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Abstract. The rapid progress of generative models has intensified the
need for reliable and robust detection under real-world conditions. How-
ever, existing detectors often overfit to generator-specific artifacts and
remain highly sensitive to real-world degradations. As generative archi-
tectures evolve and images undergo multi-round cross-platform shar-
ing and post-processing (chain degradations), these artifact cues be-
come obsolete and harder to detect. To address this, we propose Real-
centric Envelope Modeling (REM), a new paradigm that shifts de-
tection from learning generator artifacts to modeling the robust distribu-
tion of real images. REM introduces feature-level perturbations in self-
reconstruction to generate near-real samples, and employs an envelope
estimator with cross-domain consistency to learn a boundary enclosing
the real image manifold. We further build RealChain, a comprehensive
benchmark covering both open-source and commercial generators with
simulated real-world degradation. REM achieves an average improve-
ment of 6.9% over state-of-the-art (SOTA) methods across 12 bench-
mark evaluations. Notably, it maintains exceptional generalization on the
severely degraded RealChain benchmark, outperforming existing meth-
ods by 18.4%. These results establish a solid foundation for reliable syn-
thetic image detection under challenging real-world conditions. The code
and datasets are available at https://github.com/handsome-rich/REM.
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1 Introduction

The rapid progress of generative models has greatly enhanced the realism of syn-
thesized images, driving their widespread use in digital content creation [1}3}34]
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. However, this also raises increasing concerns about visual content authentic-
1ty ..... Thus, reliably detecting Al-generated images (AIGI) under

real-world conditions has become an urgent challenge @@.....

Existing detectors follow a generative artifact—driven paradigm [13
. These detectors simplify the synthetic image space into a ﬁnite
set, attempting to learn semantic or pixel-level forgery cues (artifacts) from
older generators, while assuming images maintain uniform quality during train-
ing and inference. However, as shown in Fig. [1] their effectiveness drops sharply
under real-world conditions, due to two limitations: (i) they overfit to generator-
specific patterns and struggle to generalize to unseen forgery types; and (ii) their
reliance on subtle cues makes them vulnerable to real-world perturbations.

In practice, the synthetic image distribution continuously evolves as new ar-
chitectures and sampling strategies emerge, gradually approaching the real distri-
bution (see Fig. (a) and Fig. . Therefore, detectors relying on past-generator
artifacts often fail on future, more realistic images. Moreover, nearly all images
undergo multi-round propagation and post-processing across platforms and de-
vices. As shown in Fig.[[(b) and Fig. 3] such chained processing further weakens
forgery cues, making real and synthetic images even harder to distinguish.

Based on these observations, we argue that the artifact-driven paradigm faces
fundamental limitations. In contrast, the real image distribution is constrained
by physical imaging principles and device characteristics, making it inherently
stable and learnable . To achieve robust detection under com-
plex real-world conditions, it is crucial to explicitly model the real
distribution itself, thereby ensuring consistent, transferable, and sta-
ble decision boundaries across diverse quality domains.

To this end, we pro-
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Fig.1: Challenges of AIGI detection. (a) Gener-
ator Evolution: Emerging generators (e.g., Diffusion,
Autoregressive) increasingly mimic real image man-
ifolds, making old decision boundaries obsolete. (b)
Chain Degradations: Real-world factors like multi-
round compression and post-processing (filters, stick-
ers) destroy detector-relied artifacts.
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Fig. 2: Challenges of Generator Evolutions. New generators continually emerge
with evolving architectures and sampling strategies, causing the feature discrepancy
between real and fake images to diminish over time. Detectors trained on obsolete
generators overfit to seen artifacts and fail to generalize to new ones, highlighting the
need for a real-centric modeling paradigm.

distribution. An Envelope Estimator then explicitly models this boundary in
feature space, and a Cross-Domain Consistency constraint ensures its stabil-
ity under real-world degradations. Together, these components greatly enhance
robustness and generalization to unseen generators.

REM performed exceptionally well across all benchmark tests, achieving an
average accuracy 6.5% higher than the state-of-the-art (SOTA) model on 6 ideal
benchmarks and an average accuracy 5.9% higher on 5 in-the-wild benchmarks.

Furthermore, existing detection benchmarks remain confined to idealized set-
tings and lack coverage of real-world propagation scenarios. To address this lim-
itation, we construct a new dataset named RealChain, which collects images
generated by the most advanced and widely used commercial and open-source
models, and systematically simulates multi-round cross-platform and cross-device
propagation as well as user post-processing (chain degradations). REM still ex-
hibits strong robustness on the RealChain benchmark, outperforming SOTA
methods by 18.4%.

Our main contributions are summarized as follows:

— We design the Real-centric Envelope Modeling (REM) framework, which re-
lies on real distribution boundary for more reliable discrimination, providing
a new perspective for AIGI detection.

— We construct the RealChain dataset covering state-of-the-art generators and
chain degradations, enabling evaluation of detection performance under re-
alistic conditions.

— Experiments on 12 benchmarks show that REM significantly outperforms
existing methods under both degraded and unseen-generator settings.
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Fig. 3: Challenges of Chain Degradations. As the propagation chain length in-
creases, multi-stage compression and processing progressively suppress generative ar-
tifacts, leading to reduced separability between real and fake samples in the frequency
domain. This explains the sharp performance drop of artifact-driven detectors (e.g.,
high-frequency artifacts) in real-world conditions.

2 Related Work

Artifact-driven AIGI Detection. Early methods for Al-generated image
(AIGI) detection rely on identifying generator-specific artifacts. CNNSpot [48]
first demonstrates that a simple CNN classifier can effectively distinguish syn-
thetic images from known generators but fails to generalize to unseen ones. To en-
hance cross-generator generalization, UnivFD [36] employs a CLIP-based back-
bone, leveraging large-scale pretraining for better distinguishing forgery types.
FatFormer [31] and C2P-CLIP [45] further optimize CLIP-based detectors by
incorporating textual guidance to refine the representation space. NPR [44] fo-
cuses on upsampling artifacts introduced by generative models, while SAFE [24]
exploits frequency inconsistencies as discriminative cues. AIDE [54] integrates
both frequency and semantic signals to improve detection performance.
Although artifact-driven detectors achieve high accuracy under controlled
settings, they are easily influenced by non-causal low-level cues such as image
format and resolution. As a result, their performance drops significantly in real-
world scenarios where such artifacts are suppressed or when facing more realistic
generated images. These limitations expose the inherent fragility of the artifact-
driven paradigm.
Dataset Alignment AIGI Detection. A recent line of research aims to mit-
igate evaluation bias by aligning real and generated data. Fakelnversion [7] in-
troduces a bias-reduced benchmark by matching real and fake samples in both
content and style. SemGIR [58] and DRCT [8| achieve semantic-level alignment
through reconstruction or diffusion inversion, while B-Free [17] and Aligned-
Forensics [38] use inpainting-based or VAE reconstruction to reduce dataset bias.
DDA [10] further enforces format consistency to prevent shortcut learning.
These methods show strong generalization improvements, commonly attributed
to better semantic alignment and reduced bias. However, we observe that their
success stems from capturing the structure of the real image distribution rather
than strict pixel-level alignment. In our experiments (see Appendix), deliber-
ately relaxing image correspondence, either by disabling pixel-level alignment or
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introducing mixed augmentations, not only does not harm performance but can
even improve it. This suggests that the advantage of dataset alignment
may originate from modeling the real distribution boundary through
slight perturbations to the image manifold during the alignment pro-
cess. Based on this, we propose the Real-centric Envelope Modeling (REM)
framework, which explicitly models the boundary of the real distribution.

3 Method

3.1 Motivation

Challenges of Generator Evolution. The generative landscape itself is open
and evolving. Existing methods assume that synthetic samples from different
generators share common discriminative forgery cues. However, as new architec-
tures and sampling strategies continually emerge, the learned artifacts quickly
become obsolete, while detectors tend to overfit generator-specific biases. Let
&(z,) and ¢(xs) denote feature embeddings of real and synthetic images, re-
spectively. For a given generator g, the feature discrepancy is defined as:

dg = [[Ee, [¢(2r)] = Eapnglo(zs)] 2 (1)

During training, detectors rely on large d, values from known generators Girqin.
However, for an unseen generator g’ ¢ Girqin, the discrepancy dy often decrease,
making its outputs nearly indistinguishable from real images (see Fig. 2| (a)).
Challenges of Chain Degradations. Existing artifact-driven detectors are
typically designed under high-quality settings, assuming that the input image
x has not undergone significant degradation. However, in real environments,
images are subject to chain degradations, which can be formalized as: z(*) =
Ty oTy_10---0Ti(x), where {T;}%_| represent real-world degradation operators
such as compression, filters, digital stickers, etc. As the chain length k increases,
the low-level statistics of samples are also changed. The separability between
real and synthetic images can be quantified by their frequency discrepancy:

Af® = ||F@®) - P2, (2)

where F(-) denotes the frequency spectrum. As k grows, Af*) gradually de-
creases, indicating that real and synthetic images become increasingly indis-
tinguishable in the high-frequency domain, as shown in Fig. 8] Consequently,
artifact-driven detectors show severe performance degradation when exposed to
real-world data.

Artifact-driven detectors have raised concerns about their ability to detect
future generators and real-world chain degradations. To achieve robust detec-
tion, as shown in Fig. [ we propose the Real-centric Envelope Modeling
(REM) framework, which anchors detection to the real distribution through
three modules: Manifold Boundary Reconstruction for generating near-real sam-
ples via feature-level perturbations, Envelope Estimator for boundary learning,
and Cross-Domain Consistency for maintaining stability under degradations.
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Fig. 4: Overview of the Real-centric Envelope Modeling (REM) framework.
REM consists of three key components: (1) Manifold Boundary Reconstruction (MBR)
generates diverse near-real samples by applying feature-level perturbations to self-
reconstructed inputs; (2) Envelope Estimator (EE) then learns a compact and smooth
boundary that tightly encloses the real distribution by separating real samples from
the MBR generated near-real ones in feature space; and (3) Cross-domain consistency
(CDC) further enforces stability of this boundary under various degradations, ensuring
that the learned envelope remains consistent across domains.

3.2 Manifold Boundary Reconstruction (MBR)

The distribution of generated images is open and rapidly evolving, which makes
artifact-based detectors trained on limited generators difficult to generalize. In
contrast, the distribution of real images is governed by physical imaging laws
and device constraints, making it relatively stable and learnable. Building on
this observation, we aim to model the boundary of the real manifold rather
than relying on generator-specific artifacts. To achieve this, we reconstruct near-
real samples around the real distribution and train the model to distinguish
them from real samples. This process encourages detector to learn a smooth and
discriminative envelope that tightly surrounds the real data distribution.

To ensure that the reconstructed samples provide sufficient coverage of the
real manifold, we introduce a feature-level perturbation strategy within a varia-
tional autoencoder (VAE). Specifically, we inject controlled Gaussian noise into
randomly selected latent dimensions, allowing the decoder to generate samples
that remain visually realistic but deviate slightly from the real manifold in mul-
tiple directions. Given a real sample x,, its latent representation is obtained as
z = E(z,). We then apply random noise to a subset of latent dimensions:

=24+ MO §~N(0,éET), (3)

where M is a random mask controlling the proportion of perturbed dimensions,
and € controls the magnitude of perturbation, ensuring mild deviations that re-
tain semantic fidelity. The perturbed vectors are decoded as xy = D(z’), gener-
ating semantically consistent yet slightly shifted near-real samples. By Manifold
Boundary Reconstruction, we obtain diverse samples z; forming a local enve-
lope around the real manifold, providing reliable boundary supervision for the
Envelope Estimator.
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3.3 Envelope Estimator (EE)

With the near-real samples provided by MBR, we explicitly model the boundary
of the real data distribution in the feature space. The core idea is that real
samples should reside inside the distribution envelope, while near-real samples
are expected to lie closely along its boundary. Formally, the Envelope Estimator
aims to learn a smooth and geometrically consistent boundary that encloses the
real feature manifold.

Binary Classification. To coarsely separate real and near-real samples, we
adopt a binary cross-entropy loss:

Lyce = —Ex, [log o (s(hy))] — Ex [log(1 — o(s(hf)))], (4)

where h, = ¢(z,), hy = ¢(z;) denote encoded feature embeddings extracted by
encoder ¢(-). The function s(-) is a discriminator producing a real-valued score,
while o(+) is the sigmoid function converting it into a probability of being real.
This loss encourages real samples to have higher confidence (i.e., lie inside the
envelope) and pushes near-real samples toward the boundary.

Tangency Regularization. Classification alone may lead to irregular or over-
fitted boundaries, especially when near-real samples are unevenly distributed.
To enhance geometric consistency, we introduce a tangency regularization based
on the feature displacement between a real sample and its near-real counterpart,
defined as Ah = hy — h,.. Let the top-p principal components U, of real features
h, approximate the local tangent space of the real manifold, and construct the
projection matrix P = UpUJ. For each Ah, the term (I — P)Ah represents its
deviation orthogonal to the tangent space, representing the component moving
away from the real manifold surface. We therefore minimize

Lian = B, npll(I — P)AR|J3, ()

which penalizes off-manifold deviations and encourages near-real features to vary
smoothly and consistently along the tangent directions, ultimately yielding a
geometry-aligned and continuous envelope boundary.

3.4 Cross-Domain Consistency (CDC)

In real-world scenarios, images inevitably undergo multiple stages of compres-
sion, noise injection, and re-encoding. These operations do not alter semantics
but introduce significant feature shifts, causing the decision boundary to be-
come unstable across domains. To ensure consistent behavior under such per-
turbations, we introduce the Cross-Domain Consistency (CDC) module, which
enforces stability of the learned envelope boundary.

We adopt DINO [42] as the backbone due to its strong robustness to non-
semantic distortions. Through large-scale self-supervised pre-training, DINO pro-
duces features that are highly invariant to photometric and compression changes
while remaining sensitive to semantic content. This property makes it an ideal
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choice for serving as a semantic anchor that preserves high-level meaning un-
der domain degradations. In CDC, a frozen DINO acts as the anchor network
¢(+), providing semantically grounded but non-adaptive representations, while a
fine-tuned DINO serves as the learner f(-), adapting to the detection task while
maintaining alignment with the anchor space.

Given an image z and its degraded z' = Degrade(x), we extract anchor
features h = ¢(z) and b’ = ¢(z’), project them through a linear mapping W to
obtain i and /', and compute learner features a = f(z) and o’ = f(z). Two
complementary consistency constraints are applied:

Anchor Consistency. This term keeps the learner’s features close to the anchor
space, preventing semantic drift and maintaining the discriminative structure
learned from the frozen backbone:

Lane = ||a_iLH§ (6)
Residual Consistency. This constraint ensures that the residuals between the

learner and the anchor remain invariant across domains, effectively preserving
the geometric shape of the decision envelope under degradations:

Lies = ||(a—h) — (a = B)]3- (7)

The low-quality images (data augmentation) are generated through simu-
lated chain degradations including compression and perturbation (see Appendix).

3.5 Overall Objective

The overall training objective integrates the envelope modeling and cross-domain
consistency terms. Specifically, the total loss is defined as:

L= (ﬁbce + /\1£tan) + ()\2£anc + >\3£res)> (8)

LER Lcpe

where the hyperparameters A1, Az, and A3 are empirically determined to balance
the importance of each.

4 Dataset Construction

To evaluate AIGI detection robustness under realistic conditions, we build Re-
alChain, a dataset featuring (i) broad coverage of emerging generative models
and (ii) realistic simulation of real-world degradation chains (see Fig. [3). Re-
alChain reproduces cumulative degradations and distribution shifts in online
propagation, providing a comprehensive benchmark for robust AIGI detection.
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4.1 Source of Images

Fake Images. To reflect the rapid evolution of generative models, RealChain in-
tegrates both open-source and commercial sources. Open-source models include
Qwenlmage [50]|, SDv3.5 [43], and Fluz.1 [23], while commercial ones include
Hunyuan 3.0 [5], NanoBanana [16], and Seedream 4.0 [46]. To capture diverse
generation mechanisms, we adopt two primary modes:

(i) Text-to-Image. Images are generated from diverse textual prompts to sim-
ulate large-scale content creation. We design 1,000 prompts (500 coarse and 500
fine) and render each using six models, producing 6,000 samples.

(ii) Image-to-Image. Given real references, we perform style transfer and lo-
cal editing to simulate practical post-editing behaviors. Using 1,000 prompts
rendered by Seedream 4.0 [46], we obtain 1,000 samples.

Real Images. We collect 7,000 real images from MSCOCO [30], Openlmage-
v7 [39], Unplash [47], and ImageNet [41], ensuring diversity across domains.

4.2 Chain Degradations Design

To systematically analyze the effects of real-world propagation and post-processing,
we define two dataset settings:

No Degradation (ND). This setting includes directly captured real images and
cleanly generated synthetic images. It is used to evaluate detector generalization
on the most advanced generators and diverse real sources, serving as the upper
performance bound.

Chain Degradations (CD). We reproduce realistic cross-platform and device
propagation operations that involve compression, re-encoding, and diverse user
post-processing. Specifically, we define a library of common and easily repro-
ducible degradation operations observed in real-world scenarios: (i) Propaga-
tion: Uploading/downloading via PC applications; uploading/downloading via
mobile applications; uploading from PC and downloading on mobile; uploading
from mobile and downloading on PC. (ii) Post-processing: Applying filters;
inserting stickers; cropping or changing aspect ratio; taking screenshots. Each
sample in the RealChain dataset undergoes a random chain of propagation and
post-processing operations.

Degradation Chain Construction. Each degradation chain is formed by ran-
domly selecting 1-3 propagation operations and 0-2 post-processing operations.
After each operation, the intermediate result is saved and used as the input for
the next step. Once all designated operations are completed, the final output of
the chain is treated as the fully degraded version used for evaluation. As shown in
Fig.[5} RealChain includes a total of 50 randomly generated degradation chains.
Each chain is applied to 140 real images and 140 synthetic images. Through this
design, RealChain effectively reproduces the multi-round propagation and user
editing processes in real social media environments.
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Fig.5: The RealChain dataset contains images with no degradation and images with
chain degradations. Each sample undergoes a randomly constructed degradation chain
composed of 1-3 propagations and 0—2 post-processing.

Table 1: Overall Comparison on 12 Benchmarks. To ensure fairness and re-
producibility, we utilize the official checkpoints released for each method. Following
DDA, syunthetic images in GenlImage, ForenSynths, and AIGCDetect are processed us-
ing JPEG compression with a quality factor of 96 to mitigate format bias. Balanced
accuracy (B.Acc) is employed across all benchmarks to provide a reliable assessment.

Ideal Benchmarks In-the-Wild Benchmarks RealChain Ay
Method

AIGC-  Synth- Eval- Foren- Gen- DRCT- Cham-  Synth- AIGI-  Bfree- B.Acc
Detect  buster GEN  Synths Image oM A WildRF Avg  ND €D

eleon  Wildz Bench  Online

53.1 50.0 2.9 47.9 51.5 37.3 40.5 59.9 49.8 63.5 54.2 49.5 55.4 743 55.7  50.0
72.5 67.8 15.4 7.7 64.1 61.8 59.9 50.7 52.3 55.3 53.0 49.0 521 542 513 558
85.0 56.1 45.6 90.0 62.8 52.2 65.3 51.2 521 58.9 54.4 50.0 53.3 549 512 588
50.3 46.5 1.1 49.7 50.3 59.3 42.9 59.2 49.1 57.2 56.5 50.5 54.5 614 49.8 493
81.4 68.5 38.9 92.0 4.4 59.2 69.1 51.1 57.1 59.6 53.7 50.0 54.3 513 513  60.7
63.6 53.9 19.1 59.4 61.2 64.6 53.6 63.1 48.8 58.4 55.5 53.1 55.8 60.4 50.0 54.7
81.4 84.8 7.8 73.9 84.7 90.5 82.2 56.6 55.1 50.6 72.1 55.7  58.0 69.1 554  69.8
66.6 774 68.0 53.9 79.0 95.5 734 7.0 78.8 80.1 2.7 68.5 742 68.7 580 722
87.8 90.1 97.2 81.4 91.7 98.1 911 824 90.9 90.3 84.1 95.1 886 888 658 88.0

97.9 99.0 99.2 91.5 98.8 98.9 97.6 913 95.4 97.8 91.3 96.5 94.5 924 842 94.9

Table 2: Performance comparison on the AIGCDetect benchmark.

. . Big- Cycle- Gau- Pro- - Star-  Style-  Style- - . Av,
Method ADM DALLE2 GLIDE Midj. VQDM GAgX G“AN GAN GAN SDXL SD1.4 SD1.5 GAN G]—\X GAXZ WFR  Wukong B.A%c
NPR 43.8 20.0 41.2 53.4 48.4 53.1 76.6 422 58.7 59.6 55.1 55.0 67.4 57.9 54.6 58.8 57.4 53.1
Univ] 62.5 50.0 61.3 55.1 76.9 87.5 96.9 98.8  99.4 58.2 55.6 55.7 95.1 80.0 69.4 69.2 61.1 72.5
FatFormer 80.2 68.5 91.1 54.4 88.0 99.2 99.5 99.1  98.5 7 67.5 672 994 980 98.8 88.3 75.6 85.0
SAFE |2 495 49.5 53.0 49.0 50.2 52.2 51.9 50.0  50.0 49.8 49.7 49.8 501 50.0 50.0 49.8 50.3 50.3
C2p-C 7.6 52.3 735 56.6 73.7 98.4 96.8 98.8  99.3 62.3 775 769 99.6 93.1 79.4 94.8 79.4 81.4
AIDE m 529 511 60.2 49.8 69.3 70.1 93.6 60.6  89.0 49.6 51.6 51.0 721  66.5 59.0 80.6 54.5 63.6
DRCT 8] 79.9 89.2 89.2 85.5 88.6 81.4 91.0 938 711 88.3 91.4 91.0 53.0 62.7 63.8 73.9 90.8 81.4
Aligned Eﬂ 51.6 52.0 55.6 96.2 721 51.2 495 50.8  50.7  95.1 99.7 99.6  53.8 527 51.6 50.0 99.6 66.6
DDA 89.5 94.6 89.6 95.6 76.6 91.0 725 92.7 928 99.4 98.7 98.6 727 87.8 90.2 521 98.8 87.8
REM 98.1 99.3 98.6 96.5 99.3 99.4 98.1 998 974 99.8 99.3 995 902 951 96.3 98.4 99.5 97.9

5 Experiments

We conduct extensive experiments to validate the effectiveness and robustness
of our proposed REM under both ideal and real-world conditions.

5.1 Experimental Settings

Datasets. (1) Ideal benchmark. We first evaluate REM on six clean and
high-quality datasets, AIGCDetect AIGCDetect [61), Synthbuster [2], Eval-
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Table 3: Performance comparison on the Synth- Table 4: Performance compari-

buster benchmark. son on the FvalGEN.

Method DALLE2 DALLE3 Firefiy GLIDE Midj. SD1.3 SD1.4 SD2 SDXL BAEC Method Flox  GoT Infinity NOVA OmiGen BAch
511 103 465 485 528 5L4 518 460 528  50.0 NPR 07 02 65 47 22 29
83.5 474 899 533 525 704  69.9 757 680  67.8 UnivED (36 40 92 157 83 306 154
59.4 305 603 727 444 537 540 523 691  56.1 FatFormer 9.9 479 447 983 456
58.0 9.9 103 522 567 504 500 530 595 465 SAFE |2 L0005 19 0.6 11
55.6 632 595 867 529 752 767 69.2 TT.7 685 Q2P-C 87 496 353 864 389
349 337 248 650 575 T4l 737 532 684  53.9 AIDE [54] 179 247 34 163 19.1
7.2 866 841 826 737 866 866 832 7L3 848 DRCT | 725 8L4 779 846 78
50.2 489 5LT 535 987 088 088 O8.6 973 774 Aligned [38] 320 723 740 848 68.0
86.3 900 01O 765 935 029 027 933 935 901 DDA [10] 89 995 978 9005 97.2
99.1 909 035 088 909 1000 1000 99.0 999  99.0 REM 972 1000 939 999 99.2

Table 5: Performance on the RealChain with Table 6: Performance on the Synth-

No-Degradation and Chain Degradations. Wildz, WildRF, and AIGIBench.
Method | Flux1 |Hunyuan3|NanoBanana|Qwenlmage| SDv35 |Seedreamd| i2i | Avg Method | SynthWildx | WildRF AIGIBench EAAxg-
CD |ND CD|ND CD DALLE3 Firefly Midj. | Facebook Reddit Twitter | SocRF ComAl| = "¢
5 54.4 |93.6 59.0| 743 537 43.6 613 445 781 61.0 51.3 53.3 35.1 57.1
i 51.5 | 55.4 5 542 513 45.4 65.3  46.2 49.1 60.2 56.5 5l4 53.3
5 .2(54.7 51.9 | 5. .6 549 512 46.5 616 48.3 54.1 68.1 544 54.9
9 08 485 3698 498 |63.8 50.9|614 498  SAFE [ 404 482 496 | 509 T4l 375 527
526 4 509 53.2 .1[49.2 50.8 523 50.4|51.3 513 C2p-Cl 569 614 530 | 5dd 684 550 573
69.4 48.6|64.5 517|663 50.6 |57.7 463 7.3|52.6 47.3 [60.0 48.4(60.4 50.0 AIDE [54] 634 S8 5LO )| 578 L5 158 575
514 58.3(51.9 5527 638 526 780 562 |83.6 53.7|686 55.4 DRCT 5] 583 364 5051 466 531 552 538
71.8 56.0|61.6 54.9 [65.8 53.1 628 536 .1|79.3 65.9 [76.6 55.7 | 68.7 58.0 Aligned @ 835 "f" 922 89.4 69.1 8L % 78.2
905 67.0[88.0 625 |83.4 935 702 [92.1 677934 635 804 659[s85 658 DDA 923 873 91| 931 864 915 883
965 867938 853 919 848 [941 873 920 845[942 819837 788 924 842  REM Qi AS LA Gl tE L 238
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Fig. 6: REM is evaluated under various perturbations, including JPEG compression,
Gaussian blur, Gaussian noise, and color distortion.

GEN [10|, ForenSynths [48|, GenImage [62], and DRCT-2M [8]. These bench-
marks include generators with more than 40 different architectures and sampling
strategies, as detailed in Table 1. These benchmarks serve as controlled refer-
ences for assessing the upper bound of generalization performance under ideal
conditions. (2) Real-world degradation benchmark. We evaluate REM on
both public and newly collected real-world datasets, including Chameleon [54],
Synth Wildz WildRF 6], AIGIBench [25|, Bfree-online [17], and our Re-
alChain dataset. These datasets cover diverse propagation environments, black-
box post-processing, and multiple image formats generated by both open-source
and commercial models. They collectively reflect the complexity of real social
media scenarios and serve to assess the model’s robustness and generalization
under uncontrolled degradations.

Evaluation Protocol. Following works , we use the balanced
average accuracy (B.Acc) of the real and fake accuracy to evaluate performance.
We compare REM with a series of existing methods, including artifact-driven

detectors [241/31][36}144,[45/54], as well as alignment-based approaches [8}[10,/38].

Following the experimental settings of DDA [10], all baseline results are ob-
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tained using the official implementations and pretrained weights released by their
authors, with JPEG quality alignment applied for the AIGCDetect [61],Foren-
Synths [48] and GenlImage [62]. To further highlight our REM paradigm, we also
evaluate the advanced artifact-driven method AIDE [54] and the visual backbone
DINOv3 [42]. These models are trained respectively on the diverse generative
image dataset GenImage [62] and the alignment-reconstructed DDA dataset [10]
(see Appendix).

Implementation Details In all comparative and ablation experiments, we
adopt DINOv3 ViT-H+/16 [42] as the backbone network and fine-tune it us-
ing the LoRA [20] algorithm. To incorporate generative priors, we employ the
pre-trained VAE (FT-MSE version) from Stable Diffusion [40] to project images
into the latent space. In the preprocessing stage, images with resolutions larger
than 512 x 512 are resized proportionally so that the shorter side is 512. During
training, we use randomly cropped windows of 224 x 224, while during inference
we use center-cropped windows of 224 x 224. MSCOCO [30] samples are used
as the real-image sources, and near-real samples are constructed via the MBR
module. We employ the Adam [22] optimizer with a learning rate of 0.0001 and
a batch size of 256. Training is performed for only one epoch on four NVIDIA
A100 GPUs, taking only 30 minutes to complete.

5.2 Main Results

Overall Comparison on 12 Benchmarks. Table[I] provides a comprehensive
evaluation across 12 benchmarks, comprising 6 ideal and 6 real-world datasets,
marking one of the most extensive assessments of generator evolution and chain
degradations to date. Results show that: (i) REM achieves a new state-of-the-
art performance with a 94.9% average balanced accuracy (B.Acc) across over
40 generator subsets, representing a 6.9% improvement over the strongest previ-
ous baseline, DDA. (ii) REM demonstrates exceptional stability on in-the-wild
benchmarks, with only a slight decrease in detection performance in real-world
sampling scenarios. (iii) REM maintains a robust 84.2% accuracy on the severely
degraded RealChain benchmark, outperforming existing methods by 18.4% and
providing a more reliable decision boundary. These experiments confirm that
explicitly modeling the stable real image distribution provides a more robust
anchor for detection than learning volatile generator artifacts.

Performance on Ideal Benchmarks. REM achieves state-of-the-art results
on datasets including AIGCDetect, Synthbuster, EvalGEN, GenImage, Foren-
Synths, and DRCT-2M, consistently outperforming artifact-driven methods like
SAFE and AIDE, as well as alignment-based approaches such as Aligned and
DDA. The detailed performance comparisons in Tables [ confirm that mod-
eling the real-distribution envelope yields superior cross-generator generalization
even for high-fidelity synthetic images.

Performance under Real-world Degradations. Across five in-the-wild bench-
marks, including Chameleon, SynthWildx, WildRF, AIGIBench, and Bfree-online,
REM show significant improvements (see Tables [T} [6), surpassing DDA by 5.9%
in average B.Acc and by 8.9% on Chameleon. On the heavily degraded RealChain
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dataset, REM maintains a robust 84.2% B.Acc while most baselines fail, with
only DDA exceeding 60% (see Table [5)). This performance demonstrates REM’s
ability to handle image quality degradation in real-world social media networks.

5.3 Analysis and Discussion

Robustness to Perturbations. We further evaluate REM on the RealChain
(ND) under various perturbations, including JPEG compression, Gaussian blur,
Gaussian noise addition, and color distortion. As shown in Fig. [} artifact-based
baselines perform poorly under nearly all perturbations. Both our REM and
DDA [10] achieve strong results on clean data, while REM remains more stable
under perturbations, further demonstrating the advantage of its cross-quality
consistency constraint. Interestingly, the alignment-based methods Aligned [38|
and DRCT [8] maintain remarkably steady performance across all perturbations.
We speculate that this robustness arises because these methods do not explic-
itly model format or quality factors during training, which causes them to lose
discriminative cues that are beneficial only under high-quality conditions. Their
weaker performance on clean data further supports this explanation.

Effect of Real Data Scale.

Since REM explicitly models

the boundary of the real dis- o (a) Effect of Real Data Scale b) Computational Cost Comparison

tribution, we analyze how the ¢ s = g | -
scale of real data affects its per- £ * — | E .

formance. As shown in Fig. [7] ; : / o | 211

(a), both accuracy and sta- 2 |7 z}“[h'f:'\w. 22 ocoss

bility consistently improve as 0 0

1 2 5 10 50 100 200 SDXL SD3.5 Flux Qwen MBR
the amount of real samples Number of Real Samples (x1K) Generative Models
increases. When the number

Fig. 7: Efficiency Analysis. (a) Data Scale:
of real sa.mples re.aches 100k, Accuracy and stability optimize at 100k real sam-
REM achieves optimal overall joq (b) Time Cost: MBR module requires over
performance across all bench- 10x lower GPU cost than diffusion generators.
marks. This trend indicates

that a richer real distribution

allows the model to learn a more complete and robust envelope boundary. For-
tunately, collecting real data is inexpensive, and the computational cost of the
MBR module for reconstructing near-real samples is much lower than that of
generating diverse fake images from large diffusion models (see Fig. [7] (b)).

5.4 Ablation Studies

We conduct a comprehensive ablation study to analyze the contribution of each
component in REM (see Table [7] and Fig. [§).

Manifold Boundary Reconstruction (MBR). Replacing the proposed feature-
level perturbation with plain VAE reconstruction leads to a 3.6% avg drop in the
B.Acc on three benchmarks. Without MBR, near-real samples lack diversity and



14 R. Liu et al.

Table 7: Ablations of modules. Table 8: Backbone comparison.
Ideal in-the-wild Real Backbone ‘ AIGC- DRCT- Cham- Synth- X AIGI- | RealChain ‘
No.| MBR EE CDC X 1
° Bench  Bench  Chain (DINO) ‘Dctcct oM cleon  Wilde VURE Bcnch‘ D o ‘A"g
1] x x x |85 80.9 76.4 - - -
v2-L/14 951 979 846 914 958  87.2 |89.3 78.5]90.0
2 VoY x| 936 85.8 79.4 v2-g/14 96.3  97.8 855 910 958  89.8 |89.4 80.7|90.8
3 o x v v 95 86.3 83.6 v3-L/16 97.0 981 897 932 963  89.1 |9L.1 83.3|922
4] v x v |93 89.5 84.3 v3-H+/16 | 979 989 913 954  97.9 913 |92.4 842|936
5| v v v |96 945 883 v3-7B/16 | 98.2 99.4 93.7 96.5 98.2 93.7 |93.6 86.1|94.9

fail to cover the real boundary. In contrast, feature-level perturbations introduce
controlled deviations while preserving semantics, enriching manifold coverage.

Envelope Estimator (EE) When the
tangency loss is removed, the model re-
lies solely on the binary classification
loss, making the detector more sensi-
tive to image quality degradation, with :
the B.Acc dropping by 2.3%. Feature vi- “wo Noise in MER iy Tongeney in EE
sualizations further show that the deci- e

sion surface becomes overfitted and bi-
ased toward unseen fake clusters. In con-
trast, incorporating the tangency con-
straint enforces local alignment of near-
real samples along the real manifold, re-
sulting in a smoother and more stable envelope.

b B S i
w/o CDC + DA w/o CDC

Fig. 8: t-SNE projections on RealChain.

Cross-Domain Consistency (CDC) Removing CDC leads to a sharp per-
formance drop under chain degradations (B.Acc decreases by 16.4%). Although
data augmentation during training can partially mitigate the impact of degra-
dations, it often results in unstable convergence (see Fig. . In contrast, CDC
explicitly aligns the feature residuals between degraded and clean versions of the
same image, thereby maintaining a consistent decision boundary.

Influence of Different Backbones. We further compare REM’s performance
across different DINO backbones. As shown in Table [§], REM maintains con-
sistently strong performance across all backbones and improves further with
increased pretraining quality. This demonstrates the robustness of REM’s real-
distribution modeling and its ability to efficiently activate and leverage the pre-
trained knowledge of DINO-based architectures.

How REM Learns Robust Real Distribution. MBR introduces controllable
feature perturbations, generating near-real samples that expand the neighbor-
hood around the real manifold. EE draws a discriminative boundary between
real and near-real samples, effectively approximating the envelope of the real
distribution. CDC constraint further ensures that representations of the same
image remain consistent across different quality levels, keeping the boundary
stable under various degradations. Together, these mechanisms enable REM to
capture a compact, smooth, and domain-invariant real-centric envelope, result-
ing in strong robustness to unseen generators and real-world degradations.
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6 Conclusion

We introduced REM, a real-centric modeling framework for detecting Al-generated
images. REM achieves robust and generalizable performance under real-world
degradation conditions, while enabling effective forgery source attribution. Our
proposed RealChain, featuring emerging generators and chain degradations, sup-
ports realistic and challenging real-world evaluation. Extensive experiments across
diverse benchmarks further validate the superiority and practical applicability
of our approach.

Future work. We will extend REM to video forensics to address the growing
challenge of deepfake videos across social media platforms. We also aim to explore
more fine-grained modeling of real distributions by incorporating larger-scale
datasets and collect more degraded samples during training.
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