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Abstract

As generative models continue to evolve, de-
tecting Al-generated images remains a crit-
ical challenge. =~ While effective detection
methods exist, they often lack formal inter-
pretability and may rely on implicit assump-
tions about fake content, potentially limit-
ing their robustness to distributional shifts.
In this work, we introduce a rigorous, sta-
tistically grounded framework for fake image
detection that focuses on producing a proba-
bility score interpretable with respect to the
real-image population. Our method leverages
the strengths of multiple existing detectors
by combining strong training-free statistics.
We compute p-values over a range of test
statistics and aggregate them using classi-
cal statistical ensembling to assess alignment
with the unified real-image distribution. This
framework is generic, flexible, and training-
free, making it well-suited for robust fake im-
age detection across diverse and evolving set-
tings.

Code available at: https://github.com/s
haham-lab/RealStats.

1 INTRODUCTION

The ability to distinguish real images from Al-
generated content has become increasingly critical as
generative models grow in both realism and accessi-
bility. Recent advances in generative Al have signifi-
cantly improved the visual fidelity of synthetic images,
making them nearly indistinguishable from real ones
to the human eye.
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Addressing this growing challenge requires detection
methods that are explicitly designed to balance two
key properties central to our approach: interpretabil-
ity and adaptability. Interpretability refers to the abil-
ity to assess the reliability of detection outputs by
producing scores with well-defined statistical meaning.
This is essential to ensure that the results can be un-
derstood and trusted in practice.

Adaptability denotes the ability to remain effective un-
der distribution shifts caused by emerging generators.
It requires operating without relying on assumptions
about fake image distributions, while allowing future
refinement and extension as new detection signals or
insights become available.

Detection methods for Al-generated images are rapidly
advancing. A major direction has focused on super-
vision, where models or ensembles are trained on la-
beled fake images to learn patterns that distinguish
real from synthetic content Wang et al.| (2020)); Martin-
Rodriguez et al.| (2023); Epstein and et al| (2023).
Although effective at capturing training distributions,
their reliance on fake data limits adaptability, as per-
formance often degrades under distribution shifts in-
troduced by evolving generators |Gragnaniello et al.
(2021)).

Recent work explores strong pre-trained representa-
tions |Ojha et al.| (2023)); |Cozzolino et al.| (2024) and
hand-crafted heuristics Ricker et al.| (2024)); He et al.
(2024); Brokman et al.| (2025) as detection statistics,
using real images as a reference. These approaches en-
hance adaptability by avoiding training on fake data
and offer a degree of interpretability by calibrating
thresholds based on real image distributions. However,
their adaptability remains limited, as the distribution
shifts introduced by evolving generators can still af-
fect performance. This may result from assumptions
about how fake images differ from real ones, such as
fixed magnitude relationships that do not generalize,
or from the inability of individual statistics to consis-
tently separate real and synthetic content across dif-
ferent generative models.
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Figure 1: lllustration of the score interpretability gap
between a supervised classi er Wang et al. (2020) and
our statistical method. Top: A supervised model out-
puts scores that can separate real from fake images,
but these scores are not inherently interpretable, as
they lack clear statistical meaning and are often over-
con dent. Bottom: Our method produces calibrated
p-values based on real image distributions. These val-
ues have a precise interpretation: the probability of
observing such a result if the image were real. This
enables principled decisions using a standard signi -
cance level.

We extend recent training-free detection methods by
proposing a statistically rigorous framework based
solely on real images. To improve adaptability, the
method integrates multiple detection statistics to cap-
ture a broader range of deviations introduced by
evolving generators, without making any assumptions
about fake image distributions.

Our method returns a p-value under the null hypoth-
esis that an image is drawn from the real distribution,
providing a statistically grounded and interpretable re-
liability measure. This value is derived by aggregat-
ing several intermediate p-values, each capturing devi-
ation under a di erent statistic, into a coherent score
re ecting the overall evidence against the image being
real. In summary, our contribution is a real-only de-
tection framework that formulates Al-image detection
as a hypothesis test on the real distribution and inte-
grates multiple training-free statistics into a calibrated
p-value. This yields an interpretable and adaptable
structure with formal statistical meaning, allowing the
method to incorporate new statistics without relying
on fake data.

2 RELATED WORK

E orts to detect Al-generated images have evolved

across three main paradigms: fully supervised meth-
ods, few-shot and zero-shot detectors leveraging pre-
trained models, and unsupervised approaches rooted
in statistical inference. Each class of methods has con-
tributed di erent insights into the detection problem.

Supervised approaches are a widely explored direction,
training discriminative models on labeled real and syn-
thetic datasets. CNN-based methods| Wang et al.
(2020); Baraheem and Nguyen ((2023) have demon-
strated strong performance, and follow-up studies ex-
plored frequency cues Frank et al. [(2020)] Bammey
(2024) and handcrafted features| Martin-Rodriguez
et al| (2023) to enhance robustness. However, these
models tend to degrade when applied to images from
unseen generative sources Gragnaniello et al. (2021).
Online adaptations |[Epstein and et al| (2023) attempt
to mitigate this by continuously updating with new
fakes, yet remain tightly coupled to evolving syn-
thetic distributions, limiting long-term adaptability.
Moreover, they produce outputs that, while separat-
ing classes, often lack statistical meaning and inter-
pretability, as illustrated in Figure 1]

To address these limitations, recent work has shifted
toward few-shot detectors that aim to reduce reliance
on large labeled datasets. These approaches typi-
cally leverage powerful pre-trained encoders, such as
Dino Oquab et al. (2023), CLIP |Radford et al.| (2021);
Cozzolino et al| (2024); Sha et al.|(2023), GAN Good-
fellow et al.| (2014); Ojha et al| (2023), Di usion Mod-
els|Chu et al| (2024); Wang et al. (2023) and adapt
them using a small number of synthetic examples, ne-
tuning or calibrating on limited fakes. These methods
retain a degree of supervision. As aresult, they require
retraining to handle emerging models and remain tied
to internal model-speci c scores, limiting prediction
interpretability and extensibility to future generators.

A distinct class of methods avoids supervision in a
training-free, zero-shot regime. These approaches
draw on intrinsic statistical properties of real images
and evaluate test statistics without access to fake sam-
ples. Perturbation-based detectors, such as RIGID He
et al. (2024), assume that real images exhibit greater
embedding stability under noise, using a similarity
threshold to distinguish them from fakes. A related ap-
proach Brokman et al. (2025) leverages the geometry
of a generative model's log-probability manifold, using
curvature as a statistic. It assumes that generated im-
ages concentrate near local maxima, while real images
lie in atter regions. Similarly, reconstruction-based
methods such as AEROBLADE Ricker et al. (2024)
use latent di usion model Rombach et al. (2022) au-
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(a) Manifold Curvature
(SDXL)

(b) Manifold Curvature
(StyleGAN2)

(c) Permutation-Based
Features (StyleGAN2, f =
CLIP, =0:1)

(d) Permutation-Based
Features (StyleGAN2, f =
CLIP, =0:01)

Figure 2: lllustration of the adaptability gap in ex-
isting training-free methods. Each row shows statis-
tics from a di erent method (top: manifold curvature;
bottom: permutation-based features), and each col-
umn corresponds to a di erent test condition. Top:
The manifold curvature statistic shows opposite be-
havior across generators. In (a) SDXL, real images
have higher curvature than real ones, while in (b)
StyleGAN2, the pattern reverses. Bottom: The
permutation-based feature statistic is sensitive to the
perturbation strength In (c), real images yield
higher scores than fakes, but in (d), the ordering ips.
These shifts highlight that handcrafted statistics often
rely on assumptions, such as xed magnitude dier-
ences, that do not generalize across models or test set-
tings.

toencoders to compute the reconstruction error, as-
suming that the generated images are better recon-
structed than the real ones. These techniques rely on
meaningful statistical measures that e ectively distin-
guish real from generated images, o ering a level of
interpretability by grounding detection in well-de ned
statistics. However, they often assume a one-sided hy-
pothesis test, which does not always hold in practice,
as illustrated in Figure 2, which can reduce their abil-
ity to adapt to the behaviors of emerging generative
models. In many cases, these methods are based on
a single hand-crafted statistic and do not incorporate
multiple signals. As a result, their generalization tends

to be more e ective within speci c families of genera-
tive models.

Inspired by the e ectiveness of recent zero-shot meth-
ods that leverage strong, model-independent statistics,
we build on these insights to develop a uni ed, statis-
tically rigorous framework. While prior approaches of-

ten rely on single handcrafted tests and assume xed
di erences between real and fake statistics, typically
calibrated through thresholds, our method extends
these ideas without such assumptions. It integrates
multiple detection signals using only real image distri-

butions. By transforming scalar statistics into p-values

and aggregating them with statistical methods, our ap-

proach provides interpretable outputs, principled error

control, and improved adaptability to emerging gener-

ative models.

3 RATIONALE

3.1 Detection as Statistical Hypothesis
Testing

We frame fake image detection as a statistical hy-
pothesis multi-test Wasserman (2004). For each scalar
statistic s(x), we test whether an image x is plausible

under the real image distribution.

Under the null hypothesis Ho: X P rea, We eval-
uate the extremeness of s(x) relative to a refer-
ence distribution estimated from real images Dea =

function (ECDF) is de ned as:

X
BO= o ) G X Preat (1)
i=1

Then, we compute a two-sided empirical p-value:

p(x) =2 min By (s(x); 1 By (s(x) )

This testing procedure is applied across multiple scalar

distinct aspect of deviation from the real image distri-
bution. In next sections, we describe how these indi-
vidual p-values (as de ned in Eq. (2)) are aggregated
into a single p-value.

3.2 Validity Conditions

The validity of the empirical p-value p(x) relies on the
following assumptions about the real image dataset

1. ii.d. sampling: The reference samples

cally from the true real image distribution: X ;
Preal .
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statistics  The  statistics

used in aggregation are
required to be independent under R, . Rather
than assuming this, the method enforces indepen-
dence by selecting a subset that satis es formal
independence criteria as explained in subsequent
sections.

2. Independent

3. distributional match: A real test image x is
also drawn from the same distribution: X P (eqal.

Under these conditions, the p-value de ned in Eg. (2)
is uniformly distributed on [0;1] under the null hy-
pothesis Hy (see Appendix B, Lemma 1).

4 PROPOSED METHOD

We propose a training-free detection method that tests
whether an image is drawn from the distribution of
real images, based on a rigorous statistical framework.
The method consists of two phases. In the null distri-
bution modeling phase, we compute a diverse collection
of scalar statistics over real images and estimate their
ECDFs. Then we nd a subset of independent statis-
tics that allow valid multi-test aggregation under the
null hypothesis (see Fig. 3). In the inference phase, se-
lected statistics are computed and mapped to p-values
via stored ECDFs, then aggregated into a single inter-
pretable p-value under the null distribution.

Each step of the null distribution modeling and detec-
tion pipeline is described in detail below.

4.1 Null Distribution Modeling Phase

This phase has two stages: statistic extraction and
empirical modeling and independent subset selection.
Given a reference dataset R, it produces (1) set of
stored ECDFs and (2) subset of independent statistics,
enabling statistically valid p-value aggregation during
detection.

Stage 1: Statistic Extraction and Empirical
Modeling

In this stage, we compute a diverse set of scalar statis-
tics S(x) over real images X 2 Drea, These statis-

tics are computed using a broad set of feature extrac-
tors. For each statistic in S, we compute and store
its ECDF, forming the reference needed for hypothe-
sis testing during detection.

Step 1.1: Multi-Detector Processing

Each image x is processed by a set of frozen feature ex-
tractors F =ff q1;:::;fmg, where each f: R"WC |
RY maps an image to a high-dimensional embedding.

Inspired by RIGID He et al. (2024), we assess the sta-
bility of these embeddings by applying small Gaussian
perturbations to the input and measuring the change
in the resulting features. Speci cally, we de ne ad-
ditive noise N (0;1) and select a perturbation
strength ¢ 2f 1;:::; ng. The image score is then
computed as the cosine similarity between clean and
perturbed features:

Sik () =sim(f j(x);f;(x+ «)): 3)
This score re ects the robustness of the embedding
under noise: real images typically produce more sta-
ble features, leading to higher similarity scores. How-
ever, this behavior is not universally consistent across
encoders or noise level. To increase robustness and
sensitivity, we evaluate a wide set of detector con g-
urations, each de ned by a pair (f;; «) combining a
vision backbone and a perturbation level.

The complete set of scalar statistics extracted from
image x is de ned as:

S(x)=fs jx (X)gj m; kn

The modular construction of S(x) allows new detectors
to be easily incorporated, providing a clear path for
future extension and adaptability.

Step 1.2: Empirical Two-Sided p-Value Estima-
tion

For each scalar statistic in S(x), we evaluate its ex-
tremeness relative to the distribution of the same
statistic computed over a reference set of real images.

For each con guration independently, we construct an
ECDF as de ned in Eq. (1).

Given image x, we compute a two-sided p-value for
each statistic using Eq. (2), resulting in a p-value vec-
tor:

p(x) = [p ik (X)] (k) :

The two-sided formulation avoids assuming a xed di-
rection of deviation and accommodates diverse behav-
iors across detectors.

The ECDFs B are estimated using real images only,
which we treat as a representative sample drawn from
the real population, allowing the method to remain
adaptable as generative techniques evolve.

Stage 2: Independent Subset Selection

In this stage, we select a subset of scalar statistics
that are independent under the null hypothesis. This
enables statistically valid aggregation of their corre-
sponding p-values. The selection is performed by test-
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Figure 3: Overview of the null distribution modeling phase. (a) Real images from the reference dataset By are
processed using multiple detector con gurations (f ; ), producing scalar statistics whose empirical distributions
are estimated and stored as ECDFs. (b) Pairwise statistical dependence among statistics is assessed Vfatests
over real samples. (c) The resulting relationships de ne an independence graph, where edges indicate accepted
independence. (d) A maximal clique is extracted and regularized via a uniformity constraint to select a subset

| S of independent statistics.

ing pairwise independence among statistics, construct-
ing an independence graph, and nding a maximal
cligue under a uniformity constraint.

Step 2.1: Pairwise Dependence Testing

Stacking the vectors p(x,) for all X 2 D eq, We form
an N T matrix of p-values, where T =jSj.

To assess mutual dependence between statistics, we
apply a pairwise 2 test to all T(T 1)=2 pairs of
statistics, testing whether the joint distribution of p-
values over real images deviates from independence.

Step 2.2: Independence Graph Construction

We construct an undirected graph G = (V;E), where
each nodey 2 V represents a statisticg 2 S. For each
pair (si;s;j), dependence is assessed via the? statis-
tic and quanti ed using Crarrer's V, which avoids the
instability of 2 p-values in large samples Lin et al.
(2013). An edge is added if the association is weak,
ie.,

(Vi;vi)2E i V(si;s) V 2
where V: denotes the Craner's V threshold. This
graph captures the empirical structure of pairwise as-
sociations su ciently weak to approximate indepen-
dence.

Step 2.3: Maximum Clique Enumeration

We extract a maximal clique Bron and Kerbosch
(1973) from the independence graph, corresponding
to the largest subset | S of pairwise independent
statistics. However, pairwise independence alone does

not guarantee joint independence, which is required
for valid multi-test aggregation. (details on aggrega-
tion methods in Section 4.2).

To address this, we select | by verifying that the ag-
gregated p-values follow a uniform distribution under
the null hypothesis. To mitigate large-sample artifacts
analogous to those a ecting 2 p-values, we apply the
Kolmogorov{Smirnov test to a representative subsam-
ple of Nks real images:
p-valuexs KS

This ensures that the selected set supports valid down-
stream aggregation under the null hypothesis. Aggre-
gation methods such as Stou er's test or the min-p-
value method (described in the next section) quantify
the joint deviation from the null across statistics.

In practice, detection performance remains an impor-
tant consideration. Although the set of statistics is
chosen based on independence and null alignment, en-
coders such as DINOv2 and CLIP are known to pro-
duce particularly strong discriminative features. Thus,
when multiple maximal cliques satisfy these condi-
tions, we prioritize those containing these encoders to
improve e ectiveness.

4.2 Inference Phase

Given a candidate image x, we compute only the sub-
set of scalar statistics | S that were selected dur-
ing the null distribution modeling phase as indepen-
dent (Step. 2.3), as illustrated in the detection pipeline
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Figure 4. Overview of the inference phase. (a) A candidate image is processed using only the subset of detector
con gurations corresponding to the selected statistics |. (b) Each resulting statistic is mapped to a two-sided p-
value using the stored ECDFs. (c) The set of p-values is aggregated using a statistical aggregation method, such
as Stou er's test. (d) The nal decision is taken by comparing the uni ed p-value to a prede ned signi cance

level.

(Fig. 4). To do so, we apply multi-detector processing
(Step. 1.1), restricted to the relevant con gurations
that de ne |.

Each statistic s 2 | is then mapped to a two-sided
p-value using the corresponding ECDF®, estimated
from real images (Step. 1.2). These individual p-values
quantify how extreme each selected statistic is under
the null hypothesis.

To summarize this evidence into a single interpretable
score, we apply one of two statistical aggregation
methods, both of which assume independence among
the selected statistics.

Stou er's Test: This method transforms each p-
value into a standard normal Z-score:
z= *(p) 4)
1 X
Z=p= 1z
i=1
where is the standard normal CDF and K = jlj is
the number of aggregated statistics. Under the null,
Pstouer UJO; 1] (see Appendix B, Lemma 2). This
method is e ective when several statistics show mod-
erate deviations from the null that, while individually
weak, become signi cant when combined.

Pstouer = (Z) %)

Minimum p-Value: This method emphasizes the
strongest individual evidence:
Prin =min pii Fe,, =1 1 9 (6

where Py, is the minimum of K independent p-values,
and Fp_ is its CDF. Under the null hypothesis, and

assuming p-values are computed as in Eq. (2), the re-
sulting test remains valid with uniform distribution
(see Appendix B, Lemma 3). This method is well
suited when only a small subset of detectors is ex-
pected to distinguish fakes.

The resulting uni ed p-value provides a statistically
valid and interpretable measure of authenticity,
quantifying the deviation of the candidate image x
from the distribution of real images.

The complete procedures for null modeling and infer-
ence are detailed in Appendix A.3, while a comprehen-
sive study of runtime and memory usage is provided
in Appendix D.1.

5 EXPERIMENTS

Datasets We evaluate our method on several large-
scale benchmark datasets that collectively span a
broad spectrum of generative models and content do-
mains. The CNNSpot dataset Wang et al. (2020) con-
sists of real and synthetic images across 20 LSUN Yu
et al. (2015) categories, primarily generated using
early convolutional and GAN-based models. The Uni-
versal Fake Detect dataset Ojha et al. (2023) expands
this setup to include more recent latent di usion archi-
tectures. To further assess robustness on high- delity
di usion-based content, we incorporate a Stable Di u-
sion Face dataset that provides high-quality generated
images from SDXL and SDv2 tobecwb (2023). Finally,
to evaluate performance on challenging real-world gen-
erative systems, we include the Synthbuster Bammey
(2024) and Genlmage Zhu et al. (2023) datasets.
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Across these datasets, our aggregated dataset com-
prises a total of 187K images (93K real and 94K fake),
approximately balanced between real and generated
content. This large-scale and diverse benchmark en-
ables evaluation of detection performance across mul-
tiple generation paradigms. A complete list of genera-
tive models is provided in Appendix C, and the exact
dataset splits and reproducibility details are described
in Appendix E.

Baselines We compare our method against three
recent training-free, approaches that represent com-
plementary statistical detection strategies. RIGID
measures embedding stability under perturbation and
serves both as a strong standalone baseline and as a
foundational component within our framework. AER-
OBLADE evaluates reconstruction error using latent
autoencoders, while ManifoldBias Brokman et al.
(2025) quanti es statistical curvature in the latent
space of pre-trained di usion models.

Implementation Details Our method relies on
frozen visual encoders and Gaussian perturbations.
All detectors operate at image resolutions of 512x512.
The speci ¢ encoders and perturbation strengths used
in our experiments, including hyper-parameters are
summarized in Appendix A.1 and Appendix A.2 re-
spectively.

To ensure a statistically valid evaluation, we explicitly
partition the real images into two disjoint subsets: 30%
is allocated to the null distribution modeling phase
(i.e., ECDF estimation), while the remaining 70% is
held out for evaluation. This split ensures that no
test-time inference image is used during calibration.
Fake images are evaluated only against the held-out
portion of real images. All detection methods, includ-
ing ours and the baselines, are evaluated under the
same protocol using shared real and fake subsets for
each generator.

At the time of writing, the o cial implementation of
RIGID is not publicly available. We implemented the
method based on the description in the original pa-
per, using its best-reported con guration: a DINOv2
backbone with a perturbation strength of 0.05. Due
to variability in reported results across di erent works,
we will release our full implementation, which includes
both the original RIGID setup and extended variants
with alternative feature extractors and perturbation
levels.

Metrics We report two threshold-free metrics to

evaluate detection performance: Area Under the ROC
Curve (AUC) and Average Precision (AP), each com-
puted per generative model. Unlike methods that re-

quire selecting a xed threshold, our approach pro-
duces p-values from hypothesis testing. Threshold-
based metrics like accuracy are thus not directly com-
parable and may not re ect statistical con dence.
AUC and AP provide a more appropriate view of per-
formance across the decision range.

5.1 Interpretability Does Not Come at the

Price of Performance

A central goal of our method is to provide interpretable
and reliable detection. Interpretability is a direct re-
sult of returning a p-value for each inference image x,
which is a value with clear statistical interpretation,
rather than an ambiguous "realness score". Crucially,
we demonstrate that despite this design choice, our
method achieves performance on par with state-of-the-
art training-free detectors.

Table 1: Average AUC and AP (with standard devia-
tion) across all generators splits.

Model AUC AP

Manifold Bias 0.761 0.179 0.753 0.169
RIGID 0.769 0.194 0.765 0.189
AEROBLADE 0.697 0.161 0.697 0.163
Ours (Stou er) 0.756 0.135 0.743 0.133
Ours (Min-p) 0.775 0.126 0.756 0.119

Note. Each split is balanced between real and fake
samples using strati ed sampling to ensure fair com-
parison across methods.

As shown in Table 1, our method achieves competitive
AUC and AP compared to state-of-the-art training-
free baselines. While Manifold Bias and RIGID obtain
slightly higher peak scores, our approach o ers com-
parable performance with substantially lower variance
across generators, re ecting more consistent behavior.
Importantly, this competitiveness comes without sac-
ri cing interpretability

Empirically, di erent methods peak on some gener-
ators but drop on others, showing inconsistent sta-
bility (see Figure 5). Manifold Bias, for instance,
scores highly on GauGAN but drops on StarGAN and
SDv2. RIGID performs well on SDXL but struggles
on SDv1.4, while AeroBlade is strong on ADM but

weak on SDv1.5. Our method shows some weaknesses

on datasets like CycleGAN, yet overall maintains more
balanced results, supported by its multi-RIGID vari-
ants that prevent collapse when a single statistic fails.
Complete AUC and AP values are provided in Ap-
pendix D.5.
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Figure 5: Per-generator AUC comparison across meth-
ods shown in radar format.

5.2 Adaptability in Action: Improving
Performance on Challenging Generators

While our method performs on par with state-of-the-
art training-free detectors overall, we observe weaker
results on certain generators where ManifoldBias ex-
cels, including GauGAN, CycleGAN, and SAN
(see Figure 5). To demonstrate adaptability, we revisit
these cases and integrate the ManifoldBias statistic
under the same experimental setup.

Figure 6: Average AUC of the Min-p ensemble before
and after incorporating ManifoldBias on GauGAN,
CycleGAN, and SAN.

As shown in Figure 6, the ensemble gains clear im-
provements on these generators, closing the gap with
baselines by leveraging the strength of ManifoldBias.

To highlight the broader impact, the bene t extends
to our full test benchmark of 160K images, where in-
corporating ManifoldBias improves p-value separation
(Figure 7) and raises overall AUC scores. These results
demonstrate the modularity and adaptability of our
framework, showing it can respond to evolving gener-
ative content by selectively integrating new, indepen-

(a) Entire Dataset, Min-p
ensemble (before)

(b) Entire Dataset, Min-p
ensemble (after)

Figure 7: Example of improved p-value separation
with ManifoldBias in the Min-p ensemble. Before
(left), real and fake distributions overlap considerably;
after (right), fake samples shift toward zero while real
remain uniform.

dent statistics when needed.

5.3 Interpretability Qualititive Comparison

Appendix D.4 provides a qualitative comparison illus-
trating the interpretability of our method, where p-
value patterns reveal how image deviations from the
reference distribution manifest in a transparent and
meaningful way.

5.4 Fast, Scalable, and Memory-E cient

Our method is designed for high-throughput inference
and scales e ciently with GPU parallelism. Runtime
improves with more workers, while memory remains
moderate even with many statistics and large batches.
In addition, we demonstrate that the computational
overhead of the independence-testing stage (Phase 1)
is negligible relative to the forward-pass cost.

Unlike training-free methods built on heavy autoen-
coders (e.g., Stable Di usion), it achieves faster infer-
ence and lower memory use. The approach runs on
single- or multi-GPU setups with minimal overhead,
making it practical for large-scale deployment.

Full runtime, scalability, and memory analyses are pro-
vided in Appendix D.1.

5.5 E ect of Reference Distribution
Misalignment

The empirical null modeling procedure relies on the as-
sumption that the set of real images used to construct
the ECDFs provides a representative sample of the
real-image population encountered at inference time.
Two distinct aspects can challenge this assumption.

The rstis nite sampling, where the empirical ECDF
may not perfectly approximate the true CDF of the
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real-image population since the reference set is nite.
In this case, the ECDF becomes a biased or coarse esti-
mate: the outputs still provide useful relative ranking
for distinguishing real from fake images, but the formal
probabilistic meaning of a p-value under the null is no
longer guaranteed. Because real images are generally
easy to obtain, this limitation can often be mitigated
by modestly enlarging or diversifying the reference set,
and a practical way to assess representativeness is to
compare the empirical distribution of p-values on a
validation set to the expected uniform distribution.

The second is distributional shift, where the test-time
real distribution diers structurally or semantically
from the reference domain, even if the reference set
is large. Such shifts occur, for example, when content
categories are heavily unbalanced, resolution changes,
or new semantic attributes appear. In such cases, the
p-values deviate from the expected uniform behavior,
meaning they no longer function as true p-values in
the classical probabilistic sense. To examine this ef-

Figure 8: p-value density distributions under
reference-test domain mismatch. Real samples (blue)
deviate from uniform behaviour due to calibration mis-
match, while fake samples (orange) remain concen-
trated near zero, demonstrating preserved discrimina-
tive signal.

fect, we designed a controlled domain-shift experiment
in which the reference ECDF was constructed from
only 1k FFHQ Karras et al. (2020) faces (< 4% of
the test size), while inference was performed on 30k
high-resolution CelebA Liu et al. (2015) faces. In this
setup, faces in the test domain are abundant and di-
verse, whereas in the reference set they represent only
a small and less varied subset. Moreover, CelebA
diers from FFHQ both in structural properties (in
particular, higher resolution than the vast majority
of reference samples) and in overall domain composi-
tion (e.g., pose and attribute distribution), making it
an appropriate setting for examining how RealStats
behaves when the reference distribution captures only
a limited portion of the true test domain.

Figure 8 visualizes the resulting p-value densities for
real and fake samples under this mismatch. Real sam-
ples deviate from uniformity, indicating calibration
misalignment, while fake samples remain concentrated
near zero, showing preserved discriminative signal.

Even in this scenario, RealStats maintains strong
real-fake separation (AUC = 0.79, AP = 0.845), out-
performing a perturbation-based heuristic evaluated
under identical conditions (AUC = 0.70, AP = 0.74).
This indicates that while the misalignment violates the
strict probabilistic meaning of the p-values, the aggre-
gated scores remain highly discriminative.

5.6 Robustness Under Image Corruptions

We evaluate robustness to JPEG compression and
Gaussian blur at test time without altering the refer-
ence distribution or evaluation setup. With the Min-

p ensemble, blur keeps performance stable or slightly
improved, while JPEG compression causes a moder-
ate drop (5% AUC, 6.4% AP) but does not a ect the
validity of p-values. Overall, the framework remains
resilient to these corruptions.

Additional results and visualizations are provided in
Appendix D.2.

6 LIMITATIONS

Our framework is subject to two main limitations.
First, the performance of our method depends on the
selected statistic cligue. In some cases, excluding cor-
related yet informative detectors may reduce separa-
bility. To mitigate this, we prioritize valid cliques that
include strong and diverse detectors such as DINOv2
and CLIP.

Second, the validity of the resulting p-values depends
on the quality of the reference distribution. As dis-
cussed earlier, both nite sampling and distributional
shift can a ect the representativeness of the empirical
null model. Reliability can be assessed by examining
the p-value distribution on a validation set and com-
paring it with the expected uniform pattern. In prac-
tice, misalignment is often manageable, as real data is
typically easy to obtain.

7 CONCLUSION

We presented a statistical framework for fake image de-
tection focused on two main properties: interpretabil-
ity and adaptability. Through extensive experiments,
we showed that our method achieves competitive per-
formance with state-of-the-art training-free detectors,
while remaining robust, scalable, and modular.
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Supplementary Materials

Appendix

This appendix contains supplementary material that supports the methods and ndings in the main paper. It
includes:

A. Algorithmic Details: Pseudocode for the two phases of the framework, detector con gurations, and
hyperparameter settings.
~ B. Statistical Validity: Lemmas justifying the validity of the proposed p-values construction and aggregation.

C. List of Generative Models: Comprehensive list of generative models used in evaluation.

~ D. Full Experimental Results: Detailed baseline comparison table, runtime and memory analysis, robustness
evaluations, and qualitative visualization of interpretability.

E. Dataset and Code: Description of released data splits, code and setup for reproducibility.

A Algorithmic Details

This section provides a detailed algorithmic overview of the phases and the components that constitute our
framework.

A.1 Detectors Con gurations

Table 2: Con guration of the statistics set used across experiments. Each row speci es the feature extractor and
the perturbation strengths applied during statistic extraction.

Feature Extractor Perturbation Strengths

CLIP ViT-L/14 0.05, 0.10
DINOv2 ViT-L/14 0.05, 0.10
DINOv3 ViT-S/16 0.05, 0.10
DINOv3 ViT-H/16 0.05, 0.10
ConvNeXT 0.05, 0.10
BEIT ViT-L/16 0.05, 0.10

A.2 Hyperparameter Con gurations

The following hyperparameter values were used consistently across all experiments:

~ Aggregation method: minimum p-value.

Number of bins for pairwise 2 tests: B » = 15.

~ Number of bins for ECDF estimation: B gcpe = 400.

"~ Signi cance level for KS test of uniformity: s = 0:05.

" Maximum Craner's V threshold for accepting independence in 2 tests: V . = 0:07.
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These values were chosen after exploring a range of con gurations during development. Speci cally, we evaluated
Becor 2 [200;1000], B2 2 [10;50]. We also tested thresholds up to V> = 0:1 for Crarer's V independence
criterion and up to ks = 0:1 for the KS uniformity test.

The nal con guration was selected based on its empirical stability and the ability to maintain uniformity of
aggregated p-values across di erent datasets and experimental setups.

A.3 Pseudo-code

Algorithm 1 Null Hypothesis Modeling

: Input: Reference dataset D eq
Output: ECDFs f By g, Subset| S
/I Statistic extraction and ECDF modeling (parallelizable)
for all detector (j; k) do

for all X | 2 Deq do

Compute sy (X;)

end for

Estimate ECDF If};k from fsjx (Xi)g
end for
/I Independence subset selection (pairwise tests are parallelizable)
. Initialize independence graph G = (V;E)
: for all statistic pairs (s i;sj) do
Compute Craner's V (si; ;) from 2 statistic on p-values
if V(si;sj) V 2 then

Add edge (s;s;) to graph G
end if
. end for
: Find all cliques in G
: Keep cligues passing KS-test with threshold s
: Select valid clique maximizing coverage of preferred statistics, breaking ties by size

I

NP RRRRERRRERR
CLVWWNOUNWNEO

Algorithm 2 Inference

=

Input: Image x, ECDFs f #};k g, subset I, level
Output: Decision: REAL or FAKE
/I Statistic computation and mapping (parallelizable)
for all statistic (j;k) 2 | do
Compute statistic sjx (X)
Compute p-value gk (x) using By
end for
Aggregate fp;x (x)g into uni ed p-value (e.g., Stou er or min-p)
if uni ed p-value < then return FAKE
. else return REAL

[EnY
o

B Statistical Validity

This section presents lemmas that justify the statistical validity of our hypothesis testing and p-value aggregation
procedures. The results establish that the constructed p-values are valid under the null hypothesis, assuming
independence and i.i.d. real samples.
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Lemma 1: Validity of Empirical p-Values

De ne the two-sided empirical p-value as
pe)=2 min By (s()); 1 By (s(x)

Then under the null hypothesis,
p U[0;1] asN!1:

Note. This follows directly from the de nition of empirical p-values. We treat this as a de nitional result.

Lemma 2: Stou er Aggregation Validity

Let p1;:::;pc  UJ[O; 1] be independent. De ne

—_ 1 )6 1
Z= F’? (i) (7
i=1
Pstouer = (Z) )

where is the standard normal cumulative distribution function. Then under the null,
PStou er u [0; 1]:
Proof. Since each p UJ0; 1], the transformation z ; = * (p;) yields zz N(0;1). Independence of the p;'s
implies independence of the 2s. Therefore,
1 X
Z=p= z N(0;1)
K .
i=1
and thUS PStOU er = (Z) U[O; 1].
Lemma 3: Minimum p-Value Aggregation Validity
Let p1;:::;pc UJ[O; 1] independently, and de ne
Pmn =minp; Fp, =1 @2t K:
I

Then under the null,

Proof. Foranyt2]0;1],
PPmin =1 P(p 1>t::;pk >t)=1 (1 t) K:

De ne the transformation
U=Fp,, Pmn)=1 (1 P mn)<:

Then for any u 2 [0; 1],
PU u=P Pmn 1 (1 u ¥K
= F Pmirl (1 (1 u) 1= ) = U,
soU UJ0;1].

These lemmas ensure that our p-value construction and aggregation yield statistically valid outputs under the
null hypothesis, assuming independence and i.i.d. sampling from the real distribution.
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C List of Generative Models

Our evaluation includes synthetic images produced by a diverse range of generative models, drawn from several
benchmark datasets: CNNSpot, Universal Fake Detect, Stable-Di usion-Faces, Synthbuster and Genlmage.
These datasets collectively span multiple generations of image synthesis techniques and architectural families.

The following models were used in our experiments: ProGAN Karras et al. (2017) , StyleGAN (WhichFacelsReal)
, StyleGAN2 Choi et al. (2020) , BigGAN Brock et al. (2018) , GauGAN Park et al. (2019) , CycleGAN Zhu
et al. (2017) , StarGAN Choi et al. (2018) , Cascaded Re nement Networks (CRN) Chen and Koltun (2017) ,
Implicit Maximum Likelihood Estimation (IMLE) Li et al. (2019) , Spatially-Adaptive Normalization (SAN) Dai

et al. (2019) , DeepFake Rossler et al. (2019) , Stable Di usion (v1.4, v1.5, v2, XL) Rombach et al. (2022); Podell
et al. (2023) , ADM Li et al. (2024) , VQDM Egiazarian et al. (2024) , WuKong , Glide Nichol et al. (2021) ,
Midjourney v5 Midjourney (2023) , and DALL-E 3 OpenAl (2023).

As sources of real images, we relied on benchmark datasets including LSUN Yu et al. (2015), MSCOCO Lin
et al. (2014), ImageNet Deng et al. (2009), and LAION Schuhmann et al. (2021). Both our reference and test
sets were constructed from these datasets, while ensuring that they consist of disjoint samples. In addition, we
incorporated a large number of additional images from MSCOCO that are not part of the prede ned benchmark
subsets, thereby broadening the diversity and coverage of our real image pool.

D Full Experimental Results

In this section, we present detailed experimental results.

D.1 Runtime and Memory Usage Analysis

Runtime Under Increasing Statistics and Parallelism We evaluated the run-time and memory e ciency

of our method across the entire phases of the framework using a representative subset of the MSCOCO dataset
and SDXL fake images, 2K images total. All experiments were conducted on a multi-core CPU system and a
single NVIDIA A100 80GB GPU, using parallelization with multiple workers.

To assess the scalability of our statistic extraction, we measured its runtime under di erent GPU worker con g-
urations as the number of selected statistics increases. Figure 9 con rm that while runtime naturally increases

Figure 9: Statistic extraction runtime versus number of statistics under di erent levels of parallelism. Our
method scales e ciently across multiple GPU workers.

with the number of statistics, our method bene ts greatly from parallelism. For instance, with 16 statistics,
runtime drops from over 15 minutes with 1 worker to under 8 minutes with 4 workers. At inference time, the
per-sample runtime remains low: processing 2000 samples with 4 statistics on a single worker takes only 5.5
minutes, which corresponds to 0.165 seconds per sample. This is substantially faster than ManifoldBias and
AEROBLADE, which require 2.4 seconds and 5.1 seconds per sample, respectively.

To ensure fair comparison, we limited our evaluation to a single GPU, as baseline methods do not support
multi-GPU or multi-process execution. Our implementation, however, is designed for scalability: it distributes
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computation across multiple workers, reducing CPU-GPU context-switch overhead. Each worker can operate on
a separate GPU, compute statistics independently, and return compact ECDFs to the CPU, enabling e cient
deployment in both single and multi-GPU environments.

Empirical Complexity Analysis of Independence-Selection Phase Next, we assess the cost of indepen-
dence testing and clique selection. Figure 10 demonstrates that both the pairwise? matrix computation and

Figure 10: Runtime of statistical independence analysis and max-clique selection as the number of statistics
increases. Both components scale e ciently.

the graph-based clique selection remain tractable, even with 32 statistics, requiring under 200ms end-to-end.
This supports the practical deployment of our method.

Building on this analysis, we now examine the behaviour of the independence-selection stage under a wider range
of conditions, including less favourable regimes that may produce denser independence graphs.

Empirical Complexity for Denser Independence Graphs To further assess computational e ciency,

we conducted an experiment analysing the behaviour of maximal-cligue enumeration within the independence-
selection stage. Although maximal-clique search is NP-hard in theory, its practical cost is strongly in uenced
by the structure of the independence graph. In our settings, two characteristics ensure that this stage remains
lightweight:

independence graphs contain a relatively small number of statistics (up to 32 in all evaluated con gurations).

~ Cramer's V pruning produces sparse connectivity patterns before clique extraction.

As a result, cliqgue enumeration consistently requires only tens of milliseconds in real executions, as shown in
Figure 10.

To examine scalability under less favourable conditions, we simulated Phase 1, Stage 2 using synthetic statistics
(200k values each, normalised to [0; 1] with small perturbations) while varying the number of candidate statistics.
For each con guration, pairwise Cramer's V values were computed, the corresponding independence graph was
constructed, and Bron-Kerbosch enumeration was performed. The recorded runtimes are summarised in Table 3.
Even under arti cially dense con gurations, runtime grows smoothly with graph size and remains within practical
limits.

Table 3: Scaling behaviour of the independence-selection stage under synthetic dense conditions.

No. of Stats Cramer's V (ms) Graph + clique enumeration (ms)
8 160.3 0.52
16 692.3 1.55
32 2855.2 2.73
64 11514.9 8.26
128 46504.9 44.21
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These ndings show that, despite worst-case theoretical complexity, the independence graphs encountered in
practice keep maximal-clique extraction computationally negligible relative to feature computation and statistic
evaluation. Consequently, this stage does not present a scalability bottleneck within the RealStats framework.

Memory Consumption and Scalability We further evaluate peak GPU memory usage under di erent
con gurations and compare it to the baselines.

Figure 11: Peak GPU memory usage comparison with speci ed batch size. Our method, achieves high throughput
with signi cantly reduced memory requirements.

Figure 11 shows that our method requires just 7-22GB of GPU memory with 1-4 workers at batch size 128. In
contrast, AEROBLADE uses 76GB under the same setup, while ManifoldBias, with 8 internal perturbations,
consumes 40GB at batch size 1 and cannot scale to larger batches. Despite using multiple statistics, our method
remains memory-e cient and scalable. ECDF storage is also minimal, just 0.25MB for 32 statistics, making the
approach practical even on constrained hardware.

Overall, these results demonstrate that our method is not only statistically principled, but also computationally
e cient and o ering fast inference, strong scalability with GPU workers, and memory usage that is well within
practical bounds.

D.2 Robustness to Image Corruption

We evaluate robustness to two common real-world image degradations: JPEG compression and Gaussian blur.
These corruptions are applied at test time without modifying the original reference distribution, computed
ECDFs, or selected statistics I. All experiments are conducted on the full dataset setup described in Section C,
using the entire test set of both real and fake samples to ensure comprehensive evaluation.

Importantly, metrics are aggregated over all samples, rather than averaged across splits, so that results directly
re ect the overall distributional behavior.

We evaluate robustness to two common degradations:

" JPEG Compression (Quality Factor = 0.75)

~ Standard Gaussian Blur (3x3 Kernel)

Table 4: Performance under image corruptions for both ensemble strategies.

Metric Stou er MinP
Without JPEG Blur Without JPEG Blur
AUC 0.775 0.736 0.798 0.776 0.735 0.794

AP 0.798 0.750 0.818 0.786 0.734  0.807
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Across both ensemble strategies, JPEG compression leads to a moderate reduction in performance (roughly 5-6%
drop in AUC and AP), but does not induce a signi cant distributional shift in the p-values of real samples, as the
null hypothesis remains valid. Gaussian blur introduces minor changes and even improves performance slightly,
suggesting that the method is robust to mild smoothing e ects regardless of the ensemble variant.

(a) Stou er: Before corruption (b) Stou er: After JPEG (c) Stou er: After blur

(d) Min-p: Before corruption (e) Min-p: After JPEG (f) Min-p: After blur

Figure 12: p-value distributions for real (blue) and fake (orange) samples under the full dataset setup. Top
row (Stou er): Before corruption (left), after JPEG compression (middle), and after Gaussian blur (right).
Bottom row (Min-p): Before corruption (left), after JPEG compression (middle), and after Gaussian blur
(right). Across both ensemble variants, JPEG introduces only a mild shift reducing separability, while Gaussian
blur leaves distributions well aligned with the reference, consistent with the observed negligible or positive
performance changes.

Overall, these results show that our method remains statistically sound under realistic corruptions: JPEG
compression introduces only moderate degradation without violating the null hypothesis, while mild Gaussian
blur leaves performance unchanged or slightly improved. The robustness trends are consistent across both
Stou er and Min-p ensembles.

D.3 Preliminary Adversarial Perturbation Analysis

We conduct a focused preliminary experiment to examine the behaviour of RealStats under simple gradient-based
adversarial perturbations. This analysis is not intended as a comprehensive adversarial robustness evaluation,
but rather as an initial diagnostic aligned with the statistical structure of the framework.

We consider an FGSM-style iterative perturbation targeting a single perturbation-stability statistic (DINO-
based RIGID con guration). For each selected fake image, we estimate the real-image reference distribution
of the statistic and apply gradient steps designed to move the statistic toward the empirical mean of the real
distribution. The perturbation is applied directly in pixel space, while all ECDFs, independence selection, and
aggregation procedures remain xed.

Across multiple samples and perturbation strengths, we did not observe cases in which the uni ed aggregated
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