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Abstract: Objective Recent advances in artificial intelligence generated image (AIGI) synthesis have improved the effi-
ciency and quality of visual content creation, but they have also introduced information security risks. Realistic generated
images can be misused for identity forgery, fake news fabrication, and evidence manipulation, making real-fake image dis-
crimination an important task in digital media forensics. In image forgery detection, fine-grained semantic differences often
exist between real and generated images in training and evaluation datasets. These differences can create spurious correla-
tions between semantic content and authenticity labels, resulting in semantic bias. Such semantic bias can be regarded as a
shortcut learning phenomenon: instead of learning forgery traces left by the generation process, detectors may rely on distin-
guishable semantic content differences between real and fake images for classification. This means that the high perfor-
mance achieved by detectors on existing benchmarks with the help of semantic shortcuts may not fully reflect their general-
ization ability when semantic shortcuts are weakened. To address this problem, this paper proposes AIGI-Align, an
instance-level semantic alignment dataset and benchmark for AIGI detection. Method To mitigate semantic bias from the
data perspective, AIGI-Align is constructed under an instance-level semantic alignment constraint. The core idea is to use
each real image as a semantic reference and generate corresponding fake images that are aligned with it in fine-grained
semantic dimensions. Real images are selected from ImageNet and filtered according to image resolution to ensure basic
visual quality. A multimodal large model is used to verify whether the image content matches the target category, ensuring
semantic category correctness and reducing category mismatch. Unlike conventional datasets that rely on coarse category

" as generation prompts, this work introduces a vision-language model to generate fine-

labels such as "a photo of [class]
grained structured descriptions for each real image. These descriptions cover four visual dimensions: subject description,
photographic style, image details, and background elements. These image-level descriptions are then used as text prompts
to drive generative models, so that the generated images are constrained by the semantic content of the corresponding real
images rather than by a coarse class label alone. Based on these prompts, 12 generative models are used to synthesize fake
images, covering U-Net-based latent diffusion models, diffusion Transformers, rectified-flow Transformers, cascaded diffu-
sion models, and a text-to-video model used in a single-frame setting. After generation, the fake images are checked by a
multimodal large model for semantic category consistency, and samples with obvious visual artifacts are removed through
manual inspection. The dataset contains 532 000 high-resolution images, including 70 000 real images and 462 000 gener-
ated images. It covers 14 semantic categories and 12 generative models, providing both instance-level semantic alignment
training data and a controlled benchmark for evaluating cross-generator generalization. Result Experiments show that AIGI-
Align improves the degree of semantic alignment between real and fake images, alleviates the interference of semantic bias
in the decision process of detectors, and improves their cross-generator generalization ability. Semantic bias analysis fur-
ther indicates that existing detectors may use semantic differences between real and fake images for shortcut classification.
We conduct a systematic evaluation on eight representative AIGI detectors, including CNN-based methods, frequency- or
transformation-based methods, and methods based on pretrained visual representations. 'Evaluation is performed on Foren-
Synths, UniversalFakeDetect, Genlmage, and the proposed AIGI-Align benchmark. Experimental results show that,
under the conventional training setting, some detectors exhibit a performance drop in the semantic alignment evaluation sce-
nario. This suggests that their original performance may be partially supported by semantic shortcuts rather than by robust
recognition of forgery traces. When real and fake images are more consistent in semantic content, the semantic differences
available to detectors are weakened, making the evaluation more focused on whether detectors can capture generation-
related traces. After introducing instance-level semantic alignment training data, most detectors achieve improved cross-
generator detection performance on both AIGI-Align and public benchmarks. These results indicate that instance-level
semantic alignment data can reduce detectors’ dependence on semantic content differences and encourage them to learn
more general forgery-related cues. Conclusion This paper presents AIGI-Align, a large-scale instance-level semantic align-
ment dataset for AIGI detection. In terms of training, instance-level semantic alignment data can guide detectors to focus

more on generation-related forgery traces and reduce their reliance on semantic content differences during real-fake dis-
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crimination, thereby improving their generalization ability to unseen generative models. In terms of evaluation, the AIGI-

Align test set provides a controlled scenario in which semantic variables are constrained , making it possible to evaluate the

actual generalization performance of detectors when semantic shortcuts are weakened. Our dataset is available athttps://

huggingface. co/datasets/likeYousif617/AIGI-Align.
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Fig. 1  Construction pipeline of the semantic alignment dataset AIGI-Align
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Table 1 Parameter configurations of different generative models
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Stable

Prompt

A brown  feathered  bird
perched, natural light, shallow
depth of field, close-up shot,
photorealistic, 8k uhd, ultra
detailed, raw photo, dslr,
W award-winning composition,
. smooth plumage, dark eyes,

“3

slender beak, delicate legs, "
thorny  branches,  blurry
foliage, dark background

A golden furry dog lying
down, close-up shot, natural
lighting, shallow depth of
field, photorealistic, 8k uhd,
ultra detailed, raw photo, dslr,
award-winning  composition,
~ soft fur, dark nose, relaxed
posture, visible paws, rough
concrete  surface,  slightl
blurred background

A pink rose with dew drop:
macro shot, shallow depth
field, soft natural lightin;
photorealistic, 8k uhd, ult
. detailed, raw photo, dsl
award-winning  compositio »
delicate  petals, textured ,’
surface, spiral arrangement,
visible veins, green foliage,
blurry background

. Snowy gray mountain range,
wide angle, natural lighting,
landscape photography,
photorealistic, 8k uhd, ultra
detailed, raw photo, dslr,
award-winning  composition, =
rocky peaks, snow-covered
slopes, coniferous trees, bluc g4
sky. distant hills, evergreen
forest

Black leather dress shoes.
studio shot, high-key lighting,
sharp focus, photorealistic, 8
uhd, ultra detailed, raw photo,
dslr, award-winning
composition, smooth leather
texture, classic lace-up design,
slightly raised sole, plain
white background, soft
shadow

Cascade

Hunyuan Kolors Lumina2

2 SEgh SO SRR SR A

Fig. 2 Samples from the instance-level semantic alignment dataset

D3 = {(x0100) ) (1)

i=1

X, N, Feom A SR m A B Pl s G A
HEARTE OO SRR T LARIR
Dulign = U D align (2)

meM

o, MFTRARSCR I 12 F A i AR
Fodn g b O RS R BT EON -
N= > N,#(3)

me M

i R vh LS EUR A JPEG 4% 30, Phit K&
TRAT 9 PNG A% 2o TRIGR 3 1 7% 1 5 558 2 11 [ 452
ARG — A7 T CSV SUPE AP T Dhi IR 15 A 1 KR
P ORI S 22 S 3R H

R SRR g U 25 A AR R AL PEA A
SORF AR 3 0 I 2k B E AR A AR, 2
D, DD,

AR SO FL SRR AT 5 J) 43, Herb 56 000 5K
AT INZR,7 000 57K F T 50E, 7 000 5K T8, 4
Xt SD-v1. 4, SD-v1. 5, SDXL, Kandinsky 3.0, Stable
Cascade Fl PixArt-o 3X 6 ﬁ‘*%ﬂ LAk ﬁ]fﬁ ESEEEA S
Xof 7 LS R 040 3 235 R AT A 2 L AR 25 SR
A X7 4 b i L @1%@1%%1%)&%%%% o
A AR LR A04% 56 000 5K 1125 Dh i [l 5 . 7-000 5K
BE D G 7 000 5K DA & F5 . PR, Y12k
44075 392 000 5K &%, H EF'@S% 56 000 5K EL 32 4]
81336 000 5K Phits P4 5 Boriik B2 344075 49 000 5K 4]
&, Horb AL 45 7 000 5K E 5 IEM%H 42 000 5K th 1
LI

Ry DF A RS I 8 X oA UL AR R AL Y 2 Ak fiE
Kolors . Hunyuan-DiT | Lumina-Image-2. 0., DeepFloyd
IF .FLUX. l-schnell £ CogVideoX iX 6 Ff fif 1 4 i 5%

BRI Z 512 AR T 0K B B, 4 i 453 700 £, 55 7
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Table 2 Dataset partitioning by generative model

Y Yk BirgkE R
IR 56 000 7 000 7 000
SD-v1.4 56 000 7000 7 000
SD-v1.5 56 000 7000 7 000
SDXL 56 000 7 000 7 000

Kandinsky 3.0 56 000 7000 7 000

Stable Cascade 56000 7 000 7 000
PixArt—a 56.000 7000 7 000
Kolors TG & 7000
Hunyuan-DiT ¥ ¥ 7 000
Lumina—Image—2.0 Jo Jo 7000
DeepFloyd IF ¥ & 7000
FLUX.1-schnell ¥ P 7000
CogVideoX Jc Jc 7 000

000 5K Phy ik PR o DU B i FH 42 8 12 i 2 il
A PRI A 4 5 84 000 5K Pl 151 7 000 5K
FLL G, T 91 000 sk IILIER . R 245 T 4%
A= RS AR B I 2R AR B TE A AN R AR A B AR ) 4
T
2.3 HIRERA

ARSCHEH T 5P A B A (SD-v1. 4, Stable Cas-
cade . Kolors , Hunyuan-DiT , Lumina-Image-2. 0) 2§ #4
R R, R 7S HOHE B 1 A S 1 OR 5
FerE o B2 7R 1oy LSRR | Lo 1 5 AR A
B LS R A B G A R A 7 ) | A AR Y A
JHY Dhid EA5

3 % I

3.1 XWigE
30101 FEZRpgAl

ARSCHEELT 8 A AR A I 28 2T PEA
£l $F CNN-Spot. DFFreq. SAFE. UnivFD. RINE,
Effort \AIDE #/1 ForgeLens

&S H T CNN (convolutional neural networks )
ARSI 732 . CNN-Spot 2% FH #il Il 2k Y ResNet-50 1
J T M4 1E ProGAN A= i IR DL K b 1 B 552 4]
G B AT = SN, 2 2 A MG T B R Y

PG IRIE o 2O EAE VIR Beg | AT R B Om) F1
JPEG e 45 55 5 15 0k 4 A, 32 THAS I 28 X0 R R0 A= i
B2 AL RE

2) HE T WU el AR AR e 19 J5 % o DFFreq(Yan
25, 2026) i i DU 32 O Db 3 4R Ak, 4 ]
A S TR ) L AT SRy 20Ok AR E
8, 384 5 X0 Ph 3 R0 A Al SEBE U1 o SAFE (Li 4%,
2025) AR TRV SRAE kit 00 40K O it IR 50
DI S 52 B O Bl | BEAILBE R AN HLAE 5 1T 4L
P s, G2 A X e G RE R HU 5 4R TR
FBIENGE 11 3 M DWT (discrete wavelet transform ) 5
WIURFIEAE S A 3 ik 5 £ AL AGIN Fr) 92 A PR B

3) He T PN AR [ 7 1% o UnivFD #1) H]
TE R P SCECHE 1 7111 S 1 R0 3 o 5 A AR (A
CLIP ViT-L/14) , #& HUAR S B R AE 2 6], IF B3 AE 1L
RS 8] A B 40 23 S8 B MR R A7 5
HAm% 5], RINE (Koutlis F1 Papadopoulos, 2024) F
FH CLIP 5 2 % i 1 v 1) 2 AP, 380 e 8 R ke
SRR S D 3 R ) 4 ), 4 5 R I B i
PSR FEAT A2, 52 S 5 8 P45 A 031
AIDE(Yan % ,2025) fill & 2 20 BURHIE 5 =1 )R 1 X
FRIESEAT ATAE SR AN , 73 BARAE 4 IO e 4 412
P15 Jm P Mg e R Ohy 3 IR , 1 SCRRAIE ik A SR
FET 111125 OpenCLIP 4@ U [ 18 LK, e 2
FRIERLA 78 B H . Effort(Yan 5, 2024) 3T
A S (E I RRE PTIEAN E A RS A AR 3 SR TR 2 1Y)
TP A AL 2 ) B 5% 22 A5 ] P B PN ki
SCRR T2 2] Oh st A DGR 2 3 3o 1F 28 29 SR
i (R AL, e xR e DI B 1 P05, S T+
He R Z AL BE J1 o ForgeLens(Chen %5 ,2025) D17k
451 CLIP-VIT 11 B R g i 2 , 51 AR L2 51 &
BB 5 Ph i R R B 5 AL, 7/ I8 T
PETHSR ) 5 2 AL RE )
3.1.2 VRS

R 3K ACC (accuracy) #1 AP (average preci-
sion) 1y EEAVPH 85 o ACC 7 122 46 I 5 X6 L £h
PR A SRR 43 28 TE AR 5% 5 AP i WA R X B O RE AR f1Y
BARHEY XA RE T o A ST, SR e ps 25 A6
TS R B ACCIAP AR A H
3.1.3  UIgREdngE

T IAT T5EAE R D A I A 5570 iz 2R
MG GR B, A SOR R R 2R 05 3 E O 4-class
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ProGAN ( H car . cat , chair horse TSI ZH A%, ) o 1%
IR A A 7 B — AR e R AL D i SO, ]
A A ARSI #5570 11 it A v S22 R SN2 22 7 Y
SO, A T SO 7 TR L O 22 1) 1) RE AR OAH S 1
HEATHN R, AN SRR 127 > 2E s 78 A S A Bh i

KT 53 BT SON S 2 RO G DR A A 55 1)
S, AR SCHEAL 5 4-class ProGAN Il 2k 15 & 1Y LAl
BB IRIE SO SR BE I DI R8s | Tt =Fh
WERTT % DAE GG E (origin) « BRI f ] 4-
class ProGAN s S 17 11 25 5 2) 2501 9 18 7 il ]
Z51% B (0+C, origin + class-level) : TEZ G I ik B
R BE A b A H 2 5 R B 7 1) A Y SD-v1. 4 %
P A R B S N 2 T 5 S R AR — 20, TF
AN CLEAR B BGOSR 3) SE ) 9 X 5%
Y| 2k 1% & (O+A, origin + alignment) : £ 1% 48 Il 25 1%
YRR Fon A e S A9 2% PR 3R 4 s R AR R Y
SD-v1. 435 SO 57 K04l o o 4 i PR SR A B4R S 18
BT LS IR TE R RS i dny 5 ScR M
TAFERUAR AL B 1 I S B0 SCRE S R 2R o

ARSI, O+C R O+A S FH AN 4 fa
T UANE BN SN R , IR R 8 1 24
Hedi 5 SD-v1. 4 AR AR I SRR s — B, @it L
B O+C AN O+A, AT LAUAE 728 il B 48 K a2 03 Ak
FIAE JA AR 1 25 AT, 23 BT S G SUX 55 23
X ARG gz AT BE RS20
3014 IFAREEAE

AR N(2026) 95 i, ALZE B MG AS I 25 1)
S Az A T E e A AR AR AR R RS S A
Yk N BRI RESEA T i . Oy T AT A RS D 4%
4 B A R BS Y A RE g, AR SCHE I 3 A28 T ik
A D AR SR 1) ATGT-Align U3 48 F 47 52 56
Horp A TR T PP A A I 55 78 © A R0 i
AL R, AIGI-Align 1328 4 F F 2 — 25 DF A% 46 0
AR SOM 5535 50T ARG E

1) ForenSynths f % T BigGAN. CycleGAN
DeepFake . GauGAN , ProGAN ,StarGAN . StyleGAN #I
StyleGAN2 3L 8 A~ 3 = £« L 3 s B R0k A
LSUN .ImageNet ,COCO ,FaceForensics++53 5 ¥ 4E

2) UniversalFakeDetect & J T Guided Diffusion
LDM , GLIDE Fl DALL-E %5/ Ji A, B0 52 [ {50k I3
T ImageNet F1 LAION, 7 32k H dalle, glide_100_

10.glide_100_27 .glide_50_27 .guided .ldm_100 .ldm_
200 il 1dm_200_cfg 3 8 A~ FH AT

3) Genlmage Y H 5 KI5 R I T ImageNet , £ 5
1000 A4~ 5 SC2E 50, AR b 2 1 2 5 bR 48 26 B Z .
th ¥ & 1% 1 BigGAN . GLIDE ., VQDM . Stable Diffu-
sion v1. 4 Stable Diffusion v1.5,ADM  Midjourney £/l
Wukong 8 Fjt A= A A il

4) AIGI-Align A A SCHE 3 A S5 451 9 i SO%F 550
TR A 12 ol 2k B A i 3t 1 4 DR PR 1% A
FEIE SO 55, FH T PEA5 RS0 28 2638 CEER B 59 )5
(1) 5 1 AR AL R
3.1.5 KRS

AR SR 5 6 I 25 A 2 1 A T S B, SR
JEAE# R S B RIS A . BT
A AR 3. 1 3R B S RN ZRisE B R EE I
% 2 BEAE NVIDIA RTX A5000 GPU [ 347,
3.2 BYXMFREEELSF

R o BT AN RV B A4 O =X e R S A A
1 R T SO S5 RE B 25 57 AR SCLL ATGI-Align 1)
SD-v1. 4 M4 R B ml A7 Ak A o i 7
AL 1418 S, B2 500 4SS0 5 BRSS9 3
A — ik B EMG , DA S — ik A iz S AR G S 4]
AT B R R S A= B SD-v 1. 4 AR R EMS . A L
AN i L2 oy 2O LR MG OGS 555 1 )¢
M) , AR SRS 15 DU 20 FTAR ER B OC R

1) 52451 9 3 SCXT 55 41 (AIGI-Align) o #f AIGI-
Align Y SD-v1. 4 74 v iy B S G 5 G Y
S TE O T S R EAE RO . TR T
AR SCSN G SO TR T 30T B R S AR A
18 2Z B 3 SCABLEE -

2) K L iR 4 (Class-level ) o ML G
NG A ) A O 2 A SO AR R Y 7 000 5K F
S ERMBAE Ry B SRV 05, IS R FH SD-v1. 4 3
TN AL R A B 14 28 B2 500 Tk RS . X%
RURAL S B G 2 2805 45 IE AR DU — 5k 2
TR ECSE RS AR B Fon R IR R
NS, AR SO FLSEEMES TR0 1 28 5 9 A
G BEAL—— BT, A a2 R R iR,
(PR ) — Bt 1 B O EHRIE SCHIDLE

3) 5 S [A] 25 2 ( Cross-instance ) o K X 7325 5]
— B0 S G N R AAE R, AR SO il ALGI-
Align ) SD-v1. 4 P74 Y S0 9 3 SR 5% A
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PG AR B R SRR A BB R A A i
GIEATAS AN o %4 T A [ 2 T A
3 AEL B SEBI Z XoF 7 5 2R S 118 1 SCAHARLEE .

4) B FENLZH (Random) o AR ZE A —
R T RS IREE R A SO B ER 5 AN R 2531
(1) AIGI-Align 52451 25 A= jb IR 14 A7 15 288 53] Bl ML T
%iF, ¥4 % Random 21 . 140 F T I W85 24 551 BE AL DL it
I B4 8 SCABLEE 7K

*3 AREEXNFR TEMBE S CLIPIE X BMUES T
Table 3 Statistics of CLIP semantic similarity between

real and fake images under different pairing strategies

Xk EUREAE W Eﬁ‘f
Bt AL %o 2 BRI KEALIT BT 0.5228 0.5239
FBNF IR IR A IR — 3 0.6622 0.6615
iz | i B ¥ [E12 BB ARSI v 0.6688 0.6681
SIS SO ST 4 SERRE U FE 0.7222 0.7261

P L, DO 2L e %ot B0 43 ) Xt iy S 48] 23 S5
AN G — B TR 2 AR SR S 3] 25 %o oy A 5 2 03]
HLVCHEC PURR i VR R o SR RE S 7 A — it &
S G Al e RN ) — A B SD-v1. 4 I SE A |, L
BN [R) 4 7 TR BE AN [] B X O 22 % B PR UG X
AEABLBE B 52 ), DT 36 3IE ATGI-Align 2 75 fE S 42 5
L UG5 A R R 2 18] 08 S A G o SUXT SRR P

FET: SCRBLRE 1535 1, AR SCR F 1)1 25 CLIP
ViT-L/14 UG G ity &5 4 B S G RAE B EHZ 0 [#]
TRHRAE , IR AE AT L2 3 —Ak 4 1 — Ak 4 A
2Z 1) 8 42 5% AR ARLEE AR A L ER RGO 1) CLIP 1 SCAH
L. %A bR T 5 P ke MR A o SCRRAE 2 8] h
AR X R TFE I o RIIE , AR SOOF RN BRI st g
A UGG IR Y S sl R BB T L SE AR R] 2
RVEA R B A 07 T BN RS AE AR 48 b
LS 1 A A s e SCAE T T B4R X S5 AR

e 3 A 3 PR, S s SO 5741 S AT
9 CLIP 5 SUARARLEE 4 0. 7222, v T 25 B AILZH 1Y
0. 5228 B AL 7 11 4 1) 0..6622 15 5L 4[] 2 41
[1)0. 6688 5 2% Il 31 7 1) 28 A 1225 S 451 [ 2 24 A
L, S G SO 55 2 7 24 R AL RE 4y ) AR T
0. 0600 F10. 0534, & 45 L WK 4 iR, 5L 9%
T SCXF S5 ALAE 14 425 1 A9 S 249 A0 (0L 38 v 3

b =2, WA SO RAEA R I h ) BA
e T SOR FERRE

1.0

o
o
)

CLIPA3ZAR{E
o o
= 2

B

" N

. BN

"

o
N

BOHACITEE 2SRRI PSSl A SRR X 74
RSpE:S

I3 RIS 7 2 HA R CLIP I SURBLE 73 A
Fig. 3  Distribution of CLIP semantic similarity between real

and fake images under different pairing strategies

S8 S gl ) € VNS 4 £ W e Wl R R
IG5 A R Z A AT B AR A Sl ()38 S 25
255 5 RIS R 1) 28 590 1) S ) 9 A LA, an SR ke
550 B S RUR I VE T G &, B S MR 5 AR R
Z I B LT SR AR . AHELZ R, ATGI-Align
REMS7E — BB s/ ik Fp 22 S P2 s O MG 2
BESI SR v
3.3 EXwRERSH

3.2 T AR AN R B 7 TR B FIAS [a] Pl 4
K R AL EMR 5 A G 2 (R i LN 2
5o AR M X FE X2 R 2 R M A
I EARFIZE R . S ARSCARE R SR
SCHG Az TR ARG U 25— B A5 T, ek
7 e B G 5 B S MG 2 18] BT SO SRR, I EE
BRGNS AEA RS N AR fb . kIl 2%
FEE X 22 5 00 B S A I A 1 T R4 B v e R
it BH H A 1) 25 5 ) RE 27 B B O R E 22 R Y
A

FLA D, AR DL PRI 25

1) SRR O FF RS (T-align) o %K
AR 3.2 7 S B i SO SR 2 i AR R RS
BT H 6 07 S PR 0 40 5 R 5 5 3R 3K 5 SD-v 1. 4
ARG o AT A RS DL LS E S
R XS B 5 S G EAT T i S
SR FERRRE

2) I PARR MRS A (T-class ) o LIRS
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HERIE, EXIT, B, FREMS
HE AT & EMEGENEIE L FHRESEERR

PR 3.2 75 200 G 4 7 1l 2 v i) A TS, BT
SD-v1. 4 3 F 25 G 42 7R 1l 2k il % . 5 T-align
AHEE 2R R A M 5 LS R AR 20 2
i — 2, TR UL G2 2 50 S i) A 7 2R /Y
5 775 e

PSS S 4 HTAR [R] 4 7 000 5Kk 52 4
FLAT R R] 18 28 Sl b 130 A g A AR RILASE 5 194 2 A e [
142 SD-v1. 4 4 L, AL, T-align 5 T-class B9 &

BEONTE T A i G 5 LSRR Z ] (1 SUXE S5
JEARTR . BRI S5 R4 7 7 000 7k FL 5L ES R
7000 5K Az B G o KRS, A5 I 5 321 2R H origin
YL B A5 2 Ay [ e AR AR

R4 T AR ERTE T-align 1 T-class PHA
MRS T R S5 2R . BARORE |, 78 8 Rl U1
R #s A 6 FALI &R 7E T-class £ N Y ACC

e GEECSTEE e ERIRIRNAAE e pESRpEE] e SOBIRE TR

0.9

N - S U
BN IR

Kl 4 ANEE AT B ES CLIPE SCARRUE X L

Fig. 4 Comparison of CLIP semantic similarity between real and fake images across different semantic categories

x4 AEEBEBXHFUREZGETHELRLSHER(ACC/
AP, %)
Table 4 Semantic bias analysis results under different

semantic alignment test conditions (ACC/AP, %)

T-align Wik T—class Pk

A Py P AACC  AAP
CNN-Spot  50.81/57.54 50.46/56.28 -0.35 -1.26
UnivFD 48.87/4321 48.68/44.12 -0.19 +0.91
RINE 77.52/98.15 81.12/98.53  +3.60  +0.38
AIDE 83.46/94.71  87.04/96.18  +3.58  +1.47
Effort 65.24/94.13  67.84/95.44 +2.60 +1.31
SAFE 99.02/99.82  99.15/99.84  +0.13  +0.02
DFFreq 94.50/99.36  94.56/99.38  +0.06  +0.02
ForgeLens 90.89/98.19  92.24/98.26  +1.35 +0.07
LIRS 1) 76.29/85.64 77.64/86.00 +1.35 +0.36

1 : AACC FI AAP 2671 T—class M £ A AH XS T T—align P13
SRR BEZE(E

fm T T-align 5544 A7 7 FPKL I 28 75 T-class 2544
NI AP & T T-align 2514 . MBLEE- 85 8k F |, T-
align 4 7F F F % ACC N 76.29%, *F ¥ AP Ny
85. 64%; T-class 5% 1 7 F- ¥ ACC 2h 77. 64%, V-1
AP J386. 00%.

RIRGEIRARY], M SRR S A R R Z A A
P I SO 2 25 S R R B A 5 AR AR
e PG DR BE 5 T 25 AT R SCXF 5% ] 555 3k Ao 2
Jo KRR A BT R R AT L RS AR i
FAF R R — 5 (T A DL , RPAT G A B
PHIEMR Z 0] 1 25 22 S TREAR 531
3.4 AFHBERZHEITE

AR SAEATHEHESE B ARG &N &4
T8 B8 BE AR Ak, LA IR T ) A 4 3 SCK 5 a0 o
PEF- A AL TR 5 A A TR AR R ) A Bk o AR
XF LT Z B 2 7 ik, A 4 CNN-Spot . UnivFD
RINE \AIDE . Effort \SAFE .DFFreq Dk & ForgeLens , Jf
PR 3. 1. 395 Y origin ,O+C 1 O+A = Fhilll 2% &

11
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HEATPEAL . b, O+CAE N 2N B AR /R I I SR B
P42 i e 14 I R a0 28 531 280 A A i i A T
(RS 5 O+A S S G i SO SR ik e, Tk
— BT S G SON T R X S e AL T BE AY
AL

1E ForenSynths Jll 042 b, A SCPEAL T B84 K6 )
7% 1E Z Fh GAN (generative adversarial network ) 42 f4)
Lz etERE . 7E ProGAN s NI, BT origin |
O+C M1 O+A =Fpill Zrist E AP R H 4-class ProGAN 1}
Ry HER IR | #5 07 R AE ProGAN Ik 748 F 4
AT THE SR . X AR UL GAN I T-4E , 0+C
L O+A BEE T FB A I 25 U T A ROR , e an
DFFreq 1€ BigGAN il GauGAN 25 14 b 1 k0 14: fE
AU AR T, SAFE WAE ZHOR WL 745 Sl T
AP B # Tt , 3£ F CLIP 1) ForgeLens F1 Effort 7 2 %
GAN T4 K BE J1 8047 BT i i o DR AP 21
RERE , O+ A B T ForgeLens 1E T A £ il % o & 21
e, HAFH ACC 4 96..37% , F-34 AP 1551 99. 63%:;
5 0+C L, Effort 1 ForgelLens T O+A W B T iy

) ACCHIE-25) AP 245 I $2 7t , DFFreq #Y~F-3 AP i3
A AT, 33X 1 BH S 4% 1 SR 55 B i A R s
43 16 R T GAN SRR 9z Ak fig U . R0, 5
O+C # kb , O+A 7£ ForenSynths I i) BRI FIF AN B
5B, 0 K6 I £ 4 CNN-Spot 1 UnivFD 7E O+A % &
TS ACC FE 2 AP HE T 0+C. X A fig &
ForenSynths 32 2L 1 GAN il DeepFake Il izt 7 5 #4)
A, HAR IR 43 A 5 AR SR S 9 SD-v1. 4 71
RERIYI LB AEAE 22 57, PR S B 00 SO% 5 554
FEIZIMEE T 1 22 B0k 22 S B A

A CAE UniversalFakeDetect IR 42 PEAE T /6
D E5XT Z Tl BB AL Az AR I . M TR G %5
B, S G SO SR A5 | ARG 58 T 22 B A
TE DALLE 5 LDM &R Z M ik B8 s o Ak,
#B43 LT CLIP {9 J5 15 (4N UnivFD \RINE #1 AIDE ) 7
ADM T4 L HERE T R . X156 BH 5241 908 SO 555K
P FRCRE 1) 559 1 S 25 S A DN 2 4 ) i A 1 A L AL
3 T B 2 AG I 2 55 I 3 PN A 2 WAL 1

%5 ForenSynths X4 R (ACC/AP, %)

Table 5 Results on ForenSynths (ACC/AP, %)

A ik ProGAN  StyleGAN StyleGAN2 BigGAN CycleGAN  StarGAN  GauGAN DeepkFake Mean
. 97.90/ 7273/ 7194/ 5830/  71.12/ 7319/ 67.08/ 5241/ 7058/
rigin

ong 99.85 94.63 93.75 72.35 82.02 89.01 80.56  62.83 8437
CNN- sC 96.86/  73.94/ 7168/ 5975/  72.52/ 86.94/ 59.65/ 5434/  71.96/
Spot 99.56 93.90 92.82  74.02 87.97 95.25 80.68 80.13  88.04
er 9781/ 7370/  69.29/ 5423/  67.26/ 7984/ 5533/ 5826/  69.46/
99.73 92.26 90.77 68.03 81.07 90.08 7542 7223 83.70
. 9929/ 7479/  69.07/ 9523/  95.69/ 91.05/ 9899/ 7854/  87.83/
rigin
ong 99.98 95.50 9510  99.13 99.71 99.79 99.98 89.11  97.29
Gso Ot 98.40/ 7374/ 7161/  93.08/  94.13/ 8727/  98.19/  78.65/  86.88/
ni

> 99.91 90.85 92.07 98.49 99.62 99.30 9994 8770 9598

0er 98.41/ 7408/ 7198/ 9220/  92.66/ 86.07/° 97.16/  68.18/  85.00/
99.92 90.17 9136 = 98.39 99.60 99.27 99.93 8851  95.89
A 100.00/  92.02/ 9413/  99.62/  99.55/ 99.92/  99.86/  62.85/  93.49/
onge 100.00  99.77 99.95 99.98 99.98 100.00 9996  97.69  99.67
RINE Ot 99.99/ 9026/ 9295 9822/  99.70/ 99.87/  99.86/ 6642/  93.41/
100.00  99.72 99.98 9995  100.00  100.00  100.00  97.19  99.61
0er 100.00/< 9091/  91.85/  99.10/  99.62/ 99.72/ . 9946/ 6731/  93.50/
100.00°  99.72 99.85 99.96  99.99 99.99 99.92 9760  99.63
. 99.88/ 9957/  97.10/  90.93/ 9822/ 9967/ 86.82/  55.10/ - 90.91/
ongtn 100.00  99.99 99.94 98.13 99.83 99.99 99.89 79.53 . 97.16
AIDE
Ot 99.85/  95.08/ 9532/ 9570/  96.52/ 9842/ 9681/  56.74/  91.80/
100.00  99.93 99.93 9936  99.78 99.99 99.84 8429  97.89
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Fosk

FEEAY Tk ProGAN  StyleGAN StyleGAN2 BigGAN CycleGAN  StarGAN -~ GauGAN DeepkFake Mean
oin 9973/ 98.46/ 9582/ 9398/ 9497/ 9870/ © 90.79/ 5787/  91.29/
100.00  99.97 99.87 98.57 99.53 99.99 99.17 7922 97.04
. 99.98/ 8878/  92.66/  99.40/  99.92/ 99.87/  99.86/  74.12/. 9432

T n
ongt 100.00 9877 9942  99.99 10000  100.00  100.00 9629 - 99.31
Eflon s 99.94/ 8891/  90.70/  99.55/  100.00/  100.00/  99.72/ 8453/  95.42/

T

0 100.00 9951 9942  99.99 10000  100.00  99.99 9795  99.61
oer 99.99/ 9254/ 9389/  99.15/  99.96/  100.00/  99.56/  81.63/  95.84/
100.00  99.84 9962  99.99 10000  100.00 9999 9771  99.64
. 99.83/  97.86/ 9837/ - 86.60/  98.15/ 99.92/  87.65/ 9032/  94.84/
ongt 100.00  99.92 99.98 90.69 99.42 100.000  95.17 9460  97.47
CAFE s 99.95/ 9741/  99.19/  89.30/  97.92/  100.00/  91.46/  73.60/  93.60/
100.00  99.85 99.99 9560  99.85 100.00  96.44 9555  98.41
oen 99.79/ 9420/  97.15/  90.33/  98.26/ 99.97/  86.52/ 9075/  94.62/
100.00  99.79 9996  97.04  99.54 100.00 9636 9495  98.46
. 99.62/  99.67/  99.80/  84.60/  95.84/ 87.02/ 8272/  68.01/  89.66/
ongt 99.99 9999  100.00 9731 99.33 95.90 99.09 7464 9578
99.50/ 9971/  99.64/ .92.07/  93.07/ 98.80/  94.14/ 6370/  92.58/

DFFreq 0+C
99.99 9999 10000 = 97.58 99.27 99.94 99.09  69.56 95.68
oer 9928/  99.62/ 9929/ 9230/  89.52/ 9135/ 9516/  69.42/ - 91.99/
99.98 99.99 99.99 97.65 98.48 99.35 9937 7671  96.44
. 99.95/  90.49/  96.18/  97.15/  99.47/ 99.12/  97.57/ 9338/  96.66/
origtn 100.00 9874 99.40 91.11 99.86 99.64 92.80 9745 9738
99.96/  87.98/ 9070/  97.45/  99.96/  100.00/ 9831/  90.12/  95.56/

ForgeLens 0+C
100.00  99.10 9934 9976 10000  100.00.  99.66  98.57  99.55
en 99.99/ 9054/ 9398/ 9628  99.89/ 10000/ 97.69/  92.60/  96.37/
100.00  99.50 99.81 9995  100.00  100.00  99.91 97.84  99.63

T IR R Bt gh

AR, S B TG A UL B L R 2
HEHZALRE 152 IR . TERERF- Y4845 I, ForgeLens
ARG SR e O BUS T8 mEae, 51 A S
iy X 57 B4 5 OF $ ACC M\ 96. 79% & T+ &
97.95%, -4 AP 35 %] 99. 91%, BUi5 16 % M ik 4 L
W AETERE . TRl T 1% 48 1 4 BRI 2% (CNN-
Spot) & T EIR AR (1) J5 2: (SAFE) & T Fil il 4
CLIP 11 Effort F1 RINE , 75 S 491 48 7 SO 55 I 2R
AR BIHR AR A BT T, Uh B SE A R SO 5%

B AE BR U 52 T B KD A 7 s B AR E iz
LR, P A O+C T O+A I LLZ BL, O+A 7E
ZRR N A% E S PERE R T 0+Co BRI L8
RS I 2% 76 O+A BB R AYF3 ACC ¥ 5 F 0+C, 6
PRI 28 (-2 AP 5 F 0+C; Hip |, ForgeLens f-F
] ACC Hi 0+C 1Y 96. 14% 2 7+ = 0+A 19 97. 95%,
Effort H1 94. 28% #£ 7} % 95. 50% , SAFE fH 95. 59% $%
TH296. 64%. X ULH], 7EY BB AL 37 e, 52
1995 8 SO S5 B AH B P

% 6 UniversalFakeDetect illix £5 52 (ACC/AP, %)
Table 6 Results on UniversalFakeDetect (ACC/AP, %)

Glide Glide Glide LDM
#5771 ] DALLE - - ~ ADM  LDM_100 LDM_200 - Me:
L e 100_10  100_27  50_27 - - 200_cfg can
CNN- N 51.95 5670/ 5530/  57.00/  56.60/ 5325/  53.40/ 5345/ 5471/
Spot onem 54.61 7558 7377 7814 7014 64.84 6425 6500  68.29
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*Kesik
Glide Glide Glide LDM
5 5) ; DALLE - - - ADM  LDM_100 LDM 2 = Me
B e 100_10  100_27  50_27 —10Q 200" 200_cfe can
st 5175/ 5280/ 5190/ 51.85/ 5425/ 5580/  55.80/ 5620/ 5379/
59.72 65.43 6298 6250  67.63 70.73 70.87 7178 . 66.45
O0en 5525/ 52.65/  52.80/  53.95/ 5530/ 5850/  59.55/  65.85/ ° 56.73/
68.43 67.84 6556 6872 6855 76.23 7737 8454 7215
o 9120/ 8320/  83.05/ 8530/ 78.60/ 9675/ 9675/  80.85/  86.96/
ongn 98.08 94.85 9458 9587  91.83 99.51 99.61 9373 96.01
. 86.65/ 8530/ 8575/ 8695/  72.00/ 9250/ 9335/ 7625/  84.84/
UnivFD 0+C
95.39 95.06 9492 . 9557  84.62 98.28 98.52 89.44 9397
O0en 89.900/ 8855/  88.00/ 9025/ 7370/ 9335/ 9430/ 7895/  87.13/
96.76 96.57 9624  97.04  84.88 98.56 98.86 91.06  95.00
. 9420/ 8130/ 7890/ 8350/ 7555/  98.65/ 9835/  90.75/  87.65/
ongn 99.42 97.63 9742 9816 9731 99.94 99.89 99.00  98.60
RINE Ot 98.05/ 7725/ 7550/  79.60/  68.05/ 9920/ 9920/ 9590/  86.59/
99.94 98.73 98.55 9922 9745 99.99 99.97 99.85 9921
0in 98.65/  84.95  82.15/  87.00/ 7090/ 9925/ -~ 98.85/ 9555/  89.66/
99.92 98.72 98.50 © 99.12 9682  99.95 99.90 99.59  99.06
. 9620/  97.40/ 9735/ 97.60/ 8220/ 9820/  97.80/  96.05/ 9535/
N 98.58 99.29 99.19 9931  94.08 99.31 99.27 9870 - 98.47
ADE Ot 93.85/ 9745/ 9720/  97.65/  78.50/  98.65/  98.40/  96.15/  94.73/
98.90 99.49 9951 9956  97.68 99.76 99.69 9937  99.24
Oin 9455/  97.60/ 9825/ 9845/  80.10/  98.15/  97.85/ 9630/  95.16/
98.87 99.60 99.61  99.66  96.26 99.67 99.61 9929  99.07
. 9250/  86.05/  86.40/ 8630/  62.05/  97.10/ 9730/ 8575/  86.68/
onetn 99.64 99.34 9932 9946  90.81 99.85 99.89 9871 9838
Elion Ot 99.55/ 9620/  95.15/  96.05/ 7070/  99.55/  99.45/  97.60/  94.28/
or 100.00 99.89 99.74 9992 97.07 99.99 99.98 99.92  99.56
Oen 100.00/ 9620/ 9545/ 9735/ 7595/  99.85/  99.80/  99.40/  95.50/
100.00 99.88 9973 9995 9747  100.00  99.98 99.99  99.62
- 96.80/ 9655/  95.40/ 9595/  80.30/ 9825/ 9825/  98.00/  94.94/
onetn 99.45 98.95 98.80 9896  94.11 99.80 99.80 9973 9870
N Ot 97.65/ 9720/ 9485/ 9605/  82.65/ 9880/ 9875/ 9875/  95.59/
99.34 99.06 9851 . 9892  97.53 99.54 99.55 99.54  99.00
Oin 98.80/  98.10/  96.70/° 97.25/ 8525/  99.05/  99.00/  98.95  96.64/
99.86 99.35 9893  99.07  96.13 99.92 99.90 99.87  99.13
. 9130/ 9820/ 9830/  98.40/  93.55  99.65/  99.45/ 9950/  97.29/
origi 97.90 99.88 99.78 9978  98.84 99.99 99.97 9991  99.51
80.90/  97.65/  97.25/  98.10/  93.55/  99.80/ 9955/  99.35/  96.89/
DFFreq 0+C
98.61 99.90 9973 9982 9921  100.00  99.99 99.88  99.64
Oen 9565/  97.15/ 9595/  96.75/  92.90/  99.55/ = 9940/ 9935/  97.09/
99.75 99.78 9943 9973 9921  100.00~  99.98 9997  99.73
Forselens . 98.60/  98.60/ 9830/  98.80/  82.55/ 9935/  99.50/  98.60/ . 96.79/
orgelens gt 99.32 99.33 9924 9932  95.26 99.27 99.32 99.13 - 98.77
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Fosk
Glide Glide Glide LDM
25771 : DALLE - - -~ ADM  LDM_100 LDM_200 - Me:
L e 100_10  100_27  50_27 - - 200_cfg can

99.80/ 98.15/ 97.65/

0+C 100.00 99.99  99.92

99.90/ 99.40/ 98.95/

O+A 100.00  100.00  99.99

98.40/ 77.95/ 99.45/ 99.40/ 98.35/ 96.14/
99.96 99.14 99.93 99.97 99.83 99.84

99.25/ 87.05/ 99.75/ 99.80/ 99.50/ 97.95/
99.99 99.33 100.00 100.00 99.99 99.91

TE I A R R e e s R

71 1) Ei A SE A A T 4 T 22 BRI % 19z Ak
T,

1E Genlmage M AR [, S 9008 SO 5550 dE 19
AR 88 (2 ALRE T 7= A 1 3R . 7E SD-
v1. 438 N It 4R R [R5 Y SD-v1. 5 il 14 1,
ARG ZRAE 5| A ST SO 5580808 5 1k B ik
TR, TERS SRz A I, S 90 SO 5 B 12
=5 1R I 28 X Midjourney | Glide , Wukong 55 4 L9~
BRI AGIN RE 7 o W], S5 235 SRl e e 1 AR S
SRS T 1 AE R by Jey BR A, 8 o A5 B A T X

ADM F1 VQDM T AW PERE T [% . 768 A1 34 7% fiE
D5 1T, 22 B0 U 2 7 S5 4 938 SO 551 ik T 5%
TR ACE R $E T, M TSGR E 5 A
SEAR G 18 SR SRR S, DFFreq A9 -2 ACC H
87. 47% &+ % 93. 23%, “F- 34 AP 1 94. 25% 12 7+ &
99. 22%, AT T e A 1Y F- 15 AP SAFE JRAS T 5 flt
- ACC & F CLIP 1Y ForgeLens M Effort HUi5 1
B PE AP, RS R, S i SO 555K
PEAT B Ul 2K 0  %of o 25 S AR, R A

%7 GenlmagelliX45 R (ACC/AP, %)
Table 7 Results on GenImage (ACC/AP, %)

Al WIRES Midjourney SD-vl.4  SD-vl1.5 ADM Glide Wukong ~ VODM  BigGAN Mean
. 51.42/ 5037/ 5024/ 5588/ 5291/ 5040/ 5377/ 5131/ 52.03/
ongin 59.84 56.07 5628  67.85  64.43 55.42 65.97 70.38 62.03
CNN- O 52.49/ 6627/ 6650/ 5381/ 5526/ 5945/  50.13/ 5543/  57.42/
Spot 68.79 88.37 8830 6899 7697 80.37 58.31 81.31 76.43
oer 56.10/ 7578/ 7626/ 5299/ 5357/ 6815/ ~ 51.85/ 5033/  60.63/
76.25 92.88 9298 6699  71.56 87.74 63.11 60.02 76.44
- 49.52/ 5133/ 5126/ 7458/ 6560/ 5586/  90.56/  87.48/  65.77/
orgin 44.44 53.98 5429 9012 81.64 67.71 97.68 96.49 73.30
Unio D e 56.97/ 66.11/ 6594/  69.61/ 7223/ 6759/ 8442/  87.03/  71.24/
m 66.85 80.06 7956 8225 8523 81.19 93.75 95.17 83.01
er 60.17/ 7045/ 7022/ 7190/  73.66/ 7083/ 8556/ 8633/  73.64/
67.59 80.09 8020 | 8233 8433 81.18 93.90 94.53 83.02
. 56.27/ 82.08/ 8158/ 7150/ 6576/ 8171/ 87.69/  90.51/ 77.14/
origte 88.14 98.54 9844 9639  95.80 98.50 99.24 99.61 96.83
RINE o 65.19/ 98.73/ 9854/  64.89/ 6375/  96.61/ 8393/ 8537/  82.13/
96.83 99.97 9991 9725  97.87 99.92 99.49 99.65 98.86
0er 7131/ 99.53/ 9928/  71.68/  77.00/ 9835  89.61/  91.46/  87.28/
96.78 99.98 99.89  96.81  98.58 99.93 99.57 99.76 98.91
- 66.13/ 82.87/ 8204/ 8750/  91.44/  84.60/ - 93.48/ 9393/ 8525/
ongin 83.14 93.79 9357 9614  97.26 94.96 98.57 98.80 94.53

AIDE
e 64.88/ 9536/ 9518/ 8270/ 9328/  93.60/ 9199/  92.40/ - 88.67/

89.80 99.64 99.63

98.11 99.37 99.50 99.47 99.47 98.12
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FKT8L%

FEEAY Jrik Midjourney SD-vl1.4  SD-v1.5 ADM Glide Wukong ~ VQDM  BigGAN Mean
0in 79.38/ 9547/ 9534/ 8459/ 9491/ 9422/ - 9171/  93.87/  91.18/
93.30 99.46 9942 9708  99.34 9931 98.94 99.20 98.26
. 50.77/ 7263/ 1244/ 6238/ 7783/  71.62/ 71564/ 9747/ 72.60/

T n
oriel 74.14 96.93 96.83  90.52  97.46 96.56 97.05 99.96 93.68
Eflon o 61.58/ 99.65/  99.61/ 7847/ 9395/ 9882/  94.65  98.80/  90.69/

T

0 93.19 100.00  99.99  97.18  99.85 99.99 99.85 99.99 98.76
oer 71.01/ 99.95/  99.88/ 8240/ 9335/ 9978/ 9828/  99.70/  93.04/
95.24 100.00 9999 9761 9977 10000  99.95  100.00  99.07
. 94.07/ 98.68/ 9858/ 83.66/  96.16/ 9823/ 9524/  97.06/ 9521/
ongi 99.00 99.81 9973 9618  98.93 99.65 98.97 99.42 98.96
CAFE O 96.22/ 99.83/ 9976/ 7171/ 9655/ 9957/ 9643/ 9727/  94.67/
99.87 99.96 9994 9252 99.48 99.96 99.62 99.91 98.91
0er 93.64/ 9971/ 99.62/ 7477/ 9786/ 9953/ 9874/ 9787/ 9522/
99.49 99.99 9991  89.10  99.48 99.89 99.82 99.73 98.43
. 93.62/ 93.03/  93.08/  93.09/  93.63/  93.12/ 9497/ 4523/  87.47/
ongi 99.09 98.88 98.85  98.09  99.08 98.47 99.24 62.29 94.25
97.00/ 98.11/  98.04/ 8861/ 9657/  97.10/ 95.88/  49.18/  90.06/

DFFreq 0+C
99.62 99.81 9976 =~ 98.57  99.65 99.55 99.61 70.78 95.92
er 98.12/ 99.11/  99.01/  90.67/ 9738/ 9835/  90.86/ 7235/ - 93.23/
99.84 99.96 9990  99.00  99.73 99.88 99.06 96.42 99.22
. 59.37/ 9523/ 9519/ 8391/ 9720/ 9281/  87.62/  99.41/  88.84/
ongi 80.48 98.20 97.86 9629  98.18 97.87 96.61 98.57 95.51
64.14/ 9970/ 99.58/ 8435/ 9772/ 99.15/ 9454/  98.87/  92.26/

ForgeLens 0+C
92.38 100.00 9991 9922  99.93 99.98 99.89 99.89 98.90
oer 72.68/ 99.92/  99.84/ . 89.50/  99.01/  99.80/ 9858/  99.82/  94.89/

93.23 100.00 99.97 99.25 99.95 99.99 99.96 99.99 99.04

TE L PR R e L4 24

SO DL TR, IF 3 T oA 2 A B ik 57 A AEAS SR Y ATGI-Align MK 4E EROTERE. %

TSz AR T o NN ) I ik NSk
B SR SN LR B R X g SRR F |, 785X 61 2
WSO SR BN, 8 Bkl #5% 1724 ACC ¥ &
TN G RN DR B i, 7 FpAG I 25 4 - 25 APAlL
= TR R A E . B, RINE (173
ACC H 82. 13% $2 J+ % 87. 28%, Effort F 90. 69% #
Tt 2 93.04%, DFFreq H1 90. 06% 4 7t & 93. 23%,
ForgeLens FH 92. 26% & F& % 94. 89%. X — 45 R i,
WY, 528 s im B A0 L, SR 9 SRS 2051
RENE Ut — 25 $2 THRE I %5 7E Genlmage M 042 I 1) 15
A BRI AR
3.5 AIGI-Align #iE &£ RZ TR

R T 20 5 A RGN 2 A TR TV A AR AR
Fa R SOXE 55337 S i i 2R B, AR SCVEAR T 45 K

8. F9MIF 1073 JB/R T &K s AL eI ik
(origin) AR IF I 2535 (O+C) RIS B 2T
SO FFYINRIEE (0+A) T AYPERER I

TEAE G GR L BT, N [R) 28 3 1 A ) 2 78 45 0
R A AU RS Pk R B O G Y 22 5, gk
S/ . fEGLHIFET CNN AYKEI 2% (CNN-Spot) £ £
BOR W Fiz AePEZ BR , 78 Kolors . Hunyuan-DiT .
FLUX. 1-schnell % F 4 I () ACC 5 AIL , 2 1A -3
ACCALUH 51, 15% FEF B LA WAL (Y UnivED
FEZ RO WA L AEAEZ A I R34 ACC
50. 24%; RINE . Effort . ForgeLens 3¢ Bt — & A9 5 fu
KW B8 77, 1B 7E Kolors Al FLUX. 1-schnell [ K fig
A5 FRAR AR ISR o 5Tl 5 P 2 48 A e U 245
(DFFreq .SAFE) P REE 58 , BEAR T2 ACC 43 51|35 5]
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193, 42% F196. 59%; A 12k SAFE 7 DeepFloyd IF ¥
L EMACCH I T TR, Balgs R Ui, UK
i 4-class ProGAN VIl Zr & H8 X LA 78 43 1& B AIGI-
Align "R VH A RS B0 FIE SO 57 3837 50 oK 79
AR

I AN AR 1) A BB e, 22 80K 4 1)
PRz A vEre A iR R 9 PR . SRS I
W& AH HE , CNN-Spot V-2 ACC H1 51. 15% 42 1 =
59. 92%, UnivFD H 50. 24% $2 7} % 80. 84%, RINE H
67. 72% 42 T+ %= 88. 88%, Effort 1 60. 33% 42 T+ &
88.24%, ForgeLens H1 82.09% $2 7+ % 91. 63%. iX
VLA, ZEAE Sl ki B 3R Al 5] A SD-v1. 4 2551 %
Az AR | B % 3 G T 8 X ATGT-Align Hr 843 &
DA AR (AN BB ) o T B R R B R
NI A RS AN 5 B S AR R 2800 )2 T — 3, B
PG Z BT Al BEAFAE S 90 L 22 5 .

IR SRR 3 1) SEAG s ORS00 ), 280
o 00 45 1) 5 S0z Ak Pk g — 2P B T, A0 10 B
5811 CNN-Spot 75 31 A SE B 918 X 58038 5 L 7
SD-v1. 4 F1SD-v1. 5 F4E FYACCHEF 2 87% L) |,
AR ACCHE T3 65. 94%, X TH:T CLIP B4
£S5 , UnivFD Fil Effort i 3 K73 ACC 43 5l $2 F+ 2
84. 81% £ 93. 40%. ForgeLens.RINE Hl AIDE 7£ %
B AR BB TR AR K, o RINE A Effort
FOECARSE 1) AP K E T 99. 74%, TEISRIZSHY CogVi-
deoX F4E I, Effort fll ForgeLens i) ACC ¥4 # 3 T
99. 50%. X T 5 T 5 KR AR a9 777, DFFreq
[ ACC $2 7% 97. 08%; SAFE fi % {& - 15 ACC
k3] 96. 80%. FIRGEIRFRM], S SO0 T B
FE A B2 T A0 U 25 76 1T VH A= UL R OG5
s Rz ke
3.6 YISEIBI=HIE R

SRyt —25 X o PR B4R T AR BT S I 2R
Pt B R RS A SOIE R R S 2R 10
8 e AE R R AR B Rk RE L A5 SR
FL11HIR,

FIAF RN B 5, 2804 i SR
BIrERe A Frie . Horh, IR /R R I 2 i A
BAL G ZRi5 B AE Genlmage A1 AIGI-Align 4L -
P& T8 Ry B S, U WY A A% G I 2 B Rl B A
SD-v1. 4 2 5 G A AR | BB A% 3 s kS D 22 X 3 43
LA AR A R g T o ikt R G A ik

P AS B 2o XA I 25 00 55 Sl iz A e 7 AR S

FE B S I 2R B0 1t 0 Kot A A= i ok P A
Fe—BU &0 T, S Gl SO 5511 2R3 & AE Uni-
versalFakeDetect . Genlmage 1 AIGI-Align il i £ I
BIAS w T 2 B R T i i BT
RE , 0] S 1) 9 0 US55 29 A BTSSR B8 K 44
e Jer, ATGI-Align 34 1 A48 T+ o B2, 3%
B S4B 2 i SO SR R e T SO0 550337 557 vh
HAERMEN . Wi, AR SO & HEae T A
AE fo] ST D T I Rl it T8 SO0 i A il e ok
TR ZZAE o

T S R S G SURE S I ik TR
ForenSynths 4L I i SR XMk & T2 019
PER il 2 E . 3X Al g2 HH T ForenSynths £ %
5 GAN il DeepFake 258 KR, HAR & IR0 3 A 5
ARSOHHE Y SD-v1. 4 7 TR Y ZR 800 A7 A6 22 57
PRI, S0 G SO 3l 25 500 AV AR — a2 7
JIT A A USRS AL b AR A, O 3 AR IR T
S5 5 T RE Uk I ) W ) 3 57 LA K3 s 1Y
ARG Y B B a7 b . AT ZE VI ZRBi B |
N SEA it SO 57 B B2 5 O AR A A B T i b
RGrI g %o v S22 S (RS, S Atk e S A DL I R, 5
AU AN G T A i AR AH G ) Dh it R 38 , DA T 2 7+
FLAE A0 AR B R A SO0 7R 5 50 T iz 4k
€1,

> N

4 &

AR S 58 ATGLAS I Hh 8 1 SC i L 1] 88T - B
It BUA KA bk = X B PRGSO i T 5 2 1) 4
RLETH S22 S 4 2 5 i LN -5 B bR 28
ZIEIE RS HE AR SRR, S ORI A5 A 12 151 LN
A D i SR AT 5 o Ry S fife ik — I, AR SCHY
T SON SE IR 5 3 A Bl 46 ATGI-Align, Jf: [l
SR SOA SERESE (T S0 UL R B A U T
RE I HEAT T 528 . 2045 R 3R, AIGI-Align AE@2
B i EL S PRBS Pl P15 22 8 9 56 B SO 5 7
JEE 1 583 T SCPN 2 22 S b ) i R i) R Y I
EE SCAR UL 73 A r, S8 o0 A 8 £ 18 S22 53 W) A
FR I 2 1 T A B v A P B, 3% B B A 4%
AR FH LD RS Z 1] T S22 S BEATHEAR 531 5
TE 5| ASEG G SO S IR BE i, 22 B0k I 2 7Y
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*8 1EH&IZi%E (origin) T AIGI-Align iK% R (ACC/AP, %)

Table 8 Detection results on AIGI-Align under the traditional training setting (origin) (ACC/AP, %)

A AR AY CNN-Spot-— UnivFD RINE AIDE Effort SAFE DFFreq  ForgeLens
Kolors 49.65/48.80 48.90/42.04 59.11/89.12° 79.39/93.98 53.16/75.19 99.14/99.87 94.19/99.08 69.49/82.49
Lumina—Image-2.0 56.05/66.15 51.84/60.78 68.79/95.90 85.97/96.54 65.14/91.47 99.18/99.91 94.91/99.56 85.64/94.57
Hunyuan-DiT 52.62/56.50 49.22/50.03 66.22/95.19 84.86/95.67 59.59/89.83 98.87/99.84 94.46/99.22 80.64/96.00
Stable Cascade 51.44/54.61 50.84/58.23 90.55/99.47 95.01/98.74 61.04/98.28 99.22/99.92 93.57/98.88 87.88/98.58
PixArt-a 51.47/56.04 51.06/59.96 70.39/96.70 75.35/91.97 59.69/91.47 98.84/99.82 92.89/98.52 80.61/93.15
Kandinsky 3.0 49.17/45.10 51.36/62.05 67.45/95.05 78.04/93.72 59.61/92.46 98.96/99.86 93.93/99.27 85.10/96.41
DeepFloyd IF 51.78/62.44 54.09/66.94 70.92/97.25 87.61/97.02 60.69/92.72 71.59/89.81 90.17/96.85 74.17/88.15
FLUX.1-schnell 49.64/45.34 49.51/46.55 56.40/88.76 77.79/93.16 52.39/78.55 99.19/99.93 94.21/99.20 70.74/83.19
SD-v1.4 50.81/57.54 48.87/43.21 77.52/98.15 83.46/94.71 65.24/94.13 99.02/99.82 94.50/99.36 90.89/98.19
SD-v1.5 51.14/58.17 48.86/43.61 78.14/98.17 84.18/94.98 64.76/94.31 98.98/99.83 94.49/99.33 90.40/98.21
SDXL 48.31/47.26 48.65/43.52 53.20/85.69 75.25/88.22 56.41/89.90 99.10/99.90 94.79/99.50 73.04/90.68
CogVideoX 51.78/53.79 49.66/50.66 53.91/88.94 73.54/90.75 66.18/95.53 96.94/99.37 88.98/96.43 96.51/98.98
Mean 51.15/54.31 50.24/52.30 67.72/94.03 - 81.70/94.12 60.33/90.32 96.59/98.99 93.42/98.77 82.09/93.22

T L SRR e e gt s
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Table 9 Detection results on AIGI-Align under the class—level prompt training setting (O+C) (ACC/AP, %)

A AR R CNN-Spot  UnivFD RINE AIDE Effort SAFE DFFreq ForgeLens
Kolors 60.75/79.28 79.85/89.66 88.81/99.59 83.37/97.90 78.96/98.28 99.57/99.79 97.04/99.63 81.38/95.42
Lumina-Tmage-2.0 56.40/73.19 83.14/92.10 87.13/99.63 88.84/98.87 89.71/99.70  99.66/99.81 98.26/99.81 93.89/99.58
Hunyuan—DiT 60.62/78.35 84.21/92.04 87.59/99.57 88.20/98.85 87.31/99.71 99.28/99.78 96.91/99.60 91.20/99.73
Stable Cascade 53.26/68.20 84.96/92.60 94.12/99.90- 98.69/99.92 98.52/100.00 99.80/99.78 97.29/99.74 97.79/99.99
PixArt—a 61.78/81.51 87.75/94.39 92.81/99.80 82.85/98.14 88.30/99.77 99.31/99.79 96.14/99.46 92.94/99.68
Kandinsky 3.0 54.17/66.98 84.66/92.56 87.03/99.61 84.75/98.51 93.88/99.93 99.72/99.81 96.95/99.64 96.62/99.95
DeepFloyd IF 54.75/76.58 86.27/93.60 78.92/99.31 89.00/99.14 63.85/97.62 64.61/93.65 91.28/98.66 70.51/95.46
FLUX.1-schnell  53.67/64.87 75.90/87.52 79.96/99.02 81.89/97.42 70.89/98.13 99.79/99.83 97.14/99.55 81.02/96.97
SD-v1.4 72.52/91.68 74.94/87.24 99.87/100.00  99.06/99.95 99.94/100.00 99.73/99.81 98.89/99.93 99.94/100.00
SD-v1.5 72.11/91.37 75.18/87.18 99.86/100.00. 99.11/99.96 99.89/100.00 99.74/99.81 98.85/99.92 99.92/100.00
SDXL 50.20/49.46 74.79/86.43 76.17/98.95 83.82/98.18 88.59/99.80 - 99.45/99.80 98.47/99.89 94.45/99.75
CogVideoX 68.84/86.20 78.36/88.48 94.33/99.86  87.49/98.63 99.04/100.00 98.73/99.74 90.37/98.31 99.87/100.00
Mean 59.92/75.64 80.84/90.32 88.88/99.60 88.92/98.79 88.24/99.41 96.62/99.28 96.47/99.51 91.63/98.88
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Table 10 Detection results on AIGI-Align under the instance-level semantic alignment training setting (O+A) (ACC/

AP, %)

A gAY CNN-Spot  UnivFD RINE AIDE Effort SAFE DFFreq Forgel.ens
Kolors 62.70/81.98 83.91/89.69 95.19/99.76 96.36/99.56  90.07/99.58  99.49/99.82 98.05/99.76 85.81/97.58
Lumina—Image—-2.0 56.36/75.30 86.47/92.54 94.24/99.71 97.50/99.70  96.06/99.89  99.32/99.88 98.72/99.87 96.54/99.75
Hunyuan—-DiT 61.04/78.40 87.59/92.82 95.34/99.79 96.93/99.71  93.45/99.89  99.38/99.85 94.97/99.42 94.81/99.79

Stable Cascade
PixArt-a
Kandinsky 3.0
DeepFloyd TF
FLUX.1-schnell

70.76/88.27 89.34/94.58 96.38/99.84 94.95/99.42
62.09/81.04 ~ 87.60/93.37 93.96/99.77 95.81/99.52
60.58/82.74 88.25/93.96 87.30/99.54 96.43/99.60
58.19/75.20 81.04/88.02 89.42/99.26 94.28/99.12

56.84/75.50 89.19/94.28 99.30/99.95 99.16/100.00 99.91/100.00 99.60/99.85 97.21/99.66 99.84/99.99

94.77/99.85  99.38/99.82 97.89/99.74 95.61/99.81

99.22/99.99  99.45/99.82 97.62/99.73 98.36/99.95
70.99/98.54 68.51/90.55 91.76/98.88 75.44/97.31

83.23/99.31  99.51/99.89 98.15/99.76 82.68/97.14

SD-v1.4 88.33/97.16 79.74/87.41 99.84/99.95 98.77/99.94  99.96/100.00 99.48/99.85 99.09/99.93 99.93/100.00
SD-v1.5 87.31/96.88 79.41/87.40 99.86/99.95 98.91/99.96  99.96/100.00 99.46/99.87 99.06/99.93 99.93/100.00
SDXL 50.79/51.38 82.59/88.87 88.81/99.45 95.11/98.47 93.67/99.90 99.31/99.81 98.55/99.87 96.33/99.82
CogVideoX 76.33/91.91 82.53/89.09 97.76/99.87 94.75/99.33  99.55/99.99  98.71/99.65 93.89/99.16 99.89/99.99
Mean 65.94/81.31 84.81/91.00 94.78/99.74 96.58/99.53  93.40/99.74 96.80/99.06 97.08/99.64 93.76/99.26

T L R R S LA R

F11 YIGEEEHERA 2T (ACC/AP, %)

Table 11 Overall performance comparison of training data control ablation (ACC/AP, %)

ilime S fRGNGRBE R SEMNGAR RN R S gl SO ST g & AC AA
ForenSynths 89.79/96.05 90.15/96.85 89.77/96.30 +0.36/+0.80  —0.38/-0.55
UniversalFakeDetect 87.55/94.59 87.86/94.61 89.48/95.46 +0.31/+0.02  +1.62/+0.85
Genlmage 78.04/88.64 83.39/93.61 86.14/94.05 +5.35/+4.97  +2.75/+0.44
AIGI-Align 72.91/84.51 86.44/95.18 90.39/96.16 +13.53/+10.67  +3.95/+0.98
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