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Dissect and Prune: Enhancing Robustness in AI-Generated Image Detection
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Abstract

While existing AI-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 results
demonstrate that our approach significantly en-
hances robustness against unseen generators and
post-processing, effectively mitigating the predic-
tion asymmetry.

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 technolo-
gies offer remarkable generative capabilities, they also raise
significant societal concerns, including the proliferation of
misinformation through convincing fake imagery, the cre-
ation of non-consensual deepfakes, and potential copyright
infringement. As AI-generated images (AIGI) become more
prevalent and sophisticated, the development of reliable de-
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Figure 1. Prediction Asymmetry in AIGI Detection. Compar-
ison of real accuracy (R.Acc) and fake accuracy (F.Acc) before
and after post processing on FLUX (Labs, 2024) generated im-
ages. 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.

tection 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), CLIP-based methods (Ojha
et al., 2023; Cozzolino et al., 2024; Yan et al., 2025; Tan
et al., 2025), Vision Transformer-based methods (Chen
et al., 2024a; Guillaro et al., 2025; Chen et al., 2025), 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 AI-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 AI-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
under common real-world post processing such as JPEG
compression and resizing (Li et al., 2025b). Under such con-
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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.,
2025; 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., 2025b). 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; 2018; 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 AI-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 synthetic artifacts or authentic signals.
Third, we refine the classifier by pruning features at both ex-
tremes of this spectrum, targeting channels strongly aligned
with generated content and those biased toward real back-
grounds. We find that features at these extremes are highly
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 detector reliability, we analyze
their behavior across diverse generators and perturbations,
revealing a critical failure mode which we term Predic-
tion Asymmetry: a systematic bias where detectors main-
tain high accuracy on real images while failing to identify
AI-generated images. This phenomenon aligns with find-
ings in recent large-scale benchmarks like AIGIBench (Li
et al., 2025b), 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 (Labs, 2024) images but a dismal F.Acc of 21.5%, in-
dicating that detectors default to the real class when specific
training fingerprints are absent. Second, this bias ampli-
fies into a robustness collapse under post-processing. For
instance, NPR’s average F.Acc plummets from 95.9% to
12.2% while its R.Acc actually rises from 67.2% to 94.2%,
effectively transforming into a trivial classifier that labels all
inputs as real once fragile cues are disrupted. This suscepti-
bility 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
spurious correlations, which fall into two distinct failure
modes. First, detectors frequently exploit dataset-specific bi-
ases, such as JPEG compression artifacts or high-frequency
details, as spurious indicators of realness (Grommelt et al.,
2024; Rajan & Lee, 2025). Consequently, when perturba-
tions introduce similar artifacts to fake images, detectors
misclassify them as real. Second, regarding spurious fea-
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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 3.2).

tures specific to generated content, evidence suggests that
detectors overfit to monotonous and non-robust artifacts,
as exemplified by low-rank traces (Yan et al., 2025), spec-
tral 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; once disrupted, the detector defaults 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., 2025b), where real images possess concen-
trated and consistent statistics while AI-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 explicitly
dissect and prune features driven by these spurious depen-
dencies, thereby isolating robust forensic features.

2.2. Network Dissection for Feature Analysis

To address the prediction asymmetry problem, it is critical to
identify which specific 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 representa-
tions. To this end, we adopt Network Dissection (Bau et al.,
2017; 2018).

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 u, its activation map is
upsampled to match the image resolution and binarized into
a segmentation proposal M̂u(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:

IoUu,c =

∑
x∈D |M̂u(x) ∩Mc(x)|∑
x∈D |M̂u(x) ∪Mc(x)|

, (1)

where Mc(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 AI-generated image detec-
tion. 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 sen-
sitivity to generated versus authentic content, allowing us
to categorize features that strictly activate on fake regions,
those tracking real backgrounds, or those exhibiting no dis-
tinct 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
of our proposed method. We first introduce a motivating
example to highlight the severity of prediction asymme-
try in existing detectors. We then describe our approach,
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which employs diagnostic data generation via inpainting
and network dissection to analyze internal feature align-
ment. Finally, we demonstrate how this analysis guides the
pruning of spurious components and the refinement of the
linear classifier to enhance detection robustness.

3.1. Inpainting-Based Diagnostic Data Generation

To dissect detector representations and isolate features re-
sponsible for spurious correlations, we require a diagnos-
tic setting that spatially separates generative artifacts from
authentic 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 xreal, we sample a randomly positioned rectan-
gular binary mask M ∈ {0, 1}H×W to define the region
for manipulation. The inpainting model then synthesizes
content xgen 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)⊙ xreal, (2)

where xgen denotes the output from the inpainting model and
⊙ represents elementwise multiplication. Representative
examples are provided in Figure 6 in the Appendix E.

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; 2018),
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-

- +

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.

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 Fk ∈ Rh×w denote the activation map of the kth
channel from the penultimate convolutional layer, and let
M ∈ {0, 1}h×w be the downsampled inpaint mask. We
define the Regional Activation Discrepancy (RAD) as:

Sk = µ
(k)
in − µ

(k)
bg , (3)

where

µ
(k)
in =

∑
x∈Ωin

Fk(x)

|Ωin|
, µ

(k)
bg =

∑
x∈Ωbg

Fk(x)

|Ωbg|
, (4)

and Ωin = {x : M(x) = 1} denotes the inpainted region
and Ωbg = {x : M(x) = 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.
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Analysis. We apply this dissection procedure to two repre-
sentative detectors: Corvi (Corvi et al., 2023) and Rajan (Ra-
jan et al., 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 lat-
ter approach ensures pixel level alignment between real and
fake pairs, isolating decoder artifacts as the sole distinguish-
ing factor. We focus on the final convolutional layer before
global average pooling, which contains 2048 channels and
provides a semantically meaningful representation before
classification.

For each detector, we compute RAD values across approxi-
mately 5000 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 ex-
hibit activation maps that closely match the inpainted mask,
indicating 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 in (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 gener-
ator shortcuts (Yan et al., 2025; Kashiani et al., 2025; Ma
et al., 2025). As both types of signals are easily disrupted
by post-processing, their removal enhances stability. In con-
trast, channels with intermediate RAD values demonstrate
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Figure 4. Relationship between Feature Alignment and Robust-
ness. Each point represents one of 2048 channels from the final
convolutional layer. The vertical axis shows RAD (alignment with
inpainted regions) and the horizontal 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.

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 suppress spu-
rious 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 excise these spurious dependencies.

Bilateral Pruning Strategy. Unlike conventional feature
selection methods that strictly prioritize high-activation
channels, our analysis (Figure 4) indicates 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 {Sk}Dk=1 denote the RAD values computed over the
diagnostic dataset. We define a binary pruning mask m ∈
{0, 1}D to retain only channels within a robust intermediate
range. Given lower and upper percentiles αlow and αhigh, we
compute thresholds τlow and τhigh based on the empirical
distribution of S. The mask for the k-th channel is defined
as:

mk = 1[τlow ≤ Sk ≤ τhigh], (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.

Classifier Refinement on Pruned Features. We apply
this mask to the pre-trained backbone. To prevent the back-
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bone from re-learning spurious correlations, we freeze
all feature extraction parameters θ. The pruning is ap-
plied via element-wise multiplication to the feature tensor
F ∈ RD×h×w before the global pooling layer:

F̃ = m⊙ F. (6)

With the robust feature subspace defined by F̃, we reinitial-
ize the weights of the final linear classifier hϕ. Crucially, we
fine-tune the classifier using a combined dataset comprising
both the original training data Dtrain and the diagnostic in-
paint data Dinpaint. 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 C.

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 extended analyses are provided in Appendices C
and E.

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 construct a synthetic test set spanning mul-
tiple architectures and generation paradigms. Specifically,
we include images from diffusion based models: Stable Dif-
fusion (SD, 3,000 images) (Rombach et al., 2022), FLUX
(3,000) (Labs, 2024), 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) (Pernias et al., 2023) and aMUSEd
(3,150) (Patil et al., 2024); and commercial systems: Mid-
journey (3,000) (mid).

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., 2024), a
curated collection of challenging AI 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 D.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., 2025a), AIDE (Yan et al., 2024), Ferret-
Net (Liang et al., 2025), and LaDeDa (Cavia et al., 2024).
From CLIP based approaches, we evaluate UFD (Ojha et al.,
2023), C2P-CLIP (Tan et al., 2025), RINE (Koutlis & Pa-
padopoulos, 2024), and ClipDet (Cozzolino et al., 2024). We
also consider Vision Transformer based methods including
CoDE (Baraldi et al., 2024) and DRCT (Chen et al., 2024a),
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 D.2.

We apply DEAR to two representative detectors, Corvi and
Rajan, and refer to the resulting methods as DEAR-c and
DEAR-r, respectively. Both base detectors 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) sum-
marizes the results. While most baselines suffer noticeable
performance degradation under these perturbations, DEAR-
c and DEAR-r exhibit substantially improved robustness.
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 observa-
tion aligns with our hypothesis that pruning extreme RAD
channels eliminates features vulnerable to such perturba-
tions. Additional ablation studies comparing DEAR against
detectors trained from scratch with inpainted data augmen-
tation and analyzing sensitivity to the pruning ratio α are
provided in Appendix E (Figures 8 and 9).
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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 Wuerst. aMUSEd Avg

Detectors AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc

C
LI

P

UFD 66.7 95.1 17.9 54.8 95.1 13.0 70.4 95.1 23.9 72.5 95.1 20.4 73.3 95.1 20.2 72.1 95.1 23.4 21.5 95.1 0.1 93.8 95.1 74.5 95.3 95.1 77.5 68.9 95.1 30.1
C2P-CLIP 75.3 93.0 40.9 70.8 93.0 18.7 77.9 93.0 30.6 68.3 93.0 7.3 59.6 93.0 2.2 70.5 93.0 17.6 49.9 93.0 8.0 87.1 93.0 52.0 98.8 93.0 98.3 73.1 93.0 30.6
RINE 100.0 100.0 100.0 99.1 100.0 71.5 100.0 100.0 92.9 98.1 100.0 60.4 99.9 100.0 87.0 100.0 100.0 99.4 91.6 100.0 30.2 100.0 100.0 99.8 100.0 100.0 100.0 98.7 100.0 82.3
ClipDet 78.1 85.4 47.4 79.3 85.4 50.9 79.2 85.4 50.8 82.1 85.4 53.0 84.6 85.4 59.8 71.0 85.4 34.7 84.9 85.4 64.9 93.0 85.4 87.0 91.2 85.4 80.5 82.6 85.4 58.8

V CoDE 87.4 85.5 71.9 81.0 85.5 60.1 68.9 85.5 38.6 86.8 85.5 70.5 93.2 85.5 86.5 85.9 85.5 69.2 62.3 85.5 25.3 70.3 85.5 42.0 74.9 85.5 46.3 79.0 85.5 56.7

T-
Fr

ee AEROBLADE 98.9 - - 99.4 - - 98.4 - - 70.9 - - 94.3 - - 99.0 - - 78.3 - - 81.9 - - 93.0 - - 90.5 - -
WARPAD 77.2 - - 74.9 - - 77.0 - - 73.2 - - 66.1 - - 66.1 - - 56.1 - - 92.9 - - 96.2 - - 75.5 - -

C
N

N

NPR 80.5 67.2 80.4 93.9 67.2 94.2 91.6 67.2 94.5 95.8 67.2 99.4 96.1 67.2 99.9 93.5 67.2 98.4 97.5 67.2 99.7 98.2 67.2 99.1 95.9 67.2 97.3 93.7 67.2 95.9
SAFE 83.5 97.8 65.0 99.0 97.8 92.2 99.6 97.8 97.9 98.7 97.8 89.3 99.5 97.8 97.7 99.4 97.8 96.6 99.6 97.8 98.2 99.7 97.8 100.0 99.6 97.8 98.7 97.6 97.8 92.8
AIDE 91.4 88.8 78.7 79.3 88.8 55.5 95.1 88.8 87.5 95.0 88.8 87.0 98.1 88.8 96.4 91.5 88.8 77.5 96.1 88.8 90.3 94.4 88.8 87.5 94.0 88.8 82.7 92.8 88.8 82.6
FerretNet 90.8 95.8 73.0 99.2 95.8 97.1 99.4 95.8 97.5 99.9 95.8 99.8 99.9 95.8 99.9 99.9 95.8 100.0 99.8 95.8 98.9 99.7 95.8 99.2 99.8 95.8 99.1 98.7 95.8 96.0
LaDeDa 90.9 97.8 71.7 97.7 97.8 83.7 98.4 97.8 85.9 97.4 97.8 71.1 97.5 97.8 66.4 99.0 97.8 88.6 99.7 97.8 97.4 99.8 97.8 99.2 99.8 97.8 98.4 97.8 97.8 84.7
DRCT 98.6 96.0 94.7 96.8 96.0 84.8 99.8 96.0 99.1 90.6 96.0 64.4 75.5 96.0 46.3 96.8 96.0 84.8 82.9 96.0 49.2 97.0 96.0 79.6 94.1 96.0 65.0 92.4 96.0 74.2
Corvi 100.0 99.9 99.5 99.9 99.9 97.7 100.0 99.9 100.0 99.9 99.9 91.3 100.0 99.9 100.0 100.0 99.9 99.7 87.8 99.9 21.5 100.0 99.9 100.0 98.9 99.9 68.5 98.5 99.9 86.5
Corvi+ 100.0 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 99.1 100.0 100.0 99.1 99.9 100.0 99.1 99.8
DEAR-c 100.0 96.3 99.9 100.0 96.3 100.0 100.0 96.3 100.0 100.0 96.3 100.0 100.0 96.3 100.0 100.0 96.3 100.0 100.0 96.3 100.0 100.0 96.3 100.0 100.0 96.3 99.9 100.0 96.3 100.0
Rajan 99.9 99.9 99.2 99.9 99.9 98.0 100.0 99.9 99.9 100.0 99.9 95.4 100.0 99.9 100.0 100.0 99.9 99.8 89.2 99.9 12.0 98.3 99.9 45.7 83.9 99.9 24.8 96.8 99.9 75.0
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 99.2 99.9 71.0 99.9 99.9 93.9 99.6 99.9 88.2
DEAR-r 99.9 97.4 99.8 99.9 97.4 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 99.5 97.4 96.6 100.0 97.4 99.9 99.5 97.4 96.6 99.9 97.4 99.2

Post-proc. SD MJ KD PG PixArt LCM FLUX Wuerst. aMUSEd Avg

Detectors AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc

C
LI

P

UFD 59.2 93.2 13.1 42.9 93.2 8.2 56.4 93.2 14.5 53.3 93.2 7.5 54.5 93.2 9.5 57.2 93.2 12.9 25.0 93.2 0.6 73.7 93.2 33.2 85.3 93.2 50.7 56.4 93.2 16.7
C2P-CLIP 60.9 96.5 14.3 68.5 96.5 9.7 70.6 96.5 14.0 74.6 96.5 9.6 70.6 96.5 3.2 61.0 96.5 6.2 35.5 96.5 0.6 71.7 96.5 21.1 93.0 96.5 62.5 67.4 96.5 15.7
RINE 76.0 77.4 61.8 53.3 77.4 28.5 64.8 77.4 41.9 59.7 77.4 37.7 45.3 77.4 19.9 70.3 77.4 48.5 45.7 77.4 18.2 85.2 77.4 78.7 86.4 77.4 80.9 65.2 77.4 46.2
ClipDet 71.9 76.6 52.8 75.2 76.6 59.4 75.4 76.6 59.6 76.9 76.6 60.6 79.3 76.6 66.2 76.7 76.6 61.2 79.8 76.6 66.7 89.2 76.6 85.2 87.7 76.6 82.3 79.1 76.6 66.0

V CoDE 82.2 81.0 68.4 68.8 81.0 47.6 64.4 81.0 41.5 69.4 81.0 46.3 76.2 81.0 59.6 67.4 81.0 44.1 63.6 81.0 38.4 70.3 81.0 49.0 70.2 81.0 47.9 70.3 81.0 49.2

T-
Fr

ee AEROBLADE 56.1 - - 78.0 - - 63.8 - - 56.7 - - 58.2 - - 42.5 - - 54.6 - - 56.6 - - 67.0 - - 59.3 - -
WARPAD 64.5 - - 59.8 - - 65.3 - - 60.1 - - 57.1 - - 52.4 - - 35.0 - - 82.2 - - 91.2 - - 63.1 - -

C
N

N

NPR 50.3 94.2 10.0 63.0 94.2 12.6 62.7 94.2 19.8 66.1 94.2 16.3 75.6 94.2 26.2 35.9 94.2 5.2 41.9 94.2 5.6 56.0 94.2 11.6 27.9 94.2 2.1 53.3 94.2 12.2
SAFE 53.9 99.5 1.4 40.1 99.5 0.7 48.1 99.5 1.4 38.1 99.5 0.3 35.9 99.5 0.7 47.3 99.5 0.0 48.2 99.5 0.5 51.7 99.5 1.0 57.5 99.5 0.6 46.8 99.5 0.7
AIDE 65.8 90.3 23.4 64.9 90.3 17.2 68.3 90.3 25.5 61.1 90.3 9.9 69.8 90.3 23.2 58.3 90.3 14.8 65.8 90.3 21.3 75.6 90.3 27.7 76.1 90.3 30.5 67.3 90.3 21.5
FerretNet 56.5 97.7 2.7 44.7 97.7 1.1 59.1 97.7 2.6 64.9 97.7 3.6 73.1 97.7 6.0 49.9 97.7 1.1 58.7 97.7 1.7 65.6 97.7 1.7 60.9 97.7 0.3 59.3 97.7 2.3
LaDeDa 45.4 99.8 1.5 57.1 99.8 0.2 61.6 99.8 0.9 64.6 99.8 0.0 73.8 99.8 0.1 33.6 99.8 0.0 42.1 99.8 0.1 51.9 99.8 0.2 33.9 99.8 0.0 51.6 99.8 0.3
DRCT 90.5 86.2 80.6 79.5 86.2 59.4 86.7 86.2 74.2 71.7 86.2 46.6 72.1 86.2 52.2 73.3 86.2 41.4 67.3 86.2 39.0 77.1 86.2 50.6 85.6 86.2 65.7 78.2 86.2 56.6
Corvi 91.1 97.3 78.4 80.0 97.3 50.2 80.7 97.3 57.0 66.8 97.3 18.5 75.7 97.3 63.4 81.1 97.3 46.0 64.2 97.3 21.1 82.8 97.3 59.3 90.7 97.3 35.8 79.2 97.3 47.7
Corvi+ 95.5 96.8 72.5 85.1 96.8 42.5 89.9 96.8 57.1 88.0 96.8 44.4 93.2 96.8 72.0 91.8 96.8 53.3 84.3 96.8 28.6 91.8 96.8 55.7 85.7 96.8 33.1 89.5 96.8 51.0
DEAR-c 96.5 76.5 96.2 89.0 76.5 84.9 92.4 76.5 89.4 92.9 76.5 91.0 93.8 76.5 91.0 96.1 76.5 96.5 82.4 76.5 73.6 94.8 76.5 93.3 93.2 76.5 96.0 92.3 76.5 90.2
Rajan 97.7 99.9 86.3 94.5 99.9 69.9 92.6 99.9 65.7 93.8 99.9 59.7 93.9 99.9 84.5 99.7 99.9 93.0 81.2 99.9 15.4 87.1 99.9 15.6 95.9 99.9 33.8 92.9 99.9 58.2
Rajan+ 96.1 99.1 83.4 86.1 99.1 64.4 91.6 99.1 71.6 89.3 99.1 68.7 91.4 99.1 79.9 97.3 99.1 84.8 84.7 99.1 27.8 82.1 99.1 17.4 96.6 99.1 63.0 90.6 99.1 62.3
DEAR-r 98.6 95.1 95.7 95.3 95.1 86.0 97.3 95.1 91.4 97.9 95.1 92.4 97.6 95.1 93.2 99.8 95.1 99.0 94.4 95.1 77.6 95.7 95.1 82.7 97.6 95.1 87.8 97.1 95.1 89.5

4.3. Evaluation on the Wild Benchmarks

To assess detector performance under realistic deployment
conditions, we evaluate on three challenging benchmarks
collected from real world online sources: Chameleon (Yan
et al., 2024), WildRF (Cavia et al., 2024), and LOKI (Ye
et al., 2025). These datasets contain images that have un-
dergone unknown post processing operations during upload
and sharing on social media platforms and art communities,
presenting a more stringent test than laboratory controlled
settings. As shown in Table 2, DEAR-c and DEAR-r demon-
strate strong performance across all three benchmarks, con-
firming that the robustness gains observed on controlled post
processed data transfer to genuinely in the wild scenarios.

4.4. Alleviating Prediction 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 de-
tector misinterprets the fine-grained details preserved by
FLUX’s 16-channel architecture as indicators of authentic-
ity. 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 im-
ages, exploiting spectral artifacts from upsampling opera-
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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 Avg

Detectors AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc

C
LI

P

UFD 39.6 95.1 2.4 71.4 95.1 32.3 69.2 95.1 34.9 60.1 95.1 23.2
C2P-CLIP 23.5 93.0 2.9 68.6 93.0 36.3 73.5 93.0 35.7 55.2 93.0 24.9
RINE 96.7 100.0 28.5 96.4 100.0 59.7 96.7 100.0 46.1 96.6 100.0 44.7
ClipDet 64.2 85.4 26.9 76.7 85.4 45.1 82.7 85.4 58.9 74.5 85.4 43.6

V CoDE 85.8 85.5 69.8 69.9 85.5 47.7 77.3 85.5 55.8 77.7 85.5 57.8

T-
Fr

ee AEROBLADE 48.8 - - 70.1 - - 73.8 - - 64.2 - -
WARPAD 37.7 - - 70.3 - - 77.4 - - 61.8 - -

C
N

N

NPR 18.8 67.2 4.0 74.4 67.2 65.1 70.4 67.2 59.7 54.5 67.2 42.9
SAFE 50.8 97.8 2.8 76.2 97.8 59.8 62.6 97.8 31.6 63.2 97.8 31.4
AIDE 69.5 88.8 21.7 75.7 88.8 56.5 76.4 88.8 44.9 73.9 88.8 41.1
FerretNet 49.2 95.8 3.1 78.2 95.8 59.8 69.3 95.8 32.8 65.6 95.8 31.9
LaDeDa 17.9 97.8 2.7 70.5 97.8 58.0 66.5 97.8 34.3 51.6 97.8 31.6
DRCT 85.7 96.0 47.5 86.6 96.0 56.6 85.1 96.0 57.6 85.8 96.0 53.9

C
N

N

Corvi 84.0 99.9 17.8 79.4 99.9 49.4 85.5 99.9 56.4 83.0 99.9 41.2
Corvi+ 88.4 99.1 18.1 85.5 99.1 56.3 81.1 99.1 54.0 85.0 99.1 42.8
DEAR-c 96.1 96.3 80.3 82.4 96.3 63.5 85.7 96.3 69.0 88.1 96.3 70.9
Rajan 95.7 99.9 26.2 75.2 99.9 44.0 85.7 99.9 57.6 85.5 99.9 42.6
Rajan+ 91.0 99.9 26.5 81.6 99.9 46.9 83.6 99.9 61.1 85.4 99.9 44.8
DEAR-r 95.5 97.4 70.0 82.3 97.4 56.8 87.1 97.4 66.1 88.3 97.4 64.3

Post-proc. Chameleon Loki WildRF Avg

Detectors AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc AUC R.Acc F.Acc

C
LI

P

UFD 36.6 93.2 2.7 63.9 93.2 24.7 56.1 93.2 20.2 52.2 93.2 15.8
C2P-CLIP 25.7 96.5 0.6 55.4 96.5 11.6 71.1 96.5 18.9 50.7 96.5 10.4
RINE 51.5 77.4 24.2 66.3 77.4 44.2 61.0 77.4 38.0 59.6 77.4 35.5
ClipDet 72.2 76.6 54.2 69.0 76.6 47.0 78.9 76.6 67.8 73.4 76.6 56.4

V CoDE 69.0 81.0 44.1 65.9 81.0 42.3 70.2 81.0 51.2 68.4 81.0 45.8

T-
Fr

ee AEROBLADE 57.9 - - 49.1 - - 63.8 - - 56.9 - -
WARPAD 45.6 - - 63.1 - - 70.5 - - 59.7 - -

C
N

N

NPR 36.6 94.2 1.0 55.9 94.2 8.3 59.7 94.2 12.8 50.8 94.2 7.4
SAFE 50.0 99.5 0.2 41.5 99.5 0.6 45.2 99.5 1.0 45.6 99.5 0.6
AIDE 67.4 90.3 19.4 53.4 90.3 14.7 67.1 90.3 22.7 62.6 90.3 18.9
FerretNet 47.4 97.7 0.5 47.0 97.7 1.5 54.7 97.7 2.7 49.7 97.7 1.6
LaDeDa 38.2 99.8 0.1 43.0 99.8 0.8 57.5 99.8 0.7 46.2 99.8 0.5
DRCT 70.1 86.2 42.3 77.0 86.2 53.8 74.8 86.2 52.6 74.0 86.2 49.6

C
N

N

Corvi 61.1 97.3 16.4 76.0 97.3 44.2 73.4 97.3 36.9 70.2 97.3 32.5
Corvi+ 78.7 96.8 14.1 77.8 96.8 39.6 74.0 96.8 33.0 76.8 96.8 28.9
DEAR-c 73.5 76.5 58.8 79.4 76.5 70.1 80.4 76.5 71.0 77.7 76.5 66.6
Rajan 71.0 99.9 9.4 78.4 99.9 41.7 83.6 99.9 43.8 77.7 99.9 31.6
Rajan+ 68.2 99.1 15.4 80.8 99.1 45.9 75.9 99.1 44.6 75.0 99.1 35.3
DEAR-r 76.7 95.1 40.6 79.8 95.1 56.6 85.4 95.1 63.8 80.6 95.1 53.7

tions (Tan et al., 2024b) and frequency domain inconsisten-
cies inherent to the generation process. 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., 2025) 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
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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.

AEROBLADE (Ricker et al., 2024) and WaRPAD (Choi
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, effectively
ignoring features with negative contributions that correlate
with real images. While effective at eliminating real associ-
ated spurious features, this approach operates blindly with-
out identifying which channels are problematic. DEAR in-
stead leverages inpainted images to explicitly measure each
channel’s alignment with generated regions. Crucially, our
analysis reveals that features at both extremes of the align-
ment 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 com-
prehensive robustness than single sided constraints.

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 diagnostic
dissection with selective refinement, DEAR establishes a
principled framework for consistent detection performance
across unseen generators and post-processing scenarios.
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Impact Statement
This paper advances AI-generated image detection to miti-
gate societal risks such as misinformation, deepfake misuse,
and copyright infringement posed by increasingly power-
ful generative models. However, insights from this work
may also inform the development of generation techniques
designed to evade detection. Therefore, we emphasize the
need for continuous community efforts to monitor misuse
and adapt detection methods to evolving generative tech-
nologies.
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A. Problem Formulation and Notations
We address AI-generated image detection as a binary classification problem. Let D = {(xi, yi)}Ni=1 denote a dataset
where xi ∈ RH×W×C represents an image and yi ∈ {0, 1} represents the label, with y = 0 indicating real images and
y = 1 indicating AI-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 fθ(·) and a linear classification
head hϕ(·). Specifically, the backbone parameterized by θ maps an input image x to a high-dimensional feature embedding
z = fθ(x) ∈ Rd. The classification head parameterized by ϕ = {w, b} then projects this embedding to a scalar probability
score via a sigmoid activation:

p(x) = hϕ(z) = σ(w⊤z+ b), (7)

where w ∈ Rd and b ∈ R denote the weight vector and bias term, respectively. This decomposition allows us to analyze and
manipulate the feature extraction (fθ) and decision-making (hϕ) processes independently.

Table 3. Table of notation

Notation Description

Input Space & Detector
x Input image x ∈ RH×W×C .
y Binary label, y = 0 for real and y = 1 for AI generated (fake).
fθ Feature backbone parameterized by θ, mapping image to feature maps.
hϕ Linear classification head parameterized by ϕ = {w, b}.
w, b Weight vector and bias of the linear classifier.
z Feature embedding after global pooling, z = Pool(fθ(x)) ∈ RD.
Dtrain Training dataset of real and fake image pairs.

Inpainting & Feature Maps
xreal Original real image used for inpainting.
xgen AI generated content synthesized by inpainting model.
xinpaint Composite inpainted image with both real and generated regions.
M Binary inpaint mask M ∈ {0, 1}H×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 = fθ(x) ∈ RD×h×w.
Fk Activation map of the kth channel, Fk ∈ Rh×w.
D Total number of channels in the final convolutional layer.

Regional Activation Discrepancy (RAD)
Ωin Set of spatial positions in the inpainted (generated) region.
Ωbg Set of spatial positions in the background (real) region.
µ
(k)
in Mean activation of channel k within the inpainted region.

µ
(k)
bg Mean activation of channel k within the background region.

Sk RAD value for channel k, defined as Sk = µ
(k)
in − µ

(k)
bg .

Bilateral Pruning
αlow, αhigh Lower and upper percentile parameters for pruning.
τlow, τhigh Computed thresholds based on empirical RAD distribution.
m Binary pruning mask m ∈ {0, 1}D indicating retained channels.
F̃ Pruned feature map after applying mask, F̃ = m⊙ F.

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 this layer provides the
most semantically meaningful representation for classification. However, lower layers may capture complementary low
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Algorithm 1 DEAR: Dissect and Prune
1: Input: Pretrained detector (fθ, hϕ), Diagnostic data Dinpaint, Train data Dtrain, percentiles αlow, αhigh
2: Output: Robust detector f∗

DEAR
3: // Stage 1: Dissection (Compute RAD)

4: S ← 0 ∈ RD

5: for batch (x,M) in Dinpaint do
6: F← fθ(x)
7: Compute batch RAD using Eq. 3 and accumulate to S
8: end for
9: S ← S/|Dinpaint|

10: // Stage 2: Bilateral Pruning

11: τlow ← Percentile(S, αlow)
12: τhigh ← Percentile(S, 100− αhigh)
13: m← 1[τlow ≤ S ≤ τhigh]
14: // Stage 3: Classifier Refinement

15: Freeze backbone parameters θ
16: Reinitialize classifier parameters ϕ
17: for batch (x, y) in Dtrain do
18: F← fθ(x)
19: // Apply pruning mask

20: F̃←m⊙ F
21: L ← LBCE(hϕ(Pool(F̃)), y)
22: Update ϕ to minimize L
23: end for
24: return (fθ, hϕ,m)

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. 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 model1 to synthesize content for the masked regions. To prevent the detector from exploiting trivial edge
discontinuities, we apply Gaussian blur to the mask boundaries with a blur factor of 33 before compositing the inpainted
content with the original background. All images are processed at 512×512 resolution during inpainting and subsequently
resized back to their 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. We compute the mean activation difference
between inpainted and background regions as specified in Eq. 3, averaging scores across 100 batches (approximately 6,400
samples) from the diagnostic dataset. The bilateral pruning thresholds are determined by percentile parameters αlow and
αhigh, which we tune from the set {0.05, 0.1, 0.2, 0.3}. We apply hard gating, setting the gate value to 1 for retained channels
and 0 for pruned channels. A full list of the hyperparameters is reported in Table 4. Figure 7 provides additional examples of

1https://huggingface.co/stable-diffusion-v1-5/stable-diffusion-inpainting
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the feature alignment visualization across diverse images.

Table 4. 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 512×512

Dissection (RAD Computation)
Feature Layer Final conv (layer4)
Number of Channels (D) 2048
Score Type RAD
Max Scoring Batches 100

Bilateral Pruning
αlow, αhigh Tuned from {0.05, 0.1, 0.2, 0.3}

Classifier Refinement
Learning Rate 1× 10−4

Optimizer Adam (β1 = 0.9)
Batch Size (Main / Inpaint) 64 / 64
Early Stopping Patience 5 epochs
Early Stopping Delta 0.001

Classifier refinement. After applying the pruning mask, we freeze all backbone parameters and reinitialize the final linear
classifier weights to zero. We train the classifier using the Adam optimizer with a learning rate of 1× 10−4 and β1 = 0.9.
The training combines both the original training data and the diagnostic inpaint data, with batch sizes of 64 for each. We
apply early stopping with a patience of 5 epochs and a minimum improvement threshold of 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 10−6.

Data augmentation. We adopt the data augmentation pipeline established in prior work (Corvi et al., 2023; Wang et al.,
2020). During training, we extract random crops of 96×96 pixels from the input images. The augmentation scheme includes
random JPEG compression with quality factors sampled from [30, 100], Gaussian blur with sigma in [0.0, 3.0], grayscale
conversion, cutout, additive Gaussian noise, and random resized cropping to ensure scale invariance.

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.
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D. Experimental Setup Details
D.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 evaluation, we use real images from the Redcaps dataset (Desai et al., 2021), which contains
diverse web-crawled images with natural variations in content, resolution, and compression. The synthetic 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:

• Diffusion-based models: Stable Diffusion (SD) (Rombach et al., 2022), FLUX (Labs, 2024), Kandinsky (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., 2023), which employs a two-stage latent diffusion approach,
and aMUSEd (Patil et al., 2024), an autoregressive masked image model.

• Commercial systems: Midjourney (mid), 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:

• Chameleon (Yan et al., 2024): A curated collection of challenging AI-generated images gathered from online AI 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.

• 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. This dataset reflects the types of images
that detectors would encounter when deployed for content moderation.

• 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.

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.
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D.2. Baseline Methods

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

CNN-based Detectors.

• Corvi (Corvi et al., 2023): A ResNet-50 based detector trained on real images from MSCOCO 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.
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., 2025a): A lightweight detector (1.44M parameters) with ResNet-50 backbone 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.

• AIDE (Yan et al., 2024): AI-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 AI-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.

• LaDeDa (Cavia et al., 2024): Locally Aware Deepfake Detection Algorithm that operates on single 9×9 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.
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• 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.

• 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.

Training-free Detectors.

• AEROBLADE (Ricker et al., 2024): Detects AI-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. The method exploits the observation that real images, trained with RandomResizedCrop
augmentation, exhibit higher feature stability under such perturbations compared to AI-generated images.

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

E. Additional Results
We provide extended ablation studies comparing DEAR variants against baseline methods and their extensions. In addition
to the baselines described in Appendix D.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
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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 αlow = αhigh = α throughout our experiments. The stability
across different pruning ratios (α ∈ {0.1, 0.2, 0.3}) further demonstrates the robustness of our approach to hyperparameter
choices.
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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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Figure 8. Average AUC comparison across generators. We compare baseline detectors (Corvi, Rajan), their Stay-Positive variants
(Corvi+, Rajan+), inpaint-trained variants (Corvi-inpaint, Rajan-inpaint), and DEAR with varying pruning ratios (α ∈ {0.1, 0.2, 0.3}).
Hatched bars indicate performance on original images; solid bars indicate post-processed images. DEAR consistently achieves the highest
average AUC, particularly under post-processing 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,
PixArt, LCM, FLUX, Wuerstchen, aMUSEd). Top row shows results on original images; bottom row shows results on post-processed
images. DEAR variants (blue for Corvi-based, orange for Rajan-based) demonstrate superior robustness.
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