
EIB-Net: Entropy-Guided Information Bottleneck
for Generalizable AI-Generated Image Detection

Zhida Zhang
School of Artificial Intelligence,

UCAS & NLPR, CASIA
Beijing, China

zhida.zhang@cripac.ia.ac.cn

Xinlei Ma
School of Advanced Interdisciplinary Sciences,

UCAS & NLPR, CASIA
Beijing, China

xinlei.ma@nlpr.ia.ac.cn

Jie Cao *

NLPR, Institute of Automation,
Chinese Academy of Sciences

Beijing, China
jie.cao@cripac.ia.ac.cn

Abstract—The proliferation of photorealistic AI-generated im-
ages demands robust detection methods that generalize across
diverse generative models. While existing approaches target
manipulation-based forgeries with local artifacts, generation-
based images (e.g., from diffusion models) lack such traces, posing
a fundamental challenge. We observe that generative models
prioritize global semantics at the expense of local texture fidelity,
making low-texture regions key indicators of synthetic origin. To
exploit this, we propose EIB-Net, an Entropy-guided Information
Bottleneck Network. EIB-Net introduces a novel Image Entropy
(IE) metric to automatically select the most informative (lowest-
entropy) patch, then processes it with a Variational Informa-
tion Bottleneck (VIB) to learn compact, generalizable features.
Extensive experiments on DIFF, DiffusionForensics, and Gen-
Image benchmarks demonstrate state-of-the-art performance:
EIB-Net achieves 85.7% accuracy using only 2% of training
data, outperforming full-image baselines by over 15%, and
maintains robust cross-generator generalization (83.5% average
accuracy on GenImage). Furthermore, our entropy-guided patch
selection (EGPL) consistently enhances diverse backbones (CNNs
and Transformers), proving its practical value for data-efficient
detection.

Index Terms—AI-generated Image Detection, Patch-based
Analysis, Information Bottleneck, Generalization

I. INTRODUCTION

In recent years, the rapid advancement of generative models,
notably Generative Adversarial Networks (GANs) [1] and the
latest diffusion models (e.g., Stable Diffusion [2], Midjourney
[3]), has pushed synthetic image realism to unprecedented
levels. These text-to-image systems now produce content of-
ten indistinguishable from real photographs. While beneficial
for creative applications, this capability simultaneously raises
severe concerns regarding the misuse of synthetic media for
disinformation, underscoring the urgent need for robust image
authenticity verification techniques.

Most detection frameworks were originally developed for
manipulation-based forgeries (e.g., deepfakes [4]), which typ-
ically leave clear, localized artifacts like boundary inconsis-
tencies. However, detecting pure generation-based images
is fundamentally more challenging. Unlike tampered images,
generated images lack explicit traces; their subtle statistical
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flaws are often distributed across the image, making traditional
localization-based methods ineffective.

We identify the root cause of this failure: a mismatch in
focus between generation and detection. Generative models
are optimized to produce globally coherent semantics, often at
the expense of local texture fidelity. In particular, low-texture
regions (e.g., clear skies, smooth walls) receive weak super-
vision during training, leading to unnatural smoothness and a
lack of characteristic high-frequency noise. This observation
leads to our core insight: the smoother, the faker. Ironically,
the most revealing artifacts of synthetic origin are found not
in complex textures but in the simplest, most homogeneous
areas.

This counter-intuitive insight is supported by the Gestalt
principle of perception [5], which states that both humans
and neural networks are biased toward global structure, often
overlooking local details. By shifting the detection focus from
global semantics to local statistical anomalies, we can build
more robust and generalizable detectors.

To operationalize this insight, we propose the Entropy-
guided Information Bottleneck Network (EIB-Net). EIB-Net
implements a “select-then-compress” strategy through two
novel components:

1) Entropy-Guided Patch Learning (EGPL): We design
a novel Image Entropy metric to quantify local smooth-
ness, automatically selecting the single most suspicious
(lowest-entropy) patch as input.

2) Variational Information Bottleneck (VIB): This mod-
ule compresses the patch representation, discarding ir-
relevant semantic content and forcing the model to learn
compact, authenticity-relevant features.

By focusing exclusively on the most artifact-prone region
and suppressing content redundancy, EIB-Net learns to detect
based on intrinsic texture fidelity rather than dataset-specific
semantics.

Extensive experiments on DIFF, DiffusionForensics, and
GenImage benchmarks validate EIB-Net’s superiority. It
achieves state-of-the-art accuracy in both intra- and cross-
generator settings while exhibiting exceptional data effi-
ciency—maintaining over 85% accuracy with only 2% of
training data. Furthermore, the EGPL component proves
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Fig. 1: Visual comparison of real and AI-generated images. The red box marks the lowest-entropy patch. The magnitude
spectrum (middle) and variance image (right) show that real images contain richer high-frequency components and more
complex local variance patterns.

model-agnostic, consistently enhancing diverse backbone ar-
chitectures (CNNs and Transformers).
Our main contributions are summarized as follows:

• We propose EIB-Net, a novel patch-based detection
framework combining EGPL and VIB for robust, gen-
eralizable, and data-efficient AI-generated image detec-
tion.

• We introduce a new Image Entropy (IE) metric to
guide patch selection toward smooth, artifact-prone re-
gions, which significantly enhances convergence speed
and generalization, especially under low-data regimes.

• We demonstrate that the EGPL selection strategy is
broadly applicable across diverse CNN and Transformer
architectures, and that the full EIB-Net consistently
achieves superior performance on challenging intra- and
cross-generator benchmarks.

II. RELATED WORK

A. Generated Image Detection

Early research on AI-generated image detection primarily
focused on manipulation-based forgeries (e.g., deepfakes), typ-
ically employing specialized CNNs and attention mechanisms
[6]–[9]. However, these methods, which often rely on bound-
ary or lighting artifacts, prove less effective against the highly
photorealistic images generated by modern Latent Diffusion
Models (LDMs), which lack explicit tampering traces.

To address the LDM challenge, several model-specific ap-
proaches emerged. Wang et al. [10] introduced Diffusion
Reconstruction Error (DIRE), which measures discrepancies
between an image and its reconstruction by a pre-trained
diffusion model. Methods like AEROBLADE [11] and LA-
TENTTRACER [12] perform detection by analyzing LDM’s
autoencoder representations without additional training. Other

work leverages intrinsic statistical or structural flaws: Tan et
al. [13] propose Neighboring Pixel Relationships (NPR) to
capture upsampling artifacts, while more recent generalizable
approaches like GenDet [14] learn discriminative features
from full images, which may still inadvertently encode se-
mantic biases.

However, most approaches still rely on model-specific
reconstruction (e.g., DIRE), target particular geometric in-
consistencies [15], or over-rely on global semantic priors. In
stark contrast, our work is distinguished by its focus on low-
texture, low-entropy regions. This deliberate departure from
the established practice in camera-based forensic tasks (e.g.,
camera model identification) whichhigh-entropy (texture-rich)
patches are typically selected to capture device-specific noise
patterns. We posit that for synthesis artifacts, the weakness
of generative models lies in the under-supervised, smooth
areas—a novel hypothesis that guides our entropy-based patch
selection.

B. Mutual Information and Information Bottleneck

The Information Bottleneck (IB) principle [16] seeks
to compress input representations X into a compact latent
variable Z while preserving task-relevant information about
the target variable Y . This principle provides an effective
means for enhancing generalization and robustness. Variational
formulations of IB, such as the Variational Information Bot-
tleneck (VIB) proposed in [17], [18], adapt the IB principle to
deep neural networks. These works reveal profound connec-
tions between IB, disentangled representation learning [19],
and rate-distortion theory.

Recent research extends IB’s utility across domains in-
cluding reinforcement learning, adversarial robustness, and
generative modeling [20]–[22]. In our work, the VIB module



is not merely an add-on for regularization; it is integral to our
strategy for overcoming semantic overfitting. By enforcing a
compressed latent representation, the VIB actively discards
content-related information from the selected image patch,
compelling the network to retain only the minimal, task-
relevant statistical cues for authenticity detection. This aligns
with the recent direction of explicitly learning content-agnostic
representations for media forensic tasks [23], and together
with our low-entropy patch selection, forms a dual strategy
operating at both the data and feature levels to achieve robust
generalization.

III. METHOD

A. Overview of EIB-Net

Our proposed EIB-Net is designed to detect AI-generated
images by directly countering the prevalent issue of semantic
overfitting. Instead of analyzing the full image—which often
leads models to exploit dataset-specific content biases—EIB-
Net forces the detector to base its decision on subtle, local
statistical anomalies. As illustrated in fig. 2, this is achieved
through a synergistic two-stage strategy:

• Entropy-Guided Patch Learning (EGPL): This front-
end module implements our “low-entropy hypothesis”. It
computes a novel Image Entropy metric to automatically
identify and select the single, smoothest image patch
where generative artifacts are most likely to be exposed.

• Feature Learning with Variational Bottleneck: The
selected patch is processed by a feature encoder (ResNet)
followed by a Variational Information Bottleneck
(VIB) layer. The VIB actively compresses the feature
representation, discarding content-related information and
preserving only the minimal statistical cues essential for
authenticity classification.

This “select-then-compress” paradigm ensures the model
learns from artifact-prone regions while being invariant to
distracting global semantics, thereby achieving robust gener-
alization.

B. Entropy-Guided Patch Learning (EGPL)

1) Image Entropy Computation: To locate the most vul-
nerable regions, we introduce an Image Entropy (IE) metric
that quantifies local texture complexity across color channels.
Given an RGB image I ∈ RC×H×W where C = 3, we first
divide it into N non-overlapping patches {P1, P2, ..., PN}.

The IE for each patch is computed by aggregating multi-
directional intensity gradients within each color channel. We
employ two Laplacian-style convolutional kernels:

Kneighbor =
[

0 −1 0
−1 4 −1
0 −1 0

]
, Kdiagonal =

[−1 0 −1
0 4 0
−1 0 −1

]
. (1)

These kernels highlight intensity variations in adjacent and
diagonal directions, respectively. The convolution is applied
independently to each of the three RGB channels. For the

entire image, the total variation map Dtotal ∈ RC×H×W is
obtained by a weighted sum of the absolute responses:

Dtotal = |I ∗Kneighbor|+
1√
2
|I ∗Kdiagonal|, (2)

where ∗ denotes the 2D convolution performed per channel.
The scalar entropy value IE(Pi) for a patch Pi is then

defined as the sum of Dtotal over all three color channels
and all spatial locations within that patch:

IE(Pi) =
C∑
c=1

∑
(h,w)∈Pi

D
(c,h,w)
total . (3)

A lower IE value indicates a smoother, less textured region
across color channels.

2) Patch Selection: Following our hypothesis that low-
entropy areas are weak points for generators, the EGPL
module selects the patch with the minimum entropy as the
sole input to the subsequent detector:

Pmin = argmin
Pi

IE(Pi). (4)

This operation focuses the model’s attention precisely on the
region where generative supervision is likely weakest and
statistical anomalies are most pronounced

C. Network Architecture with VIB

The selected patch Pmin is resized to a standard resolution
and fed into a ResNet-50 backbone (with the final fully-
connected layer removed) to produce a feature vector x ∈ Rd.

To further purify this feature by stripping away residual
semantic information, we employ a Variational Information
Bottleneck (VIB) layer. The VIB models the distribution of
a latent code z given x. It first projects x into the parameters
of a Gaussian distribution:

µ = Wµx+ bµ, (5)

logσ2 = Wσx+ bσ − 5. (6)

Here, the constant offset −5 initializes σ near zero, ensuring
stable training in the early phases. The latent code z is then
sampled using the reparameterization trick: z = µ + σ ⊙ ϵ,
where ϵ ∼ N(0, I). This stochastic bottleneck compels the
model to form a compact representation z that is maximally
informative about the authenticity label while being minimally
informative about the input x, thereby enforcing the informa-
tion bottleneck principle.

D. Loss Function

The model is optimized end-to-end with a composite loss
function L that balances classification accuracy, prediction
consistency, and feature compression:

L = LLS-CE + α ·LJSD︸ ︷︷ ︸
Lcls

+β ·LKL. (7)

Classification Loss with Self-Regularization. To promote
generalization and calibrated predictions, the classification
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Fig. 2: The pipeline of EIB-Net. Given an input image, the Entropy-Guided Patch Learning (EGPL) module computes the
Image Entropy map and selects the patch Pmin with the minimum entropy. This patch is encoded by a ResNet backbone, and
its features are compressed by the Variational Information Bottleneck (VIB) layer into a latent representation z for the final
real/synthetic classification.
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Fig. 3: Illustration of Image Entropy (IE) computation. For
each pixel in the patch, differences with neighboring and
diagonal pixels are computed using Kneighbor and Kdiagonal.
These differences are weighted, summed, and aggregated to
form the total Image Entropy Dtotal.

term Lcls combines a Label Smoothing Cross-Entropy loss
(LLS-CE) with a Jensen-Shannon Divergence (JSD) regulariza-
tion (LJSD) weighted by α = 12. LLS-CE with smoothing factor
ϵ = 0.1 prevents over-confidence. LJSD encourages consistent
output distributions and acts as an additional regularizer. The
overall classification loss is:

Lcls = LLS-CE + α ·LJSD. (8)

Information Bottleneck Regularization. The VIB module is
regularized by the KL divergence between the learned latent
distribution q(z|x) and a standard Gaussian prior p(z):

LKL =
1

N

N∑
i=1

KL [q(zi|xi)∥p(zi)] . (9)

Hyperparameters. The trade-off between task performance
and latent compression is controlled by β, set to 10−3 in all
experiments.

IV. EXPERIMENTS

A. Experimental Setup

We utilize three benchmarks: DIFF [24] (faces), Diffu-
sionForensics [10] (LSUN/ImageNet), and GenImage [25]

TABLE I: Accuracy (%) on DIFF-Intra under varying training
data ratios. EIB-Net achieves superior performance across all
data regimes, especially under low-data conditions. * indicates
reproduced results.

Model 100% 20% 5% 2%

ResNet50* 98.66 90.86 86.69 82.67

RMT-S* 98.81 93.27 84.66 70.66

ViT-B16* 97.02 86.53 71.46 62.09

Xception* 98.85 97.09 76.28 70.12

EIB-Net (Ours) 98.85 97.17 92.85 85.69

(ImageNet-base). We evaluate on two settings: (1) Intra-
model: Train/Test on the same generator distribution; (2)
Cross-model: Train on one source (e.g., SDv1.4) and test on
unseen generators. We report Accuracy (Acc) and provide full
training details in the supplementary material.

B. Intra-Model Generalization

We evaluate in-domain robustness using a curated face-
image subset, DIFF-Intra (see supplementary), varying training
data ratios from 100

Analysis. The superiority of EIB-Net stems from its targeted
learning strategy. While full-image models, especially ViT-
B16, overfit to limited semantic cues, EGPL provides a strong
inductive bias. By focusing on low-entropy, artifact-prone
regions, EGPL acts as an efficient data filter, enabling stable
and sample-efficient learning from limited supervision.

C. Cross-model generalization

1) DiffusionForensics: Following [10], models are trained
on LSUN-Bedroom and tested on ImageNet samples from
ADM and SDv1, a challenging cross-scene and cross-model
setup. We report results at different training ratios to assess
data efficiency (table II).

Analysis. EIB-Net maintains near-perfect validation accu-
racy (>99% with 1% data) and robust test accuracy (>80%



TABLE II: Cross-model generalization on DiffusionForensics.
Models are trained on LSUN-Bedroom and tested on Ima-
geNet. Each row shows performance under a specific training
ratio. Best results per row are in bold, EIB-Net column is
shaded.

Train Ratio Res.50* RMT-S* ViT* Xcep.* (Ours)

Validation Accuracy (ADM_VAL)
20% 100.00 100.00 96.10 92.65 100.00
5% 99.45 99.85 92.10 96.45 99.85
1% 91.80 98.75 84.15 90.55 99.00

Test Accuracy (ADM)
20% 64.73 72.17 60.26 74.54 86.70
5% 71.29 81.20 57.31 76.55 87.50
1% 70.90 72.29 57.67 68.40 85.80

Test Accuracy (SDv1)
20% 46.18 56.55 34.03 52.97 87.47
5% 43.27 57.67 34.91 52.88 87.87
1% 39.98 53.91 34.70 38.87 81.93

across both ADM and SDv1). In stark contrast, all baselines
suffer a catastrophic drop in test performance, despite strong
validation results. This confirms our hypothesis that baselines
overfit to global, distribution-specific semantics in the LSUN
training set. EIB-Net, by leveraging local statistical anomalies
(via EGPL) and compressing semantics (via VIB), learns
fundamentally more transferable features.

2) GenImage: We evaluate cross-generator generalization
on the GenImage benchmark, training all methods exclusively
on images synthesized by SD v1.4 and testing on samples
from eight different generators.

As shown in table III, EIB-Net consistently outperforms
both classical and state-of-the-art detectors across most gen-
erators. Notably, it achieves near-perfect accuracy on SD v1.4
(99.89%) and the best average accuracy (83.51%) across
unseen generators.

D. Ablation Study

We conduct ablation studies to validate the design of EIB-
Net, with a focus on our core innovations: the Entropy-
Guided Patch Learning (EGPL) module and the Variational
Information Bottleneck (VIB).

1) Analysis of EGPL Component:
a) Why Low-Entropy Patches?: We first ablate the patch

selection strategy using a ResNet50 backbone. As shown in
fig. 4(b), selecting the minimum entropy patch (min16)
achieves accuracy comparable to using the full image (ori) but
with faster convergence. In contrast, selecting the maximum
entropy patch (max16) results in the worst performance. This
critical comparison provides direct empirical support for our
“low-entropy hypothesis”: high-entropy, texture-rich regions
act as noisy distractors, while low-entropy, smooth regions are
the most reliable indicators of generative artifacts.

b) How Many Patches?: We then analyze the granularity
of patch splitting. Fig. 4(a) shows that dividing the image
into 16 patches (min16) offers the optimal trade-off. Too
few patches (e.g., min4) may contain excessive irrelevant
content, while too many (min64) may excessively fracture the

(a) Accuracy vs. Patch Number

(b) Accuracy vs. Patch Type

Fig. 4: Validation accuracy of ResNet50 under varying patch
configurations. (a) shows performance under different patch
quantities, using the lowest-entropy patch from each split. (b)
compares different patch selection strategies on a 16-patch
split. Accuracy is smoothed with a moving average of 20
epochs.

artifact signal. The single full-image patch (min1) suffers from
information loss due to rescaling.

c) Is EGPL Model-Agnostic?: To demonstrate the gen-
erality of our entropy guidance, we integrate EGPL into
diverse backbone architectures. Table IV shows that EGPL
provides consistent and significant performance gains across
CNNs (ResNet50) and Transformers (ViT-B16, RMT-S) on
both intra- and cross-model benchmarks. This confirms that
the benefit of focusing on low-entropy regions is a general
principle, not an architecture-specific trick.

2) Analysis of VIB and Integrated Framework:
a) Role of the Information Bottleneck.: The VIB module

is designed to compress features and discard semantic noise.
Ablating the VIB module (i.e., using only EGPL) leads to
a noticeable drop in cross-model generalization performance,
validating its role in improving feature robustness.

b) Synergy of EGPL and VIB.: The final row of table IV
shows that the complete EIB-Net (EGPL + VIB) achieves the
best overall performance, surpassing EGPL used alone on any
single backbone. This demonstrates a clear synergy: EGPL
selects the most informative data (low-entropy patch), and
VIB extracts the most informative features from it, together
forming a powerful “select-then-compress” pipeline that is
highly efficient and robust.



TABLE III: The cross-generator results on GenImage. All methods are trained only on the SD v1.4 subset. Accuracy (%) is
reported. The * symbol indicates the result of reproduction.

Method Year Mid SDv1.4 SDv1.5 adms glide wukong vqdm BigGAN Average

ResNet18* 2016 62.33 99.75 99.31 56.00 60.75 96.17 55.67 51.08 72.63
ResNet50* 2016 61.25 99.92 99.81 57.83 69.58 98.67 59.67 53.75 75.06
Swin-T* 2021 62.67 99.92 99.56 61.92 78.25 98.00 62.67 58.08 77.84
Xception* 2017 60.58 99.92 99.62 65.75 84.92 98.58 67.67 58.33 79.42
DIRE 2023 60.20 99.90 99.80 50.90 55.00 99.20 50.10 50.20 70.66
GenDet 2024 89.60 96.10 96.10 58.00 78.40 92.80 66.50 75.00 81.56
PatchCraft 2024 79.00 89.50 89.30 77.30 78.40 89.30 83.70 72.40 82.30
EIB-Net - 76.92 99.89 99.89 72.17 80.25 99.88 64.25 74.83 83.51

TABLE IV: Impact of EGPL on different backbone architec-
tures across datasets. DIFF(20%) and DIFF(5%) refer to intra-
model validation accuracy with limited data. GenImage(Avg)
is the average cross-model performance. EGPL improves gen-
eralization across all models.

Model DIFF (20%) DIFF (5%) GenImage (Avg)

ResNet50 90.86 88.10 75.06
ResNet50 + EGPL 95.94 92.00 80.62

RMT-S 93.27 84.66 78.55
RMT-S + EGPL 96.39 91.81 80.78

ViT-B16 86.53 71.46 77.13
ViT-B16 + EGPL 92.16 85.92 80.46

EIB-Net (EGPL + VIB) 97.17 92.85 83.51

V. CONCLUSION

This work tackles the critical issue of semantic overfitting
in AI-generated image detection. We propose a novel frame-
work, EIB-Net, which introduces a “select-then-compress”
strategy for robust and data-efficient detection. It first uses
a novel Image Entropy metric to select the most artifact-
prone (lowest-entropy) image patch, then applies a Variational
Information Bottleneck to compress features and discard
content semantics.

Extensive experiments show that EIB-Net achieves state-
of-the-art cross-generator generalization while maintaining ex-
ceptional efficiency (e.g., >85% accuracy with only 2% train-
ing data). The entropy-guided selection is model-agnostic,
consistently boosting diverse backbones. Future work will
extend this paradigm to video forgery detection and explore
multi-patch aggregation for even broader robustness.
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Supplementary Material for
EIB-Net: Entropy-Guided Information Bottleneck for Generalizable

AI-Generated Image Detection

I. DATASET DETAILS

A. Overview of Evaluation Datasets

We employ three public benchmarks and construct one
customized subset for a comprehensive evaluation:

• DiffusionForensics [1]: Contains real images from
LSUN-Bedroom [2], ImageNet, and CelebA-HQ [3],
alongside synthetic samples generated by pretrained dif-
fusion models.

• GenImage [4]: Includes over one million synthetic im-
ages generated by eight diffusion methods [5]–[10], with
real images from ImageNet. The BigGAN subset is
included in our cross-generator evaluation despite its non-
diffusion origin.

• DIFF [11]: A face-focused dataset with over 500K im-
ages synthesized by 13 diffusion models [7], [12]–[21],
under four generative conditions. Real faces are sourced
from VoxCeleb2 and other celebrity datasets [22]–[24].

B. Construction of the DIFF-Intra Subset

For the controlled intra-model generalization study in Sec.
4.2 of the main paper, we construct a balanced subset from
the DIFF dataset, denoted as DIFF-Intra. It is constructed
by randomly sampling an equal number of real and synthetic
face images from the full DIFF dataset, ensuring a balanced
and representative subset for intra-domain evaluation. This
setup provides a clean and controlled distribution, specifically
designed for evaluating in-domain generalization and data
efficiency (few-shot learning) capabilities.

C. Data Splits for Cross-Model Evaluation

• DiffusionForensics [1]: We follow the standard split.
Training/Validation: 80,000 real and 80,000 ADM-
generated images from LSUN-Bedroom. Test: 10,000
ImageNet-based images each from ADM and SDv1 gen-
erators.

• GenImage [4]: We use the official subset. Training is
exclusively on the SD v1.4 subset (200k images). Eval-
uation covers all eight generators (including BigGAN),
each with 20k images.

II. COMPLETE EXPERIMENTAL CONFIGURATION

A. Backbone Architectures and Baseline Training

To fairly evaluate the general applicability of our EGPL
module, we integrate it into four diverse, off-the-shelf back-
bone networks with minimal modification. The baseline train-
ing configurations for each are as follows:

• ResNet50 [25]: Initialized with ImageNet-pretrained
weights. Trained with SGD (momentum=0.9, initial

lr=1e-2, cosine annealing schedule). Uses JsdCrossEn-
tropy loss (num_splits=1, α = 12, label smoothing=0.1).

• RMT-S [26]: Uses the official implementation. Con-
figured with AdamW (lr=1e-4, betas=(0.9,0.99), weight
decay=1e-4) and exponential LR decay (rate=0.95 every
5 epochs). Uses BCEWithLogitsLoss.

• ViT-B16 [27]: Modified for binary classification. Trained
with SGD (momentum=0.9, lr=1e-3, cosine annealing).
Uses JsdCrossEntropy loss (α = 12).

• Xception [28]: Optimized with AdamW (lr=1e-4) and
exponential decay. Uses BCEWithLogitsLoss.

For all baselines, we only replace the final classification layer.
This controlled setup ensures that any performance gain from
EGPL is attributable to our method rather than extensive
backbone-specific tuning.

B. Configuration for EIB-Net (EGPL + VIB)

The full EIB-Net framework uses ResNet50 as its feature
encoder backbone, extended with our proposed modules. The
specific configuration, which aligns exactly with the provided
training code, is as follows:

• Optimizer: SGD with momentum (0.9). No explicit
weight decay is applied.

• Learning Rate: Initialized at 1× 10−2 (via args.lr),
scheduled with a Cosine Annealing scheduler where
T_max equals the total number of epochs.

• Batch Size: 64 (via args.BATCH_SIZE).
• Training Epochs: 200 (via args.max_epoch).
• Data Augmentation: RandomResizedCrop(224), Ran-

domHorizontalFlip(p=0.5), RandomErasing (p=0.6).
• Loss Function: L = LJSD + βLKL, where LJSD is

the Jensen-Shannon Divergence enhanced cross-entropy
with parameters α = 12, num_splits = 1, and label
smoothing factor ϵ = 0.1. The VIB regularization weight
is β = 10−3.

• VIB Latent Dimension: 256.
• Reproducibility: A fixed random seed (42) is used for

all experiments.

III. ALGORITHMIC AND IMPLEMENTATION DETAILS

A. Training Pipeline

B. Implementation of Image Entropy

The Image Entropy (IE) metric is computed efficiently on
GPU to enable batch processing. Given an input batch of RGB
images I ∈ RB×H×W×3, the core steps are as follows:

Convolution with Directional Kernels. We employ two
predefined 3× 3 convolutional kernels, Kneighbor and Kdiagonal,
which are mathematical Laplacian filters designed to high-
light intensity variations in adjacent and diagonal directions,



Algorithm 1: Training Pipeline of EIB-Net
Input: Training image set D, number of patches N ,

backbone network fθ, VIB layer gϕ, classifier
hψ

Output: Optimized parameters Θ = {θ, ϕ, ψ}
1 Initialize model parameters Θ;
2 foreach epoch = 1→ MaxEpochs do
3 foreach mini-batch {Ib, yb} ⊂ D do
4 Step 1: Entropy-Guided Patch Selection

(EGPL) ;
5 foreach image I in Ib do
6 Divide I into N non-overlapping patches

{P1, ..., PN};
7 foreach patch Pi do
8 Compute per-channel variation via

Eq. (1) in main paper;
9 Aggregate to get Image Entropy IE(Pi)

via Eq. (2);

10 Select patch Pmin = argmini IE(Pi);
11 Resize Pmin to standard input size;

12 Form selected-patch batch Pbatch;
13 Step 2: Feature Extraction & Compression ;
14 x← fθ(Pbatch) ; // Backbone feature

extraction
15 µ,σ ← gϕ(x) ; // VIB: Eq. (3,4) in

main paper
16 z← µ+ σ ⊙ ϵ, ϵ ∼ N(0, I) ;

// Reparameterization
17 ŷ← hψ(z) ; // Classification
18 Step 3: Optimization ;
19 Compute Lcls (JSD loss) and LKL (KL

divergence);
20 Ltotal ← Lcls + β ·LKL ; // Eq. (5) in

main paper
21 Update Θ by descending ∇ΘLtotal;

respectively (their explicit forms are given in Sec. 3.2 of the
main paper). To process the RGB channels correctly, each
kernel is repeated across the channel dimension (‘repeat(3, 1,
1, 1)‘). The 2D convolution is then applied independently to
each color channel using PyTorch’s conv2d function with
the argument groups=3. This is equivalent to having three
separate convolutional filters for the R, G, and B channels,
ensuring that color information is processed independently
without cross-channel mixing.

Aggregation into Scalar Entropy. The absolute responses
of the two convolutions are summed to obtain a per-pixel,
per-channel variation map Dtotal, following Eq. (2) in the
main paper. The final scalar entropy value IE(P ) for a
patch P is computed by summing Dtotal over all spatial
locations (h,w) and all three color channels c within that
patch: IE(P ) =

∑3
c=1

∑
(h,w)∈P D

(c,h,w)
total . A lower IE value

indicates a smoother, less textured region. This operation

is implemented as a summation over the designated tensor
dimensions (‘dim=[1, 2, 3]‘).

This design allows the IE metric to capture fine-grained,
channel-wise texture anomalies that are critical for distinguish-
ing subtle generative artifacts.

IV. ADDITIONAL ABLATION STUDIES AND RESULTS

A. Comprehensive Analysis of Patch Selection

TABLE I: Performance of Different Patch Selection Strategies
on DIFF-Intra. Only the best achieved accuracy (Best Acc(%))
is retained for brevity.

Type of Patches Number of Patches Dataset Size Acc(%)

max 16 all 94.91
max 16 20% 89.94
max 64 all 94.26
max 64 20% 83.78

mid 4 all 98.66
mid 4 20% 89.56
mid 16 all 97.93
mid 16 20% 86.99
mid 64 all 96.94
mid 64 20% 86.11

min 1 all 98.13
min 4 all 97.86
min 4 20% 90.17
min 16 all 98.85
min 16 20% 97.17
min 64 all 97.67
min 256 all 92.65

ori - all 98.66
ori - 20% 90.86

random 16 all 97.62

To validate our patch selection strategy, we experiment with
different criteria based on Image Entropy, including patches
with minimum, maximum, and central entropy, as well as
the entire image and randomly selected patches. All tests are
conducted using ResNet50 with varying numbers of patches
and dataset sizes.

As shown in table I, our findings reveal the following:
1. Patch-based detection is highly effective: Even random

patch selection achieves competitive accuracy (97.62%), con-
firming that localized regions contain sufficient forensic cues
to distinguish AI-generated content.

2. Minimum-entropy patches consistently outperform
others: The best configuration—16-patch division with
minimum-entropy selection—yields a peak accuracy of
98.85%, and maintains high performance even with only 20%
of the training data (97.17%).

3. High-entropy patches are suboptimal: Despite their
complexity, maximum-entropy regions likely introduce irrele-
vant noise, reducing generalization.

These results support the design rationale of EGPL: low-
entropy regions are more robust and artifact-prone, making
them ideal candidates for patch-based detection. While ran-
dom or center patches also perform well, our entropy-guided
approach offers greater consistency and data efficiency.



B. Sensitivity Analysis of the VIB Weight β

The variational information bottleneck (VIB) module is reg-
ulated by the hyperparameter β, which controls the trade-off
between preserving task-relevant information and compressing
the latent representation. While β = 10−3 is a commonly
adopted default, we conduct a focused sensitivity analysis to
verify its optimality for our specific task.

Experimental Setup: We trained the full EIB-Net (with
EGPL selecting the minimum entropy patch from a 16-patch
split) on the DIFF-Intra subset. All other hyperparameters
(learning rate, batch size, data augmentation) were held con-
stant. We evaluated three values: β ∈ {10−4, 10−3, 10−2}.

Results and Analysis: The validation accuracy for each
β is reported in table II. The results confirm that β = 10−3

yields the best performance (97.17%). A weaker regularization
(β = 10−4) leads to under-compression and lower accuracy
(96.75%), while a stronger regularization (β = 10−2) likely
causes excessive information loss, also harming performance
(96.86%). This analysis justifies our selection of β = 10−3

for all main experiments.

TABLE II: Sensitivity analysis of the VIB regularization
parameter β on the DIFF-Intra subset.

β Validation Accuracy (%) Relative Performance

1× 10−4 96.86 −0.31%
1× 10−3(Ours) 97.17 –

1× 10−2 96.75 −0.42%

C. Ablation on Classification Loss Components

To decouple the contributions of different components
within our chosen Jensen-Shannon Divergence (JSD) loss, we
conduct a progressive ablation study on the DIFF-Intra subset.
The JSD loss can be decomposed into a Label Smoothing
Cross-Entropy (LSCE) base and an additional JSD consistency
regularization term. We compare three settings:

• CE: Standard Cross-Entropy loss.
• LSCE only: Only the Label Smoothing component (ϵ =

0.1).
• JSD (Ours): The full loss combining LSCE and JSD

regularization (α = 12).

TABLE III: Progressive ablation on the classification loss. The
full JSD loss yields the best performance.

Loss Function Validation Accuracy (%) Relative Performance

CE 95.60 –
LSCE only 96.25 +0.65%
JSD (Ours) 97.17 +1.57%

Analysis: The results demonstrate that both components con-
tribute to the final performance. Label smoothing provides a
stable gain of +0.65% over the CE baseline by mitigating
over-confidence. On top of that, the JSD consistency regu-
larization further improves accuracy by +0.88%, leading to
a total gain of +1.57%. This confirms that the full JSD

loss is not merely effective due to label smoothing, but also
because of its inherent self-consistency regularization, which
aligns well with our goal of learning robust and generalizable
features.
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