
Scaling Up AI-Generated Image Detection with Generator-Aware Prototypes

Supplementary Material

We organize the supplementary in the following way:
• Sec. A: Detailed information of the introduced series of

dataset build in previous section.
• Sec. B: Details of the 6 selected benchmarks.
• Sec. C: Introduction to the selected baselines.
• Sec. D: Detailed results of each test subsets.
• Sec. E: Implementation details of the proposed method.
• Sec. F: Additional derivation and analysis.
• Sec. G: Future perspectives towards reasoning-driven and

embodied forensics.

A. Settings of the toy dataset
In Sec.3, we introduce a series of datasets, comprising gen-
erated images from different numbers of generators. In this
section we will give the constructing procedure of these
datasets.

First, there are 8 generators in GenImage [52] dataset, in
each generator subset, there are 1000 types of object mir-
roring the 1000 categories of ImageNet-1k [13]. We se-
lect generator subset composed of ng generators based on
Tab. 1. For each of the 1000 categories, we randomly sam-
ple ns images in each generator subset. To pair real images,
we randomly sample ns×ng images from the original Ima-
geNet dataset. ns is determined via 1000×ns×ng = 8000.

For the last dataset, which consist of thousands of gen-
erators, we leverage Community-Forensics training dataset
[33] for collecting, which is the same as our training dataset.
we randomly sample 2 images from each generator in it,
which consist of about 9000 generated images. Then we
randomly sample 8,000 real images as before to construct
the last dataset in the series.

group ng Generator(s)

1 1 SDv1.4
2 2 SDv1.4, BigGAN
3 4 SDv1.4, BigGAN, VQDM, Glide
4 8 All GenImage

Table 1. Generators used to build our datasets.

B. Benchmarks
We select 6 benchmarks to represent most existed genera-
tive models to evaluate the methods. Though some subsets
have same or similar architecture, their training condition,
sampling strategy and semantic content are not quite the
same. Thus we preserve all subsets that have same name
to simulate a variety of generated images.

Forensic Synthetic [47] contains a series of CNN-
generated images, we select its GAN variants, including
ProGAN [23], StyleGAN [24], StyleGAN2, CycleGAN
[51], StarGAN [11], GauGAN [34], BigGAN [8], and
Deepfake [37] for forgery face.

UFD [32] datasets expand the dataset above by introduc-
ing several early diffusion models and commercial APIs, in-
cluding latent diffusion model [36], Glide [31] and Guided
[14] diffusion model.

GenImage [52] provide a dataset trained on ImageNet-1k.
It has 8 generative models in both GANs, Diffusion Mod-
els and Commercial APIs, including BigGAN [8], VQDM
[16], Stable Diffusions, Wukong [2], ADM [14] and Mid-
journey [1].

SynthBuster [6] provide an aligned dataset, where real im-
ages and generated images are all in PNG format, which
makes it challenging for AIGI detectors that leverage for-
mat shortcut. Moreover the generated images are also from
popular latent diffusions, including DALL-E, Stable Diffu-
sions, Firefly[3] and Glide.

Chameleon [49] provides a sanity check for AI-generated
image detection. They build a high quality dataset where
generated images are source from internet and some un-
known source. All images in this benchmark are said to
be indistinguishable by human. Since all images are gather
from the unknown source, there’s only one subset in this
benchmark.

Community Forensics Evaluation Set [33] is build
to evaluate the model’s ability to generalize to un-
seen generators that trained in Community Forensics
dataset. This evaluation dataset is also the most up-
to-date dataset, containing generators like Deci Diffu-
sion V2 [46], GALIP [44], KandinskyV2.2 [38], Kvikon-
tent [25], LCM-LoRA-SDv1.5, LCM-LoRA-SDXL, LCM-
LoRA-SSD1B [28], Stable Cascade [35], DF-GAN [43],
and HDiT [12].

Above all, we have 55 subsets for testing. Given the large
scale of our training data, the training domain overlaps with
several previously constructed datasets. Consequently, our
evaluation comprises 29 completely unseen generator sub-
sets, the rest, even though seen in training set, still have a
different generated condition. Sample images from the test
set are shown in Fig. 1.

Metrics. Following prior works [32, 40, 47], we com-
pute a threshold-free metric, mean average precision (AP),
and a threshold-based metric, binary accuracy (Acc). When
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Figure 1. Examples of test subsets, we visualize some in-domain datasets with our training set along with some out-of-distribution sets.

computing accuracy, the threshold was set to 0.5.

C. Baselines

In this section, we will give a brief introduction to the base-
lines for comparison.

C.1. GAN-Generalized

CNNDetection [47] uses a ResNet-50 as a classifier with
data augmentation to detect CNN-generated images. NPR
[40] rethink up-sampling operation in most generative ar-
chitecture and detect them via a interpolation pattern.
UniFD [32] leverage the image encoder of CLIP for fea-
ture extraction, it takes image embeddings for classification
with simple KNN or linear layer. SAFE[26] extracts high
frequency band as artifact with various data augmentation to
build a CNN classifier. AIDE uses a hybrid feature of both
CLIP image embedding , high and low frequency patches
via DCT scoring, and concatenate them for final decision.
These baselines are all trained on GAN generated images
provided by the training set of CNNDetection [47].

C.2. Diffusion-Generalized

In the diffusion era [36], more method aim to detect gen-
erated images with a more realistic diffusion generated im-
ages. DRCT [9] construct a diffusion reconstruct dataset
and used it to train a classifier with classification objective
and contrastive learning objective. We use its Conv-B vari-
ant trained on SDv2.1. Co-SPY [10] also uses a hybrid fea-
ture for classification, but a combination of CLIP embed-
ding and VAE-reconstruct residual. B-Free [17] proposed a
paradigm that generated images should come from inpaint-
ing models rather than unconditional generators or T2Is to
prevent semantic bias. It trained an end-to-end classifier
with proposed dataset.

C.3. Scaling-Ups
Scaling up detectors use a training dataset from a more di-
verse source. To solve the sanity check for AIGI detection,
AIDE [49] provide another checkpoint that trained a clas-
sifier with all images in GenImage, including both GANs
and Diffusions. D3 [50] proposed a dual feature extraction
branch, a original image and a patch-shuffled image to learn
comprehensive traces, it uses a training dataset consist of
GenImage and CNNDetection. Community Forensics con-
struct a large dataset with thousands of generators and use
it to train classifier with a standard ViT.

D. Detailed results of experiments

The following tables show detailed results for the selected 6
benchmarks. All baselines are evaluated with their provided
checkpoints. Tab. 2 shows results of ForenSynths, Tab. 3
shows results of UFD, Tab. 4 shows results of GenImage,
Tab. 5 shows results of SynthBuster, Tab. 6 and Tab. 7 shows
results of Community Forensics evaluation set.

E. Implementation Details

To validate the reproducibility, we present our implementa-
tion details in this section.

Network Design The image encoder we use is
CLIP:ViT-L with a patch size of 14 × 14. The MLP is
composed of two hidden layer with dimensions 1024 −→
128 −→ 1. In the second stage, we discard the second layer
to make the MLP 1024 −→ 128, then we apply LoRA [18]
in q proj, k proj, v proj of image encoder with
LoRA parameter r = 16, α = 32, dropout = 0.1.

Training For image in training set, we apply Random-
Crop to 224 × 224, and to those image whose resolution is
smaller than this, we apply 0-padding to make it enough to
crop. We automatically separate 5% samples of dataset to
form a validation set. We use AdamW [27] optimizer with
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a learning rate of 10−4 and a weight decay of 0.01 in the
two stages. In the first stage, training last for 20 epochs.
In the second stage. we train until the validation accuracy
reaches 99.9% or do not improve for 3 epochs to prevent
performance degradation.

Testing For images in testing sets, we apply CenterCrop
to 224 × 224, which is the same as most baselines, except
for B-Free, who uses a resolution of 504×504 and Co-SPY
uses a 384×384, to best excel their performance, we did not
modify their model but directly report their performance on
original resolution.

F. Additional Derivation and Analysis

In this section, we provide supplementary materials to sub-
stantiate the claims made in the main text. Specifically,
we present a rigorous mathematical derivation modeling the
data heterogeneity in scaling-up settings (Sec. F.1) and offer
qualitative visualizations of the attention maps to demon-
strate how our method alters the encoder’s focus (Sec. F.2).

F.1. Detailed Derivation of Theory

Recall that in Sec. 3 of the main paper, we identified the
“Benefit then Conflict” dilemma, attributing it to the severe
data-level heterogeneity that arises when aggregating multi-
ple generators. To theoretically quantify this phenomenon,
we model the distribution of real and generated images and
analyze the behavior of feature variance.

Why GMM? How to calculate variance in GMM?

We adopt the Gaussian Mixture Model (GMM) as a
proxy for the real-world data distribution. This choice is
motivated by the structure of commonly used datasets like
ImageNet, which consist of distinct categories. Specifically,
we model the image features within each category as a mul-
tivariate Gaussian distribution. While this is a simplified
assumption, it remains theoretically robust and yields con-
clusions consistent with more complex scenarios. The total
variance of the generated distribution is derived as follows:

Σgen = EG [Var(X|G)] + VarG [E(X|G)] , (1)

For the i-th generator, its variance is computed by:

V ar(X|G = i) = Σi
gen

=

M∑
j=1

πi,jΣi,j +

M∑
j=1

πi,j(µi,j − µi)(µi,j − µi)
T

(2)

Thus, the total variance can be expressed as:

Σgen =

G∑
i

wi

M∑
j

πi,jΣi,j

+

G∑
i

wi

M∑
j

πi,j(µi,j − µ̄)(µi,j − µ̄)T

+

G∑
i

wi(µi − µ̄)(µi − µ̄)T

= EM [Var(X|Gi,M)|Gi] + VarM [E(X|Gi,M)|Gi]︸ ︷︷ ︸
generator fitting variance

+ VarG [E(X|G)]︸ ︷︷ ︸
cross generator variance

,

(3)

where µi =
∑M

j πi,jµi,j , and µ̄ =
∑G

i µi denotes the
mean within a generator and the global mean across the en-
tire dataset, respectively.

How do prototypes limit variance growth?
Having established that variance increases with gener-

ator diversity, we now show how our prototype mapping
strategy mitigates this issue. In prototype mapping, the fea-
ture embedding is reorganized into a linear combination of
prototypes; this operation effectively sets an upper bound
on the embedding’s variance.

We have f̃ =
∑

wivi where wi is the attention score
and vi is a prototype vector. Let F be the random variable
of this reorganized embedding. Its variance is given by:

V ar(F ) = E
[
||F − E(F )||2

]
, (4)

where V ar(·) here denotes its trace in the covariance ma-
trix, i.e., tr(Σ). To proceed, we introduce an independent
identically distributed random variable F ′ to reformulate
this term as:

V ar(F ) =
1

2
E
[
||F − F ′||2

]
=

1

2

∑
wiwj ||vi − vj ||2,

(5)

Assume D = maxv∈P ||vi − vj ||. Since all the prototypes
are determined and fixed, this maximum distance is a con-
stant. Due to the fact that wi, wj ∈ [0, 1] and

∑
wi = 1,

this variance term can be bounded by:

V ar(F ) ≤ 1

4
D2. (6)

This derivation confirms that regardless of the number of
source generators, the variance of the features mapped to
the prototype space remains bounded by the geometry of
the prototype set.
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F.2. Visualization of Attention Maps
To provide interpretability for our model’s performance, we
move beyond theoretical bounds to empirical visualization.
We compare the attention maps from both the original CLIP
image encoder and the encoder fine-tuned by our proposed
GAPL.

These attention maps represent the attention scores be-
tween the [CLS] token and all spatial patch tokens. The
image encoder consists of 24 ViT blocks; in our visualiza-
tion, we sample 8 blocks, with block indices ascending from
left to right (shallow to deep). For visual clarity, bicubic in-
terpolation is applied to the raw attention maps. As shown
in Fig. 2 and Fig. 3, the comparisons demonstrate two key
findings: (1) Our encoder preserves rich semantic informa-
tion in the shallow layers, maintaining the generalization ca-
pability of the pre-trained model; (2) In deeper layers, com-
pared to the original CLIP, our model effectively leverages
more patches to form a more comprehensive artifact pattern.
Visually, this manifests as more pronounced and focused
bright spots in the deeper layers, indicating that GAPL has
successfully learned to attend to generator-specific traces.

G. Future Perspectives
While our proposed GAPL framework achieves state-
of-the-art performance by managing data heterogeneity
through generator-aware prototypes, we recognize that the
arms race between generation and detection is evolving. As
generative models (e.g., Flux [7], Midjourney v6 [30], Nano
Banana Pro [15]) increasingly mitigate low-level statistical
artifacts, relying solely on texture or frequency cues may
face diminishing returns. We envision that the next gener-
ation of AIGI detectors must integrate higher-level cogni-
tive capabilities. Specifically, we identify three promising
avenues where our scaling-up principles can intersect with
broader AI domains:

From Artifact Detection to Visual Reasoning. Cur-
rent forensic methods predominantly focus on signal-level
anomalies. However, highly realistic AI-generated images
often retain subtle semantic or logical inconsistencies (e.g.,
impossible shadows, mismatched reflections, or counting
errors) that are invisible to standard classifiers. Future
work should explore integrating Visual Reasoning frame-
works [20, 22, 39, 41] into the detection pipeline. By lever-
aging neuro-symbolic approaches or chain-of-thought rea-
soning, a detector could move beyond binary classification
to provide interpretable evidence based on compositional
logic, effectively identifying “why” an image violates real-
ity even when pixel statistics appear perfect.

Incorporating Spatial Intelligence and Physical Con-
straints. A persistent weakness in current generative

models is their frequent violation of 3D geometry and phys-
ical laws. While GAPL effectively learns 2D prototypes,
it does not explicitly model the underlying 3D structure of
the scene. Incorporating spatial intelligence [21, 45, 48]
could serve as a powerful orthogonal check. Models
equipped with 3D-aware representations or spatial reason-
ing capabilities can detect geometric implausibilities—such
as “Escher-like” structures or inconsistent depth cues—that
purely 2D generative models fail to resolve. This aligns
with our observation of “Benefit then Conflict,” suggesting
that physical laws could serve as the ultimate invariant fea-
ture across diverse generators.

Trustworthy Perception in Embodied AI. Finally, the
utility of AIGI detection extends beyond digital media
forensics into the physical world. As we deploy au-
tonomous agents, ensuring trustworthy perception is criti-
cal. Embodied agents operating in the real world must dis-
tinguish between authentic sensory inputs and potentially
manipulated streams (e.g., adversarial projections or deep-
fakes in video feeds) [4, 19]. Furthermore, robust detec-
tion models like GAPL can act as quality filters for Embod-
ied AI [5, 22, 29, 42], particularly in Sim-to-Real pipelines
where agents are trained on synthetic data. By rigorously
curating high-fidelity synthetic data that adheres to physical
realism, we can ensure that embodied agents develop robust
representations that generalize better to physical reality.
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Method ProGAN StyleGAN StyleGAN2 StarGAN GauGAN CycleGAN BigGAN Deepfake Mean

Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP

CNNDet [47] 100.0 100.0 74.3 98.4 76.3 92.1 81.1 95.3 80.1 98.0 81.1 96.4 59.5 88.2 51.0 66.1 75.3 ± 13.9 91.8 ± 10.3
NPR [40] 99.8 99.9 97.3 99.9 99.5 100 99.7 100 79.1 80.2 94.5 97.6 83.6 84.7 73.7 72.5 90.1 ± 9.9 91.8 ± 10.3
UniFD [32] 99.8 100.0 85.4 97.5 74.5 97.6 96.0 99.5 99.4 100.0 98.3 99.8 94.7 99.2 67.5 80.3 89.4 ± 11.6 96.7 ± 6.3
SAFE [26] 99.8 100.0 97.6 99.8 98.7 100.0 99.8 100.0 92.2 96.9 99.1 99.8 89.5 95.1 93.2 97.2 96.2 ± 3.7 98.6 ± 1.8
AIDE [49] 96.3 99.8 97.2 99.7 98.1 99.8 98.4 99.9 76.9 96.0 95.6 99.4 78.3 96.7 54.2 68.7 86.8 ± 14.9 95.0 ± 10.0
DRCT [9] 50.2 50.2 49.1 49.1 49.3 45.3 38.3 38.7 49.9 43.2 49.3 44.6 49.7 47.8 64.7 78.4 50.1 ± 6.7 49.6 ± 11.4
Co-SPY [10] 74.7 78.1 63.7 69.8 59.7 62.9 62.1 94.3 69.6 83.4 58.5 55.8 71.6 83.9 64.9 78.7 65.6 ± 5.4 75.9 ± 11.6
B-Free [17] 95.6 99.3 74.8 93.6 71.1 89.4 81.1 93.5 96.0 99.8 65.4 90.5 91.5 98.9 73.7 89.2 81.2 ± 11.1 94.3 ± 4.2
AIDE† [49] 92.7 98.8 88.6 95.1 93.6 98.6 88.0 99.0 87.7 98.9 92.0 98.9 84.9 97.7 54.8 63.2 85.3 ± 11.8 93.8 ± 11.6
D3 [50] 99.8 100.0 93.5 99.1 95.8 99.5 93.5 98.7 98.7 100.0 95.9 99.5 99.6 100.0 67.5 87.0 93.0 ± 9.9 98.0 ± 4.2
CommForen [33] 92.8 99.8 93.1 99.3 92.7 99.5 98.8 99.9 98.8 99.9 95.5 99.8 99.6 100.0 66.8 88.9 92.2 ± 10.0 98.2 ± 3.6
GAPL(Ours) 99.9 100.0 98.1 100.0 99.5 100.0 97.0 99.9 99.6 100.0 98.2 99.9 98.6 100.0 88.2 96.8 97.2 ± 3.6 99.5 ± 1.1

Table 2. Detaild results on the benchmark ForenSynth [47]. we only select its GAN variant. AIDE† denotes its scaling up checkpoint
trained on 8 generators.

Method DALL-E Glide-50-27 Glide-100-10 Glide-100-27 Guided LDM-100 LDM-200 LDM-200-cfg Mean

Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP

CNNDet [47] 52.9 68.4 55.7 78.0 54.3 74.3 53.3 73.7 52.8 68.1 52.0 68.7 51.5 68.2 52.2 69.6 53.1 ± 1.3 71.1 ±3.5
NPR [40] 90.3 97.4 97.2 99.2 97.6 99.2 96.9 99.1 87.1 92.6 97.4 99.1 97.6 99.2 97.4 99.0 95.2 ± 3.8 98.1 ± 2.2
UniFD [32] 87.5 97.7 79.2 96.0 78.0 95.5 78.7 95.8 70.0 88.3 95.2 99.3 94.5 99.4 74.2 93.2 82.2 ± 8.7 95.7± 3.4
SAFE [26] 97.5 99.7 96.6 99.2 97.3 99.4 95.8 98.9 82.4 95.8 98.8 100.0 98.8 100.0 98.7 99.9 95.7 ±5.1 99.1 ± 1.3
AIDE [49] 89.7 99.6 89.9 99.8 89.8 99.6 89.9 99.8 94.2 98.9 90.1 99.9 90.1 99.9 90.1 99.9 90.5 ±1.4 99.7 ± 0.3
DRCT [9] 55.6 57.8 56.2 62.6 61.0 70.4 56.2 62.7 62.6 89.3 88.8 96.6 88.9 96.7 90.3 97.5 70.0 ± 15.2 79.2 ±16.3
Co-SPY [10] 81.8 87.2 69.0 74.6 76.7 81.7 73.5 78.2 62.7 87.4 82.7 86.9 83.1 87.5 85.2 91.0 76.8 ±7.4 84.3 ±5.2
B-Free [17] 93.2 97.9 78.6 90.2 81.8 91.9 77.9 89.4 74.6 93.6 97.2 99.9 97.1 99.8 96.9 99.8 87.1 ±9.2 95.3 ± 4.2
AIDE† [49] 98.7 99.9 99.0 100.0 99.1 100.0 99.0 100.0 95.5 99.9 99.1 100.0 99.1 100.0 99.1 100.0 98.6 ± 1.1 100.0 ± 0
D3 [50] 94.0 98.7 95.8 99.3 95.8 99.4 95.7 99.5 95.9 99.6 96.1 99.7 95.8 99.7 89.3 96.5 94.8 ± 2.2 99.0 ± 1.0
CommForen [33] 98.4 99.9 97.1 99.6 98.2 99.8 96.8 99.6 66.1 76.6 98.5 99.9 98.7 99.9 98.5 99.9 94.0 ± 10.5 96.9 7.6
GAPL(Ours) 97.8 100.0 97.7 99.9 97.8 100 97.7 100.0 93.4 98.6 97.8 100.0 97.9 100.0 97.9 100 97.2 ± 1.5 99.8 ± 0.5

Table 3. Detaild results on the benchmark UFD. We refer this set to the diffusion part that [32] added.

Method VQDM SDv1.4 BigGAN Wukong SDv1.5 Glide Midjourney ADM Mean

Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP

CNNDet [47] 52.1 68.8 50.5 59.8 51.2 78.6 50.8 59.3 50.7 60.6 52.3 67.6 51.3 64.7 51.5 65.6 51.3 ± 0.6 65.6 ± 5.9
NPR [40] 89.6 94.1 92.1 95.0 70.1 80.3 88.0 93.0 91.7 95.4 93.2 96.5 79.7 86.5 85.7 91.7 86.2 ± 7.3 91.6 ± 5.1
UniFD [32] 84.0 96.3 64.1 87.4 89.8 98.5 71.8 91.2 64.4 86.0 61.6 84.6 57.2 75.5 67.1 86.8 70.0 ± 10.6 88.3 ± 6.7
SAFE [26] 96.1 99.6 99.4 100.0 97.6 99.8 98.1 99.8 98.8 99.9 97.2 99.6 95.5 99.5 81.5 96.4 95.5 ± 5.4 99.3 ± 1.1
AIDE [49] 98.4 99.9 98.3 99.9 98.9 99.9 97.3 99.8 98.1 99.8 98.6 99.9 86.4 96.6 96.8 99.5 96.6 ± 3.9 99.4 ± 1.1
DRCT [9] 61.3 85.4 97.9 99.8 52.3 86.3 95.9 99.6 97.9 99.8 60.1 91.2 98.2 99.9 60.0 90.2 78.0 ± 20.0 94.0 ± 6.0
Co-SPY [10] 72.2 93.9 93.1 99.2 64.7 90.8 91.2 98.8 93.0 99.0 81.4 96.5 70.0 91.0 58.8 84.3 78.0 ± 12.7 94.2 ± 4.9
B-Free [17] 88.2 98.3 99.4 100.0 76.5 96.8 99.4 100.0 99.3 100.0 69.7 93.8 94.1 99.3 72.5 93.7 87.4 ± 11.9 97.7 ± 2.5
AIDE† [49] 99.9 100.0 99.8 100.0 99.9 100.0 99.6 100.0 99.8 100.0 99.8 100.0 99.0 100.0 99.5 100.0 99.7 ± 0.2 100.0± 0
D3 [50] 98.3 99.9 98.1 99.8 97.1 99.7 97.7 99.8 97.7 99.8 98.3 99.8 79.7 95.8 96.8 99.6 95.5 ± 6.0 99.3 ± 1.3
CommForen [33] 90.9 99.7 90.6 99.2 71.5 81.6 91.0 99.1 90.5 99.2 89.4 98.4 77.5 86.8 72.9 83.5 84.3 ± 8.1 93.4 ± 7.5
GAPL(Ours) 98.2 100 98.2 100 97.9 99.8 98.1 99.9 98.0 99.9 98.1 99.9 90.3 97.6 95.0 99.2 96.7± 2.6 99.6 ± 0.7

Table 4. Detaild results on the benchmark GenImage.
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Method Real DALLE-2 Firefly SDv1.4 SDXL DALLE-3 Glide MJ-v5 SDv1.3 SDv2 Mean

Acc Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP

CNNDet [47] 96.5 7.0 64.8 14.4 74.9 1.5 49.9 5.2 59.0 0.1 36.2 1.8 46.9 1.2 44.8 1.3 49.3 4.8 96.5 50.3 ± 2.1 54.0 ± 17.9
NPR [40] 5.6 98.4 49.6 5.2 33.3 94.3 50.6 100 54.7 15.5 31.0 91.6 50.8 80.5 46.1 94.3 50.0 70.4 42.7 38.9 ±17.1 45.4±7.7
UniFD [32] 93.5 77.0 95.2 86.0 97.4 45.6 85.3 41.4 83.5 0.7 41.2 11.5 63.5 10.4 61.0 44.8 85.3 58.6 89.9 67.6 ±14.0 78.0 ± 17.6
SAFE [26] 15.5 92.0 42.2 4.3 31.0 91.8 55.9 87.4 37.1 44.5 34.7 58.1 36.0 97.0 54.8 91.0 53.9 99.5 56.5 44.7±15.1 44.7 ± 9.8
AIDE [49] 66.7 45.7 57.0 0.0 30.8 95.1 94.8 98.2 94.3 2.8 35.9 96.7 95.7 75.3 80.3 95.8 95.3 95.6 93.3 67.0 ± 19.3 75.3 ±25.3
DRCT [9] 96.1 4.1 53.6 11.4 60.7 88.2 97.9 89.6 98.2 35.6 80.8 14.1 72.9 99.4 99.9 89.6 98.2 99.9 100.0 77.6 ± 19.6 84.7± 17.3
Co-SPY [10] 97.6 48.5 90.8 43.6 87.5 74.7 96.4 44.1 87.9 73.7 96.5 80.6 97.8 35.2 85.0 74.5 96.7 40.0 85.4 77.4 ± 8.6 91.6 ± 5.0
B-Free [17] 98.5 88.5 98.9 99.2 99.9 99.8 99.9 100.0 100.0 93.1 99.4 42.7 91.8 98.9 99.9 100.0 100.0 99.5 99.9 94.9± 8.8 98.9 ± 2.5
AIDE† [49] 32.8 27.3 35.8 0.3 31.5 99.0 64.4 98.6 64.8 34.8 43.4 97.1 66.8 98.6 75.0 99.7 65.8 96.7 57.0 52.7 ± 18.8 56.0 ± 14.5
D3 [50] 82.0 87.7 92.6 92.0 95.3 96.5 97.9 89.4 93.6 28.6 61.3 90.6 95.3 62.6 81.2 96.4 97.7 82.6 90.8 81.3 ± 10.4 89.5 ± 11.0
CommForen [33] 84.6 83.9 91.6 93.1 96.6 94.7 97.4 98.5 98.3 76.1 88.4 90.0 96.0 80.6 91.4 95.7 97.7 92.9 95.3 87.1 ±3.6 94.8 ± 3.3
GAPL(Ours) 90.0 94.0 97.5 94.3 98.2 98.1 99.3 99.8 99.8 60.1 85.3 97.6 99.2 92.0 97.4 98.2 99.3 96.4 98.7 91.1 ± 5.8 97.2 ±4.3

Table 5. Detailed results on the benchmark SynthBuster [6]. In this benchmark, all generated images are pair with exactly the same real
images. Thus we report the real images accuracy and each generator’s fake accuracy independently. We pair the metrics of real and each
generators to get the final mean metrics .

Method DFGAN MJv6 Kandinsky SDcas. MJv5 Firefly2 Firefly3 GALIP LCM-lora-sdxl Hourglass Kvikontent

Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP

NPR [40] 96.6 100.0 98.6 99.0 57.7 56.1 57.4 56.4 96.7 98.3 49.2 45.0 49.6 52.4 51.7 48.0 39.9 41.6 88.6 91.6 58.6 56.3
SAFE [26] 50.3 44.8 49.9 45.0 49.6 53.2 49.9 51.0 49.9 45.1 50.0 51.3 50.1 51.2 49.5 53.9 49.5 52.3 50.1 45.2 50.2 51.5
AIDE [49] 49.9 43.9 49.8 44.7 49.9 50.1 50.2 52.6 49.9 44.4 50.2 46.2 50.2 46.8 49.7 53.0 49.7 46.1 49.8 46.1 50.1 54.1
DRCT [9] 49.9 45.9 49.6 47.0 49.6 53.1 49.4 52.7 49.7 50.5 49.6 49.1 49.9 47.0 50.2 56.6 50.0 49.0 50.0 46.9 49.6 52.2
Co-SPY [10] 50.0 84.5 70.1 86.5 68.4 74.8 71.0 76.7 63.0 80.8 68.6 86.4 86.7 95.8 38.4 34.1 43.1 38.8 52.8 59.1 74.4 84.8
B-Free [17] 92.2 96.5 76.7 84.9 85.7 99.4 86.1 99.3 86.2 97.2 82.9 92.7 81.8 91.7 81.8 91.9 85.0 97.6 57.6 65.6 86.6 99.5
AIDE† [49] 49.9 56.4 49.7 46.9 50.4 53.3 50.8 53.8 50.2 47.5 49.7 50.7 50.0 47.8 50.4 55.9 50.4 51.8 50.0 44.7 50.3 48.1
D3 [50] 98.4 100.0 69.5 81.0 67.9 84.5 71.5 90.0 76.7 87.0 80.0 90.8 78.6 88.7 70.8 90.8 63.0 77.7 68.3 83.1 74.9 95.7
GAPL(Ours) 99.0 100 87.1 97.3 93.0 99.1 93.3 99.6 88.6 99.3 87.3 96.2 85.1 93.7 90.6 98.1 88.2 95.8 78.5 89.4 94.5 99.8

Table 6. Detailed results on the benchmark Community forensic evaluation. This is the first part. Note that the results of CNNDet, UniFD
and CommForen are directly cited from the original paper [33] and dataset repository, whose detailed results are not available.

Method DALL-E 2 DALL-E 3 LCM-lora-sdv1.5 DeciDiff. FLUX-dev FLUX-schnell IdeogramV2 IDeogramV1 Imagen3 LCM-lora-ssd1b Mean

Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP Acc AP

NPR [40] 91.7 97.6 96.5 99.2 53.6 50.1 43.9 44.1 98.1 98.9 97.8 99.0 96.4 98.8 96.5 98.5 98.6 98.7 32.3 38.4 73.8 ± 24.0 74.7 ± 25.0
SAFE [26] 50.7 44.8 50.1 45.1 49.7 50.8 49.7 50.5 49.9 45.1 50.1 45.0 50.1 45.0 49.9 45.1 50.1 44.9 50.0 53.2 50.0 ± 0.3 48.3 ± 3.5
AIDE [49] 49.6 44.2 50.0 45.2 50.1 52.4 50.0 48.5 49.9 44.9 49.8 44.5 50.0 44.4 49.9 44.7 49.8 45.0 50.0 47.7 49.9 ± 0.2 47.1 ± 3.2
DRCT [9] 49.3 46.8 49.5 49.0 49.8 51.5 49.6 51.8 48.4 46.8 48.6 47.0 50.0 49.1 49.6 49.4 49.0 49.0 49.2 46.9 49.5 ± 0.4 49.4 ± 0.7
Co-SPY [10] 77.4 91.3 85.2 96.0 67.2 74.1 71.7 79.8 80.1 93.5 71.8 87.6 71.2 88.3 75.6 90.8 77.0 91.8 61.0 68.3 67.9 ± 12.4 79.2 ± 16.6
B-Free [17] 74.3 81.3 86.5 98.9 85.5 99.0 86.0 99.3 73.8 82.7 79.0 88.2 81.2 89.2 81.8 91.4 74.6 83.0 87.0 98.2 81.5 ± 7.1 91.8 ± 8.4
AIDE† [49] 49.3 47.4 49.9 45.1 50.6 48.2 50.4 50.7 49.9 40.9 50.1 41.7 50.0 42.9 50.0 43.7 50.1 44.4 50.0 51.8 50.1 ± 0.3 48.3 ± 4.4
D3 [50] 87.5 95.0 90.1 96.6 67.0 80.6 62.1 76.4 79.3 89.7 73.5 83.8 67.2 77.5 67.6 78.6 70.7 83.1 61.5 74.5 73.6 ± 9.3 86.0 7.1
GAPL(Ours) 88.4 97.5 88.9 99.6 93.9 99.7 92.3 99.1 87.3 98.9 88.0 98.2 88.0 98.2 87.7 98.7 87.0 95.9 90.4 97.6 89.4± 4.0 97.8± 2.4

Table 7. Detailed results on the benchmark Community forensic evaluation. This is the second part.

6



Generated

Original CLIP

Ours

Ours

Original CLIP

Generated

Figure 2. Self-Attention map between original CLIP backbone and our finetuned backbone. There are 24 ViT blocks in the image encoder,
we plot 8 blocks in each row, with indices increasing from left to right. For clarity of visualization, we use bicubic interpolation between
image patches. In the shallow layers, we preserve most semantic features, in deep layers, our attention includes a wider range compared to
original CLIP.
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Figure 3. Self-Attention map between original CLIP backbone and our finetuned backbone. There are 24 ViT blocks in the image encoder,
we plot 8 blocks in each row, with indices increasing from left to right. For clarity of visualization, we use bicubic interpolation between
image patches. In the shallow layers, we preserve most semantic features, in deep layers, our attention includes a wider range compared to
original CLIP.
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