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Spoof Speech Detection with Channel-temporal Attention and Depthwise
Separable Convolutions
FENG Jia-qi, WANG Hua-peng *, LIU Tian-ci

( College of Public Security Information Technology and Intelligence, Criminal Investigation Police University of China, Shenyang 110854, China)

[ Abstract] The growing sophistication of deepfake speech poses significant security threats to ASV (automatic speaker verification )
systems. Current anti-spoofing models based on CNNs ( convolutional neural networks) are constrained by inadequate global feature
extraction and limited generalization capability against unseen spoofing attacks. To address these challenges, a mnovel network
architecture integrating CT-DSCNet ( channel-temporal attention mechanisms with depthwise separable convolutions) was proposed.
Building upon the RawNet2 framework, the developed model incorporates dual-domain attention modules to enhance discriminative
feature representation while suppressing irrelevant acoustic artifacts. Furthermore, depthwise separable convolutional residual blocks
were strategically implemented to optimize computational efficiency and real-time processing capabilities. Comprehensive evaluations
were conducted across three benchmark datasets: ASVspoof2019 LA, ASVspoof2021 DF, and FMFCC-A. Experimental results
demonstrate state-of-the-art performance with EER (equal error rate) of 1. 53% on ASVspoof2019 LA, representing a 70. 58% relative
improvement over baseline systems. Notably, the proposed architecture exhibits superior cross-dataset generalization, achieving a
25.35% lower EER on the FMFCC-A evaluation set compared with conventional approaches. These findings validate the effectiveness
of the hybrid attention-convolution design in advancing spoofing detection robustness and domain adaptability.

[ Keywords ] deepfake speech; attention mechanism; depthwise separable convolution; speech anti-spoofing

H 3h Ui AN 50 IE & 4t (automatic speaker verifi- 1y BEERE 5 N TR GER AW & &, SCAR |
cation, ASV) " BERE X ATE B A 7R SR RAE B A (text to speech, TTS) FliF 7 5 4t (voice
FETE NFRAESEFT 2387, B Sl 0 R g6k i 3h A B conversion, VC) 4 R BEWE A= il 5 1 18 09 th i 15

s B HI: 2024-12-29; &iTHHI: 2025-05-19
E€WMAB . ERESVAT(2017YFC0821000) 5 33wl 1 4 5 5 5 9000 % () 1 % 8 B 22 5T B, KF202117 ) 5 v [ P S 45 4 24 B i 5%
A= RIBTRE ST FHI5 H (2024 YCZDOS )
F—1EE . I (2001—) , L, UK ITRS# & N BEF5E A o AR5 5 1] IR BE2E 2] B KSR . E-mail : 18240668287 @ 163. com,
CEEEE . EEN(1979—) 5 DU% , IWAREE N A 2, OR O BREE AU R EEAE ) AN T BB, E-mail : huapeng. wang@ hot-

mail. com,

¥ F5 M HE - www. stae. com. cn



B R 5 TR

9428 Science Technology and Engineering

2025,25(22)

L EE ASV RGN A E ) Ry X —
PR, ARk 18 BF 5 0 OC TE TR 8 P 3 o (Rl
JEAET ) BRI, Horf ASVspoof $kfi% £ 511 1
A7 38 FHPE AR RN | P B A FVECHE 4R, X i ST
1) & Jre BA B ESE N

e e 0 I 39 Bl U8 T N 36 TIE 2R B H T 3t F1 S i
PR B i 7 BT BRI 2E R AE, AR AL Q
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Fig. 1 RawNet2 network architecture
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Fig. 2 Schematic of depthwise separable convolution
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Table 1 CT-DSCNet network structure
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Fig. 3 General structure chart
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Fig. 4 Depthwise separable cconvolutional residual block
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3.1 HURENAR

AR FEAE ASVspoof2019 12 4515 7] (logical ac-
cess, LA) HBE4E b T ASVspoof Hk i,
FESE Interspeech BERF AL I L 17 X 185 KU
Jom Y FES R PR L T A BE AR LB T
FEE M, ASVspoof2019 Bk iR FE 1 LA $i ¥ 4 & 3t
T VCTK™ B e AT 500 43 00, f 5 220 TTS ik |
VC Bk LK TTS i VC IR A Hels B sk 2 s .

ASVspoof2021 7" & i fh 1 ( deepfake, DF) 3§
T8 PPALECH 0 8 T T AR A 1R R A i
it i 2 A B ) B SR IS S S . XS LA
HHEE, DF AR5 AN S ASV RS, A
I 100 AR TF B B R

FMFCC-A $i S 2 v [ P 2 0 AR i 35 T
JE ARSI AE rh SO 5 T R AR A i S
R DG EHR S e S N Ik R T6 &
) 2 - i R 4, DR 3 TR 2 AR 11
G TTS R 2 A GE VC RGN,

P& I ASVspoof2019LA  #Y ik £ AS-
Vspoof2021 DF (M4 Al FMFCC-A f4 o 88 R A7
PEEGHR ARG I | 3#F— 2GR W] 4t CT-DSCNet 57
Mz A . AR AL AnER 3 i

%2 ASVspoof2019LA #iR&E ¥l

Table 2 Details of ASVspoof2019 LA dataset

Boede  UOE AR HSHEY SR thighk
MIIE S 20 2580 22 800 A01-A06
FELE 20 2 548 22 296 A01-A06
A 48 7 355 63 382 A07-A19
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Table 3 Details of different evaluation dataset

K g HIGEE AHUEE Pl Ahs
ASVspool2019LA k4 7 355 63 382 13( A07-A19)
ASVspoof2021DF JUiX4E 18452 163 114 > 100( RET:E)

FMFCC-A 3K 4E 3 000 17 000 13(TTS #%%)
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W B 222 %R 0.000 1,3 K/NHK 8, %4
Hh 100 AL E IR KN 0..000 1,
3.3 iFfERR

SRR (equal error rate, EER) H FIFHr #—
HTE S RO YR R G BE . 7RISR A DU, SR R
R YR S B R R A A Y LB R R B
B R 52 1Y LU AR S5 1Y 15 50, EER 80/ A6 &
STk RE ARG

R A AR A 2R %Y (tandem detection cost func-
tion, t-DCF) BE#S LG % 1B SR RGEFI ASV REE
FAEFVE R, B % I8 T 4512 5232 % (false accepta-
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MBS EOTAL B R R G ASV RGN ZE R 15
M), ming o 88708, R G032 AU PEER LT, ASVSpoof20191LA
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S50 CHR A MLP ShAS AR 5 2R S Al &
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FI L [R]TE 153 A R A R S 1 2 (] ik
T B VA

PR 58 TE B 1 MU HR 08 i A T v Rk 2 B
Bt f5 , 2 4 R T 9| AAS R H 5 BT 1) M fg
B, o CA 7 fff T30 T8 7 2 B TA RoR fifi
FH B ) SRR DSCony sl FHVR E ] 43 25 4
PR ZERE B, fE ASVspoof2019LA % dla £ L #E AT
VS AR R O T — R A
PEREAR TH A R, CA Al TA B EER 4 3.67% FI
2.52% ,XF i min t0,4 0. 098 8 F10. 078 4, Fbk
3Gl 25 R T TR R IR, 56030 T 4
Jr 5 SRR I A A A AT MR AL, SR,
UFGER R B ] 43 B9 A5 FRUBT P | 155 AU M BB G A
%, EER EFHZE 1.98% ,min 1, 1% 0.057 6,
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8 A0 R it ) vk A B v S IR EE T Y
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4 - 0.20
- %,’&?ﬂ[}ﬁ(mm -
I MLPIA (min 7,,.,)
—a— F A& INAL(EER)
3 —e— MLP/INAN(EER) 0.15
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Fig. 5 Residual block number and weighted method

ablation experiment
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54 ASVspoof2019LA #iE&EHRSIIE £ R
Table 4 Results of ablation experiments on the
ASVspoof2019LA dataset
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Table 5 EER for ablation experiments on the FMFCC-A
evaluation dataset
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Table 6 Comparison of the CT-DSCNet with other

models EER
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