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detection methods based on face image reconstruction, most employ multi-task learning to reconstruct either real or fake
faces in isolation, failing to explicitly magnify the reconstruction discrepancies between the two. Consequently, the detec-
tion accuracy and generalization performance of these network models are limited. To address these issues, a method called
“differential reconstruction-driven residual guidance for face forgery detection” is proposed. Method Firstly, to explicitly
magnify the differences between real and fake faces during the image reconstruction process, a contrastive differential
reconstruction network (CDRNet) is introduced. This method constructs clear and blurred image reconstruction targets for
real and fake faces, respectively, guiding the network to focus on the high-frequency regions of faces with obvious forgery
traces during reconstruction, thereby enhancing the overall model’s ability to distinguish between real and fake faces. Sec-
ondly, addressing the issue that existing detection methods fail to fully exploit the guidance information from reconstructed
residual maps, a residual dual-domain guiding module (RDDGM) is designed. This module deeply integrates spatial and
high-frequency domain features, utilizing the reconstructed residual information to guide the fused dual-domain features,
thereby enhancing the network model’s capability to capture subtle forgery traces. In addition, in order to enable the model
to learn the common forgery features among different forgery methods, a text-aware loss module (TALM) is introduced.
Through the guidance of text modal information, the results of contrastive differential reconstruction are further optimized ,
and the generalization performance of the network model for unknown forgery methods is significantly improved. The main
contributions of this paper are summarized as follows: 1) In order to explicitly magnify the differences between real and
fake faces before and after reconstruction, the contrastive differential reconstruction network (CDRNet) was designed to
construct differential reconstruction targets for real and fake faces respectively. The model’s ability to distinguish between
real and fake human faces has been enhanced. 2) In order to enhance the ability of the network model to capture subtle
forgery traces, the residual dual-domain guidance module (RDDGM) is proposed, which uses the reconstructed residual
information to guide the fusion features of the high-frequency domain and the spatial domain of the image. Fully explore the
subtle forgery traces in the image domain and the high-frequency domain. 3) In order to enhance the generalization ability
of the network model for unknown forgery methods, the text-aware loss module (TALM) is proposed. Text modal informa-
tion is introduced to further optimize and compare the differential reconstruction results, promoting the model to learn the
common forgery features among various forgery methods. The generalization ability of the network model has been signifi-
cantly enhanced. 4) Experimental results demonstrate that the proposed method achieves highly competitive performance
in both in-domain and cross-domain evaluations across multiple datasets, including FaceForensics++ (FF++), Celeb-DF
V1 and V2, DeepFake Detection Challenge (DFDC) , DeepFake Detection Challenge Preview (DFDCP) , and Deepfake
Detection (DFD). Based on the Dlib library, this paper extracts 32 facial frames from each video in the training set and 64
frames from each video in the test set. All images are uniformly resized to 224x224, and their pixel values are normalized
to before being fed into the network. In terms of evaluation metrics, following prior research, this study primarily adopts
accuracy (ACC) and area under the ROC curve (AUC) to assess network performance. Experimental verification confirms
that the AdamW optimizer is used for training the network model, with the initial learning rate and batch size set to 1E-4
and 8, respectively. The weights of the image encoder are initialized using an EfficientNet-B4 model pre-trained on Ima-
geNet. The radius of the filter frequency domain mask in CDRNet is set to 16. During training, multiple data augmentation
strategies are employed, including random horizontal flipping, small-angle rotation, random cropping, scaling, and color
jittering. The proposed method is implemented based on the PyTorch framework, and the model is trained using a single
NVIDIA GeForce RTX 2080Ti GPU. Result In intra-domain experiments, compared with the best-performing comparison
method, the proposed method improves ACC and AUC by 2. 83% and 1. 75%, respectively, thereby demonstrating supe-
rior performance in identifying forgeries within the same data distribution. In cross-domain experiments, the method was
rigorously tested on 5 public datasets and compared with 13 typical methods, achieving a 1. 75% improvement in average
AUC. Comprehensive ablation studies further demonstrate that the proposed modules, including CDRNet, RDDGM, and
TALM, all significantly contribute to enhancing the overall detection performance and generalization of the face forgery
detection model. Conclusion This work introduces a novel integration of contrastive learning and image differential recon-
struction for face forgery detection, substantially improving the model’s generalization accuracy on unseen forgery methods.

Specifically, the CDRNet amplifies the discrepancies between real and forged faces during the reconstruction process to bol-
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ster discriminative capability, while the RDDGM leverages reconstruction residual information to guide dual-domain fea-
ture fusion, thereby improving the perception of subtle forgery traces. Furthermore, the TALM introduces text modality
information to learn generic forgery features across different methods, enhancing generalization to unknown forgeries.

Although experimental results demonstrate that the proposed method outperforms existing approaches in both in-domain and

residual dual-domain guidance

cross-domain scenarios, it currently faces challenges regarding inference efficiency due to model complexity, and the use of
weight network optimization and the construction of a dynamic text prompt library to strengthen cross-modal correlations,

0

fixed text prompts limits the full potential of TALM's cross-modal guidance. Consequently, future work will focus on light-
aiming to further improve the model’s efficiency and practicality.
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KXf, Comv, ()R ARTRZWERZ [, | £ RFE
& .
AR AR U R A B BRI R AR
Ly,==yxIn(3)=(1-y)xIn(l -y) (9)
Ay B0 7 43 2 A AN RS 1) S A 2 T 3
WIMESE L, R UG 2k .
2. 1.3 SCARBRAIRBH TALM
R T R SCARLSAR B — 25k CDRNet 1)
XTI 25 A B A5 R A G T TALM, #2711 1

2R RN AR O3 7 Xz AR RE ) o A ST T
26 5 A0 T SORF XS 7 1) SCAR B 7 1)« 052 A 1 5
AHE R ¢, H “a clear image of a real human face” , 4
1 N 0 SCAS 2 7R 3] ¢, “a blurry image of a fake
human face”

FLARITT , TALM 15 Yok SCAS $ 7 ) g ASCAS
ity B RS RRIE F S F e RY, [RIRPRG 5
J 8 G i A 2 5 B 2, 75 3 HAE JS
FHIEF 5 F{ e R, RS TERFIESS (] Rt 5l a8 5 5C
AFFIE R AR BLABLEE o SRy T SE 4 by S SCA T SO
oA S R Y B AS 29, TALM FERFIE 25 (] 2k
ARFZARDL R B S AR 2 ) ) —BME . SR RSXAH
LRI AT = 1) A 5% AR AR OG3: ) £ T 1) T JE A
KO IR A B B . 2) ARSI SR 55
St 4% 15 i CLIP S ZRA E W Ak, W S RS
XF @Y AL RE 5 07 2, R 5800 A B0 2 Se 5
XF AR D3 7 2R A PR, TALM 27 95 i FEAR
B AIE 11 ] — > DR SCAAFAE S AT, () A 222 1 52
SCARHHIE o X R ARG AFAR AL L 7 T2 2 O AR
3 FH PR 3 R, DA Jib 2 i TR A0 oK 0 Py i g =X
MNZALRE T o SCAR B R i HAR A AR -
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F'-F F - F!

Li=1 - e s (10)
tEED LEE
Ft . F! Fi . F!
L T i i (11)
Co IEEL LE
real fake

AP, L LI 3 e R B Pl v A 1) SOA %
AR PR, L., 378 S SCAR B G R
2.2 BEHKFEIREE

A SCR N AT 55 550 AT 55 R ) 24T 557
2w BRI R L, IR E R L,
15y AR L RN SCAR IR R L, =35 50 48 A% o
Lo F1 L, BE A AL CDRNet, L, WAL A 24T 55
CE

BRI, AR 3G o I g i 4% 5 2 AT 55 D [F]
B SE B 25 (R PR F A . 5 AT 55 R B A 15
EFESAC B bR, Y R dE 22 55, DTG 8 o B 4y
E R FLAR I . T 5 SCA BT 555 | 38 SCAS R
SCHHL, B B 2 o R [R] fh a5 1% 0 38 AL 42
FHREIEZ AL BE T 5 40 FAE S5 M Tk 22 5 1 2 1Y)
KUl R AIE 56 L EC O 0 51, O 38 3 Je A& A Ak
FRAE e s, 488 i A 150 XoF 200 ol O s IR 8 %) JER R i
SRR BREINT

Ly = ALy + AL+ ALy, (13)

LA AR Rl BRI G R L, R
GYSEP L, FSCA IR R L, WA 250

3 XWHERSHN

3.1 HiES
3011 UIgREdEsE

AN 3% FH FaceForensics++ (FF++ ) SR 45 1Y €23
45 WA AT BRI 25, A B 7 %00 03 07 S8k
G JUEGE RS . FF++H Rossler 55 (2019)
VISP N Z bk RURTBE REFA VR 31 €/ S
KA A A1 1000 B B S AL RE A N 22 Fil Oy it S 4
FEAS, HoAh i 2R A0 25 DeepFake (DF) (Tora,2019) .
FaceSwap (FS) (Kowalski, 2016) . Face2Face (F2F)
(Thies % , 2016) Fil NeuralTexture (NT) (Thies &5 ,
2019) PUfh 2 i BRSO
3012 AR

DB B, AR S [ 50000 30 25 5 40 A I 3K

P B PEAR R AL RE o [R) VR U 3 T FF++ 4 35
B d e T, 5 T S A AR [ Oy Oy X 2 R] A
I 2 30 5 125 2504 4 D9 )0 >R ] CDFVL ., CDFV2 (Li
4, 2020b) . DFDC (Dolhansky % , 2020) . DFDCP
(Dolhansky ZE 2019) .DFD(Nick il Andrew,2019) LA
S DF40(Yan 5§ ,2024a) A TP AR S8 L. HiR %L
PSR AERAEAR B Ty ORI o3 A B AR 200,
AT G 6 A 8 TR X A S S st 1477 AL R

3.2 ZWiEE

A SCHE T Db FE I 282 400480 Hh 42 B 32 it A
6 A%, NS A2 A v B2 T 64 B (K145 . i
B0 R ST ¥ 50— 300 224x224 IR R (HIA
—fEZ[0,1],

FEVEAG PR AR D7 T, 5 IR UAAEAIESY T AR, AR SC 28
K ACC 1 AUC 1 33 48 B >k VP4 0 45 P fig . 28t
FEG AL, SR AdamW PR A6 2R I 2R X 28 5 RY 4] i
2 o AL RN B E R 1E-4 5 16, BG4
i 2% B9 AL F 7F ImageNet In 71 Il % 19
EfficientNet-B4 #E1 7 #1454k . CDRNet H i1 I8 4 35 1
et r i B o 16, VIR FE i AR SR H 2 F
B 3 i R W, AL BENL AT B /N e | B
MLEEBY | LL 4R 5 LA B B e 8h 45 . AR SO kT
PyTorch HEZ2 52 PR, fifi FH — 5K NVIDIA GeForce RTX
2080Ti GPU I R #1125
3.3 ZWHER
3.3.1 BN SLES 4R

R T VAN AR SO AR N 5 T R PR R
AR SCHE FF++ 505 45 10 €23 5 €40 JE 46 JAS 43 3]
AU GR 5K, 25 R an & 1 s . £ F RECCE
(Cao % ,2022) . DSRL (Cao %5 , 2024 ) fil FakeDiffer
(Wang %, 2025a) 349 4 56 T A 145 5 2 046 00 )7
Bio SLHREE IR AW U 8RS L AR SO
PAES TN TEREFE A L T BUA X k. Tt
HAE G 5 5 I ) C40 MUAS Y AR SC O 74 4 L
FakeDiffer(Wang 45 ,2025a) () ACC 1 AUC $5 k54351
T 2.83%AH1. 75%.

R T VAR AR SCOT A B A s T RS
A, AN SCHE FR++ 500 48 19 €23 WA Bk 1511l %k, IF
TE C40 WA A7k . 255 3k 2 iR, Ir iy
TRAE S 40 5 B b R AL 5, AUC TR bR ik
1 85. 44%, W E L TIA WL, T4 A T
RUYE P 45 B8 5 N P ek
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Table 1 Test results of different methods on the FF++ dataset

C40 €23
ik

ACC AUC ACC AUC

Face X-ray(Li%,2020a) - 61.60 - 87.35

Two Branch(Masi % ,2020) - 85.59 - 98.70

RECCE(Cao%,2022) 91.03 95.02 97.06 99.32

SFDG(Wang % ,2023) 92.28 95.98 98.19 99.53

FoCus(Tian%,2024) 87.31 91.01 96.43 99.15

DSRL(Cao % ,2024) 92.31 96.12 97.63 99.44

CUTA(Shi%:,2025b) 92.35 96.21 97.65 99.63

FakeDiffer(Wang %5 ,2025a) 93.37 96.54 98.04 99.52

S @iRS 97.20 98.29 99.60 99.71

T IO P AR RS e U MEL, BRI PO B FN AR, =" 3R FOr TR AR XA hR4s

R2 AEFEEFF++EEE LNEERHENNER
Table 2 Test results of different methods across compres-

sion scenarios on the FF++ dataset

€23—C40
Ik

AUC/% ACC/%

Xception(Réssler % ,2019) 82.61 77.23
F3-Net(Qian %%,2020) 82.71 77.95
SRM(Luo%5,2021) 81.14 76.08
RECCE(Cao%,2022) 81.90 76.72
SFDG(Wang % ,2023) 85.06 80.15
FoCus(Tian %,2024) 83.01 78.46
LSDA(Yan % ,2024b) 72.01 68.32
FakeDiffer( Wang %5 ,2025a) 83.98 79.21
A5k 85.44 81.63

CE L AR RS B AL ME, T R P O RS

3.3.2 A Ohig )y UL gs

TS ASO T kA s Dhii 77 U375 R iz Ak
AE 1, AR SCHE FF++C23 IRAS B8 4 B it an T 5
5 AR H A —Fh D 3 7 X Bs AT 2k, T 7R
Haxy =Fhbhis Iy XA Bs 2 B0, 25 R n <k 3 i
IRo FRAE KLY, 5 BRI EM L, BRTE DF
P 97 2 E 25 B9 Cross-Avg {8 & A T FakeDiffer
(Wang % ,2025a) 4 ; Hx =F Ok Oy X AE il 4
LERT AR Cross-Ave (HY 5 T LA ik o U HE
PANT P 77 XAE MU AR TE DL, Cross-Ave {E

H%E T FakeDiffer( Wang 25 ,2025a) #2755 1 4. 75%.

SRINT , AR SOy I4E DF 5 FS [a] i AH .77 {1k B
fIX T FakeDiffer, 3 /2 PR k9 28 fh i #5520 AL 25 1] 55 43
YRR EAFAEAR TR 25 . DF 36T A A H sk
IR B kg 4 SR M R AU S 5 T FS Sk DB 24 Pf
Pz, sy R EAE D F RSB R . A4
Je AT R R A RO AR D 2 AR 5
HAB B AT XA E R E IR . M2 T
FakeDiffer A i il i 2 AR LY 9, HoOr vk A S e ™
ol D e A 2K ) 190 B O /DN
3.3.3  BSHSCL,

J T VG A SO AR B I 5 iz AR DT
AR SCHE FE++ 808 48 (14 C23 TE4E A A7 4%, 9
FE S A A TR S 4 - UEF RS ik, 76 BUR )2
1 L ASCO RS IAERIFGE 1 13 Fh oy i A TPERE L
LR IMF AR TR REW AT RS Y
AR i A L, T35 AUC TS A4 5 T 1. 75%

R T VA AR SO AR P i B R 5 N R B
ZALRE JT , 7E FF++ 5000 45 19 €23 Fe 4 i A 1l 25
Ja  AEALE 8 b A AU DFA0 K dli 4R 1 kAT
TSR . AR E S R X RS T
82. 80% [1°F-31 AUC, HF it xef b i) F2 3 7 i, e
4 ProDet (Cheng %5 ,2024) #2185 1 0. 39%., LA
T , 1€ E4S  Uniface ,Fsgan 5 Sd2. 1 PUFN Db 7 28 1
T HAT S5 A 0 P B, RGBT OB AL 19 Sd2. 1

| AUC 34 97. 53%; 7 Inswap 5 Simswap | L B 5
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Table 3 Test results of different methods on different forg-
ery modes of FF++

AUC/%
Jrik

DF F2F FS NT Avg

RECCE  99.62 70.66 74.29 6737 70.77
DSRL 99.76  68.49 72.57 68.01 69.69

DF
FakeDiffer 99.73 71.27 75.75 68.98 72.00

AXHE 9992 7413 69.15 7196 71.74

RECCE 7599 98.06 64.53 7232 70.95
DSRL 76.63 98.02 65.11 71.23 70.99

F2F
FakeDiffer 76.50 98.96 67.10 73.96 72.52

AT 8294 99.02 66.54 73.21 74.23

RECCE 8239 6444 98.82 56.70 67.84

DSRL 8321 64.53 99.01 58.44 68.73
ES
FakeDiffer 83.02 64.70 99.73 57.85 68.52

A 80.63 7022  99.94 59.10 69.98

RECCE 7883 80.89 63.70 93.63 74.47

DSRL 79.42 8098 63.13 93.65 74.51
NT
FakeDiffer 82.06 81.70 66.23 97.90 76.66

AICHE: 8929 86.26 68.67 97.81 81.41

TE UL AR RS e AL ME, R R P AR RS A (E, K
TS 2 I O i T X — B O

TS X FWIZ T R Sl #T i Az 1l
Phts v 38 FH O 15 IR
FERUARZ T b, AR SO ik 5 8 Bl A ik kAT
THYEREXTHE, &5 S a2 6 Fir/s o 76 U2 1 A 3
T AR AR SR FH AN SR« RS FE I AT 445
SRAE 32 WU 1G53 ) i AASE R SR A5 B ot 1Y) 5326
WS, X 4 32 A T AR S OV 394, A iz i
AT e AP 25 5% o SE A R R, 5 Y AR LTy
B EE AR SCHT B D7 378 DFDC A DFDCP 508
£ L RMEAE, AUCTE AR 3R & T 1. 70% 5
3.03%.
3.4 HEAXE
30401 LN L RE A 52
R T VEAL £ LA R 4 M R R S R, AR SCLLSE
FEPLE R e BT T LU = A0 % D) BBRTY
G B S G . 2) B R AR AR . 3) 8
4% TALM, f£ CDFV2.DFDC F1 DFDCP %4 4E I (1)

MRREERANR 7 . WA, LR 3Fr &
AN AR B 1l T BORE AL PERE T R . SEIm A R, AR
TR B A I RE SR TR R FL O AR B B E
I3, DT B T 0 £ A5 py A0 B R S 2 AL PR RE
3.4.2  BRUSAERG AR X ) 26 P BE Y 52

KT VA A > A X I £8P R Y S, AR
S BB AN [ RN RS AR R AT UIN 2R A
PEREIL . ZEA SO b RS AR 0 R/ Nk g T
e A AR v DR B TR o Lo o e R e
55 s 5 L, BRI 2= A T, Rz,
RN R RS e BE R, S BB ME DL S S5
PR IRIE . SEIEIRINFK 8 ram . A LAF Y,
M =16 W, BB AR XA BRI T Rk Bz 1k
PERE .
3.4.3  RUR RREC PR ZRB00 28 P R Y 52

AR S 1t 5 DA E RN A, T Y- A
RO IEIUR MISOR B R R . g TR
FEAN R A R H0 0 48 PR RE R 2R, AR SCHE 22
T 2B 5 BT DL T BEAT TSR 2R 5 0030, 45
MK PR, SEYGLE R RN, 24 5 2 RN SCAS SR
SR 2 A R BRI 1) 2 A B A 2 ) L
25 PR i N A JBT 2 S T 2ok v 114 43 4 SR A
) oy fe AT 5 UL I R AR b s D R, 3
s BRI RE T TR
3.4.4  SORYRIRIRIY AN [R] 15 1) o0 465 14 i 14 52 1)

R T ERGEAN RN SCA R 7R T A A AG T 1 B 1 52
e, FA T T = SR s TRl A T I R S g, SE g 4 R
W10 s . ZZHAR R R 53 5110 - Jo o il AR 119 ik
G 2N GG 53 958 (1B E N LN D WL & I f D
SRR SE NI, SIS AR R, 5 AR
A5 A R s 1 S T d p Y B s B Y
AUC, Ut BTG B2 iy Bl 5| A B TR R AT
E N A T 22 5 . A2, 44k B s 4 ik 1y
5 AR T BE Rt T AR AR T A T S
LD 0 T8 OC 1y 1 SR A L 40 T BRI Ak
AEST o
3.4.5  MZPEREIEAS

R T VAR AR SO R AR M 2 M R S TR
RO R, TATIECDFV2 $ 5 4 oK Hi 5 RECCE
(Cao %,2022) .UCF(Yan % ,2023) fll IDCNet(Wang
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Table 4 Cross—domain test results of different methods at the image level

AUC/%
ik
CDFvl1 CDFv2 DFDC DFDCP DFD Avg

Xception(Rossler %,2019) 77.90 68.52 69.93 73.71 81.62 74.34
F3-Net(Qian %% ,2020) 77.73 74.03 70.21 74.08 79.81 75.17
RECCE(Cao %,2022) 76.81 73.22 71.31 74.22 81.23 75.36
UCF(Yan%:,2023) 77.95 75.27 71.91 75.94 80.74 76.36
IDCNet( Wang %5 ,2025¢) 81.44 80.89 72.44 74.09 84.71 7871
Zhou % A (2025) 82.50 81.30 76.05 77.80 85.60 80.65
ProDet(Cheng%%,2024) 90.90 84.48 72.40 81.16 85.81 82.95
LSDA(Yan%,2024b) 86.71 83.01 73.60 81.52 88.03 82.57
FA-ViT(Luo%,2024) 78.04 83.29 76.03 81.16 88.50 81.40
Wavlet—CLIP(Baru %% ,2025) 75.69 75.93 75.04 77.81 85.98 78.09
FreqDebias(Kashiani %5 ,2025) 87.51 83.60 74.10 82.40 86.88 82.90
C2P-CLIP(Tan%,2025) 74.45 81.55 76.71 83.26 88.50 80.89
RepDFD(Lin %:,2025) 84.07 82.09 76.95 82.56 84.84 82.10
AT 88.22 8391 77.11 83.29 90.95 84.70

T L P AR RS e LML, R I AR 5 A (E

=5 AREFHEEDFIOEIEE LRI BRI ER
Table 5 Cross—domain test results of different methods on the DF40 dataset

AUC/%
ik
Uniface  F4S Facedance * Fsgan Inswap Simswap Sd2.1 Avg
F3-Net(Qian%%,2020) 8021  60.95 76.14 88.43 7298 6582 72.41 73.85
SPSL(Liu%:,2021) 7473 59.92 63.01 7553 61.53  64.05 70.27 67.01
SRM(Luo%$ A ,2021) 7494  70.42 65,91 7722 7933 69.44 87.85 75.02
RECCE(Cao%,2022) 8422 6523 78.31 88.45 79.51  73.01 94.73 80.49
IID(Huang%,2023)  79.25  71.03 79.02 86.44 7447  64.09 - -

UCF(Yan%,2023) 78.74  69.23 80.01 88.13  76.86  64.94 93.91 78.83
LSDA(Yan%,2024b) 85.43  68.45 75.94 83.23  81.00 7275 91.33 79.73
ProDet(Cheng%,2024)  87.86  71.22 74.72 86.52  78.81 77.83 97.12 82.41
ARSI 88.41 73.85 76.03 88.53 80.67  74.59 97.53 82.80

TE R A RS R A AE, T RIZ A R, =7 3 RO7 AR SR Z AR s

83.91% M HL L AUC, BEVERESS AU IDCNet Jrik 42 A (HHABAR AT B SC B 1 ooy RO AR UK 2,
FHT 3. 02%. FMIA S 1 B SRR 3 A e 5

TE T3 ORI 1, AR SCH 5 1 Flops (Floating 3.5 HEEMKEREFE S AT AL
point operations per second) {8 7. 47G, i85 4 B Bl 6 7R 1 AR SO A DA A FH IR o 4 1

TEVUR I L P AR . (EARRTER 2, REAR T M T-SNE Al LS5 2R . & &g 0 [ s AR FR++ 5K

M2 80 (Params ) JF AR A DI MOIT kb e T2 SRS AP YIS ARAE , oA DU A BT (8 53 531 X iz pd
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Table 6 Cross—domain test results of different methods at the video level

AUC/%
ik
CDFV2 DFDC DFDCP
Xception(Rossler %,2019) 68.52 69.93 73.71
F3-Net(Qian % ,2020) 74.03 67.76 71.41
SFDG(Wang %% ,2023) 75.83 - 73.63
SeeABLE (Larue %,2023) 87.30 75.90 86.30
TALL++(Xu%§,2024) 91.93 78.51 -
SAM(Choi 45 ,2024) 89.00 - -
LSDA (Yan % ,2024b) 91.10 77.01 -
Li%E A (2025) 89.70 - 80.20
A5k 89.82 80.21 89.33

T UL AR RS e U MEL, BRI PO B FNRAR R, * =" Fm RO T R AR XA hR4S

RT BAHXME MR

Table 7 The impact of each component on network performance

- o e A dak AUC/%
thids AN P 3 A5 j;E TALM
1l CDFV2 DFDC DFDCP Avg
- N N 79.18 73.15 80.16 77.49
J - N 81.32 75.16 83.12 79.87
N N - 85.16 74.37 82.26 80.59
N v N 83.91 77.11 83.29 81.43
T M B A, PRI A IR, =7 Fm I Zhid B B BRIz 4L
RS FHAEENTME RN F9 BIRKRBNEREIT M EEREHR N
Table 8 The influence of mask radius on network perfor- Table 9 The influence of the weight coefficient of the total
mance loss function on network performance
AUC/% AUC/%
r NJASA,
CDFV2 DFDC DFDCP Avg CDFV2 DFDC DFDCP Avg
8 83.72 70.21 82.63 78.85 10/1/10 83.91 77.11 83.29 81.43
16 83.91 77.11 83.29 81.43 10/1/1 82.63 76.05 82.74 80.47
32 85.15 69.87 80.81 78.61 10/10/1 79.32 73.89 80.25 77.82
T IR A e, NI Ay B R AR /11 80.46 76.58 82.40 79.81
Tk _ - , . 1/10/1 78.59 75.02 81.36 78.32
A THRCE AR 0 O AR AE . n] LOWEEE 3, ok A
v . v . 1/1/10 81.38 76.92 8291 80.40
AN TRl Ot 2 Dh i AR A 2 9 B i) SR AR
1/10/10 80.16 76.23 81.99 79.46

S, L5 LS A 2 ] (T W1 L, 61
PP ey
ST R A A S Bl O 2 B3 P B T SR L PR S B B R, R R o B9 R A (A
3.6 CDRNet \faE@ 4 RATHRML Y J5 19 CDRNet X 0 5205 7 A I 6 A B9 1 2l 45
HT BRI ER NI TNE o e o [ = B % B P
K 2 ] R 12 5% P 7 e T g0 A )
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Table 10 The Impact of Different Settings of Text prompt Settings on Network Performance

B N AUC/%
HAHR /R i R
CDFV2 DFDC DFDCP Avg
an image of a real human face an image of a fake human face 83.39 76.44 82.32 80.72
a clear image of a real human face a blurry image of a fake human face 83.91 77.11 83.29 81.43
a clear and high—quality image of a blurry and low—quality image of 33.96 76.92 83.17 81.35
a real human face a fake human face ’ - - -
TE TR B0 e A, T R A A A R LA
R WRERETAY PRIZ 54 S AT 5 AR O IE A AT, B A 2R AN
Table 11 Network Performance Evaluation B BSOS SRE R S S A
S Fl‘ops/ Params/M | AUC/% L
Gl 1
RECCE(Cao%,2022) 8.09 23.78 73.22 s
o 4 % #
UCF(Yan4§,2023) 1219 4451 75.27
IDCNet(Wang % ,2025¢)  7.59  56.78 80.89 R T BTG A R AL Y f G R R S
ARSI %47 4772 83.91 FRPERE A SCHR Y 2 Sl A AR S i 5k 22 5 1 3 Nk
DL B 0, PRI o R 17 bl i BB T WA Rt I % - B, %t
FORRLRRL " TR R b 2% 540 7 2 D 45 CDRNet R RCK 2056 5 1y A

. TLAR AR SO A A F g petpsy IR ERARIRER 9225 SR TAURXS LAY A
{RGFIME S, JEK 2% WU 31 BB RDDGM

E7 CDRNet \feEREZLERATMLE

Fig.7 Visualization of CDRNet face reconstruction results

\

e

(a) H AR (b) FHEFR (c) BRI 1% (d) IKEEFEIR (e) e HE I3

7 ((a) input image; (b) reconstructed image ; (¢) residual image; (d) gray level image; (e) illumination enhancement )
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Fig. 6 The T-SNE visualization of face feature classification of

the model under multiple datasets
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