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Table 2
Details of the datasets used in our experiments.
Datasets Fake/Real scale Subclasses
FF++[42] 4000/1000 RVRA, FVFA
FSh [44] Based on FF++4[42] RVRA, FVFA
Celeb-DF [45] 5639/590 RVRA, FVRA
DFo [46] 50000/10000 RVRA, FVRA
DFDC [47] 6000/32 200 RVRA, FVRA
FakeAVCeleb [48] 391/16,869 RVRA, RVFA, FVRA, FVFA
A2V [49] 14 h Obama’s videos RVRA, FVRA (Only lip motions forged)
T2V [28] 428/100 RVRA, FVRA (Only lip motions forged)
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Table 3
Intra-dataset evaluation (%). The best results are shown in bold.

Method Modality Pre-train ACC in FF++ AUC in FF++ FakeAVCeleb
Raw HQ LQ Raw HQ LQ ACC AUC

Patch-based [50] \Y% - 98.9 92.6 79.1 99.8 97.1 78.3 80.2 83.1

CNN-aug [51] A% - 98.7 96.9 81.6 99.8 99.1 86.9 82.6 83.7

Xception [42] A" - 98.9 97.0 89.1 99.8 99.3 91.4 86.9 88.1

Two-branch [14] \% - - - - - 99.1 91.0 80.5 81.8

Face X-ray [52] v Sup-BI 99.1 78.4 34.2 99.8 97.6 773 86.2 87.2

LipForensics [19] \% Sup-LRW 98.9 98.0 94.2 99.4 99.7 96.1 92.1 93.4

Self-LipForensics [19] V Sup-LRW 98.6 96.5 88.4 99.8 99.3 94.8 92.4 94.1

RECCE [53] \% - 99.1 97.1 91.0 99.8 99.3 95.0 88.9 89.7

CDIN [22] A% - 96.7 95.3 90.8 97.0 96.5 92.7 84.6 85.0

Method [34] \Y - 98.9 97.3 88.6 99.2 97.8 92.9 87.6 88.4

HPE-based [35] \% - 99.3 98.2 96.8 99.8 98.7 94.7 83.9 84.6

Joint A-V [25] V-A - 98.6 98.0 95.8 99.3 99.0 91.4 98.7 97.1

AVoiD-DF [24] V-A - 99.0 98.2 93.9 99.9 99.2 93.5 95.7 96.2

SST [54] V-A Self-Sup 99.2 98.5 93.5 99.7 99.6 95.7 95.4 97.0

VFD [23] V-A Self-Sup 98.3 94.2 90.1 99.4 96.5 89.6 91.5 92.4

AVForensics [36] V-A Self-Sup 98.5 96.8 91.4 98.8 97.1 92.9 93.5 94.4

NPVForensics V-A Self-Sup 99.2 98.5 96.3 99.9 99.7 96.4 98.9 99.0
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Cross-manipulation evaluation. Video-level ACC, AUC, and F1 score (%) when testing on each forgery type of FF++ HQ after training on the
remaining three. The best results are shown in bold.

Method DF FS F2F NT
ACC AUC F1 ACC AUC F1 ACC AUC F1 ACC AUC F1

Patch-based [50] 91.6 94.0 89.8 57.8 60.5 57.7 86.0 87.3 85.8 824 84.8 82.3
CNN-aug [51] 85.9 87.5 85.1 56.0 56.3 55.8 78.9 80.1 78.9 66.7 67.8 66.0
Xception [42] 93.5 93.9 92.6 51.2 51.2 50.3 84.9 86.8 83.7 76.2 79.7 79.9
Face X-ray [52] 97.4 99.7 96.8 87.5 90.1 87.1 96.6 99.2 93.4 94.2 98.1 92.5
Self-LipForensics [19] 92.7 97.8 88.4 85.9 90.5 83.1 95.2 98.0 93.3 93.5 96.9 90.8
RECCE [53] 96.6 98.2 96.4 88.0 88.9 86.4 89.5 92.1 89.3 87.1 88.5 86.0
CDIN [22] 84.1 84.5 83.3 83.8 84.7 82.5 85.4 86.6 85.0 84.8 86.3 84.2
Method [34] 98.9 99.3 94.6 93.9 96.0 92.2 95.7 97.1 95.7 86.1 90.1 86.1
HPE-based [35] 86.4 87.2 84.5 85.5 87.2 83.8 86.7 87.0 84.1 85.7 87.6 82.0
Emotions do not lie [55] 92.3 94.5 91.1 87.6 89.3 86.1 85.3 86.9 84.8 90.4 93.7 90.1
Joint A-V [25] 92.8 97 91.8 86.9 90.5 83.7 95.5 99.7 94.8 94.6 97.3 93.9
SST [54] 93.2 94.5 93.1 90.3 91.9 90.0 96.8 98.3 949 95.4 96.4 95.1
VED [23] 91.6 96.2 88.2 81.1 86.3 79.4 85.0 89.6 84.6 90.3 94.2 88.7
AVoiD-DF [24] 96.9 97.3 96.5 93.8 94.7 93.0 94.2 94.5 93.7 95.0 95.1 94.6
AVForensics [36] 98.1 98.9 97.5 94.2 95.7 93.8 95.4 96.9 95.1 97.5 98.1 97.4

NPVForensics 98.5 99.8 97.8 94.7 96.2 94.5 98.5 99.4 95.8 98.2 98.6 98.0
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Table 5
Generalizability across datasets. Video-level ACC, AUC, and F1 score (%) tests on Celeb-DF, DFDC, FSh HQ, DFo, A2V, T2V-L, and T2V-S. The best results are shown in bold (Train
on FF++).

Method Celeb-DF DFDC FSh DFo A2V T2V-L T2V-S
ACC AUC F1 ACC AUC F1 ACC AUC F1 ACC AUC F1 ACC AUC F1 ACC AUC F1 ACC AUC F1

Xception [42] 69.8 73.7 66.5 65.6 70.9 67.3 68.2 72.0 66.7 79.4 84.5 77.0 77.7 81.6 74.8 59.3 63.9 56.2 70.4 75.3 67.5
Face X-ray [52] 77.5 79.5 76.2 62.9 65.5 62.0 88.6 92.8 84.1 83.5 86.8 82.0 72.8 77.2 69.3 58.4 60.3 57.5 77.0 81.4 75.2
CNN-GRU [56] 68.5 69.8 66.1 67.6 68.9 65.9 78.3 80.8 76.2 72.7 74.1 70.5 78.7 80.1 75.8 64.5 66.3 62.8 80.1 82.2 77.6
LipForensics [19] 80.3 82.4 78.5 71.8 73.5 70.4 93.9 95.9 92.2 95.2 96.6 94.1 82.9 84.4 81.0 72.8 74.2 71.4 84.7 86.6 82.5
Self-LipForensics [19] 81.5 83.6 79.3 71.9 73.6 70.2 94.1 96.1 92.4 95.3 97.0 94.3 83.1 84.6 81.3 73.0 74.3 71.7 85.0 87.1 82.8
RECCE [53] 76.9 78.5 75.4 67.4 69.1 65.9 83.4 84.9 81.7 87.0 88.7 85.1 67.5 69.1 65.7 64.7 66.3 62.6 76.4 78.2 74.3
CDIN [22] 86.3 87.5 85.1 82.5 84.7 81.3 75.4 76.8 73.7 89.1 90.3 87.9 81.7 82.8 80.5 77.2 785 76.0 69.8 71.4 69.3
Method [34] 85.9 87.2 84.3 84.8 86.0 83.5 80.9 82.1 80.0 89.7 90.9 88.5 82.3 83.4 81.1 77.8 79.1 76.6 71.4 73.0 68.9
HPE-based [35] 85.0 86.3 83.7 82.9 84.3 81.6 77.0 78.2 75.4 85.8 87.0 84.6 76.4 77.5 75.2 71.9 73.2 70.7 64.5 66.1 63.0
Emotions do not lie [55] 80.5 82.1 79.1 82.8 84.4 81.5 94.5 96.0 92.9 94.8 96.3 93.2 - - -

Joint A-V [25] 81.8 83.9 79.7 74.9 76.5 73.4 95.0 96.9 93.6 94.0 95.8 92.4 78.9 80.5 77.2 68.3 69.8 66.7 78.6 80.2 77.0
SST [54] 82.6 84.2 80.9 73.0 74.5 71.7 96.1 97.8 94.4 95.5 97.3 94.1 88.1 89.6 86.2 759 77.4 74.5 85.0 86.7 83.2
VFD [23] 79.4 80.7 75.8 82.8 85.1 75.2 83.0 85.9 76.4 80.5 84.3 75.9 66.3 67.8 62.9 57.6 60.9 58.1 64.1 65.4 62.5
PVM [27] 84.4 85.7 83.1 84.8 86.2 83.4 87.8 89.0 86.1 89.9 91.2 88.4 93.1 94.6 91.8 76.6 79.7 78.2 71.3 74.1 71.5
AVoiD-DF [24] 84.7 86.2 83.0 80.8 82.3 79.4 94.2 95.7 92.5 94.9 96.5 93.1 83.4 85.1 81.7 77.0 78.3 75.2 83.1 84.4 81.2
AVForensics [36] 86.6 87.9 85.3 83.4 84.7 81.7 96.5 97.9 94.8 96.7 98.1 95.1 86.4 87.9 84.6 76.5 77.7 74.8 80.7 82.3 78.9
NPVForensics 86.2 88.4 85.4 86.1 86.2 85.8 96.9 98.2 95.7 96.4 98.6 95.8 95.3 97.1 94.7 80.4 83.3 80.0 89.3 91.9 87.8
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Table 6

Robustness to common degradations. The models are fine-tuning with FakeAVCeleb datasets. AUC (%) scores at five intensity

levels are averaged for each degradation type. The best results are shown in bold.

( ) %EIIEEQQ Method Saturation Block Noise Blur Pixel Compress Avg
Patch-based [50] 84.3 98.8 50.0 54.4 56.7 53.4 66.3
CNN-aug [51] 99.3 95.2 54.7 76.5 91.2 725 81.6
Xception [42] 99.3 98.7 53.8 60.8 74.2 62.1 74.8
Face X-ray [52] 97.6 99.1 49.8 63.8 88.6 95.2 Fo.7
LipForensics [19] 99.9 87.4 73.8 93.1 95.6 94.5 90.7
Self-LipForensics [19] 99.8 87.1 73.7 94.2 93.7 93.2 90.3
SST [54] 98.3 89.3 64.8 94.0 89.2 86.7 87.1
VFD [23] 90.3 87.3 65.1 85.3 84.9 890.5 83.7
AVoiD-DF [24] 97.9 92.4 66.6 92.9 90.4 90.5 88.5
AVFarensics [36] 99.1 95.1 70.8 91.2 92.8 91.7 90.1
NPVForensics 99.7 97.9 TRT 94.3 96.2 97.6 94.2
(a) Gaussian Blur (b) Gaussian noise (c) H264 Compression (d) Pixelation
100 r 100 100 100
95 < 90 - 95 1
90 1 80 - 9 4
gss g?ﬂ gss
2 S ‘5‘
= < <
80 1 60 - 80
75 4 50 75 4 75 4
70 = - 40 - : = : T0 : - = 70 - -
0 1 2 3 4 0 1 2 3 4 5 0 1 2 3 4 5 0 2 3 4 5
Perturbation level Perturbation level Perturbation level Perturbation level
.- Sle'Sl.l]JC‘l'\’lSOd pmrmlng . Supenrlscd ]H'E-ll"ll.l'lll'lg - Tn:unmg from scratch
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o g-@lﬁgﬁi Table 7 Framework ablation. Accuracy scores (%) of FakeAVCeleb after

training on the FF++4 dataset. The best results are shown in bold.

(1) iHRASERS

FakeAVCeleb (audio-visual) Avg

Method
Real-Fake Fake-Fake Fake-Real
w/o viseme stream 85.3 88.1 87.9 87.1
w /o facial stream 93.5 95.7 95.9 95.0
w/o audio stream 89.9 93.3 93.6 92.3
w/o LFA, only ST 94.8 95.3 93.9 94.7
only ViT as backbone 93.7 94.2 92.1 93.3
LFA-ViT 94.4 95.8 94.0 94.7
w/o VACL 83.4 87.3 84.8 85.2
w/o cross-attention 90.7 91.8 93.3 91.9
w /o representation alignment 93.5 94.6 94.7 94.3
NPVForensics (Ours) 96.7 97.8 96.3 96.9
_____________________________ 90
86

—s— Inner AUC
- -~ Pre-trained on LRW

0 20 40 60 8 100 120
Number of real videos (1e%)

-~ Avg cross AUC
--- Pre-trained on LRW

40

T

60 80 100 120

Number of real videos (1e*)
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(7%) TTR

(b) Celeb-DF

(c) FakeAVCeleb (d) A2V

ANLHIR KB FakeAVCelebBYHIENIST, ERIEEBRMHERIREREN, REEEIR
SRR ESIERIEIN. ZMFIFERIESST. VFD, Avoid-DFFRZREEHHEMILE.

AR AN HASRE, AR E SRR & X,



T{E2: EFIEcHEEE-NEREVAIRXEFSIADeepfakets il

O 24

RE—FMHERIENNEE, RETFEIIECEER-MNEXER VA EXMHRIGIEBEE VA
ERNHERAY Deepfake 4T,

SN AHEIEEHITEETE, SRIUEFIZIEZRRILEMEFIESRIEED. Falite, %iEZREFER
FiREER-NERENSREHT Deepfake #iEE FRIMHE,

O IRipEE

* Yu Chen, Yang Yu, Rongrong Ni, Haoliang Li, Wei Wang, Yao Zhao. NPVForensics: Learning VA Correlations in Non-

critical Phoneme-Viseme Regions for Deepfake Detection. Image and Vision Computing, 2025: 105461.
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Face X-ray for More General Face Forgery Detection, CVPR2020
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Chuangchuang Tan, Yao Zhao, Shikui Wei, Guanghua Gu, Yunchao Wei: Learning on gradients:
Generalized artifacts representation for gan-generated images detection. IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), pp. 12105-12114.2023. (CCF AZE, T EH AR TNESI)
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Settings Test Models
Methods Input  #class ProGAN StyleGAN  StyleGAN2 BigGAN CycleGAN StarGAN GauGAN Deepfake Mean

Acc. AP. Acc. AP. Acc. AP. Acc. AP. Acc. AP. Acc. AP. Acc. AP. Acc. AP Acc. A.P.

Wang Image 1 50.4 63.8 504 793 682 947 502 61.3 500 529 50.0 482 503 676 50.1 515 52.5 64.9

Frank Freq 1 789 779 694 648 674 640 623 586 674 654 605 595 675 69.1 524 473 65.7 63.3

Durall Freq 1 85.1 795 592 552 704 638 570 539 66.7 614 998 99.6 587 5b48 53.0 519 68.7 65.0

BiHPF(WACV) Freq 1 82.5 814 680 628 688 636 670 625 755 742 90.1 90.1 736 921 51.6 49.9 72.1 72.1

FrePGAN(AAAI22) Image 1 955 994 80.6 906 774 93.0 635 605 594 599 996 100.0 53.0 49.1 704 81.5 74.9 79.3

LGrad(ProGAN-bedroom) Grad 1 984 999 82.6 956 833 984 762 81.8 823 906 99.7 100.0 71.7 750 52.8 57.8 80.9 87.4
LGrad(StyleGAN-bedroom) Grad 1 99.4 999 96.0 996 938 994 795 889 84.7 944 99.5 100.0 709 81.8 66.7 779 86.3(11.47) 92.7(13.41)

Wang Image 4 914 994 638 914 764 975 529 733 727 88.6 63.8 90.8 639 922 517 623 67.1 86.9

Frank Freq 4 90.3 852 745 720 731 714 887 86.0 755 712 995 995 69.2 774 60.7 49.1 78.9 76.5

Durall Freq 4 81.1 744 544 526 668 62.0 60.1 563 69.0 640 981 981 61.9 574 50.2 50.0 67.7 64.4

BiHPF(WACV) Freq 4 90.7 86.2 76.9 751 762 747 849 817 819 789 944 944 695 781 544 546 78.6 77.9

FrePGAN(AAAI22) Image 4 99.0 999 80.7 896 84.1 986 692 71.1 T71.1 744 999 100.0 60.3 717 709 91.9 79.4 87.2

LGrad(ProGAN-bedroom) Grad 4 99.7 100.0 87.8 99.1 91.7 99.7 809 893 782 89.0 99.8 100.0 735 786 53.1 550 83.1 88.8

LGrad(StyleGAN-bedroom) Grad 4 99.9 100.0 94.8 999 960 999 829 90.7 853 940 99.6 1000 724 79.3 58O 679 86.1 91.5

Tan Chuangchuang, Yao Zhao, Shikui Wei, Guanghua Gu, Yunchao Wei. Learning on gradients: Generalized artifacts representation for gan-generated images detection. CVPR. 2023 (CCF-A).
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Chuangchuang Tan, Huan Liu, Yao Zhao, Shikui Wei, Guanghua Gu, Ping Liu, Yunchao Wei: Rethinking the
up-sampling operations in cnn-based generative network for generalizable deepfake detection. IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR), pp. 28130-28139. 2024. (CCF Ak, it
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AtUGAN BEGAN  CramerGAN InfoMaxGAN MMDGAN  RelGAN S3GAN  SNGAN STGAN ]

2ha Acc. AP Acc. AP Acee. AP Acc. AP Acc. AP Acc. AP Acc. AP Acc. AP Acc. AP |Acc. AP

CNNDetection®” 51.1 837 502 449 815 975 71.1 947 729 944 533 821 552 66.1 62.7 904 63.0 927 [62.3 82.9
Frank ™! 650 744 394 399 310 360 411 410 384 405 692 962 697 81.9 484 479 254 340 |47.5 547
Durall™ 399 382 482 309 609 672 35001 517 3595 655 800 882 873 97.0 54.8 589 621 725|603 63.3 GAN .1% sLJll‘E ab ,
Patchfor 11141 680 929 97.1 100.0 978 999 936 982 97.9 1000 996 1000 66.8 68.1 97.6 998 927 99.8 |90.1 954 W Hb .
F3Net!™! 852 948 87.1 975 895 998 67.1 8.1 737 996 988 1000 654 70.0 51.6 93.6 60.3 999 [ 754 93.]

\
SelfBland !9 64 5 5 5 5 1 ” #
SelfBland 63.1 661 564 3590 751 824 790 825 686 740 736 778 532 539 61.6 650 612 667 |658 69.7 . \T:t ProGAN l:'lJ z/\;

GANDetection!'®! 574 75.1 679 1000 678 997 676 924 67.7 993 609 862 696 835 66.7 90.6 69.6 97.2 |66.1 91.6

LGrad!* 686 938 699 892 503 540 711 820 57.5 673 89.1 99.0 785 860 78.0 87.4 548 680 |68.6 80.8 . 7_17$E|]GANJZ*E)U 1,{3$\_“*J

UniFD ! 785 983 720 989 776 998 776 989 T7.6 997 782 987 852 98.1 77.6 987 742 978 |77.6 98.8

NPROAZEFTR J735) 830 962 990 998 987 990 945 983 98.6 990 996 100.0 79.0 80.0 88.8 97.4 980 100.0[932 96.6 PI‘OGAN’ StYlGGAN, StYlCGANZ,
i ProGAN  StyleGAN  StyleGAN2  BigGAN  CycleGAN  StarGAN  GauGAN  Deepfake -1y BlgG AN’ CycleG AN’ StarG AN,
Acc. AP Acc. AP Ace. AP Ace. AP Ace. AP Acc. AP Acee AP Acc. AP | Ace. AP

CNNDetection ! 914 994 638 914 764 975 529 733 727 B8B6 638 908 639 922 517 623 67.1 869 GauGAN) Deepfake) AttGAN)
Frank 7! 90.3 852 745 720 731 714 B87 860 755 7TL2 995 995 692 774 607 491|789 765 BEGAN CramerGAN
5 M

Durall ™ 81.1 744 544 526 668 620 601 563 690 640 981 981 619 574 502 500|677 644

Patchfor!!' 97.8 1000 82.6 93.1 8.6 985 647 695 745 872 1000 1000 572 554 850 932|807 8.1 InfoMaxGAN’ MMDGAN,
F3Net!™! 994 1000 926 997 880 998 653 699 764 843 1000 1000 581 567 635 788|804 862

SelfBland " 588 652 50.1 47.7 486 474 511 519 592 653 745 892 592 655 938 993|619 664 RC]GAN, S3GAN, SNGAN,
GANDetection'™! 827 951 744 929 699 879 763 899 852 955 688 997 614 758 600 839|723 90.1 STG AN

BiHPF!™! 90.7 862 769 751 762 747 849 817 819 789 944 944 695 781 544 546|786 779

FrePGAN®! 99.0 999 80.7 89.6 841 986 692 T7L1 711 744 999 1000 603 717 709 919794 872

LGrad®™} 999 1000 948 99.9 960 999 829 907 853 940 996 1000 724 793 580 679 8.1 915 ° :IZi’,JIEﬁ%% §J92 8%0
UniFD!% 99.7 100.0 89.0 987 839 984 905 991 879 998 914 1000 899 1000 802 90.2|89.1 983

NPR(AEEFFE ) 99.8 1000 963 998 973 1000 875 945 950 995 997 1000 866 888 774 862|925 96.1

Tan Chuangchuang, Yao Zhao, S Wei, G Gu, P Liu, Y Wei. Rethinking the up-sampling operations in cnn-based generative network for generalizable deepfake detection. CVPR. 2024 (CCF-A).
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O SCIRZEER

) ADM DDPM IDDPM LDM PNDM VQ-Diffusion o]
ik Diffusion vl Diffusion v2

Acc. AP Ace. AP Ace. AP Ace. AP Ace. AP Acee AP Ace. AP Acc A,P,TACC. AP

CNNDetection!™ 539 718 627 766 502 827 504 787 508 903 500 710 380 767 520 90.3 | 510 798
< LT3 9 ¢ : y ; 2 q 3 . 9
Frank” 589 659 370 276 514 650 517 485 440 382 517 667 328 523 408 375 | 460 502 Dif 1% ‘l J T b,
Durall™ 398 421 529 498 553 567 431 399 445 473 386 383 395 563 621 558 | 470 483 1 fllSlOIl W |$Hb.
Patchfor!' 775 939 623 971 S00 916 995 1000 502 999 1000 1000 907 998 948 100.0|78.1 978
F3Net!™! 809 969 847 994 747 989 1000 1000 728 995 1000 1000 734 972 998 1000|858 990 e [ J:‘J” ZJ:
™ e L " e : HEProGAN_EII| 4k
SelfBland 570 590 619 496 632 669 833 922 482 482 772 827 462 680 712 739 | 635 676
GANDetection!™! 511 53.1 623 464 502 630 516 481 506 790 SIL1 512 398 656 500 369 | 508 554 ° Z—illeifquiont"‘"\\! E}u Z'ﬂ.’; 7*]
LGrad'® 864 975 999 1000 661 928 997 1000 695 985 962 1000 904 994 971 1000|882 985
UniFD 1 784 921 729 788 750 928 822 971 753 925 835 977 564 904 715 924 | 744 917 DDPM IDDPM ADM LDM
NPROASEE [ifi777%) 886 989 998 1000 918 998 1000 1000 912 100.0 1000 100.0 974 998 938 100.0|953 998 ? ? ? ?

PNDM, VQDiffusion, Glide, Stable
Diffusion v1, Stable Diffusion v2,

DALLE  Glide_100_10 Glide_100_27 Glide_50_27 ADM LDM_100 LDM_200 LDM_200_cfg i1

rik Ace. AP Ace. AP Ace. AP Ace. AP Ace. AP Acc. AP Acc. AP Acc. AP |ACL‘. AP

CNNDetection ! 51.8 61.3 53.3 729 530 713 542 760 549 666 519 637 520 645 516 631 |528 674 DALLE, a_nd Mldjoumey,
Frank!™! 57.0 625 53.6 443 504 408 520 423 534 525 566 513 564 509 565 521 545 49.6

Durall™! 559 58.0 549 523 489 469 517 499 406 423 620 626 617 617 584 585 |543 540 ° $i’JIEﬁﬁ% §J95 3%
Patchfor! 'l 79.8 99.1 87.3 997 828 991 849 988 742 814 958 998 956 999 940 998 |[868 97.2 o
F3Net! s 71.6 799 883 954 870 945 885 954 692 708 741 840 734 833 807 891 | 791 865

SelfBland! ' 524 516 588 632 594 641 642 683 583 634 530 540 526 519 519 526 |563 587

GANDetection!*®!  67.2 83.0 51.2 526 511 519 517 535 496 490 547 658 549 659 538 589 |543 60.1

LGrad % 88.5 97.3 894 949 874 932 907 951 866 1000 948 992 942 99.1 959 992 |90.9 972

UniFD 861 89.5 96.8 90.1 970 907 972 911 974 757 851 905 97.0 902 97.1 773 886 |869 945

NPR (A&t k) 945 995 982 998 978 997 982 998 758 810 993 999 99.1 999 990 998 |952 974

Tan Chuangchuang, Yao Zhao, S Wei, G Gu, P Liu, Y Wei. Rethinking the up-sampling operations in cnn-based generative network for generalizable deepfake detection. CVPR. 2024 (CCF-A).
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O SRR 0O F28FhERER ., 38N FERIBENTFR R FTIRIFEZEEN AT WA R ;

ProGAN, StyleGAN, StyleGAN2, BigGAN, CycleGAN,
StarGAN, GauGAN, Deepfake, AttGAN, BEGAN,
CramerGAN, InfoMaxGAN, MMDGAN, RelGAN, S3GAN,
SNGAN, STGAN, DDPM, IDDPM, ADM, LDM, PNDM,
VQDiffusion, Glide, Stable Diffusion v1, Stable Diffusion v2,

Neighboring Pixel Relationship(NPR)

DALLE, and Midjourney.
7 38 AT A Py ER 5 {
CNNDetection ! 57.3 i
Frank!”?! 56.8 | _
Durall !4 56.6 (b)NPR-R (c)NPR-G (d)NPR-B
Patchfor!!'! 80.6 - . subtraction
F3Net!”! 78.1 y : \ ~ e
SelfBland !4 61.2 ok >)
GANDetection!!4’] 59.5 J T Mg
LGrad'®! 80.5 _ | _
UniFD[#6] 79.8 (e)Different NPRs bewteen Real and Fake
NPR (A #5427 i%) 92.2

Tan Chuangchuang, Yao Zhao, S Wei, G Gu, P Liu, Y Wei. Rethinking the up-sampling operations in cnn-based generative network for generalizable deepfake detection. CVPR. 2024 (CCF-A).
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CLIP: Injecting Category Common Prompt in CLIP to Enhance Generalization in Deepfake Detection.
Proceedings of the AAAI Conference on Artificial Intelligence (AAAI), pp. 28130-28139. 2025. (CCF A%,
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Chuangchuang Tan, R Tao, H Liu, G Gu, B Wu, Y Zhao, etal. C2P-CLIP: Injecting Category Common Prompt in CLIP to Enhance Generalization in Deepfake Detection. AAAL 2025 (CCF-A).
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A

GAN Deen Low level Perceptual loss LDM Glide
Methods Ref Pro- Cycle- Big- Style- Gau- Star-  fakes Guided 500" 200 100 100 50 100 Dalle mAce
GAN GAN GAN GAN GAN GAN SITD SAN CRN IMLE steps  wicfg  steps 27 27 10
CNN-Spot CVPR2020 9999 8520 70.20 857 7895 91.7 5347 66.67 48.69 8631 8626 6007 5403 5496 54.14 60.78 63.8 6566 5558 69.58
Patchfor ECCV2020 75.03 6897 6847 79.16 6423 6394 7554 7514 7528 7233 553 67.41 76.5 76.1 7577 7481 7328 6852 6791 7124
Co-occurence  Elect. Imag. 97.70 63.15 5375 9250 511 547 57.1 6306 5585 6565 6580 6050 707 7055 71.00 7025 69.60 6990 67.55 66.86
Freq-spec WIFS2019 4990 9990 50.50 4990 5030 99.70 50.10 50.00 48.00 5060 50.10 5090 5040 5040 5030 51.70 5140 5040 50.00 5545
F3Net ECCV2020 9938 7638 6533 9256 58.10 100.0 6348 54,17 4726 5147 5147 6920 68.15 7535 68.80 81.65 8325 8305 6630 71.33
UniFD CVPR2023 1000 9850 9450 82.00 9950 97.00 66.60 63.00 5750 595 7200 70.03 9419 7376 9436 79.07 79.85 78.14 86.78 81.38
LGrad CVPR2023 9984 8539 8288 9483 7245 9962 5800 6250 50.00 5074 5078 7750 9420 9585 9480 8740 90.70 8955 88.35 80.28
FregNet AAAI2024 9790 9584 9045 9755 9024 9341 9740 8892 59.04 7192 67.35 86.70 8455 9958 6556 8569 9740 88.15 59.06 85.09
NPR CVPR2024 9984 9500 87.55 96.23 8657 99.75 76.89 6694 98.63 5000 5000 8455 97.65 98.00 98.20 9625 97.15 9735 87.15 87.56
FatFormer CVPR2024 99.89 9932 9950 97.15 9941 9975 9323 8l1.11 6804 6945 6945 76.00 98.60 9490 98.65 9435 9465 9420 9875 90.86
Ours Trump.Biden 9971 90.69 9528 9938 9526 96.60 89.86 9833 6461 90.69 90.69 77.80 99.05 9805 9895 9465 9420 9440 98380 93.00
Ours Deepfike.Camers~ 99.98  97.31  99.12 96.44 99.17 99.60 93.77 9556 6438 9329 9329 69.10 9925 9725 99.30 9525 9525 96.10 9855 93.79
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Chuangchuang Tan, R Tao, H Liu, G Gu, B Wu, Y Zhao, etal. C2P-CLIP: Injecting Category Common Prompt in CLIP to Enhance Generalization in Deepfake Detection. AAAL 2025 (CCF-A).
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