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Abstract

While existing Al-generated image detectors re-
port high performance, we identify that this is
largely driven by a critical prediction asymmetry:
a bias toward the real class that severely limits sen-
sitivity to generated content, especially under stan-
dard post-processing operations such as compres-
sion and resizing. We hypothesize that this stems
from the model’s reliance on spurious features,
distracting signals that obscure true generative
artifacts. To address this, we propose DEAR (Dis-
sect and Prune), which leverages inpainted images
to identify and prune these interfering compo-
nents. Specifically, we find that features strongly
aligned to either inpainted or non-inpainted re-
gions are less robust to post-processing. By mea-
suring the alignment between channel activations
and inpaint masks, DEAR removes features at
both extremes, retaining only those that capture
genuine generative artifacts. Experimental re-
sults demonstrate that our approach significantly
enhances robustness against unseen generators
and post-processing, effectively mitigating the
prediction asymmetry. Our code is available at
github.com/dahyedahye/dear.

1. Introduction

Recent advances in generative models, particularly diffu-
sion (Ho et al., 2020; Rombach et al., 2022) and flow-based
models (Lipman et al., 2022), have enabled the synthesis
of near-photorealistic images that are increasingly difficult
to distinguish from real photographs. While these tech-
nologies offer remarkable generative capabilities, they also
raise significant societal concerns, including the prolifera-
tion of misinformation through convincing fake imagery, the
creation of non-consensual deepfakes, and potential copy-
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Figure 1. Prediction Asymmetry in AIGI Detection. Comparison
of real accuracy (R.Acc) and fake accuracy (F.Acc) before and after
post-processing on FLUX (Black Forest Labs, 2024a) generated
images. Existing detectors maintain high R.Acc regardless of post-
processing, but F.Acc drops dramatically after post-processing is
applied. This asymmetric degradation reveals that detectors rely
on fragile spurious features for fake detection. DEAR mitigates
this asymmetry by pruning such features and retaining only robust
forensic signals.

right infringement. As Al-generated images (AIGI) become
more prevalent and sophisticated, the development of reli-
able detection methods has become an urgent and critical
challenge.

To address this challenge, numerous AIGI detectors have
been proposed, spanning CNN-based approaches (Wang
et al., 2020; Corvi et al., 2023; Tan et al., 2024b; Rajan et al.,
2025; Rajan & Lee, 2025; Chen et al., 2024a), CLIP-based
methods (Ojha et al., 2023; Cozzolino et al., 2024; Yan
et al., 2025b; Tan et al., 2025), Vision Transformer-based
methods (Guillaro et al., 2025; Chen et al., 2025a), and
frequency-domain analysis techniques (Tan et al., 2024a).
These methods report impressive performance on bench-
mark datasets, often achieving high accuracy or average
precision. Such results have suggested that AIGI detection
is approaching a solved problem, with detectors capable of
reliably distinguishing Al-generated from real images.

However, upon closer examination of detector performance,
we observe a critical phenomenon that we term prediction
asymmetry: a systematic bias where high overall accuracy
is sustained primarily by the near-perfect recognition of
real images, while the sensitivity to Al-generated content
remains disproportionately low. This imbalance obscures
the detector’s actual reliability, as high overall metrics hide
a failure to identify the very target class they are designed to
detect. This behavior becomes markedly more pronounced
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under common real-world post-processing such as JPEG
compression and resizing (Li et al., 2025¢). Under such con-
ditions, the accuracy on fake images decreases significantly
as the detector gravitates toward the real class, becoming a
trivial classifier that defaults to predicting real images.

We hypothesize that this prediction asymmetry stems from
the detector’s reliance on spurious correlations rather than
robust forensic traces (Rajan & Lee, 2025). Existing detec-
tors often exploit dataset-specific biases, such as compres-
sion artifacts, as indicators of realness, while simultaneously
overfitting to fragile shortcuts specific to generated con-
tent (Rajan & Lee, 2025; Grommelt et al., 2024; Yan et al.,
2025b; Kashiani et al., 2025; Ma et al., 2025). This reliance
leads to failure even in the original setting. When encoun-
tering unseen generators that lack the specific fingerprints
seen during training, the detector fails to recognize the gen-
erated content (Li et al., 2025c¢). This vulnerability is further
exacerbated by post-processing. Since these non-intrinsic
signals are sensitive to perturbations, their degradation di-
minishes the discriminative cues available to the detector.
Consequently, the model exhibits a systematic shift toward
predicting the real class.

To address the prediction asymmetry driven by spurious
correlations, we aim to identify and mitigate the influence
of specific detector features responsible for these non-robust
dependencies. To this end, we draw upon the principles of
Network Dissection (Bau et al., 2017; 2019; Tousi et al.,
2021), a framework designed to interpret internal represen-
tations. Successfully dissecting a forensic detector, however,
requires a precise ground truth to distinguish between fea-
tures activating on generated artifacts and those responding
to authentic signals. We identify inpainted images as the
optimal probe for this purpose. Since these images spatially
isolate Al-generated content within inpainted regions from
the authentic context in non-inpainted backgrounds while
offering exact ground truth masks, they provide the nec-
essary reference to rigorously correlate feature activations
with pixel provenance.

Building on this insight, we propose DEAR (DissEct And
PRune) for robust AIGI detection. Our approach adopts a
selective pruning strategy. First, we employ inpainted im-
ages as a diagnostic tool, creating a controlled environment
where generated pixels coexist with real image contexts.
Second, we perform detector dissection by quantifying the
divergence in feature activations between the generated (in-
painted) regions and the real (non-inpainted) backgrounds.
This metric allows us to determine whether a feature is
primarily driven by generative artifacts or authentic sig-
nals. Third, we refine the classifier by pruning features at
both extremes of this spectrum, targeting channels strongly
aligned with generated content and those biased toward real
backgrounds. We find that features at these extremes are

susceptible to degradation. Consequently, removing these
components forces the detector to rely on robust forensic
signals, effectively eliminating the spurious representations
that degrade performance under perturbations.

Our main contributions are as follows: (1) We identify pre-
diction asymmetry as a fundamental limitation of current
AIGI detectors, where high overall accuracy conceals a sys-
tematic bias toward the real class that severely degrades fake
detection under perturbations. (2) We propose DEAR, a dis-
section guided feature pruning mechanism that leverages
inpainted images to measure feature alignment and selec-
tively removes spurious features at both extremes, retaining
only those that capture genuine generative artifacts. (3) We
demonstrate that DEAR significantly enhances robustness
against unseen generators and post-processing operations
through extensive experiments, effectively mitigating pre-
diction asymmetry.

2. Preliminaries

To systematically evaluate the reliability of detectors, we
analyze their behavior across diverse generators and pertur-
bations, revealing a critical failure mode which we term Pre-
diction Asymmetry: a systematic bias where detectors main-
tain high accuracy on real images while failing to identify
Al-generated images. This phenomenon aligns with find-
ings in recent large-scale benchmarks like AIGIBench (Li
et al., 2025¢), which we analyze along two dimensions:
generalization to unseen generators and robustness under
post-processing.

2.1. Motivation: Prediction Asymmetry Problem

First, we observe a pronounced generalization gap un-
der unseen-generator shift. As illustrated in Figure 1,
Corvi achieves near-perfect R.Acc (99.9%) on original
FLUX (Black Forest Labs, 2024a) images but a markedly
lower F.Acc of 21.5%, indicating that detectors default to
the real class when specific training fingerprints are absent.
Second, this bias amplifies into a robustness collapse un-
der post-processing. For instance, NPR’s average F.Acc
plummets from 95.9% to 12.2% while its R.Acc rises from
67.2% to 94.2%, reducing it to a trivial classifier that la-
bels all inputs as real once fragile cues are disrupted. This
susceptibility exposes a critical practical limitation where
aggregate metrics like AUC mask a structural bias toward
the real class, inflating reliability assessments in real-world
settings.

We attribute this asymmetry to the detector’s reliance on spu-
rious correlations, which fall into two failure modes. First,
detectors frequently exploit dataset-specific biases, such as
JPEG compression artifacts or high-frequency details, as
spurious indicators of realness (Grommelt et al., 2024; Rajan
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Figure 2. Overview of Dissect and Prune (DEAR). Our method operates in three stages: (1) Dissection via Feature Alignment, where
we use inpainted images and masks as a diagnostic tool to measure how strongly each feature channel aligns with generated or real regions
through Regional Activation Discrepancy (RAD); (2) Bilateral Pruning, where we identify and remove channels at both extremes of
the RAD distribution, as these represent non-intrinsic components relying on fragile shortcuts or spurious realness indicators; and (3)
Classifier Refinement, where we fine-tune the final linear classifier on the pruned feature space obtained by Dissect and Prune (DEAR)

while the backbone remains frozen. (Section 3).

& Lee, 2025). Consequently, when perturbations introduce
similar artifacts to fake images, detectors misclassify them
as real. Second, regarding spurious features specific to gen-
erated content, evidence suggests that detectors overfit to
monotonous and non-robust artifacts, as exemplified by low-
rank traces (Yan et al., 2025b), spectral biases (Kashiani
et al., 2025), and generator-specific cues (Ma et al., 2025).
These artifacts serve as fragile shortcuts (Geirhos et al.,
2020) that are obliterated by post-processing, leaving the
detector to default to the real class.

The confluence of these factors explains the observed pre-
diction asymmetry and mirrors the concept of a modality
gap (Li et al., 2025¢), where real images possess concen-
trated and consistent statistics while Al-generated images
rely on artifacts characterized by high modality variance.
Motivated by these insights into spurious correlations linked
to both real and fake classes, we propose DEAR to ex-
plicitly dissect and prune features driven by these spuri-
ous dependencies, thereby isolating robust forensic features.
Empirical evidence for both failure modes is provided in
Appendix C.

2.2. Network Dissection for Feature Analysis

To address this asymmetry, it is critical to identify which
components of the feature backbone are responsible for
encoding spurious correlations. Since deep neural networks
operate as black boxes, we require a quantitative framework
to interpret their internal representations. To this end, we
adopt Network Dissection (Bau et al., 2017; 2019).

The central premise of this framework is that individual
channels within a feature map often emerge as concept-
specific units, activating in response to distinct visual at-
tributes. Formally, for a given unit w, its activation map is
upsampled to match the image resolution and binarized into
a segmentation proposal M, (x) using a statistical thresh-
old. The interpretability of the unit for a concept c is then
computed via the Intersection over Union (IoU) score:

Yep Mu(x) N Me(x)|

ToU,. (1

erp |Mu(x) U M. (x)] 7

where M, (x) denotes the ground truth mask for concept c.

While the original framework measures alignment with high-
level semantic concepts (e.g., objects, textures), we extend
this approach to the problem of Al-generated image de-
tection. In Section 3, we will adapt this formulation to
measure feature alignment with both generative artifacts
(inpainted regions) and authentic signals (backgrounds).
This approach enables us to profile feature behaviors based
on their sensitivity to generated versus authentic content, al-
lowing us to categorize features that strictly activate on fake
regions, those tracking real backgrounds, or those exhibiting
no distinct regional preference.

3. Dissect and Prune (DEAR)

We present Dissect and Prune (DEAR), a feature selection
framework designed to address the prediction asymmetry
problem in AIGI detection. Figure 2 illustrates an overview
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of our proposed method. Our approach comprises three
stages. We first construct diagnostic inpainted images that
contain both real and Al-generated regions. We then dissect
detector representations by measuring channel alignment
with the inpainted regions. Finally, we prune channels with
extreme alignment and refine the linear classifier on the
resulting pruned feature representation.

3.1. Inpainting-Based Diagnostic Data Generation

To dissect detector representations and isolate features re-
sponsible for spurious correlations, we require a diagnostic
setting that spatially separates generative artifacts from au-
thentic signals. Inpainted images provide precisely this
controlled environment. By replacing a masked region of a
real image with content synthesized by a generative model,
we create samples where pixel provenance varies across
defined spatial boundaries. Crucially, this setup allows us
to project features onto a quantitative alignment spectrum.
By analyzing this spectrum, we can diagnose which subsets
of features are the primary drivers of non-robust behaviors,
including those strictly adhering to generated regions, those
biased toward authentic backgrounds, or those showing no
clear regional preference.

We generate our diagnostic dataset using the inpainting vari-
ant of Stable Diffusion 1.5 (Rombach et al., 2022). For each
real image Xe,, we sample a randomly positioned rectan-
gular binary mask M € {0, 1}¥*W to define the region
for manipulation. The inpainting model then synthesizes
content Xge, for this masked area while conditioning on the
surrounding authentic context. To prevent the detector from
exploiting trivial edge discontinuities at the mask bound-
aries, we apply Gaussian blur to the mask edges before
compositing. The final inpainted image is constructed as:

Xinpaint = M © Xgen + (1 - M) ©) Xrealy (2)

where Xg, denotes the output from the inpainting model and
® represents elementwise multiplication. Implementation
details are given in Appendix E. Representative examples
are provided in Figure 6 in the Appendix H. To verify sta-
bility across alternative inpainters, we provide an additional
ablation in Appendix D.

A key advantage of this construction is that the ground truth
mask M is known, which naturally provides a precise spatial
reference for internal analysis. This naturally facilitates the
application of Network Dissection (Bau et al., 2017; 2019),
enabling us to quantitatively measure the alignment between
internal feature maps and the generated regions.

3.2. Detector Dissection via Feature Alignment

Given inpainted images where the ground truth mask clearly
separates generated and real regions, we now propose a
method to quantify how individual feature channels align

with these regions. Our approach draws inspiration from
Network Dissection (Bau et al., 2017), which identifies in-
terpretable units by measuring overlap between activation
maps and semantic concepts. Instead of semantic categories,
we measure channel alignment with inpainted regions to ex-
pose the reliance on spurious realness indicators and fragile
generator shortcuts. By analyzing these alignment charac-
teristics, we identify non-intrinsic components driven by
confounding correlations, thereby uncovering the underly-
ing drivers of asymmetric detection.

Regional Activation Discrepancy. To quantify the align-
ment between a feature channel and the inpainted mask,
we adopt a density-based metric inspired by the Chan-Vese
segmentation model (Chan & Vese, 2001), which assumes
piecewise constant image regions and measures how well a
given contour separates distinct intensity levels.

Let F;, € R"*" denote the activation map of the kth
channel from the final convolutional layer, and let M €
{0,1}"** be the downsampled inpaint mask. We define
the Regional Activation Discrepancy (RAD) as:

Sk =) — iy, @)
where
(0 _ Zoeaa FR@) g 2seny, Fr() @
" |Qin| ’ be |ng| ’

and Q, = {z : M(z) = 1} denotes the inpainted region
and , = {z : M(z) = 0} denotes the background. By
normalizing by regional area, RAD remains robust regard-
less of whether the inpainted region covers a small or large
fraction of the image.

Intuitively, a channel with high positive RAD activates
strongly within the generated region and weakly in the real
background, suggesting sensitivity to generative artifacts.
Conversely, a channel with large negative RAD activates
preferentially on pixels within real regions.

Analysis. We apply this dissection procedure to two repre-
sentative detectors: Corvi (Corvi et al., 2023) and Rajan (Ra-
janetal., 2025). Both employ a ResNet-50 backbone trained
on real images from LSUN and COCO. The key difference
lies in how training fake images are generated: Corvi uses
LDM with text prompts corresponding to real image con-
tent, while Rajan generates fake images by passing real
images through the VAE encoder decoder of LDM. The
latter ensures pixel-level alignment between real and fake
pairs, isolating decoder artifacts as the sole distinguishing
factor. We focus on the final convolutional layer before
global average pooling, which contains 2048 channels and
produces the feature representation that the linear classifier
uses to distinguish real from Al-generated images.
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Figure 3. Feature Alignment Visualization. From left to right:
original real image, inpainting mask, inpainted image, and acti-
vation maps from three representative channels. The high RAD
channel (fourth column) activates strongly within the inpainted re-
gion, the low RAD channel (sixth column) activates predominantly
on the background, and the middle RAD channel (fifth column)
shows no clear regional preference.

For each detector, we compute RAD values across approxi-
mately 6400 inpainted images, averaging per channel scores
to obtain a stable ranking. Figure 3 visualizes activation
patterns from the Rajan detector at different points along the
RAD distribution. Channels with high RAD values exhibit
activation maps that closely match the inpainted mask, in-
dicating selective response to generated content. Channels
with strongly negative RAD values show the inverse pattern,
activating primarily on real regions.

Alignment Predicts Robustness. A natural question
arises: do channels that align strongly with generated re-
gions also exhibit greater robustness to post-processing per-
turbations? To investigate this, we measure the sensitivity
of each channel to WEBP compression, a particularly rel-
evant perturbation for these detectors. The LSUN images
used to train these detectors were originally compressed
using WEBP before being saved in PNG format, while the
synthetic training images lacked such compression artifacts.
This dataset imbalance caused the detectors to spuriously
associate WEBP compression patterns with real images (Ra-
jan & Lee, 2025), a phenomenon analogous to the JPEG
bias observed by Grommelt et al. (2024). We quantify chan-
nel robustness by computing the mean squared error (MSE)
between feature activations before and after applying WEBP
compression. Channels whose activations change substan-
tially under this perturbation are deemed less robust.

Figure 4 illustrates the relationship between RAD and ro-
bustness, revealing that channels at both extremes of the
RAD distribution are more susceptible to degradation than
those in the middle range. We attribute this trend to the
spurious nature of features at these extremes: strongly neg-
ative values correspond to dataset-specific signatures like
compression artifacts (Rajan & Lee, 2025; Grommelt et al.,
2024), while highly positive values overfit to fragile gen-

Corvi

Robustness
Robustness

-0.8 -0.6 -0.4 -0.2 0.0

-1.00 -0.75 -0.50 -0.25 0.00 0.25
RAD RAD

Figure 4. Relationship between Feature Alignment and Robust-
ness. Each point represents one of 2048 channels from the final
convolutional layer. The horizontal axis shows RAD (alignment
with inpainted regions) and the vertical axis shows robustness mea-
sured as negative MSE under WEBP compression. Left: Corvi
detector. Right: Rajan detector. Channels at the extremes of the
RAD distribution exhibit lower robustness, while channels away
from these extremes tend to be more robust.

erator shortcuts (Yan et al., 2025b; Kashiani et al., 2025;
Ma et al., 2025). As both types of signals are easily dis-
rupted by post-processing, their removal enhances stability.
In contrast, channels with intermediate RAD values demon-
strate greater robustness under perturbation, as they are less
reliant on these non-intrinsic artifacts. This suggests that
pruning extreme components is an effective strategy to sup-
press spurious dependencies and enhance overall detector
robustness.

3.3. Feature Pruning and Classifier Refinement

Leveraging the insights from our dissection analysis, we
introduce the Dissect and Prune strategy. Our analysis indi-
cates that features with extreme alignment scores, whether
strongly fake-aligned or strongly real-aligned, are struc-
turally fragile. Therefore, we implement a bilateral pruning
mechanism to reduce these spurious dependencies.

Bilateral Pruning Strategy. Our analysis (Figure 4) indi-
cates that channels at both extremes of the RAD distribution
are susceptible to post-processing degradation. To address
this, we implement a bilateral pruning strategy that removes
these non-robust components.

Let {Sy}2_, denote the RAD values computed over the
diagnostic dataset. We define a binary pruning mask m €
{0, 1}? to retain only channels within a robust intermediate
range. Given lower and upper percentiles ooy and ouigh,
we compute thresholds Tiow and 74;gn based on the empirical
distribution of S. The mask for the k-th channel is defined
as:

my = LTow < Sk < Thigh), (5)

where 1[-] is the indicator function. This effectively prunes
features that are spuriously correlated with specific com-
pression artifacts (negative extreme) or generator-specific
noise (positive extreme), retaining only those stable under
perturbation.
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Classifier Refinement on Pruned Features. We apply
this mask to the pre-trained backbone. Since DEAR per-
forms feature selection on the pretrained backbone’s repre-
sentation, we keep the backbone parameters 6 frozen and
retrain only the linear classifier on the resulting pruned
features. The pruning is applied via element-wise multipli-
cation to the feature tensor F € RP*"*% before the global
pooling layer:

F=moF. (6)

With the robust feature subspace defined by F, we reinitial-
ize the weights of the final linear classifier h,. Crucially, we
fine-tune the classifier using a combined dataset comprising
both the original training data Dy.;, and the diagnostic in-
paint data Djppainc. This joint optimization ensures that the
classifier adapts to the pruned feature space while learning
to distinguish intrinsic generative artifacts from both global
images and localized inpainting regions. The complete pro-
cedure is formalized in Algorithm 1 in Appendix E.

4. Experiments

In this section, we empirically validate the effectiveness of
DEAR. We investigate (1) whether it maintains robustness
against post-processing artifacts such as compression and
resizing, (2) whether DEAR generalizes to diverse unseen
generative models, and (3) whether it effectively alleviates
the prediction asymmetry problem. Further implementation
details and analyses are provided in Appendices E and H.

4.1. Experimental Setup

Datasets. For real images, we use 3,000 images from the
RedCaps dataset (Desai et al., 2021), which contains diverse
web-crawled images with natural variations in content, reso-
lution, and compression. To evaluate generalization across
generators, we adopt the test set released by Rajan et al.
(2025), which spans multiple architectures and generation
paradigms. Specifically, it includes images from diffusion-
based models: Stable Diffusion (SD, 3,000 images) (Rom-
bachetal., 2022), FLUX (3,000) (Black Forest Labs, 2024a),
Kandinsky (3,100) (Razzhigaev et al., 2023), Playground
(3,150) (Li et al., 2024), and PixArt (3,150) (Chen et al.,
2024b); latent consistency models: LCM (3,146) (Luo et al.,
2023); alternative architectures: Wuerstchen (3,150) (Per-
nias et al., 2024) and aMUSEd (3,150) (Patil et al., 2024);
and commercial systems: Midjourney (3,000) (Midjourney,
2022).

To assess performance under realistic deployment condi-
tions, we additionally evaluate on three in the wild bench-
marks: Chameleon (6,934 images) (Yan et al., 2025a), a
curated collection of challenging Al-generated images from
online art communities; WildRF (1,051) (Cavia et al., 2024),
images collected from social media platforms using com-

mon hashtags; and LOKI (1,921) (Ye et al., 2025), a com-
prehensive benchmark spanning diverse generation sources
and specialized domains. These benchmarks are particu-
larly valuable as they contain images that have undergone
unknown post-processing operations during upload and shar-
ing. Further details are provided in Appendix F.1.

Baselines. We compare against a comprehensive set
of state-of-the-art detectors spanning multiple paradigms.
From CNN based methods, we include Corvi (Corvi et al.,
2023), Rajan (Rajan et al., 2025), NPR (Tan et al., 2024b),
SAFE (Li et al., 2025b), AIDE (Yan et al., 2025a), Ferret-
Net (Liang et al., 2025), LaDeDa (Cavia et al., 2024), and
DRCT (Chen et al., 2024a). From CLIP based approaches,
we evaluate UFD (Ojha et al., 2023), C2P-CLIP (Tan
et al., 2025), RINE (Koutlis & Papadopoulos, 2024), and
ClipDet (Cozzolino et al., 2024). We also consider the Vi-
sion Transformer based method CoDE (Baraldi et al., 2024),
as well as training-free detectors AEROBLADE (Ricker
et al., 2024) and WaRPAD (Choi et al., 2025). Addition-
ally, we compare against Corvi+ and Rajan+ (Rajan & Lee,
2025), which apply the Stay-Positive algorithm to retrain
only the last layer with non-negative weight constraints.
Detailed descriptions of each baseline are provided in Ap-
pendix F.2.

We apply DEAR to two representative detectors, Corvi and
Rajan, and refer to the resulting methods as DEAR-¢ and
DEAR-r, respectively. Both employ a ResNet-50 backbone
trained on real images from LSUN and COCO, but differ
in how synthetic training data is constructed: Corvi uses
LDM-generated images conditioned on text prompts, while
Rajan uses VAE reconstructions of real images to ensure
pixel-level alignment between training pairs.

4.2. Robustness to Post-Processing

A practical detector must maintain reliable performance
when images undergo common transformations during stor-
age and transmission. Following the prior evaluation pro-
tocol (Rajan & Lee, 2025), we construct a post-processed
test set by randomly applying compression, resizing, and
color jittering to the synthetic images. Table 1 (bottom)
summarizes the results. While most baselines suffer no-
ticeable performance degradation under these perturbations,
DEAR-c and DEAR-r exhibit substantially improved ro-
bustness. The performance gap between DEAR and base
detectors becomes especially pronounced on challenging
generators like FLUX, where post-processing often removes
the fragile artifacts that conventional detectors rely upon.
This observation aligns with the intended behavior of DEAR,
where bilateral pruning removes these fragile features and
inpaint-augmented classifier refinement focuses the detector
on intrinsic generative artifacts that persist through post-
processing. Additional ablation studies comparing DEAR
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Table 1. Comparison with SoTA detectors. Methods are grouped by architecture type: CLIP-based, ViT-based (V), Training-free
(T-Free), and CNN-based. AUC, R.Acc (real accuracy), and F.Acc (fake accuracy) for each generator. Top: original test images, bottom:
post-processed. Bold indicates best, underline indicates second best. For training-free methods, we report only threshold-independent

AUC (-’) since they lack a calibrated classification threshold.

Original SD | MJ | KD | PG | PixArt | LCM | FLUX | Wauerst. | aMusEd || Avg
Detectors AUC R.Acc FAcc| AUC RAce FAce| AUC R.Ace FAce| AUC R.Ace FAce| AUC RAce FAce|AUC R.Ace FAce| AUC R.Ace FAce| AUC RAce FAcc| AUC RAce FAce| AUC RAce FAce
UFD 667 95.1 179|548 951 130]704 951 239|725 951 204|733 951 202|721 951 234[215 951 0.1 |938 951 745[953 951 775689 951 30.1

§ CPCLIP 753 930 409|708 930 187779 930 306|683 930 73 596 930 22 |705 930 17.6(499 930 80 |87.1 930 520 (988 930 983|731 930 306
S RINE 972 923 900|908 923 715|980 923 928|856 923 60.5|961 923 870|997 923 994|693 923 302|999 923 998|999 923 100.0| 930 923 812
ClipDet 781 853 474|793 853 509|792 853 508|821 853 53.0|846 853 598 |71.0 853 347|849 853 649 |93.0 853 87.0 912 853 805 | 826 853 588
> CoDE 874 855 719|810 855 601|689 855 386|868 855 705]932 855 865|859 855 692|623 855 253]703 855 420|749 855 463 [ 790 855 567
3 AEROBLADE 989 - - 994 - 98.4 70.9 943 990 - - s3 - 819 - - Jez0 - - |l90s
& WaRPAD 772 - - 749 - 77.0 732 66.1 66.1 - - sel - 929 - - 962 - 755
NPR 80.5 672 804|939 672 942[91.6 672 945|958 672 994|961 672 999|935 672 984975 672 997|982 672 99.1]959 672 973|937 672 959
SAFE 83.5 978 650|990 97.8 922|996 978 979|987 97.8 893 |99.5 978 977|994 97.8 96.6 |99.6 97.8 982|997 97.8 100.0| 99.6 97.8 98.7 | 97.6 97.8 92.8
AIDE 914 888 787|793 888 555|951 888 875|950 888 87.0|98.1 888 964 |95 888 77.5|96.1 888 903 |944 888 875|940 888 827 | 928 888 826
FerretNet 90.8 958 730|992 958 97.1|994 958 975|999 958 99.8|99.9 958 99.9 |99.9 958 100.0| 99.8 958 989 |99.7 958 992|998 958 99.1 || 987 958 96.0
LaDeDa 90.9 978 717|977 978 837|984 978 859|974 978 711|975 978 664 |99.0 978 886|997 978 974|998 978 99.2|99.8 97.8 984 | 978 978 847
Z DRCT 986 960 947|968 960 848|998 960 99.1|90.6 960 644|755 960 463|968 960 848|829 960 492|970 960 79.6 | 941 960 650 | 924 960 742
S corvi 1000 999 99.5|99.9 99.9 977 [100.0 999 100.0| 99.9 99.9 913 [100.0 99.9 100.0[100.0 99.9 997 | 87.8 99.9 21.5 [100.0 99.9 100.0| 989 999 685 || 98.5 99.9 865
Corvi+ 1000 99.1 99.9 |100.0 99.1 99.2 [100.0 99.1 100.0|100.0 99.1 100.0|100.0 99.1 100.0|100.0 99.1 100.0{100.0 99.1 99.6 |100.0 99.I 100.0(100.0 99.1 99.9 ||100.0 99.1 99.8
DEAR-c 1000 963 99.9 |100.0 963 100.0{100.0 963 100.0|100.0 963 100.0(100.0 963 100.0 100.0 963 100.0{100.0 963 100.0 100.0 963 100.0{100.0 963 99.9 ||100.0 963 100.0
Rajan 99.9 999 99.2|99.9 99.9 980 [100.0 999 99.9 |100.0 99.9 954 [100.0 99.9 100.0[100.0 99.9 99.8 | 892 99.9 12.0 | 983 99.9 457|839 999 248|968 999 750
Rajan+ 100.0 99.9 100.0|100.0 99.9 99.0 [100.0 99.9 100.0|100.0 99.9 100.0|100.0 99.9 100.0|100.0 99.9 100.0| 97.4 99.9 29.6 | 992 99.9 710|999 99.9 939 || 99.6 99.9 882
DEAR-r 99.9 974 998|999 974 99.8 [100.0 97.4 100.0|100.0 97.4 100.0|100.0 97.4 100.0 100.0 97.4 100.0| 9.5 974 966 100.0 974 999|995 974 966 || 99.9 974 99.2

Post-proc. SD | MJ | KD | PG | PixArt | LCM | FLUX | Wuerst. | aMUSEd || Avg
Detectors AUC R.Acc FAcc| AUC RAce FAce| AUC R.Ace FAce| AUC R.Ace FAce| AUC RAce FAce|AUC R.Ace FAce| AUC R.Ace FAce| AUC RAce FAce| AUC RAce FAce| AUC RAce FAce
UFD 592 932 13.1]429 932 82 564 932 145]533 932 75 [545 932 95 |572 932 129[250 932 06 |737 932 332853 932 507 | 564 932 167

S CPCLIP 609 966 143|685 966 97 [70.6 966 140|746 966 9.6 [706 966 32 |610 966 62 [355 966 06 |717 966 201[930 966 625|674 966 157
S RINE 760 775 617|533 775 285|648 775 419|597 775 37.6 |453 775 200|703 775 485|457 775 182|852 775 786|864 77.5 808 | 652 77.5 462
ClipDet 719 766 528|752 766 594|754 766 596|769 766 60.6|793 766 662|767 766 612|798 766 667|892 766 852|877 766 823 |79.1 766 66.0
> CoDE 822 810 684]688 810 476|644 810 415|694 810 463[762 810 596|674 810 441|636 810 384]703 810 490[702 810 479|703 81.0 492
3 AEROBLADE 56.1 - - |80 - 63.8 56.7 58.2 25 - - |s46 - 566 - - 610 - 59.3

& WaRPAD 645 - - 598 - 653 60.1 57.1 524 - - 350 - 822 - - o2 - 63.1

NPR 503 942 100|630 942 126|627 942 198|661 942 163 ]756 942 262|359 942 52 [419 942 56 |560 942 11.6[27.9 942 21 | 533 942 122
SAFE 539 995 14 |40 995 0.7 481 995 1.4 381 995 03 359 995 07 |473 995 00 |482 995 05 |517 995 10 |57.5 995 0.6 | 468 99.5 0.7
AIDE 658 903 234|649 903 172|683 903 255|611 903 99 | 698 903 232|583 903 148|658 903 213|756 903 277|761 903 305|673 903 215
FerretNet 565 977 27 | 447 977 11 |591 977 26 | 649 977 36 | 731 977 60 |499 977 11 |587 977 17 |656 977 17 | 609 977 03 | 593 977 23
LaDeDa 454 998 15 |57.1 998 02 |61.6 998 09 | 646 99.8 00 |738 998 0. |33.6 998 00 |421 998 0.1 |519 998 02 |339 998 00 | 516 998 03
Z DRCT 90.5 862 806|795 862 594|867 862 742|717 862 466|721 862 522|733 862 414|673 862 390 |77.1 862 50.6|856 862 657|782 862 56.6
S corvi 911 973 784|800 973 502|807 973 570|668 973 185|757 973 634 |8L1 973 460|642 973 211|828 973 593|907 97.3 358 | 792 973 477
Corvi+ 955 968 725|851 968 425|899 968 57.1|88.0 968 444|932 968 720|918 968 533|843 968 286|918 968 557|857 968 33.1 | 895 968 51.0
DEAR-c 96.5 764 962|890 764 849|924 764 894|929 764 910|938 764 910 961 764 965|824 764 73.6 948 764 933|932 764 960 | 923 764 902
Rajan 977 999 863|945 999 699|926 999 657|938 999 597|939 999 84.5[99.7 999 930|812 999 154|871 999 156|959 99.9 338|929 999 582
Rajan+ 96.1 99.1 834|861 99.1 644|916 99.1 716|893 99.1 687|914 99.1 799|973 99.1 848|847 99.1 27.8 |82.1 99.1 174|966 99.1 63.0 | 906 99.1 62.3
DEAR-r 98.6 95.1 957|953 951 860|973 951 914|979 951 924|976 951 932 99.8 951 99.0 | 944 951 77.6 957 951 827|976 951 87.8 | 97.1 951 89.5

against detectors trained from scratch with inpainted data
augmentation and analyzing sensitivity to the pruning ratio
o are provided in Appendix H (Figures 8 and 9).

4.3. Evaluation on the Wild Benchmarks

To assess robustness under real deployment conditions, we
evaluate on benchmarks collected from social media plat-
forms and online art communities. As shown in Table 2,
DEAR-c and DEAR-r demonstrate strong performance on
Chameleon (Yan et al., 2025a), WildRF (Cavia et al., 2024),
and LOKI (Ye et al., 2025), confirming that the robustness
gains observed on controlled post-processed data transfer to
in-the-wild scenarios.

4.4. Alleviating Asymmetry and Improving Calibration

Prediction asymmetry is characterized primarily by low
F.Acc, complicating the establishment of a universal deci-
sion threshold despite high threshold-independent metrics
like AUC. For instance, Table 1 shows that while DRCT
achieves an average AUC of 92 4, its fixed-threshold F.Acc

drops to 74.2, whereas R.Acc remains near-ceiling (96.0).
This divergence indicates a decision rule heavily biased to-
ward the real class, resulting in a substantial miss rate for
fake images under standard thresholds.

In contrast, DEAR enhances generalizability by maintain-
ing stable fake score distributions across diverse generative
models, thereby mitigating the need for dataset-specific cal-
ibration. Figure 5 illustrates this on original test images by
comparing score distributions for Playground (4-channel)
and FLUX (16-channel). Corvi’s fake scores for FLUX
shift dramatically below the decision threshold because the
detector misinterprets the fine-grained details preserved by
FLUX’s 16-channel architecture as indicators of authenticity.
By pruning these spurious dependencies, DEAR-c aligns
score distributions across disparate architectures, ensuring
reliable detection with a single threshold.

5. Related Work

Early detection methods focused on GAN-generated images,
training CNN classifiers on generator-specific traces (Wang
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Table 2. Additional results on Chameleon, Loki, and WildRF.
Methods are grouped by architecture type: CLIP-based, ViT-based
(V), Training-free (T-Free), and CNN-based. Bold indicates best,
underline indicates second best. For training-free methods, we
report only threshold-independent AUC (*-’) since they lack a
calibrated classification threshold.

Original Chameleon | Loki | WildRF Il Avg
Detectors AUC R.Acc FAcc|AUC RAce FAce|AUC R.Acc FAcc||AUC R.Acc FAce
UFD 554 978 3.6 675 951 279 |59.1 771 380 [|60.7 90.0 232

&: C2P-CLIP 442 995 28 | 658 930 279|749 90.6 36.6 ||61.6 943 224
T RINE 392 60.7 235|768 923 470 |782 941 458 || 647 824 38.8
ClipDet 527 741 289|692 853 37.6 (894 939 563 | 704 845 409
= CoDE 81.6 783 69.6 ‘ 619 855 39.8 ‘ 725 795 563 H 72.0 81.1 552
g AEROBLADE 74.8 - 63.5 72.1 70.1
L& ‘WaRPAD 55.2 - - 67.5 - - 79.8 - - 67.5 - -
NPR 521 988 8.0 [693 672 564|699 651 613|638 770 419
SAFE 571 996 55 [69.0 978 474 |69.0 988 313 || 651 987 28.1
AIDE 737 930 257|689 888 453|729 894 451|718 904 387
FerretNet 429 992 58 | 685 958 469|744 985 327|619 979 284
LaDeDa 509 100.0 53 (639 978 455|786 984 342 || 645 987 283
§ DRCT 746 799 579|859 960 506|767 827 59.1 ||79.1 862 559
G Corvi 732 989 194|728 999 409 |852 994 568 ||77.1 994 39.0
Corvi+ 836 995 188 |782 99.1 47.1 |824 99.0 565 ||81.4 992 40.8
DEAR-c 856 762 719|754 963 532 |87.8 946 708 | 829 89.0 67.3
Rajan 799 989 268 | 746 999 356|857 998 576 |[80.1 99.6 40.0
Rajan+ 754 993 30.1 (739 999 383 838 994 629 (|77.7 995 438
DEAR-r 789 817 642|785 974 493 [877 970 680 | 817 92.1 60.5

Post-proc. Chameleon | Loki | WildRF Il Avg
Detectors AUC R.Acc FAcc|AUC R.Acc FAcc|AUC R.Acc FAcc||AUC R.Ace FAcc
UFD 445 960 24 |58.0 932 19.1 | 602 920 21.6 ||543 938 144

&j C2P-CLIP 529 998 1.0 | 569 966 84 |739 941 219|612 968 104
T RINE 355 63.1 181 [582 775 362|755 916 351 (564 774 29.8
ClipDet 452 450 48.1 | 627 76.6 39.8 |86.7 879 652 | 649 698 51.0
>~ CoDE 705 832 441|585 810 356|727 838 510|672 827 435
§ AEROBLADE 60.3 53.6 - 58.3 - 574 -
t ‘WaRPAD 47.8 - 59.0 - - 74.1 - - 60.3 - -
NPR 476 98,6 2.1 |576 942 81 [522 909 145525 946 82
SAFE 534 995 0.1 |379 995 04 |574 99.0 1.2 || 495 993 0.6
AIDE 649 90.8 19.1 |51.5 903 119 | 673 949 212|612 920 174
FerretNet 412 99.1 05 | 427 977 1.3 (592 993 25 ||47.7 98.7 1.4
LaDeDa 517 999 00 |448 998 1.1 |548 998 06 |[504 999 0.6
% DRCT 66.1 785 44.1 {709 862 444 |78.0 86.6 532|717 837 472
G Corvi 57.1 930 136 | 669 973 344 |84.1 994 343 || 694 96.6 275
Corvi+ 729 960 105 |70.7 96.8 322 786 99.7 30.7 ||74.1 975 244
DEAR-c 70.7 721 585|724 764 59.6 |89.6 942 723 | 715 809 63.5
Rajan 668 99.6 95 |734 999 335|856 998 433|753 998 288
Rajan+ 646 99.0 145|708 99.1 373|814 99.8 439 | 723 993 319
DEAR-r 734 931 424|747 951 479 |863 970 656 | 781 950 52.0

et al., 2020) and exploiting frequency domain inconsisten-
cies inherent to the generation process. Later work traced
these cues to the upsampling operations shared across gener-
ative architectures (Tan et al., 2024b). With the emergence
of diffusion models (Ho et al., 2020; Rombach et al., 2022),
researchers developed specialized detectors targeting dif-
fusion specific signatures. Corvi et al. (Corvi et al., 2023)
demonstrated that a ResNet-50 trained on LDM-generated
images with careful preprocessing can generalize to unseen
diffusion architectures. Rajan et al. (Rajan et al., 2025) fur-
ther improved generalization by constructing aligned train-
ing pairs through VAE reconstruction, ensuring that real
and synthetic images differ only in decoder artifacts. Be-
yond CNN-based approaches, CLIP-based methods (Ojha
et al., 2023; Koutlis & Papadopoulos, 2024; Tan et al., 2025;
Cozzolino et al., 2024) leverage rich semantic representa-
tions learned from web scale data through linear probing or
prompt-based adaptation. DINOv2-based approaches (Guil-
laro et al., 2025; Chen et al., 2025a) similarly benefit from
self-supervised pretraining, with B-Free (Guillaro et al.,
2025) proposing a bias-free training paradigm using self-
conditioned reconstructions. Training-free methods such
as AEROBLADE (Ricker et al., 2024) and WaRPAD (Choi
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Figure 5. Score distribution shift. Baseline detectors (left) ex-
hibit severe distribution shift on unseen generators, while DEAR
variants (right) maintain stable fake score distributions above the
decision threshold.

et al., 2025) offer deployment flexibility by analyzing recon-
struction errors or feature stability without detector-specific
optimization.

Most relevant is Stay-Positive (Rajan & Lee, 2025), which
constrains final layer weights to be non-negative, effec-
tively ignoring features with negative contributions that
correlate with real images. While effective at eliminating
real-associated spurious features, this approach operates
blindly without identifying which channels are problem-
atic. DEAR instead leverages inpainted images to explic-
itly measure each channel’s alignment with generated re-
gions. Crucially, our analysis reveals that features at both
extremes of the alignment spectrum are structurally fragile.
By pruning channels at both extremes, DEAR removes real-
associated artifacts (e.g., compression signatures) and fake-
associated artifacts (e.g., generator specific fingerprints),
achieving more comprehensive robustness than single-sided
constraints. See Appendix G for an extended discussion.

6. Conclusion

We proposed DEAR to address prediction asymmetry, a
phenomenon where detectors exhibit high accuracy on real
images but experience significant performance drops on
generated content. By utilizing inpainted images to quantify
feature alignment, our framework identifies and eliminates
the spurious channels driving this discrepancy. Our analysis
reveals that features at both extremes of the alignment spec-
trum are susceptible to degradation, and our bilateral prun-
ing strategy effectively mitigates these vulnerabilities while
preserving robust forensic signals. By integrating diagnos-
tic dissection with feature pruning and inpaint-augmented
refinement of the final linear classifier, DEAR establishes a
principled framework for consistent detection performance
across unseen generators and post-processing scenarios.
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A. Problem Formulation and Notations

We address Al-generated image detection as a binary classification problem. Let D = {(x;,y;)}~; denote a dataset
where x; € RT*XWXC represents an image and y; € {0, 1} represents the label, with y = 0 indicating real images and
y = 1 indicating Al-generated (fake) images. The objective is to train a detector that accurately estimates the probability
p(y = 1|x).

We formulate the detector as a composition of two distinct modules: a deep feature backbone fy(-) and a linear classification
head hg(-). Specifically, the backbone parameterized by ¢ maps an input image x to the feature tensor of the final
convolutional layer, F = fp(x) € RP*"*% which global average pooling reduces to a D-dimensional embedding
z = Pool(F) € RP. The classification head parameterized by ¢ = {w,b} then projects this embedding to a scalar
probability score via a sigmoid activation:

p(x) = hy(z) = o(w'z+Db), ©)

where w € R” and b € R denote the weight vector and bias term, respectively. This decomposition allows us to analyze
and manipulate the feature extraction (fg) and decision-making (hg) processes independently.

Table 3. Table of notation

Notation  Description

Input Space & Detector

x Input image x € RHE>XWxC,

Y Binary label, y = 0 for real and y = 1 for Al-generated (fake).
fo Feature backbone parameterized by 6, mapping image to feature maps.
he Linear classification head parameterized by ¢ = {w, b}.

w,b Weight vector and bias of the linear classifier.

z Feature embedding after global pooling, z = Pool(f5(x)) € RP.
Drrain Training dataset of real and fake image pairs.

Inpainting & Feature Maps

Xreal Original real image used for inpainting.

Xgen Al-generated content synthesized by inpainting model.

Xinpaint Composite inpainted image with both real and generated regions.
M Binary inpaint mask M € {0, 1}7*W where 1 indicates generated region.
Dinpaint Diagnostic dataset of inpainted images with ground truth masks.
F Feature tensor from the final conv layer, F = fj(x) € RP*/xw,
F; Activation map of the kth channel, Fj, € R,

D Total number of channels in the final convolutional layer.
Regional Activation Discrepancy (RAD)

Qin Set of spatial positions in the inpainted (generated) region.

Qpg Set of spatial positions in the background (real) region.

ul(f ) Mean activation of channel k within the inpainted region.

u]():) Mean activation of channel k within the background region.

Sk RAD value for channel k, defined as Sj, = ul(f ) :“1(3:)~

Bilateral Pruning

Ollow; Ohigh ~ Lower and upper percentile parameters for pruning.

Tiows Thigh ~ Computed thresholds based on empirical RAD distribution.

m Binary pruning mask m € {0, 1} indicating retained channels.

F Pruned feature map after applying mask, F=moF.
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B. Limitations and Discussion

While DEAR provides a simple yet effective approach for improving detector robustness, it exhibits certain limitations.
First, our analysis focuses exclusively on the final convolutional layer before global average pooling, as it produces the
feature representation used by the linear classifier. However, lower layers may capture complementary low-level artifacts
such as pixel-level noise patterns or frequency domain irregularities that could further enhance detection. Extending the
dissection framework to analyze and selectively prune features across multiple layers remains an important direction for
future research. Second, DEAR operates as a post-hoc enhancement method that dissects and refines pretrained feature
representations. An interesting alternative would be to integrate the alignment based feature selection directly into the
training process, enabling the detector to learn robust features from scratch through online dissection. Exploring how to
incorporate RAD based supervision during training, rather than applying it retrospectively, represents an intriguing future
research direction.

C. Empirical Evidence for Spurious Reliance

We further analyze the role of spurious correlations in detector behavior through two complementary studies. The first
examines the asymmetric degradation pattern under WEBP compression and shows that it matches the signature of spurious
reliance on incidental curation artifacts rather than a uniform sensitivity to distribution shift. The second examines detector
behavior across unseen generator families and shows that refining the classifier on the representation pruned by DEAR
improves detection rather than degrading it.

C.1. Real-Class Evidence: Asymmetric Degradation under WEBP Compression

Prior work (Rajan & Lee, 2025; Grommelt et al., 2024) establishes that AIGI detectors often associate incidental curation
artifacts such as WEBP compression, JPEG compression, and resizing patterns with the real class. These artifacts are not
inherent to the real-versus-fake distinction, so applying post-processing that introduces them to Al-generated images can
cause detectors to incorrectly classify those images as real.

The degradation pattern we observe under WEBP compression is consistent with this prediction. In these experiments, WEBP
compression is applied to the test images at inference time. F.Acc is averaged over the nine generators of Table 1, and R.Acc
is measured on the corresponding real set. If detector failure under post-processing reflected only limited generalization,
both real accuracy and fake accuracy would be expected to decline. Instead, real accuracy remains near-perfect while fake
accuracy collapses, as shown in Table 4. The asymmetry is the signature of spurious reliance on compression artifacts as
real-class evidence rather than uniform decline across classes.

Table 4. Asymmetric degradation under WEBP compression. Corvi and Rajan maintain near-perfect real accuracy across all
compression strengths while their fake accuracy collapses, a signature of spurious reliance on compression artifacts as real-class evidence.

WEBP Quality Corvi R.Acc  Corvi FAcc Rajan R.Acc  Rajan F.Acc

0 (strongest) 100.00 0.03 100.00 0.01
50 100.00 3.59 100.00 4.68
90 (mildest) 99.60 33.81 99.83 37.75

When the classifier is refined on the representation pruned by DEAR, fake accuracy under WEBP compression improves
substantially (Table 5). Because the base detectors already maintain near-perfect real accuracy under WEBP compression,
this recovery reflects removal of spurious realness cues rather than a class-balance trade-off.

Both the asymmetric failure pattern in Table 4 and the targeted recovery in Table 5 support interpreting the observed failure
as a consequence of detectors relying on compression artifacts as real-class evidence, rather than as a generic loss of accuracy
under distribution shift.

C.2. Fake-Class Evidence: Recovery on Unseen Generator Families

A complementary concern is whether the channels DEAR prunes carry genuinely spurious shortcuts rather than valid but
sensitive forensic cues. We address this by examining detector behavior on unseen generator families. Prior work (Yan
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Table 5. DEAR mitigates WEBP-induced misclassification. Refining the classifier on the representation pruned by DEAR improves
fake accuracy by 15 to 38 percentage points relative to the base detectors across all settings.

WEBP Quality Corvi FAcc DEAR-c F.Acc A Rajan FAcc DEAR-r FAcc A

50 3.59 23.01 +19.42 4.68 19.67 +14.99
70 7.24 33.11 +25.87 9.24 29.21 +19.97
90 33.81 71.48 +37.68 37.75 66.70 +28.95

et al., 2025b; Kashiani et al., 2025; Ma et al., 2025) shows that detectors trained on a single generator family tend to learn
model-specific shortcuts, including low-rank artifact subspaces, spectral biases, and generator-specific noise fingerprints,
rather than universal forensic traces. A channel that captured a valid generative artifact should remain useful for detecting
unseen generators sharing the underlying generative process, so its removal should hurt detection on those generators. The
opposite is observed in Table 6.

Test sets. We evaluate on three groups of generators, none of which appears in the training distribution of Corvi or Rajan.
The first two are taken from the test set released by Ojha et al. (2023). From it we use six non-diffusion generators, reported
as an unweighted mean: the GANs BigGAN, GauGAN, ProGAN, and StarGAN, together with the two low-level vision
models SAN, a second-order attention network for super-resolution, and SITD (Seeing-in-the-Dark), a low-light raw-to-RGB
pipeline. We report these six jointly because none of them is diffusion-based, and we label the row accordingly rather than
as GAN, since two of the six are not adversarially trained. The second group is the deepfake subset of the same test set. The
third is FLUX, the DiT-based generator already used in Table 1.

Table 6. DEAR improves detection on unseen generator families. Refining the classifier on the representation pruned by DEAR
improves fake accuracy across six non-diffusion generators (BigGAN, GauGAN, ProGAN, StarGAN, SAN, SITD), a deepfake test set,
and FLUX (DiT), none of which appear in the training distribution of Corvi or Rajan (both trained only on LDM-generated images). A
valid forensic channel should remain useful on these unseen generators, so the recovery pattern is incompatible with the interpretation that
the pruned channels carry valid cues.

Generator Family Corvi FAcc DEAR-c FAcc Rajan FAcc DEAR-r FAcc
Non-diffusion avg (6 models) 16.83 64.15 (+47.32) 7.43 46.35 (+38.92)
FLUX (DiT) 21.53 100.00 (+78.47) 12.00 96.60 (+84.60)
Deepfake 84.20 99.50 (+15.30) 46.93 97.70 (+50.77)

If the removed channels encoded valid forensic information, their removal should have degraded detection on these unseen
generator families. Instead, removal recovers detection across three distinct groups, including the GAN-based generators,
which are architecturally distinct from the LDM training generator. We interpret a feature whose removal recovers detection
across these unseen families as a spurious shortcut tied to the training generator, rather than a sensitive but valid forensic cue.

D. Robustness of the Diagnostic Procedure to Inpainting Model Choice

A natural concern about DEAR’s diagnostic pipeline is whether the RAD scores, and hence the pruning mask they induce,
depend on the specific inpainting model used to generate the diagnostic samples. We address this concern by recomputing
RAD on alternative diagnostic datasets generated by two architecturally distinct inpainting models, FLUX Fill (Black
Forest Labs, 2024b) (a DiT-based inpainter) and SDXL (Podell et al., 2024) (a UNet-XL inpainter), and comparing both
downstream detection performance and channel-level rankings against the Stable Diffusion 1.5 diagnostic used in the main

paper.

Detection performance across diagnostic models. Table 7 reports the post-processed test set average AUC for DEAR-c
and DEAR-r when the pruning mask is derived from each of the three diagnostic models, using the same evaluation protocol
as Table 1 (bottom). All three diagnostic sources yield substantially improved detection over the base detectors. The spread
across diagnostic-model choices is small (about 2.5 AUC points on DEAR-c and 1.0 AUC points on DEAR-r), and every
choice clearly outperforms the corresponding baseline.
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Table 7. Detection performance across alternative diagnostic inpainting models. Post-processed test set average AUC for DEAR-c and
DEAR-r when the pruning mask is derived from each of three diagnostic inpainting models. All three diagnostic sources yield substantial
improvement over the base detectors. The spread across choices is small (about 2.5 AUC on DEAR-c and 1.0 AUC on DEAR-r).

Diagnostic Model DEAR-c AUC DEAR-r AUC
SD 1.5 92.25 97.14
FLUX Fill 91.19 96.14
SDXL 89.79 96.45
Base detector (without DEAR) 79.23 92.93

Channel-level consistency across diagnostic models. To examine whether the three diagnostic models identify the same
channels as carrying spurious information, we measure the agreement between RAD rankings across diagnostic models
using two complementary statistics. Spearman’s p summarizes the agreement on the full channel ordering, while Jaccard
similarity at the « = 10% pruning threshold summarizes the agreement on the actual pruning decision. Results for both
Corvi and Rajan backbones are shown in Table 8.

Table 8. Channel-level consistency between diagnostic inpainting models. Spearman’s p on the full RAD ranking and Jaccard similarity
on the & = 10% pruning decision, measured against the SD 1.5 diagnostic. Values are reported for both Corvi and Rajan backbones.
Channel rankings remain well-preserved across architecturally distinct inpainting models.

Comparison Spearman p (Corvi / Rajan) Jaccard @ = 10% (Corvi / Rajan)
SD 1.5 vs. FLUX Fill 0.79/0.95 0.87/0.83
SD 1.5 vs. SDXL 0.94/0.97 0.92/0.89

Interpretation. Spearman p values from 0.79 to 0.97 indicate that channel rankings are well-preserved across architec-
turally distinct inpainting models, and Jaccard similarities at « = 10% from 0.83 to 0.92 indicate that most of the channels
selected for pruning by one diagnostic model are also selected by the others. If RAD were biased toward features specific to
SD 1.5’s decoder or spectral signature, we would expect two consequences. First, channel rankings would diverge when the
diagnostic inpainter is replaced by an architecturally distinct one. Second, detection performance on non-SD generators
would degrade. Neither is observed. The consistent gains across the nine unseen generators (Table 1), including FLUX
(a DiT model with a 16-channel VAE), aMUSEd (a masked image model with parallel token decoding), and Midjourney
(a proprietary system), provide further evidence that RAD captures generator-agnostic feature properties rather than SD
1.5-specific characteristics.

This stability is consistent with what RAD measures. RAD quantifies how a pretrained detector’s internal features respond
to inpainted versus surrounding regions. Because the detector’s feature space is fixed by its training, channels that respond
differentially to inpainted content tend to do so regardless of which inpainting model produced the inpainted region,
producing similar RAD rankings. The modest variation between SD 1.5 and FLUX Fill (Jaccard from 0.83 to 0.87)
reflects that different inpainting models alter slightly different image properties, while the global channel ordering remains
well-preserved.

E. Implementation Details

Diagnostic data generation. We construct the diagnostic inpaint dataset using 90,000 images from the LSUN dataset. For
each image, we generate a random rectangular mask with area ratio uniformly sampled from [0.02,0.2] and aspect ratio
from [0.5, 2.0]. The mask position is randomly placed within the image boundaries. We employ the Stable Diffusion 1.5
inpainting model' to synthesize content for the masked regions. We deliberately pass an empty text prompt, so that the
synthesized content is driven only by the surrounding authentic context and carries no prompt-specific semantics that a
detector could latch onto.

1https ://huggingface.co/stable-diffusion-vl-5/stable-diffusion-inpainting
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Algorithm 1 DEAR: Dissect and Prune

Input: Pretrained detector ( fy, hy), Diagnostic data Dinpaint, Train data Digin, percentiles cviow, high
Output: Refined detector (fp, by, m)
// Stage 1: Dissection (Compute RAD)
S+—0eR?, neo
for the first 100 batches (x, M) in Dippaint do
Discard samples whose cropped mask is empty, skipping the batch if none remain
F < fo(x), M Downsample(M)
S ¢ S + meanyyen (RAD(F,M)) (Egs.3and9), n < n + 1
end for
S« S/n
// Stage 2: Bilateral Pruning
: Tiow < Percentile(S, 100 ayow )
* Thigh < Percentile(S, 100 (1 — ahigh))

_._.
S AN A R AR i e

—_—
W N

14: m < IL[7—low <8< Thigh]

15: // Stage 3: Classifier Refinement

16: Freeze backbone parameters 6, keeping BatchNorm in eval mode

17: Reinitialize classifier parameters ¢ < 0

18: for paired batches (x, ) in Dyin and (x’,y") in Dinpaini do

19: // Inpaint label: 1 if the crop retains inpainted pixels, else 0
20: // Apply pruning mask

21: F+mo fo(x), F’Ne mo fp(x') 3

22: L+~ £BCE(h¢> (POOI(F))7 y) + ﬁBCE(h¢(POOI(F/)), y/)

23:  Update ¢ to minimize £

: end for
: return (fg, hy, m)

NN
[T N

Compositing with the hard rectangular mask would leave a step discontinuity along the mask border. Such a seam is an
artifact of the compositing operation, not of the generative model, and a detector could respond to it rather than to the
generative traces we intend to probe. We therefore feather the boundary: we apply a Gaussian blur with a blur factor of 33
to the mask, obtaining a soft mask M, € [0, 1]7*W and use M, both as the conditioning mask passed to the inpainting
model and as the per-pixel compositing weight:

Xinpaint — M, ® Xoen + (1 - Ma) © Xreal - ®)

Equation 2 in the main text states this construction with the binary mask for clarity. The hard binary mask M is stored
separately and serves as the ground truth spatial reference for the dissection stage.

Inpainting is carried out at 512x512 resolution: the real image and its mask are first resized to 512x 512, the masked region
is regenerated and composited at that resolution, and the resulting composite is then resized back to the original dimensions.
Figure 6 shows representative examples from the diagnostic dataset.

Dissection and pruning. For RAD computation, we extract feature maps from the final convolutional layer before global
average pooling, which contains D = 2048 channels for the ResNet-50 backbone. Scoring uses the same input pipeline as
classifier refinement: each diagnostic image passes through the training augmentations, including JPEG compression, blur,
noise and color jitter, and is then randomly cropped to 96 x 96, with all geometric transforms applied identically to the
image and its mask so that the two remain registered.

Since a 96 x 96 crop yields a 12 x 12 feature map, we downsample the binary mask onto the feature grid by bilinear
interpolation, which yields a soft occupancy map M € [0, 1]**™. The two regional means entering Eq. 3 are then computed
as occupancy-weighted averages,

) _ M@ Fr(@) g _ X, (1 - M(2) Fi(a)
S (1-M

in — ) 9 (9)
S.oM() (1- M(x))
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where the sums run over all hw spatial positions, so that positions straddling the mask boundary contribute to both terms in
proportion to their occupancy.

A random crop may fall entirely inside the authentic background, in which case the sample contains no inpainted region
and is excluded from scoring. We accumulate per-batch means over the retained samples and average across 100 batches
(approximately 6,400 loaded crops) from the diagnostic dataset. The bilateral pruning thresholds are determined by percentile
parameters oo and anigh, which we tune from the set {0.05,0.1,0.2,0.3}. The results reported throughout the paper use
Olow = Othigh = 0.2 for DEAR-c and aow = otyigh = 0.3 for DEAR-1. We apply hard gating, setting the gate value to 1 for
retained channels and O for pruned channels. A full list of the hyperparameters is reported in Table 9. Figure 7 provides
additional examples of the feature alignment visualization across diverse images.

Table 9. Hyperparameters for DEAR.

Component Hyperparameter Value
Diagnostic Data Generation

Source Images LSUN (90,000 images)
Mask Area Ratio [0.02,0.2]
Mask Aspect Ratio [0.5,2.0]
Inpainting Model Stable Diffusion 1.5
Mask Blur Factor 33
Processing Resolution 512512

Dissection (RAD Computation)

Feature Layer

Final conv (layer4)

Number of Channels (D) 2048

Scoring Crop Size 96%x96

Feature Map Size 12x12

Mask Downsampling Bilinear (soft occupancy)
Score Type RAD

Max Scoring Batches 100

Bilateral Pruning

Qtiow, Cthigh Tuned from {0.05,0.1,0.2,0.3}

Reported setting 0.2 (DEAR-c) / 0.3 (DEAR-1)
Classifier Refinement

Learning Rate 1x10™4

Optimizer Adam (5, = 0.9)

Batch Size (Main / Inpaint) 64 /64

Head Initialization Zeros

Objective Lpce(main) + Lgcg(inpaint)
Inpaint Target 1 if crop retains mask, else 0
Early Stopping Patience 5 epochs

Early Stopping Delta 0.001

Classifier refinement. After applying the pruning mask, we freeze all backbone parameters, keep every batch normalization
layer in evaluation mode so that its running statistics are not updated, and reinitialize the final linear classifier weights
and bias to zero. We train the classifier using the Adam optimizer with a learning rate of 1 x 10~ and 3; = 0.9. Each
optimization step draws one batch of 64 from the original training data and one batch of 64 from the diagnostic inpaint
data, and minimizes the sum of the binary cross-entropy losses on the two batches. The target of a diagnostic sample is
decided per crop rather than per source image: it is 1 if the crop retains any pixel of the inpainted region and 0 otherwise, so
crops falling entirely inside the authentic background act as real examples. The inpaint branch therefore acts as a localized
supervision signal, requiring the classifier to respond to the presence of generated pixels inside the crop rather than to
image-level context. For DEAR-r, the main branch follows the aligned-pair protocol of Rajan et al. (2025): a real image
and its VAE reconstruction receive identical augmentation and are concatenated into a single batch, giving an effective
main batch size of 128. We apply early stopping with a patience of 5 epochs and a minimum improvement threshold of
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0.001 in validation accuracy. When validation accuracy stagnates, the learning rate is reduced by a factor of 10, and training
terminates when the learning rate falls below 1075,

Data augmentation. We adopt the data augmentation pipeline established in prior work (Corvi et al., 2023; Wang et al.,
2020). Augmentations are applied to the full image first, and a random 96x96 crop is extracted afterwards. This crop is
the input actually fed to the network. In application order, the scheme comprises random resized cropping to 256256
with aspect ratio in [0.75, 1.33] (p = 0.2) to ensure scale invariance, color jittering with brightness, contrast and saturation
strength 0.4 and hue strength 0.1 (p = 0.8), grayscale conversion (p = 0.2), cutout of a single 48 x48 region (p = 0.2),
additive Gaussian noise (p = 0.2), Gaussian blur with sigma in [0.0, 3.0] (p = 0.5), JPEG compression with quality factors
sampled from [30, 100] (p = 0.5), rotation by a random multiple of 90° (p = 1.0), and horizontal flipping (p = 0.5). For
diagnostic inpaint samples, the geometric transforms (resized crop, rotation, flip, and the final crop) are applied identically
to the image and its mask, while the photometric and degradation transforms are applied to the image only.

Inference. During inference, we do not apply any cropping or resizing to the input images. This is possible because the
ResNet-50 backbone employs a spatially adaptive average pooling layer before the final classifier, allowing it to process
images of arbitrary resolutions.

Computational resources and runtimes. All experiments were conducted using a single NVIDIA H200 GPU. The
approximate execution times for each component are as follows:

* Diagnostic inpaint data generation: 11 hours

* DEAR-c / DEAR-r classifier refinement: approximately 3 hours

These times are per model training instance or data generation run and may vary slightly depending on the specific
environment.

F. Experimental Setup Details
F.1. Details of Datasets

We describe the datasets used for training and evaluation in our experiments.

Training Data. Following the established protocol in prior work (Corvi et al., 2023; Rajan et al., 2025), we construct our
training set using real images from two widely-used sources: LSUN (Yu et al., 2015) and COCO (Lin et al., 2014). The
LSUN dataset provides diverse indoor and outdoor scene categories, while COCO offers images with rich object annotations
across various contexts. For synthetic training images, we consider two generation strategies depending on the baseline
detector:

¢ Corvi-style training: Fake images are generated by Latent Diffusion Models (LDM) (Rombach et al., 2022) using text
prompts that correspond to the semantic content of the real images. This approach maintains content alignment through
text-based conditioning.

* Rajan-style training: Fake images are produced by passing real images through the VAE encoder-decoder of LDM,
creating reconstructions that preserve the exact visual content while introducing only the artifacts from the autoencoder
pipeline. This alignment strategy ensures that real and synthetic pairs differ solely in decoder-induced artifacts,
eliminating spurious correlations from semantic or resolution mismatches.

Evaluation Data. For the generator-specific evaluation we adopt the test set released by Rajan et al. (2025), whose real split
consists of images from the RedCaps dataset (Desai et al., 2021), which contains diverse web-crawled images with natural
variations in content, resolution, and compression. The evaluation set encompasses images from multiple generative models
and in-the-wild benchmarks, organized into the following categories:

Generator-specific evaluation. We evaluate on images from nine different generative models spanning various architectures:
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 Diffusion-based models: Stable Diffusion (SD) (Rombach et al., 2022), FLUX (Black Forest Labs, 2024a), Kandin-
sky (Razzhigaev et al., 2023), Playground (Li et al., 2024), and PixArt (Chen et al., 2024b).

» Latent consistency models: LCM (Luo et al., 2023), which enables fast sampling through consistency distillation.

 Alternative architectures: Wuerstchen (Pernias et al., 2024), which employs a three-stage cascade in which a diffusion
model operates in a highly compressed latent space, and aMUSEAd (Patil et al., 2024), a masked image model that
decodes visual tokens in parallel rather than autoregressively.

e Commercial systems: Midjourney (Midjourney, 2022), a proprietary text-to-image service known for high aesthetic
quality.

In-the-wild evaluation. To assess detector performance under realistic deployment conditions, we additionally evaluate on
three challenging benchmarks collected from real-world online sources:

e Chameleon (Yan et al., 2025a): A curated collection of challenging Al-generated images gathered from online Al art
communities such as ArtStation, Civitai, and Liblib. These images are specifically selected to be difficult for human
perception and represent the current landscape of high-quality synthetic content shared publicly. We use the real and
fake splits as distributed with the benchmark.

* WildRF (Cavia et al., 2024): Images collected from social media platforms including Reddit, Facebook, and X
(formerly Twitter). Fake images are retrieved using common hashtags such as #aiart, #aigenerated, and #fakephoto,
while real images are sourced using tags like #photography and #realphoto. We use both splits as released. This dataset
reflects the types of images that detectors would encounter when deployed for content moderation.

e LOKI (Ye et al., 2025): A comprehensive synthetic data detection benchmark originally designed for evaluating large
multimodal models across five modalities. We utilize its image subset, which includes diverse generation sources and
specialized domains such as satellite imagery and medical images, requiring both perceptual and knowledge-based
reasoning for detection. LOKI does not distribute a matched real split, so we pair it with the same RedCaps real set
used for the generator-specific evaluation.

These in-the-wild benchmarks are particularly valuable because they contain images that have undergone unknown post-
processing operations (compression, resizing, filtering) during upload and sharing, presenting a more realistic challenge
than laboratory-controlled test sets.

F.2. Baseline Methods

We compare our method against a comprehensive set of state-of-the-art Al-generated image detectors. Below we provide a
brief description of each baseline, categorized by their underlying architecture and approach.

CNN-based Detectors.

e Corvi (Corvi et al., 2023): A ResNet-50 based detector trained on real images from COCO and LSUN, paired with
fake images generated by LDM using text prompts corresponding to the real data. The method preserves low-level
forensic traces by removing the downsampling operation in the first convolutional layer and employs aggressive data
augmentation to improve robustness.

* Rajan (Rajan et al., 2025): Uses the same ResNet-50 architecture and real images as Corvi, but trains on fake images
generated by VAE reconstructions of the real images rather than prompt-based generation. This alignment ensures that
real and fake training samples differ only in decoder artifacts, reducing spurious correlations from content or resolution
mismatches.

¢ Corvi+ (Rajan & Lee, 2025): Applies the Stay-Positive algorithm to the Corvi detector. The key insight is that an
image should be classified as fake only if it contains artifacts from the generative model, while the absence of such
artifacts indicates a real image. The method freezes the backbone of a pre-trained Corvi detector and retrains only the
last linear layer with a non-negativity constraint on weights. By clamping weights to stay positive, the detector ignores
features associated with real images (which would have negative weights) and focuses exclusively on fake artifacts.
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This eliminates spurious correlations from post-processing artifacts (e.g., WEBP compression) that the detector may
have incorrectly associated with real images.

* Rajan+ (Rajan & Lee, 2025): Applies the same Stay-Positive algorithm to the Rajan detector. Combined with Rajan’s
aligned training data (VAE reconstructions), this approach achieves improved robustness to post-processing operations
and better generalization to newer generators within the same family (e.g., from LDM to FLUX). The method also
enables effective detection of partially inpainted images, where conventional detectors struggle due to their reliance on
real image features.

* NPR (Tan et al., 2024b): This approach feeds a ResNet-50 classifier with a residual image computed as the difference
between the original image and its bilinearly interpolated version. The method exploits artifacts introduced by
upsampling operations that are common across various generative architectures.

* SAFE (Li et al., 2025b): A lightweight detector (1.44M parameters) that addresses training biases through three
strategies: (1) replacing downsampling with crop operations to avoid artifact distortion, (2) adding ColorJitter and
RandomRotation augmentation to reduce overfitting to color and semantic biases, and (3) employing patch-based
random masking to enforce local awareness.

e AIDE (Yan et al., 2025a): Al-generated Image DEtector with Hybrid Features that leverages multiple experts to
simultaneously extract visual artifacts and noise patterns. The method uses a ConvNeXt backbone and introduces the
Chameleon dataset containing challenging Al-generated images curated from online sources.

* FerretNet (Liang et al., 2025): Extracts local pixel dependency features through median filtering operations that capture
neighborhood relationships based on Markov Random Field theory. The method computes residuals between the
original image and its median-reconstructed version. The lightweight architecture (1.1M parameters) with depthwise
separable and dilated convolutions enables efficient real-time detection.

e LaDeDa (Cavia et al., 2024): Locally Aware Deepfake Detection Algorithm that operates on single 9 x9 image patches
and outputs patch-level deepfake scores, which are then pooled to produce the final image score. The method can be
distilled to Tiny-LaDeDa with only 4 convolutional layers for efficient edge deployment.

¢ DRCT (Chen et al., 2024a): Uses a ConvNeXt backbone trained with diffusion reconstruction contrastive learning.
The method generates semantically aligned training pairs by reconstructing both real and fake images through DDIM
inversion.

CLIP-based Detectors.

e UFD (Ojha et al., 2023): Leverages the pre-trained CLIP ViT-L/14 vision encoder with a simple linear probing
approach. The frozen CLIP features are shown to contain discriminative information for distinguishing real from
generated images across diverse generators.

e C2P-CLIP (Tan et al., 2025): Injects category-common prompts into the CLIP framework to enhance generalization in
deepfake detection. The method learns prompt embeddings that encode real and fake concepts while keeping the vision
encoder frozen.

* RINE (Koutlis & Papadopoulos, 2024): Extracts features from intermediate transformer blocks of a frozen CLIP
encoder and employs a Trainable Importance Estimator module to learn adaptive weights for aggregating multi-layer
representations.

* ClipDet (Cozzolino et al., 2024): Systematically explores various CLIP backbones pretrained on different datasets and
proposes an ensemble approach that aggregates predictions from multiple CLIP variants to improve robustness across
diverse generators.

Vision Transformer-based Detectors.
* CoDE (Baraldi et al., 2024): Learns contrastive embeddings by training a ViT encoder to distinguish global and local
image similarities. The method combines multiple classification heads including linear, SVM, and k-NN classifiers for

robust detection.
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Training-free Detectors.

* AEROBLADE (Ricker et al., 2024): Detects Al-generated images by measuring the LPIPS reconstruction error when
images are passed through multiple LDM autoencoders. Generated images exhibit lower reconstruction error since
they were originally produced by similar encoder-decoder pipelines.

* WaRPAD (Choi et al., 2025): Measures the sensitivity of DINOv2 features to high-frequency perturbations extracted
via Haar wavelet decomposition. Because DINOV2 is pretrained with RandomResizedCrop augmentation, its features
are more stable under such perturbations for real images than for Al-generated ones, and the method exploits this gap.

For fair comparison, we follow the official implementations and pretrained checkpoints released by the authors.

G. Extended Related Work

We discuss recent work on Al-generated image detection across six themes.

Reconstruction-Error Detectors. One group of detectors exploits a generative model’s own reconstruction error as a
forensic signal. DIRE (Wang et al., 2023) introduces this formulation by passing test images through a pretrained DDIM
(encode then decode) and measuring the per-pixel discrepancy, exploiting the observation that Al-generated images, which lie
on the diffusion model’s image distribution, reconstruct more accurately than authentic photographs. AEROBLADE (Ricker
et al., 2024) extends the idea to a training-free setting by computing LPIPS-based reconstruction error across multiple LDM
autoencoders. LaRE? (Luo et al., 2024) refines DIRE by operating on the latent reconstruction error and using it to guide
CLIP-feature refinement, while FakeInversion (Cazenavette et al., 2024) replaces the reconstruction step with a Stable
Diffusion inversion and learns features that transfer to unseen text-to-image models. FIRE (Chu et al., 2025) sharpens the
reconstruction signal by decomposing it into frequency bands and weighting the bands that survive post-processing.

CLIP/ VLM /MLLM Detectors. Another group of detectors leverages frozen vision—language backbones, exploiting
their broad semantic priors. UFD (Ojha et al., 2023), ClipDet (Cozzolino et al., 2024), C2P-CLIP (Tan et al., 2025), and
RINE (Koutlis & Papadopoulos, 2024) apply linear probing or prompt-style adaptation on CLIP features. FatFormer (Liu
et al., 2024) inserts forgery-aware adapters that fuse image- and frequency-domain forgery traces with a language-guided
alignment branch, and ForgeLens (Chen et al., 2025b) similarly attaches a lightweight forgery-focus module to CLIP-ViT
that is trained to suppress forgery-irrelevant CLIP features. SDD (Wang et al., 2025b) introduces a token sampling stage
that emphasizes regions where CLIP semantics and forgery cues diverge. AIGI-Holmes (Zhou et al., 2025b) moves further
toward multimodal large language models, combining instruction tuning and direct preference optimization to produce an
MLLM-based detector with natural-language explanations.

Bias and Shortcut Removal. Several recent works address spurious correlations in AIGI detection through different
mechanisms. Stay-Positive (Rajan & Lee, 2025) retrains the last linear layer of a pretrained detector under a non-negativity
constraint, effectively suppressing real-aligned features while leaving fake-aligned features untouched. Breaking Semantic
Atrtifacts (Zheng et al., 2024) attacks the same problem from the data side, applying patch shuffling during training to
discourage the detector from relying on object-level cues. Breaking Latent Prior Bias (Zhou et al., 2025a) identifies
a different shortcut, the latent-noise prior of diffusion generators, and mitigates it via on-manifold adversarial training,
releasing a Genlmage++ test set that re-exposes the underlying generative artifacts. VIB-Net (Zhang et al., 2025) compresses
the CLIP feature representation under a variational information-bottleneck objective, aiming to retain only the dimensions
that carry forgery cues. MLEP (Yuan et al., 2025) replaces the input with multi-granularity local entropy patterns to suppress
content bias, and PiD (Fu et al., 2025) decomposes the input image into semantic and non-semantic residual components
and trains the detector on the residual alone. DEAR shares the diagnosis with these works but addresses it through direct
channel-level pruning, using inpaint masks to identify channels at both extremes of the alignment spectrum.

Spectral and Low-Level Artifact Representations. A complementary group of detectors relies not on the network’s
learned features but on transformed inputs that expose generative artifacts directly. In the spectral direction, SPAI (Kara-
georgiou et al., 2025) learns a self-supervised masked spectral model on real images and detects Al-generated content
via a spectral reconstruction similarity score, handling arbitrary input resolutions through spectral context attention. The
closely related frequency-masking approach of Tan et al. (2024a) pursues the same idea. Along a different low-level axis,
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LGrad (Tan et al., 2023) replaces the input with image gradients computed through a frozen CNN, learning detectors on
these gradient maps rather than raw pixels, and NPR (Tan et al., 2024b) extends the same intuition by feeding bilinear-
residual representations as inputs. LOTA (Wang et al., 2025a) decomposes inputs into bit-plane noise channels and selects
gradient-rich patches for classification.

Natural-Image-Distribution Detectors. A distinct paradigm trains the detector exclusively on real images and treats Al-
generated content as out-of-distribution relative to the learned real-image distribution. Forensic Self-Descriptions (Nguyen
et al., 2025) learns a bank of predictive filters whose residuals form a per-image forensic “description”, and Al-generated
images are flagged in a zero-shot manner via their deviation from the distribution of these descriptions. Beyond Genera-
tion (Zhong et al., 2025) repurposes a diffusion model as a denoiser inside a self-supervised pretext and models the resulting
low-level feature distribution of real photographs, against which test images are compared. SPAI’s spectral reconstruction
similarity score (Karageorgiou et al., 2025) also falls in this paradigm, although its defining signal is spectral.

Benchmarks. Several recent benchmarks evaluate AIGI detectors at scale and under realistic conditions. Genlmage (Zhu
et al., 2023) provides a million-scale real-fake pair benchmark spanning eight generators and has been widely adopted for
cross-generator evaluation. Sentry-Image / Fake2M (Lu et al., 2023) pairs detector evaluation with a human-perception
study, exposing the gap between machine and human reliability. DF40 (Yan et al., 2024) curates forty deepfake techniques,
primarily face-focused, for next-generation detection evaluation. Semi-Truths (Pal et al., 2024) and AIGIBench (Li et al.,
2025¢) explicitly target detector robustness, with Semi-Truths releasing 1.3M Al-augmented images under controlled
perturbations and AIGIBench benchmarking eleven detectors across twenty-three fake subsets and real-world social-media
samples. Community Forensics (Park & Owens, 2025) pushes generator diversity to thousands, supplying 2.7M images
from over four thousand generators. RRDataset (Li et al., 2025a) measures real-world robustness through transmission and
re-digitization pipelines, evaluating seventeen detectors and ten VLMs against real-world post-upload distortions. Our wild
benchmarks (Chameleon (Yan et al., 2025a), WildRF (Cavia et al., 2024), LOKI (Ye et al., 2025)) fall into this category.

H. Additional Results

We provide extended ablation studies comparing DEAR variants against baseline methods and their extensions. In addition
to the baselines described in Appendix F.2, we introduce two additional variants to investigate whether simply augmenting
training data with inpainted images can achieve similar benefits to DEAR:

* Corvi-inpaint: Trains a ResNet-50 detector from scratch using the standard Corvi training protocol, but augments the
training set with our diagnostic inpainted images as additional fake samples.

¢ Rajan-inpaint: Similarly trains from scratch with the Rajan protocol, augmented with inpainted images.

These variants test whether the performance gains of DEAR stem merely from exposure to inpainted data during training, or
whether the dissection and pruning mechanism provides orthogonal benefits.

Analysis of results. Figure 8 summarizes the average AUC across all nine generators. Several observations emerge from
this comparison. First, DEAR variants consistently match or outperform all baselines on both original and post-processed
images, with the performance gap being most pronounced under post-processing. Second, and perhaps more interestingly,
Corvi-inpaint and Rajan-inpaint show limited improvement over their base detectors despite being trained with inpainted
data. In some cases, such as Rajan-inpaint on post-processed images, performance actually degrades compared to the
original Rajan detector. This suggests that naively augmenting training data with inpainted images does not effectively
teach the detector to focus on robust features. In contrast, DEAR’s explicit dissection and pruning mechanism successfully
identifies and removes the problematic channels, achieving substantial gains without retraining the backbone from scratch.

Figure 9 provides a per-generator breakdown of these results. The detailed view reveals that DEAR’s improvements are
consistent across generators. We use symmetric pruning with ajow = anigh = « throughout our experiments, and tune «
over {0.05,0.1,0.2,0.3}. The two figures plot the three largest of these values. The stability across pruning ratios further
demonstrates the robustness of our approach to hyperparameter choices.
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Mask Original Inpainted Mask Original Inpainted Mask Original

Inpainted

Figure 6. Examples from the diagnostic inpaint dataset. Each group of three rows shows: original real images (top), binary inpaint
masks (middle), and resulting inpainted images with mask boundaries highlighted in white (bottom).
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Figure 7. Extended Feature Alignment Visualization. Additional examples demonstrating the regional activation patterns across
different images. Each row shows (from left to right): original image, inpainting mask, inpainted image, and activation maps from high,

middle, and low RAD channels. Consistent with Figure 3, high RAD channels selectively activate on generated regions while low RAD
channels respond to real backgrounds.
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(Corvi+, Rajan+), inpaint-trained variants (Corvi-inpaint, Rajan-inpaint), and DEAR with varying pruning ratios (o« € {0.1,0.2,0.3},
three of the four values in the tuning range {0.05,0.1,0.2,0.3}). Hatched bars indicate performance on original images. Solid bars
indicate performance on post-processed images. DEAR consistently achieves the highest average AUC, particularly under post-processing

Figure 8. Average AUC comparison across generators. We compare baseline detectors (Corvi, Rajan), their Stay-Positive variants
where the performance gap is most pronounced.
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Figure 9. Per-generator AUC comparison. Detailed breakdown of detection performance across nine generators (SD, MJ, KD, PG,
images. DEAR variants (blue for Corvi-based, orange for Rajan-based) demonstrate superior robustness.



