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Cross-Layer Attention Injection from Pre-Trained Models
for Spoof Speech Detection
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Abstract In recent years, the rapid progress of deep learning has driven the widespread adoption of pre-trained models,
whose significance has become increasingly prominent, especially in scenarios with limited labeled data. Studies have
shown that features derived from these models exhibit remarkable discriminative power in speech deepfake detection tasks,
providing more robust and informative representations for downstream classification. However, most existing methods
mainly utilize features from the topmost layer of pre-trained models, thereby neglecting potentially valuable information
present in lower and intermediate layers. Although some recent works have explored propagating or fusing features across
different layers, these approaches typically lack a dynamic mechanism to promote effective information flow between the
top and bottom layers, thus limiting the full potential of pre-trained model representations. To address these limitations, we
propose a novel Cross-Layer Attention Injection (CLAI) method to further enhance the discriminative capability of fea-
tures derived from pre-trained models. Specifically, instead of simply using the topmost features or adopting a recursive
fusion strategy, we introduce an attention-based mechanism. We first selectively transmit the topmost features to several
lower layers, obtaining a series of semantically enhanced feature representations. To avoid the redundancy caused by indi-
vidual scriminate transmission to all layers, we apply mean pooling to the topmost features to obtain a global semantic
representation, which is then injected into these enhanced features via an attention mechanism for effective guidance. The
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final features, obtained by gated fusion of the topmost features and the global semantic representation, are then fed into the
carefully designed backend classifier. In our backend classifier, we propose the Des2Net BiMamba model, which incor-
porates parallel multi-scale modeling through a multi-branch architecture inspired by Res2Net. The model consists of mul-
tiple Des2Net layers and bidirectional Mamba blocks, which are respectively used for multi-scale feature extraction and
modeling global contextual information. This architecture is designed to capture both fine-grained and holistic patterns
necessary for distinguishing between bona fide and spoofed speech.We conduct comprehensive experiments on the widely
used ASVspoof 2019 Logical Access, ASVspoof 2021 Logical Access, Deepfake and IN-THE-WILD datasets to evaluate
the effectiveness of our approach. Experimental results demonstrate that our method remains highly competitive on the
ASVspoof 2019 Logical Access, ASVspoof 2021 Logical Access, Deepfake and IN-THE-WILD dataset. Ablation and
comparative studies validate the contributions of the backend classifier and the CLAI mechanism, respectively. In addition,
visualization analyses confirm the superiority of our method in enhancing the discriminability of feature representations.
Overall, our findings underscore the great potential of cross-layer attention injection in fully leveraging pre-trained models,
significantly improving the robustness and accuracy of speech deepfake detection, and achieving outstanding performance

on multiple benchmark datasets.
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Figure 1 The structure of the proposed SSD model
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3 Des2Net =
Figure 3 The structure of Des2Net Layer

N T P B REFE R AE, {E5ED Des2Net 2
AR T S B 2 s - ) A5 2 (Enhanced  Squeeze
and Excitation, Enhanced SE). Enhanced SE i it 5 4>
Jey > 30t A R B DRt A T 5 SR A O 20 R A
o) T8 S R AR AT H AR

c; = Concat(Angool(Yi ), MaxPool(Y; )) (22)

P23t Ak e 08 il 4 S N R IE I A2 R G E S,
A7 W) TR PR AR S AT R A, R TEXS 4R 45
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M EAR LG A7, B PETT T XS AN [F) R IR AL (1) 08
HIH) 7] E
B MR RAE ¢ MU ARHFAE x; ik 72 A
m, CAOR B BG4 B 5 THSE (I e g Az
kg
3.2.2 BiMamba
BiMamba®*J /& 7 Mamba 4243t [ 3EAT ik
BV, B AR X ) 41 SR B 70 ) M 4l 2 4 )
FAALMoR &R . WlE 4 pros, B4R, BiMamba 7£
J5iA7 L) Mamba J3 SZREERE L, S T 4% S )
R3S, I SEIR A A 2 BT 1) i 1) S ASE o 0f
Ty NFHIE, BiMamba 47313 ik P9 4 347 11) Mamba
Oy SCHEAT AR PR, FLR R 1) 23 S E AR s in e 4 2R 4T
ML, S5 R 4 S A 3EAT S ) (Reverse) #:1E 5
N o T IX P XA 4544, BiMamba RERS G 1E )
W) R4 R R SCE B, A RTINS S 2% 4
WG AL RE Sy, e SRR AR A SR I B
(45 S RE X TR By e ROT ) 35l R P 4 3E 47
(1] Mamba 73 S BEATHI i) MU ) 7 1S, HLrp i 1]
I3 SRR N P IEAT I 1] (Reverse) A8 i R 45 2R :
u; , =Mamba(h;), u;, =Mamba(Reverse(h;)) (23)
PIS& 73 SR HE O ) 23 S S FF Reverse [A1K)
MR A AT R
u; =u; , +Reverse(u, ) (24)

Ay FeLh— SRR AR A ISR,

1
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4 BiMamba i
Figure 4 The structure of BiMamba Block

4 XWRE

4.1 HIE&E

h 96 E I B O VR A R, FRATT T A 1 A
ASVspoof B Ji PETMYL: 7E ASVspoof 2019 LA [#11I
Rtk PG, JFAE LT R4 AT B S 80k
HEE. IZoen, #8515 ASVspoof 2019
LA VP14, ASVspoof 2021 LA. ASVspoof 2021 DF
A IN-THE-WILD(ATW) 4 48 Eab AT, (H159E
=172 ASVspoof 2021 LA 5 ASVspoof 2021 DF %4
PR DR VPG, AT A IRt k5. Y
NGB S REA TR AR 1.

%= 1 ASVspoof 2019 LA. ASVspoof 2021 LA,
ASVspoof 2021 DF X ITW & 57
Table 1 The distribution of ASVspoof 2019 LA,
ASVspoof 2021 LA, 2021 DF and ITW datasets

bonafide(FL 55 )  spoof(Thiiih &
19 LA YRk 2580 22800
19 LA FFREE 2548 22296
19 LA PPG4E 7355 63882
21 LA 18452 163114
21 DF 22617 589212
ITW 19963 11816

ASVspoof 2019 LA ##i8HT- VCTK 12 EfY
WG T LSRR 2 BRI (0 O I T SRR A . £
EES F T TTS M VC HiRAE . EIIZREER
TR, s & hd's A01~A06 MLk,
ARG 2 PB4 Fhig 5 A . YR
BRI TE S S A07-A19 MEEA K, i
T 6 FHBEHARR 7 MRS A O . (R
2, PSSR E M S IIZEM R EE, KR
NGB BER WL AR B, X BRI AL R
TV EAE T S5 . ASVspoof 2021 LA ¥i¥idk
e THMNFE MG, EEL 18 JI4kiE N,
FEH = B UOE N ESGE S 5T TTS
REA NGRS UIET VC RGOy i
T AREARERSS T 28 TTS M1 VC R4, W AA
(] (1) 75 B i VAR 7 v, B0 2 T IR Bl 8 I 25 11
Ft A SRS, KRG T P& v & 1) H AR
PR Z FEPE . ASVspoof 2021 DF $ili 40154 60 Jj
ZAB S, W 100 FhbhIE A LIl R A . 128
Pt £ T (1 O 3 V0 AN AR A 5 1) SCAR BRUE IS A
5 I8, B R vy 21 o IR B AR R T 5 i, A
R E AR HELL A BRI, A B OE NRHIE
5 RCSE SO AR, IR B Bl s N B IE R 4
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P T Sk . Ak, PR SRR A 2 2
TCH G A 25 AR B, BN T R 2, A
T O R G B PRI A T S0 B A B v R B S
BEOEEE. ITW HERAEAS 20.7 /NI B
A 17.2 /NI RO IS - 51548 ASVspoof R AT
A, R R RS A S M2 A EE, JLrh
BB R A B R YRS R R A, Oyt
BRI T 219 T4 =R BE Dbt B AL P o
TR AT 7512 0 2 B I W 3 SI2 B 3 e R IROA B
HA TR 1) 2 PR R PR
4.2 JFEIERR

PEREVEAL 7 T FRAT IR ASVspoof 2021 Hk/ii %%
=I5 J7 B A 1R g5 s A AR DU AR R R (Minimum
tandem Detection cost Function, min t-DCF)> 1464
% (Equal Error Rate, EER)®WE ) £ 24845, min
t-DCF A1 EER [F{EDAC A ALY (1P REMBRLT
4.2.1 B/ R BAIAH B L

P TR e O A A AL 5 ASY RGEA N H
I (3R TE g, ASVspoof 2019 5| AT LL ASV A+
SO ER BRI A A7 bR % (Tandem Detection Cost Func-
tion, t-DCF). iR bR e 0% [F] I S W75 S0H 0 R4S )
Phit R LG TERE RN, A 178 T 1H S5 ) LG
B, HR iR AR N H— OB, Hoe
AR

C, +C,Px +C,B" (x,
nﬁnt—JDCF::nﬁn{ 0+ il (o) + Coy (Qm)} (25)

C, +min{C,,C,}
Hp, P (e )M B (2,,) 73 7R CM RGEAEBIA
T SEHIAR AT R FRIRE; C, Cp, C #EIRT ¢
DCF Z4Hl ASV RS AR . AT =W P
R, FLAR S H I A S B N b ST I,
DABF DR DAL 1K) 2 PR R 27

asv asv
¢, =r,C. P +7 C.PF
ar — miss” miss non ~fa” fa
asv asv
CIZHQCAf(ﬂC.P. +7 CP) (26)
ar  miss tar  miss " miss non ~fa” fa
asy
CZ - spoofoa,spoof Pfa,spoof

HP, s Zans Fpoor 7PMRZS HARUAEN S AEH AR

VLU N 3 T 5 MR BER CIE R H A 1.
Coiss>» Cra» Crospoor M NTRASE H AR L B RAZML

A F AR P Bl AR RS2 O s S A . P

B, B o RRAE ASV RG24 AR
HFNOh it Bh IR 2 A
422 FHERE

LA % (Equal Error Rate, EER)&—TiH T
DAL Oy A R eI e B 25 h5 . EER f511

&Y ARG R % (False Rejection Rate, FRR) 5 i 4%
Z(False Acceptance Rate, FAR)AHSE I XV 1) £ 1 %
. FRR ST B0 40 A O v 2 (1A
2, M FAR WU ER 7R DA 8 15 2 40t 12 ) A JL I8 5 (1)
o EER BAIS, 305 AR AR A 70 058 b P ad v
(RIS 73 BE Bk, BEAR I REBR AT o

43 IS

SRS LT PyTorch HE4E, Jf48H RTX 4090 GPU
HEAT o« UIZRBT B, B A Bl B B sl e A 2 4 0
(64,600 KFF KD 7 BLo AR AdamW L4, 4]
G B 1107, BUERERAECY 13107, FHL
IS SR R pR . PP AT S0 IR L 1 /N33
200 AFRTHCSIE B IR R ARG E P, FRATTR 2% 2 %
I & 4% (ReduceLROnPlateau): 456 UEHi R EES: 4
ANIEACTII A AR T B, 27 2 3%4% 0.1 B FRAIL,
IR 1B 1107 HHIER X e ROT [IBIEHL C
WA 10240 IS UESEAS R AL 8 MNIEACEIHN
TCERTEI, SEEA5 1k o S5 28V R IE ik 0] 56 A R I A
PLITRY 5 AR HEAT BRSSP 12) J5 49 2] IR AR A 4
AT -

WA, fEINZRad B, FRATTR AT 2 2F 1
RawBoost” 4 1 am i AR, LI L2 {5 18 A0 4 it
B 28 250N, AT S =25 184 T 1 R B8 1) 22 A 1k B S
PE. RawBoost J& M Ayt S g A& FEPERIT T
BT T A 3 o v . Hokz O AR ik 7E
N R g A Y] | EA L R 7/ ) M Gib O R Ny 1 N I
(1) -0k 75 0 I SR AT AS R RR BE IR 1 ik . AT
SR EE, OFRLMMAEL GRS | S5k
TR 5 AH DGR I e 75 R 55 B AR 5 TG O 1R Jon 1P e
A, LB Z R A, R o ) V2 (1 H 8k
WA o 3K SR SR AN AT AR T TR Rz
BE Ty, I ATAR Y B8 B 4 i i Y o5 b 53 e F 22 A
(52 s B BRI, adF— 2 S i T BN 5 2% i 2 4%
PENEINAG S AR BRRE ), Bt TR AR 2R A
Phy i B R S

5 SKWLERRSH

51 ‘EZANEUESE LBIMHEEEXTLE

w2 R, WAIEGH T & REAME ASVspoof
2021 LA HlE BRI AR LRI (A07-A19) )
EER 45, =ML RGHIKHT Wav2vec2.0 1
2R 5 T0J22 1) i 0 A 2R o 4 2R 488 TR S N RFAE, T
W2V2+RELMY G|\ T 38 5 Al 2 =) 53k AE— 25
PR TRINGALL IR E RIS R Ty o WL E R B, o
WALG L A 5N REL (Rl R 45, (EH57)
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F 2 ASVspoof 2021 LA #iE& L RIMERERI, Hbh A07 Z A19 KFRAT LA &R 13 MHEREE
Table 2 The performance on the ASVspoof 2021 LA dataset, where A07 to A19 refer to 13 attack algorithms used
for LA evaluation

o ASVspoof 2021 LA pooled min
) A07  A08 A09 Al10 All  Al2  Al3 Al4 Al5 Al6 Al7 Al18 Al19 EER(%) t-DCF
W2V2+Liner layer 041 045 028 879 9.06 098 022 034 113 080 054 161 058 245 0.2549
W2V2+AASIST' 039 056 031 1.17 1.07 059 021 032 041 049 048 194 045 0.87 0.2081
W2V2+MFAPY 028 045 0.6 063 08 036 0.18 027 032 040 038 152 0.51 0.63 0.2019
W2V2+RFL!! 023 033 0.0 038 049 027 0.0 012 024 028 030 132 028 0.47 0.1975
Proposed 022 016 0.09 0.6 012 012 0.03 008 012 0.10 021 067 023 0.24 0.1916

Bk B N AP AEART I RE R HE T2 ). AR,
AR T VR AR M BGE 2RBR B IAS T del
() EER KI, 78505k 1 Pt RGE A AR
PEo 5L A ¥4k EER(pooled EER)¥&4r L, AHLL
W2V2+RFL J7528L T 48.9% 1) 5 B4R, 5% H el
TR 2R O IE BUti b5 R IO IS Y fe
it HEOET SSD RS TELEL, % 3 R
N T TP O A S YA R e R SEAE ASVspoof
2019 LA PFf%E . ASVspoof 2021 LA.2021DF Al ITW
XPUA AR Tk REXT LE . @ik 3 Frow, BATIJT
1LAE ASVspoof 2019 LA {Ffi4EFI ASVspoof 2021

LA RS T HIMPERE, EER 43024 0.05%5
0.24%, min t-DCF 43524 0.0015 15 0.1916, {4 &
(P90, I A SR BT 1 B TR 2R B 2R 1) v DALk
#y, X FEZAG R T H AR LM 2500
R . R, AT H T EEAE ASVspoof
2021 LA F55]f¥) EER Al min t-DCF SJH75 T 3 —
AT, BT HEr WM SSD R4, B
W2V2+RFL" (EER 0.47%), W2V2+MFAP!" (EER
0.63%) LA & W2V2+Mamba (EER 0.93%). X%}
Lo g Rt — 50U T B4 I vE A b, ity
TR U R 8 R R T HMME N %

£ 3 7 ASVspoof 2019 LA i{5& . ASVspoof 2021 LA. ASVspoof 2021 DF 1 ITW #iE&£ F 5 4RIHEHR SR
THBEXT EE
Table 3 Performance comparison with state-of-the-art systems on the ASVspoof 2019 LA _eval, ASVspoof 2021
LA, ASVspoof 2021 DF and ITW datasets

. - ASVspoof 2019 LA VF{i4E ASVspoof 2021 LA ASVspoof 2021 DF ITW
f i It

. EER(%) min t-DCF EER(%) min t-DCF EER(%) EER(%)
2022 W2V2+AASISTH! 0.21% 0.0063* 1.00 0.2120 3.69 10.46
2023 W2V2+Conformer'” 0.24 0.0080 1.38 0.2216 2.58 8.42
2024 W2V2+Conformer+TCM"! 0.20" 0.0047* 1.03 0.2131 225 7.79
2024 W2V2+0OCKDE® 0.39 - 0.91 0.2079 2.07 7.68
2024 W2V2+AASIST2P"! 0.15 - 1.61 2.77
2024 W2V2+STJ-GAT+BLDL*P! 0.06 0.0018 0.56 0.2000 1.89
2024 W2V2+SLS 5 - - 3.88 2.09 7.46
2024 W2V2+MFABY - - 0.63 0.2019 2.26
2025 W2V2+MOE“ 0.74 - 2.96 2.54 9.17
2025 W2V2+Mambal*? - - 0.93 0.2081 1.88 6.71
2025 LSR+LSAPY 0.15 - 1.19 243 5.92
2025 LSR+LSA*! 0.12 1.05 1.86 5.54
2025 W2V2+Nes2Net-X 114 - - 2.00 1.78 5.52
2025 W2V2+RFL!™ 0.08 - 0.47 0.1975
2025 W2V2+STCA+LMDCH! 0.09 0.0028 0.78 0.2057 1.87

Proposed 0.05 0.0015 0.24 0.1916 2.03 6.83

(F: 137k A = USRI P G5 2R, i A B e i, #ACRIATR IS5

UeAk, BEARIRATI J5EAE ASVspoof 2021 DF Fl
ITW #dli e BRI HBALM) EER, HASLHL T8

IR IR i R RAE IV RE - BT 10 ATk, DF & AF
N O AR SE I R R %, AN R IR AE
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R E ER BRI BN A7 22 5. i, LSARYAN
Nes2Net-XPH257779:500 T DF AT 4% B A 5 5 4T w1k,
(HIX A e R e T A I4E LA g5t Rk
. MHELZ N, CLAL MUIE S 2 R R g ik, 7
R TR LA AT 55 Hh SR Oh 3R ik 1 R T
77; Des2Net_BiMamba &5 #4%H 2 RIEFRHER IS
A Jr bR SCEE, A T LA SRR SR Y
(1) 22 ]2 IR AL 5 D I R, SXAS A5 i i J7 V2 7 S A
FRIE L5 “LXE” T LA AE55, 1-S58UE DF 4155 L
ZALRE I /NMIESTH . ITW £ AR F ASVspoof
RAVEAR AL, SN S B S 5 2 R AN ]
TOIPE, DRI o AR VAN A R T SR Pk, A
Y6 Oy 3 FE AS I8 W] B8 A7 AE <8 Py 3 A B H Bk kv
(R 100 o 3 4 PRI 32 0 A2 8 (1902 A e ) R 65 A 1 4
THEENR. GO KRG, ZTIEEUL DA S 4R
EAEAT T AR HI R B, XU B T iR AR
AN TR K s A R R Bt b 5 S MOAR DR HF T AR
MIrERet S, BA B SRS bR N W ). AL,
LR AR, MG IR ITW B 4
HZ M) DF sk b, BRRIAA 3T
) o 0 B 5 T A A A s T B, SR TR
(B2 A RE ) R & B M, AR R 5 8 AR A HE ST
IPSERNE RS T aR
52 HRASEI

L 4 JEIR T TR MEBAE ASVspoof 2019 LA
PEALEE AT ASVspoof 2021 LA i b 17 filse 6 45
R xS e RS LR RIS K EE, wT
DA BE 3 24 iy P At A R R A A R v ) S o A
Mo S2ERIN, T LR, RGN REAR 2
A [ R B2 1R T B, 3 AN THD e e T & B 1R AN )
A

R4 PHEERAHRMSIIESE R
Table 4 Ablation results of the proposed modules

2019 LA VPfli4E 2021 LA
T
EER(%) EER(%)
% Bk CLAI 0.22 1.20
2 Fk BiMamba 0.12 0.43
2% Enhanced SE 0.16 0.55
2% DWS 0.08 0.32
Proposed 0.05 0.24

HARKT, CLAT BRI RE 3 THE R L
hBE . EZBPREREERS, 76 20119LA PEfLEE L
A1 2021LA ¥t b, R4M EER 435 H 0.05%T
4 0.22%, 0.24%TF % 1.20%. X UiH] CLAI HLHIGE

WA IR 2 )25 R, W AR R,
SEARTE R G HI G RE ) S HEEA Y . UM, B
BiMamba I /3 AL BLE S, EER 4351 EFHA 0.12%
A1 0.43%. BiMamba 38 i 6 15 75 5 471 (1 I} R 4 2t
L, W45 T RGN I AR REAE (1) BB, LR R 2B
RIS Oh 38 18 5 1R 86 ) R % . Enhanced SE %
PR BE R T EEMAEH . %8 g 8 5
EER 735 FTFZE 0.16%H01 0.55%, 2 B ek (i i
TR A By T B A T d A ) (R A L E
P TR R IR A R . HEAh, DWS BEHLRE
i B 4R A N T I R T A R AR ) T, S
IAE B s kG . 4Bk DWS Ji&, EER 2357t
2 0.08%F1 0.32%, AR T H x5 20 BE I B
DR .

JEVTRI R, VI R S 06 45 TS R M AR s T A5 R
TER G RN A . AN BRI P 7] A 3L A R
IE T RS AL TERE(EER 235114 0.05%F1 0.24%).
X2 BUAIGAIE T BEAR AR BT 1R 5 B AN 2
P, Bk 5 R B AR S b N B T H 5%
IEERS -

53 BERYFER KR RGP EERI £ 0T

h G M A A R AL S A TR E 2
RPN R Gk RE 2w, FRATT v T — iz ARt
HORUBE R M o %SRS AR R IE 2 IR SR B, SR
A IR 2 B AL LS BOCR EAR AR E S R BT
ZIA s, BAVIEAS T -BRAS R R AR s O
ERTZRAE, @UUES S 1 2RHE, @RS 1.
2 RHSAE;, TR S 1. 2. 4 J24F1E; ONE 55
1. 2. 4. 8 ZHFIE;, OWEEH 1. 2. 4. 8. 122
FRAE; LLEOTE S5 1. 2. 4. 8. 120 16 Z4F1E.
IR R R T MG B SR A R R BRI R
BB ANMAE T, BESTERZ)ZNE
KRR R I R 1

W 5 P, BE T2 BARE R N 23
BHLH], RGAEVE S PG KA 55 B RER D
f7t, U Z ERE BT R AR TR
(AR, A7 Bl T TR ) e g JUHAEAS
KRR, MEATUZ S5 1. 20 40 8. 12 JZHFiE
N, RE345 T H %A EER A1 min t-DCF, & HI{EIt
IR BT Sk e N TIPS RS W
AR O IE R T RE . SR, 2B 16 )2
FRECGEIG @), EER Al min t-DCF T, REiMEfAE
HIL R RS, WREZEH T 9IN T IUREME S (F H, 5%
WAL (R R o i AER S R E — AN
R RIS IC B



PUPTHEIE SRR S R U] E7 o ith ey P b= WA NG AN Il TR R v B et ioall DARPN 173

ASVspoof 2021 LA

15 0.22
12 021
%09 02 ©
S A
m -
i =
= 06 019 E
03 0.18
0 0.17

o 2@ 6 ® & 6 O

— @ EER (%) ---B---mint-DCF

5 ASVspoof 2021 LA ¥#E£E £, FEERFFHER
NiEE D HIRT B EER(%)5 min t-DCF
Figure 5 EER (%) and min t-DCF with different

layer feature inputs to the attention mechanism on the
ASVspoof 2021 LA dataset.

e b, BATTR U T 55— A0 HE s, B
6 UE J AL 28R SR SR A ] s v AN R A
B . SIS UL T = S G A O L L
ST RGAH AR AN 2 (1~6 )N [ R e
Ato AR E b RO BORBE R A& AP G {13,
(1.2}, {1. 2. 4}, {1. 2. 4. 8}, {I. 2. 4. 8. 12},
{1, 24 4. 8. 12, 16} )2 ESZRAE R {1}, {1, 2, {1,
2. 3}, {1, 2. 3. 4}, {1. 2. 3. 4, 5}, {1. 2. 3. 4,
5. 6V SEERMEN{Y, {1, 4), {1, 4. 7}, {1, 4.
7. 10}, {1. 4. 7. 10, 13}, {1. 4. 7. 10, 13, 16}
2, TSRS — W E FRHT, RIUF T 4511
AIEEPE. SRR A5 RN 6 P, X ik kG Ak 2
£, Y 5 EER(%). W BLE R, ERZHIE |, &
ABIORE HRUBE SR SR A A T s AR BRI Pk e,
HAERA 4 805 MERLARE . B, @is s A2
INf EER AR 0.24%, 111732 25 F0 45 22 S0 43 1l 4 0.98%
F10.75%.

X — &5 Jai Ay ) HuF B T AT R A SR SR
SR %, T2 DR O e S G A T S e A v
FRAEJZ R SR o SR RAE AR R BN 2 AHA
FEAETT S EBOCA; & 22 A I R AU [ 5 A0
ZOWE TR A AR L M AR, SR RETEARZ
B R oG Ay, M SRS IANE 20T
RIER MR, AT H5OR B RAE S i
HAEACRE LR WEMB R RAE T2, SEL T RREE
Z RS BIUAR IR T, B0 B K R B R 4%
RERLAR 3K, T+ FR G0 5 A% PR e Bk 1) 65 e
Rz ke

ASVspoof 2021 LA

14
1.2 '~
1 .
—_ \\ ’
£ 08 ’\ o
b *
m 0.6
0.4
02
0
1 2 3 4 5 6
Tl BN ZH
—o— IR FESE o B

B 6 ASVspoof2021 LA #iE&E L, FREIRMHRER
BEHTH EER(%)3T bk
Figure 6 EER(%) comparison of different sampling

strategies with varying number of fused layers on the
ASVspoof 2021 LA Dataset.

54 A RRMEREE4HESITEFHEES T

AT VAN BT HR 85 2 Rl 7 v IR A Rk S ar
ATHE, FATADON B AT fil & S8 BEAT T TR 400 L,
RGBT T KRG SRS 5 R AT T (S
#rit. FLOPs. HEILAE) 7 TR . B Jiikm
FRAEE B — BB N 1024, DURAIES BN
RN 8. HEAIN . RREPHE DL AT
P IR R3S SR T A ABOR BORUBE IR R A SR, LA
70577 5 AN RV SO AR Rl G 36 VARl T A
B RIS . BN, R 5 B ATHIR<TIE
FRE+HA] B0 R B8 e ek ik, H 28Rtttk
JERAER E R R, S T 3R ) R Ak S g T
J& =R EE A RN AT FRAE P RS
Fr Al ()5 5 ¥ ) Des2Net BiMamba, PLAf (% L5
(AR — S . FREE R0, HEA I 2
X 58 25 SRR AT IZ TC AN, A S R IR
YR, DRI AN A FH IO Z R AR SR, AN 2 B9 0 i i P
SR, FREDHE R 2 R IR AR d Jr — YRR T PR,
SR SRR L BRI, I A i A 4 e 1k 2 1
SHCEA TR, EHRE R CLAT HLHI S5
I S R TR 73 SO S NI A 4 2 B
RO, XM A RS SR T B 11N S 4,
MNIE— P52 T T B R IE AR

S SE R 5 PN, WTLUE H, RSO Tk
HIRAEZH5(333.2 M) FLOPs(67.15 GMac) FlEF
FEMT(11.94 ms) FAHBIEL: 723504 — R B I,
{HLE ASVspoof 2021 LA FlI ITW # AN 4E b, s
70 WIS T 0.24%F1 6.83%[1) EER, #3Lek Ik
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Table 5 Comparison of Computational Cost and Detection Performance Across Different Fusion Strategies and

Baselines
. . ASVspoof 2021 LA ITW
ik ZHE(M) FLOPs(GMac) HEBLIE ] (ms)
EER(%) EER(%)
TOUZRFAE+ 5] B2 2R 3 319.0 56.44 9.55 2.68 15.72
T 24 1E
” }f%,m 323.8 58.44 10.09 1.20 8.43
+Des2Net_BiMamba

Proposed 333.2(333.2) 67.15(67.15) 11.94(11.94) 0.24(0.24) 6.83(6.83)
EHEAE M 323.8(323.8) 63.44(64.96) 10.69(11.25) 1.06(1.74) 8.02(10.69)
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Figure 7 Performance comparison of different back-
end models before and after integrating the CLAI
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