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Supplementary Material

Overview

This supplementary material provides additional details and

results complementing the main paper. Specifically:

* Sec. A describes the algorithmic pipeline of O2MAG for
anomaly generation.

» Sec. B presents additional self-attention feature analyses,
providing further interpretability for our TriAG moudle
of self-attention editing design.

* Sec. C supplies more experimental details and computa-
tion consumption.

* Sec. D provides additional experimental results on zero-
shot cross-class anomaly generation.

* Sec. E presents qualitative visual results for the ablation
of each component.

* Sec. F demonstrates the performance of our O2MAG on
the VisA dataset under the same settings.

* Sec. G demonstrates the performance of our O2MAG on
the Real-IAD dataset under one-reference settings.

* Sec. H reports more qualitative and quantitative results of
anomaly image generation on MVTec-AD dataset.

e Sec. I analyzes the limitations of our O2MAG and dis-
cusses potential directions for future improvements.

A. Algorithmic Description of O2MAG

Algorithm 1 outlines the O2MAG pipeline for synthe-
sizing anomalous samples. Given a reference anomaly
image-mask pair (Ir, MR), a normal image Iy, and a
target anomaly mask M, our goal is to generate an
anomaly image I that preserves the normal appearance
outside Mt while producing realistic, text-consistent de-
fects within Mr. We first align text conditioning with
anomaly semantics via the Anomaly-Guided Optimization
module (Sec. 4.2), which refines the input prompt to yield
an anomaly-aligned text embedding. The pipeline then
runs three parallel diffusion branches: a reference—anomaly
branch and a normal-background branch that process
noised versions of Ig and Iy, respectively, and a tar-
get—anomaly branch initialized with the noised latent of
I to better retain structure and background. During sam-
pling, we manipulate attention across the three branches
at selected timesteps and attention layers using the EDIT
function (Eq. (10)). Our attention editing mechanism com-
prises (i) Tri-branch Attention Grafting (TriAG) within self-
attention, which injects anomalous cues from the refer-
ence branch and background cues from the normal branch
into the target branch, and (ii) Dual-Attention Enhance-
ment (DAE), which amplifies both cross-attention and

self-attention responses. Together, these operations yield
anomalies faithful to the target distribution and improve
downstream detection performance.

B. Analysis on Self-attention for Anomaly Gen-
eration

As shown in Sec. 4.1, we apply principal component anal-
ysis (PCA) to the self-attention maps of anomalous images
and visualize the top three principal components, where re-
gions with similar structure are rendered in similar colors.
We further present the query (Q), key (K), and the result-

ing self-attention maps A = softmax(%) to elucidate

TriAG’s self-attention grafting mechanism in Fig. 7.

As shown in Fig. 7, early layers exhibit attention aligned
with the image’s semantic layout, grouping regions by ob-
ject parts and capturing coarse structure. Deeper layers pro-
gressively shift toward higher-frequency content, revealing
fine-grained, patch-level texture cues. The spatial resolu-
tion follows the U-Net path—downsampling from 64 x 64
to 8 x 8, then upsampling back to 64 x 64. Because
the down and middle block provides limited informative
self-attention in our setting, we omit it and perform self-
attention grafting primarily on the up block (layers 10-16).

C. More Experimental Details

C.1. More implementation details

Data preparation. We augment the normal images in
the MVTec-AD training set (approximately 200—400 per
class; toothbrush has only 60) using translations, flips,
and rotations. For each category, we expand the training
dataset of normal images to 1000 via data augmentation.
For orientation-sensitive categories (e.g., zipper, capsule),
we use flips only to preserve canonical semantics. This
lightweight augmentation, together with our method’s ex-
cellent preservation of normal background regions, may
partly account for the lower IC-L compared with some base-
lines. Even so, our method still produces realistic and di-
verse anomalies. We adopt anomaly masks generated by
AnomalyDiffusion as the target masks. Because Anoma-
lyDiffusion occasionally yields empty masks (all-zero), we
generate 1,200 masks and retain 1,000 valid ones after fil-
tering out the empty cases.

Experimental Details and Hyperparameters. We deploy
the pre-trained Stable Diffusion v1.5 [30] with 50 denoising
steps and classifier-free guidance [16] set to 7.5 for anomaly
synthesis without additional training.



Algorithm 1 Pipeline of Anomaly Generation in O2MAG

Input: A reference image—mask pair (Ig, MR), a normal image Iy, a target anomaly mask M, and an anomaly text prompt

Y.
Output: Generated anomaly image I.
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Figure 7. (a) The Demonstration of O2MAG Anomaly Gener-
ation, and (b) Self-attention feature maps visualized at the 30th
denoising step. In each triplet of subfigures, the maps correspond
(left—right) to the normal image, the reference anomaly image,
and the generated image.

(1) Additional Analysis on TriAG: As illustrated in
Fig. 8, images in anomaly datasets exhibit relatively simple
structure and their layout emerge early during denoising.
Accordingly, we enable self-attention editing from the 5th
denoising step. Consistent with Sec. 4.1 and Appendix B,
we perform attention grafting on the U-Net layers 10-16,
which carry fine-grained, patch-level texture information.

Denoising Step

Figure 8. The intermediate reconstruction during the iterative de-
noising process. For both texture and object categories, the global
image layout is already formed in the early denoising steps.

(2) Additional Analysis on AGO: During AGO, we op-
timize the anomaly text embedding for 500 steps on the
64 x 64 diffusion stage using Adam with a fixed learning
rate of 3 x 1073, As illustrated in Fig. 4 of the main paper,
optimization guides embeddings toward the target distribu-
tion. We set hyperparameters based on the reconstruction
quality of the optimized prompt embeddings while account-
ing for computational cost, thereby balancing generation fi-
delity and optimization overhead. As illustrated in Fig. 9,
our 500-step setting avoids the under-optimization of low
steps while maintaining a substantial safety margin against
the rigid reconstruction observed at 1000 steps.

Additionally, we explore incorporating data augmenta-
tion during the optimization stage. Specifically, we apply



Table 7. Comparison between the original and augmented settings.

Table 8. Comparison of training cost and inference speed.

Setting | AUC-I AP-I FI-I| AUC-P AP-P FI-P

Origin 99.9 100.0 99.0 | 99.8 96.2  90.1
Augment | 99.9 999 989 | 99.8 95.9 91.0

random rotation and translation to the reference anomaly
images, augmenting each reference sample into five vari-
ants. We then optimize the corresponding anomaly text em-
beddings. Subsequently, during the generation process con-
ditioned on the real reference images, we randomly sample
an augmented image along with its optimized embedding to
guide the generation. Due to the inherent similarity in ob-
ject appearance and defect characteristics within anomaly
datasets, the model still primarily focuses on learning nor-
mal background features and foreground anomalies even af-
ter augmentation. Consequently, the underlying appearance
remains essentially unchanged, meaning that the overall di-
versity is not significantly increased. Instead, the primary
role of this augmentation module is to enhance the realism
of the generated samples, ensuring they better align with
the true distribution of real-world anomaly data. The com-
parison results on hazelnut of MVTec-AD are presented in
Tab. 7.

(3) Additional Analysis on DAE: The self-attention
bias v is set to 1.1, the temperature 7¢, to 0.7, and the cross-
attention upweight to C' = 100. Timestamp 7, € (5,50)
for self-attention enhancement and 7. € (20, 40) for cross-
attention enhancement. We selected DAE hyperparameters
via empirical validation to handle the trade-off between sen-
sitivity and stability. While a sufficiently large amplifica-
tion factor C is essential for manifesting anomalies in small
masks, Fig. 10 reveals a wide safety margin, with artifacts
only emerging when C' > 10,000. Similarly, v and 7y,
perform robustly across broad ranges.

Critically, we employ the same hyperparameters across
all datasets (MVTec-AD, VisA, Real-IAD) without per-
dataset tuning, validating the robust generalizability of our
method.

reference anomaly No optimization Step:200+ref  Step=500+ref

Figure 9. Analysis of the optimization step in AGO.

Original € =100 C =1000 C = 10000 € =100000 C=1 C =10 Original € =100

Figure 10. Analysis of the scaling factor C' in DAE.

In addition, we use a unified simple text prompt tem-
plate, “A photo of a [cls] with a [anomaly_type]”, to specify
the object class and anomaly type, which serves as the pos-

Methods ‘ Training Overall Time ‘ Inference Time (per image)
DFMGAN [9] 464 hours 09s
AnomalyDiffusion [18] 310 hours 74s

Dual AnoDiff [20] 197 hours 324s

SeaS [8] 124 hours 10.7s
AnomalyAny [41] 0 hours 120s

O2MAG (ours) 0 hours 28s

itive prompt. We further introduce negative prompts during
synthesis. Technically, the positive prompt steers the diffu-
sion process toward images consistent with its description,
while the negative prompt pushes it away from the specified
attributes. For anomaly types that are semantically related
in the dataset, we construct antonym-like phrases as neg-
ative prompts. For example, for anomalies such as crack,
scratch, and rough in MVTec-AD, we adopt phrases de-
scribing normal appearance (e.g., “no crack”, “no cut”, “no
scratch”, “smooth surface”) as negative prompts, encourag-
ing the model to generate anomalies that deviate from the
normal appearance.

C.2. Resource requirement and computation con-
sumption

We conduct anomaly synthesis on NVIDIA RTX 5880 Ada
(48 GB) GPUs for each product category, which may use
about 30G memory. Table 13 reports runtime for training-
based methods (DFMGAN, AnomalyDiffusion, DualAn-
oDiff, SeaS) and training-free methods (AnomalyAny and
our O2MAG). DFMGAN, DualAnoDiff, and SeaS need
to train a separate model per category, which increases
both training time and storage. In addition, DFMGAN
and AnomalyDiffusion operates at 256 x 256 resolution,
whereas the other methods synthesize 512 x 512 images.
Within the training-free setting, AnomalyAny requires
about 120s per image at inference, while our O2MAG
needs only 28 s per image, achieving a ~ 4.3 speedup.

D. Additional Zero-Shot Generation Details

As discussed in Sec. 3.2, we evaluate the zero-shot genera-
tion capability of SeaS, AnomalyAny, and O2MAG. In this
setting, the generation model only accesses normal images
from the target category and anomalous images from other
categories without access to target category anomalies. In
Fig. 6, we transfer wood—hole anomalous attributes to syn-
thesize hazelnut—hole. We further test other cross-class
pairs including hazelnut—crack—tile—crack, pill-scratch—
metal_nut—scratch, and leather—color—wood—color. Addi-
tional visualizations are shown in Fig. 11. Because self-
attention features encode both texture and appearance infor-
mation, attention-based feature transfer can cause appear-
ance leakage into the target images, yielding cut-and-paste-
like pseudo anomalies rather than seamlessly integrated de-
fects.
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Figure 11. Anomaly generation under zero-shot settings. We aim to transfer anomalous features of the same anomaly type from “Reference
Anomaly” images of other categories to the target category, synthesizing realistic defects that are consistent with "Real Anomaly”.

E. More Ablation Studies

We ablate the three components of O2MAG —TriAG,
DAE, and AGO. TriAG is kept active as the backbone in
all variants, while DAE and AGO are removed individu-
ally and jointly to isolate their contributions. Additional
anomaly-generation results are provided in Fig. 12.

Images to the left of the divider show the reference
anomalous image, the normal image, and the target anomaly
mask used for synthesizing new anomalies. In the hazel-
nut—hole case, our method can use one same reference
anomaly image to guide the synthesis of more realistic de-
fects. The visualization results indicate that the TriAG
backbone effectively captures realistic anomaly semantics,
but the synthesized anomalies may do not fully occupy the
target anomaly mask, which limits improvements in down-
stream anomaly localization. To address this issue, we in-
troduce the DAE module to enhance the visibility of anoma-
lies. AGO further provides text-level guidance for anomaly
synthesis, injecting more realistic anomalous textures and
benefiting downstream classification performance. Finally,
by combining attention editing for image-level anomaly
semantics with text-level anomalous prompt optimization,
our method can synthesize realistic and diverse anomalies,
thereby improving downstream anomaly detection perfor-
mance.

Mask acquisition & Impact. We also investigate the
impact of mask sources on our synthesis process. Stan-
dard approaches generate masks via heuristics (e.g., Perlin
noise in DRAEM) or learn mask distributions from few-shot
samples. Aligning with these protocols, we utilize diverse
mask sources for synthesis: specifically, AnomalyDiffusion

masks for MVTec-AD and SeaS for VisA/Real-IAD.

Furthermore, we evaluate the effect of four mask sources
on the hazelnut-crack category. For the Perlin noise set-
ting, we randomly generate masks following the DRAEM
approach and subsequently compute the intersection with
the foreground mask of the normal image. The Nano Ba-
nana setting utilizes masks synthesized by Google’s current
image generation model. Experiments on hazelnut-crack
confirm our robustness against these diverse mask sources
(Table 9).

Table 9. Robustness to different mask source for our method.

Mask Source

Perlin noise
Nano Banana
AnomalyDiffusion
SeaS

| AUROC-I AP-I Fl1-I| AUROC-P AP-P F1-P Pro
100 100 100 99.8 95.5 89.8 94.0
100 100 100 99.9 973 921 95.1
100 100 100 99.9 963 90.6 952
100 100 100 99.6 948 893 959

F. Experiments on VisA Dataset

To validate the effectiveness of our approach, we addition-
ally evaluate downstream anomaly detection and localiza-
tion on VisA using anomalies synthesized by our method.
VisA dataset. The VisA dataset comprises 12 object cat-
egories spanning three domains. Its anomalous images
exhibit a broad spectrum of defects, ranging from sur-
face imperfections—such as scratches, dents, stains, and
cracks—to logical anomalies, including misalignment and
missing parts.

Experimental settings. We use VisA dataset divided by
SeaS according to defect categories, while dividing the
good data in the original dataset into train and good. We
use SeaS to generate masks for anomaly synthesis, since
AnomalyDiffusion often produces empty masks on VisA.
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Figure 12. Qualitative ablation of TriAG, AGO, and DAE for anomaly realism and localization.

Following the MVTec-AD setup, we designate the first
one-third images of VisA as reference images for anomaly
synthesis and use the remaining two-thirds to evaluate
downstream anomaly detection and localization. We eval-
uate three training-based anomaly generation baselines on
VisA—AnomalyDiffusion, DualAnoDiff, and SeaS. We
also include the training-free AnomalyAny for comparison.
For each method, we synthesize 1,000 image-mask pairs
and combine them with the first one-third of real anoma-
lous images to train a U-Net segmentation model under the
same experimental protocol as in MVTec-AD. Because de-
tailed prompts for VisA and generation details in Anoma-
lyAny are not publicly available, we instead report its best
VisA detection performance from the paper under the full-
shot setting.'

Anomaly image generation quality. Fig. 13 presents qual-
itative results on representative VisA categories synthesized
by different methods. Since AnomalyAny cannot generate
precise anomaly masks, it is excluded from this compar-
ison. As shown in Fig. 13, AnomalyDiffusion still fails to
correctly synthesize small anomalies on VisA. Dual AnoDiff
produces anomalous samples that deviate from the real data
distribution, often corrupting the background and generat-

I'The full-shot setting in AnomalyAny uses all normal images and gen-
erates 3-5 anomalous images conditioned on each normal image for train-
ing detection model.

Table 10. Comparison of different methods on VisA. Bold and
underlined text indicate the best and second-best results, respec-
tively.

Category AnomalyDiffusion [18] | DualAnoDiff [20] SeaS [8] Ours
KID} ICLt KID|  ICLt | KID| ICLf | KID| ICLt
capsules | 10391 056 12619 0.64 | 11132 061 | 2053 054
candle 183.21 0.17 180.22 038 | 4765 0.0 | 4191 0.12
cashew 7822 0.38 5246 048 | 1037 035 | 1029 035
chewinggum | 39.63 0.34 2976 043 | 2419 029 | 3336 033
fryum 238.41 0.27 10200 041 | 8220 024 | 2493 0.8
macaronil | 153.18 022 20727 040 | 15204 022 | 4492 0.19
macaroni2 | 178.19 035 22105 050 | 15064 040 | 2683 035
pebl 77.68 031 5066 040 | 2991 031 | 3603 029
peb2 81.66 0.29 3604 038 | 3080 030 | 1091 027
peb3 52.12 023 81.88 035 | 8362 025 | 863 021
pebd 3429 0.29 2868 037 | 1231 025 | 982 024
pipe_fryum | 76.04 021 4770 040 | 2359 019 | 9.2 023
Average  108.04 030 | 9699 043 | 6322 029 | 2310 027

ing unrealistic objects. Using the same masks from SeaS,
we observe that SeaS does not consistently produce mask-
filling anomalies within the masked regions, which limits
the improvement on downstream detection. In contrast, our
method not only generates realistic anomalies but also faith-
fully fills the anomaly masks.

Anomaly generation for anomaly detection and localiza-
tion. We report image-level and pixel-level anomaly de-
tection results on VisA in Table 14 and Table 15, respec-
tively. In addition, Table 11 compares our method with
AnomalyAny. Since AnomalyAny does not report AP, we
only compare AUROC and F1-max scores. Our method is
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Figure 13. Qualitative comparison of generated results on VisA. The sub-image in the lower right corner is anomaly mask.

Table 11. Comparison to training-free AnomalyAny on VisA.

AnomalyAny | Ours

Category ‘
| FAUC I-F1 | P-AUC P-Fl1 | I-AUC I-F1 | P-AUC P-FI

candle 956 90.0| 993 40.1 | 949 86.1| 988 424
capsules 962 938| 99.1 60.1 | 89.6 83.2| 992 68.7
cashew 97.4 945| 992 704 | 940 91.7| 999 923

chewinggum | 98.7 97.0| 99.5 753 | 985 94.8| 99.7 78.1
fryum 98.4 975| 974 536 | 944 915| 98.6 708
macaronil 953 885 995 364 | 99.1 955| 999 497
macaroni2 847 793| 996 289 | 834 742| 985 309

pebl 959 91.8| 988 41.8| 937 829| 99.7 834
pcb2 94.1 882| 982 403 | 963 89.8| 948 539
pcb3 959 904 | 975 529 97.1 929| 982 64.6
pcb4 99.4 96.6| 984 465 | 987 950| 99.1 625

pipe_fryum | 984 959 | 99.1 587 | 835 827| 998 782
Average | 958 91.9| 987 504 | 93.6 884| 989 64.6

slightly inferior to Dual AnoDiff at the image level, as Du-
alAnoDiff introduces a dedicated anomaly branch to learn
foreground defects. Nevertheless, despite the challenges
posed by small anomalies discussed in Sec. I, our approach
still achieves the best performance at the pixel level.

G. Experiments on Real-IAD Dataset

Additionally, we evaluate our method’s robustness under
the one-reference setting using the Real-IAD dataset. This
large-scale dataset provides five-view images encompass-
ing 30 categories and 111 anomaly types, with a total of
over 150K images. Each type roughly has 120 anomalous
images. We use the first image from the top view as the ref-
erence and employ SeaS masks to control for spatial varia-
tion. We report both downstream AD performance using a
trained U-Net in Table 12 and resource usage in Table 13.
Training Time is computed on a single 48GB NVIDIA RTX
5880 GPU. Measured on a single NVIDIA RTX 5880 GPU,

training-based methods incur high cumulative costs by re-
quiring separate models per category (i.e., 30 distinct mod-
els for Real-IAD). Conversely, our training-free method
outperforms them, relying on a frozen SD model to gen-
eralize across datasets.

Table 12. One-reference AD results on Real-IAD (trained U-Net).

Method | AUROC-I AP-I FI-I | AUROC-P AP-P F1-P  Pro
Dual AnoDiff 72.5 77.8 758 91.3 257 319 757
SeaS 76.7 80.4 772 87.7 31.1 365 769
Ours 79.3 84.0 80.4 93.6 37.3 419 829

Table 13. Comparison of runtime and memory cost.

Methods | Training Time (single GPU) | Inference Time (per image) | GPU Memory
Dual AnoDiff 119 hours 23s 12G
SeaS 160 hours 11s 24G
O2MAG Ours | 0 hours | 28s | 32G

H. Additional Results

H.1. More anomaly detection and localization Re-
sults

Tables 16 and 17 report detailed image-level and pixel-level
metrics on MVTec-AD for each category, where we first
generate 1,000 anomalous images per category and then
combine them with the first one-third of real anomalous im-
ages in MVTec-AD dataset to train a U-Net segmentation
model for downstream anomaly detection and localization.
Our method achieves the best performance on both image-
level and pixel-level anomaly detection tasks.

H.2. More anomaly generation results

We conduct a comprehensive qualitative comparison be-
tween our generated results and existing anomaly image
synthesis methods. Since the GAN-based method DFM-
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Figure 14. Limitations of Self-Attention for Tiny Anomaly Generation. The middle columns show the three leading principal components
of the self-attention matrix for the real reference anomaly on the left at the 30th denoising step, while the right columns present our
synthesized anomalous images and the corresponding anomaly masks. For small anomalous regions, the anomaly is almost invisible in the
self-attention feature maps spanned by the top three PCA components, which makes it challenging to synthesize anomalies within small
masks.

Table 14. Comparison on a trained U-Net segmentation model for image-level anomaly detection and localization on VisA dataset.

C ‘ AnomalyDiffusion ‘ Dual AnoDiff ‘ SeaS ‘ Ours
ategory

| AUC-I AP FI-I | AUC-I  AP-I  FI-I | AUC-I APl FI-1 | AUCI  AP-I  Fl-I
candle 95.1 953 901 | 967 956 904 | 787 779 685 | 949 933  86.1
capsules 91.9 938 859 | 910 93.0 857 | 847 890 786 | 8.6 919 832
cashew 952 960 922 | 992 994 964 | 948 952 924 | 940 946 917
chewinggum | 944 972 931 | 99.6 997 978 | 989 993 950 | 985  99.0 948
fryum 813 872 792 | 867 907 841 | 912 944 867 | 944 967 915
macaronil 946 927 865 | 968 956 903 | 988 984 929 | 991 989 955
macaroni2 673 489 410 | 911 899 783 | 863 860 776 | 834 831 742
pebl 909 884 795 | 962 960 906 | 957 958 921 | 937 919 829
pcb2 948 929 883 | 958 958 904 | 945 945 881 | 963 960 898
pcb3 928 908 818 | 950 943 902 | 99.0 986 938 | 97.1 971 929
pcb4 948 921 823 | 981 984 950 | 989 959 972 | 987 972 950
pipe_fryum 883 912 855 | 952 969 901 | 920 943 865 | 835 878 827
Average 90.1 889 821 | 951 954 899 | 928 933 875 | 936 940 884

GAN vyields relatively limited visual fidelity, we primar-
ily compare against diffusion-based approaches, with ad-
ditional visualizations provided in Figs. 17-31. The left-
most column shows real anomalous and normal images
from the training set, the middle columns show anomalies
synthesized by training-based methods (AnomalyDiffusion,
DualAnoDiff, SeaS), and the rightmost column presents
the training-free AnomalyAny and our O2MAG. Because
AnomalyAny does not release its official prompts, we adopt
the same prompt template as ours, “A photo of a [cls] with
a [anomaly_type]”, and use GPT-5 to expand them into de-
tailed text prompts for generation.

From these visualizations, we observe that AnomalyD-
iffusion generally preserves the normal background appear-
ance but sometimes fails to synthesize clearly visible de-
fects. DualAnoDiff and SeaS produce more pronounced
anomalies, yet these often deviate from the true data dis-
tribution, and SeaS further introduces synthesis artifacts,
which in turn limit downstream anomaly classification. In
contrast, training-free methods better preserve the appear-
ance of normal regions. However, AnomalyAny lacks guid-
ance from real anomalous images and cannot reliably cap-
ture rich anomaly semantics from text alone. As a re-
sult, it often fails to capture the spatial relationship be-



Table 15. Comparison on a trained U-Net segmentation model for pixel-level anomaly detection and localization on VisA dataset.

C ‘ AnomalyDiffusion ‘ DualAnoDiff ‘ SeaS ‘ Ours
ategory

| AUC-P  AP-P  FI-P | AUC-P AP-P FI-P | AUC-P AP-P FI-P | AUC-P AP-P FI-P
candle 992 247 330 | 989 488 497 | 965 299 375 | 988 398 424
capsules 996 602 612 | 984 607 638 | 995 591 623 | 992 702 687
cashew 984 688 639 | 999 980 945 | 999 982 953 | 999 964 923
chewinggum | 987 783 724 | 999 866 782 | 995 843 776 | 997 855 781
fryum 91.0 282 318 | 979 767 747 | 974 745 695 | 986  80.6 708
macaronil 98.2 42 106 | 998 287 376 | 999 504 533 | 999 471 497
macaroni2 90.6 01 00 972 197 303 | 973 178 267 | 985 224 309
pebl 990 766 758 | 989 926 881 | 994 942 903 | 997 889 834
pcb2 982 231 371 | 961 358 466 | 991 497 493 | 948 513 539
peb3 936 367 436 | 986 563 582 | 988 686 622 | 982  69.0 646
peb4 982 443 533 | 988 523 533 | 986 619 605 | 991 661 625
pipe_fryum 99.0  69.9 667 | 994 791 696 | 999 931 851 | 998 886 782
Average 970 429 458 | 987 613 621 | 988 651 641 | 989 672 646

Table 16. Comparison on a trained U-Net segmentation model for image-level anomaly detection and localization on MVTec-AD dataset.

Category | DFMGAN | AnomalyDiffusion |  DualAnoDiff | SeaS | Ours

| AUC-I AP-I FI-I| AUC-1 AP-I FI-1| AUC-I AP-I FI-I|AUC-1 AP-I F1-1|AUC-1 AP-I Fl-I
bottle 993 99.8 97.7| 99.8 999 98.9| 100 100 100 | 999 99.9 989| 100 100 100
cable 959 97.8 938| 100 100 100 | 99.8 99.8 98.5| 98.0 988 96.1| 100 100 100
capsule 928 985 945| 99.7 999 98.7| 963 992 947 | 97.1 992 954| 993 99.8 98.0
carpet 679 879 873| 967 988 943| 98.6 99.9 967 | 974 99.0 96.7| 100 100 100
grid 73.0 904 854 | 984 995 987 100 997 100 | 999 999 988 | 100 100 100
hazelnut | 99.9 100 99.0| 99.8 999 98.9| 999 100 99.0| 99.8 99.8 99.0| 99.9 100 99.0
leather 99.9 100 992 | 100 100 100 | 100 100 100 | 100 100 100 | 100 100 99.2
metal nut | 993 99.8 99.2| 100 100 100 | 100 999 100 | 999 100 99.2| 100 100 100
pill 687 917 91.4| 980 996 97.0| 982 99.0 959| 984 99.6 97.9| 989 997 97.5
screw 223 647 853| 968 979 955| 914 950 88.6| 952 980 925| 957 982 949
tile 100 100 100 | 100 100 100 | 99.5 100 98.3| 100 100 100 | 100 100 100
toothbrush | 100 100 100 | 100 100 100 | 100 100 100 | 100 100 100 | 100 100 100
transistor | 90.8 925 889 100 100 100 | 100 99.7 100 | 99.8 99.5 96.4 | 100 100.0 100
wood 984 994 988 | 984 994 988| 99.6 999 98.8| 990 99.6 988 | 99.7 99.8 98.8
zipper 99.7  99.9 99.4| 999 100 994 | 100 100 100 | 100 100 100 | 100 100 100

Average | 872 948 94.7| 992 99.7 98.7| 989 989 98.0| 99.0 99.6 98.0| 99.6 99.8 99.2

tween anomalies and object regions, and may either produce H.3. Generalization to Real-World Scenes

no visible defects or synthesize defects that deviate from Our method demonstrates robust generalization to real-

the real anomaly distribution, thereby limiting downstream world scenes (e.g., UAV imagery from UAV-RSOD dataset)

anomaly detection and classification. By comparison, our b . . .
. . e eyond object-centric images by leveraging nano-banana
O2MAG does not require fine-tuning Stable Diffusion for .
generated masks (Fig.15).

each object category and under a single shared parameter

. . . . . building-crack railway-rock solarpanel-guano
setting, our O2MAG can synthesize realistic and diverse _ refererce output reference output __reference output
anomalies, substantially improving downstream anomaly A
detection accuracy.

Figure 15. Generalization to real-world scenes.



Table 17. Comparison on a trained U-Net segmentation model for pixel-level anomaly detection and localization on MVTec-AD dataset.

Category \ DFMGAN | AnomalyDiffusion |  DualAnoDiff | SeaS \ Ours

| AUC-P AP-P FI-P| AUC-P AP-P FI-P|AUC-P AP-P FI-P|AUC-P AP-P FI-P|AUC-P AP-P FI-P
bottle 989 902 839 | 994 941 873 | 995 934 857 | 997 959 888 | 997 954 884
cable 972 810 754 | 992 908 83.5| 985 826 769 | 96.0 831 77.7| 994 912 850
capsule 792 260 350 | 988 572 59.8 | 995 732 67.0 | 937 419 473| 970 606 59.0
carpet 90.6 334 38.1| 986 812 746 | 994 8.1 80.2| 993 864 781 | 995 885 80.0
grid 752 143 205| 983 529 546 | 985 572 549 | 997 763 700 | 99.6 78.6 716
hazelnut | 99.7 952 895| 99.8 965 90.6 | 998 977 928 | 995 923 856 | 998 962 90.1
leather 985 687 667 | 998 796 71.0| 999 888 788 | 99.8 852 77.0| 99.7 88.0 79.7
metal nut | 993 98.1 945 | 99.8 987 940 | 99.6 980 93.0| 998 992 957 | 998 992 957
pill 812 678 726 997 939 908 | 996 958 892 | 999 971 90.7 | 997 96.1 89.9
screw 588 22 53| 970 518 509 | 981 571 56.1 | 985 585 57.2| 994 682 64.4
tile 99.5 971 91.6| 992 936 862 | 997 971 91.0| 998 979 925 | 999 982 927
toothbrush | 96.4 759 726 | 992 765 734 | 982 683 68.6| 984 700 68.1| 963 586 59.2
transistor | 962 812 77.0| 993 926 857 | 980 86.7 79.6| 980 873 819 | 999 982 93.2
wood 953 707 658 | 989 846 745| 994 91.6 838 | 99.0 870 79.6| 994 894 8LI
zipper 929 656 649 | 996 860 792 | 99.6 90.7 827 | 99.7 882 8L6| 995 885 820
Average | 900 627 621 | 99.1 814 763 | 991 845 788 | 987 831 781 | 992 863 80.8

I. Limitations

Our method has two limitation: limit control on logical
anomaly generation and self-attention grafting performs
suboptimally when the reference anomaly is small.

Limit control on logical anomaly generation. Our
method synthesizes anomalies by manipulating attention
and optimizing text embedding (AGO). However, compared
with training-based approaches, it is less effective at rea-
soning aboutlogical anomalies. On MVTec-AD, two repre-
sentative cases: cable-cable_swap and transistor-misplaced,
remain challenging. As shown in Fig. 16, Transistor-
misplaced typically denotes that the transistor pins are not
correctly connected to the solder pads, or the transistor is
missing. The training-free AnomalyAny enlarges attention
on anomaly tokens. By using the same prompt template “A
photo of a [cls] with a [anomaly_type]” and LLM-generated
detailed prompts, it still fails to match the dataset distribu-
tion and does not produce the intended anomalies. In our
method, For misplacement case, the anomaly mask cov-
ers the transistor foreground. During self-attention grafting
this can entangle features from the normal and reference
branches, yielding inconsistent content as shown in Fig. 16.
For the missing-transistor case, we do not manipulate atten-
tion in the initial five denoising steps, allowing the target
branch to form an initial transistor silhouette that becomes
difficult to remove later. For cable-cable_swap, among the
expected green/blue/gray wires, two share the same color.
Our approach further relies on precise mask—wire corre-
spondence, so any misalignment of the mask often leads to
bad generation.

We plan to integrate MLLMs to enrich prompt semantics
for precise logical guidance in future work.

MV Tec Real Anomaly

AnomalyAny

Figure 16. Logical anomaly generation.

Suboptimal on small anomaly generation. As discussed
in Sec. 3.2, self-attention is applied to intermediate feature
maps at 64 x 64, 32 x 32, 16 x 16, and 8 x 8. The ref-
erence anomaly image is accordingly downsampled to the
corresponding spatial resolution. When the anomalous re-
gion is small, its representation in the self-attention space
tends to exhibit unclear boundaries relative to the back-
ground. As illustrated in Fig. 14, several VisA cases with
small reference anomalies yield low-contrast self-attention
maps. Concretely, at the 30th denoising step we apply prin-
cipal component analysis (PCA) to the self-attention maps
and visualize the top three principal components. Because
the variance contributed by the anomalous region is much
smaller than that of the background, the leading compo-
nents tend to “ignore” the anomaly, which hampers synthe-
sis of tiny defects.
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Figure 17. bottle qualitative results on MVTec-AD.

cable

Training-free Anomaly Generation

AnomalyAny

Training-based Anomaly Generation
DualAnoDiff

AnomalyDiffusion

Normal Image

MVTec

Real Anomaly

UM JuUaq doms™2)qoo P2UIQWOD LOLYD|NSUI JBULI (N3 2|GDY BUISSIW UOID|NSUIT 4240 4N 24im™ Bulssiw :n._E_:m_._..lm._on_L

Figure 18. cable qualitative results on MVTec-AD.
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Figure 20. carpet qualitative results on MVTec-AD.
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Figure 19. capsule qualitative results on MVTec-AD.
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Figure 21. AnomalyDiffusion fails to synthesize the intended defects within the anomaly mask; DualAnoDiff and SeaS do not preserve
background appearance and produce anomalies with distribution shift; AnomalyAny struggles to capture precise anomaly semantics. In
contrast, our method preserves background fidelity and synthesizes diverse, realistic anomalies.
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Figure 22. hazelnut qualitative results on MVTec-AD.
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Figure 23. leather qualitative results on MVTec-AD.
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Figure 24. metal_nut qualitative results on MVTec-AD.
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Figure 25. pill qualitative results on MVTec-AD.
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Figure 26. screw qualitative results on MVTec-AD.
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Figure 27. tile qualitative results on MVTec-AD.
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Figure 28. toothbrush qualitative results on MVTec-AD.
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Figure 29. transistor qualitative results on MVTec-AD.
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Figure 30. wood qualitative results on MVTec
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Figure 31. zipper qualitative results on MVTec-AD.
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