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hyper-realistic synthetic face videos, posing unprecedented challenges to human visual perception systems. While existing
face anti-spoofing detection algorithms demonstrate promising performance on Western-centric datasets, their effectiveness
and applicability remain unverified in Chinese-specific contexts due to the lack of standardized evaluation benchmarks.
This study aims to establish a quantitative assessment framework tailored for Chinese scenarios, driving the iterative devel-
opment of anti-spoofing technologies. Method Aiming to address this issue, the CHN-DF dataset, the first large-scale
benchmark dedicated to Chinese face video forgery detection, is proposed. The dataset construction process involves sev-
eral critical stages, including data collection, fake sample generation, and quality assessment. Data collection was con-
ducted in complex environmental settings, such as varying lighting conditions and occlusions, ensuring the diverse and
challenging nature of the dataset. Over 190 000 dialogue clips from 2 540 real Chinese identity videos were collected across
multiple sources, ensuring rich dataset variability. Twelve advanced AIGC tools that incorporate mainstream and cutting-
edge methods based on diffusion, generative adversarial networks (GANs) , and hybrid architectures are employed to gener-
ate the forged samples. These tools produced 434 727 mixed fake samples, covering seven types of manipulation tech-
niques, such as expression transfer, lip-sync tampering, and audiovisual dissonance. Aiming to ensure data quality and
integrity, human perception and automated detection techniques were employed in a dual-layer quality control process.
This approach included an assessment framework that considers visual and auditory modalities to create a comprehensive
evaluation standard that reflects the challenges encountered by anti-spoofing models in real-world applications. A system-
level evaluation benchmark based on deep learning detection models was developed to further enhance the effectiveness of
the dataset. This benchmark spans a variety of deepfake detection models, including state-of-the-art (SOTA) and widely
used algorithms, to test the robustness and generalization capabilities of these models across different environmental and
contextual factors. The goal was to test the adaptability of the detection algorithms to the complexities presented by the
CHN-DF dataset. Result The CHN-DF dataset, which represents the world’ s first Chinese language-based face video anti-
spoofing dataset, contains a total of 434 727 samples. This dataset is designed to be diverse and complex, posing substantial
challenges for current deepfake detection algorithms. In experimental evaluations using 16 different models, including
SOTA and mainstream anti-spoofing models, the accuracy of detecting deepfake faces in this dataset was found to be lower
than expected, thereby highlighting task complexity. Specifically, the accuracy for visual and audiovisual combined tests
was below 85% and 70%, respectively. These results indicate the increased difficulty in accurately detecting deepfake
faces in the CHN-DF dataset, demonstrating that current models are still far from perfect. Further analysis revealed the
effectiveness of the evaluation benchmark in highlighting the limitations of existing algorithms. In cross-domain generaliza-
tion tests, the performance of models fluctuated by an average of 19. 6%, indicating substantial variations in model accu-
racy across different scenarios. This variability emphasizes the need for robust and adaptable algorithms that can handle
diverse environmental conditions and complex manipulations in the CHN-DF dataset. Moreover, the evaluation benchmark
demonsirated the need for integrating visual and auditory modalities for face video anti-spoofing detection. In numerous
cases, models that relied solely on visual features failed to accurately detect fake videos, highlighting the importance of
incorporating multimodal features for improved detection accuracy. Conclusion The CHN-DF dataset and its associated
evaluation benchmark effectively fill a critical gap in the field of face video anti-spoofing detection for Chinese language sce-
narios. Using systematic experimentation, this research clarifies the relationship between dataset characteristics and algo-
rithm performance, elucidating the underlying mechanisms that contribute to the challenges faced by current models. Based on
these findings, a roadmap for future improvements in the field is proposed, focusing on key directions such as enhancing model
robustness and improving cross-modal generalization capabilities. These insights are crucial for the practical deployment of face
video anti-spoofing detection technologies, offering theoretical support and practical guidance for future development. The CHN-DF
dataset and evaluation protocol have been made publicly available on GitHub at https://github.com/Hengruil.ou/CHN-DF, serving as a
valuable resource for researchers and practitioners in the field. This dataset serves not only as a technical reference but also as a
catalyst for global collaboration in the fight against sophisticated , culturally specific deepfake threats. Future work will extend the
dataset to include minority dialects. The dataset is linked at https://doi.org/10.57760/sciencedb.j00240.00067 and https://github.
com/HengruiL.ou/CHN-DF.
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AN T8 B (artificial intelligence generated
content, AIGC) E 2y b7 Xof 55 75 i APk % 1) A% o0
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TR R PR, A SR AT e A
A B Oh A6z 0 8 R ML AL T SC 4 4R (Chinese-
deepfake, CHN-DF) , & 7544 € I ) H 3037 5 i Ak
VI BE v LU S G B D A e R kAU R g, K 2
BEOTHRAN R« DB A STy A A
Tt T AL A ISR )y P B B TR T4
IS s AR SRS Ty A A T SO A
SN BT DB A A7 B T 4 53 15 7 A
Bi R K. 2) 8idls 5 1 . CHN-DF %4l ik
2434 727 HEA 2 H BTECE IS B R AR R AT
B PhEE 4R o Pty i R A5 4 TEAG G T
11 25 M 2% (convolutional neural network , CNN) . Flow-
Based LA M X H0 45 B M 4% (generative adversarial net-
work , GAN) S 28 #4 L fitk 2 I+, 5] AT d5e i Diffusion

MIZEAE . 3) 3% ) 32 3 A9 16 B PE il 77 B X% CHN-DF
AR EIA TR G 5250, $5 21 n) 035 AT
Al 3 AE , B UE CHN-DF £k 5 1) 2 S5 .
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1) UADFV (unified anti-spoofing deepfake and
video dataset) (Matern %5 ,2019) ., UADFV J %5 1 4~
FHT NS A A3 07 A A 00 Fr) 590 45, B S A 98 4>
A, Hod, 49 4~ & M Y ouTube Wit 52 2] 14 J 52 IS
By 1 AT ) 230 3 5 Fake App I FH AR P 27 Oh s
A2 A9 AR . A g LS NG RS 77 Fh A ) 5
#a 4k UADFV 7E50H AU i B R, il B —
FakeApp /A= A BCREAT e, A1l 728 £k b S+ 5l
VEARWI 5.,

2) Deepfake TIMIT (Korshunov F1 Marcel, 2018)
[F) A A g - 30 NG 030 )5 O A 00 K5 40 4, Deepfa-
ke TIMIT A ELSLEURA IR T 32 44 Uil AFA5ERY 6401
RO, A 100 15 A A3 4R h A 55 10 4> 1 23 BE R 11
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3) FF++ (FaceForensics++ ) (Rossler %5 , 2019) .
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Table 1 Summary of face video deepfake detection datasets
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Fig. 1 Data flow diagram of CHF-DF
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Fig. 2 Examples of forged videos generated in CHN-DF
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filh 1= S ARV 3 A i e, R T AR A AT U
BRI 2T, W IR R SR IO A5 A5 L IR 2%
AT IR AE AR AE D0 H AR E AT 8 WD, S B
TET PSR 48 1) DX AR AR

3) SCHE AL (text to video, T2V) o SCH FILAZ: #r
RURUII N 28 42 U T B3 . A SCIE$EAE Hugging-
Face JF i ~F- 5 28 0l B 2 11 5 A3 7% . Zeroscope
(Cerspense, 2023) | AnimateDiff (Lin 1 Yang, 2024) |
Hotshot (Mullan %% , 2023) . AnimateL.CM (Lin 0
Yang, 2024 ) A } MagicTime ( Yuan % ,2025) . 5.3k
P2 T Diffusion A2 A , 18 13 4 A & SCR S
FAEAT BT BB AT ) 42 5 2E 8

4) J&§ 2 # . Wav2Lip (Chung F Zisserman,
2017) 2RI ShVEIL A% 1 I3 H vh vz 48 i A6
TR, Wav2Lip AT LLRF 3h 285 BB IR AT R T e 46, 5
WS e s 1F 5 f A TR DRI, B X AT
Wav2Lip F FH 156 U1 25 1 Jes 1 (] 20 ) 25 4 455 80 AR
P A ) WE TR SR, S B AR U A W 1 B 5
YN TP

5)18 % 7. Mockingbird (Babysor, 2021) J2& H
S R0 AT SRR T 35 rp SC S T s B H L
AR PHE NG E A R R & . Mockingbird 5
A SO B R T TN ZRiEH & RS, S
TN P BRI e i, SRS AR S YFIE A R
o] SN A A R A 58 P G R .

6) 1 i . cogui-TTS 7E github [ 38 15 48 i
3.7 77 Star FFAEH LA & LT . coqui-
TTS 3 TR BT R A SOR L R, BAT G A
FAEDURTEN B ZFiE 5 8800, 32 4E T 404 Glow-
TTS (Kim 55, 2020) 75 A 1) 22 Bl SCA T & LAY,
PA & Multiband-MelGAN ( Yang 55 , 2021 ) 45 7 Aty g A5
R SRR Y S R0 RN 22 TR T (15 coqui-TTS
RERS AL I SO B TE B AT 55

T)E AR . ERE 2 R A8 LA S IR PR R
N7 30, 4 PR AR A 8 AR 46 Ay ) — 4 GOl 2k
A I EAE I A ) T A RS ) AU PR A L
AN PRy s LA
2.2 REITH

N T PRIIE CHF-DF 9 %3k it e, A SCRBUT
REVFIN 5 N T g 4 5 1 Nt T B ik . AR
Hi, AR SCHE SR H YOLO (you only look once ) 557 X
Az S O 2 A AT AU, YOLO B8 R A
B4 A A T 80% Y 23 WM B 5 2 5 Bk T FID
(Fréchet inception distance ) 7543, FID 1543 =1 T 30
FR AR o 5 AT R 5 e A A B B T T L
PR Kb 2 28 56 1) R X s R AT N T O B
FAE ] S A5 e A A 8B
2.3 HIEEHER

CHN-DF #8454 & 434 727 A NI WU, i3
NBHGREN2 540 Ao Horr, AL 213 1874, Dy
1WA 221 5404~ , CHN-DF 1E FUREAR 15 5 1 A
. MR LR NS0y, #2172 1:2 (4 LU 5 4% CHN-DF
PR 73 R R4 (1 778 A BEGG AR 350 679 4L
W) B kR (254 7 Ul i A 22 685 A~ HLA) A ik
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B, B, K&, T8, BR, A, RAR, #FE, DEE

T 150 A B A3 0 46 0 B K AAR Hp ST BG4 T B o

A2 (508 17 Dl A Y 52 723 SR ) , CHN-DF £ 45 isf
KA & 4 fros , 322 a1 7E 0. 36 ~355. 58 s,
e T SR B R I N E O S e ] L o A

FEAE S 55 P 4G I 37 5, S R 5. 12 s
AR S 7E 0 ~ 20 s, Hirf 98, 75% 19 - BN T
205,99. 94% 1 F Bt/NF 50 s,

20~50 s PSR A
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20

Hit/%

wn
T

s
FEE
)R EE

0 J.“].l;l.l”.l”.l.ljluulu,.,.1“....

O AN TTUNINOT-CONO— I T UONOT-CON O — AN HUNNOT-OND
AAIAIAIAIIAIAIAIAChCNCNCNCNCNCNCNCNeN<t <t <<t <<t <t <t

/s
IEZNIRS ST { J \ ECoNIIRS
HTJLI‘HJQ)% @ @ | |
0 036 5.12 20 50 355.58 369
| J \ )
| |
0~20 s AR K534 50~360 s PS50 A
=r gk SOF IR
WIEEE | 70F WIS
20 -l A ol A EE
< 15F ~Radi
0 340
I 10f 0 30 F
5l 20+
i Ll
I | | | | | | |
il 1 1 1 1 4 1 1 0 1 1 1 1 1 1 1 1 1 1 | 1 1 1 1
INEPN RN BN PN EPIN BPN SRS RN PN SN SN SR IR\ IS\ SN
1234567 891011121314151617181920 A SRSROROROTOCHOESE I RO

B /s

/s

4  CHN-DF BT S3Ai
Fig. 4 Duration distribution of videos in CHN-DF

3 CHN-DF E/&iFEm

AT S5 FA ARG I A FR P B 4 TR 308 e 0 A 7
NSRS B D G 0 5048 45 1) 25 P A bR AR B
TEZRTT FRBE A4 CHN-DF JE 7 BRI (1) 2EAS 5 5 LA B
PEM 8 b 5 2 TS v B BLME , R 16 Fh LG AR
L7 PR A I 50385 S Ty vk AT 4 T R EPE BE DAL
DL JE7R CHN-DF 240 45 1 52 2 Pk U i 150 37 5t
IKF-, [l 5 2B 2 Fake AV Celeb B0 4E HEAT HEAS
TSI 1Y 2, YE$E Fake AV Celeb i 5 48 5t T 22 19
Ji A 2 FakeAV Celeb /& B HIT 2 A1 B9 ME—61 % TR &
PRATT O 35 7 1) 22 A5 285 T 4001 B A A 0 50 4 4
PEAN BRI SR F & R BT  E 2B N
I A0 577 P A T 4 e R B Tz 2 32 0 A 75 T

U
3.1 WEAE
BT B AR W A LG W DL R T Rl Y
Phid J& P , CHN-DF BEW Sy A K A3 B Dh T 5% 0 s
Hh B T B AL B O ARSI | T A T VR I B DR A
545 LA e Z W3S NI AT )7 D ARG A 2 88 (4t e v
PRI FLAAR 75 5 — RS B DR A ) v D I ASE A4 7
T A A2 Hh | 1o 70 T B LA R SC AR AT 3 28 Dy 3 T 1 10
PERE s 7655 T4 07 VL W B DA RS I 7 75 LA S 2 B3
N AT 75 O ARSI A Y ey R AT 058 L Wi LA K A
Filt S DI b 0 4 T RS E T
3011 BRI

1) EfficientNet-BO(Tan #l Le, 2020) % F £ H #x
it 28 0 25 BEARHE R B 2E , A2O BN Bl TR 46
WAL ) (0 R A 1 o 3ok 5 A S R e S B
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2) CViT (convolutions to vision Transformers)
(Wodajo Fl Atnafu, 2021) i 1 XU By Bt 55 1iF 2% 2 -
(1) TCA 422 A HE S BURFIESR RS , & T 1
FRAE2: 2T 5 (2) F5E Transformer g i 45 , 15 6 FLURRTE
FA R PR R RFAESA TR . BT EE G T
CNN [ J5 #FEAE £ B 5 5 Transformer 1) 42 J)
BERE ST o

3) F3-Net (frequency in face forgery network)
(Qian 55, 2020) H T XU P 27 2 (4515 S RIS
FEZR, BB PR RS« (1) 2300 it B L 2373 # 5
(2) Ry IR GE TR AE AR AR 3l 22 RO A3 A
PIREIZ 4 A R AR AN O 1 IR

4) SLADD (self-supervised learning of adversarial
deepfake detecton) (Chen 45,2022 )i i3 “ thi& S50
B BRSBTS I S B sz AR . HA IR
TR PR : (1) 5 T 2R Dh it il & A 1S 5 A
ARG MARGE, 185 3 2 EAT A ) Db i AR R I
DR THEAR 2R 5 (2) 255080 & T I 2R AE
R 38 o S SRABE Y [ I S50 Ay AREAS 14 £h 3 T 2
0, SR A I g X Oh 3 Rk ) U

5) AltFreezing (Wang 25 , 2023 ) £ % 90 A 46 70 ot
JEE MR A (8] D 52 10 [ 8T, 418 3 8l A5 AN B VR 45 R
W 26 40800 3 S 723 TA) AR AR DGR P R AL A DG 7
ASFAE AE I Sl 2 v ek 28 VR S AL T i T A5 A
My s > I 2 RRAIE o R]ERE 5 1A AW S R A 1 i Ty
58 AT I P YRR Sk — D PR TRz AP RE

6) TALL (thumbnail layout for deepfake video
detection) (Xu 55,2023 ) #1557 8 AT F 44 7 32 A
FRi 2 RAESE R e . BARSEBUAL A « (1) i 7 37 it
RSB, TR A3 WURH [ B AT RRAE B LA 73
TRBE 1 5 (2) I P —=3 (AR B2 20 AT K 4k B 1Y
PR AT HE DAy T 114 4 s 1 A Jey T A 5 e B I
25 RAE BRI FH A

7) Exposing (Ba &5 , 2024 ) 3 {5 2, 251 )it #1414
ISR R S8, KA ORIBME T2 (1) ZRLE )
PR AR SR BUSIER , 37 2 AR B DU 5 (2) 78 R
BT B R FRAFIE SR A A R T CRAE . %
SEPLT DN JR R S B 4 SRy D A AT RS

8) LSDA (latent space data augmentation) (Yan
85,2025 ) S0 Oh i IR0 o 40 R, 2 T AR
2 [ 5 SRS« (1) 3 o 9 A 25 [ S 3h 7 e Dy ik 5k

23 (] 5 ()M - T DR R A S s Wz e . %5 &
AR TE T AN [R) Pl 3t 2 BU(R] (1) R i DX 0 B2, e 15 4
PP R B
3.1.2 RRONE

1) Meso-4 (Afchar 55 , 2018 ) 42 K& F K% Mg 7 vp
Befm B G Ot G 50, A3 A0 ol 1 P e
8355 0 e J2 T SCRFAE X LA DX - Dy 32 40000 ot 14 1) 230
FEHRJZAE 3G 5 1 0T v S5 00 R RS A ) R EE
FETL T THFRAEAE A DU Y fiE

2)Mesol TN-4 (Afchar 55,2018 ) 2244 1Y) 7 SR F
T InceptionNet, ‘& i 1 H InceptionNet [ £5 B £ f
55— 2 BUZ K I Meso-4, BENS T A U Al 2R
] RUBE b B AFAIE

3)Xception( Chollet, 2017 ) J&: & T IR B 0] /9 25 4
FRUZ (14 25 B 28 10 4 A 28 25 4, ) e S 3 AR DG
AN [ AH P HEA T T A, 4 HR R T 2 B 5 1L fiE
i v 28 A HBC L AR AT v ) 52 2 R AIE o
3.1.3 BTk

1) Multimodal-2 (Verma %5 , 2021) f& — 3 JF I 1)
SRR A th 3 AR AR s (1) A B R 1
i BB AR 2 B 28 (CNN) B, £ 58 I A =X 5 (2) 4k
PR H 52 SR 1Y K 4 1212 (long short-term memory,
LSTM) 8, 753 SCAKE 5 (3) — AT M 4% , 515743
KLELEE T TS o e D 3 R ABAG: TN
e, AL A CNIN e 3 A W 451 ot 4 40 B 22 S 1
LSTM Beih 2155 5 A5 2, A R Oh 1 DA —
E g

2) CDCN (central difference convolutional net-
work ) (Yu%§,2020) 3 TPl 22 0 AR M 46, 1Tl
o N B3 i AT 55 o B RLR ] 3 )2 Rl S R AR
(I v i ) TO0 i B T AR R . SRSy R &
025 A LE , CDON 3 i H v 22 73 45 BRI 28 RE 5 A7
RO AL IR BRSO A A1 S5 A0 Ry SRR, A
B Tl FR O BA 7 A B ol INIRUIEE

3) MDS (modality dissonance score) (Chugh %5 ,
2020) & 1 [ A5 2 Dh s AT L e 2 A 3 1 , BRI A
Phits R E AL S A AR 2R 25 TR RO B AR A T
FIWE A2 2 15 Bl . MDS L ¢ Pt 40431 1) B 5 e
N Y, I AR S 2 (B AN B R AT 2
Phsg TG

4) VFD (voice-face homogeneity tells deepfake )
(Cheng %5, 2023) J&7E N A A W RRAE (75 & FILTET 5B )
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T 150 A B A3 0 46 0 B K AAR Hp ST BG4 T B o

ZIE DL BC AR B, AT T NS AR ARk 1 N AR A 5C
PEFEAT AR Bl O ARG, 272 > T 35 0 ARUAS AT, ar
AT DETC F o AR, 35 A DC T P o AL

5)AVoiD-DF (Yang %5, 2023 ) J&: — Fh 5 TR Bk
B2 W NS AT B D A I 7, T 2888 NIk
AR AN B 3 S B I3 2H A, A AR I A
Gty | ZRSIRG SIS RS 7 24, BT
TR B2 O 3t 78 I 25 J2 U AT S — SOk kA7 P i
LRIl
3.2 iFfhEIERR

R T VAR N AR AT DG AR B 7 5 4 1 Y
PEREDL S5 , A SR HEDH E (Accuracy) K5 FE (Pre-
cision) . A [ % (Recall) f1 F1 43 %4 (F1-score ) 4 i 8
PRiEAT R RE A 25 1 AL 2 UL PEAG , AN % 1 3 4 13
VEAG AR PR TESr S S T i iz v i AR AR A
AL BT O ARG DN 33K — AR5 7 40UIB P 3 B FR B 1 25 R T
AT PEAG B BE S 5m By O ) (37 5 1) S TE Ak B
A5 L) e S e B o it

D)2 RIERE . Accuracy it AR AY IE A
T Fry AR LG ), %ok TR AR B AR i A T A R A L 3
T A BESE . Fl-score IS B 5 71 4 [n] 5
4546 T LATEIE SRR A 2 [A) U P47, T S A7 TR
RINAFEEH T, Fl-score =— M EZE AR BE

2) B B Oh 1) s 1 G o A NI A BT Oy
R iX 2822 A i 4P g 5t v, B OG0 B S AR R X B S
T A AR B, RO 9 25 A 22 /0 S FLAE A
Precision 5 Recall 18475 7] LA 15 WL kb Sz B iz A0 45 577
PR AR 25 AR FIEI S5 R EIR g B o

3) AL PRI o AR NIRRT DAy e T A5 2
rh N ARE 75D G I 5 3 A 7 2 S AN A4 1) 1
L, F1-score 18 FH T X 55 760 14 58 F-Aik Aoy 55040 48 25 51
AP (R OO, AT LA B4 il s A ASE 3 Xt T 45) 1) 4 2%
TERE

4) e WA o . SRR RE NS i R R IR R
KB JEYE , Accuracy X T 1E fFE A 7 1) B H
B, T LUAE Ry ) AR e B o i i — S B, TER
TS5 )17 8 R, Fl-score ] DL BE A5 Ja% b Sz o A
RIS DR ) A BRRE 3, DT B - 3 A K0k 4R
5 £
3.3 BEXBEERSN
3.3.1 HdlafEmisk B

g ¥ IR RE NI AR 7 A A I A5 Y, 51 4

PR 58 55 W 5 WSS R AR AT UL B X)T
MRS, i T CHN-DF BY%E 5 CMLR #l CN-CVS
PRATE DX I EL T 5 7 R 38 2, PR M T R AT 1A )
NI AGE I 5 5 L ARAE L I A A AT e 412 SRR A3 ot O
I3 EATT L SRS AT S A A A, 32 55U
Tor PR ORISR AR o XTI SRS
Fie R AE AN 16 kHz IR 32 B0 45U LA WAV
WA . 2 10 ms B 10788 8067 Y 25 ms
T (Hanning) % 1 3155 #g /R 51 3% 2 20 (Mel fre-
quency cepstral coefficents, MFCC) F¢#1iE o [H L 3815
B T ORWAL 80 S MFCC 45 AiE Y — 4k [ 41
(D =80) , F4 i I MECC FFAEAFA% R — 4~ =38 iH
FUZ SR J5 XF MFCC R ik UG i Bl it AT 1R K
il R A — > MFCC R AE U A Il R,
XS MFCC BIMRAE i A A 18 2 B8 | B IG5 4
HE , LA ) ELANTE 5 22 6] A X 51 .
3.3.2 FRETIIE

4T CHN-DF B HEPHI 92377 , CHN-DF Hi
YN IS AILAT )7 O A I A5 78 R 5 17 Fake AV Celeb
AHFE BT 28, HLARHL XA 7 647 T 50 1k
AR U2k, T EarlyStopping #L il , H )
patience I & A 10, K T Adam {EAL %S, 521 % h
107, 5256 7F — 15 #5 3K Silver 4310 CPU ) J Nvidia
A40 GPU I3+l iz dT . Hrh e kb, fif
A $ 52 (hard-voting ) I $% 22 (soft-voting ) AIL il X
T ATURITRLARE 1 DRSS 2R A4 T 000 248 SR A% S A I o
3.3.3 NS AUIRT Dh 7 I5 %) L Se g

AR 3L Fake AV Celeb S 6 Hb 8046 4 |, 5L A
W1 2795 ik FE LTS8 55 0T 1 22 AR AR A
K55 £l e I B P £ Fake AV Celeb & H Ry £ FHE—
O T AT ARAT B [ I A T D s e A A 8 O 3 AL
A ECE AL o Ay 1 AT T8 1) AL B O
F18) P ASE R4 5 70 B R i 5 52 36 36 fiE CHN-DF
Hd 4R 00 52 2 AN T 0523 55 K R BT i 5 %
1F CHN-DF 5 FakeAVCeleb | #F 7 2 PEI , 4 6B
ZERINE 2 PR

1) CHN-DF &2 2% 1 F1 30T 152 373 57 K F- 96 0E
16 ol A R AT 977 EA A 0 17%) 58 7 P00 A5 A2 (X 53 B g
5 TR A S RV B EEAL A ) g 3 76 T 4 bR 45 R
t, 7E CHN-DF 1 (%) 95 b5 45 R 4L A 50 AR T 78
FakeAVCeleb H [ FE AR5 AL . H I E AN LI B5 h
o M AL LE CHN-DF (1 4 Fis bn 25 A0 5 RS |
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%2 CHN-DF F FakeAVCeleb # il 33 bt
Table 2 Comparison of detection difficulty between CHN-DF and FakeAV Celeb

CHN-DF FakeAVCeleb
B a0y R

Accuracy Precision Recall ~ Fl-score Accuracy Precision Recall — Fl-score
EfficientNet-BO 2020 P 04227 04674 04801 04736 0.4330 05043 04907 0.4974
CViT 2021 Mt 0.5322  0.5789 0.5541 05662 0.5990 0.5801 0.5000 0.5370
F3-Net 2020 A 0.5288 0.5440 0.5229 0.5332 05706 0.5821 0.5664 0.574 1
SLADD 2022 PR 0.6821 0.6577 0.6532 0.6554 0.7045 0.6289 0.6002 0.6142
AliFreezing 2023 b 0.7347 0.6887 0.7063 0.6973 07567 0.7778 0.7689 0.7733
TALL 2023 e 07542  0.7336 0.7448 0.7391 07664 0.7224 0.7338 0.7280
Exposing 2024 P 0.8042 0.8663 08179 08414 08360 08743 08991 0.8865
LSDA 2024 e 0.8468 0.8521 08633 0.8576 0.8342 08449 08669 0.8395
Meso-4_S 2021 A%+ UEEE 05685 04754 04729 04741 04593 05373 05107 03775
Meso-4_H 2021 PAHE+WESE 0.4996 05119 05096 04793 04593 05373 05107 03775
Mesol TN-4_S 2021 M+ WESE 0.6455 07117 0.6541 0.6816 07287 0.7445 0.7419  0.728 6
MesolTN-4_H 2021  fABE+PESE 05811 0.5823 05337 05569 07287  0.7445 0.7419  0.7286
Xception_S 2021 A+ WESE 04360 02686 05163  0.3533  0.4394 02197 05000 03052
Xception_H 2021 %+ UEHE 04360  0.2686 05163  0.3533  0.4394 02197 0.5000 0.3052
Multimodal-2 2021 M+ WrdE 0.5020 02510 0.5000 03342  0.6740 0.6790 0.6735 0.6715
CDCN 2021 A+ WESE 05000  0.5000 05000 0.4678 05150 0.5000 0.5004 0.3855
MDS 2020 B+ UEEE S 05784 0.8571 04521 05919  0.6900 0.7800  0.6950  0.665 0
VFD 2022 MHE+WEBE 0.6439 07113 0.6544 0.6816 0.8152 0.8377 0.7542  0.7937
AVoiD-DF 2023 MLBE+UEEE 06957 07244 0.6785 07006 0.8371 0.8411 0.7702  0.804 0

T A 2R 27 6] — Bl O 4G 7 75 78 CHN-DF F1 Fake AV Celeb #3845 I 19 e dr b s S vk RS 5 _H" 43 i #Rm

AR BB

T 0. 87, FE TRl & B BLS N 0.6 LT o 1E
il 5 5S¢ 3 B £h 1) 237 5% 19 Precision 55 Recall #8475 ,
LK G35 T IE SR AP Al 5 R A 1Y Accuracy Fil
Fl-score [, A K #0431 57 £h G W 5 off: - 0 452 A4 7
CHN-DF " PEREFI AL T7E FakeAVCeleb [ RHAE,
Tl B B O AT 55 B A 2 (O HL PR M .l It 5 I
7 CHN-DF 5 4f 52 1 52 2% 0 A1 5 s T L 52 37 oK
-, A R T B B T A 1 R R B DR A vk
WA -

20) AT ) NI R0 A3 87 A RGE 000 114 P 00 A5 784 P 8
Hro AVoiD-DF 5 LSDA 7£ CHN-DF Hil FakeAVCeleb
H o SR A B BB A 5 A W AR S e A 1 AR rh B
15 T iAEVERR S AL, B DS R et . T e Y i B
AVoiD-DF FH % T H A RS AL 5 O AS I AL 7Y
FESE T LT IR A 2 2T B 5 | A 2 B 1R B A A

MMD (multimodal joint decoding) H* , fi F§ MMD #%& £t
PEATHS R G o AHBCT Hofh 28T s ml 5 45
4, AVoiD-DF A4 A BYAILGE F5 Bt A BRI 1 5 7
AN IFAT ipp A i 20 A B, g 30 T AT AT — A XL ] 52
M (BiCroAt) fH , HZ 54 A 15 ) JUr i 5t
JEFEHE . X AR AR 2 IR H A B A 5 Bk =
HEAE2IRES . X T LSDA B RLE 3 4 R Oh 1
fEAS 8], PETE AR 23 6] N A AU Dh i R fiE 1 221K
N2~ B B2 AP RS AE . iz e B TR
SRR 0 TR S PR AIE , O AN T] Oy s S A )
IR A I A VR B A 25 R . 4R T AVoiD-DF
TE CHN-DF B9 48 br g 50 AKX T 7F FakeAVCeleb I
FIZE S, AT RERY SRR J& AVoiD-DF 1E Ry 3k TR B &
=72 > B N A 7 DR G I 7, A TR Oy s A e —
Phi W5 (VA ) 15 DL (U0 Wav2Lip R 50 25 i HE A
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T 150 A B A3 0 46 0 B K AAR Hp ST BG4 T B o

AT IR et , S BRI S Ak 5 i A o 35 DR J5C A A
W) T ¥ -5 5 ) P AR DGR 2 BERBIAS , (] P CHIN-
DF #%% F FakeAVCeleb 7£ VA, H R H B h & 2= 1)
Pt B, I AVoiD-DF 7E T Dt {5 2 B S 52 %
(1 CHN-DF H X VA SR EIE I TR AR EE AR

Mesol TN-4 7 & T4 1 5 12 H9 N Ji: WA 3 s D4 262
I B 9 TV 00 A B b 97 Oh S8R R A, T RE 19 Dt PR
Mesol TN-4 £ x5 £k & B AT v Oh it J7 v H A& A R
G3HER N UG T HAL 2506 Hk AT 45 S5 728 48 LA DT
i VRN G 14 i B X — LA M i FH AR 1K inception
PR ST 5 7 4k r - b e DX S J) R A5 ) 2 B
AN —ELM =LA DI o SR Mesol TN-4 7 48 LR
I FOMM F1 Motion-cos %5 35 - 11 15 7 B 114 Th & 400 451
N, ph T TV e B R T AN U A XS tE A7 5
S fh TR B R o R B E AR A B )
R R SN R AL, T T 508 2 46 B 3 o A A [
PR Z A AT TR A 5846 . PR I TR 3 o B R
Az 1 DR AN 55 [ T T8 S e aok i v 7 A 1) O i IR
i, Mesol TN-4 75 4 F 58 57 FOMM £ Motion-cos 4= Ji%,
8 O 3 AR AR S A B T2 T Y R BR A, 2 Bk v
PRI A6 br 2 R

Multimodal-2 55 Xception 7E CHN-DF # FakeAV Ce-
leb H1 48 B3 45 ALK, 76 CHN-DF rb 25 54 b 45 SR A7E
0.52 AT, 3t At s 2R 19—~ ] g Jit AL Multi-
modal-2 5 Xception 52 155 AL 5 S0 483 ] 53 A
R TR T AT 55 h BB UE HUAS R AP 45 51 (A AT fE
S i1 T H A A R G AT 55 22 (8] Y ST 25 5
AN — 7 i T A ECHR v 79 52 2% e E N Bl 2578
o F3—J5 T, th T AL O A AT 557 K 3
FREE R, IR AR EHFEN R, X6
SECT A REATEIZAT 5 ERIPEREAN

WA, 7 T 1) AJKG: R A 917 A ARG 000 ) B v 0 A5
BRI Z RSO R T ik R MERE S AL, nTRERY
JE R AR5 T 4 T 15 v 24 B S 2R AR AR T 2
JIRE AR RY 1) SEUH, A2 5 AR Ak BN A £y
TR N2 R B e 5 W5 22 [ A AR DG S — S
TR o AR T RS (RS T o ) i B i , B 3 7
ARSI e 55 W 5 22 TR O %) R AL P X S B
K AL RRCR B 5 T3, T AR SE 5758 2
[F1] (1) A DG PR RE 8 by AR AU 75 A G DA i A3
T AR IR AL, PRt A PR 2 RORAE BN
IR ARAS A 32t v Z2 2507V B D RS I R A o

3.3.4  BEBARAEN; P EXS LS5

T VFAS CHN-DF $50805 42 1) JoT e A e B v A
G AW 577 EA G I A 78 ) 92 Ak R R AT 5 50l 4R B
PRI IEXT LSS o SEgR (il FH A MERBIAYAE Fake AV Ce-
leb F#EA7 Y1455 4E CHN-DF _E R4 03K i i 78
FakeAVCeleb [if47ill 5, LAY AR AL 2 2 N\ Ph i
P B8 23 A, 4E CHN-DF | #4732t g % 42 {1k
BT 55 I 2R B AN [R) 53 A0 B h i M e 2 3, A7 B
50 UEASS TR A T X A I ESCHE B 1) 6 A R A
[F] I} 7F FakeAV Celeb | 1 Il 25455 8 5 7 CHN-DF I
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Table 3 Cross-Domain evaluation results using FakeAVCeleb as the training set and CHN-DF as the test set
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Table 4 Impact of training on Chinese scenarios on detection accuracy for Chinese forged videos

Pl

iy DAz 0 2 B FakeAV Celeb CHN-DF DFDC KoDF
(1) (D) (F41%) (1)
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T L P SRR BT R A2 2R

DIFRENER AR, AIGC K& 151K 1%
A CAT 22 1) ) R AT A B850 B3 B, SR T A 1Y
ATCG Phts B ARAE AR ARSI T TS A7 AE /D[] R
(1) P N U 15 J0 [a) A7 A T30 8 PR TN R B 42
(2) A7 A Ehy s T 350 DX 3l 30 BRI A 175 100 5 (3) T i 52
Pk W mk e = 0T 5 (4) SRR sk shfE AR
F 4R 5 (5) = TGRS , AR O BRI S (6) %
B RN R 8 — B AR A BURR, 5 i B
g 5 (7) Phas I s = 7 5K (1% 4 Rl S, 25
BRI 2 B SRR A B SE  XR PR R
A R BA) FSLAE 8, [R)AF J PR i A AR 5 B S 2 2T 1Y
R, (H o J3E G 1 ik S RRAIF 2 5 SO0 s A 0 A5 8 5k
PE AEE SN s h & A R o R, X
Ry 1 WAT ) R, — 7 R 0 T DT I0 SR o 1
PES B , 5 2w B BEAR Xk G, B0 19 2 R A

A RS RARMEGRIIE B AR (1 4R B R i 1 5 1 25— X
PESFEI T FLSE SR . BRI A B AR I L
PR P S AN 25 L, AR S R A 0 o P e o A
T e i T A Sk A SBORE RS | el AT o Xt D A
INEEA 2 PP B T
2)IEE B 2R BB B AL O
ARG 51 S 000 R o v B = R RO AT B 2
FEAE T e LADRAIE , 385 Dh i SR B =2 A 5 22 Bl
SRR TR T B (A5 DT o TG vk 3 43 B NS
TR AN I e 2 R ST S5 T 3 s I
8 bl R Bk, JEHSEAE b SCRds i, s
YRR B ABRZ WIS W 205 5 Al
H 10 HAS [ DX R 2 AR i 1 e ik 7 045
St o ARV XURS A5 a0 1 k= AT E S B0
FEAEAE R R E H 3 B0 AR I AN L . I,



96

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 1,Jan. 2026

MBS 2R PRI T B AR , AR SC
Aok TAER EE DT 02—

3)bRA B Z HERPE . AR AT DA
DI o A N7 7 E A U AT B S A TG 3 R il A J
fith 2 b W B S A T B B R B T MR A A
28 SRR MU AR Al AE S Bhn A8 Bk = ERE ,
BIIEAERIE D 5 T AR BAEARTE AR
B I T RE S BOhR 2 A9 TR R — Sk, 4, %)
ATGC A1 Fy g ot O IO, N AR 2 th BAE 2
IR AR I B {EL b 28 ke =2 VS P PO 7 00 5 s T 2000 JEE
PRAE N, AIDRLIE (1 hs 28 i ZEARTE N Bt D 2R A
TRABTFERIG DRI AR EE N 5 Al B8 JG Ik HE ) iR
BIFTA Y o X EEAREE Y T PE A — B B &
S BRSSP R T i A 2 ke = R 1R Y
PRl

4) MELASRE O M o A A B O s 0
I v e = XV Tl B S v e L
VDb AR B4 (7] -t 25 25 AT in A e 28
e, ISBIFEARAS ORI F A, 0220 G R B Ot 2 2
SIS R B IO B AT B4 ME 2 45, B0 B By
DT 5y 52 BIRT UL BOT B2 X 2852 2 b 3
55 DA NG AIE B DA RS I P 00 R 1) Ay e e e e
VI 3075 BT B 2 2, 5 00 1 X B 52 37 5 i D ik
LRl RPN IS N AL

5 & i

5 ATGC ARG A3 A B A5 ) A B A7
S SRR PR A PREE R, AR SCER H 1T 1) A R A3 )y
DRI A R RS o SCRCHE PP B e, A T 16 A T
T Nz R0 977 O G 00 1989 R R A v SR s B ——
CHN-DF , SFCRN A 085 815 4 6 00 5 i £ R RUAS
SCEUE R A L AR SCHEAN A 43 1 #9 # CHN-DF % 4fs
B L rp SORCHE PP 0 (9 R L B x 3 0 B £4
R T R AT T HE S5, R HE IR R R E | 5
Wi Bz AVERE AT T AT 1 B A B A A
MI7 APy o BeAh, R iy S gt 46 Uk T CHN-
DF 80 4 19 52 2 P A T ELSE 37 5K A BT ]
NG RRAE 77 D ARG 00 F) AR RS i SCRCHE PP B o g
G BT TN D3RG i R 5 R O S5 0 AR BT fh
RIS | J A A R S AR B A G 0 45T 5 1)
Fefr o [, ASCE A T SN AR D G

S0 -5 PN 5 o >4 T T 1 ) B DA B RS A e T
16] , Fiv B Ry 3 2 A AR A0 977 D A 0 0 AR e
BB 5071

RRA R 3B W] A B - 5 T A AR 2 4% 49
BB, BRI A EHIER(CN-CVS 5
CMLR) 89 3k B ik 12 4 38 33 W 3 & 38 &) R AE &30 1)
HX, AT HIE AL T (O IEHIETL IR
AR 0 AR ) LR H B & |, 5F 1 £ AR F)
M. %A ,CHN-DF #% #% % & % & CC-BY-NC triL,
B EEACAREEAFHAFLEAN, FLH
A AAE AR LI R R sE-F &

%% 30k (References)

Afchar D, Nozick V, Yamagishi J and Echizen 1. 2018. MesoNet: a
compact facial video forgery detection network//Proceedings of
2018 IEEE International Workshop on Information Forensics and
Security. Hong Kong, China: IEEE: 1-7 [DOI: 10.1109/WIFS.
2018.8630761 ]

Babysor. 2021. Mockingbird [ EB/OL]. [2025-02-10].
https://github.com/babysor/MockingBird

BaZ]J,LiuQY, LiuZ G, Wus$S, LinF, Lu L, et al. 2024. Exposing
the deception: uncovering more forgery clues for deepfake detec-
tion [EB/OL]. [2025-02-10].
https://arxiv.org/pdf/2403.01786.pdf

Cerspense. 2023. Zeroscope [ EB/OL]. [2025-02-10].
https://huggingface.co/cerspense/zeroscope_v2_30x448x256

Chen C, Wang D and Zheng T F. 2023. CN-CVS: a mandarin audio-
visual dataset for large vocabulary continuous visual to speech syn-
thesis//Proceedings of 2023 IEEE International Conference on
Acoustics, Speech and Signal Processing. Rhodes Island, Greece:
IEEE: 1-5 [DOI: 10.1109/ICASSP49357.2023.10095796 ]

Chen L, Zhang Y, Song Y B, Liu L Q and Wang J. 2022. Self-
supervised learning of adversarial example: towards good general-
izations for deepfake detection//Proceedings of 2022 IEEE/CVF
Conference on Computer Vision and Pattern Recognition. New
Orleans, USA: IEEE: 18689-18698 [DOI: 10.1109/CVPR52688.
2022.01815]

Chen R W, Chen X H, Ni B B and Ge Y H. 2020. SimSwap: an effi-
cient framework for high fidelity face swapping//Proceedings of the
28th ACM International Conference on Multimedia. Seattle, USA:
ACM: 2003-2011 [DOI: 10.1145/3394171.3413630]

Cheng H, Guo Y Y, Wang TY, Li Q, Chang X J and Nie L Q. 2023.
Voice-face homogeneity tells deepfake. ACM Transactions on Multi-
media Computing, Communications, and Applications, 20(3):

#76 [DOI: 10.1145/3625231]



$£31%5/F£18 /2026 £1 A

g

=EL, RA, T8, £BR, 88, KRR, #iFE, DEE

T 150 A B A3 0 46 0 B K AAR Hp ST BG4 T B o

Chollet F. 2017. Xception: deep learning with depthwise separable con-
volutions//Proceedings of 2017 IEEE Conference on Computer
Vision and Pattern Recognition. Honolulu, USA: IEEE: 1800-
1807 [DOI: 10.1109/CVPR.2017.195 ]

Chugh K, Gupta P, Dhall A and Subramanian R. 2020. Not made for
each other- audio-visual dissonance-based deepfake detection and
localization//Proceedings of the 28th ACM International Conference
on Multimedia. Seattle, USA: ACM: 439-447 [DOI: 10.1145/
3394171.3413700 ]

Chung J S and Zisserman A. 2017. Out of time: automated lip sync in
the wild//Proceedings of 2016 ACCV International Workshops on
Computer Vision ACCV 2016 Workshops. Taipei, China:
Springer: 251-263 [ DOI: 10.1007/978-3-319-54427-4_19 |

Ding F, Kuang R' S, Zhou Y, Sun L, Zhu X G and Zhu G P. 2024. A

survey of Deepfake and related digital forensics. Journal of Image
and Graphics, 29(2): 295-317 (T Ug, E{ %, J#, 7k,
AR, AR 2024, BREEONIE B HIBGIERE R ZEIAR . o (6 15 5
FEIE 254, 29(2) : 295-317) [DOI: 10.11834/jig.230088 ]

Dolhansky B, Bitton J, Pflaum B, Lu J K, Howes R, Wang M L, et al.
2020. The DeepFake detection challenge (DFDC) dataset [EB/
OL]. [2025-02-10]. https://arxiv.org/pdf /2006.07397. pdf

Han YH, LiSY, LiuYX, YanZ L, Dai YT, YuP S, etal. 2023. A
comprehensive survey of Al-generated content (AIGC) : a history
of generative Al from GAN to ChatGPT [EB/OL]. [2025-02-10].
https://arxiv.org/pdf/2303.04226.pdf

He Y A, Gan B, ChenSY, Zhou Y C, Yin G J, Song L. C, et al. 2021.
ForgeryNet: a versatile benchmark for comprehensive forgery analy-
sis//Proceedings of 2021 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Nashville, USA: IEEE: 4358-
4367 [DOI: 10.1109/CVPR46437.2021.00434 |

Jiang LM, Li R, Wu W, Qian C and Loy C C. 2020. DeeperForensics-
1.0: a large-scale dataset for real-world face forgery detection//Pro-
ceedings of 2020 IEEE/CVFE Conference on Computer Vision and
Pattern Recognition. Seattle, USA: IEEE: 2886-2895 [DOI: 10.
1109/CVPR42600.2020.00296 |

Khalid H, Tariq S, Kim M and Woo S. 2022. FakeAVCeleb: a novel
audio-video multimodal Deepfake dataset [ EB/OL]. [2025-02-10].
https://arxiv.org/pdf/2108.05080.pdf

Kim J, Kim S, Kong J and Yoon S. 2020. Glow-TTS: a generative flow
for text-to-speech via monotonic alignment search//Proceedings of
the 34th International Conference on Neural Information Processing
Systems. Vancouver, Canada: Curran Associates Inc.: 8067-8077

Korshunov P and Marcel S. 2018. DeepFakes: a new threat to face recog-
nition? Assessment and detection [ EB/OL]. [2025-02-10].
https://doi.org/10.48550/arXiv.1812.08685

Kwon P, You J, Nam G, Park S and Chae G. 2021. KoDF: a large-
scale Korean DeepFake detection dataset//Proceedings of 2021
IEEE/CVF International Conference on Computer Vision. Mon-
treal, Canada: IEEE: 10724-10733 [DOI: 10.1109/ICCV48922.

2021.01057 ]

LiXR, JiSL, WuCM, LiuZ G, Deng S G, Cheng P, e tal. 2021.
Survey on deepfakes and detection techniques. Journal of Software,
32(2): 496-518 (AR, P4, RAEW, XHR)T, XA,
FEMS, 47 . 2021, Wb s SIS . BpF i, 32(2):
496-518) [DOI: 10.13328/j.cnki.jos.006140 ]

LiYZ, Yang X, Sun P, Qi H G and Lyu S W. 2020. Celeb-DF: a large-
scale challenging dataset for Deepfake forensics [ EB/OL]. [2025-
02-10]. https://arxiv.org/pdf/1909.12962.pdf

Lin C H, Shen C, Deng J Y, Hu P B, Wang Q, Ma S Q, et al. 2023.
Digitally forged face content creation and detection. Journal of Com-
puter Science, 46(3): 469-498 (HEERHAT , Phild, XB#ia , SHMGWE,
FA, B, %2023, BABRCECE AR A A A RS I A
PR, 46(3) : 469-498) [DOI: 10.11897/SP.J.1016.2023.
00469 |

Lin S C and Yang X. 2024. AnimateDiff-lightning: cross-model diffusion
distillation [ EB/OL]. [2025-02-10].
https://arxiv.org/pdf/2403.12706.pdf

Matern F, Riess C and Stamminger M. 2019. Exploiting visual artifacts
to expose deepfakes and face manipulations//Proceedings of 2019
IEEE Winter Applications of Computer Vision Workshops. Waiko-
loa, USA: IEEE: 83-92 [DOI: 10.1109/WACVW.2019.00020. |

Mullan J, Crawbuck D and Sastry A. 2023. Hotshot-XL [EB/OL].
[2025-02-10]. https://github.com/hotshotco/hotshot-x1

Nirkin Y, Keller Y and Hassner T. 2019. FSGAN: subject agnostic face
swapping and reenactment//Proceedings of 2019 IEEE/CVF Interna-
tional Conference on Computer Vision. Seoul, Korea (South) :
IEEE: 7183-7192 [DOI: 10.1109/1CCV.2019.00728

Qian Y Y, Yin G J, Sheng L., Chen Z X and Shao J. 2020. Thinking in
frequency: face forgery detection by mining frequency-aware clues//
Proceedings of the 16th European Conference on Computer Vision.
Glasgow, UK: 86-103 [DOI: 10.1007/978-3-030-
58610-2_6]

Rossler A, Cozzolino D, Verdoliva L, Riess C, Thies J and Niessner M.

Springer:

2019. FaceForensics++ : learning to detect manipulated facial
images//Proceedings of 2019 IEEE/CVF International Conference
on Computer Vision. Seoul, Korea (South) : IEEE: 1-11 [DOI:
10.1109/1CCV.2019.00009 |

Siarohin A, Lathuiliere S, Tulyakov S, Ricei E and Sebe N. 2019. First
order motion model for image animation//Proceedings of the 33rd
International Conference on Neural Information Processing Sys-
tems. Vancouver, Canada: Curran Associates Inc.: 7137-7147

Siarohin A, Subhankar R, Stephane L, Sergey T, Elisa R and Nicu S.
2021. Motion-supervised co-part segmentation//Proceedings of the
25th International Conference on Pattern Recognition. Milan,
Italy: IEEE: 9650-9657 [ DOI: 10.1109/1CPR48806.2021.9412520 |

Tan M X and Le Q V. 2020. EfficientNet: rethinking model scaling for
convolutional neural networks [ EB/OL]. [2025-02-10].
https://arxiv.org/pdf/1905.11946.pdf

97



98

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 1,Jan. 2026

Verma D. 2021. Multimodal-2 [ EB/OL]. [2025-02-10].
https://github.com/dh1105/Multi-modal-movie-genre-prediction
Wang F'Y, Huang Z Y, Shi X Y, Bian W K, Song G L, Liu Y, et al.
2024. AnimateLCM: accelerating the animation of personalized dif-
fusion models and adapters with decoupled consistency learning

[EB/OL]. [2025-02-10]. https://arxiv.org/pdf/2402.00769v1.pdf

Wang Z D, Bao J M, Zhou W G, Wang W L and Li H Q. 2023. Alt-
Freezing for more general video face forgery detection//Proceedings
of 2023 IEEE/CVFE Conference on Computer Vision and Pattern
Recognition. Vancouver, Canada: IEEE: 4129-4138 [DOI: 10.
1109/CVPR52729.2023.00402 |

Wodajo D and Atnafu S. 2021. Deepfake video detection using convolu-
tional vision transformer [ EB/OL]. [2025-02-10].
https://arxiv.org/pdf/2103.01325.pdf

Xu Y T, Liang J, Jia G Y, Yang Z M, Zhang Y H and He R. 2023.
TALL: thumbnail layout for deepfake video detection//Proceedings
of 2023 IEEE/CVF' International Conference on Computer Vision.
Paris, France: IEEE: 22658-22668 [DOI: 10.1109/ICCV51070.
2023.02071]

YanZ Y, Yao T P, Chen S, Zhao Y D, Fu X H, Zhu J W, et al. 2025.
DF40: toward next-generation deepfake detection//Proceedings of
the 38th International Conference on Neural Information Processing
Systems. New York, USA: ACM: 29387 - 29434 [DOI: 10.5555/
3737916.3738841 |

Yang G, Yang S, Liu K, Fang P, Chen W and Xie L. 2021. Multi-Band
Melgan: faster waveform generation for high-quality text-to-speech//
Proceedings of 2021 IEEE Spoken Language Technology Workshop.
Shenzhen, China: IEEE: 492-498 [DOI: 10.1109/SL.T48900.2021.
9383551 ]

Yang W Y, Zhou X Y, Chen Z K, Guo B F, BaZ ], XiaZ H, et al.
2023. AVoiD-DF: audio-visual joint learning for detecting Deep-
fake. IEEE Transactions on Information Forensics and Security,
18: 2015-2029 [DOI: 10.1109/TIFS.2023.3263748 ]

YuZ T, Zhao C X, Wang Z Z, Qin Y X, Su Z, Li X B, et al. 2020.
Searching central difference convolutional networks for face anti-
spoofing//Proceedings of 2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Seattle, USA: IEEE: 5294-5304
[DOI: 10.1109/CVPR42600.2020.00534 ]

Yuan S H, Huang J F, Shi Y J, Xu Y Q, Zhu R J, Lin B, et al. 2025.

MagicTime: time-lapse video generation models as metamorphic
simulators. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 47 (9) : 7340-7351 [DOI: 10.1109/TPAMI. 2025.
3558507

Zhao W X, Zhou K, Li J Y, Tang T Y, Wang X L, Hou Y P, et al.
2023. A survey of large language models [ EB/OL]. [2025-02-10].
https://arxiv.org/pdf/2303.18223.pdf

Zhao Y, Xu R and Song M L. 2020. A cascade sequence-to-sequence
model for Chinese mandarin lip reading//Proceedings of the 1st
ACM International Conference on Multimedia in Asia. New York,
USA: ACM: 1 -6 [DOI: 10.1145/3338533.3366579 |

Zi BJ, Chang M H, Chen J J, Ma X ] and Jiang Y G. 2023. WildDeep-
fake: a challenging real-world dataset for deepfake detection [ EB/

OL]. [2025-02-10]. https://arxiv.org/pdf/2101.01456.pdf

EE =T

DUBH 55 BIWFSE B3, 1A 0, SR SR 1) S R A
AN HIER . E-mail : beiyj@zju.edu.cn

BASRAE AR, U3 1, BT T ) S B 42 4 A R
MR . E-mail : tonyhu@zju.edu.cn

Zetasin, 55 WL WRIT A RS T ) S TR 2 ) B A A
. E-mail : hengrui@zju.edu.cn

R ve L B PR AR R U 8] R S RIS
>J o E-mail: gaokw@zju.edu.cn

RN AR A 0, BTy 1) A LA e
AL GE. E-mail:sjie@zju.edu.cn

FR L L WO A I, BT 1 N TR e
EFEHAIE . E-mail : wangrui@iie.ac.cn

GRS RIBEE A W, ST T ) S KRR A
FHEYL . E-mail : jinch@hzcu.edu.cn

WAL VR, A2 S, 32T O 1) R A
E-mail : jasonlei@zjut.edu.cn

RUIEE, 3 B0, A 0, BRI 1) A LA e
FHLER2#2>] . E-mail : songml@zju.edu.cn

G T R BUR T A I, EFERESY 5 1] AL

3 E2ERA% . E-mail : zunleifeng@zju.edu.cn

4l



