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Survey on artificial intelligence-generated image detection

Li Meiling, Qian Zhenxing", Zhang Xinpeng
College of Computer Science and Artificial Intelligence, Fudan University, Shanghai 200438, China

Abstract: In the era of rapid advancements in generative artificial intelligence, the explosive growth of artificial intelligence-
generated content (AIGC) , propelled by the widespread use of models such as ChatGPT and diffusion models, has given
rise to significant challenges. The proliferation of false information, fraudulent content, and inappropriate remarks has
severely undermined the authenticity and credibility of information dissemination, highlighting the urgent need for effective
artificial intelligence-generated images (AIGI) detection. The detection of AIGI, which aims to determine whether an
image is generated by a generative model, is a crucial research direction in the field of Al security and governance. Early
detection methods focused on detecting the content generated by generative adversarial networks. In recent years, images
generated by diffusion models have received extensive attention, and related detection methods have emerged, demonstrat-
ing superior performance. However, current detection methods still encounter difficulties in achieving high-generalization
and robust detection performance due to the diversity of generative model structures, the complexity of generated images,
and the uncertainty of post-processing operations on generated images. This comprehensive review aims to provide a thor-

ough understanding of the research landscape in AIGI detection. The paper first commences with an in-depth exploration of
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mainstream image-generation models. Generative adversarial networks, with their adversarial training mechanism between
generators and discriminators, have evolved through various architectures such as conditional GAN (CGAN), CycleGAN,
and StyleGAN, each enhancing the controllability and quality of generated images. Autoregressive models, inspired by the
success of GPT-series in natural language processing, such as Image GPT and DALL-E, leverage powerful attention mecha-
nisms for image generation. Based on the principles of diffusion and reverse diffusion processes, diffusion models have
demonstrated remarkable capabilities in generating high-quality images, leading to the emergence of numerous models such
as Stable Diffusion and its variants in recent years. Understanding these models is fundamental because their unique char-
acteristics leave identifiable patterns in the generated images, which detection methods aim to identify. Subsequently, exist-
ing AIGI detection methods are systematically categorized from multiple perspectives, including supervision paradigm,
learning methods, detection basis, backbone network, technical means, and interpretability. In terms of the supervision
paradigm, most methods are based on supervised detection, with some incorporating additional contrastive learning losses
or regularization terms to improve performance. Though less common, semi-supervised and unsupervised detection meth-
ods also contribute to the field. Regarding learning methods, eager learning-based approaches, especially those that using
binary classifiers, are dominant, while lazy learning-based methods, such as those relying on the K-nearest neighbors algo-
rithm, offer an alternative without requiring extensive training. When categorized by detection basis, methods based on
pixel-domain features use characteristics such as texture, color, and reconstruction error. Frequency domain-based meth-
ods detect AIGI through the analysis of unique frequency patterns of generated images, such as the spectrum replication
caused by upsampling in GAN models. Methods based on pre-trained model features leverage the powerful feature extrac-
tion capabilities of large pre-trained models such as contrastive language-image pre-training (CLIP) and Vision Trans-
former. Fusion feature-based methods combine different types of features, either from single-modality (e. g. , fusing pixel
and frequency domain features) or multi-modality (e. g. , integrating image and text features) , to improve detection accu-
racy. In contrast, rule-based methods rely on differences in the sensitivity of real and generated images to certain opera-
tions for detection. According to backbone network, early studies rely on traditional machine learning models such as ran-
dom forest, support vector machine, and logistic regression. Convolutional neural networks such as ResNet have later
become increasingly popular due to their powerful capabilities on local features. With the advent of pre-trained large mod-
els, visual language models such as CLIP, masked autoencoder(MAE) , and large language and vision assistant (LLaVa)
are increasingly being used as backbone networks, often fine-tuned with techniques such as LoRA to adapt to the detection
task. Aiming to enhance the efficiency and effectiveness of detection algorithms, various technical means are employed,
including incremental learning, knowledge distillation, transfer learning, ensemble learning, and few-shot learning. Addi-
tionally, data augmentation methods such as JPEG compression, Gaussian blurring, and random flipping are used to
increase the diversity of training samples and improve the generalization capability of the detection model. In terms of inter-
pretability of detection methods, several techniques have been developed. Layer-wise relevance propagation analyzes the
contribution of each layer in the neural network to the final decision, helping to understand model prediction. Genetic pro-
gramming optimizes the model structure to improve interpretability. Local interpretable model-agnostic explanations clari-
fies model’s predictions at the local level without relying on the specific model structure. Grad-CAM generates visual expla-
nations by highlighting the important regions in the image for the model’s decision-making. Using the detection basis as the
main classification criterion, a detailed introduction and analysis of the research status are presented. A detailed summary
of benchmark datasets for general AIGI detection is then provided. These datasets substantially vary in structure, scale,
image content, and the types of generators they cover. Some datasets are designed for specific types of images or genera-
tors. For example, several datasets (such as Forensic Synthetics) are dedicated to GAN-generated image detection, while
others (such as Synthbuster) focus on detecting images generated by diffusion models. Comprehensive datasets can also be
used for detecting images generated by multiple types of generators. The diversity in datasets reflects the complexity of the
AIGI detection task and the need for a standardized evaluation environment. Moreover, the evaluation dimensions of detec-
tion methods, namely in-domain accuracy, out-of-domain generalization, and robustness, are introduced in detail. In-
domain accuracy is measured using metrics such as accuracy, precision, recall, and average precision, which measure the

performance of detection methods on images generated by generative models included in the training set. In contrast, out-
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of-domain generalization evaluates the performance of detection methods on unknown generative models and categories out-
side the training set, which is crucial with the constant emergence of new generative models. This dimension is evaluated
through cross-generator, cross-category, and other types of generalization tests. Robustness assesses the capability of
detection methods to resist various image post-processing operations, including JPEG compression, Gaussian blurring, and
adversarial sample attacks. Furthermore, a horizontal comparison of representative detection methods is conducted, and
the results show that different methods exhibit diverse generalization capabilities. The choice of backbone network and
training set substantially impacts detection results. For example, some methods perform better on specific generative mod-
els, while others demonstrate higher accuracy across multiple generative models. Detection methods based on fusion fea-
tures generally exhibit superior performance in terms of detection accuracy and generalization. Finally, the paper high-
lights the challenges and open problems in the current AIGI detection field. These challenges include the construction of
large-scale unbiased datasets, because the bias in existing training data can reduce the robusiness and generalization of
detection models. Designing robust detection methods against physical-level attacks, such as printing and social network-
based image processing in real-world scenarios, is also necessary. Moreover, creating comprehensive detection methods
that can effectively handle a variety of generative models is crucial to keep up with their rapid advancements. Additionally,
research on anti-forensics attacks against detection methods is essential because it can help improve the resilience of detec-
tion techniques. Future research directions are outlined to address these challenges and drive the continuous development
of AIGI detection technologies.

Key words: artificial intelligence security; artificial intelligence-generated image (AIGI) detection; digital forensics;

image forensics; deepfake detection; image generative model; deep learning
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Fig. 1 Timeline of representative Al-generated image detection methods
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Fig. 2 Classification of Al-generated image detection methods
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ARG R URAE (BCBARAE B0 R AE R TR R
FIRRIE SR AAHOCHERGE T HRAE S ) SRUERRIE (3)
S nAE N Syl VAT fr)jimﬁAff#?EVEﬁh()ﬂ'J
WA s AT AR T 30K 5 R ) 2 RS il 5 R AR
52 WA

A FEE TR oy o FIIATSE T A 322l AR
HLARA . SZ 85 ) S AL (support vector machine, SVM) |
b JE 4 TR L 8 ] ) S5 A% G AL g 27 > B R Oy
K 4325 2% , Z J5 . UL ResNet (residual neural net-
work) (He 55, 2016) 2 3 19 45 BUM 22 (9 265 3% i i 1
OSN3 2 s, TN 2 RA AL B, 1B A AR fek
A CLIP (Radford %5 , 2021) . MAE (masked autoen-
coder) (He 4§ ,2022) . BLIP2 (bootstrapping language-
image pre-training 2) (Li % ,2023) fil LLaVa(large lan-
guage and vision assistant) (Liu 55, 2023) L5015
KAEERINE T8 T W45, K H LoRA (low-rank adapta-
tion) HE AR (Hu 45, 2022) SR KA AY 5 ik

SHEBARTBA 3o o m i I3k i R
AR, — S0 5T TR R 3 i 2% 2] (Marra 55
2019) AR ZE M (Zhu 55 ,2023a; Lim 55, 2024; Cavia
45 2024) i F% 24 ) (Zhang %5, 2024) & W 2F )
(Raza %%, 2024 ; Mehta 5, 2025) il /NFEAR 22 3] (Yu
45,2024 Xu 55, 2025a; Wu 5, 2025b) 54 R FBL .
— BT (M %, 2020 Xu %, 2023, 2024a, b ) K 5
JIBLAI I CNN, A R TH I 45 A9 42 Ry 15 8§ B
REJ) o s ASIN J7 vk iz AL R E s, — 28 T

T ARAR

.......................

VETE RN 2 UG 6 AKG I 25 7 1) P4k B Y Be 25 1A 7
A Ak F BT | BEATL 0 0 R ST 48 55 1 4 R 4R A
(Marra%,2019;Wangfff ,2020; Mi%,2020) ;1848 —
S T AEAER I 5 I ZRB BOI A B G s, 1
() £ 48 1 5 J7 20 4L 45 JPEG (joint photographic
experts group) J& 45 (Wang &5 2020; Mandelli %5,
2020; Jeon % , 2020; Chen % , 2024a) . 5 17 455 4l
(Wang 55,2020 ; Jeon 45,2020 ; Chen 55, 2024a) | = 37
W75 30 (Chen 55 ,2024a) | BEHLEAF (Jeon 55,2020,
Chen %%, 2024a) FIBEHLEFS (Chen 25, 2024a; Li 5%,
2025¢) , WA F4r #E5E TAE 26 N CutMix (Jeon
4§, 2020) | B8 £ 8 (Lanzino % , 2024; Li %5 |
2025¢) \B#EAL K E (Chandrasegaran 55,2022 ) | Ff AL
5% (Doloriel £l Cheung, 2024 ; Chen & 2024a; 14 %%,
2025¢) LA K 58 B2 FIX LU BE 96 % (Chen 45, 2024a) 45
T A e A i 22 Rt

6 )& T R R o3 o A R ARG Ty vk B T A
P4 , Chandrasegaran 55 A (2022) i 2 )2 M S AL %
(layer-wise relevance propagation, LRP) J5 7 8 57 K
D25 B AT A B 5 Lin 45 N (2023 ) R st % g AR 512
$ R R 73 B ] fg BRI 5 Pontorno 25 N (2024) i FH
PRI TIC S Jmy 3 P A A 1 g1 A ) 8% 114 F0000 45
AT B 5 A3 W58 T4E (Bird A1 Lotfi, 2024 ; Sarkar
220245 Zheng % , 2024 ; Mehta %5 , 2025) {ii i} Grad-
CAM(Selvaraju 55,2017 ) XA I 45 SR 21 7 ff R
2.2 WMFGENA

&3 EXMEK T YA N T R A R ENR
R e, 25 B Be OGRS R . F I LUK

NI A b 3 23 B o X S8 BUIR BEAT TR A 20 2R
.

HAE {(CorT ) (hifiaE |

=

e ][ Va5 B IE ]

e
1
| (T ) i )
: e WALRTHSE ]

AT FF‘IH%M:]
P (B R )y
[ a5 S WHREAIE+ i ] 1‘51
[‘/Fﬁﬂz I B A AL 1 ] S

i (eEsomin] |

B RE A i P ARG D0 7

K3 EHANL

;f{ [ Kl I Wi | [DCT][M
i BYRFAE I, [FFT J( *Hhha I

= :_'_:_'?_:_':_'_f ______ gjn: L
] AL i 0/1?
| Uﬂ—ﬂ: |:

.......................

...................

Fig. 3 Illustration of general AIGI detection pipeline
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2.2.1 BT RGBREHE RN T %

WA I 5 v L) L S PRIR E A i E MR AE AR R
7 T ) e S 4 2R S ARSI

DT RS AT RAE RO I . ZET ST AR B
B ORI Bl T RS 20 B U 2 A T A e T AR
TR . Marra 558 A (2018) 35542 H 4452 [ 2%
GAN Az i G AR IAE 55 , 23 ) %) 5 T i A 8L A
5y B AR AE L T GAN H ) 2% DL & 3 F CNN
(DenseNet , InceptionNet 1 XceptionNet ) [ 46 I J5 72
WERRTEIERT TITA . SR as R U] BT,
ARSI T A R A% SRR A i A T R RE L SR T AR
JPEG JE4a 37 50T, BRI 7 v 47 ) BUAS [A] R B 1Y)
TERE T

2) BT ERSORAFE ARSI . AN T bk B
H EUZRIE A CNN Rl T B, — 26 TAES 5] Af%
42 (1) R IBGIEFFAE , 254G CNN SEBLAG I A 2 e
AR R 6] B9 AH DG , H HT THl SE R SOHAE
Nataraj 55 A (2019 )4 e 2B 4 14 55 45 B b 28 I 26 AR 45
A B SR EUE A B RGB 34> (0 38 3 (1) S AR 4
W AR5 1 HOHE B 1R A — R R B T 22 0 28 30 4T
Rl . ZEfBlHb , Goebel 45 A (2021) 4 [FIR — 8 18 3t
HE S B XceptionNet 28R H SEELXT 5 7 GAN A=
J PG B A I . Qiao A (2024a) 2 1Y CSC-Net
(cross-color spatial co-occurrence matrix network ) , ¥
IS P 2 () A R A AR A SR A I A B , It —
A% TR A 22 PR BRI R A . Xu 55 N
(2024a) 5 FEE 1 42 Jmy SO AR AR 5 )R 38 SO RRAIE 3
IRk T i R AR Rl G TR

H 37 190 28 5 Ay i T 58 5 5 BR ), BRAT A 7
V2 T s AR A PR B B RN B TR R B s AR
8 BRI , 3X — B SRR I e 43 B G s B
PHREIE MSE R o R Al Rk — FR 1, Konstantinidou 55
N (2025) $2 H R T Ak # 20 7F TextureCrop , B AEA:
TSR 5 3l A 7 A P50 o A DX 3, Bk 1Y A 1 451
H A SR A TR R A SRR BT A 0 A
W53 B AN R e AR A5 5 . 2T LA Adi A
FEAR T S I SR R ASE 76 D) 4 o vk R

3) BT RR B AL ARSI — 26 T AR
Gy Bt {5 B 58 UKL Ml . Chandrasegaran 45 A
(2022) 7 i FH LRP 347 1t 22 19 265 14 D S 2o A
B, X ARG 85 T S 25 SR 5 ) e K AR R R 2 B
FALAY B R | i R 6 £ R S T A6 I

FIIEASRAAE | JFA B X b 4t 5 B AL B2 Ak 1Y
B dtng JrxC, BT, Uhlenbrock 55 A (2024) %8R,
Az RS G R v RO R B 2 S 3R
BER 5 B SRR AESE b7 A T 5 3R Y 22
S, TR A 3 3 (] Y OC R ARRAE R A B HIL 2R
MIEATIrFE . JiaSEN(2025) KB, HSLEMR 5 4
EIMGAE S 3 A A i 22 5, $2 H CoD (color-based
detecting model) , i 1 i (& 1 b 55 A 25 AR A
RURHE , F AL SRA  ABEAY

4) BT RMR E A RO IN  IHE TAE S8 500 5]
By A R B ARGIN Jr ¥ AT i — 20 0 T
A% 2 ARSI R T i A PR AR AR B R T

KT RETEEREZRI, He 55 A (2021) 42 H
e FH PG A4 1l 1 g ARG I 2 ol PRI A5 e I s 15
50T EIR b 23 B 22 e A5 Ty 5075 2 Y HE
Az B AH S e 75 5k 22, o oA AL CNN I 25—
AT 2EAR . Zhang Al Xu (2025) & 3, 4 B RY (1Y
FA) WG e e ol S PTG R A B PTG B AN [ Y
T ) TR A, TR I 2R B B A e
FC Aok R A B B R S AR AIE (diffusion noise fea-
ture, DNF) {438 ] R AL, H5 Hoak A CNN AT
R . Wang 55 A (2023 ¢) 513 314 RO AL Y 7T 304 4y
P, KBS B EMEBAR L, 3 B mT LA MR B
B R A B R TR AR R T 52 R
Fai% 2% (diffusion reconstruction error, DIRE) , J T-#
L T T B B A R o Javaheri 58 A (2024)
K DIRE A4 A ISR 732 o D94 =5 DIRE 1
Rl %% , DistilDIRE (Lim 45 , 2024 ) filf FH 111 7% 1
FEWE A AR T T DIRE HE SR 19 4 I 2% % ; LaRE?
(latent reconstruction error guided feature refinement )
(Luo 55,2024 ) i 1178 2 ) H A 45 26 52 THAG e 32
SeDID (stepwise error for diffusion-generated image
detection) (Ma 5§ , 2023 ) | FH 4™ B 2 % ] 3 51
1 A e R R R I ] 2 AR R A R 2 IR AR
Z A UR 22 AR A AR o Chu 558 A (2025) & B A=
JSCAE TR R LA A S PR B R S 2 A T A
I 51 5 1) 5 2 R 22 (frequency-guided reconstruction
error, FIRE) 60 A& g K%, BRI 5, Bt i
PO AR B 43 I s PRI b AR 4, xof L o 4 5
P i PR, AR e O B 5 5 D 4 T 5 A o
PG PR A CNN 2338 R B0 7570 85 1 10
i 4 {5 B B I B . AEROBLADE (Ricker %5 ,
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2024b) , Ef XF ¥ 25 (8] 97 B AL A (latent diffusion
model, LDM) , fiff 1] [ % ith v 114 o0 7t 15 22 Aar ) 151 44
SRR RS . SR 2T AR TG I AL T A
Gt S A AR Y RS, R A E SR R o S B 5
3 A 2 B2, Shen 55 A (2025) 45 50 8] 20
R RS 22 I (R0 AR 2, DASRE R A A B

KT I T E A KGR FRE KL, Fakelnversion
(Cazenavette 55 , 2024 ) ¥ J b3 [R5 g Ay v 25 [1] M P
V] 0 e B 2 D 15— ] 16 A CNN #4770 260 DRCT
(Chen %, 2024a) 1 S5 51 FL S P50 A2 i 4%
FI A AR SR B T S MR L (R o A [
8B UG AN A i G R R 4 28 B A T X
P R I 2o 264 45 2 S INUERR RO PSR Bt . Yu
S5 N (2024 )44 B 2 SRR IE 5 SOR TR RS ARE
Bh A, 2% A CNN SE &l . =2 Lempitsky N
(2018) fdf HI TR B PR e 30 e AT PR LA IR K
Sinitsa fl Fried (2024) #£ 1} DIF (deep image finger-
print) , 1 e Zr— AR OS2 R AL RS
(R SURRAIE , 393 18] 057 ] B 2R BRAH 6 R B2 R i
P DI, 38 5 b e ) 145 53 i) 5 L S FRL G RN
Az R B AR ALRE , 5 MR L2 . DA i
AR A R, Yang 25 N (2024) B3t 1 —Fh i 7]
SCAS AR S 1Y R AR 32 DT 5 TOFE (text modality-
oriented feature extraction) , LA SC A= R 1Y b ff) SCAS
Vi e J2 1 SO o R, I 25 e i O Y
(denoising diffusion implicit models, DDIM ) /5 {8 3K 75
PG 8 1) P 2320 308 3 e/ N AR A T ) et 5 LS
T ] £ 1 38 7 DR 22 AL SCAR S PR L A
T YA B AT SRR R AR BB S 5 H AR K
A R SRR 2R R il G UG S PR IR AR
GURAE , TT T A A I 4%

5) BT UG R A AR I . AN TR T Bk AR
PB4 Jay R A AR AR | —SE 58 TAE
A JH R Y Jm 3845 B 58 iR I o He b, SSP
(single simple patch) (Chen 4, 2024f) ¥k % H 230 # £
HNEZ W B R P, T Jay RS2 BB 1 By 4
SERUKE I . LaDeDa ( Cavia 25,2024 ) i i BR il CNN
(R BT, 15 3 KRR GO AL , AR5 8 - 24t Ak
B ERGON B FRHAE , T 5326 0 N SE AR 43
HER E LR BRI, SPAT (spectral Al-generated image
detection ) (Karageorgiou 4§ , 2025 ) 4351 42 HUAS [A] 1%
PR RAE (5 T 2 I L A ik A 22 2 8

HL (multi-layer perceptron, MLP) ¥ il . Xiao %5 A
(2025) ¥y A PEIAZR o3 22> B, @i T 45> e
FR ARG DA 3, B4 0 vy Y B E KGN 8%

6) T EUL PR AHOCHE ARG . — 2B RfFoE TAE
BT R PR R WA DG EE AT R, Horh | Patch-
Craft(Zhong 55,2024 ) F1| FH KI5 N 20 B A= & X 3R 2C
PR = DI AR 32 AH OGP R Fo R A I A il PRI o
Zhong 55 A (2024) N MRS TR U ENR , B R
YA XA R AR G E S v . BT, SR
PG 53 Ry SO P IR S A = I, AR 8
v 30 2089 4 o i R A DXl g M P R B S
H FLIX A CNN 5870 2K o 55 Zhang 55 A (2019) 2
8L, Tan 55 A (2024a) 3R 5 FRAEER DS EIR R
Il 1) B2 R A R R AR T 4R R 5 &R (neighboring
pixel relationships, NPR) 1E 24 & il 119 38 H] & 1k .
Chen 55 A (2024b) 42 H} IPD-Net, ff B E {5 e 2Z [ 11
O 28 52 AN

7)EET MR SCRAEII R ARG . Sl AR IR
() 1 SO P25 ) A I 45 SR T 4R, Amoroso FF A
(2024 ) {1 FH RS BG 27 > fift A8 1] 1 3 SCHRR AIE FXURS 45
fiE, Zheng % A (2024) 7 15 T 4b 3 XoF [E1 45 He ik
FrEFLARE, Fo R B WE 4R P4 — TR
PRI 732 F P B MR BRAIE, Jie i 4 T A7 AR
HURFHEFEAT PR R ALtk o 2R an EAT AN o 26
Hi, Gye 55 A\ (2025) i i3 22 9% 1% He i LA 2 1%
RSB , 255 58 B MR = 90 SCRAE AT
Ki M . Tao 5% A (2025) # 1 SAGNet (semantic-
agnostic artifact network ) , 5k H X BT Il 25 (1) S AR, 38
T BE R BR300 L SRR A SR IR o T TR T
2 50 0 A% R B RRAE , DN TR BR AR AE rh A 3 LA
B S SR R A o R I A AL vh
S 53 T 5 R Ok 1) i 22 5 12 AL RE ) T B IR) R
Zhang %5 A (2025) & T 48 73 {5 B 51 (variational
information bottleneck, VIB) , #& 1} VIB-Net, i 1o %
FEEGEAT I U8 5 R4 , A7 85 0 B OGS R F AR B o

8) HAlh KL T B AG R A A I J5 2% o Tan 55 A
(2023) 15 K H 35 T4 J3 27 >0 B9 A I J7 325 LGrad,
it FH P 25 CNN AL R P45 5 480 Jobt 2 P19 03—
b, SR 5 TR B2 B R AR 25 3] — A X 40 L5
BSR4 BB B — 3 264 o 01 2k CNN A AY 1
BB IE , RIS R OO T4 A R S8, SR i A
PG BB R XS 1 OS2 o 33X b AR R IR

21



22

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 1,Jan. 2026

T BB SO TR 28 1 520, 25 Wb i e 1R 2%
XTI R AR ) T, SR T R TR I A
T, LGrad I A BE R UEAE AR 3L T CNN ZEA
AU R R BB o Lorenz 55 A (2023 ) KX
PURE A U 1 Jeg &8 N TE4E S (Tocal intrin-
sic dimensionality, LID)E A A5 MAK 4 , & 56 (1
CNN 42 BURRAE 1355 LID , SR J5 4 Hoik A B HLZR AR
Yo Sarkar 55 A (2024) 42 98 B 52 L 5 A4 il B4
(] (1) JUART 22 5 B 52 T LRI 27 R R N B 52 G 37
e BAE LR A R . Guarnera % A\ (2024)
18 1o Rl CNIN S s A= i P 5 B A I 5 B9 A 55
Tan 55 N (2024b) % 15 3| A [7] 8 5 04 B8 A7 78 16 53
A 22 57, $ Y — P B R Oh 52 R AE SR IO 125, 1
e A Y IR A A IR I A B G ARUZ FIBE L)
T4 BR 2 45 22 b JC 5 I 45 18 B8 T G 58 7 (data-
independent operator, DIO ) 22 A4~ 38 %) £ 52 #E 17 %)
Fr, U8 REAE B2 R X I 2 B A AR . Xu 55 A
(2025b) 5 J 1 FH L 19 RGB 2 TR R§AF 5 1l i S A
RHE P BURAAIE SRR LA RIS A e 1 A A
WA, I b A I AT 95 5 ik M RE R AT TR
G3HT . Nguyen 55 A (2025) 38 i H Wi 2 > N ELSE
PG e R J— 2 T i e o L D4R BRCE, 35 O A B
(5% 22, HEIE A — > B B A XX B g% 22 E AT 2 R
JE AR B SR S R A8 I A il B
] PG L DT AE T i 3o A ArT 5 1 P A 17 2
T, S B R OR0 FE R AR T | T B W) 5 AN G B
k.
2.2.2 T EMGBUERE AR I i

SRS Ty vk DL IS PG s A R R AR A A 7
T Py P A 2 28 5 AR I, 3 S ok o UG e 1k
TR P16 A KGN 19X 2 Hh A T ARG

1) FEF 8 B Bk AR e (9 K . Zhang 26 A
(2019) 45 i F2 i GAN BER Y bR ARAHe 2577 4 it
Fefh , JF N BRIE b IR B ok 26 OS2 7E s h R BN
WG S o LTI, AT P A e A
i (discrete Fourier transform, DFT) 4B H ) 451 5l Ay
SEAE R AR , IR T4 A B 43S i
BEAN  AATTH T —4~ AutoGAN, [ R e 15
S A BRI AR AR 8, T ACADL 24 GAN BB 4 A
J ik B AR R PELRREAS o AutoGAN T 7 15 7] 52 B
GAN REAUE AT AR Bl FH TN Zhmy “ (B UG, BRI —
PRI 22 1 I o e v e A Y 1 A R A Bl 2k

)&, FEMXT B, YRR AEAS 55 AutoGAN 4%
SRR AL A A5 Y A I, 125 K RE A BB B4 1) A
W EgE , R BA — & Mz AL BE )] o 5 Zhang 5 A
(2019) 2481, Durall 55 A (2020)#f DFT 753 £ &l {545
Tk A SVM 432 2% 58 fiff F K-Means 5432 58 BUR DU .
AN AT ) —Ff TE 0 A I 2 (A AR S B
SEEUER A ATE 43 A S T BEHET . Dzanic 55 A (2020)
W U 5 KNN RS G R B D s I 258
It BT RO A il 5, H G BB 8 3 B AR 8 e BT
A BRI, P2 A SRR SE NS 5 X 03 o Jeong
S5 N (2022a) fiff RGN 2R 4 7 285 2 UG T 52
JE4 B IESE T Az RS R O B AR BE T IR
B, 1 — b 2 T 00 i 3 U A G D 7 v BiHPF
(bilateral high-pass filters) , 1 56 {# F — 4 B - A%
K i N\ VRV A5 by 0 3 1T 1) W B8 35, A% X i 2
T I3 ) EA A5 3R G o T 0 AN AR G oy T i,
FUORTETS 5 XSy Oh s Al 040 i, e e U s
49 i B2 15 L A S iy A 26 22 CNN KR . 32 Corvi 58 A
(2023a) )3 & , Li 55 A (2024) 52 3 AR 8 AH B4 1
5 M 77 1% MaskSim, B 56 i I & 1 M 4% DnCNN
(Zhang 55,2017 ) %f BHAR BEAT FAL BR, SR J5 Xof o gk 141
AT DFT 234 20505 &, IF BT YIRS, SR
T (BT H R D3 SR EAGORD A= 18 PSR BT R i K 1 43
FAFRGRAUE . 25 AT SRS 5 0 1
PRIBCHY A 5 s B SN . e R TR S
T g 4 SR B AR RU P D 532 4 ] U 53 28 2 8 B
LivaIlU8

2) M T B HUAR LS B A I . Frank 48 A
(2020) 45 Hi , GAN LAY f b SR AF A 7 2 (ol A il P15
(R AH SBAR 3R B — 2 B AR DG ME | B3 S 3 UG AE S
Sl A S B R R AL DR S A R &
B B4y 5% A5 H (discrete cosine transform, DCT) 15 |
A R, AR e 6 R AT 6 B e OO A — e kA
CNN, Z5 R WL TIRGE ) CNN 73 R E AR T 25 T
8 Z B CNN J3 26 2 BE % JUTS B0 4 i 4G D 45 21
Bonettini 55 A (2020) 73 #r EURAR R [\ 19 C & & L,
FI AR RSO0 B 1 DCT 2250 1 L 807 73 A G A
RS E T GANBER AR B 4 ) DCT RECRFT &
IR RLAE A B HORE R DOT R Ay v AL o
A A S A6 DU AR i, 445 5 BE BIL AR ARGk R AT A
Pontorno ¢ A (2024) % BUAN [A] (9 DCT £ K00 I 45
A TTERAN R, JF ) K48 5 i B B S T R HIL
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AR DCT F %0732 58 A o S HIRAE J 8% 471
P02 0] S I 45 P BE AR, Hooda 2 A (2024) £ i
ANHHAE Y TR B Dh s A6 I D ik, A1) AR R ik Y T
R, M 2 1 0 HOKs 4R R 19 DCT A4k &)
Ay, Ay ik A Gy s K . Karageorgiou 55 A
(2025) 1Ak 52 R MG 53 A1 BAT B g i) AN 72
PE, JF 52 0 B T3 2 ) A I 7 125 SPAL, B e i ]
B 2 2 1 07 Nk — a0 B Y, AR S
FHATUIE E A AL 47l £ PRI

3) T U B AR R A I . Jeong SE A
(2022b) I\ A A R B8 BCRA ARRIE , R BT
FingerprintNet, B 76 5k T 5L 52 R QAL 15 21 AR il 1818
B R IE N A SRRV N UITZRAR R RUR 2 e
HLIH 254 (fast Fourier transform, FFT)/E R0 432
frEA . XA LRI GRBT BT A TAT ol
B LR LM 4 1 RIS DR B e 93z A6 1 o Bam-
mey (2024) 4% 1} Synthbuster, 14 5K 1458 1+ 58 X 2%
Gy EAT R DS, SRR FET A5 21 0% W5 1 0 (i
EIE AT 7 6 BE 42 TH 43 28 f A DM AR
B AR
2.2.3 LTI AR 7 ik

SRS I 532 ) FH TN A Y () R 1 HE B
ST | 32 A A T 2 S+ P4l 91| R A
P2 IO PR AT ARG, B e A b AR S A
Y LIAE A I 25

1) Bk T B 25 45 BURRAE B9 A DN o BE A ViT
(vision Transformer) (Dosovitskiy 45 2021) . CLIP
(Radford % ,2021) il BLIP £ 1 (Li %, 2022a,2023;
Xue 55, 2025) KA E AR K Ji& , FUYI S 1 fre R
HH 8 R A R AE SR IROBE ), A WE ST AR RS B SR
fiERE J1 58 ORI o o, Ojha 55 A (2023) I T30
YR CLIP BEAY 42 MRS ARAE , T U A ) 2% , fiff
HeAg o B SN 1) DR SR 32 B, LG B TS TN 45 %
T GAN FY BB B S5 A ] AR B B vz A i o 26
Ui, Cozzolino 55 A (2024a) B 4244 CLIP 2 5 Y
EURRHIERE A SVM ZEAT RGN , A S 2 B AR AS 3
REAZ IR BIRAF AR ISR o Gaintseva 458 A (2024) fiff
FH CLIP $2 U H SRR 1Y 5% 22 1] f 42 A W AR
EAE R IR AR AT 0328, JF 3 H R AE RS B AT
B PLHIPIRN T a4 m A D 45 0 S . Yang 55
A (2025) 2t 22 5 P 15 K5 2% (discrepancy deep-
fake detector, D3) , BT IF47 M 4% 43 32, 1 FH Fit Il 25

CLIP 73 3§ U5t i PRI R i A B L LR AL L AKX 05
PR P 2R A B R ek 2 ity
G338 . RO EAEARA I g REAE 27 >) 2R A 1Y
I FH AL L DA T 7 AG 0 5 Ao BSOS AR I 52 B B 4 114
DAL RIS B . Herur % A (2024) [RIFEH CLIP #2
SECH A AR ] T ARG 2 — 25 BT PR A5 2 5 Ry Bl
1% . Koutlis 1 Papadopoulos (2024 ) #2 H RINE (rep-
resentations from intermediate encoder-blocks) , $& B
CLIP {5 2 % % 1 [8] Transformer B R KR
B A N 20 LS 31— A AT 2 2] Oh T SR o)
it 25 (8], A ] — A AT 2488 e 35000 45 1> Trans-
former #5 B i) # Z 44 . Lamichhane (2025) #3# ViT
Rl GAN 4= iU S . Huang % A (2025) 42 1 — 4>
B LA I | 2 A 5 i R ) BE 1Y DR AL B AE 22 SIDA
(social media image detection, localization, and expla-
nation assistant) , ¥ 5 2 5 £ W EGE A0 15 5
# 7 (vision-language model, VLM) , ¥ 4% 5 token I
FEAE AR Ry K AR B . Wang %5 A (2025) 42 i) Mask-
CLIP, i id [ 1 B & CLIP #5245 (1) 2
JEDRFAE AR A JR) R RAE , JF R F Al 22 ] 1 1% 22
Feon 1) i xf CLIP EAT 4 m L . 7E iR Be , il i
EE—SCARTE CLIP 5238 U3 1] N A AH AR EE 56 B
oy SR LS 10 5 A USRIz AL RE )

2) He T AU GRAE R Gl A A, —LeBiF5E T AR
308 o A R R T R R S R I AT 55 . Wu SN
(2025a) 2 i SCA 51 5 @9 K W J5 i LASTED
(language-guided synthesis detection) , & /&% i1 K4
SCARK BT X6 L 2 21 458 2% o] T )11 452 L 1y 15
Gt e A SCA Gt A% o 7E DR B, 4 I R S5
B PP PTG 20 B o A AU )2 T R AT AR BLRE LU X
0 3 R R I A5 2R . Xu AR A (2025a) 42 i
FAMSeC (lora-based forgery awareness module and
semantic feature-guided contrastive learning strategy ) ,
T SE TN 2 2] R LoRA ff# CLIP #5331 F A6l
AAFE SR G , 7RI B, 38 5 e i i AR 3]
55 H AR PRI A G PRAGR AE F B 8 5 5 PRI 1 5
o Chang % A (2024) fii AT £ 715 181 {15 56w 1 9
InstructBLIP (Dai 4% , 2023 ) 5 4 45 21| K5 53 28 %
Moskowitz 45 A (2024 ) 3 1 i 4 CLIP RS2 T Hoai K
BYAIBE 77 . Khan F1 Dang-Nguyen %5 A (2024) i —
Al 58 CLIP IR A |, £t 4 7 00 | 32k . s 74
DG O AN AR 4 Fh 00 77 2SS A I . Liu 5%
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A (2024b) 48 Hi FE TR L SBR AR 7 1%, (]
LoRA & # f# # CLIP-ViT 5¢ B o Keita % A
(2024b ) #£ 1} FIDAVL (fake image detection and attri-
bution using vision-language model ) , 71 F L5 15 5 45
B REA 2 2T BE ), # Q-Former Hl Vicuna & %1
(https://github.com/lm-sys/FastChat ) F4%5 & 4E A1 M
2 5 BB 7 T A A I A i PEAR o Keita 55 A
(2024a) KA E LGS I ) BIUEG AR D — > RS i R AT
55, i o 7 VITGPT2 (https://ankur3107. github. io/
blogs/the-illustrated-image-captioning-using-transformers/ )
SERLDE T RS I 7 IO B A il 5 . 2Rl
Bi-LORA (Keita 5%, 2025 ) i ] LoR A (i BLIP2 15l
(Li %, 2023) 58 WA BB A 8 B AR A A o Tan
AN (2025) A2 8L, CLIP X A Bl P 4558 DR F A
Je U T HO T R g RO, D4 HY C2P-CLIP LA
S R Z A 8 5 A58 7R (I L
¢ 2] X LSRG AN A B RS A G AT s Ak i Bl
LoRA (¥ CLIP, 4T & e Fl A= it KR A I 8% o ik A7
AR AR P B AG IAT: 55 385 TC R 5 R 2 5 A
Mo Fan 55 A (2024) 42 i Fake-GPT, 4 £E 1 15 46
AT 55 7 45 17 9 AT 55, 45 R RGB R R
PR U IR A I8 B2 78 SCAR Tl KT 5 A
L FH0I0 PRAR FLAB , 7205 125 J0 5 o 1 4 ) B i X
7, B UE 1R B AR AR SO U 55 1 H (0 E
B P A 4% Y R B L Zhou 57 N (2025) 2
il AIGI-Holmes — By B YII ZRHE 4L , 1 5638 2 I ok
% PN 5 3 A 0 5 400U o 1) PR R BE ) 5 Bt
Je R W B A 5 | S A 2 > A U A A A
et 5 5 J L B 00 A el A D g ) e
5 NEHWr bR X 55 . Zadix— R AP Boilll 5, B
TATE ARG DNRS B2 15 3z A K ml e A D i 4 26 L
R E T
2.2.4  ETREAFHEARNTT ik

PR BRI 73, 5L T Rl G AR A AG I O vk n]
PE—20 73 g BT B R G R A A I 5 VA R T
Z RS R B AR BRI O %, 1T A e DU MR YA
[ FEAE AT Rl G, J5 & H8 0 UGN SCA 85 2 RS2
ARFESEA T R

1) LT B Rl S AR AR N 512 0 03 AR
W 15 3 WAy e IR RS R R AR A o Xd AR N
(2023 ) {22 SUTE R I ALH] B R B9 B S 20 s
fiE 5 & AR RF AR JE AT Rl A5 B AG MAR I o Ju 58 A

(2022) 1SSl HT CNN S B8 1 22 R RRAE , 48 4
TR IE R, BT — A R PR v G /)
PTG e b ARV B2 S TR AT, B Sl ad — AN R
PLHIBE Rl & 4 R FRAE 5 R TR L, 15 2 A R AR
[ F 6 A CNN BEATARZIN . 25, Ju 58 N (2024) %
W T B RRAE S IO AT T ek, 42 ) GLFF
(global and local feature fusion) , ¥ G 4 44 ) 22 R
JE 4R R AR5 05 B A RS DR A 200 R i e it
R NHLHIHITES Ao Leporoni 58 A (2024) K K14
TR B2 R IE 5 RGB 3 [B) R AIE 18 4o T 2 ) MLl 5
SE UK . MMGANGuard (Raza 5 , 2024) 4 S0 LY
FEF CNN $2 B G AR [] B ] T4 00, 28 (b,
HFMF (Mehta %5 , 2025) % CNN F1 CLIP 42 Bt (1) £ R
JE MR RAE 5 7 2% 55 Jmy B R TR 45 5 2 A JRU TR 114
Rl . Baraldi % A (2024) 45 t , I BT CLIP %5 7l
YIGRB YRR ARSI 7 vE HOCTE S 1 4R AR A9 42
B, # 1 CoDE (contrastive deepfake embeddings) , [F]
2 e AR 42 Jay Ry FRRFAIE BT TR Bl 2% 2T X 5%
P54 Jea Sy #8 DX R AR B

— B T A A AR 1 R A RS A S A AR A
Liu 85 A (2022 ) WL%% 21 5152 AR A e 75 158 e A5 s
rh RO H AL A, A [ A5 A5 A i ) P R
W5 ZRAARTE o PRt At AT 3 4 A 2 15
L5 R AR =R A PRI Y LS - 1 S ]
W& I %) 2% CyclelSP (Zamir %, 2020) £ U A {5 I
5 5 ESAR DA 3] 7 2] B 75 A S (learned noise pat-
terns, LNP) , 2R J5 F| F LNP (49 5 5 335 FUR AV 3% 19 il
EFFIEYI 25 CNN KI5 o Tan 55 A (2024¢) 42 H 431
R B GG Y 4 FreqNet, #1 T EMRA B 1Y
TR LA K PG %) g AU AUE A 5 ] L T8 48 |
B 1o A R AIE AR SR RS AR B, LR T 75, FreqNet £ 7
— AN I A YRR X FET A5 2] 14 A7 33 A ) 3%
HEAT A FRERAE | (ARSI ASE 8 2R £ T LR ) e AT

AN A7 A [ IR AR A A 5 45 3R SRR A
FHFAGI . Lin 48 A (2024a) #2 4 FatFormer, 43 ) ffi
P e 2 4 AR 0 465 11 5 10/ N i 22 46 (discrete wavelet
transform, DW'T) £ B4 22 Sl R AS [ B B %) A 358 £
TRFE . AL, TIATE SC5 1S R FF AR AR T A6 )
Pk INZ A . Lanzino % A (2024)f 15 RGB =5
(] 2 (AR I L FFT $i B0 Al i B 35 R A1 181 LA B Jmg
R AR AR I SRR AR ] 1) 5 R T A A A
WA, I 1 R BT B 22 I 45 A Iy , 36
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Y BNext (Guo 55, 2022) fE K& T M 2% , K K4ETH T
Ko R L DL 17 92 B o SR 7
Meng 45 A (2024) 73 51| 3 P15 #1415 38 B0F1 DFT A5
SRR, SR 5 X5 R SRR AR SR I AT 272 > TESE 73k, 0
SRR A S BORT SBEAIATY | o PG AR AIE 23 A Ay DA 2 AH
RFFAEFN O A AR OCHFAE , IF A ] BAR ARG T4 1
RPIMRAE Z I AIFE RS o o) e D s A AR IR A
sr2E4% . WiBmann 48 A (2024) 2 H Whodunit, 4 &
&I DCT AR | Th A5 4% B DL R AR SR B0 FAHOC &
BH TR . Gallagher Fl Pugsley (2024) 1% 11 3 T
KI5 DET 38U AE FIR SR BRI A XU 228 . &2
PatchCraft (Zhong %5 , 2024) J&i % , Chen #il Yashtini
(2024 ) %} EIR B SCH A 6 XA S0 2T = X, o3
oIl el A2 i B 1 DT 75 38045 3R Sl 5 F AU Sl e
fiE, SR 5 X S Xl ) AR AE A T DF RV SR R AR
Li % A\ (2025b) $2 tH CSFD (collaborative spatial and
frequency detector) , T Je 4 B K] 43y S 5 IX
S SCRREE 2 DX, SR 5 73 3160 336 7 A4 X sl 3R 5
Sl A A ] - AT H DA G T 9 ) 4 T s ] 4
PRAE 7, fieJim Al G WO DX 1R A 3 2848460 . Liu
SN (2025) 4 B Tl RRAIE 46 32 1 R ik A 22 L2
SRR E LA, 25 A HRNet (high-resolution network )
(Sun %%, 2019) FEATAGI .

A TAER MR 23 (B R -5 18 SCRAERLS
il 4, AIDE (ai-generated image detector with hybrid
features) (Yan 55, 2025) ¥ i 4fs DCT FR 48 73 1 & ik
ARG PR IEAE A Jmy 8 235 TRV ARAIE , 5 CLIP #2551
A JRih SR IEDFHE R 2 A MLP 7325

2) He T 2B RS FROE AR 75 % o Sha % A
(2023 ) 2 A8 SO A= PRI Y 8 A ol P 45 A I A 55, 4
FHES T B IEMR , A2 EIR AT $ 78 SO 22 ) A4
HUBNEE , $2 H DEFAKE K CLIP 42 HUH 19 304 5
EURRHIE AT BF4E SRS U5 — A MLP #4703 25
7E DEFAKE (1924 I+, Santosh 55 A (2024) 42 th —A4>
XL E BRI G HESL K 25 e IRV {451 2k R A2l A
REAE I 2 T AR R BRI T L 5 TR A I 2R R
R R A A TR ARE A AN 249 4687 [ 830y o ) Bk o e A1
Santosh 55 A (2024) 5| A0 B2 R e /b B 2 8000
A skemg , LB s A 7 2 iz Akt . Yu 58 N (2024)
fi  BE T R &R R R R A D7 5 SemGIR
(semantic-guided image regeneration) , 1% J7 ¥2% [f [1] /)»
FEAR S 2 S5, B Sl o S A S PR A 7 1) A

IS EUR AR5 H SO 56 MR AR 5 B
FUR R AR AT Bl 3% A CNN 58 1A B EHER 1
LRIl

2.2.5 TR RN AR IN T %

SHE SR 7k 3 4 P S PR 500 TR ] R 11
HURAR 22 S AR, — e U 2%, Hoi T
A I o AN A R o3 2 A ARG I & 2R A A T i .
Ricker % A (2024b) 42 1Y AEROBLADE, {i Ji] H 4
FRAYE AR 25, HR 8 LPIPS (learned perceptual image
patch similarity) 5 b & I 45 2 A5 0 A= % &S o
Choi % A\ (2024) % . AEROBLADE 746 I HL A fij .
TR R R E, 5t AEROBLADE A< Jit |
JEXE SR B G, i — L, AT
HFI(high-frequency influence ) , i i< I & & 4 A% =
WA L 5% ARG A= s PR L BRI 53 5310 D de P 6 T
AR I8 I 1 DA PRI AT o A, ML A0 o R Y Y
25 SE UGN . He 55 N (2024) 4 1, AHES T4 LA
1%, BLSE MG AR FRAE 2 10T % A0 s i e sl o -4, 1A
I ) RIGID (robust ai-generated image detection) ,
i JH 1 B L DINOV2 (Oquab 45, 2024 ) 42 155
W 75 4JC Sl FI R0 B AR, ARl A R AL
PSR A5 BB A B, Tsai 45 A (2024) BE— 25 X
RIGID FE47 1 Witk , AR 4ha ey 0 ASORYY P45 0 25 vy S A6
G ARAE 22 ) 7 B A A Jl I P, T4
MINDER, {5 5 [vi) B 5 5 B0 04 G0 i DL, , i 8 A )
T AeiE B ERiZALRE 1o Sha 55 A (2024) £
XoF SCAE PRI BE A 1) A g ARG DU 4 Y ZeroF ake , 38 33F
iR T AR RS E BRI RENSEER S S
2 G ) 45 F9 AL PE (structure similarity index mea-
sure , SSIM ) 73 BGHA TR .

2.2.6  HAbIT5 vk

Li 55 A (2022b) $2 11 25 T GAN B O AR EE
PPAG R 5 7 GASE-Net, 5T K118 533 5 28 1
PRI LS PR R AR AR B A R T 43 N %, 5 ik
T ol 2 ) AR A5 % bR B0 AT 0 0 285 2R AT I
ko Z AR VRIS B BRI BE AR
PERIR U 2 — , MR AT I 2 P R R A5 B A 0 45
Dogoulis 5 A (2023) B Jo 5 T H LRGN 2 — A K]
PG5 i PP A AL, SR 5 T M AR 8 IR 43 iy o
A R S LS AR — i A CNN AN . 5 Liu 5%
A (2022) 2481, Liang 55 A (2025) 1Ay , B 52 KIS AR
BT A MR B BEINAR 8 I GETHARRE , OF 56 T
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P #6  J7 3 NTF (natural trace forensics) , B 76 ¥
FI AR PSRRI A R A [ Joi 5 AR R S SRR A, S8 38
abxk A~ AR B AR BRG] SR A 5 A R R
FRAE 22 S O IR TR 28 A AR . Cozzolino
85 N (20240 ) fif % SCA A AT 55 HORE R — > token 1Y
AT 55, 32 1 R G i A0 M A & O 48 0 52 L
ialll8

Karageorgiou % A (2024) % 1L, I % A= W BB TE
AR B ARG BAT J7 125 A ARG DU P RE 147t B
) P2 32 R AT A 3, LA I ] )RS A DU P 7
SET R, BT, AT A R TG 2R A Bl A A I
75 RASID (retrieval-assisted synthetic image detec-
tion) , T 75X W UA R B Y A LA ARG 00 - DR A 0 285
HTEN 5 S BT R I, 8 3 157 00 PR 5 A
SR MR B RIS o 27 AR B T B — B (i 0 ik
TIAT BRI 45 AT ARG 5 75 U R 5 24 Al
SBREA R ARG 5 A T A

Wu 2 A (2025b) $12 H 5T/ VREA 7 > B R 7
£ FSD (few-shot detector) , 1 el Zh— R A X 28 A=
AN B R SR TR B AR AT RE A
5 IR 7R A0 BE B A B AG I 45 2R L 1% 07 VA RE 8 S B
P HOS B A R BRI 5 B9 . Li 55 N (2025¢)
KB, TR A DO R R A s AL A DR 5
RS LG P O 22, LA B A AR PIL 1 515
RO R AR A GG i . ST 3R N — AR i A
R K I %% SAFE (simple preserved and augmented
features ) , >R FH] 3 T {7 B A UGB 46 . 15508, BT XHER
SRR 58 A TRt , 7 P P A B v A PR BT AR
RO RAERAE, LUk S D2 R L. O BEX O sg 4
ki ELE TR, 51 A 2} Sl Rl BIL ke 2 A 8 % o
RS 1 5 T B, LA AT BRI R A v 68 22 S5
i L2 R B TC AR 25 o SRJS L S 52 30 Jmy v
BB T RS S BEA LIRS W, 7E I it
R R AT I 45 5 T SR v IX 3

PLETEARA 41 1 SN TR B AR I AR ARSI
2, 3R DGR TR T T IH98 545 .
2.3 REUEAZENE

Bl 25 TPk I 7 VA RS 3R Y, — 28 TARTFIG 5
T AIGIAY R BGIER] @, Chandrasegaran %5 A (2021)
B, FRAEARAE T BRI 22 5 0T AE CNN A2 i
PR T A, DRI O AN BEAE S A AR A o 03t
Dong % A (2022) $2 1 B 08 B& T35 B4R AiF A6 0 fg Xof

OO o WA A T ARG A T X HUREAS 19 52 B
YIE J7 1 10k RE RS T, 40 Stealthdiffusion (Zhou 25, 2024)
Fl RBA (realistic-like robust black-box adversarial
attack) (Xie 55 ,2024) , Horr, Xie % A (2024) £ 1 5
Hr B JPEG 4 | o 7 e 75 A R S e g St
UL EUG U A PRERVER FEXTHUREAS

3 HIES

3.1 EEHEENTBRSE

g S IR 2 RN T vk Y A, — 2R TAEEL
J1 TR SE A AT RE RO IT A BEEROR B o 3% 24 1)
MR IG5 i T30 ] ATG A I i) 5 o $ic 4 2
FARDCAR B, A USSR A A [5] A2 1A 7] 75 A8OA ] A i
BOAL, AT LA AN R Bs AR e 4 i AL R A
ZR AR 2L R A PR B Ao 8 A e 5 0 T A AR R
25, HOWHE GG AT .

KT BAE L A5 F L , AR 7 Hiodhe 4R 40 5 4
TOrREIR WA RS TR R . &
8B AR R TR a5 RS B R T4 o Hong 55 A
(2025) F UK H G251 1Y K 4R WiildFake , DAl
25 PR AR AR R RO RRAS 5 A2 B X AR R
HIPEAT T 40 E0R) 43 o Park Fll Owens (2025) 48 Hi , i)l|
GREIE Z2 FEPEAS L2 BRI g2 AL e ) i 2
R, NI MATET Community Forensics BInE
A5 270 T g UG B 55 4 803 AN AE UBTAL  7E 857
B ISR R EHG AL R S B R 2

KT BRI 2 FA X, — e 4045 42 4 DeepArt
(Wang 4§ , 2023a) 1 DDDB (deepart detection data-
base) (Wang 55 , 2023b) & H T 4= il X 2 AR 5 K
W5 35 4 %5 P 48 40 Artifact (Rahman %5 | 2023) #l
ImagiNet(Boychev 1 Cholakov,2025) fi & A AR K& |
Y KGR BREZ R oA B C
B EURS3 BrZRA I 25 J 0 5%, 41 DMimageDetec-
tion (Corvi &5 , 2023b) X A M #% 7F 256 X 256 1% & |
512 % SI212 LA K 1 024 x 1 0241833k 3 FhEIE L
S R PEREEAT 1O . A RTINS 2R,
D’ (diffusion-generated deepfake detection dataset)
(Baraldi 45, 2024) £ 5 256 X 256 % % , 512 x 5121%
., 640 x 480 18 F I 640 x 360 14 3 % ZFh RS (1
'E L EM% , B H BMP . GIF \JPEG , TIFF fl PNG £
ol % R 457 7 S OARSEAD L SRR 8 23
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Table 1 A summary of representative studies on Al-generated image detection

RS A AR LoRIEE I HTM% R HARTE Vi ] B4
Marra % A (2018) GAN  FRETGAHHME  CNN i - *
Zhang % A\ (2019) GAN  [E{&DFT sk thiy CNN AW - https://github.com/ColumbiaDVMM/AutoGAN
Marra % A (2019) GAN - CNN  AlE W *
CNNSpot( Wang %,2020) GAN - CNN BHUE  BUEHE  hips://github.com/peterwang512/CNNDetection
. ., SVM/K- W IR
Durall % A (2020) GAN E1% DFT 454 iE Al AR https://github.com/cc-hpe-itwm/UpConv
eans Je IS
i e
T-GD(Jeon %5 ,2020) GAN - CNN el ﬁJ&gi https://github.com/cutz-j/T-GD
Bonettini % A (2020) GAN KMEDCT 250010 FENLARAR Al - https://github.com/polimi-ispl/icpr-benford-gan
He%: A (2021) GAN PG 1A 5% 25 CNN peplag s - https://github.com/SSAW 14/BeyondtheSpectrum
INP(Liu % 2022) GAN IR Sk i 2 A CNN £ B https://github. com/Tangsenghenshou/Detecting-
Generated-Images-by-Real-Images
. o " . https://github. /sutd-visual-c ing- /
Chandrasegaran%,ZOZZ) GAN [z”%%ﬁe{a% CNN ﬁ%’g ﬁ(?ﬁi?ﬁ ttps://githu cor.n sutd-visual-computing-group
transferable-forensic-features
FingerprintNet , .
GAN K& FFT A4 IE CNN flg=3 - *
(Jeong & ,20221) PEE FET Bl 51 Al
FusingGlobalandLocal [GREEIE HE L . - .
(Ju’.2022) GAN RS CNN B ) https://github.com/littlejuyan/FusingGlobalandLocal
LGrad(Tan %,2023) GAN G168 i TR AR CNN A7 B - https:/github.com/chuangchuangtan/lgrad
Un%veri?lFakeDetecl GAN. DM @1%5%2[} 24 CLIPSKNN A Wik AZAREL https://github. com/WisconsinAIVision/Universal-
(0Ojha%¥,2023) HEAVERE i3 FakeDetect
DEFAKE(Sha%§,2023) DM LR RARHE  CLIP+MLP 5 W - https://github.com/zeyangsha/De-Fake
DIRE(Wang%#,2023¢) DM R R 22 CNN AW - https:/github.com/ZhendongWang6/DIRE
N h ://github. /ch h /NPR-
NPR('l‘anL‘f"j:,2024a) GAN. DM [ﬂ{?ﬁ@ﬁﬁ{?ﬁiﬂé% CNN ﬁ%’g B ttps://git ll)‘ com/chuangchuangtan
DeepfakeDetection
EN0Y) - .
FatFormer(Liu%,2024a) GAN, DM ﬁ?ﬁ;ﬁfﬁ%ﬁﬁ CLIP BB X% hips://github.com/Michel-liv/FatFormer
Sarkar 45 A (2024) DM RS2 SFLATHRRE CNN A& - *
AEROBLADE
(Ricker . 2024b) DM P4 o g R - - SSIM https://github.com/jonasricker/aeroblade
Fakelnversion 46 1]+ I 7 &+
] DM . CNN W - https:/fake-inversion.github.io/
(Cazenavette %:,2024) T EIRRE A prflafeniversion. g0
. LA AR PR+ N
DRCT(Chen%:,2024a) DM - %if’;g;t” A CNN/CLIP AW XFH24>)  hups://github.com/beibuwandeluori/DRCT
S FET #5idak . Biilk=% 2] https://github. com/chuangchuangtan/FreqNet-
FreqNet(Tan % ,2024¢) GAN X » CNN g3 -
reanen Tan ey ‘ G IE AEH e DeepfakeDetection
ZeroFake(Sha %% ,2024) DM - - - - https://github.com/TrustAIR Lab/ZeroFake
ZED(Cozzolino % ,2024b) GAN, DM - - - - https://github.com/grip-unina/ZED
RINE(Koutlis I SEES IR
GAN, DM " , CLIP g XFH2%>)  https://github.com/mever-team/rine
Papadopoulos ’2024) TEZ“M?!E ﬁjm é THZ% j ttps://github.com/mever-team/rine
Par é A, / N
CoDE(Baraldi %¢,2024) DM % %@ﬁ - ;;{ it ViT B XFH2#2] hitps://github.com/aimagelab/CoDE
PR i+ A
SemGIR(Yu%§,2024)  GAN.DM .~ CNN [y - *
emGIROY S SRS AR il
Zheng 45 N(2024) GAN, DM E& i SRR S i) CNN [ - https://github.com/Zig-HS/FakelmageDetection
R " , N https://github. com/chuangch an/C2P-CLIP-
C2P-CLIP(Tan’§,2025)  GAN, DM Tl ZBaiss i CLIP AW stizey | psi//sithub. comichuangchuangtan
DeepfakeDetection
S E RS
AIDE(Yan %,2025) GAN, DM ‘f\T%;IAI—Jj;l CNN W - https:/github.com/shilinyan99/AIDE
W SCRE R
SAFE(Li%:,2025¢) GAN, DM EUGJRFAHOCHARE  CNN AW BARAEHE  hitps://github.com/Ouxiang-Li/SAFE
MaskCLIP(Wang %%,2025) GAN, DM EMG W ZMER4SAE  CLIP HWE AR htps://github.com/iamwangyabin/OpenSDI
AIGI-Holmes - - i
omes GAN,DM CLIPFE/NPREFE — LLaVA  HHE HikfE hitps://github.com/wyczzy/AIGI-Holmes

(Zhou % ,2025)

etk

=" FRORAW ORI A RN AR AT
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F2 BRAAISREREGENEES
Table 2 The description of datasets for general AI-generated image detection
EFEA AR s .
AR e I —————— SRS 25 Vi) B
N2 GAN DM Hfth K&
Forensic Synthetics Wk 790k 11 - - v x  x  hups//github.com/peterwangS12/CNNDetecti
(Wang %5,2020) psi//github.com/peterwang etection
IEEE VIP Cup*
A 14k 5 6 3 ¥ x x x
(Verdoliva %5 ,2022) Wik
Genimage (Zhu %5 ,2023b) w2 17 - X X https://github.com/Genlmage-Dataset/Genlmage
Fake2M (Lu %5 ,2023) wmAH23M 1 9 1 X X X https://github.com/Inf-imagine/Sentry
TWIGMA (Chen #1Zou,2023) i/ 800k - - - X X https://yiqunchen.github.io/TWIGMA/
DEFAKE*(Sha % ,2023) w22k - 4 - VY V *
UniversalFakeDetect . https://github. com/WisconsinAlVision/Universal-
w870k 117 1 N x x
(Ojha%§,2023) BH FakeDetect
DiffusionForensics WA 615k - 11 - ¥ x  x hupsi//github.com/ZhendongWang6/DIRE
(Wang % ,2023¢) ps://github.com/ZhendongWang
DiffusionDB(Wang %¢,2023d) M 14M - 1 - x N X https://github.com/poloclub/diffusiondb
DMimageDetecti
(C(::?%e’;o;;;n W 421k 4 8 - N X X https://github.com/grip-unina/DMimageDetection
Artifact(Rahman %§,2023) BE25M 13 7 5 N X X https://github.com/awsaf49/artifact/
Synthbuster( Bammey ,2024) #H 10k - 9 - x N X https://github.com/gbammey/synthbuster
DeepArt* (Wang %5 ,2023a) R - - 5 - 4V x x i
DDDB*(Wang %§,2023h) sAR138k - 4 1 N X &
COCOFake(Amoroso %5,2024) ¥k 12M - 2 - N N X https://github.com/aimagelab/COCOFake
CiFAKE (Bird F Lotfi, 2024) Pk 120k - 1 - N X X https://github.com/andrew-lin-chang/cifake
D*(Baraldi % ,2024) WA 2 - 12 - N X https://github.com/aimagelab/CoDE
FOSID(Karageorgiou %¢,2024) il 1.7k - - - X% X N https://github.com/mever-team/fosid
https://github. /j icker/diffusion-model-
LSUNDB(Ricker%,2024a) sk 505 - Y X X tps:igithu C,Om Jonasnekerariusion-mode
deepfake-detection
DIF(Sinitsa # Fried 2024 ) WA 169k 56 6 - X X https:/github.com/Sergo2020/DIF_pytorch_official
AIGCBenchmark(Zhong%F ,2024) w870k 7 9 - N X X https://github.com/Ekko-zn/AIGCDetectBenchmark
WildRF( Cavia 2 2024) W53k - - - o “ “ https://.glth.ub.com/barcav1a/RealTlme—Deepfake
Detection-in-the-RealWorld
ImagiNet(Boychev = A J J . L
— X < . an- . .
Cholakov,2025) e 200k 3 5 https://github.com/delyan-boychev/imaginet
AntifakePrompt(Chang %5,2024) i#/f 306k - 9 5 N N X https://github.com/nctu-eva-lab/AntifakePrompt
COCOXGEN
53k - 2 - N X https:/github.com/heikeadel/
(MoeBner Fil Adel,2024) L/RES ps://github.com/heikeadel/cocoxgen
FakeBench*(Li % ,2025d) w6k 2 07 1 N A VA E hitps+/github.com/Yixuanli423/FakeBench
https://github. com/hy-zpg/AIGC-Image-Detection-
WildFake (Hong %5 ,2025) WH36M 6 13 4 v x x PETgHTtD. comiy-zpg fagertetection
Dataset
SID-Set(Huang % ,2025) Wa300k - 1 - V0 x V' https://github.com/hzlsaber/SIDA
OpenSDID(Wang % ,2025) WA 300k - 5 - X N https://github.com/iamwangyabin/OpenSDI
C ity F s
(;:lf;]rlnoywez:r;(;;;) wH27M - - - x X X https://github.com/JeongsooP/Community-Forensics
Holmes-Set(Zhou %, 2025) H#wH 69k - - - X N N https://github.com/wyczzy/AIGI-Holmes

Vs =T FORANY BARIUN A s FOR AR A TPEARSE s R X S B R A RUR LA R
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ST R R I PG AR A2 AR, — e R 4 (4
Forensic Synthetics (Wang % ,2020) ) % Jil T GAN /E
BB AZAS D 5 — 2645 48 48 (40 Synthbuster (Bam-
mey,2024) .D’ (Baraldi % ,2024) .SID-Set( Huang &
2025) F1 OpenSDID (Wang %5 , 2025) ) % F F ¥ A
T A RGPS . e Ah , A — SRR 4E (Verdoliva
4 ,2022; Lu 5% , 2023; Ojha % , 2023 ; Rahman 55 ,
2023; Li %5 ,2025d; Hong 45, 2025) 0] [f] isf Fi T 46 )
GAN 4 HIUEE R [ [0 AR 1 A B A%

S HEBRECE S [ B i 22 X5 K6 0 45 S ) 5 i, —
SE T RS TR T AR A L AR A vk i
PERE. Grommelt 45 A (2024) 2, B £ A 5 A A
(I 22 5 BT B 23 F B B8R 4 U ZR i Rl &
TE T 5 A 5 A BL A — 2 A i) % o ik A fi]
Fa 38 T Jofi Genlmage BUHEHE , PRAIE A SR G AL BT
FUZ I 45 7 =R RS — 3, 78 DL 3L _E X638 40 46
I 3 PR BEEA T T, A BRAE TG Bl 4 Il
SRR 25 T B B S i B R RN A . O RRAIR
PRA B 4 LS AR AN A B EG 43 A 22 5 X AG
ZE L (K200, Rajan 25 A (2025) 4 FH ) 4 5 #% 5 H# 1
SRS AS B A WG, AT 5 B S MG R A B R
FRAE, $2 S R D0 RE AT AR . 2, Guillaro
2 N(2025) $2 HY B-Free Jofl Il ZRHESL 3 i [ 2514
AN MG A8 2 45 7 2R 1 0 5 B s 4, AR AIG
5 R AR AT 22 S A 45 SR A 52, SRR
A VAT P ZRAss A7 I RGI £%

A, Lu %6 A (2023) 45 H) Fake2M $0484E , 3151
ST NS FIASE RS () R I BE ) 64T T 974l . MoeBner
1 Adel (2024) & B[] TE 202 BE A0 3 s 1) X TG0
SEELA R - RN, AR R BSOS 2 Bk, Ry
IWHIEE T COCOXGEN Bdia 4 . Li %5 A (2025d) #2113
FakeBench g 4 , 52 B0 6 A 1l RIS 10 K60 i ¢
S BRI 40K FE D5 3 23 Fr . Huang 28 A (2025) 514 41
AR EG  F T SID-Set 548 , 5 1E1TA 46
T3 VR A AR ARG I B e 7 5 A R e
Shy o7 Xt S S BRI ARG 0 0 L A o Bk
Wang %5 A (2025) #4 HE OpenSDID £ 45 , 7847% &
TP BEEREE T UM TR AR AR R 2 ) 3 A%
DR R P 2R B A PE DL R E S B
FELR T BE o it AT AR ol PR ARG 0 ASE 70 o fi e
AR5z Akie 1A BRG0P, Zhou 55 A (2025)
PR T A KB | 2 1 SR BT o N b

X 55 HR 1 B9 Holmes-Set FEMERIR AL o B 4L 2 1k
1B 4E —IUhRTERI, R 2% 50T B "B AL
TEMRZ LSS5 = 210 SOZ S 1 Al 56 0k i A
B U248 7T i BEE 5 502 AL BE I (0 4G ) A5 1Y
BEE ARG LA
3.2 HEEENFENSEETEN

BT B SR MERE A, — S8 T AR R T A
7k AT 25 5 PE I . Gragnaniello 55 A (2021) X}
2021 4 Z B/ 19 7 FpO7 EEHEAT TR AL Corvi 5
N (2023a) 534 K30, Az AR TEEE AT L 5 R 1Y
MR o, O HAR ) AR | BE AR A Fisher 31 51
FABAF7E — 7 22 5, Corvi 55 A (2023b) il — 25 X 35
3R I E ST T VAR K RAAE GAN A2 i |
IR (%) A6 0 25 AN B #5 4f b vz Ak 31 DM A= 1 R
T LG I 25 X S A R AT 1) A IO A L 8 v A A
MERe . #t— U, Ricker % A (2024a) & 8, 3&F
DM A& 8 BRI 25 1 A6 D00 245 BE 8 B 4F 2 16 3] GAN
A B ARG, B e DM AR S A 48T GAN R
B EME A ] T A A IR . Epstein 8 A
(2023 ) Xf A6 I s e AL AU TE 237 5 T BRI e T 2047
TVPAl, B2 LR SR A ) 2 A AR BLIS , G0 8%
J B B 4F 32 AL PE o Schinas A1 Papadopoulos
(2024) #2144 SIDBench , {i#i FH Forensic Synthetics | Uni-
versalFakeDetect 1 Synthbuster ZH A2 45 42 SC B8 T X}
L1 Rl 0 J5 325 19 HE %S . Zhong 45 A (2024) 42
AIGCBenchmark , XF 8 8 F AIGI A ) 5 v i3E 17 v
BT B T A AP I, DR A 4 12 P s A
(174 B4R 1 3 GAN 1 SD(Stable Diffusion ) %,
Guo %5 A\ (2025) 2 i ImageDetectBench, 7 8 i =
BRI T5 1k BB 1] L. Ha 55 A (2024) REE S
ARG, X6 25 Fi RS 5 3 AN 2R AR AR i LS
S BE I HEAT T LB A . PR RN AR
LYy N R EENE, LA (2025) M9 T AW
[r] L S 1 DT I 1Y %54 5 RRDataset, N 237 5t
2 AL 0 25 A% iy 5 v A B RO b B R 3 A MR
ok, RGBS I R b i 5 2 T4, B TZ8L
YA A& #E— 2 #2577 RRBench, %) 17 Flk i 25
10 Fp AL 68 1 H BB AT T RV . 4R W
N, A TR A R A YRR B T
K 48R T AR SR i e ss 1 o TRl R
BN R B, NS B2 BR B ks,
EATS A8 B0 38 R S /NFEAS 2 2] B Ty o At
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FESR A T AEPEAEHE R 5] A BTN R Ayl B
P, D AT AR ol P BORG I0 550k 1) S B o T R AR T
e =

4 TER%EE

S R ARG 5 2 T =Rk R . 1) A
i BEE APRIIE ; 2) 15 DU IRTAZ AT B rh 2R LUAM R oK
R A B PR R SCN S A R 28 575 3) B ]
BT BB SZ i A [l R EE 1Y S AR B 33X = KPR35
XFIE 3 A PEAR4ERE N T 4B T 4
4.1 13N (In-Domain ) 5 14%

Sl N A 15 A A 2 A I B TR 1Y
B A B 25 AR PERE , EZE IR T bn L 5
HE 1 % (accuracy) | H i R (precision) . H [ 3
(recall) UL K ¥ 2785 BE (average precision, AP), #%48
Brarnilit sl

Ace = (TP+TN)/(P+N) (1)
Pre = TPI(TP+FP) (2)
Rec = TP/(TP+FN) (3)

AP = f l Pre(Rec)dRec (4)

%, TP AT 43 5] 3% 7 R0 1E B 11 1 A A i 7
Ag e, PN 53 FoR IEFEAR R AR A S, FP
FER B B A R A IE A A B . PV R
TN BN IEAH R DR U R 1 A FEAS R . AP R

Kt Ae—A B (PR M2 T AR, 78 5L bRt rp
18 T8 A0 B T PR I 2R A T R AR AR A
4.2 185M Cross-Domain) iz 414

N4, A R R T JRe A A USR5 25 ) 2% A
IR T-BOANWIR L, AR R 30 T AR 5L A i ]
B ZAENE . A R TR I P BE |, RGN 25 iy 2L
TR E S UG R R AT I . SRS 3
ST, RRI S AT RE B I 2R 8 USRI A Bl . 12
A (& A A e ASL N D7 A 1 T A ARG 7 1 R A
RERSTE I A 2 A8 A RS L IR RN 2531 25 D7 4TS
SRIBFNARGF R I P RE

M, B A AR Y (cross-generator ) 32 A6 P I 3X
E"J ﬁfﬂ*ﬁﬁ%“train-on-one and test-on-many” R EI] ﬁi
FH AR A il ) PEIAR S U il 45 , IR AE 2R
IR ) A= pi 5 A I

3 RAE TR W A ZR R
FCrpr Il A Y 3 R X ProGAN (Karras 55 ,2018) .
HT AT UL, 5 2 OB ARDZ A, AL 4G GAN 424
T AR B 19 72 4k (40 ProGAN A= i &1 14 31 Style-
GAN HY A iR Az AL ) , 1T HLAL S GAN 2244 %) DM
2R (4932 4K (A ProGAN A2 18 Pl £ #1] Stable Diffusion
BRIz AL ) o ATET IR A7 LERF5E T
fE (Yang % , 2024) fff FH “train-on-many and test-on-
many” 937 A0 I 3T 7, BRI 2% 7E 22> 1A
Az I G B, I AR 22 R A 1Y
A R AR RS I RE

F3 BEMEIZAMEIRKERAEECE

Table 3 Common generators for cross-generator generalization evalution

For 7y v pllEz DALY
CNNSpot (Wang %5, 2020) ProGAN GAN
LNP(Liu%,2022) ProGAN GAN . Glow %
FingerprintNet (Jeong %5 ,2022h ) ProGAN AutoGAN %
UniversalFakeDetect (Ojha % ,2023) ProGAN GAN .deepfakes DM
LGrad(Tan %5 ,2023) ProGAN GAN .deepfakes
Khan Fll Dang-Nguyen (2024 ) ProGAN GAN DM | Flb A
DRCT(Chen %% ,2024a) SDvl.4 GAN.DM
FatFormer(Liu%§,2024a) ProGAN GAN .deepfakes .DM
SAGNet(Tao%%,2025) ProGAN/DM GAN.DM

55 (cross—category) AT, F5 R R 2
TE [ 2 28 9 W -G 4 ol , SR a5 76 =oAL 28 5] - %
L RRINRCIR . BN, Jeong 25 A (2022h ) L« H, 7 A

K B MG EE I ZAGI B8 , SR I A SR A S A R 42
AT Tan 25 A (2023) SE 0 57 A E 1Y BIS 4
IR , SR 5 78 H AT B PR 4E L B4 7 I
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Tao 55 A (2025) 76 5 " F1“Fai 1" PSS R B IS
Mg AR E 2025 IR AT

WD | I A — 6 AR X A I 7 vk 1) 5 2 632 Ak
P (Jeong 55 ,2022b) | #5 %05 4E (cross-dataset ) 32 fb Mk
(Sha % , 2023) | 5 £ 2% (cross-concept) 12 1k ¥
(Dogoulis 4§ , 2023) Fl % 37 5= (cross-scene ) 12 1k P
(Zheng 2 ,2024) FE47 1 PN, LA o e T 914l S
M7 ERPERE

4.3 2B

B B A Ay R R R B RS S
Qb PR AEARAE VPR Oy i A B 1 R A Sk i A
BE KSR, H WL ERABEF B S JPEG JE
A R TR BT R AR R D i R i —
LB AEM A WEBP 45 A EUEDE . Gamma 1 1E T
PUREAR B0 55 J5 A BB AR PEAG AN 7 v 1 e e
4R,

R4 BHEENKERBERRRETELS

Table4 Common operations and representative works for robustness evalution

PG Ak PR A

FCRIEDTSE T AR

Wang %% A (2020) . Frank %5 A (2020) | Liu 5% A (2022) , Tan %% A (2023) . Liu %5 A (2024a) . Khan £ Dang-

Nguyen (2024) . Chen % A (2024a) . Ricker % A (2024b) . Yan % A (2025) \Li % A (2025¢) . Chu % A (2025) .

Wang %¢ A (2020) | Frank 5 A (2020) | Liu %¢ A (2022) | Tan %5 A (2023) . Liu %% A (2024a) . Khan 1 Dang-

Nguyen (2024) |, Ricker 25 A (2024b) | Yan %5 A (2025) . Li % A (2025¢) . Chu %5 A (2025) | Karageorgiou %5 A\

Frank % A (2020) .Liu % A (2022) .Tan %5 A (2023) . Liu % A (2024a) \Ricker % A (2024b) Koutlis il Papado-

JPEG J£ 45
Karageorgiou 25 \(2025)
T ST AR
(2025)
0]
H poulos(2024) . Chu 55 A (2025)
R ~)As i Liu % A (2022) \Tan %5 A (2023) ,Chen % A (2024a) .Karageorgiou %5 A (2025)
TS Frank % A (2020) \Liu % A (2024a) Ricker % A (2024b) .Chu %5 A (2025) \Karageorgiou 55 A (2025)
WEBP %45 Li %8 A (2024) \Karageorgiou 55 A (2025)
SHREA T T Sha%E A (2023,2024) .de Rosa % A (2024) . Zhou % A (2024)

T ANTRD 4 J Ak BB A R R T TR 45 o ) 2
ANTF], — L8 TARAEPPAG RGN 7 vk i AR PRI, % fE 2
i Ak BEERVERERE , QAN [R] e 45 (5 59 JPEG JE 45 |
AN TRIASEASI R FE B4 i SRR LA KA [ 4R BT RS B 5
£ (S

5 AEEBRESH

5.1 KWiRE

NS IR A AN 7 VAV RE RO £ R 1) A
A Sk B TR & RF AR ) CNNSpot (Wang 45
2020) | & T K Z 55 38 4 AF 14 FreDect (Frank 55 ,
2020) % T 71 Lk A RS AE B9 UnivED (Ojha %
2023) 2 T PR 6 B AiE 1Y LGrad (Tan 2%
2023) | HE T IR N # A OC P 9 NPR (neighboring
pixel relationships ) (Tan 4§ ,2024a) % T EUZ A0 8 4F
fiEBY FreqNet (Tan 45, 2024¢) | & T KIGA% Z 8k 5 50
Bl A R E 1Y FatFormer (Liu 25, 2024a) 3 T B4

Je) FFEAIE (1 SSP (Chen %5, 2024f) | [l {4 i #L4F
IE B9 DRCT (diffusion reconstruction contrastive train-
ing) (Chen 45, 2024a) & T FUII ZR A5 BY Ak 1) C2P-
CLIP(Tan 4§ ,2025) K& T &5 25 6] 51 SRl HEAE
(1) AIDE (Yan 25,2025 ) F1 & T 15 08 52 44 55 Jey 6
FAEPEHS 58 (1 SAFE (Li %5, 2025¢ ) & 12 il Jy 12
AT LA, M 5 b iR E I 7 7 #E ATGCBenchmark
TERSCHE AR 10 2% AR b A 1 B
5.2 ERESHT

P 5 R T A Iy A AN [ AR SRR i
AR B R AR A5 2R . B0 K I hitps://github.com/
ST
UL AN TR R 5 2 iz e M R 22 5 . Hoh,
CNNSpot 7E ProGAN 1 WFIR il i 4 | BE % 1k 2 %
PERIREIN 25 3 | Fatformer . DRCT F1 AIDE £ Z Fhil i
BEAL A IR AR T RE RS IR B AL IF ARG TN 45 251, , SAFE
IZRG R 25 R AR AR

AN [ 1 O 255 14 8 BBOGT A 24 2RARAT R

graydove/Awesome-AIGC-Image-Detection o
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Wi, 5 40, 3 F CNN B DRCT MK R BE UL F 36 AP/ IS, X S b P AG I 58 A -

CLIP i Il 25 B4 80 iy DRCT Mk PERE . LAk, 3T AN T] U 2545 1) 2 B 2 6F ARG 00 &5 S 7= A R i)
CNN K SAFE Z¢ 45 A6 0Pk RE 55 e , i W1 6 R 22 I i, AIDE 7E ProGAN A= 5 IR 11 2545 2] 46
EAER I TITA SR B — e, B TR SORZE T7E SDvI. 4 4 i BG4 L UINZRAS B A9 6

x5 ERALEEEEBBEGREN T EEREXTLL
Table 5 Comparison on mainstream Al-generated image detection methods
/%

Jr ik ProGAN  StyleGan  BigGAN  CycleGAN  StarGAN ~ GauGAN  Stylegan2 ~ WFIR  ADM
CNNSpot 100.00 90.17 71.17 87.59 94.60 81.44 86.91 9510  60.38
FreDect 99.36 78.02 81.97 78.77 94.62 80.57 66.17 4645  64.67
UnivkD 99.81 84.93 95.08 98.33 95.75 99.47 74.96 8720  66.94
LGrad 99.86 89.72 84.58 87.81 99.30 82.26 85.30 5295  64.12
NPR 99.79 97.71 84.35 96.10 99.35 82.50 98.39 6575  69.72
FreqNet 99.58 90.24 90.45 95.84 85.69 93.41 87.95 4920  83.27
FatFormer 99.89 97.13 99.50 99.36 99.75 99.43 98.80 88.16  78.44
SspP 84.01 83.14 74.35 65.37 89.59 58.82 86.23 7030 93.15
DRCT-C 54.79 57.09 55.55 49.89 51.13 49.13 52.05 50.05  61.78
DRCT-U 76.85 71.58 82.67 94.51 63.08 78.39 67.73 63.10  79.43
C2P-CLIP 99.98 96.44 99.12 97.31 99.60 99.17 95.59 9480  77.12
AIDE-G 99.99 99.65 83.95 98.49 99.90 73.24 98.01 9420  93.46
AIDE-D 69.28 71.05 77.20 74.38 80.24 64.36 72.53 7250 78.54
SAFE 99.86 98.04 89.72 98.87 99.90 91.52 98.57 5195  82.05

Jrik Glide Midjourney SDv1.4 SDvl1.5 VQDM Wukong DALLE2 ST
CNNSpot 58.03 51.40 50.58 50.52 56.45 51.03 51.25 71.04
FreDect 55.43 46.89 40.02 40.39 78.95 41.54 34.65 64.28
UnivFD 62.53 56.24 63.75 63.57 85.42 71.06 50.75 78.49
LGrad 70.30 67.09 63.78 65.08 72.62 60.14 68.55 75.84
NPR 78.35 77.83 78.62 78.88 78.13 76.10 64.90 82.90
FreqNet 81.66 69.83 64.22 64.91 81.65 57.72 55.30 78.18
FatFormer 88.03 56.08 67.83 68.06 86.87 73.06 69.67 85.63
ssp 98.77 84.21 99.17 99.08 96.09 98.55 96.30 86.07
DRCT-C 65.92 94.63 99.88 99.82 74.88 99.91 73.20 68.11
DRCT-U 89.12 91.51 95.03 94.40 90.02 94.65 92.60 82.79
C2P-CLIP 88.48 59.12 82.76 82.73 87.16 80.12 65.10 87.79
AIDE-G 95.10 77.21 92.99 92.85 95.16 93.53 96.60 92.77
AIDE-D 91.83 79.38 99.74 99.76 80.26 98.66 95.00 81.54
SAFE 96.29 95.27 99.41 99.27 96.29 98.21 95.30 93.16

0 IR R &P LS5 5 . DRCT-C 378 DRCT-Conv-B, DRCT-U %7K DRCT-UnivFD ; AIDE-G 37Kk AIDE_ProGAN, AIDE-
D %71 AIDE_SDvl. 4,
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6 SEMEE

6.1 B

AR SCHTTEN B PR S A i N TR e A 1
PGS DN BT AT 5 BILAR, SR AR SCAIT 5T i JR ik 2%, A
SO AR BT T 07 A T A R 25 S5 0

HARTE 1 58 oo % B2 fifp ) A Jl s 70 1 3
k28, DA T B ) A A SO BT 265 | [l DA
TS5 OB R 28 T A T SR S R 5 2R AL
P, M A S 0 77 92 B B S Wl ) B A
ZJa, MBI R A BT 2 R EOR T B
S5 AUk FE R A I BRI R IR AR 8 1
R o JEhRE , TRAR IR 1 3 TR AR IE sy
ik TN GRS TR | Rl 5 R AR M U 2525 2646
ML D B S R . &a, AT RATIT R
WFFE A SO T S8 B PR IR 28, o S0 2 i 0
FLERAR AR AT AL T MR ISR Bl U A A=
AR TR i JRE 4 AR JEE T 25 SRR SR AT TR 4
53k RIA 4 TSR HIVEAL B2, O %)
TR 7 LT RGNS 73

REGEAON TN~ PR T e AR
2R BN R — U B AT AT AT
T REAE A SAGIN R GEBEE T BB HEA)
6.2 RE

JRAE GRS IN 7 1 A A B PG AC I S B A T
FOR BRI , A ATH A7 A — SR AT AT 5 A4 B A A
BEX AN — 25 AR TR E L AR SO AR A A BT 5T
DB T R

1) FH T I o 000 A6 78 Y SRR ASE I i 0 90 2
o CYHTHETE 3R AN R AR T A
SR, NGB BB ) i 25 2 ol 76 DI ASE Y 1)
PEVERRZ AR R, Db, dnfar se o0 42 4 A0 A B0A
NGRS , UL R BE R AR 1T Bl M 7 0 Az 0 45
SR RZ U, A TN T - HAT B A A S ]

2)HIRAEN A B 1 Tk 1) v AR AN T YR B
SR, ARG T 1 A B A T DM AT 5 B e 2
B JPEG FE4 o SRRy i1 RO~ 728 480 45 % P14 1)
JE R PR . ORI, RSN T 1 R RS HIRILIT ED AL
A2 P 28 AL R S LS5 T B A R R (AR R

IFTE T 1)

3) T ) 25 Fof A= AR L A R JRASL I 7 ik st
B £E RS RN BT B, X ARG 7 i A M 5 oK
H ai $2 e, 76 2E N TR BEEAR, Anfaf A5 4620 J7
VAR A A R PR K JR B 24X, O A I A L R
R R AP ROREINPERE , BAT B2 AR M (E A 5L

4) MCHE RTE 5 5L R A s By T A R A I 5 ik 13
e AT TR A A AT 55 28—
PRI, AT — 2R g A A, B v A D 4G
Rl REE A R MR RMME. XALBER (L
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AR TR ES , W s R e 7 ik, LA
RIEAG I 52 A 114 S B5F W 137 BE 3 12 A 1 ik R 1) K
[F=i8

6) F1 XA 7 ik Y S BOIE XL e e o — e B 5
Bl O T B XA I 5 1) S BGE e o S5 5 3%
HABC, S BGE T o 15 A A A5 A 80 ] 5 il s >4 i e 0
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