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Abstract

In this supplementary material, we provide additional im-
plementation details to ensure the full reproducibility of
CLIDE. We also present extended explanations of the sta-
tistical tests used to assess the normality of whitened em-
beddings and the correlation between features. Further-
more, we include additional experiments and analyses that
provide deeper insights into the behavior and robustness
of our approach under different conditions. Specifically,
we analyze the impact of semantic content on likelihood
values, present additional examples of the flipping classi-
fication phenomenon, and conduct a comprehensive abla-
tion study to assess the effect of different hyperparameter
choices, likelihood settings and robustness to perturbations.
Next, we provide further details on the newly introduced
synthetic datasets of damaged car images and invoice im-
ages. In addition, we formalize the domain-specific zero-
shot generated-image detection task and its evaluation pro-
tocol, provide a head-to-head comparison between global
and conditional likelihood formulations, and include a case
study on medical images that illustrates applicability, con-
straints, and failure modes. The sections are structured as
follows:

Reproducibility.

Statistical tests.

Semantic influence on likelihood values.
Flipping examples.

Ablation study and perturbations robustness.
Synthetic datasets.

Efficiency analysis.

ZED additional criteria.

Domain-specific Zero-shot Generated image detection
- task definition.

Globa vs. Conditional likelihood comparison.
Medical images domain example.
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A. Reproducibility

To ensure full reproducibility, we provide a detailed algo-
rithm (Algorithm 1) along with all necessary implementa-
tion details (Results section in the paper). The supplemen-
tary material includes our source code, representative set
matrices and global whitening matrices, enabling direct val-
idation of our results. In addition, we provide a subset of our
synthetic datasets. Due to space limitations, only a portion
of the data is included in the supplementary material, while
the full dataset, along with our code and pre-computed ma-
trices, will be publicly released upon acceptance.

B. Statistical Tests

Evaluating whether the whitened embeddings follow a nor-
mal distribution is performed using the widely used nor-
mality tests, Anderson-Darling test [1] and D’Agostino-
Pearson test [12]. These tests assess deviations from nor-
mality by examining the distributional characteristics of the
data. Additionally, we provide details on our correlation
measurement metric, the off-diagonal maximal value, along
with results for all statistical tests.

B.1. Anderson-Darling Test

The Anderson-Darling (AD) test is a modification of the
Kolmogorov-Smirnov test [37] that places more emphasis
on the tails of the distribution. It measures the goodness-of-
fit of a dataset X = {z1, z2,...,z,} to a given cumulative
distribution function (CDF), typically the normal distribu-
tion. The test statistic is computed as:
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where: - F'(z) is the cumulative distribution function
(CDF) of the normal distribution, - x; are the ordered sam-
ple values, - n is the sample size.
A higher A? value indicates greater deviation from nor-
mality. The critical value for rejecting normality is above




0.752. An illustration of the different empirical CDFs of
different data distributions is given in Fig. 1.

Algorithm 1 Zero-Shot Generated Image Detection Using
Conditional CLIP Likelihood
Require: Inputs:
* [ - input image
e X - set of real image embeddings
* k - number of samples used for whitening
e m - number of dimensions used for whitening
* th - threshold value for binary classification.
Outputs:
£(x | X, k,m) - conditional likelihood score.
¢ (' - Output class - Real (’0’) or Generated ('1°).
1: Step 1: Embed the input image using CLIP:

I — .

2: Step 2: Compute similarity between embedding x €
R% and set of embeddings X <V

Xat

3: Step 3: Select the £ closest embeddings from X, based
on highest cosine similarity - Xj.
4. Step 4: Perform PCA on the covariance matrix of Xj:

Ty, = VAV

5: Step 5: Select the m highest eigenvalues and their cor-
responding eigenvectors - A, Vi,

6: Step 6: Compute the mean embedding u(X}) and
whitening matrix W (X, m) :

W (X, m) = An2 V.

7: Step 7: Compute the conditional likelihood score ¢(z |
X, k,m):

1
| X, kym) = =5 (mlog(2m) + [|W (z — ) %),
where = p(Xy) and W = W (X, m).

8: Step 8: Compare the likelihood score to a threshold
value th:

1
O {rea ,
generated,

9: Step 9: Output a binary decision: real or generated.

ifl(x| X, k,m) > th
otherwise

B.2. D’Agostino-Pearson Test

The D’ Agostino-Pearson test combines measures of skew-
ness and kurtosis to evaluate normality. Given a dataset
X ={x1,29,...,2,}, it computes: Skewness (g1), which
measures asymmetry in the distribution, and Kurtosis (g2),
which quantifies the distribution’s peak relative to the nor-
mal distribution. The test is based on the transformation of
skewness and kurtosis into z-scores to form the test statistic:

K?*=27?+ 272, (2)

where: - Z; is the standardized skewness statistic, - Z5
is the standardized kurtosis statistic. Under the null hypoth-
esis of normality, K2 follows a chi-square distribution with
two degrees of freedom. The p-value is then defined as:

p=1-Fa(K?), A3)

where: F,2 denotes the cumulative distribution function
(CDF) of the chi- square distribution with 2 degrees of free-
dom.

Skewness and kurtosis are computed as:
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where: z; is a data sample and p is the data mean, de-
fined as: pu = %Z?:l x;. n is the total number of sam-
ples. A skewness value g; > 0 indicates right-skewed data,
while g; < 0 implies left-skewed data. Similarly, a kur-
tosis value go > 0 suggests heavy tails, whereas go < 0
indicates light tails. As both g; and g9 approach zero, the p-
value increases, indicating normality. A p-value above 0.05
is typically used as the threshold for normality. An illustra-
tion of data with different skewness and kurtosis is available
in Fig. 2.

B.3. Correlation Metric

The off-diagonal maximal value (ODM) serves as a quan-
titative measure of correlation within data samples. It is
computed from the covariance matrix 3 of the data X. The
ODM is defined as:

ODM = max |E7;’j |7 (6)
i#]

where: - ¥ € R%*? is the empirical covariance matrix
of X, - ¥, ; is the covariance between feature ¢ and feature
- The maximum is taken over all off-diagonal elements

(i # 7).



A low ODM value indicates that off-diagonal elements
in 3 are small, suggesting low correlation between differ-
ent features. Since the covariance matrix’s diagonal ele-
ments represent feature variances, a nearly diagonal 32 im-
plies that the dataset consists of uncorrelated or weakly cor-
related features. This metric is particularly useful in whiten-
ing transformations, where non-correlated features are de-
sirable.

B.4. Test results

An ablation study is conducted on all three statistical tests,
examining the effect of varying k£ (number of samples used
for whitening) and m (number of dimensions used for
whitening). The results, presented in Fig. 3, demonstrate
that normality is preserved across all tested values of k and
m. However, correlation increases significantly for larger
dimension values. The tests are performed on 10k real and
10k generated images of general content, randomly sam-
pled from the full evaluation dataset of general images. The
representative data used for whitening is MS-COCO [22]
validation set (same as in the general image domain in the

paper).

C. Semantic Influence on Likelihood Values

To illustrate the influence of semantic content on the like-
lihood score, we analyze the likelihood values of different
images of a zebra and a plate of food (Fig. 4). Since a zebra
in the wild and a plate of food have entirely different seman-
tic meanings, we expect these groups of images to exhibit
distinct likelihood ranges. Indeed, both real and generated
images of zebras consistently show higher likelihood val-
ues compared to images of a plate of food, with real zebra
images scoring the highest among them. This observation
confirms that semantic content significantly impacts likeli-
hood estimation. [2] demonstrate that textual complexity di-
rectly influences likelihood values, with more complex text
yielding lower likelihood scores. Similarly, we suggest that
the greater complexity among different plates of food, com-
pared to the variation among different zebras, contributes to
the observed likelihood difference.

The likelihood values in this analysis are computed us-
ing a single, pre-computed whitening matrix, based on the
MS-COCO validation set, which serves as a representative
dataset for general images. Notably, both animals and food
are highly prevalent in this dataset, with plates of food being
particularly frequent. This example underscores the neces-
sity of minimizing semantic influence on likelihood values
to ensure that the distinction between real and generated im-
ages is not confounded by semantic priors. By addressing
this issue, we refine our detection method to focus mostly
on authenticity rather than content. Furthermore, this high-
lights the need for a conditioning mechanism that adapts
likelihood estimation to specific domains, reducing the bias

introduced by semantic content and ensuring fair and reli-
able classification across different image types.

D. Flipping Examples

We present the distribution of real and generated images
in the damaged cars domain, per generative model and per
detection method, in Fig. 5, for the damaged cars domain.
The results indicate that even with a limited number of gen-
erative models, all other methods exhibit poor separation
and, more importantly, “flipped classification”. This phe-
nomenon arises when images generated by different mod-
els have opposing relationships with real images. In other
words, for a detection method to correctly classify most im-
ages from one generative model as generated, it must mis-
classify a significant portion of images from another model
as real. This represents a major drawback in other detec-
tion methods, whereas our approach is entirely unaffected.
Even when the separation is less pronounced (e.g. UnCLIP,
bottom row), the classification direction remains consistent.

E. Ablation Study and Perturbations Robust-
ness.

E.1. Ablation Study

We conduct several ablation studies to evaluate our method.
First, we examine the impact of varying the number of di-
mensions used for whitening (m). Results (Fig. 6.a) indi-
cate that the optimal range is 300—400 dimensions, approx-
imately 50% of the original 768 dimensions. Next, we as-
sess the effect of the number of samples used for whitening
(k). Results (Fig. 6.b) suggest that reducing the number of
samples improves performance. To further investigate, we
replace the MS-COCO validation set (5K images) with the
test set (40K images) as the representative data. Findings
(Fig. 7.a) show that the optimal sample size is around 10%
of the representative set. Since PCA requires & > m and
10% of the data is usually insufficient, the optimal choice
is approximately k& = m + 100. To conclude this part we
add an experiment with small representative set sizes, from
200 to 1K, in the car domain. We use k¥ = 500 when the
representative set is 600 or more, and £ = rep size — 100
otherwise. Results are reported in Tab. 4. In the general
image domain, reducing the representative set size lowers
AUC only gradually and performance remains strong even
with 500 images. However, when the set is cut to about
200 images (limiting the dimensionality to less than 100),
the method collapses. In the damaged cars domain, which
is much narrower, even 200 images suffice and the perfor-
mance drop is minimal. This suggests that for domain-
specific cases, a small amount of real data is enough.
Additionally, we compare a global whitening matrix (no
per-image sampling) to our local scheme (Fig. 7.b), reveal-
ing a notable performance drop, though AUC remains above
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Figure 1. Anderson-Darling test. Two histograms of normally distributed (a) and non-normally distributed data (b), and the empirical

CDF’s compared to the theoretical CDF of normal distribution (c).
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Figure 2. D’Agostino-Pearson test. Histograms of three datasets: (a) normally distributed data, (b) right-skewed data, and (c) high-
kurtosis data. (d) presents a 2D scatter plot of skewness versus kurtosis, where each distribution is represented by a single point.

0.85 — the highest result among competing methods. In the
global setting, we randomly sample a subset of the represen-
tative set before evaluation and use a pre-computed whiten-
ing matrix for all input images. Each test is repeated five
times, and we report the mean result with the standard de-
viation. All of the experiments above are conducted in the
general image domain, where we randomly sample 10K real
and 10K generated images.

Finally, we evaluate a combined representative dataset
consisting of both the general and damaged cars repre-
sentative sets, assessing performance across both domains.
Results (Fig. 8.a) show that both domains remain stable,
achieving results similar to the single-domain representative
set case. In the global whitening setting (Fig. 8.b), the gen-
eral image domain experiences a slight performance drop
(as in the single domain case - Fig. 7.b), while the dam-
aged cars domain maintains its performance level. Overall,
integrating representative data from multiple domains en-
hances the robustness of our detection model. For these

experiments, we use the same 10K real and 10K generated
general images, and 2K real and 2 generated images from
the damaged cars domain, as used in Sec. 5.3 of the main
paper.

Overall, our method is robust to parameter selection,
can generalize across different domains (joint representa-
tive set), and can improve efficiency by operating in a global
setting.

E.2. Robustness to image perturbations

To evaluate the robustness of our method, we conduct ex-
periments under five common image perturbations: Gaus-
sian blur, JPEG compression, random resizing and crop-
ping, Gaussian noise injection, and color jittering. Each
perturbation is applied at five severity levels, ranging from
mild (Level 1) to extreme (Level 5). The specific parameter
settings for each perturbation type and level are summarized
in Tab. | and examples of all perturbations in all levels are
presented in Fig. 10, Fig. 11 for both real and generated
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Figure 3. Statistical test results. (a) Average values of normality tests computed across all whitened embedding features. (b) ODM values.
The top row presents results for varying numbers of samples used for whitening (k), with a fixed number of dimensions (m = 400). The
bottom row shows results for varying dimensions (1), while keeping the number of whitening samples constant (k = 1000). Threshold
values for the normality tests are indicated by a dashed black line, where AD values below the threshold indicate normality, and DP values

above the threshold suggest normality.
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Figure 4. Zebra and a plate of food likelihood values. Top row - images of a zebra, two real (left) and two Al generated (right). Bottom
row - four real images of a plate of food. All images of a zebra, including generated images, have higher likelihood values compared to
images of a plate of food. Real images of a zebra have higher likelihood values compared to generated images.

images. Gaussian blur severity is controlled by the blur ra-
dius, with larger radius corresponding to stronger blur ef-
fects. JPEG compression levels decrease the image quality
percentage, with lower quality introducing more compres-
sion artifacts. The resizing and cropping perturbation is pa-
rameterized by scale ranges, where lower minimum scales
correspond to more aggressive cropping. Gaussian noise
severity is adjusted by increasing the standard deviation of
the injected noise. Color jittering affects brightness, con-

trast, saturation, and hue (B/C/S/H), with higher values in-
troducing stronger color distortions. The experiments are
performed on the same set of 10K real and 10K generated
general images used in all ablation experiments (Sec. 5.3 in
the main paper).

Our results, presented in Fig. 9, demonstrate that the
method is robust across a wide range of perturbations. Per-
formance remains high (AUC > 0.8) under most conditions,
with the exception of the most severe noise (standard devi-
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Figure 5. “Flipped classification” example. Each row corresponds to a different generative model, while each column represents a differ-
ent detection method. Our method demonstrates the strongest separation across all generative models, with generated content consistently
exhibiting lower criterion values. In contrast, other methods show poor separation and “flipped classification”, where images from two
generative models are positioned on opposite sides of the real image distribution. Example from the damaged cars domain.

Perturbation Type ‘ Level 1 Level 2 Level 3 Level 4 Level 5 ‘
Gaussian Blur Radius 1 2 3 5 10

JPEG Compression Quality 80% 50% 30% 10% 1%

Resize Crop Scale (0.85,0.9) (0.7, 0.85) (0.5,0.8) (0.3,0.9) (0.08, 1.0)
Gaussian Noise Std 0.02 0.05 0.10 0.20 0.50

Color Jitter (B/C/S/H) 0.2/0.4/0.2/0.05  0.4/0.5/0.3/0.07 0.6/0.6/0.4/0.10  0.7/0.7/0.5/0.12  0.8/0.8/0.6/0.15

Table 1. Perturbation levels. Summary of the perturbation parameters used at each severity level. The rows correspond to: (1) Gaussian
blur radius, where the kernel size is approximately 2 X radius+ 1; (2) JPEG compression quality, where lower percentages indicate stronger
compression and more visual artifacts; (3) Random resized crop scale ranges, specifying the minimum and maximum scale of the cropped
area relative to the original image size; (4) Gaussian noise standard deviation, where higher values correspond to stronger noise levels; (5)
Color jitter parameters for brightness, contrast, saturation, and hue adjustments, denoted as B/C/S/H, where larger values introduce more
aggressive color perturbations.

ation 0.5) and extreme JPEG compression (quality = 1%). These extreme cases, which introduce heavy pixel-level dis-
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Figure 7. Additional ablation on the number of samples (k). (a) Ablation on k using a large representative set (MS-COCO test set,
40K images). With a larger representative set, reducing the number of samples does not monotonically improve results, with the optimal
point around 10% of the representative set size. (b) Comparison between our local whitening scheme and a global setting where a single
whitening matrix is used for all images. As different subsets can be sampled, we present the mean value with the standard deviation of five
different experiments. While the global whitening setting leads to a performance drop, it remains above the highest competitor result (0.85
AUC) in the general image domain. In this experiment m = 400 for both settings.

tortions or significant compression artifacts, lead to more
noticeable performance degradation. Across other perturba-
tions, including strong color jittering, aggressive cropping,
and large blur radius, the method maintains stable detection
capabilities, suggesting that it is resilient to common varia-
tions encountered in real-world images. These findings fur-
ther support the robustness and generalization ability of our
approach.

F. Synthetic Dataset

F.1. Damaged cars images

CarDD [38], a benchmark dataset of 4K real damaged car
images, serves as the real image source in this domain. It

is split into training (2,816 images), validation, and test sets
(1,184 images combined). To the best of our knowledge, no
synthetic dataset exists for damaged car images. Thus, we
generate the first publicly available synthetic dataset for this
domain.

We synthesize images using two diffusion models
(SDXL [30] and Kandinsky?2.1 [32]) and two commercial
tools (Midjourney [24] and DALL-E 3 [4]). Among these,
Midjourney produces the most photorealistic results, while
DALL-E 3 performs the poorest. Due to limited access to
commercial tools, we generate 1,160 images with Midjour-
ney and 252 with DALL-E 3, while each open-source diffu-
sion model contributes 999 images.
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Figure 8. Ablation of a combined setting. Evaluation using a representative set combining both general image and damaged cars domains.
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Figure 9. Robustness to Perturbations. We evaluate five perturbation types: Gaussian blur, JPEG compression, cropping and resizing,
Gaussian noise, and color jittering. For each perturbation, our method is tested across five levels, where Level 1 represents mild pertur-
bations and Level 5 represents severe ones (see Tab. 1 for details). The results show that our method is robust across all perturbations,
maintaining high AUC scores (> 0.8) in most cases, with noticeable degradation only at the strongest noise level (std = 0.5) and extreme

compression (quality = 1%).

Generating realistic damage-related features (e.g. flat
tires, broken windshields) remains challenging, as GANs
and other diffusion models produced unsatisfactory results.
BigGAN [6], for instance, only accepts class labels (e.g.
“sports car”) with no ability to generate damaged vehicles.
We also found that earlier diffusion models produce lower-

quality images. Specifically, previous versions of Stable
Diffusion [34] and open-source implementations of Glide
[26] yield very poor results. Thus, we select SDXL and
Kandinsky2.1, as they produce the highest-quality results
among the open-source diffusion models examined.

The challenge is twofold: first, generating realistic dam-
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Figure 11. Perturbation examples for different levels. The original image is a generated image from [27].

age is non-trivial, often resulting in either unrealistic dam-
age on a realistic car or no damage at all. Second, prompts
explicitly describing damage can sometimes lead to unreal-
istic overall image generation. To improve realism and di-
versity, we employ the UnCLIP image-to-image framework

[31], conditioning the generation on real images. The same
2,816 real images used for evaluation serve as conditioning
inputs, making detection more challenging.

The resolution of real images in [38] varies. In contrast,
each generative model produces images at a fixed resolu-



| Generative Model | ZED D, | ZED |Do| ZED Ag; | ZED |Ag | | CLIDE (ours) |

| | AUCT APt FIt Acct|AUCT APT FIt Acc? AUCT APt FIf Acc? | AUCT APT FIT Acct | AUCT APT FIt Acct |
ProGan [17] 074 075 07 064 | 074 075 07 064 069 073 065 055 | 032 042 058 042 | 095 096 087 088
StyleGan [ 18] 075 077 071 065 | 075 077 071 065 048 058 062 046 | 055 059 06 046 | 076 071 075 073
StyleGan2 [19] 075 08 068 061 | 075 08 068 061 049 058 061 045 | 054 06 061 048 | 08 082 073 0.68
BigGAN [6] 045 047 063 05 | 044 046 062 049 034 044 06 044 | 069 068 068 061 | 096 096 087 0.88
GauGan [29] 033 041 06 044 | 032 041 059 042 006 032 06 043 | 074 078 068 062 | 083 085 076 073
CycleGan [41] 022 038 06 043 | 021 037 058 041 028 038 059 043 | 066 07 065 056 | 098 098 09 091
CRN [10] 099 099 092 092 | 096 098 091 091 059 073 06 043 | 04 058 058 04 | 098 099 091 092
SD V1.4 [34] 062 065 065 054 | 062 064 064 053 035 043 061 046 | 065 0.63 066 058 | 0.9 091 082 082
SD V1.5 [34] 061 063 065 054 | 06 063 064 053 037 043 061 046 | 063 0.61 065 056 | 0.9 091 083 0.82
Guided DM [14] 058 055 068 059 | 056 055 065 056 038 04 063 051 | 05 047 063 052 | 087 087 079 078
LDM 100 [34] 052 056 063 049 | 05 055 0.6 047 045 048 062 049 | 056 052 064 054 | 092 093 084 085
LDM 200 [34] 053 056 063 05 | 051 056 061 048 049 05 063 051 | 052 049 063 052 | 092 093 085 085
Glide 50 27 [26] 098 098 091 092 | 093 095 087 088 057 054 067 059 | 043 042 063 053 | 091 092 084 084
Glide 10027[26] | 0.98 098 091 092 | 094 095 087 088 064 059 07 063 | 036 039 062 049 | 091 092 083 083
Glide 100 10[26] | 0.98 098 092 092 | 093 095 08 088 057 053 067 059 | 043 042 063 052 | 091 092 083 083
ADM [14] 047 046 065 055 | 046 044 064 053 017 034 06 044 | 065 063 067 059 | 089 088 084 0.84
DALLE 3 [4] 045 05 062 047 | 043 05 059 044 015 034 059 042 | 077 08 07 066 | 096 096 088 0.89
Midjourney [24] 092 093 084 084 | 09 091 083 08 033 043 06 044 | 069 071 066 058 | 09 084 085 085
VDQM [15] 046 046 063 049 | 045 046 061 048 02 036 06 043 | 077 078 072 069 | 092 093 084 084
Waukong [25] 039 045 0.6 044 | 038 045 059 043 034 04 063 05 | 061 055 066 058 | 095 096 088 0.88

| Al | 069 066 069 062 | 068 066 069 062 053 052 063 05 | 047 048 061 048 | 091 091 084 084 |

Table 2. Evaluation of generated image detection on general images. Our method achieves the highest overall performance across all
models and surpasses ZED on most generative models. In cases where ZED outperforms our method, the Dy criterion yields the best
results. When evaluating all models combined (bottom row), Dy achieves the highest score. The best result for each metric in each row is

highlighted in bold.

| Generative Model | ZED D, ZED | D, | | ZED A | ZED |Aq| | CLIDE (ours) \

| | AUCT APt FIf Acct AUCT APt FI1 Acct | AUCT APt FIf Acc? | AUCT APt FIt Acct| AUCT APT FIT Acct |

‘ Artistic Image Domain ‘
StyleGan3 [20] 038 041 063 05 035 04 065 049 | 086 085 077 076 | 014 033 057 04 | 098 099 093 093
SD2.1 [34] 017 034 061 044 016 034 064 047 | 065 059 067 059 | 033 039 058 043 | 098 098 092 093
SDXL [30] 033 043 061 044 034 043 061 044 | 055 051 064 054 | 042 044 06 046 | 097 098 091 091
AnimagineXL [23] | 045 059 061 044 049 059 065 049 | 058 063 061 048 | 042 049 058 042 | 076 083 0.66 055

| Al | 033 041 061 045 034 041 065 048 | 066 062 067 06 | 033 039 058 043 | 092 092 083 082 |

Damaged cars Image Domain

Kandinsky2.1[32] | 0.68 0.66 068 061 068 066 068 062 | 09 093 084 083 | 036 045 061 045 | 097 098 093 093
SDXL [30] 083 085 076 073 083 085 076 074 | 064 065 064 05 | 066 067 066 055 | 097 097 091 091
DALLE 3 [4] 015 033 059 042 014 033 058 041 | 016 033 062 046 | 021 035 062 046 | 099 099 093 093
Midjourney [24] 078 075 074 071 077 075 074 071 | 087 087 082 08 | 037 043 062 047 | 093 094 087 0386
UnCLIP [31] 031 038 061 046 031 038 061 046 | 038 04 064 051 | 035 04 062 047 | 08 08 072 0.67

| Al | 061 054 068 061 061 054 068 061 | 066 057 071 064 | 042 044 063 0438 | 092 092 085 084 |

‘ Invoice Image Domain ‘

| GPT-Image-1[28] | 0.6 056 065 054 061 073 059 066 | 056 07 055 064 | 05 059 038 054 | 091 092 082 082 |

Table 3. Detection performance on domain-specific images. Our method consistently achieves the highest performance across all
generative models and in the combined settings for each domain. Different ZED criteria perform best for different generative models. In
the combined evaluations for the art and damaged car domains, the Ag; criterion achieves the highest ZED performance, while in the
invoice domain, | Do | performs best. The best result for each metric in each row is highlighted in bold.

tion, though resolutions differ across models. DALL-E 3
generates images at 1024x1024, Midjourney at 1232x928,
SDXL at 1024x1024, Kandinsky at 512x512, and UnCLIP
at 256x256. In total, we generate over 6K synthetic images.
For per-model comparisons, we balance real and generated
images, ensuring consistent real image selection across all
detection methods. When using synthetic images from all
generative models collectively, we sample 641 images per
model and include all 252 images from DALL-E 3. We pro-
vide a subset of our dataset in our supplementary material
(presented in Fig. 12), organized by generative model for
easy access and evaluation. The full dataset, together with

our code (also available in the supplementary) will be pub-
licly released upon acceptance.

F.2. Invoice document images

Invoices represent a critical domain with high practical rele-
vance for financial institutions, e-commerce platforms, and
document verification systems. While prior work has pri-
marily focused on information extraction and document
classification [3, 13, 40], little attention has been given to
the detection of synthetically generated invoices. To the
best of our knowledge, no publicly available synthetic in-
voice dataset currently exists.



Repsize | [R| =200 |R| =500 |[R|=700 |R|=1000 |R|=1500 |R|=2000 |R|=3000 |R|= 5000

General |  0.48 0.84 0.85 0.86 0.87 0.89 0.90 0.91

Repsize | |[R| =200 |R| =300 |[R|=400 |R|=500 |R[=600 |R|=700 |R|=800 [R|=1000
Cars | 0904 0.909 0.912 0.914 0.918 0.921 0.924 0.929

Table 4. Detection performance (AUC values) across different representative set sizes - |R|. Experiment are performed on the general

image domain and on images from the damaged cars domain.

DALL-E3
@ (b)

Midjourney

(@ (e

Figure 12. Synthesized images of damaged cars. These ten images per generative model are available in the supplementary material as a
subset of our generated dataset. The full dataset will be publicly released upon acceptance.

We address this gap by generating the first publicly avail-
able synthetic dataset of invoice images. Real invoices are
sourced from the InvoiceXpert dataset [39], which con-
tains a diverse collection of real-world invoices. From this
dataset, we select 3K images for testing (from the test and
validation sets) and an additional 1K images for calibration
(from the training set). All synthetic invoices are gener-
ated using the GPT-Image-1 model [28], which is, to date,
the only model capable of producing high-quality, text-rich,
and visually coherent document images.

Each synthetic image is generated by conditioning on
a corresponding real invoice from the test set, introducing
controlled random variations in key elements such as prices,
product names, and dates. This strategy increases the diver-
sity of the generated dataset while maintaining structural
and semantic similarity to the original documents, making
the detection task substantially more challenging. Examples
of areal invoice and generated versions of it are provided in

Fig. 13.

Prior generative models, including GANs and earlier
diffusion-based models, are not capable of producing text-
heavy images with sufficient visual and semantic fidelity.
Powerful models such as SDXL [30] and Kandinski 2.1 [32]
fail to generate document images with the structural preci-
sion and textual accuracy required for this task. Even the
UnCLIP framework [31], that receives an image as input,
generates poor results with non realistic letters and words.
See examples of all three models in Fig. 14. GPT-Image-1
overcomes these limitations, providing high-quality docu-
ment synthesis for the first time.

All synthetic invoices in our dataset are generated at a
fixed resolution of 1024x1536 pixels, consistent with the
output format of GPT-Image-1. The real invoices in the In-
voiceXpert dataset have varying resolutions, reflecting the
diversity of real-world sources. The complete dataset will
be publicly released upon acceptance.
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Figure 14. Synthesized invoice images by other models. Invoice images generated using SDXL, Kandinsky, and UnCLIP. All generated
images contain random, non-legible characters and would clearly not be perceived as real by a human observer. The blur in part of the
images is originated in the generative output. These low quality generations were omitted from our evaluations.
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Figure 15. Global and conditional likelihood comparison. Per-domain histograms of log-likelihoods for real and generated images. In
the general image domain, the global likelihood yields only modest separation and far more overlap than the conditional likelihood; in
other domains it shows little separation (cars) and even “flipped classification” (art, invoice).

G. Efficiency Analysis Details

Running time. As presented in Tab. 5, our method oper-
ates efficiently, achieving inference speeds comparable to
ZED, while other methods, particularly AEROBLADE, ex-
hibit significantly higher latency. We use the official im-
plementations of AEROBLADE and Manifold Bias; how-
ever, batch inference is not supported for AEROBLADE,
whereas it is for Manifold Bias. On an NVIDIA A100 GPU,
the maximal batch size for Manifold Bias is four images.
For a fair comparison, we measure inference time of four
images across all methods and report the average processing
time per image. Notably, our method’s runtime can be fur-
ther reduced by using a global whitening matrix instead of
computing one per image. However, this would impact per-
formance (see ablation study in Sec. E.1, Fig. 7). All mod-
els are pre-loaded onto the device before time measurement,
while image loading is included in the evaluation time.

| Generative Model | AEROBLADE [33] RIGID [16] ZED[I1] Manifold Bias[7] CLIDE (ours) |
| Seconds per image | 4.66 0.59 0.26 1.66 0.26 |

Table 5. Running time evaluation.

Memory consumption. Our approach requires less
RAM and GPU memory than most alternatives. Our
method primarily relies on the CLIP model, which requires
900MB of disk storage and 2GB of GPU memory during
inference. The embeddings of the representative dataset,

consuming only 3MB per 1K images, are negligible. In con-
trast, Manifold Bias exhibits high memory usage, exceeding
30 GB of GPU memory (model memory consumption) dur-
ing inference. AEROBLADE [33] and RIGID [16] require
less GPU memory but still more than our method (using
Stable diffusion [34] auto-encoder and DINO model [9] re-
ceptively). ZED utilizes the SReC compression model [8],
which has low disk storage requirements but higher GPU
memory usage for high-resolution images.

Overall, our method is both fast and memory-efficient,
making it a lightweight and effective alternative to other
zero-shot detection methods.

H. ZED Additional Criteria

In Tab. 2 and Tab. 3 we evaluate all four criteria proposed
by ZED [11] - Dy, |Dg|, Ao1,|Ap1]- In the paper, we re-
port results for Dy, as it achieves the highest AUC in the
general image scenario (Tab. 2). Additionally, in the several
cases where ZED outperforms our method, D, consistently
yields the highest results among all ZED criteria. We extend
our analysis to all criteria, confirming that none surpass our
method in any scenario or for any generative model, except
in the cases where Dy does, and therefore are reported in
the paper.



Global likelihood (W-CLIP)

Conditional likelihood (CLIDE)

‘ Probability modeled

Single, unconditional p(x)

Family of conditioned densities p(z | D) ‘

Conceptual scope

One universal surrogate over “the world”

A family of surrogates specialized to
target domains

Conditioning variable

None

Domain D (specified via unlabeled real
examples)

Support / geometry

One ambient (globally whitened) space

Domain-specific subspace (dominant
components)

Directional information

Largely discarded by global norm

Preserved via domain-aligned principal
axes

Gaussianity assumption

Approx. i.i.d. Gaussian in the global
whitened space

Approx. Gaussian within the domain’s
dominant subspace

Behavior under domain mixture

Can conflate distinct domains at similar
radii

Separates domains via subspace

alignment

Sufficient statistics I

Global mean / covariance

Domain-specific mean / covariance

Limiting case —

Reduces to global model when D is
broad and m = d

Table 6. Conceptual comparison of global vs. conditional likelihood. The conditional formulation models p(z | D) in a domain-aligned
subspace, preserving directional structure that a global norm discards, and thereby improving robustness under domain shift.

I. Domain-Specific Zero-Shot Generated Im-
age Detection

Definition. We introduce the task of Domain-Specific
Zero-Shot Generated Image Detection (DSZD). In this set-
ting, a detector is provided with access to real images from
the target domain but receives no generated samples and no
task-specific supervision. The goal is to decide, for each
test sample in the target domain, whether it is real or gener-
ated. Thus, the detector adapts to the distribution of real im-
ages in the domain while remaining completely unexposed
to generated content.

Setting. Formally, let D25 denote a collection of real
images sampled from the target domain distribution P,
The detector may access Dias® for the purpose of adapta-
tion or calibration, but no training or fine-tuning of model
parameters is allowed. At test time, the detector receives a
sample = drawn either from P> or from some unknown
generative distribution Py, with the task of predicting
whether z is real or generated. Crucially, Pger- is not ob-
served at any stage, reflecting the evolving and potentially

adversarial nature of generative models.

Relation to existing settings.

e Zero-shot detection. In the standard zero-shot setting
[7, 11, 33], the detector has no access to any domain-
specific data, neither real nor generated. DSZS extends

this by allowing domain adaptation, while maintaining
the zero-shot requirement with respect to generated sam-
ples.

* Unsupervised domain adaptation (UDA). In general
vision tasks such as classification, recognition, or out-
of-distribution (OOD) detection, UDA assumes access
to labeled source-domain data together with unlabeled
target-domain data, enabling adaptation to the target dis-
tribution without target labels. By contrast, DSZS de-
parts from this paradigm: it prohibits any exposure to
generated data and restricts adaptation to the statistics of
real images alone. This distinction is important, since
UDA has not been formulated in the context of gener-
ated image detection, where the diversity and continual
evolution of generative models makes the assumption of
target-domain generated samples unrealistic.

Justification. This task is motivated by the practical ob-
servation that, in many application domains, abundant real
images are available, while generated data are diverse,
evolving, and difficult to curate exhaustively. Training de-
tectors against all possible generation models is infeasible;
yet, real-domain images are easy to collect and provide
valuable information about the distribution to be protected.
By learning the structure of the real domain, a detector can
identify deviations indicative of synthetic content, without
relying on prior exposure to such content.



On the naming. The term Domain-Specific Zero-Shot
Generated Image Detection is chosen to emphasize two key
aspects:

(i) Domain-Specific: the detector leverages real data
from the specific target domain, differentiating it from
domain-agnostic zero-shot detection.

(i1) Zero-Shot: no generated examples or task-specific su-
pervision are seen, preserving the zero-shot spirit rela-
tive to synthetic data.

This name concisely captures the hybrid nature of the task,

situating it between existing detection paradigms while

clearly distinguishing its assumptions.

J. Global vs. Conditional Likelihood

This appendix complements Sec. 3 by contrasting the
global likelihood surrogate of W-CLIP with our domain-
conditional likelihood. In Tab. 6 we enumerate the key dif-
ferences between the two formulations. Then, in Sec. J.1
we report zero-shot detection results for the global model
and for CLIDE, showing a substantial degradation under the
global surrogate.

J.1. Global likelihood as a detector across domains

For completeness, we evaluate the global likelihood surro-
gate (W-CLIP style) as a zero-shot detector across all four
settings. The global whitening statistics are fit on the MS-
COCO validation set, following [5]. As summarized in
Tab. 7, the global surrogate shows a large decrease even
on general images (AUC 0.81 vs. 0.92 for CLIDE; gap to
perfect 1.0 is 0.19 vs. 0.08, i.e., > 2x larger error). More-
over, the global likelihood model degrades sharply on Artis-
tic, Cars, and Invoice, with substantial drops in AUC. This
pattern mirrors the declines observed for other zero-shot
detectors under domain shift (Tabs. 1-2) and underscores
the need to condition on domain-specific statistics. Impor-
tantly, the flipped classification (AUC under 0.5), observed
in other zero-shot methods, but not in CLIDE, is present in
the global likelihood model, making it a poor detector for
domain specific cases. The experiment is performed on the
same ablation data as Table 4 in the paper. We plot per-
domain histograms of log-likelihoods for real vs. generated
images in Fig. 15. In the general image domain, the global
likelihood provides only moderate separation and shows
substantially more overlap than the conditional likelihood.
In cars, separation is minimal under the global score, and
in art and invoice the ordering reverses - generated often re-
ceive higher scores than real (i.e. “flipped classification”).

K. Medical image domain

Setup. We use the Chest X-Ray Pneumonia collection
(5,865 images) [21], uniformly sample 5,000 real images,
and compare against 5,000 images randomly drawn from a

Method ‘ ‘ General Artistic Cars Invoice
Global ([5]) 0.81 0.37 0.53 0.18
Conditional (CLIDE) 0.92 0.94 0.93 0.91

Table 7. Detection performance (AUC values) across domains
for global (directly based on [5] vs. conditional likelihood (our
method - CLIDE).

large (~ 10°) PGGAN-generated chest X-ray corpus [36].
See Fig. 16 for examples of images from both datasets. The
remaining 865 real images are used as the representative
set and the parameters k, m values are identical to all the
experiments is Sec. 5 (k = 500, m = 400). Our method
demonstrates extremely high performance - AUC = 0.99.

%,
qrv

Real PGGAN
(@) (b)

Figure 16. Real and synthesized X-ray images.
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