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Shot | Method Real Others DMs GANs Avg

Rank-1 mAP | Rank-1 mAP | Rank-1 mAP | Rank-1 mAP | Rank-1 mAP

ResNet [7] 1.5 29.7 21.6 53.0 30.2 557 50.8 73.6 26.0 53.0

s DIRE [23] 48.7 743 834 91.1 5.0 348 35 30.7 352 577
% | ESSP[2] 7.0 41.0 76.4 859 10.6 352 29.1 60.9 30.8 557
~ | Ours 80.4 884 814 907 4.7 620 18.6 562 573 743
ResNet [7] 23.6 44.6 69.8 67.6 9.5 29.3 50.3 479 38.3 474

= | DIRE [23] 397 413 50.3 54.5 25.6 37.0 362 502 379 458
% | ESSP[2] 402 449 60.3 63.9 23.6 414 342 401 396 475
‘> | Ours 90.5  80.3 66.3 86.7 35.2 38.2 472 488 598 635
ResNet[7] | 533 421 804  59.1 23.6 334 27.1 390 | 46.1 434

£ | DIRE[23] 442 461 588 476 28.6 36.7 27.6 36.2 39.8 41.7
Z | ESSP[2] 472 39.4 58.3 59.9 19.1 349 20.6 31.8 36.3 415
- Ours 839 81.9 86.4 87.4 839 549 357 4.1 72.5 67.1

Table 1. Performance comparison of Al-generated image attribu-
tion on the WildFake dataset under the cross-generator setting with
different numbers of shots. The best score for each shot setting is
highlighted in bold.

We first analyze the attribution and detection perfor-
mance of our Low-blt-plane-based Deepfake Attribution
(LIDA) method on the WildFake dataset [9]. We then
vividly visualize the retrieval-based attribution results. Fi-
nally, we illustrate how the low-bit generative fingerprint
guides the selection of informative image patches.

A. Performance Analyses

Generator-Level Image Attribution: We further cate-
gorize the generative algorithms into three groups based
on their model architectures: diffusion-based (DDPM [8],
DDIM [19], ADM [5], DALL-E [16], Stable Diffusion [17],
Midjourney [14], Imagen [18], VQDM [6]), GAN-based
(BigGAN [1], StyleGAN [11-13], GigaGAN [10], Star-
GAN [3, 4], DF-GAN [20], GALIP [21]), and other (VQ-
VAE [22]), to evaluate cross-generator performance. As
shown in Table 1, our method achieves the best performance
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Shot | Method | VQV COM DD VQD Big Sty Sw DF GA Gi Av

ResNet [7] | 55.5 394 538 530 563 523 540 367 570 467 505
DIRE [23] | 51.3 49.0 480 439 427 503 515 510 515 510 492
ESSP [2] 523 553 462 513 548 543 489 462 603 389 508
Ours 844 704 852 852 839 859 852 839 847 668 81.6

1-shot

ResNet [7] | 51.5 525 505 490 49.0 520 548 51.8 553 487 515

_é DIRE [23] | 52.5 487 532 487 527 515 520 527 53.0 510 516
& | ESsP[2] 530 497 527 538 568 535 563 525 560 500 534

Ours 854 822 849 847 852 847 859 857 864 837 849
~ | ResNet[7] | 59.5 432 573 568 588 60.8 613 53.0 545 580 563
4,:2 DIRE [23] | 593 51.8 545 525 573 580 585 563 598 508 559
S | ESSP[2] 548 505 523 580 579 572 562 50.8 550 515 544

Ours 90.7 852 899 912 902 899 90.7 917 894 872 89.6

Table 2. Accuracy of Al-generated image detection on the Wild-
Fake dataset with different numbers of shots. The best score for
each shot setting is highlighted in bold.

across all evaluation settings. More specifically, the pro-
posed low-bit generative fingerprints outperform the fea-
tures extracted by DIRE and ESSP by 25.4% and 36.3%
in terms of mAP, respectively, indicating their stronger suit-
ability for fake image attribution. As the number of images
in the registered database increases, Rank-1 accuracy im-
proves while the task of ranking similarities across all im-
ages becomes progressively more challenging.

Deepfake Detection: A similar trend is observed for the
Deepfake detection task on the WildFake dataset, where our
model consistently outperforms all competitors, as shown
in Table 2. Specifically, under the 1-shot, 5-shot, and 10-
shot settings, our model exceeds ESSP by 30.8%, 31.5%,
and 35.2%, respectively, and outperforms DIRE by 32.4%,
33.3%, and 33.7%, respectively. Notably, all baseline meth-
ods remain close to random guessing across generators and
shot settings, whereas our method performs substantially
better, achieving over 80% accuracy, which demonstrates
its superior cross-architecture generalization.
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Figure 1. Illustration of retrieval-based image attribution. The top-ranked retrieval results from the database are listed, with the correct
result highlighted by a red bounding box. The queries are a real image, a BigGAN-generated [1] image, and a Midjourney-generated [14]

image, respectively.
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Figure 2. Illustration of retrieval-based image attribution. The top-ranked retrieval results from the database are listed, with the correct
result highlighted by a red bounding box. The queries are a Wukong-generated [24] image, a SDV4-generated image, and a SDVS5-
generated [17] image, respectively.
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Figure 3. Illustration of retrieval-based image attribution. The top-ranked retrieval results from the database are listed, with the correct
result highlighted by a red bounding box. The queries are a ADM-generated [5] image, a GLIDE-generated image [15], and a VQDM-
generated [6] image, respectively.



B. Visualization

Attribution Visualization: We formulate Al-generated
image attribution as an instance-retrieval problem, and
representative visualization results are shown in Figure 1, 2,
and 3. Specifically, we use a real image and various fake
images in Genlmage [25] dataset as queries, and rank the
most similar images from the different-shot database, with
the correctly retrieved result highlighted by a red box.
The similarity scores between each query and all images
from each generator in the database are visualized using
bar charts. Even though Stable Diffusion V1.4 and Stable
Diffusion V1.5 [17] share a similar core architecture, our
method still achieves strong retrieval results.

Original Query Image Low-bit Query Image with Patch Similarities

Figure 4. Illustration of low-bit generative fingerprints. Each
image is divided into multiple patches, and the patch with the high-
est similarity score is selected for subsequent processing.

Fingerprints Visualization: We visualize the low-bit gen-
erative fingerprints of query, which generated by ADM [5],
GLIDE [15] and Wukong [24] respectively, as illustrated in
Figure 4. In practical implementation, each low-bit genera-
tive fingerprint is partitioned into 32x32 patches. For clar-
ity of visualization, we present an 8x8 patch configuration.
For each query patch, its similarity is computed against ev-
ery patch of all images in the database, and the maximum
similarity is assigned as the score for that patch. The patch
achieving the highest score is subsequently forwarded to the
encoder for feature extraction. This selection process en-
sures that the features carrying the most significant genera-
tor artifacts are used for attribution.
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