

MILL Improving ECAPA-TDNN {f B S HEFTIEEY » L A BBh (8 R AR FIRE T —
& TBAEHS - BLILFIR 55 T — @Y SESC-Block » 155—@ TDNN &5HysiH]
HfE B TS TR AR BRI BIOE | iR - RIVEEEES & AR
TR EANE G TDNN #iih e B — S 4T —JEi SE-SC-Block it a &
TR RS - DUBACTEEE 0352 5 MR, %% SE-SC-Block RRANH & /b —
L R R EE N 8 TDNN At B A B — % 8 &
A R R DRGSR - (e AR I LR R T BB L
SR RAIR AT 35 22 - 2R DL E IR - RPTEIEAAHT Improving ECAPA-TDNN #Ef T
{2 » BT A 4 B IM ECAPA-TDNN
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l 80 > T

[ ConvlD + ReLU + BN ]

(| CxT

[ SE-SC-Block ]

2x(Cx*T)
k.

I
I
[ Aggregation layer ]
T
|
1

CxT

.

[ SE-SC-Block ]

I Lol Ix(CxT)
| A J 1 ¥ A

[ Aggregation layer ]
I I | CxT

[ SE-SC-Block ]

T T T
I I | 4x(C=T)
¥

[ ConvlD + ReLU + BN ]

1536 x T

Attentive Stat Pooling + FC

o
—

192 x 1

AAM-Softmax

l S =1

B 1. B2CHELHT IM ECAPA-TDNN B4 C ZonE8 0 T 2 SHE# -
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[Figure 1. The proposed IM ECAPA-TDNN. C denotes aschannels, T denotes as
frames, S denotes as numbersof speaker.]

2.3 R EIREEEL (Feature Preprocessing Modules)

£ ECAPA CNN-TDNN B2 S o » 20 i8R A 2 R R (U i ] e A i R B A
HEfTRMEER A » PR IR VR I 1 0 SR 4 P (flatten ) » fEHE(ER—f%
fifi A A\ ECAPA-TDNN {73/l SRAE 57 300V EE m AR > R MR (Esa A
FREHAIE T - FR{FI{E IM ECAPA-TDNN FIHEIE(E T 3 FEA [E4EREHY R B A 1T
B > B By iGR S Y 2D CNN B4 ~ OB TECE (pre-activation ) fEEXf1) 2D CNN
f54H > DURSIAW4ERERE ST MFA 584 -
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2.3.1 2D CNN ##4H (2D CNN Module)

FylF461E ECAPA CNN-TDNN Hrfr{si FHEYRTER B4 » 88— — 451551 ResNet
4ERER Y ResBlock #EfTAHATMEL > FEE M IR MEHFTE ResBlock HfjI A SE f54H » %
HE4EREANE 2 Fvr » N EBRIRELD LGSR ERZES & - i residual block Y
MBI R 64 DARRBIRIAN > [E0G 208 R AABR 3 e K 5 — (8 Ko 1% —(H — 45
TRAVAIE (stride) B Ky 2 AIUMETEZCE -

l 1 x80xT

Conv2D + ReLLU + BN ( £=3, 5=2)

Cx40 xT

\

Conv2D SE-ResBlock
Cx40 xT

Yy

Conv2D SE-ResBlock

Cx40 xT

A 4

Conv2D + ReLU + BN ( k=3, 5s=2)

(Cx20) x T (flatten)

[B 2. 2D CNN {54 - B C o 5E8 - T ZonEHes - MEE TPk H s
FNEEBANRE G RIE -
[Figure 2. 2D CNN module. C denotes as channels, T denotes as frames. k and s in
convolutions denote kernel size and stride.]

2.3.2 FEEUERT2D CNN f54H (Pre-activated 2D CNN Module)

HAI2E T (He et al, 2016b) FHEERGEREAVIFTEAEIR - fEZIHZE T RITELE ResBlock
AUREIL LS (shorteut connection) EHEfTE(T#A(F &) & R (RRALRYFRIT ¢ [FIlFE R
RIS SR B0E (post-activation ) BB THRUE (pre-activation) - BEH(H
FRAUEE R FIGR - WA AR S AR © FRRY EIERFEAE SR > FTis 2D CNN  f5
4" ResBlock FY4ERENFFHEIT %L - Hrat b B es S RELLEAIE 3 P -
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N
4

(a) original (b) pre-activation

B 3. JR#E SE-ResBlock HTERDTLAEZ LT - & Tt &5 BRI -
[Figure 3. Comparison between original and pre-activation SE-ResBlock.
@ denotes aselement-wise addition.]

2.3.3 MFA f54H (MFA Module)

MFA f54H/Z Liu er al /£ MFA-TDNN &g FAREU(L 2D CNN #2018 éhhE » H il
F 7 —{1& Res2Block SHG2KHU(T ResBlock » 72 {[# S HG 2 (EH 48 HY Res2Block HHE4#E T Wy
& 451 - tpt 2 M E 2 REE4H (dualpathway multi-scale module ) DUSFHHR Je i 260+
B 154 (frequency-channel attention module ) - FEAHEREANE 4 Fiiow o B E 20 RS
HINBUEZTE Res2Block WY EHE S S GIEREHSNT T —(E TDNN BHAVER - IF
HiE(EEEaHny i AR S — & S8 Res2Net R HHYGEE LR T
WA AT S — (@ TR o SR R E B A RS RS AT R E Y
TDNN g E T 45FEAE 5 - HERIBLSHE S SE #HEMEM - ARV E
% EEIMAL (Global average pooling » GAP) 1% 2 & % N AHZR LI 2 78 i {1dl 4k FE 1Y
P AR o R 28T SE BAHHIEEE (excitation) F1E > RBRFHFMER
HYIa Y (reshape) [O]JFARAY 1A [ & 07 HAF FME B E SR B R 4a R e R & -
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1 =80 =T
A

[ Conv2D + ReLU + BN ( 4=3, 5=2) ]

Cx40 x T

[ Conv2D + ReLLU + BN ( /=3, 5=1) ]
Cx40 xT

Att-TDNN
A,
Att-TDNN
Y
[ ¥ Ys v )

(Cx40) x T (concatenate)
v

[ ConvlD + ReLU + BN ( k=1, s=1) ]

L/
(Cx40) x T
B 4. MFA (R4 - B C ZonZER T 2SR » BHEFHTk #Hs 2
BIREANRELCRE + & ForTEHIERN -
[Figure 4. MFA module. C denotes as channels, T denotes as frames, k and s in
convolutions denote kernel size and stride, @ denotes as element-wise
addition.]
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Cl4 x40 xT

!

[ GAP (on time domain) ]
l (C/4%40) % 1 ( flatten)

[ 1 x 1 Conv ]

l (Cl4x40)/16 x 1
[ RelLU J

l (Cl4x40)/16 x 1
[ 1 x 1 Conv ]

C C/4 x 40 x 1 (reshape)
[ ]

(Cl4x40) x T ( flatten)

[ ConviD +ReLU +BN |

(C/4>x40) =T

[B] 5. MFA fREH 71T At-TDNN fREH 4578 - B C ZoniEiEg ' T 2o EHE
B © KT EEENTE -
[Figure 5. Att-TDNN module, which inside the MFA module. C denotes as
channels, T denotes as frames, & denotes as element-wise product.]

2.4 FE JH%H#] (Attention Mechanisms)

FEFR4RHY ECAPA-TDNN R A& SEH S ESCERRA S A Sl EDL ~ s Measng - 1
TENE S A ER IS AR SR A R AG A R - P MRV EER AL LUK, 2D CNN 5i4H o
{EFIEIHY SE HAHZER > SE R4 & B EUm SR F RIS R #un B 5 8 F FHIREE -
FIBREE - T AT DU B R E A AR WA SR AR O B AE B R
MEEEE SE B ES  EAFEIRELFESAEETIAMNL > e 3%
FraS e aa T — P E B HIER A ERE > IRPEIL BRI b B & SE #
HAEW - S5 3 A FESRAERIREIEATGE B IR AR EAVRIA > BB AR
o7 HlE CBAM #E4H UK GC 154 - BRI iE S/ A AR 4518 35 LI 6 - Tl
MFA {2 o B SRR ER Jakat > ML GE# MFA B E hERAERD
P -

2.4.1 SE #5%H (SE Module)

SE ( Squeeze and Excitation ) f52H F [ gaadifiies op (8 I AR B I P HIIRAE - AN SE R4 (e
6(a) Fror o HAEBERLE (squeeze) BLF3% (excitation) WP ERAGTRA FIEEAVEE -
B > S ARG R E DM SR T 2 /P EEH R DIHUS S E
SCHLT (descriptor) 3 FEACEHES » 5B HYEC LT & AW & &0 e T T T I 44
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AVERME - AREE A FIEECC I THYESEE - WA sigmoid pl#URF HEA B EREE
FelHlFAEFFEREE S -

) v
[ Gap ] [ omp |
) i
[ 1x1Conv_ ]

¥ (]
( ReLU |

GAP l
¥ ¥
1 x 1 Conv ( 1xI1Conv ]
RelU |
'

(o

[ 1 x 1 Conv ] T |

[ Channel Pool J

v
[ 7 x 7 Conv ]
¥

( BN )

]

(a) SE #54H(SE module) (b) CBAM f52H (¢) GC #%2H(GC module)
(CBAM module

B 6. TEEEIERR 4517 - © AL ELERTE - © ZIEPERTE -
@ FTTELERN -
[Figure 6. Different attention mechanism architectures. & denotes as element-
wise product, ® denotes as matrix multiplication, @ denotes as element-
wise addition.]

2.4.2 CBAM f&4H (CBAM Module)

CBAM ( Convolutional Block Attention Module ) 140 Z£:7A SE BI4AATISE » BLAILEREAN
6(b) Fme HALF B o mEME 2 % gRE T B2 MR 8 DI Ze B B AV 2= MR
EREEEENETEE TR T HEREEET AN B2 HE A b (Global
map pooling » GMP) ZKHU{G 5 R [EHV & E

2.43 GC 154 (GC Module)

GC ( Global Context ) f#4H 2 SE #E4HEL Non-local fH4H(Wangeral., 2018) #(T45E
% BERIEGERE AR 6(c) Fior o #i% Non-local f54H (B85 1Y I SZ i ( context modeling )
AE 181 SE MEAHEC EMYETESEHE > Cao etal 7875k Non-local f54H » #A1% /& Non-local
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TRAHAVRHM IR R B R 5 SE HAHAYAEREDLRE & WY RAH AV EES - BB IEHRAVEGT > GC
FRAHE S TR BRI SRR E T B AN EHIRI -

3. BEEEYE (Experiments)

}E{I B M E o A S B B b A i BRI R SR U O Bk G - th & S
ARG i BRI S TR 2 8 W3 I f &S AL R AR IR Ay LEAL -

3.1 EFIE (Datasets)
FAMfEE I VoxCeleb 2 (Chung et al., 2018) 1 dev HYEL {3 E BTSSR & & - A
Ll VoxCeleb 1 (Nagrani ez al,, 2017) ZRME S REFTAERTT VoxCeleb 1-O/E/H HIEAE LUK

VoxSRC 2022 HEREEEIE A A’Fﬁﬁ”ﬂ’]ﬁhﬁ]ﬁ% AN A FHEE VS (Voice
activity detection » VAD ) ¥ EEGZ i1 THEL -

3.2 2EEXE (Implementation details)

R T AR - FrA SR S 2R T HEE ISR TS © A Adam E1b
7% (optimizer ) FEEAIEHERE S8 VIEEEEFy 1e-03 > & 10 ([ epoch &E/) 25% -
5/ AAM-Softmax {F AR NE > HH margin 555 2 > scale 5% /5y 30 - 5/l SR HAR] EH
MEEE TR IR AR e Hﬂﬁ 5Lk 2e-05 o G| SREEY batch size FEE Ky 256 » il
& 100 i epoch EH AR S8 - THp4EES IM ECAPA-TDNN iy iE 8= B
BB Ry 512 FEH R AMNEH A/ NGB fy 192 FEATBRIEE4AE 77 1H > 2D CNN B4R 52
éﬁ?ﬁzﬁi/éﬁ AR/ NV Fy 64 0 T MFA fEAH AR/ NRITEE £y 32 -

3.3 FEfh#ER] (Evaluation Metrics)

Fe M LLEF $E 55 2%R ( Equal Error Rate, EER ) DL R &% /Mg HI R 4 B/ 8 ( Minimum Detection Cost
Function, MinDCF ) {E B FR MRS Z2 4R FRFRAVAER o b i/ Mg I REAS sl BB VoxSRC
2022 FEAVEAE > K SBELE R Cuis=1 > Cruste=1 ~ Prarger=0.05 o FANEZ A {58 155
BUERUETTEE S B T % -

4. BERGEE (Experimental Results)

B e Jebe¥ T4 ECAPA-TDNN BRI (E Ry R A A IM ECAPA-TDNN {2
FHY VoxCelebl-O Je iz [HHERY VoxSRC2022 Batte YR > HEERMFE 1 for - A
LIS BE 2 IM ECAPA-TDNN HE Z87F R B 50R 55 _EAYFRIABLF4G ECAPA-
TDNN MZE#% - [EEHEENE EPBEEREF—T7 -

PR IRATTE o3 A S A B A A BRAR AH LUK A [ B 0F 78 0 A Al S A AU SR B P o
M2 - MR A AV G ORI MR R - A BRI E S (8 M EATEEASE
RAMFE2 AR -
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Z& 1. IM ECAPA-TDNN £ ECAPA-TDNN 7riz B8 R R TERIEE f.2 768
o ig
[Table 1. Comparisonthe performance beteen IM ECAPA-TDNNand ECAPA-TDNN
on the easiest and the hardiesttest sets.]

VoxCeleb1-O VoxSRC2022 val
Architecture
EER(%) minDCF EER(%) minDCF
ECAPA-TDNN (Re-implemented) 1.3770 0.0931 3.6735 0.2479
IM ECAPA-TDNN 1.2600 0.0849 3.6824 0.2462

2 2. TR B RHARE LHIZTILEE

[Table 2. Comparison the performance between different models on each test sets.]

VoxCeleb1-O VoxCelebl-E VoxCeleb1-H VoxSRC2022 val

Architecture
EER(%) minDCF EER(%) minDCF EER(%) minDCF EER(%) minDCF

IM ECAPA-TDNN
(baseline)

T RIHIRT R EARLE

IM ECAPA CNN-
TDNN

1.2600 0.0849 1.4733 0.0941 2.6891 0.1621 3.6824  0.2462

1.1218 0.0886  1.2763 0.0825 2.3318 0.1475  3.2230 0.2144

IM ECAPA CNN-

TDNN (pre-act) 1.0424 0.0739  1.2646 0.0831 23518 0.1415 3.4471  0.2198

IM ECAPA MFA-
TDNN

FEHTER ST

IM ECAPA CNN-
TDNN (pre-act) 1.0424  0.0739 1.2646 0.0831 2.3518 0.1415 3.4471 0.2198
with SE

1.0424  0.0797 1.2632 0.0813 2.3526 0.1439  3.2535  0.2118

IM ECAPA CNN-
TDNN (pre-act) 1.1484 0.0817 1.2507 0.0821 2.3500 0.1437  3.1160  0.2053
with CBAM

IM ECAPA CNN-
TDNN (pre-act) 1.2552 0.0992 13807 0.0926 2.5533 0.1551 34990  0.2282
with GC

4.1 FiEREEELHAVEEER(Comparison between Feature Prepocessing Module)
ENIA T RIRREEAH > 1% - FTA AU ARl A FL S SR A B 1 820 - AHEL Y 2D CNN
BAHAE B EE RS FE A B ENSE > FHHEUER 2D CNN HE4H 8 28 (5 A S il By
Voxcelebl-O SHIE{EE FEHEEE TR 4ARY 2D CNN 41 » (H2 HAF R HES i s S -
FIAANRE R 7=y » IR R E 2 N FAFIE A T# &R IM ECAPA-TDNN {E £ 1 5%
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Wi - MAE(He etal., 2016b) H3REA T FEHUEHY ResBlock AL RIGHYAEEE &G A4 AE 3
R > AL G RCTHIRUS 2D ONN AR R SR ERIEAERIFEN - 17 MFA f5
RN S RE S GO ER GRS - HAR MR AR B mT DU B 6 TR
’fi 2D CNN 52 — BB RAYRIT - WAEE R EUE EREMETRE -

4.2 FEES#HEIAYEEEX (Comparison between Attention Mechanisms)

HREE| MFA A B HER HEEIRERE 7 % 8) > fI4E 2D CNN HBLH Bt T
FERUEEYRRACE R R IR - AR SRR R A R A RGP R & - SE 15540
ALY Voxcelebl-O G FIREEHEEEARIT - (B2 CBAM HAHAE HA &
R REERHES L SN R EE B IIRE R A & EEFER - SR ERNEERFIRR
EHE CBAM RIS A\ZERETE JIRES A RN B 2% S 0 R H R R se Bt AR - B
tb SE fH4H R 7 &/ Pt - CBAM EIIA T £EE At LT TR LEUSA F 5
YRR » Bt at R A R S A R MY S E R ECE A R OB T W - e
=T PERGERAYRIA L HEE CBAM HYBRRI > GC B M AEFTA AR A
Zetth - FAERAVERITR BB AR RETEL TDNN GEfEE5S » FHRHAS RS
FHZE TDNN K2 4 SRR 28 A2 TUBRHY B AT - 3 GC 1i4H 7 SE RAHAYFRITHD
ZEAE -

4.3 &R MER (Final Proposed Model)

RGN LA nyEERAE R - IR A TS 2D CNN iR ERIsAE - 10 0 B 1%
B CBAM 1 IM ECAPA-TDNN f[15 2 1] IM ECAPA CNN-TDNN (pre-act) with CBAM
R TR B R A o AHDLEARLERIAY > FRAFINTE AR SR A HH AN
D DU R AR VoxSRC2022 BRRg e slaR » & AI(E EER {HEL minDCF {H 4771
H 15.4% LI 16.6% YR -

5. 455 (Conclusions)

AR CHRH 7B Improving ECAPA-TDNN {24 IM ECAPA-TDNN 45 FRAMIHY
FAREREAR > W E MBS S N [E 0T R R EAEAR DR SRR R R U R R R SRR e T2
AyaRAL o BAMER AR AR B A 45 & TR E R 2D CNN iR B B 4 B £ B 71
F CBAM f54H » £ R TEHEEE ORI EILACEFAII A ZE RERA - KRGS
DAL Ry i A A& e HA SR AR Y R4 Rs - A S RESEE LA — DU fE AR MIE & 5
SR ERAIRIHE -
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