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Abstract. Latent diffusion models (LDMs) have emerged as a lead-
ing paradigm for image generation by performing denoising in a com-
pressed latent space, which provides high fidelity and efficiency but also
intensifies forensic and security concerns. While most existing detection
approaches rely on supervised learning, training-free detectors are ap-
pealing for their simplicity and ease of deployment. However, their per-
formance remains limited and degrades markedly on novel generators.
Our analysis reveals a more pronounced context dependence in LDM-
generated images compared to real ones. Motivated by this, we intro-
duce GLARE, a novel training-free method designed to exploit this de-
pendence as a detection signal. Specifically, GLARE measures the rela-
tive difference between full-image and patch-wise reconstruction errors
within a shared autoencoder. Dividing the image into patches implicitly
removes global context, thereby inducing a characteristic shift in recon-
struction error that serves as a discriminative feature. Furthermore, a
lightweight semantic complexity calibration is incorporated to compen-
sate for content-induced variation. Extensive experiments across a wide
range of generators demonstrate the effectiveness and remarkable gener-
alization capability of GLARE. Our method outperforms state-of-the-art
supervised and training-free baselines significantly and shows strong ro-
bustness against common post-processing operations.

Keywords: AI-generated image detection · latent diffusion models ·
training-free detection

1 Introduction

Image generation has advanced rapidly, spanning generative adversarial net-
works [22], variational autoencoders [30], normalizing flows [29], and autoregres-
sive models [52]. Recently, diffusion models have achieved extraordinary progress
in image synthesis, yielding increasingly photorealistic results [20, 26]. Building
⋆ Corresponding author.
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on this progress, latent diffusion models (LDMs) further improve throughput
and visual quality by operating in a compressed latent space [47, 51], enabling
high-quality synthesis at scale. While these advances unlock compelling appli-
cations, they also amplify risks of misuse, underscoring the urgency for reliable
and generalizable detectors of AI-generated images [37]. Prior training-based de-
tectors [10,12,17,23,32,44,57] have achieved promising in-distribution accuracy,
yet they rely on curated data and supervised training, incurring nontrivial re-
training costs as generators evolve and often degrading under distribution shifts
induced by novel architectures or unseen scenarios. Training-free alternatives are
therefore appealing for their simplicity and immediate deployability.

Previous training-free approaches can be broadly grouped into two categories:
1) Reconstruction-based methods [18, 46] measure how well a pretrained model
can reconstruct or encode the input: AEROBLADE [46] leverages autoencoder
reconstruction error, while ZED [18] uses a learned lossless codec to estimate
coding cost as a proxy for reconstruction fidelity. Both rely on a single-path
absolute score whose magnitude is heavily influenced by image content, yielding
fragile discriminative boundaries across domains; 2) Perturbation-based meth-
ods probe how a pretrained model’s response changes under controlled input
transformations, e.g ., noise injection [25] or data augmentation consistency [60].
They go beyond a single absolute score by comparing responses under differ-
ent conditions, yet their performance is sensitive to the choice of perturbation
type and strength, which often requires dataset-specific tuning and degrades
on unseen domains. Moreover, perturbation-based methods do not exploit the
structural consequence of the iterative denoising process that distinguishes LDM
outputs; instead, they rely on the assumption that pretrained vision models (e.g .,
DINOv2 [38]) trained on large-scale real data are inherently robust to perturba-
tions of real images.

We approach the problem from a different angle. Rather than measuring how
an image responds to a single signal or external perturbations, we start from
the LDM generation process itself and focus on the intrinsic structural traces
that iterative denoising imprints on the generated image. The key observation
is that denoising steps in the LDM latent space propagate conditioning signals
across all spatial locations via cross-attention and multi-step refinement [20,47],
binding local patterns to scene-level context far more tightly than in natural im-
ages whose dependencies are predominantly local [55]. We refer to this strength-
ened spatial correlation as context dependence. We instantiate this idea in
GLARE (Global–Local difference of Autoencoder Reconstruction Errors), a
training-free detector that reconstructs every test image twice through a single
pretrained LDM autoencoder—once as a whole and once after partitioning it
into independent patches that sever long-range dependencies—and uses the log-
ratio of the two reconstruction errors as its detection score. Because this relative
change cancels content-dependent baselines shared by both reconstruction paths,
it is inherently more robust than any single-path absolute score. A lightweight
Semantic Complexity Calibration Module (SCCM) further normalizes the score
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Fig. 1: Overall framework of GLARE. Given an input image, we create a patchi-
fied variant and pass both through the same pretrained LDM autoencoder, bypassing
diffusion denoising to obtain full-image and patch-based reconstructions. The detection
score is computed as the logarithmic difference between their reconstruction errors, fur-
ther calibrated by a semantic complexity term from the SCCM module.

against content complexity. The entire pipeline (Fig. 1) requires no training data
and generalizes across LDM generative pipelines.

In summary, our contributions are:

– We reveal that iterative denoising in LDMs induces elevated inter-patch con-
text dependence, and identify its observable proxy, termed context sensitivity
(the change in AE reconstruction error upon removal of global context), as
a new detection cue.

– We propose GLARE, a simple yet effective training-free detector that opera-
tionalizes context sensitivity through dual-path reconstruction and logarith-
mic error differencing, complemented by semantic complexity calibration to
suppress content-induced bias.

– Extensive experiments on three benchmarks spanning over 20 generators
show that GLARE significantly outperforms all existing training-free meth-
ods and most supervised baselines, while maintaining strong robustness un-
der common post-processing perturbations.

2 Preliminaries

2.1 LDM Image Generation

Latent diffusion models (LDMs) [47] perform generation in a compressed latent
space Z defined by a pretrained autoencoder (AE) (E ,D). Given an image x,
the encoder produces z0 = E(x) and the decoder reconstructs x̂ = D(z0). AE
training minimizes a reconstruction-regularization objective:

min
E,D

E
[
ℓ
(
x,D(E(x))

)]
+ β DKL

(
q(z | x) ∥ p(z)

)
, (1)
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where ℓ is a perceptual or pixel-level loss and the KL term regularizes the la-
tent distribution toward a standard Gaussian prior p(z). Due to the informa-
tion bottleneck imposed by the KL regularization, the encoder preferentially
retains globally coherent, low-frequency structure while discarding fine-grained
details [39], a property we term semantic compression.

On top of this latent space, LDMs learn a reverse denoising process. Using
the standard ϵ-prediction parameterization, a single sampling step reads

zt−1 =
1

√
αt

(
zt −

1− αt√
1− ᾱt

ϵθ(zt, t, c)

)
+ σtη, (2)

where ᾱt =
∏t

s=1 αs, σt is the noise scale, η ∼ N (0, I), and c denotes the condi-
tioning signal (e.g ., text). Critically, the denoiser ϵθ operates on the full spatial
extent of zt: cross-attention layers, global feature pooling, and the iterative multi-
step refinement jointly propagate conditioning semantics across distant spatial
locations, establishing long-range dependencies in the generated latent [20,47].

2.2 Generated Image Detection

Training-based methods learn discriminative features from paired real/fake
datasets. Representative approaches include NPR [50], which captures upsam-
pling traces via neighboring pixel relationships; FatFormer [34], which adapts
a frozen CLIP backbone with forgery-aware adapters; AIDE [57], which fuses
semantic and low-level patch features; and ForgeLens [13], which steers a pre-
trained backbone toward forgery-relevant cues with lightweight trainable com-
ponents. More recently, TranX-Adapter [56] bridges low-level artifacts and high-
level semantics within multimodal large language models for more robust de-
tection. A growing line of work utilizes AE reconstruction as a feature source:
FIRE [16] decomposes reconstruction errors in the frequency domain to isolate
bands characteristic of LDM outputs, while LaRE2 [36] and LATTE [53] refine
latent-space reconstruction trajectories with learned modules. Despite strong in-
distribution results, these methods depend on curated training data and leverage
only a single reconstruction error to guide feature extraction.

Training-free methods sidestep data dependence by directly leveraging
pretrained generative or perceptual models. AEROBLADE [46] thresholds AE
reconstruction error, while ZED [18] employs a learned lossless image codec
to estimate per-image coding cost. Both rely on a single-path absolute score
that is sensitive to content complexity and varies across domains. A family
of perturbation-based methods instead probes DINOv2 [38] feature invariance:
RIGID [25] under Gaussian noise, WaRPAD [14] under wavelet high-frequency
perturbations with patch-wise aggregation, and ConV [60] via augmentation con-
sistency grounded in a manifold orthogonality principle. Manifold Bias [7] ana-
lyzes geometric properties of the diffusion score-function manifold. GLARE de-
parts from these paradigms by measuring the differential reconstruction change
under context removal, directly targeting the context dependence imposed by
the LDM generation process.
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3 Method

3.1 Motivation

Recall from Sec. 2.1 that iterative denoising propagates conditioning semantics
across all spatial locations. We now examine why this property creates an ex-
ploitable forensic signal.
Context dependence. We partition an image x into K non-overlapping patches
{x1, . . . , xK} and define the context of patch xi as its complement x¬i :=
{xj}j ̸=i. We quantify the context dependence of a patch by the mutual informa-
tion

Ci := I(xi; x¬i), C̄ :=
1

K

K∑
i=1

Ci. (3)

A larger Ci indicates that the content of patch xi is more predictable from the
rest of the image, reflecting stronger cross-patch correlation.
Spatial correlation in LDM outputs. As shown in Eq. (2), each denoising
step applies ϵθ to the full spatial extent of zt, where cross-attention and global
feature pooling introduce non-local interactions among all spatial positions. Over
T iterative steps, these interactions accumulate: correlations between distant
patches in zt propagate and strengthen through the repeated linear-plus-noise
updates, so the final generated latent z0 carries strong cross-patch dependen-
cies. Natural images approximately follow the Markov Random Field (MRF)
assumption [33, 55], where a pixel’s distribution depends primarily on its local
neighborhood, yielding moderate C̄. By contrast, LDM-generated images exhibit
a systematically higher C̄ than natural images.
Reconstruction error as a proxy for context dependence. The elevated
C̄ of generated images is not directly observable, but the semantic compression
property of the AE (Sec. 2.1) provides an indirect probe: because the bottleneck
discards fine-grained details and preserves only globally coherent structure, re-
construction quality becomes sensitive to how much spatial context is available
to the encoder. By progressively removing context and monitoring how the AE
reconstruction error responds, we can expose this dependence. For an AE with
fixed bottleneck capacity, rate–distortion theory [5,39] shows that the minimum
achievable distortion on a region xi is a monotonically increasing function of the
conditional entropy H(xi | xctx) given the available context (a formal proof is
provided in the Supplementary Material):

D(xi | xctx) = g
(
H(xi | xctx)

)
, g′> 0. (4)

When the full image is provided (xctx = x¬i), the encoder exploits cross-region
redundancy, and H(xi | x¬i) is low for high Ci patches. As context is progres-
sively masked, xctx shrinks, and the conditional entropy increases toward the
marginal H(xi):

H(xi | x¬i) ≤ H(xi | xctx) ≤ H(xi). (5)
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Fig. 2: Progressive border masking analysis. (a) Mean VAE reconstruction error
on the central patch. (b) Ratio of current reconstruction error to the original full-image
(Mask Size = 0) reconstruction error. As the masked area grows, generated samples
drop markedly faster than real images, reflecting their stronger dependence on global
context.

Because g is monotonically increasing, the spread between the two extremes
of the entropy chain—g(H(xi)) versus g(H(xi | x¬i))—is controlled by Ci =
H(xi)−H(xi | x¬i): for images with high C̄ (generated), the spread is substan-
tial; for images with low C̄ (real), it is negligible.
Empirical verification. To verify this prediction, we sample 500 real images
and, for each of several LDM generators, 500 synthetic images at 512×512 reso-
lution. We progressively mask the image periphery and compute the AE recon-
struction error on the central 64×64 patch. As shown in Fig. 2, when we plot the
ratio of each error to the full-image baseline (Mask Size= 0), all curves decline
from 1.0, but generated images drop markedly faster than real ones as context is
removed—consistent with the C̄-based analysis above. This divergence is consis-
tent across diverse generators, confirming that the sensitivity of reconstruction
error to context removal is a robust, generator-agnostic detection cue.

3.2 GLARE

Building on this observation, we introduce GLARE, a training-free framework
that operationalizes context sensitivity as a detection signal. The analysis above
shows that the separation between generated and real images is governed by
the spread between the two endpoints of the entropy chain (Eq. (5)): full con-
text (xctx = x¬i) and complete isolation (xctx = ∅). Comparing these two ex-
tremes maximizes the discriminative gap. GLARE therefore contrasts them via
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a dual-path reconstruction scheme and applies a lightweight calibration module
to suppress content-induced bias. The overall pipeline is illustrated in Fig. 1.
Full-context path. Given a pretrained AE (E ,D) from LDM and a test image
x, we encode and decode the entire image (global reconstruction):

x̂f = D(E(x)), ef (x) = e(x, x̂f ) , (6)

where e(·, ·) is a perceptual distance. The encoder observes all spatial context;
by Eq. (4), the per-patch distortion is g(H(xi | x¬i)), corresponding to the lower
bound of the distortion range.
Context-free path. To realize the opposite extreme, we partition x into K
non-overlapping p× p patches {Ωk}Kk=1 and reconstruct each patch in complete
isolation (local reconstruction). Each cropped patch x |Ωk

is resized to the AE’s
native resolution, independently encoded and decoded, then resized back and
reassembled at its grid-aligned location:

x̂(k)
p = D

(
E(x |Ωk

)
)
, k = 1, . . . ,K,

x̂s |Ωk
= x̂(k)

p , k = 1, . . . ,K,
(7)

yielding the stitched reconstruction x̂s and the context-free reconstruction error:

ep(x) = e(x, x̂s) . (8)

Here every patch is encoded without any surrounding information, so the per-
patch distortion is g(H(xi)), the upper bound of the distortion range in Eq. (5).
Context Sensitivity Scoring. As established in Sec. 3.1, the gap between the
two extremes of the entropy chain is governed by the context dependence Ci.
The dual-path design captures this gap through the log-ratio of reconstruction
errors:

∆(x) = log ef (x) − log ep(x). (9)

We term ∆(x) the context sensitivity score. By Eq. (4), the reconstruction
errors of the two paths are governed by different entropy quantities:

∆(x) ≈ log

∑
i g
(
H(xi | x¬i)

)∑
i g
(
H(xi)

) , (10)

where g is the same monotonically increasing distortion–entropy mapping in-
troduced in Eq. (4) (both paths share the same pretrained decoder). In the
Supplementary Material we derive a closed-form expression under the Gaussian–
quadratic model, showing that ∆(x) ≈ − 2

n C̄, i.e., a linear function of average
context dependence under those assumptions. In the general (non-Gaussian)
case, the monotonicity of g still guarantees that higher C̄ yields lower conditional
entropies in the numerator while the marginal entropies in the denominator re-
main unchanged, so ∆(x) is systematically smaller for generated images (high
C̄) than for real ones (low C̄).
Semantic Complexity Calibration Module. Reconstruction error correlates
with image complexity [15, 46]. To alleviate this bias, we calibrate using the
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inverse of an edge-density proxy, so that more complex images receive stronger
normalization. Formally, we define

ρedge(x) =
1

HWC

C∑
c=1

H∑
i=1

W∑
j=1

∥∥∇Fc(x)[i, j]
∥∥
2
, (11)

where F(x)∈RH×W×C are shallow features taken from the same feature space
used by the error e(·, ·) and ∇ is the Sobel operator. We set the calibration
factor:

Φ(x) =
1

ρedge(x) + ϵ
, (12)

with a small ϵ > 0 for numerical stability. The final detection score becomes

S(x) = ∆(x) + logΦ(x) (13)

In summary, ∆(x) captures how sensitively the reconstruction error responds to
context removal, and the logΦ(x) term controls for image complexity. A higher
final score S(x) indicates a higher likelihood that the image is real. Ablation
studies validating the contribution of each component are presented in Sec. 4.3.

4 Experiment

4.1 Setup

Test datasets. To evaluate the performance of our method, we conduct ex-
periments on three diverse test sets comprising both real and LDM-generated
images, covering more than 20 generative models:

– LDMFakeDetect [43] is composed of synthetic images generated by a di-
verse set of state-of-the-art generative models alongside real images. The gen-
erative models included are SD [8,21,47], Midjourney [2], Kandinsky 2 [45],
Playground v2.5 [31], PixArt-α [11], LCM [35], Flux [1], Würstchen [41] and
aMUSEd [40]. The real images are sourced from Redcaps [19], WikiArt [3],
and LAION-Aesthetics [48].

– FakeInversion [9] introduces a refined LDM detection dataset to counter-
act evaluation biases in synthetic image assessment by ensuring synthetic
images align closely with real images in both semantic content and visual
style. The benchmark incorporates fake images generated by a diverse set of
leading LDM variants, including DALLE-3 [6], Kandinsky 2 [45], Kandin-
sky 3 [4], Midjourney [2], SDXL [42], Segmind-Vega [24], PixArt-α [11],
Playground v2.5 [31], SDXL-DPO [54], SegMoE [58], SSD-1B [24], Stable-
Cascade [41], and Würstchen2 [41].

– Chameleon [57] presents a more challenging benchmark generated by di-
verse commercial and open-source models, including Midjourney [2], DALLE-
3 [6], and Stable Diffusion [47] with various LoRA adaptations [27]. Its AI-
generated images are sourced “in the wild” from real-world AI art commu-
nities and validated via human perceptual studies to ensure photorealistic
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Table 1: Detection performance on the LDMFakeDetect dataset. We report
AUROC and AP (%) for each generator, where bold and underline denote the best and
second-best methods, respectively. AERO and Manifold abbreviate AEROBLADE [46]
and Manifold Bias [7].

Training-Based Methods Training-Free Methods
Metric Generator

NPR FatFormer AIDE FIRE ForgeLens AERO RIGID ZED Manifold WaRPAD ConV Ours

SD 84.50 70.88 92.86 85.24 99.94 98.14 61.37 65.73 69.59 77.02 67.86 99.23
Midjourney 78.43 82.73 81.14 84.84 91.19 99.67 73.66 70.09 52.11 75.51 84.78 99.96
Kandinsky 82.70 69.10 98.21 84.85 79.63 84.33 72.50 66.06 76.88 76.46 87.35 92.76
Playground 47.44 75.49 97.72 84.50 91.87 83.36 46.10 85.61 77.24 73.46 93.77 99.20
PixArt-α 65.61 81.67 97.18 82.68 73.52 97.29 56.40 83.61 74.75 66.73 90.05 99.89
LCM 58.90 71.26 82.10 85.88 87.21 99.53 55.04 90.30 76.27 65.90 73.53 100.00
Flux 82.84 47.57 94.61 86.04 81.74 77.26 59.59 63.90 74.10 57.17 29.06 96.87
Würstchen 86.48 91.26 97.77 83.31 100.00 90.80 66.25 65.55 86.24 92.95 96.08 96.63
aMUSEd 68.13 98.64 97.81 86.29 99.92 93.50 91.08 84.50 89.15 96.13 96.35 98.61

A
U

R
O

C

Mean 72.78 76.51 93.27 84.85 89.45 91.54 64.66 75.04 75.15 75.70 79.87 98.13
SD 86.82 68.09 93.62 78.68 99.95 96.98 59.62 72.14 68.48 76.52 66.48 99.22
Midjourney 79.85 80.50 84.62 77.64 91.26 99.18 77.46 70.52 54.23 74.81 84.16 99.97
Kandinsky 83.24 64.29 98.24 77.89 79.82 82.71 71.61 69.46 74.66 75.61 86.93 92.69
Playground 52.66 70.45 96.86 76.32 91.91 77.53 48.76 86.16 73.31 69.02 94.19 98.70
PixArt-α 60.33 78.19 97.01 74.32 73.97 95.05 59.89 83.54 77.02 61.46 90.71 99.89
LCM 60.45 71.46 79.00 79.61 87.42 98.55 50.66 92.43 72.36 57.40 71.74 100.00
Flux 85.29 44.73 94.56 80.52 81.72 77.87 59.65 67.41 70.53 55.41 37.68 96.35
Würstchen 88.30 90.28 97.60 76.19 100.00 88.55 67.22 69.86 84.33 91.36 96.35 96.19
aMUSEd 68.30 98.61 97.30 80.33 99.92 89.27 91.76 87.51 88.55 95.05 96.34 97.82

A
P

Mean 73.92 74.07 93.20 77.94 89.55 89.52 65.18 77.67 73.72 72.96 80.51 97.87

quality. These characteristics render Chameleon particularly demanding for
evaluating detection algorithms.

Baselines and Evaluation Metrics. We conduct a comprehensive compara-
tive analysis of GLARE against a diverse set of AI-generated image detection
methods, encompassing both training-based and training-free approaches. The
training-based methods include NPR [50], FatFormer [34], AIDE [57], FIRE [16],
and ForgeLens [13]. For training-free approaches, we compare against AER-
OBLADE [46], RIGID [25], ZED [18], Manifold Bias [7], WaRPAD [14], and
ConV [60]. Following [7, 25, 46], we employ three standard metrics to evaluate
detector performance: Area Under the Receiver Operating Characteristic curve
(AUROC), Average Precision (AP), and Accuracy (ACC). Due to space con-
straints, detailed implementation specifications for these baselines and the ACC
results are provided in the Supplementary Material.
Implementation Details. For patch-based reconstruction, each image is par-
titioned into square patches with size p = 128 pixels. When the image height or
width is insufficient, zero-padding is applied prior to reconstruction, and the out-
puts are subsequently cropped back to the original spatial extent. Reconstruction
is performed using the Stable Diffusion 2.0 base model (SD2-base) [47], which
employs a variational autoencoder (VAE) [28] with Kullback–Leibler regulariza-
tion. As the error computation function e(·, ·), we adopt the standard LPIPS
metric [59] following [46], using the variant based on second-layer features of the
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Table 2: Detection performance across 13 generators on FakeInversion. We
report AUROC and AP (%).

Training-Based Methods Training-Free Methods
Metric Generator

NPR FatFormer AIDE FIRE ForgeLens AERO RIGID ZED Manifold WaRPAD ConV Ours

DALLE-3 48.97 46.49 76.36 43.12 51.23 50.18 40.61 50.60 40.35 49.53 63.47 77.31
Kandinsky2 88.37 58.46 90.93 72.86 99.78 72.03 52.66 66.61 45.37 71.22 75.12 89.15
Kandinsky3 92.34 69.56 87.67 71.00 97.00 66.14 63.73 85.77 44.04 53.54 84.25 94.04
Midjourney 59.36 41.52 57.43 16.79 48.94 88.07 51.81 65.02 47.72 67.52 46.48 85.34
SDXL 94.65 69.04 88.74 74.23 91.41 63.00 62.27 75.22 41.77 70.75 76.20 91.60
Vega 92.83 72.16 91.64 71.34 89.84 60.18 55.62 65.23 42.53 75.76 79.43 93.92
PixArt-1024 84.82 76.18 83.80 71.22 85.36 84.10 63.19 75.42 42.93 75.59 85.00 98.40
Playground-25 76.61 76.44 90.58 72.54 80.44 76.60 56.38 73.73 40.23 82.99 86.84 93.62
SDXL-DPO 92.90 76.22 77.53 71.54 92.93 70.02 63.94 70.19 43.06 80.56 86.29 97.28
SegMoE 89.45 65.38 81.83 72.04 93.18 66.23 54.84 68.45 41.11 74.60 82.10 97.72
SSD-1B 79.58 74.24 87.63 71.49 82.63 65.77 59.22 70.67 38.89 76.18 83.29 92.78
Stable-Cascade 97.51 74.89 95.27 67.26 99.88 75.70 70.44 79.85 41.51 80.05 87.03 97.42
Würstchen2 93.98 85.87 96.20 72.18 99.86 71.73 58.83 66.34 48.57 90.99 92.31 88.34

A
U

R
O

C

Mean 83.95 68.19 85.05 65.20 85.58 69.98 57.96 70.24 42.93 73.02 79.06 92.07
DALLE-3 49.62 46.20 76.06 46.16 52.14 47.44 44.94 54.16 42.46 49.04 64.19 69.75
Kandinsky2 87.80 54.70 91.42 63.82 99.75 65.23 53.27 68.66 46.62 65.87 77.44 82.49
Kandinsky3 92.83 64.75 87.19 61.42 96.87 58.60 64.94 86.08 45.46 50.77 85.70 89.05
Midjourney 53.12 42.60 55.90 33.57 50.72 78.82 54.70 69.88 64.88 62.76 48.38 79.36
SDXL 94.89 63.32 87.98 65.61 90.82 56.07 64.25 77.24 44.87 70.22 77.42 88.16
Vega 93.75 71.00 90.40 61.69 89.82 52.38 56.72 69.16 44.81 72.58 80.95 89.63
PixArt-1024 83.45 72.83 85.40 62.27 85.11 76.83 63.51 76.00 44.74 71.75 86.23 98.00
Playground-25 80.06 73.29 90.57 62.82 80.13 68.06 56.71 77.01 42.85 80.95 88.12 89.61
SDXL-DPO 93.13 73.02 79.65 62.86 92.74 60.86 65.35 69.52 45.28 78.74 87.71 96.48
SegMoE 90.73 63.44 80.46 62.68 93.00 56.94 57.66 74.55 43.51 69.75 84.16 96.22
SSD-1B 82.84 70.83 85.44 61.82 82.51 56.50 60.52 74.30 42.64 72.44 84.69 88.21
Stable-Cascade 97.19 72.07 95.61 58.76 99.85 66.65 71.42 81.78 43.53 76.55 88.35 95.59
Würstchen2 94.25 85.73 96.06 63.69 99.83 62.71 59.02 67.42 48.40 89.15 93.63 82.90

A
P

Mean 84.13 65.68 84.78 59.01 85.64 62.08 59.46 72.75 46.16 70.04 80.54 88.11

VGG network [49]. For consistency, the shallow feature maps used to compute
the edge-density proxy are also taken from the same VGG second layer.

4.2 Main Results

Performance on LDMFakeDetect Dataset. Table 1 reports AUROC and
AP for a range of training-based and training-free methods evaluated across
nine generators on LDMFakeDetect [43]. Overall, our method attains the highest
mean AUROC of 98.13% and AP of 97.87%, surpassing prior training-free ap-
proaches and exceeding the latest supervised methods. On average, our method
outperforms the second-best training-free method, AEROBLADE, by 6.59% in
AUROC score. While AEROBLADE performs competitively where the gener-
ative model matches the inspected autoencoder, it fails to generalize to more
recent models such as Flux [1]. Notably, for the autoregressive latent space gen-
erator aMUSEd [40], our performance is comparable to that of ForgeLens [13],
suggesting that the context-sensitivity signal extends beyond diffusion-based
samplers to other latent-space generation paradigms.
Performance on FakeInversion Dataset. Table 2 summarizes AUROC and
AP across the FakeInversion subsets, where synthetic images are tightly aligned
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Table 3: Detection performance on the Chameleon dataset. We report AUROC
and AP (%).

Training-Based Methods Training-Free Methods
Metric

NPR FatFormer AIDE FIRE ForgeLens AERO RIGID ZED Manifold WaRPAD ConV Ours

AUROC 58.36 58.60 71.62 51.12 52.14 67.78 55.39 53.10 16.55 54.69 46.15 82.62
AP 52.94 57.79 66.02 42.80 52.19 52.10 66.03 55.50 28.61 55.16 51.51 76.97

with real images in both semantic content and visual style. Our method attains
the highest mean AUROC of 92.07% and AP of 88.11%, on average surpassing
the best training-based method by 6.49% and the best training-free baseline by
13.01% in AUROC. Beyond the aggregate gains, the per-generator results indi-
cate strong cross-model generalization: we secure clear wins on several recent,
challenging generators, while remaining competitive on Kandinsky3 and Stable-
Cascade. These trends suggest that the proposed LDM context-sensitivity cue
transfers well across diverse generator architectures and training recipes. Al-
though ForgeLens achieves the top AUROC on a subset of generators (e.g .,
Kandinsky2/3, Stable-Cascade, Würstchen2), likely reflecting its emphasis on
generator-specific artifacts, its performance varies more across models, whereas
GLARE delivers consistently strong results and the best overall mean without
supervised training.
Performance on Chameleon Benchmark. Unlike traditional curated labora-
tory datasets, Chameleon collects images “in the wild,” where content varies dras-
tically and images may have undergone unknown post-processing (e.g ., social-
media compression, rescaling). This setting is particularly challenging for de-
tectors that rely on fragile pixel-level artifacts. As reported in Tab. 3, GLARE
surpasses the state-of-the-art by +11.00% AUROC and +10.94% AP. We at-
tribute this margin to the fact that context dependence—the core cue exploited
by GLARE—originates from the iterative latent sampling process and is there-
fore largely preserved even after common post-processing, whereas the shallow,
low-level cues that other detectors depend on are more fragile. Beyond accuracy,
GLARE relies on a single lightweight VAE and never invokes a diffusion U-Net,
making it markedly more efficient and deployable than perturbation-based detec-
tors; a detailed runtime and memory analysis is provided in the Supplementary
Material.

4.3 Ablation Study

To verify the effectiveness of each component, we perform a systematic ablation
over module configurations and parameter settings, and report the resulting de-
tection performance. Additional results, including inference time, reconstruction
metric selection, failure case analysis, and analysis of non-LDM generators, are
provided in the Supplementary Material.
Component Ablation Study. We show the impact of each component in
GLARE in Tab. 4. Following the design in Sec. 3, we systematically evaluate
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Table 4: Component Ablation Study. ‘!’ and ‘%’ denote that the component is
used and not used, respectively.

Configuration ef (x) ep(x) Φ(x) AP AUROC

Global only (ef ) ! % % 89.52 91.54

Local only (ep) % ! % 70.38 70.11

∆(x) ! ! % 96.66 96.82

S(x) (Full GLARE) ! ! ! 97.87 98.13

different module configurations and observe their contributions to the final score
S(x). Using only full-image reconstruction or only patch-level reconstruction re-
sults in suboptimal performance, partly because absolute reconstruction errors
vary substantially with image content for both real and generated data; either
signal alone is therefore an unreliable discriminator. By comparison, the com-
bination of the two errors lifts AP/AUROC to 96.66%/96.82%. This improve-
ment arises from measuring the relative error change under context suppression.
Finally, incorporating the complexity calibration Φ(x) further raises AP/AU-
ROC to 97.87%/98.13%, highlighting that the calibration effectively mitigates
content-specific bias.
Choice of Patch Size. The selection of patch size is critical for detection:
overly large patches fail to sufficiently suppress global context, while overly small
patches may amplify boundary artifacts. As shown in Fig. 3 (a), we evaluate
p ∈ {32, 64, 128, 256}. Very small patches (e.g ., p=32) intensify stitching arti-
facts and influence patch-level reconstruction error ep for both real and gener-
ated images, thereby weakening separability, where the stitching artifacts can be
seen in Fig. 5 (c). Conversely, large patches (e.g ., p=256) preserve considerable
global information, reducing the contrast between ef and ep and diluting the
context-sensitivity signal. A moderate patch size (p=128) strikes the best bal-
ance between suppressing global context and maintaining reconstruction fidelity,
maximizing the discriminative power of GLARE.
Choice of Autoencoder. We compare four different autoencoder backbones for
reconstruction: SDv1-1 [47], SDv1-4 [47], Kandinsky 2.1 [45], and SDv2-base [47].
As reported in Fig. 3 (b), AUROC scores remain consistently high across dif-
ferent backbones. SDv2-base yields a small gain—likely attributable to stronger
semantic compression and reconstruction fidelity—yet the effect size is minor.
These results support that our detector primarily leverages a model-agnostic
signal rooted in the LDM generative process, rather than specific artifacts of a
particular AE.

4.4 Robustness to Unseen Perturbations

Real-world images frequently encounter various perturbations that challenge the
stability of synthetic content detection systems. To rigorously evaluate GLARE’s
robustness, following previous works [16,46], we conduct evaluations under four
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Fig. 3: Hyperparameters Ablation Studies. (a) Ablation on patch size p; (b) VAE
backbone used for image reconstruction.
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Fig. 4: Robustness analysis. AP (%) comparison under common perturbations: (a)
center crop, (b) JPEG compression, (c) Gaussian blur, and (d) Gaussian noise. Our
method consistently attains higher AP across perturbation levels, demonstrating strong
robustness to these transformations.

common perturbation scenarios: center cropping followed by resizing to the orig-
inal resolution, JPEG compression, Gaussian blur, and Gaussian noise.

As illustrated in Fig. 4, GLARE achieves superior performance over the base-
lines in every corruption consistently, and degrades more gracefully as severity in-
creases. When subjected to slight perturbations, previous training-free methods
such as AEROBLADE and RIGID exhibit marked deterioration in AP scores,
whereas our approach consistently maintains stronger resilience. These results
highlight the robustness of our approach. However, under extreme degradations,
our performance also declines noticeably as these perturbations suppress the
global context and high-frequency cues that GLARE relies on. Cropping physi-
cally reduces the effective context available to the encoder, thereby diminishing
the observable context sensitivity, while blur attenuates fine structures, weaken-
ing reconstruction contrast and SCCM calibration, thus reducing discriminabil-
ity.
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Real SD MidJourney WüerstchenPlaygroundFlux

Fig. 5: Visualization. Reconstruction error maps on real and LDM-generated im-
ages from LDMFakeDetect [43]. Real images exhibit a higher ef/ep ratio, while LDM-
generated images show a markedly lower ratio, reflecting their stronger context depen-
dence.

4.5 Visualization

To elucidate the core operating principle of our model, we visualize real and
generated images together with three corresponding reconstruction error maps.
As shown in Fig. 5, the patch-based reconstruction suppresses global context
and compels the AE to emphasize fine and localized structure. As illustrated
in the third row, the change in reconstruction error between the two paths dif-
fers systematically across the two classes: real images exhibit a higher ef/ep
ratio than LDM-generated images, in line with the weaker context dependence
of natural images. Notably, for pipelines equipped with stronger VAEs (e.g .,
Flux, Würstchen), the absolute full-image reconstruction error ef (x) can be large
for both real and synthetic images—potentially undermining detectors that rely
solely on full reconstruction. In these cases, ∆(x) remains discriminative because
it captures how reconstruction error changes when global context is removed,
providing more reliable separation than any single error map in isolation. Fur-
thermore, the introduction of Φ(x) partially compensates for bias induced by
texture complexity: it slightly amplifies the score for texturally simple images
(e.g ., the first and fourth columns) while attenuating it for texturally rich ones
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(e.g ., the third column). Additional visualizations are provided in the Supple-
mentary Material.

5 Conclusion

This paper establishes that images generated by Latent Diffusion Models (LDMs)
demonstrate stronger coupling between local patterns and global context com-
pared with real images. By contrasting full-image and patch-based reconstruc-
tions within a fixed autoencoder, GLARE captures generator-agnostic forensic
cues inherent to the LDM sampling process. Further, we introduce a semantic
complexity calibration to stabilize the final score. Extensive experiments across
diverse datasets and generators show superior performance and strong general-
ization, while maintaining robustness under various real-world perturbations.

Although GLARE effectively captures context dependence, partitioning im-
ages into patches may introduce boundary artifacts that affect patch-level recon-
struction errors. Additionally, our current focus on latent space pipelines means
that generators with substantially different synthesis mechanisms or heavy post-
processing can weaken the discriminative signal. Future work will investigate
suitable pretext tasks and incorporate complementary synthesis cues to broaden
coverage and improve the robustness of our framework.
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