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1 More Details about LEP Computation

The local entropy patterns (LEP) are computed across the entire image using a 2× 2 sliding window.
The resulted entropy can only take values from a finite set V = {0, 0.8, 1.0, 1.5, 2.0}. We provide
detailed calculation processes as follows:

Denoting a single 2× 2 block as Xi,j . The probabilities distribution of the four pixels is denoted as
P. According to the standard definition of Shannon entropy [1], LEP calculation of a single block is
given by:

LEP (Xi,j) = −
∑
p∈P

p · log2(p). (1)

Since a 2× 2 image block contains only four pixels, the LEP computation for such a block can only
take from the following five possible situations depending on their occurrences:

• All pixels are the same:

P = {1},
LEP(Xi,j) = −1 · log21 = 0.

• Three pixels are the same, one different:

P = {1
4
,
3

4
},

LEP(Xi,j) = −1

4
· log2

1

4
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4
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4
≈ 0.8.

• Two pairs of pixels are the same:

P = {1
2
,
1

2
},

LEP(Xi,j) = −2 · 1
2
· log2

1

2
= 1.0.

• Two pixels are the same, two different:

P = {1
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,
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,
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4
},

LEP(Xi,j) = −1

2
· log2

1

2
− 2 · 1

4
· log2

1

4
= 1.5.
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Table 1: Quantity of image samples in different datasets involved in the experiments.

Dataset # True # Fake

Training ProGAN 72k 72k

Validation ProGAN 800 800

Testing

GAN-Set

ProGAN 4k 4k
StyleGAN 6k 6k
StyleGAN2 8k 8k
BigGAN 2k 2k
CycleGAN 1.3k 1.3k
StarGAN 2k 2k
GauGAN 5k 5k
AttGAN 2k 2k
BEGAN 2k 2k
CramerGAN 2k 2k
InfoMaxGAN 2k 2k
MMDGAN 2k 2k
RelGAN 2k 2k
S3GAN 2k 2k
SNGAN 2k 2k
STGAN 2k 2k

Diffusion-Set

DDPM 1k 604
IDDPM 1k 1k
ADM 6k 6k
LDM 1k 1k
PNDM 1k 1k
VQ-Diffusion 1k 1k
SDv1 6k 11k
SDv2 1k 1k
DALL·E mini 1k 1k
Glide-100-10 1k 1k
Glide-100-27 1k 1k
Glide-50-27 1k 1k
LDM-200 1k 1k
LDM-200-CFG 1k 1k
Midjourney 2k 2k
DALL·E 2 2k 2k

• All four pixels are different:

P = {1
4
,
1

4
,
1

4
,
1

4
},

LEP(Xi,j) = −4 · 1
4
· log2

1

4
= 2.0.

The computation of LEP is determined solely by whether the pixel values within the block are
mutually identical or not, without considering the actual values of those pixels. Moreover, a block of
four pixels results in only five situations of pixel occurrence. Therefore, we utilized a fast algorithm
for LEP computation based on identifying from the above five situations for a given block using
logical operations to check the equality of pixels, instead of executing the actual procession of
Shannon entropy defined by Eq. 1. A Python script named entropy.py, which implements a
function for fast LEP computation of an entire image without using a for loop, is provided as an
attachment.
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Table 2: Mean Acc. and A.P. over 8 additional generative models released recently.

Model NPR[6] ForgeLens[7] D3[8] VIBAIGC[9] Ours

Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P. Acc. A.P.

GPT-4o 100.0 100.0 47.9 97.2 95.9 99.6 54.9 83.4 100.0 100.0
Flux 94.2 98.9 53.2 91.5 90.1 97.7 47.8 43.3 84.8 96.7
firefly 93.4 99.3 90.9 99.7 78.9 94.2 86.2 94.5 93.3 97.9
SDXL 100.0 100.0 83.9 98.7 94.0 98.7 77.2 93.4 99.8 100.0
Midjourney-v5 99.4 99.8 64.6 89.7 95.8 99.4 52.0 52.4 98.7 100.0
SDv1.4 92.3 95.6 93.6 99.5 97.4 99.8 69.0 86.7 98.9 99.9
SDv1.5 92.0 95.5 93.0 99.2 97.5 99.7 68.7 86.3 98.7 99.8
Wukong 87.9 92.8 90.1 99.2 97.1 99.6 74.6 90.7 98.6 99.9
Mean 94.9 97.7 77.1 96.9 93.3 98.6 66.7 78.8 96.6 99.4

2 Details about Image Datasets

More details about the image datasets involved in our experiment (the main manuscript), specifically
the number of positive and negative image samples in each subset are shown in Table 1.

3 Additional Experiments on Newly Released Datasets

We further evaluated our method on several recently released high-quality generative image datasets,
including those produced by GPT-4o [2], Flux2, SDv1.4, SDv1.5, Wukong, Firefly, SDXL, and
Midjourney v5. Among them, SDv1.4, SDv1.5, and Wukong are sourced from GenImage [3], while
Firefly, SDXL, and Midjourney v5 come from Synthbuster [4]. The results, summarized in Table 2,
compare our method with several recent detection models using mean detection accuracy (Acc.) and
average precision (AP), with each dataset containing balanced real and fake samples. As shown,
our approach consistently achieves superior performance across most datasets (except for Flux),
highlighting its strong generalization capability in detecting AI-generated content from previously
unseen generators.

4 Additional Samples for Qualitative Analysis

More visualizations in the pixel, entropy and Fourier domains inspecting the difference between
original and synthesized samples are shown in Fig. 1. More visualization samples for qualitative
comparison between Zheng [5], NPR [6], and our method are shown in Fig. 2. More t-SNE
visualizations of real vs. fake samples across extra generative models are shown in Fig. 3.

Moreover, Figs. 4, 5, and 6 visualize the MLEP feature maps for various types of images (real,
GAN-generated, and Diffusion-generated) in comparison with their shuffled forms across different
patch sizes. These visualizations highlight the semantic mitigation effect achieved by combining LEP
features with patch shuffling, particularly when very small patch sizes are applied.
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Figure 1: Visualization of local entropy patterns for additional real–fake image pairs, along with their
differences in the pixel, entropy, and Fourier domains.
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Figure 2: Qualitative comparison between Zheng [5], NPR [6], and our method. LEP preserves
minimal visible semantics, while MLEP (without resampling) further suppresses semantic content.
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Figure 3: t-SNE visualization of real vs. fake samples across methods on extra generative models.
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Figure 4: Visualization of MLEP for real images and their shuffled versions with varying patch sizes.
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Figure 5: Visualization of MLEP for StyleGAN2 images and their shuffled versions with varying
patch sizes.
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Figure 6: Visualization of MLEP for DALL·E 2 images and their shuffled versions with varying patch
sizes.
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