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Abstract: Financial technology has greatly facilitated people’s daily life with the continuous development of
computer technology in the financial services industry. However, digital finance is accompanied by security

problems that can be extremely harmful. Face biometrics, as an important part of identity information, is widely
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used in payment systems, account registration, and many other aspects of the financial industry. The emergence of

face forgery technology constantly impacts the digital financial security system, posing a threat to national asset

security and social stability. To address the security problems caused by fake faces, a forgery face detection method

based on multi-domain temporal features mining was proposed. The tampering features were distinguished and

enhanced based on the consistency of statistical feature data distribution and temporal action trend in the temporal

features of videos existing in the spatial domain and frequency domain. Temporal information was mined in the

spatial domain using an improved LSTM, while in the frequency domain, temporal information existing in different

frequency bands of the spectrum was mined using 3D convolution layers. The information was then fused with the

tampering features extracted from the backbone network, thus effectively distinguishing forged faces from real ones.

The effectiveness of the proposed method was demonstrated on mainstream datasets.

Keywords: face authentication, Deepfake detection, temporal features, multi-domain features

0 5|5

B8 & T EALE AR RN T3 B AR AN Wb 2B
fift, Ww2ATRIRBENT =M.
PR S SRl IR 5547 Wb 1) il & Al R HAE 12 1 4k
BRI R, SRfri. BeeEEER 7 A
MTHEAFRFEN, FEEEZZ2RE. St
B A RRELK, ANRAEVE BN MR HEE
S ER, RIS RS KSEN. TR
WEHMAFAENEZELIE, EFK, HTIRE
FOIEARBIA W B AL, N iE i X Eom
2, NI O AR s 1 R AN, 8 0 3 5
RN O 32 43 AR 1 4 P A1 N T B 5 R A A0 B
BA R NG IIE RARE ST, W ERlik R
AR FE N R Al B 55 BB A R o L RN By
%7716 H Deepfakes''l. Face2Face”. FaceSwap!”
&, fE 3D TENECRIINEE T, A RIFHIE SIS
(1) 3D AR RERE Y, I HEEAHEHAR
PRIEBAR AT EEL TR FAF R, R i
INSER YN AL ER SHEI Pl A b e 1
o N T RO PG N SR 22 4 /L, BTl
18N R AR A4 B

A B F G Dy v 32 BAKFE T AR vt
iM% (GAN, generative adversarial network) 1.
A5 5% [ 4 fib % (VAE, variational auto-encoder) !,
W IR L PIE AR (Deepfake) . A A= it
PO AE EUR AR Nt XU S 3 54T 5%
R IR, O R ) I A AR D
A=A NI OhiE T k5% Eal Lok R4
WAL B B, KgAK

SRR PEREAT A, k. R BCIRSE
BB TR N B A B, MR A AaIE. A
I ) 4 4 A RAEBIE T U 20 0T, HOE,
AN 4 SR A ) R B N5, R
ik B AR RE I R — ATy, Wkl W
FRE S, EILEOR AN 245 F ) BE 2 i R 5%
RS BAE IR B R, MIRESEFENTEIT N
A, EE BT S R MG R AR E . BiRAD
YN E= 20 e SNV S il 4= R ST PN
o N5 00 FH AR 2 fe T Ak A LR
U RAZREAS G B BUA W U5 . BRI AT I, R
NI D& BAR A B 2 - i 2z R R R
€, T HX A2 2 A NEFRAAE )
AHIHIFZ

SRS, P N I 7 v AR HRod
& o AT IR 7 vk E N A A e D R .
Phad 28 LA S e AN — 350k 3 A5 T K . 5
s O 52 AR I it NI AE A2 O AR AR ) —
SRR, AIREEE AR — ST, PR Bk
SRS R R HBAEREY . Easnsg
R B T S B D ROV o U O it R 2 A4 R
XFHUAL A 2% AE SR FEERAEIN 5N S ORI,
TEATRE h 2o A 5 R fg 22 5100, PR AR A A He
BEAE N EBUR %A (DCT, discrete cosine
transform) 25 HiL {8 BLIH-45 4 (DFT, discrete fourier
transform) F1ESHU/N AR R . BT 90U 5 UR 78
BT P IREL SURIE RS, FEEAT AR5 &0
18 N ARSI, N ATISRRAGE 2 — P 2L
J7 M i AR — S 2 TSGR o 2 1) Fr
FPARFAE, 8 AR 3 N AR At 5 15 A A



38

RABMSE: BT 20N PR AEFZ AR A Dy NS 77 v <125

S 1) BB AR 25 5, SR IR R 2T Sk
XSRS N A B AR, SRk
Pt N s ] 4 B o

PN B v b UNY okl ey X il ok ioall i)
%, JE I IR EE S SR L SRR, 2R AT
S A A5 SR ORI FH i (] B 7 R AAE 1) 22 it
Rl 7% CRARAE, (AR EZEBRERE L
JE AN S A BRI AR, 2 T AR 4
PRI PR, R, 50 77k R E I B i)
ZERLARM P2 98 A RS R, XA B R
B—ERIEST. T, ARSCB FRHE— S
B R, S T —FhEE T 2 1 PR R 23R
Oy N A 7% . H 5%, EA Ry E N
BIINE, R PE D IE 7 2 R AT Re AU B LS AR
im0 A, AH T AT EEE 2 R RS T,
XGRS L R AT AR A R A R R, Dy
IR 8 23 A 5 S NI R 88 o A AR A — 8
Z 5, I BARMECRFF AR b B9 Nl 70 A — 2
Fek, Ohite NIGARA G 32 52 N AR 72 52 2 1)
PG, NS VEAFERRE . AN 1) 7] 2
RN Phi& N ARARLE Iy EAEE G TR Ak 20 29 AT
A —BUEF B EES EA . Bk, &
IR T S AR A2 IR (STFM, spatial
domain temporal feature mining module) 1453k}
JFRFAEZ 8 B (FTFM, frequency domain
temporal feature mining module). STFM X J 1
1242 (LSTM, long short-term memory) 8 pj &
FOTHET T8, % ST-LSTM Pk, AR
RN GIERRRRVA: Vi SR 8: ikt PN mea'eLitd iR AN
SN AR I FPRAAE . IXFE ) 2 H 12
R LA AN AT E PR AR Bl DA KOG N i
PR 3 AT — BUE R IR . 2SR PRI E () 2 38
I PP RFAIE 5 3T W9 2% A BRI RIS 2 R AR AT i
G o AU I S B 3 B AR AR I A
SAEHARE A B — 2, HEAH R E N,
NGB R g RN . PRk, FTFM AT LAFES
SRPRATIAR R B0 73 A — BRI R, 8 e A
FRMREN, e EITERE . AT
TEEZA TR AR EEEE RIS,
E ARSI TV A R

KRICFHRITIEAR UL TR © ik 7 —

FidE T LSTM 2 3 e R AL A2 m A b, A )
HH R I AL AT A IR . @ RN
MEAT OIS 45 5 I PP, BTk 1 — Al
(RYRRF PP R AL 42 41 S B, 3 i 1 TR A RS E 1
©® EZANERAR GRS LRI T, B
A4 RN

1 HxIfE

1.1 ARERERZE

F M GANUHT VAEPIAR HOE AN e 3%, IR
FE NIt v R e ik, I 7 AR 2 B2 Ak
T N R ERAE A TR, JF HAOE
BN A B S . Face2Face™ g — it 1 &
ERMIE, T B AR SE I, 8
o BRERIEALARR AR AL G T RS,
TS NGB T H A AT, A B AR A
15 7 A R AG SR, & o & 1) B AR LA -
FaceSwap™ [d] B & —Ffh 3 T EE B %k, 5
Face2Face A A&, FaceSwap /&% AKX 38350
a3 WA F2 1) B ARSI, (ERRAERS, Botand
TSI NG O e SRR A G TR X 45, SR 5
i N MG B /I B S TSR R = 50 D B i ) 1)
ZE5, a0 N2 A AR 1) T S dE AT
&, HEGIG, B2, NeuralTextures!' 7 VE7E
X EUG AT EER, BRI EE 3D 5 BHA
63, B, fEESEMEGERET, FIMGRER
fEAN AT 3D {5 B R ER T IE A his IR s, A
T A s B P v ot = AR

Ak, TREES )R R AR A i e B8
T3 B RIS AR 1S N4 5« Deepfakes! 1 1 2
Fh 2% 7 ST SR G X IURR A, FE R A 2% P A2
B Liu 25V HR 1 T —Fh3EF Coupled GAN
(1) 70 M B 1) AR B UG I 4 HE 4, 3X /& Deepfakes
BV FEERY . Karras 252 1 T ProGAN HF2E
4 P B o StyleGANUFT AdaINPOR 4R H
545 A B vl LA AR R A $8 8 R AE I N BB
(gt Bt Hidhas). Li PR T R B
(A HE S B — B B AR ol e B S g 4 i P 15
55 B BN B8 — [ B AR i A B Sk A
SO o BE A R B ) R B R R AN W
e, T GAN 45ROt 772 AH 4k B,



+ 126 ¢ W 2% 545 B 2 ARk

H9%

It H Pl i Nzt R IR e DLy 9 o bR 27ERR A AL
B AR5 R R 5 TN, hid NG
FARFFEAW AL TRETIERTH, AT
Y it SRR E AL ARRT, X hiE N A
FE AR IR F A PR 20 H A B

1.2 A& %

TEN I B 3 H ARG K R R, B i A
R VERGEIR I, X R K 2 BN kR DL
PR MURTERFAE, X4 ANFEA AT BRI .
TERTMEE AR e e 2 40, Al i (= Ak 1) g i
LT N T HRRAER 2k o IR Dy s [X 3
HTBOKR TS BG4 B 2 Ta) 4 3 ) A — B
PEo TERCINOYIE NIRRT, %R T3 (163
RS AR AR —2 g Sk sh (), I
TEARALIR0IE BN TR AL FR I B 5
AR LS B AR RN O k. SRR, BT A
T R RTR B 2 STHOR s R e, R P R
22 28 AE 2 3 P AR B R T 2 A = 25 B R
Dyt NI 7 iE R IS, Xeeption'™ j] 44 77 1)
WS T IR A2 BB . MesoNet™™ U1 F
PRAN R 2 I 285 3R EME R A IURRAE SR AT VR Oy
AR . Nguyen 2515l 7 — i) P i 9 00 4%
SRS B 2 1 v . Li A PONE I e E K £
BN T R R AR R G AE, R T —
FlHT 1 4% R AE Face X-ray, K KIRTF 7 407
I ACTERE . (H, TR A B 42 i B R 12
FEAE (R I 7 VAR 4% 5 52 B B 4R T 1 R
Wi, JLAE— Sy e 4E AR5 IR A AT A
e N R

2 RS BRI S AE AR 5 11 P 3 AATURSE W R
ABAFIRRE M, L I T —HER] P AR
SRR ) it ARSI 5325 . Durall 250382 78
FIFH DFT B M A BI85 2 5, “FY3k1
(1 8- Ay $i M P DA 40\ B 5 A 1 57 15
2o FPNetP2 ) FF A [ (8 B4 M sk 1 2 2K 42 38 A4
s BRI, BT AS O i ARG . Liu
OV SV v 2V SURFE I R, FEES T B
FERRAEAEARAI 1S A 8 R B ORI, 32 Hi 1 SPSL
TE5 BRI AR AT T AR PR o AT P B2 AUy
FUE PRI P A 28 i AGI J7 92% FR HE RF P R A 1 55
HRYE TR KIER . SRR, T F—5

PERIRS I T7 iR A 48 B, 5 2 BT Sl 1) 7 VR AR T
N T ARYZIR BT FPRRE, %807 V00 B T A
Fr BEHEAT O G NSRRI . Giiera S04t 1
— PP A& i, RIS RRE
PR 2 FEEUMIZAFAE ] PSR BB AR AE R R
g Mm%, Ho ZPYRE T — Rl 5 2
(two-stream) FHFRNLS, — 73S RFEHRMURFLE
0 S RFEPAWANELS FPRIE, a4 8o
SR RBEATASA BB IT . Lu S5 TR
FRVE B TN AT 2 35 4 3R O N i A7 7
(1) 72 )R S AN (R RAE, b TAS AT S Dy L o
7 R BRI 7 R AIE 75 L 22 (1) A A DA K
ATUE A PRI R IE R B 2, AR SCHR T — bk
T 238 PR 2R 1 D i N A v

2 ETZERFFEREN TG A

ARSERVE I PR AR 1 K PR LR Bt 7
fi. Bahia® b —8tk. A AR DS 7k
FEAT NI AR, 8 KU T G IR AE
B, SRERMIEPTAE RN RAE ARG SiEE
ST T AP R 1, A5 D as N7 RS R B R sk
P AR AE N R Dy 3 I 2 T 40 5 S Bl
A, ZASE R AT St 5N — L EL S N
B P AFERI Y, A EHERIARS . MR AL
LAFEIRGE S, S35h, Dhig NRAFETT 22K,
FEF Ui NSO, M fLAE XRS5
NI BB AE S TR ] PR BIL A HdiE A A28
FERF 7B, ARG I S NAAEZ IR . 13
RS T, DGR e — L
=B FET 0k, R FRHAE 2R AR T
PAARLIX 7y S NS A Oig Ao

ARSCHR B Dy N A I 5 5 2 B 4 22 3
I PP 2R A R ATk PP R P24 A Bk DL K
FFMLEE . BT RXT FREREAT R,
AT LA B 7 2N R 2%, A e bR ot
(¥) LSTM! M HEAT I P ARFAEF 248 AR 3K s (RBP4 00
PN A AR FIR, A 3D B A
WP BRI A5 R, e B TS
B SLECRAEHEAT A 1Y 9, TR Dy LA
3R HeT 20 B PP AR A2 30 1A Dy i A\ AG
HEZRANE 1 o



3 KAV BT 2 W PR EFZ 8 0 O N A I 77 v « 127+
N it
- H ", & m, ®
®x T ®x ®E kx & x% I
‘ —»gﬁ,—»g g%—>g‘%—>g‘%—>§&é>§%—> —»%—»
2 = g P R gR N 4
;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;; \:
|
P :
0 |
|
|
S %
~ 2= &
., R ]
3D Wa i
W N |
|
|
|
|

BRI AT Z AR

—_——

B T RN R A2 A ) D ARG D HE 42

Figure 1 Framework of forgery face detection method based on multi-domain temporal features mining
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i NS R IAE S R IR, WA Rl 77 %
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I A 0 B 7925 FPNetP 2 3 BE7E 470 rh 2 4 Oy
W& MURRE s REMMYFI Multi-attention ™ 1) 58 H!
R RE T XHER AN RA . B EJUR I
LI B Dy IR 7V, AR ST VA FIRE S 2 i
K 7772 (RNNEFI Two-streamP*) 3347 7 %F EE,
Horp RNN 3 2R FH 06 26 v 22 0 2% 1) AR
Two-stream WIBEAT X5 07 Zveit, —7>CH
SRIEAT MG DGR, 5 — 43 S X 43 B
PR IEAT I 25 b 05 B AR U, 7E = 4 2
FRATURSE WU 4 R AL A o

X B SE56 1 S 7E FaceForensics++H1 Y 4 FA4
F RN PG a5 Fidk AT, T s R 4 AL
FERTIIAT 55 v B2 5 K, B R AA BLASE 2R ) R e ek
AROCERFEAE LQ MU & T AT 9000 . AR 45 AT
LISy, il as T ARSI AN i g i s i e L, K
o, MR RI EE R R 1 Fros. MR 1 FRRrLL
B, ASOOFFEAEMSZAEN T, ACC M AUC
FabR-55F LT VR e 5 SR O s B Ak,  h il 45
RALT-IRARES 5 S A I 25 AR AT,
AR SCH2 R () 7 VR AE ARG ) Ay N e s 4 5%

P EAAIR KIS, Friki) 2 8 P RHE 288 77 %
B8 A 80 3 D 18 A AT TR ) AN — PR R AIE S 4
BRI S5 AT o X Tkl 2 5, sk 2
Fiis, BT8RO iEAE Mg I b FAE S, R
) A& % XF Face2Face Al FaceSwap hid /712, 1HX}
T Deepfakes Fl Neural Textures £Aig 5 2 M| i £ i
&, TR, AR SCTVEE — e R X i\
i 23 S AT (A SRANE 7R 4y, S EE T SR A A
M ] (1) IS) PP ARRAAE 17T 22 250 iR I 7 925 A A
AT AR 1 25 S5 P P 1 SR ZE LA AR R A B R
o MWEEARSZIRZE R AT LA H, Al Wil
ARSI AT, A T7 % 0] LA RO 3R 2 A
ML ] (RS P45 S, g T ok S A 0 77 V] Bt
REAIE PR 2086 5 RE 8% 18 ik 4248 A0 At a) B o3 A
() — M LA R N RAG SR RS, SR 5 th
18 NGARAT R T 5\ 7S 040 DL R AN P U ) B4
Flahst B N R ORI, 3 A X O A
J: RAIEEAT ) )

AL FIFETE Celeb-DF Al DFDC $i#i 48 ik
1T 7950 Rllgs Rz 3 Mk 4 s, &

# 1 7f FaceForensics++##E& £, RN T EMMITRIENLER
Table 1 The video-level performance of different detection methods on FaceForensics++

Deepfakes Face2Face FaceSwap NeuralTextures
ioRUlRrS

ACC AUC ACC AUC ACC AUC ACC AUC
Xception 0.967 9 0.976 4 09179 0.9317 0.960 7 0.970 5 0.8179 0.823 6
Multi-attention 0.978 6 0.9820 0.946 4 0.955 4 0.967 9 0.976 4 0.8179 0.8389
F*Net 0.971 4 0.978 5 0.946 4 0.956 0 09714 0.974 8 0.8357 0.846 4
Two-stream 0.946 4 0.9800 0.864 8 0.9400 0.8527 0.9400 0.800 5 0.900 0

RNN 0.8170 0.860 0 0.708 5 0.770 0 0.668 3 0.760 0 0.6910 0.780 0
ES@IR7 0.9750 0.984 3 0.9429 0.966 8 0.9714 0.980 4 0.8179 0.8719

TE: IR b A R SR A R

%<2 7t FaceForensics++¥#B5& L, EIHNTF AR M LER
Table 2 The frame-level performance of different detection methods on FaceForensics++

FRIZIEFR AR SEIRES R, R,

Deepfakes Face2Face FaceSwap NeuralTextures
7 1%
ACC AUC ACC AUC ACC AUC ACC AUC

Xception 0.945 8 0.986 8 0.893 5 0.960 4 0.924 2 0.978 0 0.743 5 0.8124
Multi-attention 0.962 3 0.9922 0.897 6 0.959 6 0.942 5 0.984 5 0.771 4 0.845 7
RFM 0.9524 0.992'1 0.894 0 0.956 1 0.928 9 0.980 0 0.748 3 0.8229
F*Net 0.963 3 0.992 9 0.899 3 0.963 0 0.945 6 0.980 7 0.774 8 0.853 0
ATV 0.954 1 0.989 1 0.905 6 0.9615 0.943 2 0.978 6 0.769 3 0.8398
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W BOR BEIF ) Celeb-DF #4545, A 37K IH &
B, A T B A 45 R
%3 TEMTTATE Celeb-DF s FAIRMLER

Tabel 3 The results of different detection methods
on Celeb-DF dataset

ACC
e g7 ik
Mg AL
Xception 0.978 0 0.998 1 0.9923  0.990 1
Multi-attention 0.986 3 0.9952 09903  0.9887
RFM 0.9809 0.9979 — —
F*Net 0.987 6 0.993 9 09942 09916
KRILT 0.984 5 0.997 4 09923  0.9927

£ 4 AEMNFETE DFDC #HiEE PRSNGSR
Table 4 The results of different detection methods
on DFDC dataset

ACC
Kol 7 \
i W%
Xception 0.889 1 0.960 1 0.898 4 0.897 8
Multi-attention 0.9102 0.9753 0.9219 0.9396
RFM 0.900 1 0.967 3 — —
F*Net 0.924 5 0.977 8 0.937 5 0.924 5

AT 0.8950 0.958 1 0.890 6 0.928 9

MAS[EAE I 75 ¥2:7E DFDC #dis4E b ks 45
R LER O fJUEY, RONERRI—K,
XA W DFDC #dfa 5 it NG FT o (1 LB /0N
BAFHRIE AR Z R, W RORE L, A
WIS HE B2 iR Tt ISP AE BAE T SR HEFE 1S R,
I EARSCOTVEAE S WU AT 73 2N, RRZH
PR R, IS TR PP AR B R A 3R A
oy, Bkl g R A, AEASTIT V1 e
IHEE T Xception A J77%, R A Frie 7
LA R

A, WMz MR, AXE
FaceForensics++44f 4 _F X 34T )12k, SR
1E Deepfakes il Celeb-DF £ 4 b X A= A 47
W, BL AUC febrRxf e iz At se . Bk
PL HQ H) FaceForensics++#4 8 Al ZR4E, AT
TSR, WG RWE 5 s IWGRATLL
B, RONEAEEFEMERE ERIRH, 2k
Rt THI A, KA IR B BIERA RIFRIZ
tetkge, BAARMARMNRIE T ERR . A

T WA AR ST VA AR S B AR 0 A 15 2 74K
IHEARGEMZAERE. B&— 2P+
BEJ), [RIRETE LQ MMM N ¥eit T B8 SE5
REE RN 6 Fron, (RS 18 e 5
b, ARSCTTEMKIA AT LAEAS 0.728 7 1) AUC i
FRPERE, X b7 VI 1 B ) il 2 AU (1) AR
ZEN TR, RHTALHEASE—ER
ENE.
£5 FRENSENEEIBRRUZER (HQ)

Table 5 The cross-dataset results of different
detection methods on HQ dataset

AUC
5% (HQ)
FaceForensics++ Celeb-DF

Xception 0.9851 0.673 1
Multi-attention 0.994 3 0.647 0
RFM 0.988 2 0.697 3
F*Net 0.9953 0.6352
RILTVE 0.992 6 0.767 0

%= 6 ARG EMEBESIEMNER (LQ)
Table 6 The cross-dataset results of different
detection methods on LQ dataset

AUC
R J57%: (LQD
FaceForensics++ Celeb-DF

Xception 0.904 2 0.6171
Multi-attention 0.924 6 0.5950
RFM 09100 0.6359
F*Net 0.933 5 0.620 4
@RS 0.927 1 0.728 7

3.3 HRRSEE

AF57E FaceForensics++ (LQ) #i#E 4 L X+ fr
WITHIBE, AT RGMIERSER . &%, T
0 N X 25 v A 2L AR AT P PR ot B8R 4TV i e B
WS L FEAS A PRI ARG ] A5 70 B A 1 e 1) 5
Wi, SEIGZERWER 7 s, i gg, R
S5, A ARLIMUECH 6 B, BT IA 2 ik
R B Ak S ey, Al S R %A B
Tt M RHAT M, M LSTM A & 251 FF
R, ERKRNFE SRR, X Tk
YET RSP R E R, A ENERER,
DRI G 24380 7 i s, AR TR A B (1) 5 SR SR THE
HAMR; WrrgeB amiEsEine s, FRIIR
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FTTErXEIAME, Frig75SA7E FaceForensics++
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Table 7 For the frame number of input, the ablation
results of the proposed method on FaceForensics++

ACC
i %
Deepfakes  Face2Face  FaceSwap  NeuralTextures
4 0.948 6 0.901 6 0.948 6 0.760 4
6 0.954 1 0.905 6 0.943 2 0.769 3
8 0.9526 0.903 2 0.9420 0.765 6

FENOR, X i H A 2 S PR R P2 R AR B
PRSI PP R AZ IR A DR AT T R SR e, SIEIRon HE
MWENET ML ET WA PR EF2
W CETHEE . ET RS AR PRS2
(CET+HHUED T T RIER 2 380 P AR e d2 3 (o
T2 O AZAN SR AE S AN 6 (1)
TR0 AT SEERERWIR 8 P, (LI Fy
R P23 AR SR AT N P R (I P2 30 AR B B g st
i, SETMEML, mMrERERH — e’
XIS 2 S B A AT R R
41 PRI P fest s SR VY I R DR PSS X e rok
HORIITERESR T SR, LT S AR A (1
PV R 3 AR AL, (L) B 4 2 SR P9 Hi2 B
BRI A5 25 T R A SR AR A RS AR AT

FlG Iy, AT DAY PR R — DR T, IX U
X ARUEAR B AT LA 78350 3 T 4% B T
MBS ARG R E BRI, (1R A I v
BT S BRI B A A B e S R /)
fII L, A] e S AR N E B2 A TR R,
T AR RAT A Gk (1) — K7 ) o PR AHL W R S B
MANIEN A8 S e 1 Fnise v 7 VR A 381

ARSON T 2 U PP R A2 P B R A g
I AT T IH R SIS, 78 3 T P 2% 1 R Al
H5HEEEH ST-LSTM ZEA B o T4 st .
SRR RN 9 B, RS SRAT T, A
P2 1 S PR IE A2 I AR S AR L R B e B
T HZ AR (8] PR R4, Dt AR A3
RS R, MR UE T AT 2538
IS} PP AR AE 324 AR R I AR 41 R T T A K AT
Pt .

4 ZERIE

AR S MAIATUMT (B A7 AE R IN PARRAE Y, $R
T MR 2 R A2 A 0 Dl A A Ty
%, RSO a2 N 28 A BT BL K 3D
GRERAE, 2 I 2 IBMBUE N REAT I R AR5
WA, IR SR BRI I RAIE 5 T R 2% b R B
D3 SRS AR Rl DASE A Rbctoer I O i A B o
FEEAT I PP RFAE SR BT, A S0 P 6 25 SR AIE
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Table 8 For each proposed module, the ablation results of the proposed method on FaceForensics++

Deepfakes Face2Face FaceSwap Neural Textures
pogicE::h
ACC AUC ACC AUC ACC AUC ACC AUC
FEF 0.943 4 0.9839 0.8933 0.9549 09328 0.973 7 0.750 5 0.826 0
FEF+g 0.950 4 0.9900 0.904 3 0.964 1 0.9417 0.980 5 0.759 0 0.836 6
FFHIIK 0.945 1 0.990 1 0.896 9 0.9627 0.940 2 09789 0.750 0 0.829 1
FF+2 0.954 1 0.989 1 0.905 6 0.961 5 0.943 2 0.978 6 0.769 3 0.8398

RO SHMNTHNFFHEZIRERERER BT, IR FaceForensics++EiE5 EHHRSIINEE R

Table 9 For STFM basic cell, the ablation results of the proposed method on FaceForensics++

Deepfakes Face2Face FaceSwap NeuralTextures
X HEZH
ACC AUC ACC AUC ACC AUC ACC AUC
ET 0.943 4 0.9839 0.8933 0.9549 0.9328 0.973 7 0.750 5 0.826 0
FEF+ST-LSTM 0.9412 0.9875 0.898 0 0.9580 0.9360 09751 0.754 9 0.8412
FET+STFM 0.950 4 0.990 0 0.904 3 0.964 1 0.941 7 0.980 5 0.759 0 0.836 6
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