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Combining multi-view learning and consistent representation for

face forgery detection

ZHANG Jun, YU Miaomiao, YANG Jiaxin
(Laboratory for Big Data and Decision, National University of Defense Technology, Changsha 410073, China)

Abstract: Most of the existing face forgery detection methods usually achieve acceptable detection performance on known attacks, but still face

the risk of overfitting and fail to maintain good detection capability when dealing with unknown scenes. To solve this problem, an effective face

forgery detection framework based on multi-view learning and consistent representation was proposed. To capture more comprehensive forgery traces,

the input image was transformed into two complementary views and a dual-stream backbone network was used for multi-view feature learning. The

consistency metric was introduced to explicitly constrain the similarity of local features output from different viewpoints in a patch-level supervised

manner. To improve the detection accuracy of the model, the feature decomposition strategy further optimized the forgery-relevant feature to reduce

the interference of irrelevant factors, and the decision made from the forgery-relevant feature space was used as the final prediction. Extensive

experiments on benchmark datasets show that the proposed method outperforms the existing mainstream approaches with good cross-domain

generalization capability.

Keywords: face forgery; frequency features; multi-view learning; consistency metric
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Fig.1 Overview of the proposed method
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H T PHERIERE A = AT SR
S EIEATSEE0, 43 & TIMIT ( DeepFake-TIMIT ) ™ |
Celeb-DF™' ) &% FF ++ ( FaceForensics ++ )[34] o
TIMIT 42,5 5¢ T 32 DX R 1 320 DA,
LIS R FS(FaceSwap ) S35 JEAT 2Lk, I &
AT AL R R (HQ) FIER B (LQ) A RRA
311 640 A i A4 ; Celeb-DF Hy 590 A4~ 546
AR S 639 A~ i+ 2 (1Y) DF ( DeepFakes ) 55
A R v o DR 3k MR 5 FF ++ 650K B
YouTube [ 1 000 4> Ji 5 #LA R B, 54> J5t 4 ¥
A 4 2 B R Ph i R AT B ——
DF \F2F (Face2Face) .FS A fx NT( NeuralTextures) ,
114 000 A Phss WA, BT A7 BUATER Hy = F AN [
P8y 1 4 15 ) A T Ok, 20 i) 2 0 (TG4 ) | e23
(o BT ik B EE T 445 ) 1 40 (IR S o o 8
%) o

TEFE G S50, 46 B TIMIT %i4fg 46 o 44>
PRI 20 Wi, 231 6 400 > ELS2MiAT 6 400 4>
Pt i; AN Celeb-DF Hr4 Bt 40 000 > FL 52 ot 71
40 000 >k i ; B HLEEH FF ++ [ 15 000 4> K
SN 60 000 Ay 3 it ( 4 £k 575 15 000
i) o > EIZ UE i OpenCV 1 21 35 73 26 4%
CascadeClassifier HEAT A DX 385 (1846 I, A6z 00 21 1)
NIGHE e vpoCs ) SR — 7 19 4% 80 ( TIMIT ly
1.1 %, Celeb-DF #1 FF ++ & 1.3 &%) 3%V,
3.1.2 Sikm

SZH S Pytorch SZBH, 76 Mi 4~ NVIDIA GPU
GeForce RTX 1080 b#EAT YISk, I TR %%
Xception S 7 TmageNet ™' b Fii)I| 25 A4 T 4 74)
WAy o T Adam"™ R Ak 2%, 1 B2 2T R
BEE g 20 2L 10 AR 2 > 0
0.1, b R/PEE Ny 16, SR JE B E
50, TEVPAREIRIPERRET, R TSIz Y
PR AR Oy T A i bm oA, BRI R 2R DL 2
HERAE R 1 2k (receiver operating characteristic,
ROC) F Ay X ( area under curve, AUC), H4p,
it BTSN E SN N Wi € U EE 1R R =2 A

TESR A —SPE R AL TR D SR IR K S8 s
BE N2, APERFIE R 25 [ B A3 ER s* =4 AT,
FEIR AP B, 280 o 1 g T BUAE 25 A3
E R, O T SRR IRE, £ 1 JBR 71
FF ++ (¢23) 1 DF 8 48 oA [7) S 8050 8 X A5 A

'Iﬁﬁﬁlﬁ/‘]%ﬁnﬁlo E?fg, %/I (63 :18 = 1 0 Hjs*ﬁﬂﬁﬁg
T HRAERVBARERE 5 2L SRR AR R X —
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Tab.1 Performance comparison when setting different

parameters in the loss function

%
(a,8) WEFRE AUC FEZE KR Fl 5K
(0.6,0.4) 97.54 98.57 97.20 97.89 97.54
(0.7,0.3) 97.76 99.08 97.60 97.93 97.76
(0.8,0.2) 97.23 98.75 95.35 99.10 97.19
(0.9,0.1) 97.80 98.88 96.76 98.84 97.79
(1.0,1.0) 98.41 99.70 98.58 98.25 98.41

3.2 HERENN

T B UE TR 7575 B Y A 32 A
TUAH b B T 0B A I P RE, R 28 M T AR
TIMIT ,Celeb-DF FI FF ++/DF =A% 4E E&41
Jrikiy AUC 1373 . i 5y WL , B4R T iAAE T A 4K

T2 HEEABAIKXM AUC ERILR
Tab.2  Comparison of the AUC results of the

in-dataset evaluation

%
o TIMIT ~ TIMIT  Celeb- FF ++/
LQ HQ DF DF
HeadPose!" 55.1  53.2  54.8  47.3
Multi-task " 62.2 55.3  36.5 76.3
VA-MLP'™ 61.4 621 48.8  66.4
VA-LogReg 77.0  77.3  46.9  78.0
Capsule™®’ 78.4 744  57.5  96.6
Two-stream'?*’ 83.5 73.5 55.7  70.1
Meso-4 2% 87.8  68.4  53.6  84.7
Mesolnception-4  80.4  62.7  49.6  83.0
Xception-raw' ™ 56.7  54.0  48.2  99.7
Xception-c23 95.9 944  65.3  99.7
Xception-c40 75.8  70.5  65.5  95.5
FWAP 99.9 93.2  53.8  80.1
DSP-FWA 99.9  99.7  64.6  93.0
FFR_FD'! 99.9 8.1 78.0  92.3
DFT-MF"* 98.7  73.1  71.25
FSSPOTTER!”  99.5  98.5  77.60
Tracking eye!™®  99.6  95.5 91.8
Two-branch '’ 73.41  93.18
A3 99.92 100 98.90  99.70
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DF J2— A EL Bk 1 1 508 4, v ) Ph i [
BRRIR LT F A 2] P 38 9 50, 3 K K3 1
RrXERE . AT TE Celeb-DF ¥4 48 FLAK
REEPL S T AR, 5546, A S5 A
1% DF Pl 2RI, [F)AF R 3 T b 1 11 51
HEJT o

by T VA T R S TG AN [+ 4 o
AFEASE BRI PR R, 3R 3 R T AR 7 i DA R
Ml UR E AR FF ++ Bdfla 5 B i o 3 A
AUC F845, B8 08 T e 25 R i, & 3
HRl LB &t A SCO7 78 ot i A 48 23
AN PE i S 2 U0 T AR AR A TR R s
ARREAI , BARERR A B T [, (5 AUC $545 Lt
He2 s B B T 2. 65% o ARSZIGE W T
P& I 5 A P TEAS TP A R

R3 ORBE FF ++ HIRE EROMERELL R

Tab.3 Performance comparison of models on FF ++ dataset

%
23 40
T

WERR  AUC iR AUC

Steg. Features + SVM™"' 70.97 55.98

LD-CNN! 78.45 58.69

Bayar et al. 82.97 66. 84

Rahmouni et al. ®) 79.08 61.18
DSP-FWA!™* 56. 89 59.15
Face X-ray" 87.35 61.60
Meso-4 % 83.10 84.30 70.47 72.62
Multi-task " 85.65 85.43 81.30 75.59
SPSL 91.50 95.32 81.57 82.82
Xception!"’ 95.73 96.30 86.86 89.30
Xception-ELAM 93.86 94.80 79.63 82.90
Xception-PAFilters!™’ 87.16  90.20
MultiAtt( Xception) ™" 96.37 98.97 86.95 87.26
Two-branch®’ 96.43 98.70 86.34 86.59
7 5'q 96.68 99.18 84.66 92.85

{EAS— LR, P42 5 vk ) 2 Ak I 4k fig
FLWE A T Two-branch & %Y, #ff 5% & B0, Two-
branch [FJAEF T 80ERAE , R FH T & Wb 5

WA PR G i = A B, O 5 R AR RGB 5
— [ R LI P 45 (A i A o R T UR B Dl A
DT 55 10 5, PRG0S — T S B ) )
PERFIE , REAR S b 47l 4 L5 TR PR i 45 4 i 5 | kS 1Y)
GRS AN () 2R R B X 51 A e
UK BRULZ A1, AP AT 43 R 3] T G
YRR, AR, sposai oy 8 % T BRI 28 2
GG A R e T B R B A A 22 12 1
DI B H UL, AT BRI A BB E) e
DX T B — 25 AR - A A g 55 TR AR
AR ) T S DX IR DE A, 32 5 04 G X8 1) B2
JoR ik T, N FRE LA, 2O TR R
W oo B, 5 Two-branch AN [A], By $2 J7 i 6
PREUT FER AR R SR AR . T3 8, B R R 4y
EN IR LAY AT REAS JE LAFZ 3 EO ARG 22 [] 42
AT PR RS IR , 4450 F 9 ) 4 AR 38 R L
FE. BT LR A U AR BRI $E T
FZE AT TR 43 T 4 ADRE B4,
A2 R R i
3.3 BHEEXXNEIE

BHEAE IR B 7 PR AR IR 4 R P Y
KRE S o 522 AN, B ) 12 At T B8 1 S
oy o A5 R AE TR A M1 PR 1 S TR B g A AR SR PR R
GFRIPERE. TEE S S, B AR AL AR A Ok Ak
HRTA] 5 T Yo 5 1 S 3 P 3K st 2 o ABE A
AN RN I RE S o AEAS/N Tl 5
B A A SRR VAL T 4 L0 0 42 vz A Pk
figo HAARUL, B AR IRIAE FF ++ (23) Bidii 4
L TIN R, SR FE Celeb-DF %4 5 b 47
K, LR IR 4 5 IR, 8RR
HZALRE T OB R A R B S LB, AR
MultiAte A5 7Y (1% 35 P9 Az 0 14 BE A8 T 00 F Fr 4
P ARHZ AR PEREA o ASLIGHE— R T T
P ALY AT R Ol T B S s T i
R AT 55
3.4 ¢-SNE A[#14k

XfFEET CNN TR BE 7 A HESR T &, ALY
AT AR — B LA B 14 A s )| Hivke
FE T RUE S EOE R v b R — N E B

W T, BT AR )RR AE 3 A ORI i 65 1R
S AR AL Dh i R AIE 5 8] 2F 17 980 20 AS A 56 TR 2R
TP, 38 T R LR . o TIEW] X
— &L, LA DF A1 FS PR Ohii 4], i@ ad -SNE T
FLGRFAEZS B A Hi IS 04 53 A EA T T A4k, 25
Qi 3R, BRI SE R FE LRI 2 000 i KU A T
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Tab.4 Comparison of the AUC results of

cross-validation across datasets

%
TEERY FF ++/DF CDF
HeadPose'"" 47.30 54.60
Multi-task "’ 76.30 54.30
VA-MLP!? 66. 40 55.00
VA-LogReg 78.00 55.10
Capsule!® 96. 60 57.50
Two-stream'**’ 70. 10 53.80
Meso-4 84.70 54.80
Mesolnception-4 83.00 53.60
Xception-raw'*"’ 99.70 48.20
Xception-c23 99.70 65.30
Xception-c40 95.50 65. 50
FWA™ 80.10 56.90
DSP-FWA 93.00 64. 60
EfficientNet-B4 " 99.70 64.29
MultiAw ™" 99. 80 67. 44
F*-Net™" 97.97 65.17
MTD-Net’ 70. 12
A 99.70 70.39
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