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Abstract

Despite being trained on balanced datasets, existing Al-
generated image detectors often exhibit systematic bias at test
time, frequently misclassifying fake images as real. We hy-
pothesize that this behavior stems from distributional shift
in fake samples and implicit priors learned during training.
Specifically, models tend to overfit to superficial artifacts that
do not generalize well across different generation methods,
leading to a misaligned decision threshold when faced with
test-time distribution shift. To address this, we propose a the-
oretically grounded post-hoc calibration framework based on
Bayesian decision theory. In particular, we introduce a learn-
able scalar correction to the model’s logits, optimized on a
small validation set from the target distribution while keep-
ing the backbone frozen. This parametric adjustment com-
pensates for distributional shift in model output, realigning
the decision boundary even without requiring ground-truth la-
bels. Experiments on challenging benchmarks show that our
approach significantly improves robustness without retrain-
ing, offering a lightweight and principled solution for reliable
and adaptive Al-generated image detection in the open world.

Code — https://github.com/muliyangm/AIGI-Det-Calib

1 Introduction

The rapid progress of Al-driven generative models has
enabled the creation of highly realistic synthetic images.
Modern techniques, from generative adversarial networks
(GANG) to diffusion models, now produce photographs and
artwork that are often indistinguishable from real images.
While these technologies empower creativity in fields such
as art, design, and media production, they unintentionally
introduce pressing challenges around authenticity, trust, and
security. As synthetic media becomes increasingly accessi-
ble and indistinguishable from real content, developing reli-
able methods to detect Al-generated images is not only vital
for digital forensics and intellectual property protection, but
also foundational to maintaining information integrity in the
age of generative Al (Mahara and Rishe 2025).

Most existing methods are developed and evaluated under
constrained conditions, often assuming that test data shares
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the same distribution as the training set (Zhu et al. 2024a;
Yang et al. 2025a). In practice, however, detectors trained
on forgeries from a specific generative model tend to overfit
to superficial artifacts and fail to generalize when exposed to
out-of-distribution (OOD) samples, such as those generated
by novel architectures or exhibiting unseen statistical prop-
erties. A growing body of work has demonstrated that even
state-of-the-art detectors, which perform nearly perfectly in-
distribution, suffer dramatic performance degradation under
distribution shift (Nadimpalli and Rattani 2022; Xiao et al.
2025a; Yan et al. 2025a), underscoring the brittleness of ex-
isting Al-generated image detectors in realistic and evolving
generative environments.

In our empirical analysis, we identify a consistent fail-
ure pattern: even under class-balanced settings, models are
significantly more likely to misclassify fake images as real.
As illustrated in Fig. 1, we observe that the logits output
by detectors on fake images exhibit a global shift, such
that the optimal decision boundary no longer lies at zero.
This deviation indicates a fundamental mismatch between
the model’s learned decision threshold and the true distri-
bution at test time, motivating a deeper investigation into its
causes. We hypothesize that this bias arises from a “lazy” de-
cision mechanism developed during training (Ojha, Li, and
Lee 2023; Rajan and Lee 2025), where the model overly re-
lies on superficial and spurious artifacts that are prevalent in
seen fake samples, such as frequency noise or edge inconsis-
tencies. When these artifacts are absent in unseen fake im-
ages, the model defaults to classifying them as real. This re-
liance on non-semantic fake-specific cues severely limits the
model’s ability to generalize and leads to systematic under-
detection of fakes at test time. Further analysis reveals that
this behavior can be attributed to two interacting sources of
distributional shift: (a) label prior shift, where the marginal
distribution of real vs. fake images differs between training
and testing, and (b) class-conditional input shift, where the
distribution of inputs conditioned on the fake class changes
due to new generation techniques. Notably, such shift is par-
ticularly prominent in the fake class, as different genera-
tive models exhibit coherent and systematic deviations in
visual statistics, e.g., texture smoothness, spectral frequency,
or semantic integrity. This causes the model’s estimated log-
likelihood ratios to be consistently distorted, shifting the de-
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Figure 1: Logit distributions of a popular Al-generated image detector, CNNSpot (Wang et al. 2020), pretrained on ProGAN-
generated fake images and evaluated on previously unseen fake images from StyleGAN2, WhichFacelsReal (WFIR), and Mid-
journey, reveal a tendency to misclassify these unfamiliar fake samples as real. Our proposed calibration method significantly
enhances detection accuracy by adaptively shifting the decision boundary to better align with the skewed data distribution.

cision boundary towards the real class and exacerbating the
tendency to misclassify fakes.

To formally model this effect, we adopt a Bayesian
decision-theoretic framework and argue that, under distri-
butional shift, the optimal classifier must adapt its decision
boundary to the posterior induced by the new test distri-
bution. Since retraining the full model is often impractical,
we introduce a lightweight, theoretically grounded post-hoc
calibration method: a learnable scalar bias « applied to the
model’s output logits. This scalar globally adjusts the de-
cision threshold, correcting for both label and input shift.
Notably, « can be efficiently optimized using only a few un-
labeled samples from the target distribution, while keeping
the model backbone fixed. Under mild assumptions, this cal-
ibration approximates the Bayes-optimal classifier for the
shifted distribution. As our approach requires no access to
training data, loss functions, or model internals, as well as
avoids retraining or additional supervision, it can be effort-
lessly applied to any Al-generated image detector, regard-
less of architecture.

In summary, our method provides a principled yet effi-
cient way to restore model robustness under realistic dis-
tribution shift. Without modifying the original detector, our
scalar calibration significantly improves performance across
a wide range of generative scenarios. These results demon-
strate that test-time decision bias, when properly diagnosed
and corrected, can be mitigated with minimal computational
and data overhead, offering a practical solution to the brit-
tleness of modern Al-generated image detectors.

Our contributions are as follows:

e We identify a systematic bias of most existing Al-
generated image detectors during test time, which fre-
quently misclassify fake images as real.

Using Bayesian theory, we show that this systematic bias
stems from the class-conditional input shift and label
shift between mismatched train-test distributions.

Based on mild assumptions, we propose a post-hoc cali-
bration method that optimizes a learnable scalar correc-
tion to the model’s logits (while keeping the backbone
frozen), largely improving most existing Al-generated

11623

image detectors’ accuracy during test.

2 Related Work

AI-Generated Image Detection. The rapid advancement
of generative models, including GANs, VAEs, and diffusion
models (Ho, Jain, and Abbeel 2020; Xu et al. 2024), has
enabled the creation of highly photorealistic synthetic im-
ages, raising pressing concerns around misinformation and
visual authenticity. This has led to an increasing demand
for reliable methods to distinguish real from generated con-
tent (Chen, Yao, and Niu 2024; Chen et al. 2024; Nie et al.
2024; Zhong et al. 2025; Nguyen, Azizpour, and Stamm
2025; Xiao et al. 2025b; Jia et al. 2025; Guillaro et al. 2025).

A wide range of detection approaches has been proposed,
leveraging pixel- or patch-level artifacts (Nataraj et al. 2019;
Chai et al. 2020; Wang et al. 2020; Ju et al. 2022; Zhong
et al. 2023; Lorenz, Durall, and Keuper 2023; Tan et al.
2024; Fu et al. 2025), and modeling generation-specific
fingerprints through gradient features or network signa-
tures (Marra et al. 2019; Yu, Davis, and Fritz 2019; Liu et al.
2022; Jeong et al. 2022; Tan et al. 2023; Wang et al. 2023a;
Li et al. 2025), as well as utilizing reconstruction incon-
sistencies from pretrained generative models (Wang et al.
2023c; Ricker et al. 2024). On the other hand, frequency-
based analyses reveal spectral discrepancies among gener-
ated images (Frank et al. 2020; Dzanic, Shah, and Witherden
2020), and AIDE (Yan et al. 2025a) further integrates spec-
tral and semantic features for improved robustness. Due to
the prevalence of vision-language models (VLLMs) and their
wide applications (Wang et al. 2023b; Yang et al. 2025b;
Min et al. 2025), cross-modal inconsistencies have also been
explored using CLIP or other VLMs, enabling zero-shot or
lightweight fake image detectors (Ojha, Li, and Lee 2023;
Liu et al. 2024; Cozzolino et al. 2024; Koutlis and Pa-
padopoulos 2024).

While these approaches have demonstrated promising re-
sults, most assume static inference distributions and are vul-
nerable to domain shift, limiting their generalization to un-
seen generative models, which is the key challenge for real-
world and practical deployment.



Post-Hoc Calibration. Post-hoc calibration is an effective
strategy for adapting model outputs to the test data distri-
bution, which often differs from the training distribution.
It has been extensively explored in contexts such as class-
imbalanced learning (Buda, Maki, and Mazurowski 2018;
Tang, Huang, and Zhang 2020; Wu et al. 2021; Hong et al.
2021), where models tend to overfit to majority classes, and
continual learning (Wu et al. 2019; Hou et al. 2019; Zhao
et al. 2020), where newer data is often favored. Notably,
Menon et al. (2021) introduced logit adjustment, a post-
processing method that adjusts biased classifier outputs us-
ing theoretically optimal shifts based on class frequencies,
offering a unifying framework for various heuristic bias-
correction approaches (Kang et al. 2019; Ye et al. 2020;
Islam et al. 2021; Kim and Kim 2020). Similar ideas have
also been extended to mitigate prediction bias in foundation
models (Zhu et al. 2023; Mai et al. 2024).

In this paper, we demonstrate that Al-generated image
detectors exhibit significant prediction bias when the target
data distribution shifts, even under class-balanced settings,
which contrasts with previously studied scenarios. We pro-
vide a theoretical explanation grounded in Bayesian theories
and propose a principled yet efficient post-hoc calibration
approach that corrects for this bias using only a small num-
ber of labeled (or even unlabeled) target examples.

3 Train-Test Misalignment in AI-Generated
Image Detection

3.1 A Probabilistic Problem Formulation

We consider a binary classification problem for Al-
generated image detection, where each input z € X is as-
signed a binary label y € {0,1}, with y = 0 denoting a
real image and y = 1 a fake image. Let the joint distribu-
tions over data and labels in the training and test domains be
denoted by P (x,y) and P (x,y), respectively.

We assume that the classifier is trained to minimize cross-
entropy under the training distribution F;,, and outputs a
logit f(x) € R, whose sigmoid o(f(z)) = m es-
timates the probability of the input being fake. The final de-
cision is made by thresholding the probability at 7, i.e., pre-
dicting § = 1if o(f(x)) > 7, where T denotes the decision
threshold, typically set to 7 = 0.5 (i.e., when f(z) = 0).

However, in realistic open-world Al-generated image de-
tection settings, the test distribution P often differs from
the training distribution F%,. In particular, the fake images in
the test set may be synthesized by different generative mod-
els not seen during training (e.g., training on StarGAN fakes,
testing on Stable Diffusion fakes). This introduces a covari-
ate mismatch in P(z|y = 1), while P(z|y = 0) (real im-
ages) remains approximately unchanged. Additionally, the
class priors P, (y) and P(y) may also differ. Hence, we
adopt a more expressive modeling assumption that jointly
considers the following shifts:

* Class-Conditional Input Shift: Py (z|y) # Pre(z|y), es-
pecially for y = 1.

o Label Prior Shift: Py (y) # Pre(y),
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In practice, both shifts may occur simultaneously, leading
to Py (x,y) # Pre(z,y), and thus Pe(y|z) # Py (ylx). In
such cases, a model trained on P;, may yield biased decision
boundaries when evaluated on P, as illustrated in Fig. 1.

3.2 Default Threshold Is Not Bayes-Optimal

We interpret the phenomenon shown in Fig. 1 through the
following propositions grounded in Bayesian decision the-
ory (Devroye, Gyorfi, and Lugosi 1997).

Proposition 1 (Bayes Non-optimality). The default thresh-
old f(x) = 0 (or T = 0.5) is not Bayes-optimal under class-
conditional input shift and label prior shift.

Proof. By Bayes’ theorem, the posterior under the training

distribution is Py (y = 1lz) = 2R which
gives the model output logit as

P, (y=1 P, =1)P,(y=1

f(.%‘) — log tr(yi |.13) _ tr(x|y7 ) tr(yi )

Py (y=0z) Pu(2|y=0) Py (y=0)

Under the testing distribution P, the Bayes-optimal classi-
fier predicts y = 1 if

(D)

Pre(y = 1|z) > Pe(y = Olz) <=
Pe(x]1)

Pie()0) m
The Bayes-optimal decision boundary satisfies
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)
)
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Eq. (3) implies that the mismatch between F;, and P, causes
the decision boundaries to differ by A(x):

g Pel@) | Re()(1 = Pu(1)
~ 8 Pu(alD) P, (D1 - Pe(1))’

where we assume that the real image distribution re-
mains stable between training and testing, i.e., Pre(z]|0) =
P (x]0), and that the shift mainly occurs in the fake class.
In Eq. (4), unless A(z) = 0 holds for all , which would
require both covariate and label distributions to align, the
Bayes-optimal decision boundary does not correspond to
f(x) = 0or 7(f(x)) = 0.5. As a result, using f(z) = 0
as the default threshold leads to suboptimal decisions under
distribution shift. O

4)

A(x) + log

3.3 A Scalar Value Can Correct for the Threshold

Let us analyze the behavior of A(x) over z ~ P (x|1), i.e.,
test samples that are truly fake.

Assumption 1 (Systematic Conditional Shift). Let the log-
likelihood ratio between test and train fake distributions be
approximately constant:

Pie(z]1) .
op Pelell)

1 =c,
Ptr(x‘l)

Va ~ Pe(z|l). )



This assumption is justified by the fact that fake images gen-
erated by different GANs or diffusion models tend to exhibit
coherent and systematic deviations in visual features (e.g.,
frequency artifacts, textures) (Ricker et al. 2022; You et al.
2025). As aresult, the likelihood under the training fake dis-
tribution is consistently misaligned, causing the classifier to
under- or over-estimate f(x) in a fixed direction.

Assumption 2 (Consistent Prior Shift). The prior over
fake samples in the test set is shifted by a constant factor:
. P.(1) _
Py (1)
This assumption is well justified by Menon et al. (2021), and

the rightmost term in Eq. (4) can be written as ¢’, which is
another constant that can be easily derived from §.

6)

Proposition 2 (Scalar Correction). The suboptimal thresh-
old can be corrected using a global additive scalar a.

Proof. Under Assumptions 1 and 2, the model output bias
A(z) in Eq. (4) becomes

A(z) = c+ 6’ = const, Vo ~ Pe(z[1), @)

which justifies the use of a global additive logit correction
scalar, & := —A(x), for post-hoc calibration to correct for
the biased decision boundary shown in Proposition 1. The
calibrated output logit is then written as

f(@) = [f(z) —a, ®

where @ € R manifests the optimal threshold adjustment
value, which can be estimated using a small subset of data
sampled from P. ]

&:_(C_‘_é/)v

Therefore, post-hoc calibration—namely, adapting 7 to
minimize expected test error—is not only justified but nec-
essary for robust performance under distribution shift.

4 Post-Hoc Calibration as a Remedy

Building upon the probabilistic analysis in the previous
section, we have established that two types of distribution
shift between training and testing domains induce a system-
atic bias in the classifier’s output logits. In particular, the
logit function f(x), learned under the training distribution
P, (z,y), tends to systematically underestimate or overesti-
mate the posterior probability P (y = 1|z) when evaluated
on the test distribution Pi(x,y). To address this issue, we
propose a simple yet effective method: calibrating the logit
output at test-time using a learnable additive bias o € R.

We explore two variants of post-hoc calibration, depend-
ing on whether ground-truth labels from the test distribution
are available. Both variants leverage kernel density estima-
tion (KDE) (Rosenblatt 1956; Parzen 1962) as their under-
lying mechanism for its simplicity and effectiveness.

Supervised Calibration. In scenarios where a small
amount of labeled target data is available, we propose a su-
pervised logit calibration method based on KDE and accu-
racy maximization. The core idea is to model the distribution
of classifier logits for each class using KDE, and to select a
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p(z|1)

Minimize [*_p(z|1) dz + [5 p(z]0) dz
(a) Supervised Calibration

a
-

p(2)
A

Let [© (z—a)p(z) dz - 0
(b) Unsupervised Calibration

Figure 2: Conceptual illustration of our proposed (a) super-
vised and (b) unsupervised calibration methods, both de-
signed to identify an optimal scalar « that achieves an ideal
separation between real and fake distributions, with or with-
out access to ground-truth labels.

calibration value that maximizes the classification accuracy
on the target distribution.

Let z = f(z) € R denote the real-valued logits produced
by a binary classifier. Given a small set of labeled samples
from the target domain, we estimate two class-conditional
densities using Gaussian kernel density estimation:

po(2) =pzly=0), pi(z):=plzly=1). (9

As shown in Fig. 2, the expected classification error for a
given calibration value « is then defined as

R(e)=Pz>aly=0+Pz<aly=1)
pl(z)dz+/

/ .

The optimal calibration is thus found by minimizing R(«a):
a1

where we leave the detailed method description and opti-
mization procedure to Appendix.

This method is both simple and effective, requiring only a
handful of labeled examples and no assumptions on the para-
metric form of the underlying logit distributions. Its ability
to adaptively model asymmetric or multimodal distributions
makes it especially useful in real-world transfer and domain
adaptation scenarios. In Sec. 5.2 we also compare it with
several other supervised threshold selection methods.

“ (10)

po(z)dz.

oo

o =argmin R(a),
e}

Unsupervised Calibration. In fully unsupervised settings
where no labeled target data is available, we propose a cal-
ibration method that leverages the intrinsic structure of the
logit distribution to recover an effective decision boundary.
Our approach builds upon a fundamental assumption in bi-
nary classification: when the underlying data distribution is
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CNNSpot (2020) 100.00 90.17 71.17 87.62 94.60 8143 8691 91.65 60.40 58.06 51.39 50.57 50.53 56.45 51.02 51.25 70.83

+ Ours (Sup.) 100.00 9795 8330 88.64 95.02 86.83 96.15 98.30 67.94 65.63 6748 64.64 65.00 63.12 59.75 51.70 7822 +7.39
+ Ours (Unsup.) 100.00 97.59 83.25 88.80 95.15 86.70 9541 98.10 6742 6556 67.61 6398 64.42 62.68 5790 5190 7790 +7.08
FreDect (2020) 99.36 78.03 8197 7877 94.62 8056 66.19 50.75 63.40 54.12 4587 38.77 39.21 77.80 40.29 3470 64.03

+ Ours (Sup.) 99.70 77.78 86.48 80.77 97.40 80.21 7492 58.00 68.19 63.19 4599 49.52 4243 78.05 49.62 49.75 68.88  +4.85
+ Ours (Unsup.) 99.74 7349 86.10 81.19 96.85 8045 74.04 57.70 66.55 61.44 4393 34.66 3429 7798 3832 3465 6509 +1.06
Fusing (2022) 99.99 8521 7735 87.02 97.02 7692 8327 66.85 56.53 57.16 52.17 51.05 51.36 55.13 51.72 52.85 68.85

+ Ours (Sup.) 99.99 96.28 84.62 89.02 98.05 8436 9644 87.05 67.53 69.92 6520 6242 6321 68.83 60.11 61.75 7842 +9.57
+ Ours (Unsup.) 99.99 89.58 8197 88.64 97.52 8049 8826 82.80 6543 67.44 61.88 59.86 60.23 6597 5825 6130 7560 +6.75
LNP (2022) 99.78 92.15 83.05 84.60 9990 75.17 93.87 55.15 7898 79.67 57.83 79.37 79.24 69.94 7574 93.05 81.09

+ Ours (Sup.) 99.81 94.48 84.75 88.00 100.00 77.21 97.25 91.40 8538 81.89 79.77 87.55 86.86 80.53 85.56 9430 88.42 +7.33
+ Ours (Unsup.) 99.52 9420 83.65 86.64 99.90 76.88 96.82 91.00 84.14 7821 7833 8341 83.86 79.89 83.86 9435 87.17 +6.07
LGrad (2023) 99.98 9047 8892 85.69 99.62 82.81 87.77 58.50 66.13 71.67 7047 65.24 6591 7451 6030 71.25 77.45

+ Ours (Sup.) 99.99 9423 90.18 86.11 99.85 8696 9555 59.70 66.07 75.08 70.23 6629 67.26 7431 62.81 7840 79.56 +2.11
+ Ours (Unsup.) 9995 94.16 90.05 86.11 99.65 86.74 95.61 5820 66.00 75.24 70.41 66.07 66.83 74.17 62.07 78.35 79.35 +1.90
UnivFD (2023) 99.81 8493 95.08 9833 9575 9947 7496 8690 66.87 62.46 56.13 63.66 63.49 8531 7093 50.75 78.43

+ Ours (Sup.) 99.72  90.09 9570 98.33 96.62 9948 92.60 90.15 78.38 76.96 68.66 79.83 79.17 89.81 83.08 63.00 86.35 +7.92
+ Ours (Unsup.) 99.74 89.53 9533 9830 96.45 99.50 9222 90.30 7838 76.89 6877 79.59 79.09 89.16 83.11 62.80 86.20 +7.77
RINE (2024) 100.00 88.86 99.60 99.32 99.55 99.77 9450 97.35 74.61 80.72 57.12 8396 83.35 89.79 8495 54.85 86.77

+ Ours (Sup.) 99.96 9573 99.62 99.74 99.82 99.87 99.31 97.15 89.40 9295 8048 93.90 9396 95.66 9397 8150 9456 +7.80
+ Ours (Unsup.) 99.99 9357 9847 99.74 9720 99.82 99.01 9590 88.92 9135 80.16 92.88 92.75 95.88 9340 81.60 9379 +7.02
AIDE (2025a) 99.99 99.65 8395 9849 9990 73.24 98.01 94.75 9347 95.09 77.20 92.95 92.84 95.12 93.49 96.60 92.80

+ Ours (Sup.) 99.99 99.75 8555 98.60 99.92 91.01 99.52 9565 9420 95.08 79.05 93.14 93.19 95.62 93.80 96.60 9442  +1.62
+ Ours (Unsup.) 9998 99.75 8530 97.31 99.77 82.17 9930 95.60 94.08 9495 78.64 93.37 93.16 9554 93.64 9650 93.69 +0.90
Effort (2025b) 99.92 89.17 99.12 99.96 100.00 99.94 90.21 70.30 59.18 70.43 50.58 71.62 71.42 75.13 69.34 53.25 79.35

+ Ours (Sup.) 99.89  94.02 99.45 100.00 100.00 99.94 96.02 93.05 76.78 86.58 68.63 88.88 88.55 8991 87.17 62.75 89.48 +10.13
+ Ours (Unsup.) 99.92 9022 99.12 9996 100.00 99.94 91.68 8220 71.62 78.25 68.62 79.86 79.79 79.10 78.64 62.35 85.08 +5.73

Table 1: Results on AIGCDetectBenchmark (Zhong et al. 2023). Accuracies (%) of different detectors (rows) in detecting real
and fake images from different generators (columns) are reported. These methods are trained on real images from LSUN and
fake images generated by ProGAN and evaluated over 16 generators.

separable, the classifier logits tend to form a bimodal distri-
bution, implicitly reflecting the presence of two latent modes
corresponding to the two classes. An ideal decision thresh-
old should hence lie near the valley between these modes
and induce a symmetric partitioning of the distribution.
Formally, given a set of unlabelled target logits {z;}1_,,
we begin by estimating the continuous probability density
function p(z) via Gaussian kernel density estimation:

p(z):nlh;;(( ).

where K (-) is the Gaussian kernel and h is the bandwidth,
whose details are introduced in Appendix.

Our goal is to find a calibration value « that aligns with
the distributional symmetry of p(z). To do this, we introduce
a symmetry surrogate objective by treating « as a reference
point and minimizing the first-order weighted shift of the
distribution with respect to a:

D(a) = [ (z—a) p(2)dz.

oo
This expression quantifies the imbalance of the logit distri-
bution with respect to « as a reflective center. Intuitively,
when ®(a) = 0, the distribution p(z) is symmetric around
«, which serves as a natural partition boundary. Notably,
we propose a moment-balancing optimization method to en-
sure robust unsupervised performance across distributions

z— Z;

h

(12)

(13)
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by adaptively penalizing low-confident logits, whose details
are deferred to Appendix.

This method requires no label supervision and is robust
to mild distributional shift, as it operates directly on the em-
pirical logit geometry. It is particularly effective when the
logits exhibit a latent bimodal structure, enabling recovery
of semantically meaningful decision thresholds even under
unsupervised conditions.

S Experiment
5.1 Experimental Setup

Baselines. We evaluate nine representative off-the-
shelf Al-generated image (AIGI) detectors, including
CNNSpot (Wang et al. 2020), FreDect (Frank et al. 2020),
Fusing (Ju et al. 2022), LNP (Liu et al. 2022), LGrad (Tan
et al. 2023), UnivFD (Ojha, Li, and Lee 2023), RINE (Kout-
lis and Papadopoulos 2024), AIDE (Yan et al. 2025a), and
Effort (Yan et al. 2025b). Rather than directly comparing
with these methods, we apply our calibration strategy on
top of them to assess its applicability and effectiveness in
enhancing detection performance.

Benchmarks. We use two popular benchmarks in our
main experiments. (1) AIGCDetectBenchmark (Zhong et al.
2023) covers 16 generative models, including GANs and
text-to-image models such as Midjourney and DALL-E 2.
The training set contains real images from LSUN and fake



Method | Midjourney SDvl4 SDvl.5 ADM GLIDE Wukong VQDM BigGAN Average A
CNNSpot (2020) 55.13 99.96 99.85 50.11 50.47 99.28 50.18 49.98 69.37

+ Ours (Sup.) 76.12+0.11 99.95+0.05 99.85+0.13 54.39+0.35 64.98+0.52 99.72+0.22 51.20+0.87 49.08+0.49 74.41+0.11 +5.04
+ Ours (Unsup.) 75924052 99.94+0.05 99.82+0.18 49.06+1.02 64.51+0.38 99.51+0.19 40.08+1.22 38.07+0.12 70.86+021 +1.49
FreDect (2020) 61.34 99.60 99.46 50.40 54.89 97.13 49.87 50.65 70.42

+ Ours (Sup.) 81.67+027 99.62+0.13 99.48+0.20 50.57+031 75.2940.59 98.01+0.51 49.40+0.64 55.90+137 76.24+021 +5.83
+ Ours (Unsup.) 81.67+033 99.60+0.02 99.45+0.04 39.21+0.78 75.24+0.48 97.97+0.12 34.8640.23 55.53+0.44 72.94+0.11 +2.52
Fusing (2022) 58.72 99.98 99.91 57.05 73.50 99.96 64.75 55.43 76.16

+ Ours (Sup.) 82.56+1.50 99.99+0.15 99.89+0.06 86.3142.67 96.29+0.66 99.90+0.61 94.4440.97 62.18+0.76 90.20+0.51 +14.03
+ Ours (Unsup.) 66.09+£1.83 99.98+0.00 99.91+0.00 67.18+1.23 80.42+0.85 99.96+0.00 73.8040.89 60.17+0.78 80.94+0.45 +4.78
LNP (2022) 50.34 99.93 99.86 60.88 50.10 99.78 75.44 62.02 74.79

+ Ours (Sup.) 58.34+093 99.91+0.05 99.85+0.06 94.75+0.18 85.69+0.12 99.77+0.11 96.38+0.13 61.95+0.32 87.08+0.09 +12.29
+ Ours (Unsup.) 54.44+156 99.97+0.03 99.83+0.03 94.35+0.57 85.8340.06 99.78+0.06 96.37+0.22 62.00+0.64 86.57+0.25 +11.78
LGrad (2023) 68.70 99.40 99.41 51.90 61.57 96.97 51.04 49.73 72.34

+ Ours (Sup.) 81.334022 99.27+0.06 99.4140.07 54.07+1.75 76.64+0.33 97.82+0.14 56.56+0.58 52.38+1.86 77.19+043 +4.85
+ Ours (Unsup.) 80.33+0.64 99.24+0.07 99.39+0.08 51.76+0.61 76.7840.19 97.7240.19 56.53+0.13 46.65+0.35 76.05+0.13 +3.71
UnivFD (2023) 85.16 96.89 96.74 53.86 73.61 92.17 56.56 61.40 77.05

+ Ours (Sup.) 87.824037 96.89+0.38 96.67+0.20 57.67+0.92 81.23+0.07 92.67+0.26 66.94+0.66 79.05+0.43 82.37+0.18 +5.32
+ Ours (Unsup.) 87.71+024 96.77+038 96.49+0.52 56.62+0.12 81.1640.17 92.5240.37 66.85+0.06 78.97+0.20 82.14+0.08 +5.09
RINE (2024) 69.38 99.97 99.90 56.73 53.24 99.95 88.95 86.15 81.78

+ Ours (Sup.) 96.33+0.13 99.98+0.02 99.91+0.10 92.86+031 97.34+0.26 99.95+0.03 98.70+0.11 98.45+0.29 97.94+0.08 +16.16
+ Ours (Unsup.) 96.06+029 99.97+0.00 99.86+0.02 92.73+0.15 95.6740.59 99.88+0.07 98.63+0.20 97.90+0.51 97.59+0.12 +15.80
AIDE (2025a) 79.38 99.74 99.75 78.54 91.80 98.67 80.27 77.20 88.17

+ Ours (Sup.) 91.66+048 99.74+0.14 99.75+0.17 89.81+0.25 96.97+0.29 99.22+0.41 91.63+0.61 77.22+0.48 93.25+0.13 +5.08
+ Ours (Unsup.) 86.29+0.84 99.78+0.02 99.74+0.02 85.62+0.43 94.8840.39 98.98+0.15 86.94+0.94 76.60+0.13 91.10+0.20 +2.94
Effort (2025b) 82.40 99.83 99.81 78.78 93.31 97.42 91.70 88.05 91.41

+ Ours (Sup.) 94.09+043 99.82+0.15 99.83+0.08 96.57+0.16 98.38+0.03 98.47+0.12 97.10+0.18 88.85+0.14 96.64+0.09 +5.23
+ Ours (Unsup.) 93.40+036 99.71+0.07 99.70+0.06 96.57+0.08 98.3140.13 98.47+0.08 96.88+0.20 87.58+0.84 96.33+0.16 +4.92

Table 2: Results on GenImage (Zhu et al. 2024b). Accuracies (%) of different detectors (rows) in detecting real and fake images
from different generators (columns) are reported. These methods are trained on real images from ImageNet and fake images

generated by SD v1.4 and evaluated over 8 generators.

images generated by ProGAN, while the test set includes di-
verse fake images from the 16 generative models. Likewise,
(2) Genlmage (Zhu et al. 2024b) comprises ImageNet’s
1,000 classes generated using 8 SOTA generators such as
Stable Diffusion (SD) and Midjourney, and its training set
contains real images from ImageNet and fake images gener-
ated by SD v1.4. Benchmark details are in Appendix, where
we also conduct experiments on other recent benchmarks.

Implementation Details. We randomly sample a small
subset of the test data (referred to as validation set) to op-
timize the scalar calibration parameter «.. By default, we use
100 images, which is approximately 1% of the entire test
set. The optimized « is then applied to the test data for eval-
uation. All experiments are conducted on a single NVIDIA
RTX A6000 GPU. For each method, we use the official pre-
trained checkpoints without any fine-tuning or modification.
If no checkpoint is available, we train the model using the
official codebase. To ensure statistical robustness, all results
are averaged over 10 independent runs, and we report both
the mean accuracies and standard deviations.

5.2 Results and Analysis

Results on Standard Benchmarks. Tabs. 1 and 2 illus-
trate the performance of representative AIGI detectors on
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the AIGCDetectBenchmark and Genlmage datasets, respec-
tively. Our proposed post-hoc calibration strategy consis-
tently improves detection accuracies across different base-
lines. In particular, especially when the baseline models are
equipped with strong pre-trained feature extractors such as
CLIP (e.g., RINE (Koutlis and Papadopoulos 2024) and Ef-
fort (Yan et al. 2025b)), our method is able to further en-
hance their performance by larger margins, indicating its
complementary benefit. Overall, these results demonstrate
that our calibration approach can effectively unlock the la-
tent potential of existing detectors, regardless of the back-
bone representation quality, and is especially beneficial in
handling domain shift and subtle generation artifacts com-
monly present in AIGI datasets.

Robustness to Image Perturbations. Tab. 3 shows the re-
sults under different types of image perturbations, evaluating
the robustness of AIGI detectors in real-world applications
under potential unseen perturbations. Notably, our method
shows strong resistance to image perturbations, especially
for JPEG compression, significantly improving the perfor-
mance by large margins, e.g., +15.39% accuracy for AIDE
under JPEG compression (QF = 90). These results further
validate the robustness and applicability of our method in
real-world scenarios.



Original JPEG Compression ~ Gaussian Blur
Method | Average QF=95 QF=90 o¢=1.0 0=2.0
CNNSpot (2020)  70.83 64.43 63.18 70.67  69.64
+ Ours (Sup.) 78.22 77.61 77.40 76.79  74.46
+ Ours (Unsup.) 77.90 77.21 76.98 76.32  73.83
FreDect (2020) 64.03 69.16 68.10 65.75  66.53
+ Ours (Sup.) 68.88 77.92 74.37 68.42  70.52
+ Ours (Unsup.) 65.09 76.01 72.93 6549  69.62
Fusing (2022) 68.85 61.82 61.04 68.08  66.66
+ Ours (Sup.) 78.42 7791 77.22 73.15  70.27
+ Ours (Unsup.) 75.60 73.79 73.53 71.82  69.02
LNP (2022) 81.09 79.37 79.42 70.21  69.23
+ Ours (Sup.) 88.42 83.40 83.47 7177 69.88
+ Ours (Unsup.) 87.17 82.82 82.90 7143  69.79
LGrad (2023) 77.45 51.79 50.00 5420 50.03
+ Ours (Sup.) 79.56 61.47 56.32 6143 4998
+ Ours (Unsup.) 79.35 61.13 55.46 61.24  49.53
UnivFD (2023) 78.43 74.10 71.65 70.31  65.66
+ Ours (Sup.) 86.35 82.17 80.78 7738  70.04
+ Ours (Unsup.) 86.20 82.08 80.59 7723  69.59
RINE (2024) 86.77 78.94 76.19 81.33  73.81
+ Ours (Sup.) 94.56 90.93 89.19 86.17  76.53
+ Ours (Unsup.) 93.79 90.34 88.63 85.61 75.54
AIDE (2025a) 92.80 65.91 60.22 79.48  68.43
+ Ours (Sup.) 94.42 79.41 75.61 8249  73.04
+ Ours (Unsup.) 93.69 77.90 73.84 81.83  70.30
Effort (2025b) 79.35 67.37 63.56 7530 62.52
+ Ours (Sup.) 89.48 77.59 74.72 8347  70.04
+ Ours (Unsup.) 85.08 75.30 71.67 81.11 67.89

Table 3: Robustness on JPEG compression and Gaussian
blur. We report the accuracies (%) averaged over 16 test sets
in AIGCDetectBenchmark (Zhong et al. 2023) with differ-
ent quality factor (QF) and variance (o).

Effect of Validation Set Size. Fig. 3 shows the perfor-
mance using different validation set sizes. We can observe
that both our supervised and unsupervised calibration meth-
ods perform stably with varying amounts of validation data,
demonstrating strong performance with as few as 10 sam-
ples, which is less than 0.1% of the data in each test
set. These results further confirm the effectiveness of our
method, demonstrating its utility as a lightweight and prac-
tical test-time enhancement for AIGI detection.

Comparison with Different Estimation Methods for o.
Fig. 4 further showcases the performance using different su-
pervised searching methods to estimate « in place of our
proposed KDE-based method, such as binary search and
training with binary cross-entropy (BCE) loss, whose de-
tails are deferred to Appendix. We can observe that our pro-
posed method shows strong performance even with 4 target
samples in the validation set, and consistently outperforms
the other two counterparts by large margins with more tar-
get samples. These results demonstrate the data efficiency of
our proposed calibration method, highlighting its practical-
ity and suitability for real-world deployment.

6 Conclusion

In this work, we investigated a critical yet underexplored
challenge in Al-generated image detection: the systematic
misclassification of fake images under distribution shift,
even in class-balanced settings. Through empirical and the-
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Figure 3: Effect of validation set size on the proposed super-
vised and unsupervised calibration methods. We report the
average accuracies on the two benchmarks.
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Figure 4: Performance comparison of different supervised
calibration methods for estimating «. Average accuracies
of CNNSpot (Wang et al. 2020) on AIGCDetectBench-
mark (Zhong et al. 2023) are reported.

oretical analyses, we identified that this phenomenon arises
from a mismatch between the model’s learned decision
threshold and the shifted test-time distribution, particularly
due to label prior and class-conditional input shifts in the
fake class. To address this, we introduced a lightweight and
principled post-hoc calibration method that applies a learn-
able scalar correction to the model’s logits. Without modi-
fying the detector’s backbone, our method significantly im-
proves detection robustness across diverse generators. Our
findings underscore the importance of aligning the decision
boundary with the test distribution, and demonstrate that
substantial performance gains can be achieved through min-
imal yet targeted calibration. This highlights the untapped
potential of existing detectors and opens new directions for
reliable and adaptive Al-generated image detection under re-
alistic deployment conditions.
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