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Benchmark dataset and framework for continual AI-generated image detection
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Abstract: Objective The rapid evolution of artificial intelligence-generated content (AIGC) , particularly text-to-image
models such as Stable Diffusion, Midjourney, and DALL-E, presents a dual-use dilemma. While enabling unprecedented
creative applications, the proliferation of hyper-realistic Al-generated images poses severe societal risks, including the
spread of disinformation, sophisticated fraud, and intellectual property infringement. This dynamic environment under-

scores the urgent need for robust and reliable detection technologies. However, conventional detection methods, which rely
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on offline training, are fundamentally ill-equipped for this dynamic environment. The “train-once, deploy-forever” para-
digm causes them to fail when faced with the ceaseless emergence of novel generative models, leading to a swift decay in
performance. This critical limitation highlights the need for a more adaptive approach. Continual learning (CL) , a para-
digm designed to enable models to learn sequentially from a continuous data stream while mitigating “catastrophic forget-
ting, " offers a promising solution. Yet, its application to the diverse and fast-paced domain of modern AIGC detection is
hindered by two significant, unaddressed gaps. First, there is a conspicuous absence of a specialized, large-scale bench-
mark for systematically evaluating continual AIGC detection methods. Second, and more critically, a unique real-world
data constraint creates a novel and formidable learning challenge. This constraint arises because new generative models
(positive samples) are often released and become accessible, while their corresponding, high-quality real training images
(negative samples) remain proprietary and unavailable. This condition leads to a novel “mixed dual- and single-class”
incremental learning problem: Initial learning tasks may possess both positive and negative samples, but subsequent tasks
are often restricted to positive samples only. This scenario fundamentally violates the core assumptions of most existing CL
algorithms, rendering them ineffective. To address these profound challenges, this study establishes a foundational method-
ology for the continual detection of Al-generated images. Our primary objective is to construct a comprehensive benchmark
and a robust framework capable of dynamically adapting to an ever-expanding stream of generative models, particularly
under these realistic and challenging data constraints. Method First, we introduce and release a continual Al-generated
image detection (CAID) benchmark, the first large-scale dataset specifically tailored for this task. It contains high-quality
images from five state-of-the-art generative models (Stable Diffusion v1.5, DALL-E 2, Imagen, Midjourney, and Parti)
and corresponding real images, organized into a sequential task stream to simulate the real-world emergence of new AIGC
technologies. Upon this benchmark, we formally define the CAID problem, which requires a model not only to perform
binary classification (real vs. fake) but also to achieve multiclass source attribution (i. e. , identifying the specific genera-
tor model) , a task crucial for “copyright identification”. To standardize evaluation, we design three benchmarks with
increasing difficulty based on data replay constraints. Scenario 1 (full replay) : a lenient setting where a small buffer of his-
torical positive (fake) and negative (real) samples can be replayed. Scenario 2 (negative-only replay) : a more practical
setting where only historical negative samples can be replayed, reflecting IP or privacy restrictions. Scenario 3 (no replay) :
the most stringent setting, completely forbidding access to any past samples and forcing the model to learn incrementally
from single-class data. Then, we propose tailored solutions for these scenarios. For Scenarios 1 and 2, we adapt existing CL.
methods using a “negative sample sharing” mechanism. This solution ensures that a small set of real images from the initial
task is consistently available, providing the necessary negative class information to stabilize training and prevent the failure
of standard loss functions. For the most severe no-replay scenario (Scenario 3), in which our experiments find that existing
methods catastrophically fail, we propose a novel universal conversion framework. This framework is engineered to rescue
failing methods by systematically addressing the core breakdown points of loss function invalidation, severe classifier out-
put bias, and feature representation drift. We integrate three synergistic components to achieve this objective. First, we
use knowledge distillation (KD), in which the model from the previous task acts as a “teacher” to guide the current model
preserving knowledge of past classes by matching its output logits. Second, we use a cosine-normalized classifier to replace
the standard linear layer through cosine normalization (CN), which calibrates output logits across all tasks to mitigate bias.
Finally, the framework utilizes prompt tuning (PT) by freezing the pretrained vision transformer backbone and training only
a small set of learnable “prompt” parameters. This parameter-efficient approach drastically reduces overfitting on new
single-class data and preserves the integrity of the learned feature space. Result Our extensive experiments on the CAID
benchmark validate the efficacy of our methodology. In Scenarios 1 and 2, adapted CL methods like FOSTER and S-
Prompts perform well, confirming the value of replaying historical data. The most compelling results emerge from Scenario
3. Standard replay-free methods (LwF, EWC, and S-Prompts) completely collapse, with their average accuracy (AA)
dropping to random-guess levels (~50%) , and suffer from extreme catastrophic forgetting. The application of our universal
conversion framework resurrects these methods. Their AA surges dramatically to 65%, and, critically, catastrophic forget-
ting is largely eliminated, with AF scores dropping to near-zero levels. This finding provides unequivocal evidence that our

framework successfully navigates the extreme challenges of no-replay, single-class incremental learning. An in-depth abla-
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tion study confirms that all three components (KD, CN, and PT) are indispensable and work synergistically to achieve this
remarkable performance recovery. Furthermore, t-SNE visualizations verify that our framework significantly reduces fea-
ture drift, while frequency spectrum analysis highlights the inherent difficulty of the CAID dataset in comparison with tradi-
tional deepfakes, justifying the need for our approach. Conclusion This study makes a foundational contribution to the criti-
cal and burgeoning field of AIGC detection. We have constructed and released the first large-scale benchmark for CAID,
formally defined the problem, and identified the novel and practical “mixed dual- and single-class” learning challenge.
Our proposed solutions, particularly the innovative universal conversion framework , provide a robust and effective strategy
for developing adaptive detection systems, demonstrating how to maintain performance even under the most stringent real-
world data constraints. By open-sourcing our dataset and code, we aim to provide a solid foundation and catalyze future
research in this vital area. Ultimately, our findings offer significant methodological support for building the next generation
of future-proof detection systems capable of keeping pace with the relentless evolution of Al generation technologies.
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Fig. 1 Examples for continual learning Al-generated image detection benchmark dataset
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IVFHIEFR R B I . AU FH B2 i 3 1
B X A8 A (B 7 280 #EA T RO I, SRR B
XY R 55 B 7 R b A . X B B R
AE 2 b B Al 1) Y W20, 40 3 LT A 2 5] (f 4
O 2% 2 BRI R WS A1) 3z AL RE 7, It S xfeE
WG ARSI R, QAR 20 Hb A R 25 WIPLE 2 Tk
JRIRE 22 | Syt I TA X A EE IE AL, FE A R
HASCRMELURIE

R RGN EIRTETC R N AR A
TC 11Ty vk ) e ), A SR T — i e
MESE, QI 2 FiR o IZHESR B FEE 3 3 FhOCHER,
LR, R I 0 T BT8R A T oy P s, DAAE

W ES . XS T EEIRAE JE TS O A, 52 HAERE I 4 T FLAEAR i 24 BT e
Lep Le B L, L W L., Le
r v I— r \ 4 I— r 1‘ 14 —
it
~ \NEEEE Lone [(TTT1] EEEEN
TRELEE REEE TREEE
] “resmrkss [ 1] #&sz11—k N & FRREA (PT)
(a) LWF + 2371k (b) EWC + A3 J5ik (c) S—Prompts + A3 F7 1%

P2 AR S0 P AE 2R B IR
Fig. 2 Overview of the proposed method ( (a)LwF+ours; (b)EWC+ours; (¢)S-Prompts+ours)

1) R Z5 18 52 K (knowledge distillation, KD) o
% LwF (Li Fil Hoiem , 2018) (i 2.0 JEAEL, 5T A KIHR
MBI R B, a0 (1), 9 ) 24 2y ) BRI ASALL |-
— [ BB Ay g R AR . S O R BRI 1A AL
AR

_ i exp (v,/7) g(kexp(zi/’r) ) (1)
IEeXp (v,/T) Zexp(z/r)
K, v e EUR x B TH B BOA B , 2, A2 > i A5

T, 7 IR R C R

2) 4= 5% 3 — AL AL (cosine normalization, CN) o
R A 32U — 405 2528 (Hou 55, 2019) B AR A HE LR
PR3 o 38 L XRHRRAE [a] 5 Ao R AR AR $E AT L,
TR — AL HE K i 11 2 AR A R R AE (-1, 1]

DX E] PN, DA T A HEAS [ 20283k 1) B L1 0 8, A R % 1t
Ay as i A el AN
w ' f(%)
x) = (2)
#lxl= (wu ) [l )

U f (o) J2 BB B 1 19 26 CETEZR 45 B ViT) MU
AN VEE x v B B o 4R 5 AIE 1) B (PR AR AR A 5
W I3 28 2 AT AR , Py s> 2I001) 4 X 17 FRg A o 1]
WD @ (o) SEAR B A 24 1 1932 4R (log-
its) [A] £ o

TEFRFSE 2 I HESE T AU FE B W o sl 4545
F8 « 2927 ) BTAE 55 I, 23 Dy 2 001 8 X o8 o 40
U AT A AR o) i R R Wb

3) 42 755 4 8% g (prompt tuning, PT) . fif 48 fi%
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SHIFFE R (Wang 55 ,2022¢,d) , 2R FHHR 7R 3L R
BAUE G BB Iy 2. ARSI RS 1011 5k
B (N VAT) B AR, AR Sy A S /b ) 2
AR SEE TSR . N T AR R X,
Fek VIT IR AJZAE B — AR T (patch) iz A7)
eylo FEARTAIENE SN E SL—dnf 5
AW SRS SEP, 0 =[P par o p, ] H
LR BORKE, B R0 S 80p, 4 E 5
A e MY 4ERE AR o 7EH IR AFERE A Transformer
St Z 0T, X AR S80S 5 EUR R A TH AT
GITETF IV AERE E AT BRI I — D47 R J5 1 0
NIFH Z,, B

Epalch = [el’ €5 "%y

Zy =[P E ] (3)

[ IR P SN DA

TEJ5 SE R FrEE 7 B B, BB ) T R 28 24
REFSE AR, FA IR H 8 1 B A 4R
ZHLP,, 23 0 B B B 1) A 43 AT ST . XML
7 BRI TR~ T 3B AR IR A S5 1]
TSN, BT R T X IHATE 55 FRIE 7R 1 IR
e 32 LN S (1 (= W | P i S v SN L i

U 2 s, K i FAE 2R 0 T 22 Fh iR o
[B] ik 77 3% , AL 4% LwF . EWC (elastic weight consolida-
tion) Fl S-Prompts %5 . ELARHE4 B 45 - 1 58 B
Y 3 O 28 5 4 g LT VAT BY S 7 BIOR 25 48 5
U, B SRR 52k O AR % A — A 7 e s i
TE AR R R 5 AR ZR AR I Ly

3 XWEERSW

AT B AR A — BRI, VA H TR e
JrETE T B AR ERVERE . TRAI LR
IR 3FOR R RRLE 2 2] 7 5T A R AT IRA
3 HT [ g3 3 Y o S5 556 56 0E BT 88 G B HOR 1 A 8%
£, IF i T AT Bt — 2D s AR B AT O 5 B
R
3.1 XeAE

ARSCIRGIEAL T 2R Se it iR S 2] 7 A Ay
SLfhiE AT 55 ErgPERE . X TR ME R 1, kR
28 S HE T IR $5 22~ J5 3%, U iCaRL (Rebulfi
%, 2017) . BiC (Wu 5%, 2019) . Gradient Episodic
Memory (GEM) (Lopez—Paz F1 Ranzato, 2017) . Coil

(Zhou %, 2021) Lk 2 Foster(Wang 55 ,2022a) . X} T
SEE Y e 2 Mg s 3, R A T Ml Ry O vk L
LwF (Li Fil Hoiem,2018) \EWC (Kirkpatrick 55 ,2017)
F1S-Prompts (Wang %5 ,2022b) . iR ik 4%r
X AT 55 {6l T 44 L %) SR oA
3.2 ZHAT

RS 25 56 F PyTorch HEZE , f ] NVIDIA
RTX 3090 GPU #E47 . BRARFEMVEHA , AR B+ R 2%
K T ImageNet b Il 25 ViT-B/16, 45 %) L7k
PG R IR S AL D B S EOE . X T VITE T
W 2% | G5 —1fdi 2% 21 %2.0. 001, Y125 104> epoch., Xf
TR T HARHER A I R 27 2 320, 1, 125301
epoch, LLIE W 7R 00 o A4k 2% s 30 & 19 SGD
(stochastic gradient descent) (momentum = 0.9), fid &
ARELIR I 2] SR LM o HIPZE IR B 2K 6] Lwk,
AL RNy 128 K 48 i AAd P AR R A
AT R 224 x 22413 K PR B FIBEHLE Y .
3.3 RN

F2 IR T TR Y 3 B S I g KA
Ik BRI TE W B R T AR5 ) Jr ik
TERL XS CAID PRSI PR RE 22 570 R 2 AMUEL S T
2 IU7 122 19 mAP (- B85 B2 B ) i CA (B &t s
FOVERLRGTEIR, IETEA S L T B T7ER I Stable
Diffusion . DALL-E 2 | Imagen . Midjourney 1 Parti X
5 Tl [ BTG AR U R 25 Y AA (P X 0 32
T

TE 20 o d5 DAy v P 1) L v 3 55 1, B AR 3/ [l i
AR AR B AR AR BT VIT B T M4
Foster J5 ¥5 e I th e FE M 25 B PERE . Tk & 7
1 000 FEAS A /2 500 FEA [ ZZ pp IX I E T, Foster 3
7E AA FICA F455E , 1 AN AE 1 000 A A 25 ifrsf 43 5]
IRFNT5. 57% F160. 27%. 3% 7 FURRE RS 5t AL 4
TG G REA A G R A A it s . HHALZ T,
Coil (Zhou 55, 2021) A5 HAt J5 v& R UM b — 5 . 2%
X /N 25 T BUTT A T 2 PERE T [ L 1H Fos-
ter E/‘J*HXUWE%?% [/\l{%?# o

X TR e 2, PRI B O, DR O AR YA g
[l i FE Al B B ) FLSE SRR A . FERL SRR L BT
ViT i S-Prompts 7 BT H, 7E 1 000 FEAR S oh T
HUS T Hm i AA(67.90%) o JE R 58 H B2 AR AR
(S 3 3 5 (AF: -2.77%) , iE T LwF
(~18.08%) Al EWC(-16.00%) , % 4 3l T H AR R 2
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AL B A AL B A, D XHH AR T, 22
i X8 2 500 i, S-Prompts 1 AE 1 4% T FEAEATI {4 45
SiSe. LRSS 1, R 2 R RE Y
RERAVK Y35 BT L8 7 1 [0 s A AR T A R A A

RERYICBENE I o VIT B T FI SRR A I S 58 A e B

PRIAE R TR BUS B A R A 2 K
HEY) 53T F TR I g, e AR IR AT

TREAR [T o AR S 26 176 T, AR 2 e ) It T

x2 WEFIFEEAHES LAERE

Table 2 Performance comparison of incremental learning methods on the proposed dataset

/%

BE g 7k StableDiff DALL-E2 Imagen Midjourney Parti ~ AA AF mAP  CA
iCaRL 70.32 73.02 78.41 7029 6842 72.09 -6.80 89.46 56.05
BiC 72.54 78.04 79.55 7296 7032 74.68 -5.48 90.37 53.09
1000 GEM 66.35 70.11 84.09 82.75 67.11 7408 -8.99 8530 57.43
Coil 70.57 78.57 86.36 75.95 64.47 75.18 -5.81 90.08 56.97
e Foster 72.40 76.46 81.82 73.48 73.68 7557 =573 91.15 60.27
. iCaRL 66.30 69.05 76.14 68.77 6579 69.21 -7.78 88.83 55.02
BiC 69.75 68.78 73.86 7072 71.05 70.83 -7.47 88.85 43.85
500 GEM 58.79 60.05 72.73 6274  60.53 62.97 -16.85 52.43 24.76
Coil 72.73 75.40 75.23 65.43 6579 70.92 -5.80 89.69 46.18
Foster 68.05 68.52 81.82 68.16  69.74 7126 -7.18 89.28 48.05
LwF 52.81 55.82 64.77 51.89  67.11 5848 -18.08 87.14 62.94
EWC 60.78 62.17 77.27 64.35 59.21 64.76 -16.00 78.18 38.09
S-Prompts 57.61 67.72 76.14 7091 67.11 67.90 -2.77 75.63 48.76
Lo LwF + A5 54.58 50.79 61.36 73.67 57.89 59.66 -16.67 89.99 59.66
EWC + A3k 67.67 60.05 79.55 66.44 7632 70.01 -18.62 78.16 54.96
PR S-Prompts + AL 57.28 61.90  “77.27 71.01 69.74 67.46 -3.14 91.02 68.99
LwF 50.52 55.03 54.55 59.65 61.84 5632 -25.19 7232 52.54
EWC 57.14 65.87 69.32 67.06  53.95 62.67 -19.74 67.14 36.27
S-Prompts 55.67 64.29 72.73 61.55 67.11 64.27 -5.80 73.67 37.53
0 LwF + A 3052 67.25 53.17 67.05 8536  63.16 67.20 -8.74 86.36 58.83
EWC + A 305k 75.66 63.23 72.95 74.90 61.58 69.66 -10.96 84.90 54.28
S-Prompts + AL /7L 58.22 58.73 75.00 6740  69.74 6582 -4.33 8598 66.75
LwF 51.32 51.06 51.14 51.19 5132 5121 -11.70 51.24 28.19
EWC 51.01 50.06 51.14 51.19 4932 5054 -11.65 63.77 23.54
S-Prompts 49.72 48.94 48.86 48.81 48.68 49.01 -11.04 60.32 39.20
Y53 0
LwF + A 3052 84.74 50.79 60.23 73.91 56.58 65.25 -0.66 87.70 56.99
EWC + A3k 87.57 49.21 70.45 63.83 61.84 66.58 -0.43 83.32 51.39
S-Prompts + KTk 95.65 48.41 57.95 69.49  52.63 64.83 -0.21 87.18 68.52
ViT-FT 96.08 88.36 89.77 95.44 86.84 9130 G 99.20 94.35
R 7o
ViT-PT 93.48 81.22 77.27 93.39 86.84 8644 K 98.92 90.15

T L 7 SRR P B PR AR
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(W7 ) 5, 40 LwF . EWC FT S-Prompts, JL-F 58 42 %
o EATHEEIR IR 22 (AA ) BILE 50% 2247 (FH
YT REHLAS ) , mAP H1 CA FE PRI AL, Hoist RE %
JUE (AR 29-11%) o XA JTHBERE T A SC 2 i ) )
W« 7 3 2 B BN BB R AR HLICATAR] R n]
i, 330 S Ty ok 2 DRI 2 pR R A% 43 288 S Hi o Al 2
FEAEF s AL AR I I i3 05t o R TAT, W FH T AR S 42
H B AR AR HE SR (B R+ A SO ) Ja |, Jmy il & A
TR AL AR o B, S dE S B LwF 1 AA A
51.21% 42 7+ & 65.25%, EWC M 50. 54% & T+ =
66. 58%, S-Prompts M 49. 01% £ T+ 2 64. 83%, A X}
PETF IR B ¥ 78 20%~30% LA b A AR H 2,
L 5 Y 7 VA AT AR R B (AF) R I L
Wk T E (W, LwF o -0.66%, EWC K
-0. 43%, S-Prompts H-0. 21%) , JL 18t 5L AE 1t |
N5 T k. X TRk A SCEs 6 T 4
AN (PT) A% 3% 3 —1k (CN) AR 2518 (KD) Y
HEZR BB A A5 IR R 7R RS HE 3 i i o 9 )
FH 7 st 038, DT 2 [ 50 A A i 240 SR ok 2 52 3R
TR RS R S]  BE B BT TR AA
e be b RO T R MEY 2 Ok, R TIXAE
BRGR R PR BRI S FBLI S RE ) o

BoJa BT FRgt ) g5 RS BA I 4 At
TTEER, Ja H AR T HARE S 251 T i e AR 1 e
B F VIT (9 58 4 8008 (VIT-FT) 35 8 T fi¢ & 1 AA
(91.30%) .mAP(99. 20%) F1 CA (94. 35%) , i & 1l
THAN B E . VIT 4R I8 (VIT-PT) 2R Bt AH Y
W UER T . SR RS S ik S EG
Y2 b Z [ AAAE ) b 2 PR R 22 1, T i b 2 W 7
By N Es H IR Z R s S e, 508
RN 2 I o Ak S N P AT AR R — T SR Bk AR
(AT 5E R
3.4 HEhRIE

H T R GEEHVEAG R 8 R AE S A
KU L - FR R (KD) LAY 5%IH—AE (CN) F R
T (PT) B4 57 BTk B L2 A 3801 B0 5™ Y
TeM g S AT T — RINHASE R . L R angk 3
Fim o

S e T HAAEN, RIS R AT AT KD |
CN 5% PT 41 {1 O TE 8, A AT e 2 o . HLPE g
FEIMHAAE SRR R (AA) U 50. 01%,
F2 30 B AL 7K ST () B i o 7™ B ) ¢ X 3t s

x3 FRIEREERBEMIR
Table 3 Ablation experiments on the main modules of
the proposed framework
1%

KD CN PT AA AF
- - - 50.01 -14.53
N - - 51.21 -11.70
- N - 51.20 -12.20
- - N 51.74 -11.01
N N - 59.43 -5.17
- N N 58.20 -5.53
- N 57.83 -9.12
N N N 65.25 -0.66

W N FIRRAL - ER AR

P38 T30 AF M —14. 53%) o 3% — 45 5L 375 I b 56
E T 2R SC2Z 1B T - 7 T8 R A AR s A AR A
T3 B MEAA 852 2 -2 T i M RE T 15t

B VAL T BB AR A RO . TCie
SEEPR B AR ZE M (KD) A2 3% I3 — 4k (CN) I8 &
PEARTPIPE (PT) AT 2R B AR R T /N 1 RE
FETF(AA 23 4R T2 51. 21%.51. 20% F151. 74%) ,
{H 2 35 W R A B, L 38t i m) A8 (AF TS 7 -11%~
—12% X DARIR AR H 8 . X R, A4S B 2 A
AT REEF X MG T T L B R I A R ]
(4 KD $2t2= > (55, CN K iy i, PT sk 20 15 42
B AH AW Y 7 S I AR i35 T I ) 22
& RSN PRAR

PE— 2 i, % 88T T R AL X B 2 Y R T
B KD 5 CN 454 (AA: 59.43%, AF: -5.17%) .CN
5PT454 (AA: 58.20%, AF: -5.53%) 1% KD 5 PT
454 (AA: 57.83%, AF: —9. 12%) , S REM L3 L o
20 R R PR R ek, U R TR SR S T T
(AF 5 B FEAL E 5% ~-9% B X 8] ) o 3% 77 Hi i
BT 3k e R 20 A 22 ) A AE R A I R 2500, A7)
[ 2 B REAS TH A A5 Hb I G 375 3 1 4 2% TR 35k

e, SRl 4R A 3 MZ 044 (KD + CN +
PT) B}, 1538 T AR PERE R I . 1% 50 B HE SL T 1
U T fi e WS- EAG T ER R (AA . 65.25%) , HHER
TRLETHE L 15%., T A CHEHYE, EILT %S
THBE T JOMEE B, S0 T 23 TR N T 8 s
(AF: 0. 66%) o X —25 FA{UAE W 5 1 g i T
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kg YRR AR 56 I A ST i 8 AE 2R X 1R E 1Y $2
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FEP IR , AT B T4 B R RS e MR RE

AN, T BB M B A EaR AR P AL Y AT TR
PRI R S ARSI XE B2 A ST 515 G Deep-
fake MR IEAT T X5 LE 20 A o 1) P 85 1R L I 28 48
(discrete Fourier transform, DFT) {135 3Fn] # 4L T 4%
R A R H AR | 45 R TR 4 PR
I PTE R MR R T — IR AR AR AR

8 AT PRTAR 0 L 52 Y PR AR A 3 00 2 R i oy 2
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A 553 B DALL-E 2 m Parti
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Fig. 3 t-SNE visualization of incremental feature space for
different methods( (a) LwF; (b)EWC; (¢)S-Prompts;
(d)LwF+ours; (e )EWC+ours; () S-Prompts+ours )

(d) LWF + A&J57% () S-Prompts + 48 J7i%:

= 5 FIFAS ] +-SNE v fl Ak

TER G V] A 42 B 3 HL 5 T ) R I P A =X
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Fig. 4 Visualization of average frequency spectra for different image generators
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