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Micro-Defects Expose Macro-Fakes:
Detecting AI-Generated Images via Local Distributional Shifts
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Abstract
Recent generative models can produce images
that appear highly realistic, raising challenges in
distinguishing real and AI-generated images. Yet
existing detectors based on pre-trained feature
extractor tend to over-rely on global semantics,
limiting sensitivity to the critical micro-defects.
In this work, we propose Micro-Defects expose
Macro-Fakes (MDMF), a local distribution-aware
detection framework that amplifies micro-scale
statistical irregularities into macro-level distribu-
tional discrepancies. To avoid localized forensic
cues being diluted by plain aggregation, we in-
troduce a learnable Patch Forensic Signature that
projects semantic patch embeddings into a com-
pact forensic latent space. We then use Maximum
Mean Discrepancy (MMD) to quantify distribu-
tional discrepancies between generated and real
images. Our theory-grounded analysis shows that
patch-wise modeling yields provably larger dis-
crepancies when localized forensic signals are
present in generated images, enabling more reli-
able separation from real images. Extensive ex-
periments demonstrate that MDMF consistently
outperforms baseline detectors across multiple
benchmarks, validating its general effectiveness.

1. Introduction
Deep generative models have made rapid advances in recent
years (Ho et al., 2020; Saharia et al., 2022; Podell et al.,
2023; Lipman et al., 2022), with diffusion-based architec-
tures enabling the synthesis of highly realistic images from
natural language descriptions. Such advances now power
widely used platforms, including Stable Diffusion (Rom-
bach et al., 2022), DALL·E (Ramesh et al., 2022), and Mid-
journey. While this progress has accelerated creative high-
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Figure 1. Intuition behind Patch Forensic Signature (PFS). Left:
a real cat and a generated dog with plausible localized irregular-
ities (highlighted). Middle: global image-level detection aggre-
gates a semantic-dominant representation, inadvertently reducing
real/fake detection into semantic recognition (e.g., “cat vs. dog”).
PFS maps patch-wise representations into an artifact-dominant
forensic space, making subtle generation-induced statistical de-
viations more salient. MDMF thus leverages their distributional
discrepancy to answer “real vs. fake”. Right: Label inversion
stress test. Global detection suffers a sharp performance drop un-
der inverted labels, whereas PFS remains stable, indicating PFS
shifting the decision from semantics to artifacts. (see Section 2.2)

quality content generation, it also raises significant concerns
regarding misinformation (Zhou et al., 2023), deepfakes
(Heidari et al., 2024), and digital forgery (Somepalli et al.,
2023). As modern generative models continue to improve in
visual fidelity, reliably distinguishing AI-generated images
from natural images becomes increasingly challenging and
essential, motivating increasing interests in AI-generated
image detection (Zhu et al., 2023b; Chen et al., 2024a).

Previous studies have achieved promising progress by ex-
ploiting artifacts left by generative processes (Wang et al.,
2023; Chen et al., 2024a; Ojha et al., 2023; Zhang et al.,
2025b). Most approaches adopt an image-level paradigm
and treat detection as global classification, either learning
discriminative features with supervision (Chen et al., 2024a;
Liu et al., 2024) or measuring deviations in frozen represen-
tation spaces (Ojha et al., 2023; He et al., 2024). However,
as modern diffusion models increasingly leave sparse and
localized forensic traces (Wang et al., 2024a; 2025), detec-
tors built upon pre-trained representations can over-rely on
global semantics, which reduces sensitivity to the micro-
scale defects that are most diagnostic of generation. Several
recent works have explored patch modeling to capture finer-
grained cues (Zhong et al., 2023; Liu et al., 2024; Choi
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et al., 2025). Nevertheless, when localized evidence is still
summarized by plain aggregation, subtle forensic cues can
remain diluted and the decision may continue to be driven
by semantics rather than generation-induced irregularities.
This naturally motivates a fundamental research question:
Can we learn representations that amplify micro-scale sta-
tistical irregularities into stable macro-level distributional
discrepancies for robust AI-generated image detection?

In this paper, we propose a distributional detection perspec-
tive grounded in localized forensic evidence. Concretely,
instead of representing an image with a single global feature
vector, we decompose it into local regions and analyze the
statistics of their features. This perspective is well matched
to modern generators, whose artifacts often manifest as
localized statistical shifts that are easily suppressed by uni-
form aggregation into global representations. To operational-
ize this idea, we introduce the Patch Forensic Signature
(PFS), a learnable patch-level representation tailored for
forensic analysis. PFS reparameterizes semantic patch em-
beddings into a dedicated forensic space that deemphasizes
semantic content while preserving, and amplifying subtle
statistical irregularities introduced by the generative process
(as illustrated in Figure 1 and discussed in Section 2.2).

Based on the Patch Forensic Signature, we propose Micro-
Defects expose Macro-Fakes (MDMF), a distributional
detection framework that transforms sparse, localized foren-
sic artifacts into reliable image-level signals. Specifically,
MDMF employs Maximum Mean Discrepancy (MMD)
(Gretton et al., 2012; Liu et al., 2020a) to quantify distribu-
tional discrepancy between patch-level PFS representations
of test images and those of reference real images (see Sec-
tion 2.3). The theoretical analysis proves that patch-wise
PFS modeling provably amplifies localized defects com-
pared to global aggregation, while the resulting empirical
MMD exhibits a positive separation between real and gen-
erated images under finite samples (see Section 2.4). This
analysis provides a principled explanation for why aggre-
gating localized evidence at the distribution level leads to
reliable separation, even when individual artifacts are weak.

We conduct extensive experiments to evaluate the effec-
tiveness and generalization of MDMF. Our evaluation cov-
ers widely used benchmarks, including ImageNet (Deng
et al., 2009), LSUN-Bedroom (Yu et al., 2015), and GenIm-
age (Zhu et al., 2023b). Across them, MDMF consistently
achieves strong and stable detection performance, demon-
strating robustness to diverse generative architectures and
training paradigms. To further stress-test the method, we
conduct case studies on OpenSora-generated videos (Zheng
et al., 2024), where many existing detectors degrade substan-
tially, and show that MDMF still identifies stable forensic
signals and generalizes to emerging generators in this task.
In summary, our main contributions are listed as follows,

• We introduce a new perspective for AI-generated image
detection, modeling images as collections of localized
visual evidence and revealing that modern generative
artifacts manifest as subtle statistical deviations rather
than global inconsistencies. (Section 2.2)

• We propose the Patch Forensic Signature (PFS), a
learnable forensic representation that reparameterizes
semantic embeddings into a latent space designed to
suppress semantic invariances while preserving and
amplifying generative artifacts. (Section 2.3)

• We develop Micro-Defects expose Macro-Fakes
(MDMF), a distributional detection framework that
aggregates localized forensic evidence through MMD,
with theoretical analysis establishing provable separa-
tion between real and generated images. Experiments
across diverse benchmarks show the effectiveness and
generalization of MDMF. (Sections 2.4 and 3)

2. Micro-Defects Expose Macro-Fakes.
Preliminary. Let P denote the distribution of real images
defined on an image space X ⊂ RH×W×C , where H , W ,
and C denote the image height, width, and number of chan-
nels. Given i.i.d. samples SP = {xn}Nn=1 drawn from P,
the goal of AI-generated image detection is to determine
whether a test image ỹ originates from P or from an alterna-
tive distribution Q introduced by those generative models.

2.1. Motivation

Recent advances in generative modeling have substantially
reduced perceptually salient artifacts. As a result, discrepan-
cies between real and generated images increasingly appear
as sparse, localized deviations rather than global inconsisten-
cies (Wang et al., 2024a; 2025). We refer to this regime as
Local Distributional Shifts. Most existing approaches adopt
an image-level paradigm and cast detection as global classifi-
cation (Ojha et al., 2023; Chen et al., 2024a; Tan et al., 2024).
However, these global representations are often dominated
by semantic content, which can bias real/fake decisions to-
ward semantic correlations rather than the localized forensic
deviations that are most diagnostic of generative process.

We analyze this limitation both conceptually and empiri-
cally. Conceptually, Figure 2(a) provides a mechanistic
view in which semantic content and generation artifacts
jointly contribute to the observed image. Global detectors
typically compress the image into a single representation
before predicting real/fake, which is often shaped primarily
by semantics. As a result, the detector is biased toward
semantic correlations rather than the forensic evidence that
motivates the real/fake detection. Empirically, we validate
this semantic bias using a label inversion toy experiment, as
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Figure 2. Motivation and Overview of the MDMF framework. (a) Global image-level detection compresses an image into a single
feature for real/fake classification, where semantic factors can dominate the decision through a confounding path. (b) MDMF instead
operates on patches and bases the prediction on distributional discrepancy, suppressing semantic interference and aligning the decision
with artifact-related signals. (c) Given real and generated images, a frozen DINOv2 extracts patch representations, which are mapped by
the PFS into a forensic space. MDMF then measures the discrepancy between PFS distributions to produce the final detection score.

shown in Figure 1. We train a global image-level real/fake
classifier on a confounded split with real cats and generated
dogs, and evaluate it on the inverted split with real dogs and
generated cats. The global classifier exhibits a sharp perfor-
mance drop under label inversion, indicating its prediction
relies heavily on semantic cues instead of artifact evidence.

To mitigate semantic dominance, we seek a representation
that weakens the influence of global semantics while retain-
ing artifact-related cues. A natural step is to decompose
an image into local patches and operate on the resulting
patch representations. As illustrated in Figure 2(b), the
patch-wise formulation avoids collapsing the image into a
single globally pooled feature, which weakens the semantic
shortcut that can confound real/fake prediction under global
aggregation. However, generation-induced artifact patterns
are diverse and difficult to model explicitly, and patch em-
beddings from standard visual backbones are still heavily
influenced by semantics. This motivates us to learn a patch-
wise representation that suppresses semantic dominance
while preserving statistical deviations from the generation.

2.2. The Patch Forensic Signature

We introduce the Patch Forensic Signature (PFS), a learn-
able representation that reparameterizes semantic patch
embeddings into a dedicated forensic space. At a high
level, PFS suppresses semantic variation and accentuates
generation-induced statistical deviations, yielding signatures
that align more closely with artifact-driven evidence. We
next formalize PFS by first defining the extracted patch
signature field and then specifying the learnable projection.

Patch Signature Field. Let x ∈ RH×W×C be an input
image. We leverage a pre-trained self-supervised vision
backbone (e.g., DINOv2 (Oquab et al., 2024)) to decompose
the image into a grid of K non-overlapping patch tokens:

E(x) = {ei(x) ∈ RD}Ki=1, (1)

where D is the embedding dimension. While patch-wise
modeling weakens semantic shortcuts under global aggrega-
tion, ei(x) remain largely semantics-oriented, thus genera-
tive statistical cues are still not salient in this space. We then
introduce a learnable reparameterization into the forensic
space, defined as a compact latent space where semantic
variation is deemphasized while patch-wise statistical devia-
tions become more separable under the detection objective.

Definition 2.1. (Patch Forensic Signature (PFS).) Given
a patch embedding ei(x), we define a learnable projection
function ϕθ : RD → Rd, parameterized by a lightweight
Multilayer Perceptron (MLP), to map semantic embeddings
into a compact forensic latent space. We refer to the mapped
representation as the Patch Forensic Signature (PFS):

zi(x) = ϕθ(ei(x)) ∈ Rd. (2)

Consequently, the image x is represented by a set of signa-
ture vectors Zθ(x) = [z1(x), . . . , zK(x)]⊤ ∈ RK×d. Our
later experiments and analysis will show that, under a suit-
able learning objective (e.g., Eq. 5), this mapping plays a
central role by learning to reparameterize patch-level repre-
sentations into a dedicated forensic space that deemphasizes
semantic variation while preserving and amplifying subtle
statistical irregularities introduced by the generative process.

2.3. Exploring PFS for Detecting AI-Generated Images

PFS provides patch-wise signatures that emphasize artifact-
related statistical cues, yet the resulting evidence remains
spatially sparse even in the PFS space. A plain image-level
pooling over PFS signatures can still average out these lo-
calized cues, making reliable detection difficult for highly
realistic generations. This motivates a distributional per-
spective, where we compare the distributions of patch sig-
natures between real and generated images to emphasize
subtle statistical irregularities. To operationalize this idea,
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Algorithm 1 Training MDMF

1: Input: Training real images Str
P , generated images Str

Q ; pro-
jection head ϕθ; deep kernel kω; regularization λ; learning
rate η

2: Initialize ω ← {θ0, γ0}
3: for t = 1, 2, . . . , T do
4: Sample mini-batches {xb}Bb=1 ∼ Str

P and {yb}Bb=1 ∼ Str
Q

5: Form PFS vectors Zθ(xb) ← [z1(xb), . . . , zK(xb)]
⊤ ,

Zθ(yb)← [z1(yb), . . . , zK(yb)]
⊤

6: Compute unbiased MMD M(ω)← M̂MD
2

u(Str
P ,Str

Q ; kω)
using Eqn. 3

7: Estimate variance σ̂2
H1

using Eqn. 6
8: Optimize test-power objective Jλ(ω) ← M(ω)√

σ̂2
H1

+λ
using

Eqn. 5
9: ω ← ω + η∇AdamJλ(ω)

10: end for
11: Output: Trained projection head ϕθ∗ and kernel kω∗

Algorithm 2 Detecting Images with MDMF

1: Input: Reference real images Sre
P ; test images Ste; trained

ϕθ∗ ; kernel kω∗ ; threshold τ
2: Build reference PFS vector Zθ(x) from x ∼ Sre

P
3: for ỹ ∈ Ste do
4: Zθ(ỹ)← [z1(ỹ), . . . , zK(ỹ)]⊤

5: SMDMF(ỹ)← M̂MD
2

b(Sre
P , {ỹ}; kω∗) using Eqn. 7

6: f(ỹ)← I(SMDMF(ỹ) > τ) using Eqn. 8
7: end for
8: Output: Predictions {f(ỹ)}

we adopt the kernel two-sample testing framework via Max-
imum Mean Discrepancy (MMD) (Gretton et al., 2012).
MMD quantifies distributional discrepancy through kernel
mean embeddings in a reproducing kernel Hilbert space
(RKHS), where small but systematic deviations across lo-
cal observations can accumulate into a stable image-level
signal (Liu et al., 2020a). Building on PFS and MMD, we
establish the Micro-Defects expose Macro-Fakes (MDMF)
framework, which transforms sparse patch-level forensic
cues into reliable detection scores, as shown in Figure 2 (c).

MMD Formulation. Consider two arbitrary sets of images
SP = {xn}Nn=1 ∼ P and SQ = {ym}Nm=1 ∼ Q. To mea-
sure the distance between distributions P and Q, we employ
an unbiased U-statistic estimator for the squared MMD,

M̂MD
2

u(SP,SQ; k) :=
1

N(N − 1)

∑
i̸=j

Hij (3)

Hij := k(xi, xj) + k(yi, yj)− k(xi, yj)− k(yi, xj),

where k denotes the kernel of a RKHS. The similar
M̂MD

2

b := 1
N2

∑
ij Hij is the squared MMD between the

empirical distributions of SP and SQ (Liu et al., 2020a).
According to the null hypothesis testing framework (Gret-
ton et al., 2012), under the null hypothesis H0 : P = Q,

M̂MD
2

u(·) should be close to zero, while strictly positive un-
der the alternative hypothesis H1 : P ̸= Q. Leveraging this,
we design following optimization and detection protocols.

Optimization Protocol. We construct Str
P by aggregating

real training images and Str
Q from generated training images.

We ideally expect to correctly reject H0 and derive H1 : P ̸=
Q, i.e., Str

P and Str
Q come from different distributions. To

enhance discriminative power, we utilize a deep Gaussian
kernel (Liu et al., 2020a) with bandwidth γ for MMD:

kω(x, y) = exp

(
−∥Zθ(x)− Zθ(y)∥22

2γ2

)
, (4)

Simply maximizing M̂MD
2

u can be problematic if the vari-
ance of the statistic also increases, leading to unstable gradi-
ents. Following the test power maximization principle (Gret-
ton et al., 2012), we optimize the parameters ω = {θ, γ},
namely the projection weights in ϕθ and kernel bandwidth,
to maximize the regularized test power criterion:

max
ω

Jλ(Str
P ,Str

Q ; kω) =
M̂MD

2

u(Str
P ,Str

Q ; kω)√
σ̂2
H1

+ λ
, (5)

where σ̂2
H1

is the estimated MMD variance under H1:

σ̂2
H1

=
4

N3

N∑
i=1

 N∑
j=1

Hij

2

− 4

N4

 N∑
i=1

N∑
j=1

Hij

2

.

(6)

Detection Protocol. With the learned parameters ω∗, we
apply MMD with the biased estimator to detect individual
test images by quantifying their PFS distributional devia-
tion from a set of reference images, following recent works
(Zhang et al., 2024b; 2025a) demonstrate MMD’s effective-
ness in single-sample detection. Given a set of reference
images {xr}Rr=1 and a test ỹ, we compute the MDMF score:

SMDMF(ỹ) =M̂MD
2

b(Sref, {ỹ}; kω∗) =
1

R2

R∑
r,r′=1

·kω∗(x(r),x(r′)) + kω∗(ỹ, ỹ)− 2

R

R∑
r=1

kω∗(x(r), ỹ).

(7)

Hence, we can formalize the following detection model f(·)
to determine whether a given input image ỹ is generated:

f(ỹ) =

{
Generated, if SMDMF(ỹ) > τ,

Real, otherwise,
(8)

Algorithm 1 and 2 summarize the training and testing
pipelines of MDMF. While our method performs detection
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by measuring distributional discrepancies via MMD, its ef-
fectiveness fundamentally relies on PFS extracting artifact-
sensitive patch-level evidence that is often weakened in
global image representations (see theoretical analysis in
Section 2.4 and detailed empirical analysis in Section 3).

2.4. Theoretical Analysis

In this section, we provide theoretical justification for
MDMF’s detection mechanism. First, we show that PFS am-
plifies sparse localized deviations that tends to be diluted in
global image-level detection (Propositions 2.4 and 2.5). Sec-
ond, we establish that MMD on PFS converts this amplified
shift into reliable real/fake separation (Proposition 2.6 and
Theorem 2.7). We begin with the modeling assumptions.
Assumption 2.2. Real images {xn}Nn=1 are i.i.d. sampled
from distribution P, and generated images {ym}Nm=1 are
i.i.d. sampled from distribution Q. Given any real or gen-
erated image, we extract K non-overlapping patch embed-
dings {ei}Ki=1 ⊂ RD using a fixed pre-trained encoder
(e.g., DINOv2). Each patch embedding follows a σe-sub-
Gaussian distribution (Wainwright, 2019) in RD.
Assumption 2.3 (Sparse Defect Model). For a generated
image y, we assume each patch embedding is

ei(y) = ui + aisiµdefect, (9)

where ui ∼ SG(0, σ2
eID), ai ∼ Bernoulli(ρ) indicates

whether the patch is defective, and si ∈ {+1,−1} is an inde-
pendent Rademacher variable with P(si = +1) = P(si =
−1) = 1/2. Hence E[ei(y)] = 0 but defective patches
elevates second-order energy. For real images, ei(x) = ui.

Assumption 2.2 follows common practice in representation
analysis works (Wang et al., 2024b; Zhang et al., 2025a;
2024a), while Assumption 2.3 aligns with sparse-artifact ob-
servations in generated images (Wang et al., 2024a; 2025).
Under these assumptions, we then establish that PFS ampli-
fies localized defects into a detectable distributional shift.
Proposition 2.4. Assume ϕθ is twice differentiable at 0
with Hessian Hϕ(0) ∈ Rd×D×D. Under Assumption 2.3,
let ∆PFS := EQ[ϕθ(ei(y))] − EP[ϕθ(ei(x))] . Then the
leading-order PFS mean shift satisfies

∆PFS ≈ ρ

2
Q(µdefect), (10)

where Q(µ) ∈ Rd denotes the Hessian-induced quadratic
form of ϕθ evaluated along direction µ, i.e.,

[
Q(µ)

]
ℓ
=

µ⊤∇2ϕθ,ℓ(0)µ, for ℓ = 1, . . . , d. In particular, if
Q(µdefect) ̸= 0, then ∥∆PFS∥2 > 0 for any ρ > 0.
Proposition 2.5. Under Assumption 2.3 and Proposi-
tion 2.4, we define the global-pooled leading order shift as
∆global := EQ[ϕθ(ē(y))] − EP[ϕθ(ē(x))], where ē(x) =
1
K

∑K
i=1 ei(x). Then the leading-order shifts satisfy:

∥∆PFS∥2 ≈ K ∥∆global∥2 > ∥∆global∥2, (11)

Notably, Proposition 2.5 does not imply unbounded gains
as the number of patches increases. When finite-sample
estimation and patch-resolution effects are taken into ac-
count, the patch advantage admits an optimal granularity,
as observed in Section 3.3 and analyzed in Appendix A.4.
We next quantify how the amplified PFS shift manifests as
a measurable population MMD gap between P and Q.
Proposition 2.6. Let kω(·, ·) be a Gaussian kernel where ω
denotes the set of projection weights θ and kernel bandwidth
γ. Under Proposition 2.4 and a Gaussian surrogate in PFS

space, the population M̂MD
2

between P and Q satisfies:

M̂MD
2
(P,Q; kω) =

2

(
γ2

γ2 + 2σ2
z

)Kd
2
[
1− exp

(
−K∥∆PFS∥22
2(γ2 + 2σ2

z)

)]
, (12)

where σ2
z denotes the isotropic proxy variance of the Gaus-

sian surrogate in PFS space. M̂MD
2
(P,Q; kω) is strictly

positive for ∥∆PFS∥2 > 0 and is monotonically increasing.

Building on Proposition 2.6, we derive the following finite-
sample concentration guarantees for practical detection.

Theorem 2.7. Let Sr = {xi}Mi=1
i.i.d∼ P be a reference

set of real images and St = {yj}Nj=1 be test images, let
λ = γ2 + 2σ2

z . For any δ ∈ (0, 1), with probability at least
1− δ, the following holds:

(Case I: Real test image). If St
i.i.d∼ P,

M̂MD
2

u(Sr, St) ≤ C1(σz, γ)

√(
1

M
+

1

N

)
log

2

δ︸ ︷︷ ︸
Finite-sample fluctuation

. (13)

(Case II: Generated test image). If St
i.i.d∼ Q,

M̂MD
2

u(Sr, St) ≥ 2

(
γ2

λ

)Kd
2
[
1− exp

(
−K∥∆PFS∥22

2λ

)]
︸ ︷︷ ︸

Artifact-induced signature shift

− C2(σz, γ)

√(
1

M
+

1

N

)
log

2

δ︸ ︷︷ ︸
Finite-sample error

.

(14)

Interpretation. Theorem 2.7 establishes that the empirical
MMD concentrates around its population value with devia-
tion scaling as O(

√
1/M + 1/N). For real test images, the

population MMD vanishes and empirical values reflect only
finite-sample fluctuations. For generated images, Proposi-
tion 2.6 guarantees a positive gap scaling with ∥∆PFS∥22.
When this population separation dominates, real images
yield systematically smaller MMD scores than generated
ones, justifying reliable detection for AI-generated images.
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Table 1. Detection performance (%) on ImageNet. Bold numbers are superior results. We mainly compare training-based methods.

ADM ADMG LDM DiT BigGAN GigaGAN StyleGAN XL RQ-Transformer Mask GIT AverageMethods
AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC (↑) AP (↑)

CNNspot (Wang et al., 2020) 62.25 63.13 63.28 62.27 63.16 64.81 62.85 61.16 85.71 84.93 74.85 71.45 68.41 68.67 61.83 62.91 60.98 61.69 67.04 66.78
Ojha (Ojha et al., 2023) 83.37 82.95 79.60 78.15 80.35 79.71 82.93 81.72 93.07 92.77 87.45 84.88 85.36 83.15 85.19 84.22 90.82 90.71 85.35 84.25
DIRE (Wang et al., 2023) 51.82 50.29 53.14 52.96 52.83 51.84 54.67 55.10 51.62 50.83 50.70 50.27 50.95 51.36 55.95 54.83 52.58 52.10 52.70 52.18
NPR (Tan et al., 2024) 85.68 80.86 84.34 79.79 91.98 86.96 86.15 81.26 89.73 84.46 82.21 78.20 84.13 78.73 80.21 73.21 89.61 84.15 86.00 80.84
PatchCraft (Zhong et al., 2023) 81.83 79.65 70.88 69.36 68.47 65.19 75.38 73.29 99.85 99.26 98.55 97.91 96.33 96.25 91.28 91.47 92.56 92.17 86.13 84.95
DRCT (Chen et al., 2024a) 90.26 90.07 85.74 83.85 90.24 89.88 88.27 89.06 95.87 94.99 86.89 86.12 89.11 88.39 92.38 92.41 94.44 94.47 90.36 89.92
FatFormer (Liu et al., 2024) 91.77 90.36 83.58 83.17 92.58 92.06 86.93 85.14 98.76 98.47 97.65 98.02 97.64 97.57 96.55 95.96 97.65 97.27 93.68 93.11
F-ConV (Zhang et al., 2025b) 92.74 91.65 88.51 87.67 88.87 88.47 85.94 84.88 98.94 98.98 98.14 98.72 98.52 98.38 96.79 96.33 95.52 95.38 93.77 93.38
MDMF 92.56 93.57 88.86 90.16 94.63 97.35 88.89 94.48 99.93 99.94 98.99 99.52 98.76 99.41 98.84 99.46 99.40 99.72 95.65 97.07

Real

Fake

(a) Examples of Real and Fake videos (b) Detection Performance on OpenSora

Figure 3. Examples visualization and performance comparison on OpenSora.

3. Experiments
3.1. Experimental Setup

We provide detailed experimental setups in Appendix B.

Datasets. Following previous works (Wang et al., 2020;
Zhang et al., 2025b), we evaluate our MDMF on the fol-
lowing benchmarks: ImageNet (Deng et al., 2009), LSUN-
Bedroom (Yu et al., 2015), GenImage (Zhu et al., 2023b).
To further assess generalization to generators beyond image
benchmarks, we additionally conduct a case study on videos
generated by OpenSora (Zheng et al., 2024). Specifically,
we sample 3,275 generated videos and extract 10 frames per
video, resulting in 32,750 frames and treat them as gener-
ated images. For real data, we sample the same number of
natural videos and frames on MSR-VTT (Xu et al., 2016).

Baselines and Evaluation Metrics. We compare our
MDMF with the following training-based detection base-
lines in the main experiments: CNNspot (Wang et al.,
2020), Ojha (Ojha et al., 2023), DIRE (Wang et al., 2023),
PatchCraft (Zhong et al., 2023), NPR (Tan et al., 2024),
DRCT (Chen et al., 2024a), FatFormer (Liu et al., 2024),
F-ConV (Zhang et al., 2025b). Following (Zhang et al.,
2025b), we adopt the following metrics: (1) average preci-
sion (AP); (2) area under the receiver operating characteris-
tic curve (AUROC) and (3) classification accuracy (ACC).

Implementation Details. Following previous studies
(Ojha et al., 2023; Liu et al., 2024), we apply random crop-
ping and random horizontal flipping at training, while center
cropping at testing, both with no other augmentations. To
balance detection performance and efficiency, we adopt
DINOv2 ViT-L/14 (Oquab et al., 2024) to extract patch
embeddings and pool the patch size to W = 32 for PFS

computation in main experiments. The projection ϕθ and
kernel bandwidth γ are jointly trained during optimization.

3.2. Main Results

Detection performance comparison with baselines. Ta-
ble 1 reports detection performance on the ImageNet bench-
mark across nine generative models spanning diffusion mod-
els, GANs, and autoregressive transformers. MDMF demon-
strates consistently strong performance across all evaluated
generators, indicating robust generalization under diverse
generative mechanisms. Notably, MDMF shows particu-
larly strong performance on recent diffusion-based models,
which are known to produce highly realistic images with
sparse and localized artifacts that challenge existing de-
tectors. These results validate that our PFS distributional
modeling effectively captures the subtle, localized foren-
sic signals characteristic of modern generative paradigms.
Beyond diffusion models, MDMF also maintains compet-
itive performance on earlier generative paradigms. This
consistent behavior further demonstrates MDMF effectively
captures generator-agnostic forensic artifacts and amplifies
micro-scale defects into robust macro-level detection signals
across both emerging and conventional generative models.

Case Study on OpenSora-Generated Content. We further
evaluate MDMF on a challenging case study using frames
sampled from OpenSora (Zheng et al., 2024), a recent video
generation model that is not seen during training. Figure 3(a)
shows the advanced diffusion-generated videos with strong
temporal consistency introduced by OpenSora, resulting in
frames that are globally coherent and largely free of percep-
tual artifacts. As illustrated in Figure 3(b), while several
competitive baselines exhibit notable performance degrada-
tion, MDMF still maintains robust detection performance
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Table 2. Ablation study of key components on ImageNet. Vari-
ants without MMD are trained with a BCE objective, while PFS
modeling without MMD pluses a lightweight attention head for
aggregation. See Appendix C.2 for detailed implementations.

PFS Modeling MMD Optimization Average

AUROC (↑) AP (↑)

Global Pooling
✗ ✗ 90.14 93.33
✗ ✓ 86.53 92.18

PFS Modeling
✓ ✗ 93.22 95.34
✓ ✓ 95.65 97.07

on OpenSora-generated frames. This contrast indicates that
the distributional modeling of MDMF captures localized
forensic signatures that persist even under substantial do-
main shifts, enabling effective generalization to emerging
video generation paradigms that are unseen during training.

3.3. Ablation and Further Analysis

We provide detailed results and discussions in Appendix C.

Ablation Study of Core Components in MDMF. Table 2
analyzes the contribution of PFS modeling and MMD op-
timization in MDMF. For variants without MMD, we train
binary classifiers with a standard BCE loss. In particular,
the PFS w/o MMD variant uses a lightweight attention head
to pool patch-wise PFS into an image-level score (details
in the Appendix B). Notably, even without MMD optimiza-
tion, attention aggregated PFS still achieves competitive
performance, indicating that the forensic reparameteriza-
tion already suppresses semantic dominance and highlights
generation-related cues. In contrast, the effect of MMD is
strongly dependent on the underlying representation. When
applied to global pooling, MMD fails to yield performance
gains, whereas combining MMD with PFS leads to a clear
improvement. This is consistent with MMD serving as
a complementary amplifier when patch-wise forensic evi-
dence is preserved in the PFS space, rather than when it is
diluted by the semantics-dominant global representations.

Effect of Patch Granularity. To evaluate the effect of patch
granularity, we vary the patch size W while keeping other
settings fixed. Figure 4(a) shows a non-monotonic depen-
dence on W . While always above baselines, performance
improves as W increases from small values and degrades
when W becomes overly large. This trend supports Proposi-
tion 2.5, which predicts a finite optimal granularity rather
than a monotonic behavior. Coarse partitions (e.g., W = 56)
provide insufficient spatial resolution to capture sparse lo-
cal shifts, while fine partitions (e.g., W = 16) weaken the
forensic evidence within each patch and introduce higher
variance in distributional comparison. These results indicate
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Figure 4. Further analysis of design choices. (a) Sensitivity to
patch size W ; (b) Robustness to DINOv2 backbone variants.

that PFS modeling benefits from an intermediate granularity
that balances localized sensitivity with reliable estimation.

Robustness to Encoder Architecture. To evaluate sensi-
tivity to the feature extractor, we instantiate MDMF with
multiple DINOv2 backbone variants and compare it with
F-ConV under the same setting. As shown in Figure 4(b),
MDMF consistently achieves higher detection performance
across all evaluated encoders, demonstrating robustness to
the underlying backbone choice. MDMF maintains an ad-
vantage with smaller backbones (e.g., ViT-S/14), and con-
tinues to improve as the backbone is scaled up, whereas
F-ConV exhibits non-monotonic behavior and degrades on
the largest encoder (e.g., ViT-G/14). This contrast suggests
that the proposed PFS representation provides robust foren-
sic signals that transfer effectively across encoder scales,
leading to a more stable behavior under backbone scaling.

Qualitative Visualization of Localized Forensic Cues.
To better understand how MDMF detects highly realistic
samples, Figure 5 visualizes representative real images and
category-matched generated images produced by ADM, to-
gether with Grad-CAM heatmaps from different models
where warmer colors indicate a higher predicted probabil-
ity of being fake. First, we can observe that the generated
images exhibit strong semantic coherence and high visual
fidelity. Consistently, the global pooling visualization pri-
marily highlights semantically salient regions, such as object
boundaries and high-contrast textures, indicating similar pat-
terns for real and generated images and limited sensitivity
to sparse local artifacts. In contrast, MDMF produces more
localized responses on generated images and assigns higher
activation to regions that plausibly contain subtle genera-
tive irregularities, while producing more diffuse patterns
on real images. This reflects a pronounced distributional
discrepancy between real and generated samples in the PFS
space, which provides a strong basis for MMD to elaborate
a stable image-level detection signal. These visualizations
align with our theoretical analysis and quantitative results,
suggesting MDMF can surface localized forensic evidence
that is suppressed by semantic-dominated global features.
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Real

Fake

Input Global MDMF (ours)

Real

Fake

Input Global MDMF (ours)

Figure 5. Qualitative visualization of localized forensic evidence. We compare representative real images and category-matched
generated images with Grad-CAM, where warmer colors indicate higher predicted likelihood of being fake. Global-pooling baseline
primarily highlights semantically salient regions with similar patterns for real and generated samples, whereas MDMF shows localized
responses on generated images and diffuse activations on real images, consistent with capturing subtle generation-induced irregularities.

4. Related Work
4.1. Generative Models for Image Generation

Early image generation methods, including GANs (Brock,
2018; Karras et al., 2019), VAEs (Kingma & Welling,
2013; Sohn et al., 2015), have established the foundation
of modern generative models but often exhibited visible
artifacts. Diffusion models have since become the domi-
nant paradigm, achieving strong fidelity (Ho et al., 2020;
Saharia et al., 2022). Representative diffusion families in-
clude DDPM (Ho et al., 2020; Nichol & Dhariwal, 2021),
ADM (Dhariwal & Nichol, 2021), LDM (Rombach et al.,
2022), SDXL (Podell et al., 2023), and DiT (Peebles &
Xie, 2023). These advances have also enabled widely
deployed text-to-image systems like Glide (Nichol et al.,
2021), Wukong (Gu et al., 2022), and Midjourney. Recent
video-generation systems such as Sora (Brooks et al., 2024)
and OpenSora (Zheng et al., 2024) further raise generation
quality, which can produce individual frames as challenging
synthetic images. As generative models evolve, artifacts
become weak and sparse (Wang et al., 2024a; 2025), which
motivates us to amplify localized distributional deviations.

4.2. AI-Generated Image Detection

The rapid improvement of generative models has created an
urgent demand for reliable AI-generated image detection.
Early detectors mainly train image-level binary classifiers,
as exemplified by CNNSpot (Wang et al., 2020). To bet-
ter generalize across unseen generators, Ojha (Ojha et al.,
2023) trains detectors in CLIP space for transfer, DIRE

(Wang et al., 2023) uses diffusion reconstruction error as a
detection feature. DRCT (Chen et al., 2024a) learns from
diffusion reconstructions and contrastive hard samples to
enhance robustness, F-ConV (Zhang et al., 2025b) exploits
manifold geometry with flow-based extrusion. Motivated by
the increasing sparsity of generative artifacts, some meth-
ods shift to patch-level evidence. PatchCraft (Zhong et al.,
2023) enhances texture traces via smash and reconstruction,
FatFormer (Liu et al., 2024) adapts CLIP features with a
forgery-aware transformer. However, they still summarize
patch evidence via plain aggregation, diluting sparse foren-
sic cues. We instead learn patch forensic signatures and
measure the distributional discrepancy for robust detection.

5. Conclusion
In this paper, we present a distributional perspective for
AI-generated image detection by modeling an image as a
collection of localized visual evidence. Building on this
view, we introduce Patch Forensic Signature (PFS), a
learnable forensic representation that reparameterizes se-
mantic embeddings into a latent space to suppress semantic
invariances while amplifying generative artifacts. We fur-
ther propose Micro-Defects expose Macro-Fakes (MDMF),
which measures distributional discrepancy over PFS via
MMD to aggregate localized evidence into stable image-
level detection signals, and we provide theoretical analysis
that establishes the advantage of PFS and the separation be-
tween real and generated images. Extensive experiments on
multiple benchmarks with detailed ablations and analyses
demonstrate the effectiveness and generalization of MDMF.
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Impact Statement
This paper advances AI-generated image detection by mod-
eling localized forensic cues and amplifying them via a
distributional perspective. The potential positive impact is
to support content integrity, provenance, and moderation
by helping identify synthetic imagery, which may reduce
misuse such as misinformation and fraud. However, detec-
tion methods can incentivize evasion and contribute to an
arms race between generation and detection. In addition,
false positives and false negatives may have downstream
costs in real-world settings, especially under distribution
shift or post-processing. We therefore recommend careful
evaluation across domains and deployment with human over-
sight, ideally alongside complementary provenance mecha-
nisms such as watermarking or metadata-based verification.
Overall, we believe the broader impacts are consistent with
established synthetic media detection research.
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Reproducibility Statement
To facilitate reproducibility, we summarize key experimental details and provide the necessary resources in the submitted
supplementary materials.

• Datasets. All benchmarks used in this paper are publicly available. We evaluate on ImageNet (Deng et al., 2009),
LSUN-Bedroom (Yu et al., 2015), and GenImage (Zhu et al., 2023b) following standard protocols in prior AI-generated
image detection works (Zhang et al., 2025b). For our stress test, we construct an OpenSora-generated dataset by
sampling videos from the GenVideo’s (Chen et al., 2024b) OpenSora (Zheng et al., 2024) subset and extracting frames,
and use MSR-VTT (Xu et al., 2016) as the corresponding real-video source (details in Appendix B.1).

• Assumption. Our method follows the common training-based detection setting adopted by prior detectors (Chen
et al., 2024a; Liu et al., 2024), where a detector is trained on a designated training set and then evaluated on multiple
generators and benchmarks for generalization. We keep the training pipeline consistent across all experiments.

• Open source. We include our source code in the submitted supplementary materials. The release contains training and
evaluation scripts and pretrained checkpoints where applicable to reproduce our results.

• Environment. Experiments are conducted on a single NVIDIA H200 GPU using Python 3.10.19 and PyTorch 2.9.1.
Key hyperparameters (optimizer, learning rate, batch size, epochs, patch granularity, etc.) are reported in Appendix B.3.

A. Theoretical Analysis
A.1. Preliminaries and Modeling Assumptions

This section provides the probabilistic tools and regularity conditions used in our proofs. We formalize (i) sub-Gaussian
patch embeddings, (ii) weak spatial dependence across patches (used only when relating patchwise and global pooling), and
(iii) second-order regularity of the PFS mapping.

Sub-Gaussian random vectors. A random vector X ∈ Rm is called σ-sub-Gaussian if for all unit vectors u ∈ Sm−1 and
all t ∈ R,

E
[
exp

(
t u⊤(X − E[X])

)]
≤ exp

(
σ2t2

2

)
. (15)

We denote by SG(µ, σ2I) a σ-sub-Gaussian distribution with mean µ and isotropic proxy covariance σ2I.

Extracted patch embeddings. Real images are i.i.d. from P and generated images are i.i.d. from Q. Given an image, we
extract K non-overlapping patch embeddings {ei}Ki=1 ⊂ RD from a fixed pre-trained encoder (e.g., DINOv2). Throughout
the analysis, we assume each patch embedding is σe-sub-Gaussian:

ei(x) ∼ SG(0, σ2
eID), ei(y) follows the sparse-defect model in Assumption 2.3.

Weak spatial dependence across patches. Within one image, patch embeddings may exhibit spatial correlation. To
quantify this, we model {ei}Ki=1 as an α-mixing sequence. Let F i

1 be the σ-algebra generated by {e1, . . . , ei} and FK
i+ℓ

generated by {ei+ℓ, . . . , eK}. The α-mixing coefficient is

α(ℓ) := sup
i

sup
A∈Fi

1, B∈FK
i+ℓ

∣∣P(A ∩B)− P(A)P(B)
∣∣. (16)

We assume exponential mixing:

α(ℓ) ≤ Cαe
−cαℓ for some constants Cα, cα > 0. (17)

This assumption is only used to control covariance shrinkage after global pooling.
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Effective sample size. Define an effective patch count

1

Keff
:=

1

K
+

2

K2

K−1∑
ℓ=1

(K − ℓ)β(ℓ), (18)

where β(ℓ) upper-bounds cross-patch covariance contribution at lag ℓ (e.g., β(ℓ) ∝ α(ℓ)η for some η ∈ (0, 1] under standard
mixing-to-covariance bounds). Under exponential mixing (17),

∑
ℓ≥1 β(ℓ) < ∞ and thus Keff = Θ(K) (i.e., it scales

linearly with K up to constants).

PFS mapping and second-order regularity. Let ϕθ : RD → Rd be the learnable patch forensic signature (PFS) mapping,
and write ϕθ = (ϕθ,1, . . . , ϕθ,d).

Assumption A.1 (Locally Smooth PFS Mapping (Second-order)). There exist constants L,M,R > 0 and a neighborhood
E ⊂ RD containing the typical support mass of both real and generated patch embeddings such that for all e ∈ E ,

∥Jϕ(e)∥op ≤ L, ∥∇2ϕθ,ℓ(e)∥op ≤ M for all ℓ = 1, . . . , d, (19)

and the second-order Taylor remainder satisfies, for each ℓ,∣∣Rℓ(e)
∣∣ ≤ R

6
∥e∥32, (20)

where Rℓ(e) is the remainder term in the expansion of ϕθ,ℓ(e) around 0.

Remark A.2. Assumption A.1 is mild when ϕθ is implemented with smooth activations (e.g., GELU or tanh) and embeddings
are ℓ2-normalized, which effectively restricts e to a compact region. The Hessian bound ensures the second-order term is
controlled, and (20) formalizes that higher-order terms are negligible in the leading-order analysis.

A.2. Proof of Proposition 2.4

Proof. We prove (10) by a second-order Taylor expansion.

Recall the definition of ∆PFS:
∆PFS := EQ[ϕθ(ei(y))]− EP[ϕθ(ei(x))] .

Under Assumption 2.3, we have
ei(x) = ui, ei(y) = ui + aisiµdefect,

where ui ∼ SG(0, σ2
eID), ai ∼ Bernoulli(ρ), and si is Rademacher independent of ui, ai.

First, we compute the mean of generated patch embeddings:

E[ei(y)] = E[ui] + E[aisi]µdefect

= 0+ E[ai]E[si]µdefect (by independence of ai and si)

= ρ · 0 · µdefect = 0,

and similarly E[ei(x)] = E[ui] = 0. Hence any leading-order shift cannot arise from the linear (Jacobian) term.

Compute Second-order Taylor expansion of ϕθ. Let ϕθ = (ϕθ,1, . . . , ϕθ,d). For each output coordinate ℓ ∈ {1, . . . , d},
since ϕθ is twice differentiable at 0, a second-order Taylor expansion around 0 yields

ϕθ,ℓ(e) = ϕθ,ℓ(0) +∇ϕθ,ℓ(0)
⊤e+

1

2
e⊤∇2ϕθ,ℓ(0)e+Rℓ(e), (21)

where the remainder Rℓ(e) = o(∥e∥22) as ∥e∥2 → 0.

Apply (21) to e = ei(y) and e = ei(x) and take expectations:

EQ
[
ϕθ,ℓ(ei(y))

]
= ϕθ,ℓ(0) +∇ϕθ,ℓ(0)

⊤E[ei(y)] +
1

2
E
[
ei(y)

⊤∇2ϕθ,ℓ(0)ei(y)
]
+ E[Rℓ(ei(y))], (22)

EP
[
ϕθ,ℓ(ei(x))

]
= ϕθ,ℓ(0) +∇ϕθ,ℓ(0)

⊤E[ei(x)] +
1

2
E
[
ei(x)

⊤∇2ϕθ,ℓ(0)ei(x)
]
+ E[Rℓ(ei(x))]. (23)
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Subtracting (23) from (22), the constant terms cancel. Since E[ei(y)] = E[ei(x)] = 0, so the linear terms also vanish.
Therefore,

∆PFS,ℓ := EQ
[
ϕθ,ℓ(ei(y))

]
− EP

[
ϕθ,ℓ(ei(x))

]
=

1

2

(
E[ei(y)⊤Hℓei(y)]− E[ei(x)⊤Hℓei(x)]

)
+ ϵℓ, (24)

where we write Hℓ := ∇2ϕθ,ℓ(0) and group the remainder difference into

ϵℓ := E[Rℓ(ei(y))]− E[Rℓ(ei(x))], which is higher order.

We now compute the difference E[e⊤Hℓe] under x and y.

Under the real distribution, ei(x) = ui:

E[ei(x)⊤Hℓei(x)] = E[u⊤
i Hℓui].

Under the generated distribution, ei(y) = ui + aisiµdefect:

E[ei(y)⊤Hℓei(y)] = E
[
(ui + aisiµdefect)

⊤Hℓ(ui + aisiµdefect)
]

= E[u⊤
i Hℓui] + 2E[aisi]E[µ⊤

defectHℓui] + E[(aisi)2]µ⊤
defectHℓµdefect. (25)

Here we used bilinearity of the quadratic expansion and independence to separate expectations in the cross term, so we have

E[aisi] = E[ai]E[si] = ρ · 0 = 0,

so the cross term in (25) vanishes. Moreover, since s2i = 1 and ai ∈ {0, 1}, we have (aisi)
2 = ai and therefore

E[(aisi)2] = E[ai] = ρ.

Plugging these into (25) yields

E[ei(y)⊤Hℓei(y)] = E[u⊤
i Hℓui] + ρµ⊤

defectHℓµdefect

= E[ei(x)⊤Hℓei(x)] + ρµ⊤
defectHℓµdefect

Hence,
E[ei(y)⊤Hℓei(y)]− E[ei(x)⊤Hℓei(x)] = ρµ⊤

defectHℓµdefect. (26)

Substituting (26) into (24) and ignoring higher-order remainders ϵℓ gives the leading-order approximation

∆PFS,ℓ ≈
ρ

2
µ⊤

defect∇2ϕθ,ℓ(0)µdefect =
ρ

2
[Q(µdefect)]ℓ, ℓ = 1, . . . , d.

Stacking ℓ = 1, . . . , d proves
∆PFS ≈ ρ

2
Q(µdefect),

which is exactly (10).

If Q(µdefect) ̸= 0 and ρ > 0, then
∆PFS ≈ ρ

2
Q(µdefect) ̸= 0,

and thus ∥∆PFS∥2 > 0, which completes the proof.

A.3. Proof of Proposition 2.5

Proof. We show that global pooling dilutes the same second-order defect signature by a factor 1/K, hence ∥∆PFS∥2 ≈
K∥∆global∥2 at leading order.

Recall the definition of the global pooled embeddings:

ē(x) =
1

K

K∑
i=1

ei(x), ē(y) =
1

K

K∑
i=1

ei(y).

14
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Under Assumption 2.3,
ei(x) = ui, ei(y) = ui + aisiµdefect.

Similar to the proof of Proposition 2.4, if we simply adopt the linearity of expectation:

E[ē(x)] =
1

K

K∑
i=1

E[ui] = 0, E[ē(y)] =
1

K

K∑
i=1

E[ui + aisiµdefect] = 0.

Thus, as in Proposition 2.4, the leading-order shift arises from second-order terms. For each coordinate ℓ, we apply the same
second-order expansion at 0:

ϕθ,ℓ(ē) = ϕθ,ℓ(0) +∇ϕθ,ℓ(0)
⊤ē+

1

2
ē⊤Hℓē+Rℓ(ē), Hℓ = ∇2ϕθ,ℓ(0).

According to Appendix A.2, taking expectations and subtracting between y and x, the constant and linear terms cancel since
E[ē(y)] = E[ē(x)] = 0:

∆global,ℓ := EQ
[
ϕθ,ℓ(ē(y))

]
− EP

[
ϕθ,ℓ(ē(x))

]
=

1

2

(
E[ē(y)⊤Hℓē(y)]− E[ē(x)⊤Hℓē(x)]

)
+ ϵ̃ℓ, (27)

where ϵ̃ℓ collects higher-order remainder differences.

Then we reduce the pooled quadratic forms to covariances. Since E[ē(x)] = E[ē(y)] = 0, we use E[v⊤Av] =
tr(ACov(v)) to write

E[ē(y)⊤Hℓē(y)]− E[ē(x)⊤Hℓē(x)] = tr
(
Hℓ

(
Cov(ē(y))− Cov(ē(x))

))
. (28)

We expand the covariance of the pooled embedding, since ē = 1
K

∑K
i=1 ei., then

Cov(ē) = E
[(
ē− E[ē]

)(
ē− E[ē]

)⊤]
= E

( 1

K

K∑
i=1

(ei − E[ei])
)( 1

K

K∑
j=1

(ej − E[ej ])
)⊤

=
1

K2

K∑
i=1

K∑
j=1

E
[
(ei − E[ei])(ej − E[ej ])⊤

]
=

1

K2

K∑
i=1

Cov(ei) +
1

K2

∑
i̸=j

Cov(ei, ej)

=
1

K2

K∑
i=1

Cov(ei) +
1

K2

∑
1≤i<j≤K

(
Cov(ei, ej) + Cov(ei, ej)

⊤
)

=
1

K2

K∑
i=1

Cov(ei) +
2

K2

∑
1≤i<j≤K

Sym
(
Cov(ei, ej)

)
, (29)

where Sym(A) := (A+A⊤)/2. Noting that only the symmetric part of Cov(ē) contributes to the second-order expansion,
and it only appears through quadratic forms and trace operators, so we replace each Cov(ei, ej) by its symmetric part
Sym(Cov(ei, ej)), yielding a factor of 2 when summing over i < j. Using (29) for both x and y, we can write the pooled
covariance difference exactly as

Cov(ē(y))− Cov(ē(x)) =
1

K2

K∑
i=1

(
Cov(ei(y))− Cov(ei(x))

)
+

2

K2

∑
1≤i<j≤K

Sym
(
Cov(ei(y), ej(y))− Cov(ei(x), ej(x))

)
. (30)
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Recall ei(x) = ui and ei(y) = ui+diµdefect with di = aisi. Under the stated assumptions E[di] = 0 and the independence
between {di} and {ui}, all mixed cross-terms vanish. Based on Assumption 2.3, to complete this proof, we further assume
that the signed defect indicators {di}Ki=1 exhibit at most weak spatial dependence, i.e., |Cov(di, di+ℓ)| ≤ ρ β(ℓ) with∑

ℓ≥1 β(ℓ) < ∞. We thus obtain for any i ̸= j:

Cov(ei(y), ej(y))− Cov(ei(x), ej(x)) = Cov(di, dj)µdefectµ
⊤
defect. (31)

Similarly, for the diagonal term we have (cf. Proposition 2.4)

Cov(ei(y))− Cov(ei(x)) = Var(di)µdefectµ
⊤
defect = ρµdefectµ

⊤
defect. (32)

Plugging (31)–(32) into (30) yields

Cov(ē(y))− Cov(ē(x)) =
ρ

K
µdefectµ

⊤
defect +

2

K2

∑
1≤i<j≤K

Cov(di, dj)µdefectµ
⊤
defect. (33)

Under the mixing decay |Cov(di, di+ℓ)| ≤ ρ β(ℓ) and stationarity, the off-diagonal sum is bounded by

∑
1≤i<j≤K

|Cov(di, dj)| ≤
K−1∑
ℓ=1

(K − ℓ)ρ β(ℓ),

and therefore, in operator norm,

∥∥Cov(ē(y))− Cov(ē(x))
∥∥
op

≤

(
ρ

K
+

2ρ

K2

K−1∑
ℓ=1

(K − ℓ)β(ℓ)

) ∥∥µdefectµ
⊤
defect

∥∥
op

=
ρ

Keff
∥µdefect∥22, (34)

where Keff is defined in (18). In particular, if {di} is independent across patches, then Cov(di, dj) = 0 for i ̸= j and the
bound is tight with Keff = K. Moreover, under exponential mixing

∑
ℓ≥1 β(ℓ) < ∞, we have Keff = Θ(K).

Repeating the same second-order Taylor argument as in Proposition 2.4 with e replaced by ē yields, for each coordinate ℓ,

∆global,ℓ ≈
1

2
µ⊤

defect∇2ϕθ,ℓ(0)µdefect ·
ρ

Keff
=

ρ

2Keff
[Q(µdefect)]ℓ.

Stacking ℓ = 1, . . . , d gives
∆global ≈

ρ

2Keff
Q(µdefect).

Under the Proposition 2.4, ∆PFS ≈ ρ
2 Q(µdefect), hence

∆global ≈
1

Keff
∆PFS.

Therefore,
∥∆PFS∥2 ≈ Keff∥∆global∥2.

Under exponential mixing, Keff = Θ(K), hence the patch-level shift dominates the global-pooled shift by a factor linear in
K up to constants, consistent with (11):

∥∆PFS∥2 ≈ K ∥∆global∥2 > ∥∆global∥2, (35)

A.4. Existence of an optimal finite patch number K.

While Proposition 2.5 establishes that, at the population level, patch-wise aggregation amplifies the second-order defect
signal relative to global pooling, it does not by itself imply that using arbitrarily many patches is always beneficial. In
this subsection, we show that under finite-sample estimation and defect-power dilution at finer patch resolutions, the
signal-to-noise ratio admits a finite maximizer. Consequently, the patch advantage saturates beyond a certain granularity,
and an optimal finite patch number K⋆ necessarily exists.
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Corollary A.3. Assume the setting of Proposition 2.5 and Proposition 2.4. For a K-patch partition, let the per-patch
embeddings be {ei(x)}Ki=1 and {ei(y)}Ki=1, and define the patch-level population shift

∆PFS(K) := EQ[ϕθ(ei(y))]− EP[ϕθ(ei(x))] , (36)

which is independent of i by stationarity across patches. Let ∆̂PFS(K) be its empirical estimator constructed from N i.i.d.
images per domain,

∆̂PFS(K) :=
1

N

N∑
n=1

( 1

K

K∑
i=1

ϕθ(en,i(y))
)
− 1

N

N∑
n=1

( 1

K

K∑
i=1

ϕθ(en,i(x))
)
. (37)

Assume further that the defect signature may dilute with patch refinement: there exists a non-increasing function g : N → R+

and a fixed direction ν ∈ Rm with ∥ν∥2 = 1 such that the defect vector satisfies

µdefect(K) = g(K)ν. (38)

Let Q(·) be the Hessian-induced quadratic map defined in Proposition 2.4, and define the defect strength

S(K) :=
∥∥Q(µdefect(K))

∥∥
2
. (39)

Assume exponential α-mixing across patches within each image as in (16)–(17), and let Keff(K) be defined by (18). Then
there exists a finite K⋆ < ∞ such that the high-probability signal-to-noise ratio

SNR(K) :=
∥∆PFS(K)∥2∥∥∆̂PFS(K)−∆PFS(K)

∥∥
2

(40)

is non-increasing for all K ≥ K⋆ (with probability at least 1− δ). Moreover, if g(K) = cK−η for some c > 0 and η > 0,
then for exponential mixing (Keff(K) = Θ(K)) we have

SNR(K) = Θ̃
(√

N K
1
2−2η

)
, (41)

and hence SNR(K) is eventually decreasing whenever η > 1
4 , implying a finite maximizer K⋆.

Proof. By Proposition 2.4, the leading-order patch-level shift satisfies

∆PFS(K) ≈ ρ

2
Q(µdefect(K)). (42)

Taking ℓ2 norms and using the definition (39) yields

∥∆PFS(K)∥2 ≈ ρ

2
S(K). (43)

In particular, under the dilution model (38), since Q(·) is quadratic in its argument,

S(K) =
∥∥Q(g(K)ν)

∥∥
2
= g(K)2

∥∥Q(ν)
∥∥
2
. (44)

For each domain, define the per-image random vector

Z(y)
n (K) :=

1

K

K∑
i=1

ϕθ(en,i(y)), Z(x)
n (K) :=

1

K

K∑
i=1

ϕθ(en,i(x)). (45)

Then (37) can be written as

∆̂PFS(K) =
1

N

N∑
n=1

Z(y)
n (K)− 1

N

N∑
n=1

Z(x)
n (K). (46)
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By the i.i.d. sampling of images, {Z(y)
n (K)}Nn=1 are i.i.d. across n (and similarly for x). Within a fixed image n, dependence

across patches is allowed and controlled by α-mixing.

Fix a domain (say y) and suppress (y) in notation. For each coordinate ℓ ∈ [d], define the scalar patch sequence

U
(ℓ)
i := ϕθ,ℓ(ei), i = 1, . . . ,K,

so that Zℓ(K) = 1
K

∑K
i=1 U

(ℓ)
i . By stationarity across patches and the covariance decomposition,

Var(Zℓ(K)) = Var
( 1

K

K∑
i=1

U
(ℓ)
i

)
=

1

K2

K∑
i=1

Var(U
(ℓ)
i ) +

2

K2

∑
1≤i<j≤K

Cov(U
(ℓ)
i , U

(ℓ)
j ). (47)

Under exponential α-mixing, as in Step 4 of the proof of Proposition 2.5, there exists a summable envelope β(t) such that∣∣Cov(U (ℓ)
i , U

(ℓ)
i+t)

∣∣ ≤ σ2
ϕ β(t), t ≥ 1,

∑
t≥1

β(t) < ∞,

where σ2
ϕ := supℓ Var(U

(ℓ)
i ) < ∞. Substituting into (47) and summing by lag yields

Var(Zℓ(K)) ≤
σ2
ϕ

K
+

2σ2
ϕ

K2

K−1∑
t=1

(K − t)β(t) =
σ2
ϕ

Keff(K)
, (48)

where Keff(K) matches (18). Consequently,

tr
(
Cov(Zn(K))

)
=

d∑
ℓ=1

Var(Zℓ(K)) ≤
d σ2

ϕ

Keff(K)
. (49)

Since {Zn(K)}Nn=1 are i.i.d. across images, we apply a standard vector-valued Bernstein (or equivalently, coordinate-wise
Bernstein plus union bound) to obtain, with probability at least 1− δ,∥∥∥ 1

N

N∑
n=1

Zn(K)− E[Zn(K)]
∥∥∥
2

≤ C4

√
tr(Cov(Zn(K))) log(1/δ)

N
≤ C5

√
log(1/δ)

N Keff(K)
, (50)

where C4, C5 > 0 absorb universal constants and d σ2
ϕ. Applying (50) separately to the real and generated domains and

using the triangle inequality, we obtain∥∥∆̂PFS(K)−∆PFS(K)
∥∥
2

≤ C6

√
log(1/δ)

N Keff(K)
(51)

with probability at least 1− δ.

Combining the signal estimate (43) with the deviation bound (51) yields, on the high-probability event of (51),

SNR(K) =
∥∆PFS(K)∥2

∥∆̂PFS(K)−∆PFS(K)∥2
≳

S(K)

1
·

√
N Keff(K)

log(1/δ)
. (52)

Substituting the quadratic scaling (44) gives

SNR(K) ≳ g(K)2
∥∥Q(ν)

∥∥
2

√
N Keff(K)

log(1/δ)
. (53)

If g(K) is non-increasing and Keff(K) is eventually sublinear or bounded (which occurs when patch dependence strengthens
as resolution increases), then the right-hand side of (53) is eventually non-increasing in K, implying the existence of a finite
K⋆ such that (53) holds for all K ≥ K⋆.

Assume g(K) = cK−η with η > 0. Then by (44), S(K) = c2K−2η∥Q(ν)∥2. Under exponential mixing, Keff(K) =
Θ(K), hence (53) yields

SNR(K) = Θ̃
(√

N K
1
2−2η

)
,

which is (41). Therefore, if η > 1
4 , then 1

2 − 2η < 0 and SNR(K) is eventually decreasing, so a finite maximizer K⋆ < ∞
exists.
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A.5. Proof of Proposition 2.6

On the Gaussian surrogate in PFS space. Throughout the analysis, patch embeddings are assumed to be sub-Gaussian,
which is sufficient for the Taylor expansions and concentration arguments used in Propositions 2.4, 2.5 and Theorem 2.7.
In Proposition 2.6, we additionally adopt a Gaussian surrogate in the PFS space to obtain a closed-form expression for the
population MMD under a Gaussian kernel.

This surrogate should be understood as a moment-matched analytic approximation: the true PFS distribution is sub-Gaussian
with controlled second-order statistics, and replacing it by a Gaussian with the same mean and isotropic proxy variance
preserves the leading-order dependence of the MMD on the mean shift. Importantly, our conclusions rely only on the
positivity and monotonic increase of the MMD with respect to ∥∆PFS∥2, which holds beyond the exact Gaussian case.

Proof. We prove (12), and the positivity and monotonicity claims in (12).

Recall the definition of our gaussian deep kernel in 4:

kω(x, y) = exp

(
−∥Zθ(x)− Zθ(y)∥22

2γ2

)
=: kγ

(
Zθ(x),Zθ(y)

)
,

where Zθ(x) ∈ RK×d is the Patch Signature Field. Here ∥ · ∥2 denotes the entry-wise Euclidean norm of the field (i.e., the
ℓ2 norm after flattening), which coincides with the Frobenius norm on RK×d. Thus kγ is a Gaussian RBF kernel on the
ambient Euclidean space RK×d (equivalently RKd).

Define the (random) feature fields induced by Zθ:

X := Zθ(x), x ∼ P, Y := Zθ(y), y ∼ Q,

and similarly X′ := Zθ(x
′) for an independent copy x′ ∼ P and Y′ := Zθ(y

′) for an independent copy y′ ∼ Q. With this
notation, the population MMD under kω admits the standard expansion

MMD2(P,Q; kω) = E
[
kγ(X,X′)

]
+ E

[
kγ(Y,Y′)

]
− 2E

[
kγ(X,Y)

]
, (54)

where X,X′,Y,Y′ ∈ RK×d and kγ(A,B) = exp
(
−∥A−B∥2

2

2γ2

)
.

To obtain a closed-form expression under the Gaussian kernel kγ on RK×d, we adopt the following Gaussian surrogate for
the feature fields:

X ∼ N (0, σ2
zIKd), Y ∼ N (∆Z, σ

2
zIKd),

and similarly for independent copies X′,Y′. Here ∆Z := E[Zθ(y)] − E[Zθ(x)] ∈ RK×d denotes the mean shift of the
Patch Signature Field, and IKd denotes isotropic covariance under the entry-wise Euclidean structure of RK×d. In particular,
if each patch undergoes the same PFS mean shift ∆PFS ∈ Rd, then ∆Z = 1K∆⊤

PFS and hence ∥∆Z∥22 = K∥∆PFS∥22.

Moreover, if patch embeddings are σe-sub-Gaussian (Assumption 2.2) and the mapping ϕθ is locally Lipschitz (Assumption
A.1) on the typical embedding region E with constant

Lϕ := sup
e∈E

∥Jϕ(e)∥op < ∞,

then the PFS features admit the sub-Gaussian proxy bound σz ≤ Lϕσe (hence σ2
z ≤ L2

ϕσ
2
e ). Under this surrogate, the

expectations in (54) reduce to Gaussian integrals in Rd. In the following steps, we will compute each expectation in (54)
explicitly.

Step 1: Compute the self-terms E[kγ(X,X′)] and E[kγ(Y,Y′)]. Let X,X′ i.i.d.∼ N (0, σ2
zIKd) and define δ := X−X′.

Then δ ∼ N (0, 2σ2
zIKd) and

E
[
kγ(X,X′)

]
= Eδ exp

(
−∥δ∥22

2γ2

)
=

∫
RKd

exp

(
−∥δ∥22

2γ2

)
(2π)−Kd/2(2σ2

z)
−Kd/2 exp

(
−∥δ∥22

4σ2
z

)
dδ

= (2π)−Kd/2(2σ2
z)

−Kd/2

∫
RKd

exp

(
−∥δ∥22

(
1

2γ2
+

1

4σ2
z

))
dδ. (55)
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Define

A :=

(
1

γ2
+

1

2σ2
z

)
IKd,

so that

∥δ∥22
(

1

2γ2
+

1

4σ2
z

)
=

1

2
δ⊤Aδ.

Hence

E
[
kγ(X,X′)

]
= (2π)−Kd/2(2σ2

z)
−Kd/2

∫
RKd

exp

(
−1

2
δ⊤Aδ

)
dδ. (56)

Using the Gaussian integral identity ∫
RKd

exp
(
− 1

2 u
⊤Au

)
du = (2π)Kd/2|A|−1/2,

we obtain

E
[
kγ(X,X′)

]
= (2σ2

z)
−Kd/2 |A|−1/2. (57)

Since A = cIKd with

c =
1

γ2
+

1

2σ2
z

=
γ2 + 2σ2

z

2σ2
zγ

2
,

we have |A| = cKd and |A|−1/2 = c−Kd/2, yielding

E
[
kγ(X,X′)

]
= (2σ2

z)
−Kd/2

(
2σ2

zγ
2

γ2 + 2σ2
z

)Kd/2

=

(
γ2

γ2 + 2σ2
z

)Kd/2

.

Therefore,

E
[
kγ(X,X′)

]
=

(
γ2

γ2 + 2σ2
z

)Kd
2

. (58)

Let Y,Y′ i.i.d.∼ N (∆Z, σ
2
zIKd) and define δ′ := Y − Y′. Then δ′ ∼ N (0, 2σ2

zIKd) (the means cancel), so the same
calculation as Step 1 yields

E
[
kγ(Y,Y′)

]
=

(
γ2

γ2 + 2σ2
z

)Kd
2

. (59)

Step 2: Compute the cross-term E[kγ(X,Y)]. Let X ∼ N (0, σ2
zIKd) and Y ∼ N (∆Z, σ

2
zIKd) be independent.

Define η := X−Y. Then η ∼ N (−∆Z, 2σ
2
zIKd) and

E
[
kγ(X,Y)

]
= Eη exp

(
−∥η∥22

2γ2

)
=

∫
RKd

exp

(
−∥η∥22

2γ2

)
(2π)−Kd/2(2σ2

z)
−Kd/2 exp

(
−∥η +∆∥22

4σ2
z

)
dη, (60)

where ∆ := ∆Z for brevity. Expanding ∥η +∆∥22 = ∥η∥22 + 2η⊤∆+ ∥∆∥22, the exponent becomes

−∥η∥22
2γ2

− ∥η +∆∥22
4σ2

z

= −
(

1

2γ2
+

1

4σ2
z

)
∥η∥22

− 1

2σ2
z

η⊤∆− ∥∆∥22
4σ2

z

. (61)
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As in Step 1, set

A :=

(
1

γ2
+

1

2σ2
z

)
IKd, b :=

1

2σ2
z

∆,

so that

−
(

1

2γ2
+

1

4σ2
z

)
∥η∥22 −

1

2σ2
z

η⊤∆ = −1

2
η⊤Aη − b⊤η.

Plugging into (60) gives

E
[
kγ(X,Y)

]
= (2π)−Kd/2(2σ2

z)
−Kd/2 exp

(
−∥∆∥22

4σ2
z

)∫
RKd

exp

(
−1

2
η⊤Aη − b⊤η

)
dη. (62)

Using
1

2
η⊤Aη + b⊤η =

1

2
(η +A−1b)⊤A(η +A−1b)− 1

2
b⊤A−1b,

we obtain∫
RKd

exp

(
−1

2
η⊤Aη − b⊤η

)
dη = exp

(
1

2
b⊤A−1b

)∫
RKd

exp

(
−1

2
(η +A−1b)⊤A(η +A−1b)

)
dη

= exp

(
1

2
b⊤A−1b

)
· (2π)Kd/2|A|−1/2. (63)

Substituting (63) into (62) yields

E
[
kγ(X,Y)

]
= (2σ2

z)
−Kd/2|A|−1/2 exp

(
−∥∆∥22

4σ2
z

+
1

2
b⊤A−1b

)
. (64)

As before, A = cIKd with

c =
γ2 + 2σ2

z

2σ2
zγ

2
,

so

(2σ2
z)

−Kd/2|A|−1/2 = (2σ2
z)

−Kd/2c−Kd/2 =

(
γ2

γ2 + 2σ2
z

)Kd/2

.

Since A−1 = 1
c IKd =

2σ2
zγ

2

γ2+2σ2
z
IKd and b = 1

2σ2
z
∆, we have

b⊤A−1b =

(
1

2σ2
z

∆

)⊤(
2σ2

zγ
2

γ2 + 2σ2
z

IKd

)(
1

2σ2
z

∆

)
=

γ2

2σ2
z(γ

2 + 2σ2
z)
∥∆∥22. (65)

Therefore

−∥∆∥22
4σ2

z

+
1

2
b⊤A−1b = −∥∆∥22

4σ2
z

+
γ2

4σ2
z(γ

2 + 2σ2
z)
∥∆∥22

= − ∥∆∥22
2(γ2 + 2σ2

z)
. (66)

Combining the prefactor and exponent yields

E
[
kγ(X,Y)

]
=

(
γ2

γ2 + 2σ2
z

)Kd
2

exp

(
− ∥∆Z∥22
2(γ2 + 2σ2

z)

)
. (67)
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Combine the three terms. Substituting (58), (59), and (67) into (54) gives

MMD2(P,Q; kω) = 2

(
γ2

γ2 + 2σ2
z

)Kd
2
[
1− exp

(
− ∥∆Z∥22
2(γ2 + 2σ2

z)

)]
,

Since ∆Z = 1K∆⊤
PFS, we have ∥∆Z∥22 = K∥∆PFS∥22. Hence,

MMD2(P,Q; kω) = 2

(
γ2

γ2 + 2σ2
z

)Kd
2
[
1− exp

(
−K∥∆PFS∥22
2(γ2 + 2σ2

z)

)]
,

which proves (12).

Positivity and monotonicity in ∥∆PFS∥2. Let a :=
(

γ2

γ2+2σ2
z

)Kd
2

> 0 and t := ∥∆PFS∥2 ≥ 0. Then

MMD2(P,Q; kω) = 2a
(
1− e−t2/(2(γ2+2σ2

z))
)
.

If t > 0, then e−t2/(2(γ2+2σ2
z)) ∈ (0, 1) and hence MMD2 > 0. Moreover,

d

dt

(
1− e−t2/(2(γ2+2σ2

z))
)
= e−t2/(2(γ2+2σ2

z)) · t

γ2 + 2σ2
z

≥ 0,

with strict inequality for t > 0. Hence, positivity and monotonicity are both proved.

A.6. Proof of Theorem 2.7 (Finite-Sample Detection Guarantee)

Lemma A.4 (Transformation of exponential concentration inequality in (Gretton et al., 2012)). Let M̂MD
2

u denote
the unbiased U-statistic estimator and MMD2 be the population quantity. According to the Theorem 7 in (Gretton et al.,
2012), there exists an absolute constant c > 0 such that for any ε > 0,

Pr
(∣∣∣M̂MD

2

u −MMD2
∣∣∣ > ε

)
≤ 2 exp

(
−c ε2

MN

M +N

)
. (68)

Equivalently, for any δ ∈ (0, 1), with probability at least 1− δ,

∣∣∣M̂MD
2

u −MMD2
∣∣∣ ≤ C

√(
1

M
+

1

N

)
log

2

δ
, (69)

where C = 1√
c

is an absolute constant (depending only on the kernel bound).

Proof. We show the transformation (68) ⇒ (69) step by step.

According to the Theorem 7 in (Gretton et al., 2012), we want the right-hand side of (68) to be at most δ. So we set

2 exp

(
−c ε2

MN

M +N

)
= δ.

Divide both sides by 2 and take log:

−c ε2
MN

M +N
= log

δ

2
= − log

2

δ
.

Multiply by −M+N
cMN :

ε2 =
M +N

cMN
log

2

δ
=

1

c

(
1

M
+

1

N

)
log

2

δ
.
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Let C := 1√
c
. Then

ε = C

√(
1

M
+

1

N

)
log

2

δ
.

Plugging this choice of ε back into (68) gives

Pr

(∣∣∣M̂MD
2

u −MMD2
∣∣∣ > C

√(
1

M
+

1

N

)
log

2

δ

)
≤ δ,

which is exactly (69).

Theorem 2.7. Let Sr = {xi}Mi=1
i.i.d∼ P and St = {yj}Nj=1 be test-image set. Let λ = γ2 + 2σ2

z . For any δ ∈ (0, 1), with
probability at least 1− δ, the bounds (13) and (14) hold.

Proof. By Lemma A.4, for any δ ∈ (0, 1), with probability at least 1− δ,

∣∣∣M̂MD
2

u(Sr, St; kω)−MMD2(P,Q; kω)
∣∣∣ ≤ C

√(
1

M
+

1

N

)
log

2

δ
. (70)

We will use C1 and C2 to allow different absolute constants in the two cases.

Case I: Real test image (St
i.i.d∼ P). If Sr ∼ P and St ∼ P, then the two distributions are identical, hence

MMD2(P,P; kω) = 0.

M̂MD
2

u(Sr, St; kω) = M̂MD
2

u −MMD2(P,P; kω).

Therefore, on the event (70),

M̂MD
2

u(Sr, St; kω) =
∣∣∣M̂MD

2

u −MMD2(P,P; kω)
∣∣∣ ≤ C1

√(
1

M
+

1

N

)
log

2

δ
,

which is exactly (13).

Case II: Generated test image (St
i.i.d∼ Q). Define

A := MMD2(P,Q; kω), B := M̂MD
2

u(Sr, St; kω)−MMD2(P,Q; kω).

Then by construction,

M̂MD
2

u(Sr, St; kω) = A+B. (71)

Since B ≥ −|B| always holds; adding A to both sides gives the elementary inequality

A+B ≥ A− |B|.

Applying this to (71) yields

M̂MD
2

u(Sr, St; kω) ≥ MMD2(P,Q; kω)−
∣∣∣M̂MD

2

u(Sr, St; kω)−MMD2(P,Q; kω)
∣∣∣. (72)

On the event (70), we have

∣∣∣M̂MD
2

u(Sr, St; kω)−MMD2(P,Q; kω)
∣∣∣ ≤ C2

√(
1

M
+

1

N

)
log

2

δ
. (73)
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By Proposition 2.6 (population MMD under PFS mean shift) and letting λ = γ2 + 2σ2
z , we have

MMD2(P,Q; kω) = 2

(
γ2

λ

) d
2
[
1− exp

(
−K∥∆PFS∥22

2λ

)]
. (74)

Substitute (73) and (74) into (72). With probability at least 1− δ,

M̂MD
2

u(Sr, St; kω) ≥ 2

(
γ2

λ

) d
2
[
1− exp

(
−K∥∆PFS∥22

2λ

)]
− C2

√(
1

M
+

1

N

)
log

2

δ
, (75)

which is exactly (14). This completes Case II and the proof.

Corollary A.5 (Separation of empirical MMD for real vs. generated images). Let Sr = {xi}Mi=1
i.i.d.∼ P be a reference set

of real images, and let St be a test-image set. Consider the empirical statistic M̂MD
2

u(Sr, St; kω) defined with the deep
kernel kω .

Fix any δ ∈ (0, 1) and define

εM,N (δ) := C

√( 1

M
+

1

N

)
log

2

δ
,

where C is the constant appearing in Lemma A.4. Then, with probability at least 1− 2δ, the two statements in Theorem 2.7
hold simultaneously. Consequently, whenever

MMD2(P,Q; kω) > 2 εM,N (δ), (76)

the empirical ordering

M̂MD
2

u(Sr, S
(Q)
t ; kω) > M̂MD

2

u(Sr, S
(P)
t ; kω)

holds with probability at least 1− 2δ.

Proof. We combine the high-probability bounds established in Theorem 2.7 for the real and generated cases.

By Theorem 2.7, for any δ ∈ (0, 1), with probability at least 1− δ,

M̂MD
2

u(Sr, St; kω) ≤ εM,N (δ) if St ∼ P,

and with probability at least 1− δ,

M̂MD
2

u(Sr, St; kω) ≥ MMD2(P,Q; kω)− εM,N (δ) if St ∼ Q.

The two deviation events above each fail with probability at most δ. By the union bound, both inequalities hold simultaneously
with probability at least 1− 2δ.

On this event, we have

M̂MD
2

u(Sr, S
(Q)
t ; kω)− M̂MD

2

u(Sr, S
(P)
t ; kω)

≥
(
MMD2(P,Q; kω)− εM,N (δ)

)
− εM,N (δ) = MMD2(P,Q; kω)− 2εM,N (δ).

Therefore, if condition (76) holds, the right-hand side is strictly positive, which yields the claimed empirical ordering.

Interpretation. Since εM,N (δ) = O
(√

(1/M + 1/N) log(1/δ)
)

, for any fixed population gap MMD2(P,Q; kω) > 0,
the separation condition (76) is satisfied once the sample sizes M,N are sufficiently large.
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B. Additional Experiment Setups
B.1. Details of Datasets

B.1.1. DETAILS OF IMAGE BENCHMARKS

ImageNet (Deng et al., 2009). We use the ImageNet real images and their corresponding synthetic counterparts released in
the DGM-Eval repository.1 All images are provided following Stein et al. (2023), and are stored at a resolution of 256× 256.
The set of generators includes ADM, ADMG, BigGAN, DiT-XL-2, GigaGAN, LDM, StyleGAN-XL, RQ-Transformer, and
Mask-GIT.

LSUN-Bedroom (Yu et al., 2015). Real and generated samples for LSUN-Bedroom are also taken from the same DGM-Eval
release.2 The dataset (Stein et al. (2023)) provides images at 256× 256; during preprocessing, we apply random cropping to
obtain 224× 224 inputs. The generated images are produced by ADM, DDPM, iDDPM, StyleGAN, Diffusion-Projected
GAN, Projected GAN, and Unleashing Transformers.

GenImage (Zhu et al., 2023b). We additionally adopt GenImage, which is publicly available at:3 According to Zhu et
al. (2023b), the real images are sourced from ImageNet, while the image resolutions vary across subsets. The generative
sources covered by GenImage include Midjourney, SD v1.4, SD v1.5, ADM, GLIDE, Wukong, VQDM, and BigGAN.

B.1.2. DETAILS OF VIDEO CASE STUDY

OpenSora (Zheng et al., 2024). Recent progress in video generation has substantially improved the realism of synthetic
videos, raising new concerns about the trustworthiness of digital media. Since the proprietary model behind Sora4 is not
publicly accessible, we instead employ Open-Sora, an open-source high-fidelity video generation framework with fully
released code and model weights as a practical stress test for evaluating generalization. Concretely, we randomly sample
3,275 videos from the OpenSora subset in the GenVideo (Chen et al., 2024b) benchmark. Each video contains 10 frames,
yielding 32,750 frames in total, which we treat as the OpenSora-generated video dataset. For preprocessing, we follow the
same pipeline as in the image benchmarks and apply random cropping to obtain 224× 224 inputs.

MSR-VTT (Xu et al., 2016). As natural video data, we use MSR-VTT, a large-scale web video benchmark with diverse
content and comprehensive categories, widely adopted for video understanding and video-to-text tasks. For preprocessing,
we randomly sample 3,275 videos from MSR-VTT, and then randomly select 10 frames per video, resulting in 32,750
frames in total as the real set. We follow the same pipeline as the image benchmarks and apply random cropping to obtain
224× 224 inputs.

B.2. Details on Evaluation Metrics

AI-generated image detection is inherently a binary classification task. Let TP(t),TN(t),FP(t),FN(t) denote the numbers
of true positives, true negatives, false positives, and false negatives when thresholding the detector score at t. Accordingly,
the true positive rate (TPR) and false positive rate (FPR) are

TPR(t) =
TP(t)

TP(t) + FN(t)
, FPR(t) =

FP(t)

FP(t) + TN(t)
.

The area under the receiver operating characteristic curve (AUROC). AUROC summarizes the detector’s ranking
quality by measuring how well positives are separated from negatives across all possible thresholds. Formally, it is the area
under the ROC curve obtained by plotting TPR(t) against FPR(t) as t varies:

AUROC =

∫ 1

0

TPR
(
FPR−1(u)

)
du,

where larger AUROC indicates better overall discriminability independent of a specific operating point.

The average precision (AP). Average Precision evaluates precision–recall trade-offs by aggregating precision over different

1https://github.com/layer6ai-labs/dgm-eval
2https://github.com/layer6ai-labs/dgm-eval
3https://github.com/GenImage-Dataset/GenImage
4https://openai.com/index/sora/
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recall levels, and is commonly used when the positive class may be relatively rare. Let Precision(t) = TP(t)
TP(t)+FP(t) and

Recall(t) = TPR(t). AP is defined as the area under the precision–recall (PR) curve:

AP =

∫ 1

0

Precision(r) dr,

where Precision(r) denotes precision as a function of recall r along the PR curve.

The classification accuracy (ACC). Accuracy reports the fraction of correctly classified samples at a chosen threshold,
counting both true positives and true negatives:

ACC =
TP+ TN

TP+ TN+ FP + FN
.

Unlike AUROC/AP which integrate over thresholds, ACC depends on the selected decision threshold. Following (Ojha
et al., 2023), we adopt an automatic thresholding strategy during testing: the decision threshold is chosen to best separate
real and AI-generated samples according to the detector scores, i.e., selecting the operating point that yields the strongest
class separation on the evaluation split. However, we do not treat ACC as a primary metric for comparison because its value
can vary noticeably with the thresholding protocol and the underlying data characteristics (e.g., class prior, domain shift, or
how representative a small validation set is if used for calibration). In contrast, AUROC and AP summarize performance
across all possible thresholds, making them more robust and better aligned with practical deployment scenarios where the
preferred operating point may differ.

B.3. Details of Implementations

Main Experiments. Following prior works (Ojha et al., 2023; Liu et al., 2024), we use random cropping and random
horizontal flipping during training, and apply center cropping at test time, without additional augmentations. For the main
experiments, we adopt DINOv2 ViT-L/14 (Oquab et al., 2024) as the feature backbone to extract patch embeddings. To
balance detection accuracy and efficiency, we pool the patch embeddings with a patch size of W = 32 for computing
Patch Forensic Signatures (PFS). The PFS projection head ϕθ maps each pooled patch embedding (dimension 1024) to a
bounded scalar score, using a lightweight feed-forward projection with hidden dimension 256, dropout 0.3, and a final tanh
activation. For training data, we follow the common cross-dataset protocol: ProGAN is used to train models evaluated on
ImageNet and LSUN-Bedroom, while SD v1.4 is used as the training set for the GenImage benchmark and our OpenSora
case study. For reference data at test time, we use 3k real references that are strictly disjoint from the test split: for ImageNet
and GenImage, we sample 3 images per ImageNet training class (3k in total); for LSUN-Bedroom, we randomly sample 3k
LSUN real images from a split disjoint from testing; and for the OpenSora case study, we sample 175 MSR-VTT real videos
disjoint from testing and extract 10 frames per video (1,750 real frames) as references. During training, we jointly optimize
the projection parameters θ and the kernel bandwidth γ. We train for 25 epochs with batch size 256 using AdamW (learning
rate 1× 10−4, β1 = 0.9, β2 = 0.99, weight decay 0.01), and initialize the scale parameter with σ = 1.0. All experiments
are conducted on a server with an NVIDIA H200 GPU using Python 3.10.19 and PyTorch 2.9.1.

Figure 1. We compare a global image-level baseline and our PFS-based pipeline under the label-inversion stress test. For
data configuration, we build the toy benchmark from the ProGAN dataset by selecting the cat and dog categories from
each split. During training, we assign all real samples to cats and all fake samples to dogs, using 18,000 images per class
(18,000 real-cat and 18,000 fake-dog). The validation set follows the same configuration with 200 images per class. For
testing, we consider two settings. (i) Matched-label test: the same label configuration as training, with 200 real-cat and 200
fake-dog images. (ii) Label-inversion test: we swap the category composition while keeping the real/fake labels fixed, i.e.,
200 real-dog and 200 fake-cat images, to stress-test whether a detector relies on semantic category cues versus generation
artifacts. For model configuration, we use DINOv2 ViT-L/14 as the frozen feature extractor and take the [CLS] token as
the image representation for global image-level detector. On top of it, we train a lightweight two-layer classification head
(hidden dimension 256 with dropout 0.3) to predict a single logit, optimized with binary cross-entropy (BCE) loss. For
PFS pipeline, we follow the same patch-wise setup as in the main experiments: the image is partitioned into patches and
each patch embedding is mapped into the PFS space via the same projection head as in our main method. To obtain an
image-level decision, we additionally learn a lightweight attention (scoring) head with the same hidden dimension and
dropout, which outputs a scalar weight/logit for each patch and aggregates patch-level logits into a final image-level logit.
The entire model is trained with BCE loss under the same label setting as the Global baseline.
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Table 2. For variants w/o MMD, we adopt the same model configurations as in the toy experiment (Figure 1): a global
baseline that classifies from the DINOv2 [CLS] token, and a PFS-based model that aggregates patch-wise PFS scores via a
lightweight attention head, both trained with a BCE objective. For Global + MMD, we replace the BCE objective with an
MMD-based optimization on the image-level predictions: we take the global image logit for each sample and compute a
one-dimensional, pairwise MMD within each mini-batch between real and AI-generated sets, using it as the training signal.
Finally, to further isolate the benefit of PFS modeling beyond a particular aggregator, we additionally evaluate alternative
patch-level aggregation schemes (e.g., mean/max/top-k pooling) in Appendix C.2, demonstrating that PFS consistently
outperforms global pooling under different aggregation choices.

Figure 4. For qualitative localization, we adopt a Grad-CAM-style visualization on the MDMF detector. Given an input
image resized to 224 × 224, we extract DINOv2 ViT-L/14 patch tokens and pool them to a W=32 patch grid. We then
compute patch logits in the learned PFS space, and obtain patch-wise saliency by backpropagating the mean patch logit
to the pooled patch embeddings. The final patch importance is computed by combining the patch logit with the gradient
magnitude, followed by normalization and resizing to the image resolution for overlay visualization. For the global baseline,
we visualize an attention map derived from normalized DINOv2 patch-token magnitudes to provide a comparable heatmap.

C. Additional Experimental Results
C.1. Results on Additional Benchmarks

LSUN-Bedroom. As shown in Table 3, our method maintains consistently strong performance across diverse generators,
covering both diffusion-based models and GAN variants, indicating good cross-model generalization. In particular, we
achieve the best average AUROC on LSUN-Bedroom, while keeping the average AP highly competitive, suggesting that our
detection evidence transfers reliably beyond the training distribution.

Table 3. Detection performance (%) on LSUN-Bedroom. Bold numbers are superior results. We mainly compare training-based methods.

Models
ADM DDPM iDDPM Diffusion GAN Projected GAN StyleGAN Unleashing Transformer Average

Methods
AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC (↑) AP (↑)

CNNspot 64.83 64.24 79.04 80.58 76.95 76.28 88.45 87.19 90.80 89.94 95.17 94.94 93.42 93.11 84.09 83.75
Ojha 71.26 70.95 79.26 78.27 74.80 73.46 84.56 82.91 82.00 78.42 81.22 78.08 83.58 83.48 79.53 77.94
DIRE 57.19 56.85 61.91 61.35 59.82 58.29 53.18 53.48 55.35 54.93 57.66 56.90 67.92 68.33 59.00 58.59
NPR 75.43 72.60 91.42 90.89 89.49 88.25 76.17 74.19 75.07 74.59 68.82 63.53 84.39 83.67 80.11 78.25
F-ConV 76.59 74.40 93.53 92.16 88.90 86.85 98.10 98.03 97.93 97.81 91.63 90.16 97.31 96.91 92.00 90.91
MDMF 74.67 65.21 93.05 90.08 89.10 84.52 99.85 99.74 99.91 99.84 97.96 96.89 99.10 98.59 93.38 90.70

GenImage. Table 4 further demonstrates that our method generalizes well to GenImage, which contains heterogeneous
sources ranging from proprietary engines (e.g., Midjourney) to various diffusion and GAN models, achieving the best
average accuracy among compared methods. We present the results of some baselines reported in (Zhu et al., 2023b),
including DeiT-S (Touvron et al., 2021), Swin-T (Liu et al., 2021), Spec (Zhang et al., 2019), F3Net (Qian et al., 2020),
GramNet (Liu et al., 2020b), and GenDet (Zhu et al., 2023a). Overall, the strong average performance across such diverse
generative sources highlights the robustness of our approach under real-world distribution shifts.

C.2. Full Results of Ablation Study for Core Components in MDMF

Table 5 reports the complete ablation results for the core components of MDMF on ImageNet, including global baselines
trained with BCE or MMD, as well as PFS-based variants. Beyond the default attention head aggregation (i.e., PFS-Attn-
BCE), we additionally evaluate several alternative ways of aggregating patch logits in the PFS space (mean, max, top-k) to
isolate the effect of PFS modeling and aggregation choice.

Two observations consistently emerge and align with our motivation. First, replacing global image-level pooling with
PFS-based patch evidence yields a clear improvement across generators, indicating that the cues for AI-generated images are
better captured as localized, artifact-sensitive signals rather than a single semantic-dominant representation. This supports
the view that modeling an image as a collection of patch-wise forensic evidence provides a stronger and more transferable
basis for real/fake detection than relying on global features.
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Table 4. AI-generated image detection performance (ACC, %) on GenImage.

Models

Methods Midjourney SD V1.4 SD V1.5 ADM GLIDE Wukong VQDM BigGAN Average

Training Methods
ResNet-50 54.9 99.9 99.7 53.5 61.9 98.2 56.6 52.0 72.1
DeiT-S 55.6 99.9 99.8 49.8 58.1 98.9 56.9 53.5 71.6
Swin-T 62.1 99.9 99.8 49.8 67.6 99.1 62.3 57.6 74.8
CNNspot 52.8 96.3 95.9 50.1 39.8 78.6 53.4 46.8 64.2
Spec 52.0 99.4 99.2 49.7 49.8 94.8 55.6 49.8 68.8
F3Net 50.1 99.9 99.9 49.9 50.00 99.9 49.9 49.9 68.7
GramNet 54.2 99.2 99.1 50.3 54.6 98.9 50.8 51.7 69.9
DIRE 60.2 99.9 99.8 50.9 55.0 99.2 50.1 50.2 70.7
Ojha 73.2 84.2 84.0 55.2 76.9 75.6 56.9 80.3 73.3
NPR 81.0 98.2 97.9 76.9 89.8 96.9 84.1 84.2 88.6
FatFormer 92.7 100.0 99.9 75.9 88.0 99.9 98.8 55.8 88.9
GenDet 89.6 96.1 96.1 58.0 78.4 92.8 66.5 75.0 81.6
DRCT 91.5 95.0 94.4 79.4 89.1 94.6 90.0 81.6 89.4
F-Conv 89.3 98.8 98.5 74.9 89.3 95.6 86.7 87.6 90.1
MDMF 83.5 99.4 99.2 79.4 92.4 97.6 89.7 86.6 91.0

Second, while simple PFS-space aggregations (mean/max/top-k) already outperform the global baselines, the best perfor-
mance is achieved when PFS is further coupled with MMD optimization (i.e., ours MDMF). This suggests that the key is not
merely the pooling operator, but explicitly learning and comparing the distributional discrepancy of patch-level signatures,
which amplifies subtle, localized defects into a reliable macro-level detection signal.

Table 5. Detailed detection performance (%) for ablation study. Bold numbers are superior results.

ADM ADMG LDM DiT BigGAN GigaGAN StyleGAN XL RQ-Transformer Mask GIT AverageMethods
AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC (↑) AP (↑)

Global-BCE 86.89 88.01 82.35 83.34 86.53 92.80 80.15 89.00 98.21 98.34 94.07 97.01 93.70 96.81 94.89 97.48 94.46 97.20 90.14 93.33
Global-MMD 83.08 87.01 75.53 80.51 79.60 90.42 72.22 86.23 98.16 98.59 92.22 96.55 91.96 96.42 93.66 97.26 92.36 96.65 86.53 92.18

PFS-Mean-BCE 86.54 87.27 83.53 84.17 90.98 94.85 84.04 90.61 99.39 99.39 97.99 98.74 97.04 98.32 97.63 98.58 98.63 99.07 92.86 94.56
PFS-Max-BCE 83.26 84.82 80.07 81.35 88.89 94.41 81.26 89.92 99.82 99.84 96.27 98.24 95.06 97.65 96.30 98.27 97.98 99.06 90.99 93.73
PFS-Top-5-BCE 86.08 87.19 82.92 83.84 90.99 95.39 83.49 91.14 99.81 99.83 97.19 98.64 95.99 98.09 96.98 98.55 98.38 99.23 92.42 94.66
PFS-Attn-BCE 87.09 88.73 84.11 85.54 91.47 95.76 85.08 92.18 99.90 99.91 97.81 98.97 97.06 98.61 97.69 98.93 98.72 99.41 93.22 95.34
MDMF 92.56 93.57 88.86 90.16 94.63 97.35 88.89 94.48 99.93 99.94 98.99 99.52 98.76 99.41 98.84 99.46 99.40 99.72 95.65 97.07

C.3. Full Results for the Effect of Patch Granularity

Table 6 reports the full results of the patch-granularity study corresponding to Figure 4(a), where we vary the pooled
patch size W ∈ {16, 32, 56} and repeat each setting with five random seeds. Consistent with Figure 4(a), the results
exhibit a non-monotonic dependence on W , with intermediate granularity (e.g., W = 32) offering the best overall trade-off.
The multi-seed breakdown further suggests that overly fine partitions can introduce higher variability in the estimated
distributional discrepancy, whereas overly coarse partitions may miss sparse localized artifacts, reinforcing that effective
PFS modeling requires a balanced spatial granularity.

C.4. Full Results for the Robustness to Encoder Architecture

Table 7 provides the full per-generator results corresponding to Figure 4(b), comparing MDMF against the training-based
baseline F-ConV under different DINOv2 encoder variants (ViT-S/14, ViT-B/14, ViT-L/14, and ViT-G/14), reporting
AUROC/AP and their averages. Across all backbones, MDMF consistently improves over F-ConV, indicating that our gains
are not tied to a specific feature extractor and transfer reliably across encoder architectures and scales. Notably, MDMF
exhibits stable scaling behavior as the backbone grows, suggesting that PFS-based local forensic cues and distributional
comparison provide a more backbone-agnostic detection signal than global image-level modeling, which can be more
sensitive to semantic representations and thus less stable under architecture changes.
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Table 6. Detailed detection performance (%) for patch granularity.

ADM ADMG LDM DiT BigGAN GigaGAN StyleGAN XL RQ-Transformer Mask GIT AveragePatch Size
AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC (↑) AP (↑)

W = 16

89.27 91.12 84.45 86.86 92.55 96.46 85.16 92.79 99.93 99.94 98.39 99.27 97.96 99.08 98.27 99.22 98.99 99.56 93.89 96.03
89.85 91.50 85.41 87.43 92.61 96.47 85.83 93.02 99.92 99.93 98.53 99.33 98.01 99.09 98.35 99.25 99.08 99.59 94.18 96.18
90.56 92.20 86.07 88.25 93.21 96.78 86.37 93.41 99.92 99.93 98.62 99.37 98.22 99.19 98.42 99.28 99.07 99.58 94.50 96.44
90.77 92.23 86.26 88.21 93.33 96.81 86.69 93.50 99.93 99.93 98.69 99.39 98.19 99.17 98.45 99.29 99.18 99.63 94.61 96.46
91.77 92.88 87.67 89.12 94.10 97.11 87.74 93.94 99.94 99.94 98.84 99.45 98.48 99.29 98.69 99.39 99.28 99.67 95.17 96.76

W = 32

90.56 92.08 86.14 88.06 93.40 96.80 86.38 93.32 99.93 99.94 98.61 99.36 98.18 99.17 98.58 99.35 99.15 99.62 94.55 96.41
90.71 92.18 86.39 88.23 93.56 96.86 86.88 93.53 99.94 99.94 98.67 99.38 98.26 99.20 98.53 99.33 99.18 99.62 94.68 96.47
90.88 92.24 86.73 88.38 93.80 96.97 87.11 93.62 99.94 99.94 98.71 99.40 98.34 99.23 98.59 99.35 99.21 99.64 94.81 96.53
91.63 92.81 87.75 89.24 93.95 97.06 87.91 94.02 99.93 99.93 98.83 99.44 98.61 99.34 98.75 99.42 99.32 99.68 95.18 96.77
92.56 93.57 88.86 90.16 94.63 97.35 88.89 94.48 99.93 99.94 98.99 99.52 98.76 99.41 98.84 99.46 99.40 99.72 95.65 97.07

W = 56

90.33 91.75 86.11 87.90 93.14 96.25 86.37 92.95 99.93 99.93 98.66 99.37 98.19 99.16 98.52 99.25 99.17 99.61 94.46 96.19
90.47 92.02 86.25 88.19 93.28 96.60 86.51 93.27 99.93 99.93 98.66 99.30 98.19 99.09 98.52 99.24 99.20 99.64 94.56 96.35
90.62 92.27 86.40 88.44 93.43 96.85 86.66 93.52 99.93 99.93 98.69 99.40 98.22 99.19 98.55 99.34 99.20 99.64 94.63 96.51
90.70 91.78 86.48 87.93 93.51 96.28 86.74 92.98 99.93 99.93 98.69 99.40 98.22 99.19 98.55 99.28 99.20 99.64 94.68 96.22
90.82 91.97 86.60 88.14 93.63 96.55 86.86 93.22 99.93 99.93 98.69 99.37 98.22 99.16 98.55 99.28 99.22 99.66 94.75 96.34

Table 7. Detailed detection performance (%) for different encoder architectures. Bold numbers are superior results.

ADM ADMG LDM DiT BigGAN GigaGAN StyleGAN XL RQ-Transformer Mask GIT AverageBackbone Methods
AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC (↑) AP (↑)

ViT-S/14 F-ConV 76.97 80.06 70.98 71.46 71.73 71.66 67.51 68.48 86.07 87.25 79.30 80.47 78.71 78.76 78.76 79.64 76.54 77.36 76.28 77.24

MDMF 78.68 79.90 73.46 73.94 79.29 88.35 71.95 83.38 94.69 95.42 86.07 92.60 81.23 89.44 84.11 91.46 86.66 93.19 81.79 87.52

ViT-B/14 F-ConV 86.66 86.93 81.16 82.44 85.01 85.36 78.55 79.53 96.07 96.26 90.37 90.42 93.87 94.49 92.41 93.32 92.18 92.18 88.47 88.99

MDMF 86.96 88.15 82.68 83.83 88.65 94.13 82.10 90.46 99.57 99.61 95.65 97.89 94.49 97.26 94.71 97.44 96.64 98.43 91.27 94.13

ViT-L/14 F-ConV 92.74 91.65 88.51 87.67 88.87 88.47 85.94 84.88 98.94 98.98 98.14 98.72 98.52 98.38 96.79 96.33 95.52 95.38 93.77 93.38

MDMF 92.56 93.57 88.86 90.16 94.63 97.35 88.89 94.48 99.93 99.94 98.99 99.52 98.76 99.41 98.84 99.46 99.40 99.72 95.65 97.07

ViT-G/14 F-ConV 90.90 92.51 85.75 87.70 87.49 89.17 82.49 84.59 96.59 97.08 95.49 96.04 96.38 96.70 93.96 94.97 94.49 95.34 91.50 92.68

MDMF 95.64 96.26 93.20 94.10 96.65 98.39 92.38 96.30 99.99 99.99 99.55 99.79 99.39 99.72 99.43 99.74 99.73 99.88 97.33 98.24

C.5. Impact of Reference Size and Runtime Analysis

Table 8 reports the detailed detection performance and runtime on the ImageNet benchmark under different reference set
sizes R used in the test-time MMD scoring (Eq. 7). Importantly, R is independent of training: it only controls the number of
reference images used during inference when computing the MDMF score for each test image. The reference images are
sampled from the ImageNet training split, strictly disjoint from the test split, to evaluate how R affects detection stability
and deployment cost. Overall, MDMF is largely insensitive to R: for a fixed seed, varying R from 1k to 10k yields nearly
unchanged AUROC/AP across generators, indicating that the PFS-induced distributional discrepancy can be estimated
reliably without requiring a large reference pool. From an efficiency perspective, although each test image must be compared
against R references, in practice we precompute and cache the PFS embeddings of the reference set, so the one-off reference
encoding cost is amortized and negligible at inference time. The remaining computation reduces to GPU-efficient matrix
operations whose arithmetic cost scales linearly with R, but is typically fast relative to feature extraction and is thus weakly
reflected in end-to-end inference time, which is dominated by backbone forward passes and instantaneous hardware load.
Based on this trade-off, we adopt R = 3k in our main experiments to balance efficiency with stable performance.

D. Detailed Visualizations
In the main paper, we present qualitative visualizations on ADM (Figure 5/ 6). Here we further report results on images
generated by ADMG, LDM, and DiT (Figure 7–9). Across these generators, we observe a consistent trend: the global
pooling baseline mainly attends to semantically salient regions (e.g., object contours and high-contrast textures) with similar
patterns on real and generated samples, suggesting limited sensitivity to sparse, localized artifacts. In contrast, MDMF
produces more localized activations on generated images and comparatively diffuse responses on real images, indicating that
patch-wise PFS evidence induces a stronger distributional discrepancy that can be leveraged for robust detection. Overall,
these cross-model visualizations support the generalization of MDMF and corroborate our claim that localized forensic cues
are suppressed by semantic-dominant global features but become salient under PFS-based distributional modeling.
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Table 8. Detailed detection performance (%) and runtime for different reference sizes.

ADM ADMG LDM DiT BigGAN GigaGAN StyleGAN XL RQ-Transformer Mask GIT AverageSeed Ref Size
AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC AP AUROC (↑) AP (↑)

Runtime

Seed = 0

R = 1k 92.47 93.54 88.74 90.11 94.60 97.34 88.81 94.46 99.93 99.94 98.99 99.52 98.75 99.41 98.83 99.46 99.40 99.72 95.61 97.05 718s
R = 3k 92.56 93.57 88.86 90.16 94.63 97.35 88.89 94.48 99.93 99.94 98.99 99.52 98.76 99.41 98.84 99.46 99.40 99.72 95.65 97.07 701s
R = 5k 92.53 93.56 88.82 90.14 94.62 97.35 88.86 94.47 99.93 99.94 98.99 99.52 98.76 99.41 98.84 99.46 99.40 99.72 95.64 97.06 776s
R = 7k 92.56 93.57 88.85 90.16 94.63 97.35 88.89 94.48 99.93 99.94 98.99 99.52 98.76 99.41 98.84 99.46 99.40 99.72 95.65 97.07 616s
R = 10k 92.56 93.57 88.85 90.15 94.63 97.35 88.90 94.48 99.93 99.94 98.99 99.52 98.76 99.41 98.84 99.46 99.40 99.72 95.65 97.07 766s

Seed = 42

R = 1k 90.51 92.06 86.09 88.04 93.39 96.80 86.36 93.32 99.93 99.94 98.61 99.36 98.18 99.17 98.58 99.35 99.15 99.62 94.53 96.40 705s
R = 3k 90.56 92.08 86.14 88.06 93.40 96.80 86.38 93.32 99.93 99.94 98.61 99.36 98.18 99.17 98.58 99.35 99.15 99.62 94.55 96.41 734s
R = 5k 90.55 92.07 86.13 88.05 93.39 96.80 86.38 93.32 99.93 99.94 98.61 99.36 98.18 99.17 98.58 99.35 99.15 99.62 94.55 96.41 744s
R = 7k 90.58 92.09 86.17 88.07 93.41 96.81 86.39 93.33 99.93 99.94 98.61 99.36 98.18 99.17 98.59 99.35 99.16 99.62 94.56 96.41 775s
R = 10k 90.55 92.08 86.14 88.05 93.40 96.80 86.37 93.32 99.93 99.94 98.61 99.36 98.18 99.17 98.58 99.35 99.15 99.62 94.55 96.41 784s

Seed = 123

R = 1k 90.64 92.15 86.31 88.19 93.53 96.86 86.83 93.51 99.94 99.94 98.66 99.38 98.26 99.20 98.53 99.32 99.17 99.62 94.65 96.46 804s
R = 3k 90.71 92.18 86.39 88.23 93.56 96.86 86.88 93.53 99.94 99.94 98.67 99.38 98.26 99.20 98.53 99.33 99.18 99.62 94.68 96.47 765s
R = 5k 90.70 92.18 86.38 88.22 93.54 96.86 86.86 93.53 99.94 99.94 98.67 99.38 98.26 99.20 98.53 99.33 99.18 99.62 94.67 96.47 820s
R = 7k 90.72 92.18 86.41 88.23 93.56 96.86 86.88 93.53 99.94 99.94 98.67 99.38 98.26 99.20 98.53 99.33 99.18 99.62 94.68 96.48 825s
R = 10k 90.70 92.18 86.38 88.21 93.55 96.86 86.86 93.53 99.94 99.94 98.67 99.38 98.26 99.20 98.53 99.33 99.18 99.62 94.67 96.47 828s

Seed = 456

R = 1k 90.86 92.23 86.72 88.37 93.79 96.97 87.11 93.62 99.94 99.94 98.71 99.40 98.34 99.23 98.59 99.35 99.21 99.63 94.81 96.53 809s
R = 3k 90.88 92.24 86.73 88.38 93.80 96.97 87.11 93.62 99.94 99.94 98.71 99.40 98.34 99.23 98.59 99.35 99.21 99.64 94.81 96.53 845s
R = 5k 90.89 92.25 86.74 88.38 93.80 96.97 87.11 93.63 99.94 99.94 98.71 99.40 98.34 99.23 98.59 99.35 99.21 99.64 94.82 96.53 846s
R = 7k 90.88 92.24 86.73 88.37 93.80 96.97 87.11 93.62 99.94 99.94 98.71 99.40 98.34 99.23 98.59 99.35 99.21 99.64 94.81 96.53 824s
R = 10k 90.88 92.24 86.73 88.37 93.80 96.97 87.11 93.62 99.94 99.94 98.71 99.40 98.34 99.23 98.59 99.35 99.21 99.64 94.81 96.53 995s

Seed = 789

R = 1k 91.80 92.92 87.99 89.40 94.08 97.11 88.14 94.11 99.93 99.93 98.86 99.46 98.64 99.36 98.77 99.43 99.33 99.68 95.28 96.82 827s
R = 3k 91.63 92.81 87.75 89.24 93.95 97.06 87.91 94.02 99.93 99.93 98.83 99.44 98.61 99.34 98.75 99.42 99.32 99.68 95.18 96.77 878s
R = 5k 91.63 92.82 87.76 89.25 93.96 97.07 87.91 94.02 99.93 99.93 98.83 99.44 98.61 99.34 98.75 99.42 99.32 99.68 95.18 96.77 775s
R = 7k 91.60 92.79 87.71 89.21 93.93 97.05 87.87 94.00 99.93 99.93 98.82 99.44 98.60 99.34 98.75 99.42 99.31 99.68 95.17 96.76 833s
R = 10k 91.60 92.79 87.71 89.21 93.93 97.05 87.86 94.00 99.93 99.93 98.82 99.44 98.60 99.34 98.75 99.42 99.31 99.68 95.17 96.76 925s
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Figure 6. Qualitative visualization on ADM. We compare real images and category-matched generated images, visualizing the responses
of a global pooling baseline versus MDMF. Warmer colors indicate higher predicted likelihood of being fake.
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Figure 7. Additional qualitative visualization on ADMG. We compare real images and category-matched generated images, visualizing
the responses of a global pooling baseline versus MDMF. Warmer colors indicate higher predicted likelihood of being fake.
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Figure 8. Additional qualitative visualization on LDM. We compare real images and category-matched generated images, visualizing
the responses of a global pooling baseline versus MDMF. Warmer colors indicate higher predicted likelihood of being fake.
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Figure 9. Additional qualitative visualization on DiT-XL-2. We compare real images and category-matched generated images,
visualizing the responses of a global pooling baseline versus MDMF. Warmer colors indicate higher predicted likelihood of being fake.
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