Towards Generalizable AI-Generated Image Detection via
Image-Adaptive Prompt Learning

Supplementary Material
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Figure 1. The overall architecture of Feature Extractor.

In the supplementary, we will introduce the detailed
structure of Feature Extractor, the detailed calculation pro-
cess of DCT score, additional visualizations, additional ex-
periments, future work, and failure cases.

1. Feature Extractor

As shown in Fig. 1, we elaborate on the detailed structure
of the Feature Extractor used in Conditional Information
Learner. It follows these design rules: (1) Several Convo-
lutional Blocks are used to extract features. (2) Max pool-
ing is applied after the first N-1 Convolutional Blocks to
reduce the dimensionality of feature maps, where N is the
total number of Convolutional Blocks. (3) Average Pooling
is used after the final Convolutional Block to obtain global
descriptors. In the i-th Convolutional Block, the middle di-
mension for convolution is set to 128 x 2¢71,

2. DCT Score

Following AIDE [6], we use the DCT score to select the
rich-texture patch. Specifically, for a patch p € RM*Mx3,
where M is the size of the patch, Ny different band-pass
filters are used to obtain absolute DCT coefficients C' €
RNy xMXMXx3 The k-th filters Fj, € RM*MX3 could be

Table 1. Robust Analysis on the UniversalFakeDetect.

Perturbation Method mACC (%) mAP (%)
SAFE 73.79 65.88
Gaussian blurring C2P-CLIP 89.43 97.14
IAPL(ours) 90.17 97.70
SAFE 87.57 91.22
random cropping C2P-CLIP 93.30 98.70
IAPL(ours) 94.92 99.26
SAFE 69.76 89.68
Gaussian noising C2P-CLIP 81.57 95.24
TIAPL(ours) 86.04 95.84
SAFE 77.18 76.89
Combined perturbation ~ C2P-CLIP 88.13 96.90
IAPL(ours) 90.13 97.67

calculated as Eq. 1.
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where Fj, ;; is the weight at the (i, j) position. After that,
the obtained DCT coefficients are summed up at all the po-
sitions to get the final DCT score as Eq. 2.

2 M—-1M-1

= ZQ’“XZZ > Fiijlog(cl+1), - @)

t=o =0 j5=0

where CF € RM*MXx3 jq the k-th DCT coefficient, corre-
sponding to Fy, ;;.

3. Additional Experiments

Robust Analysis. Inspired by previous method [1], we con-
duct robust analysis on UniversalFakeDetect as shown in
Tab. 1. We adopt Gaussian blurring, random cropping,
Gaussian noising, and combined perturbation, with each
perturbation applied at a 50% probability. For blurring, the
Gaussian kernel size is randomly selected from (3, 5, 7,
9). In the random cropping step, the cropping percentage
is uniformly sampled from U(5%, 20%), and the cropped
sub-region is upsampled to restore the original resolution.
For the Gaussian noising, the variance of the applied Gaus-
sian noise is randomly drawn from the uniform distribu-
tion U(5.0, 20.0). For combined perturbation, one of the
above-described perturbation methods is randomly selected
and applied to the target image. Our method achieves bet-
ter performance than the recent C2P-CLIP [5] and SAFE
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Figure 2. Additional CAM-Grad visualizations.
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Figure 3. Grad-CAM visualization of different views in Optimal Input Selection. We present the global, local, and optimal views from all

generated views. Brighter colors represent the salient region.

[2] across all the aforementioned four settings, and outper-
forms them by 2.0% and 12.95%, respectively, in terms of
mACC under the combined perturbation setting.

4. Inference cost

Table 2. Inference time cost on the UniversalFake benchmark.

Metrics Fatformer C2P-CLP Ours (Static) Ours (T=1) Ours (T=2)

mAcc (%) 90.86 93.79 93.51 95.25 95.61
Time Cost  0.07s 0.04s 0.04s 0.59s 1.08s

As shown in Tab. 2, on an RTX 3090 + CUDA 11.7
+ Torch 2.0.1, our static version achieves 93.51% mAcc
at 0.04s per image (matching efficiency of C2P-CLIP and
FatFormer), while our dynamic tuning variants (T=1/ T=2)
yield notable accuracy gains (95.25% / 95.61% mAcc)
with inference times of 0.59s / 1.08s. The dynamic tuning
only adjusts 2,048 parameters. Though slower than static
methods, this latency is acceptable for synthetic image
detection’s most typical use cases, e.g., offline content
review and forensic analysis, where real-time millisecond



response is not a strict requirement. Furthermore, our
method offers a general dynamic strategy that can integrate
with advanced static methods for further gains. Finally, we
acknowledge inference cost is the main limitation and will
optimize it in future work. Additionally, we adopt bf16 for
the dynamic test-time tuning.

5. Additional Visualizations

As shown in Fig. 2, we visualize additional CAM-Grad [4]
results on the UniversalFakeDetect [3] dataset. As shown
in Fig. 3, we visualize the Grad-CAM of global, local, and
optimal views in Optimal Input Selection. Across differ-
ent scenarios, viewpoints, and image categories (real and
fake), our method consistently focuses on semantic-rich re-
gions. This suggests that it has learned more discriminative
features, which is likely a key reason for its superior perfor-
mance across various types of forgeries.

6. Future Work and Limitation

To further enhance the generalization ability of forgery de-
tection models and cope with the continuous emergence
of novel manipulation techniques, future research can in-
corporate incremental learning strategies, enabling models
to gradually learn new types of forgeries without forget-
ting previously acquired knowledge. Another important re-
search direction lies in constructing higher-quality datasets
that better reflect real-world scenarios, along with exploring
corresponding solutions tailored to such data.

Limitation. While performance is improved, the infer-
ence time increases due to test-time tuning, which limits the
method’s applicability in latency-sensitive scenarios. We
plan to further optimize in future work.

7. Failure Cases

As shown in Fig. 4, we present several examples of mis-
classified images. It could be observed that real images
captured in simulated environments or from video games
are often mistaken as fake ones. Similarly, images taken at
night are also likely to be misclassified as fake. This may be
due to the model’s sensitivity to unnatural textures, lighting
conditions, or rendering artifacts that resemble those found
in Al-generated images. For fake images, when their tex-
ture features closely resemble those of real images and no
obvious distortions are present, they are likely to be mis-
classified as real.
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Figure 4. Visualization of failure cases. The first row shows im-
ages that are actually real but predicted as fake, while the second
row shows images that are actually fake but predicted as real.
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