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Overview

The supplementary material presents the following sec-
tions to strengthen the main manuscript:
Sec. A introduces the formulas for the Wavelet Transform
and its advantages over the Fourier Transform.
Sec. B introduces the datasets and metrics.
Sec. C shows more ablation studies.
Sec. D shows more quantitative comparisons.

A. Wavelet Transform’s Formulas and Advan-
tages

The wavelet transform is a signal analysis method that
provides both spatial and frequency domain information
about a signal. Through wavelet decomposition, input fea-
tures can be divided into low-frequency components and
high-frequency components. Low-frequency components
primarily reflect overall contours and global structural in-
formation, while high-frequency components more accu-
rately reflect edges, textures, or subtle structural changes.

Industrial anomalies typically manifest as complex fea-
tures across multiple scales. Large-scale defects often al-
ter the overall shape or structure of an object, while sub-
tle defects are more concealed within local textures. To
address this, we combine the low-frequency components
in the wavelet domain with large-scale defect modelling,
leveraging high-frequency components to enhance sensitiv-
ity to local details, thereby achieving efficient anomaly de-
tection across multiple scales.

To enable multi-scale decomposition and frequency-
domain analysis, we employ the Haar discrete wavelet
transform (DWT), which factorizes an input feature map
F, € REXHXW into low-frequency (Fj) and high-
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frequency (F},) components as:
By, B D ) — pWT(F,) (1)
. (LH)

where F; captures the global structure, while Fj,

F}(LHL), F,gHH) represent horizontal, vertical, and diagonal
details, respectively. The DWT utilizes simple orthogonal
filters:

’
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where L and H are the low- and high-pass filters. The in-
verse wavelet transform (IWT) reconstructs the original fea-
ture by:

ot = TWT(F" Fpt) = (F™ « I7) < L
+ (F,ELH) « LT« H
+ (F}(LHL) * H') x L
+ (F,EHH) *H') x H

(&)

where * denotes the convolution operation applied along
spatial dimensions. Compared with pure spatial-domain
processing, this decomposition enables the model to ex-
plicitly manipulate global structures and fine-grained details
separately, which is beneficial for anomaly detection tasks.
Why Wavelet Transform over Fourier Transform? The
wavelet transform decomposes features into low-frequency
and directionally-aware high-frequency components, en-
abling fine-grained modeling of subtle defects and adap-
tive preservation of global structures. Unlike the Fourier
transform, which captures only global frequency informa-
tion without spatial localization, the wavelet transform pro-
vides joint spatial-frequency analysis. This is particularly
beneficial for anomaly detection, as defects often exhibit
localized, orientation-dependent characteristics. By captur-
ing both spatial position and directional frequency details,



wavelet-based methods effectively detect subtle anomalies
while accurately localizing large-scale structural defects. In
contrast, Fourier-based approaches may overlook such ir-
regularities due to their inherently global, non-localized na-
ture.

B. Datasets and Metrics

The comparative datasets and metrics are described be-
low: MVTec-AD[ 1] includes 5,354 high-resolution images
from 5 texture and 10 object categories, with 3,629 nor-
mal images for training and 1,725 for testing. VisA[10]
contains 10,821 images of 12 objects, with 9,621 normal
samples and 1,200 anomalies, covering surface and struc-
tural defects. MPDD [6] is designed for inspecting metal
part defects, containing 1,346 images of 6 metal prod-
ucts. MVTec-3D [2] is a 3D dataset for unsupervised
anomaly detection and localisation, containing over 4,000
high-resolution scans across 10 object categories with both
defect-free and defective samples. Real-IAD [9] is a large-
scale real-world industrial anomaly detection dataset con-
sisting of 150,000 high-resolution images covering 30 dif-
ferent objects.

AU-ROC measures the model’s ability to distinguish
normal and abnormal samples across thresholds. AP eval-
uates the precision-recall balance, with higher values in-
dicating better anomaly detection. F1_max assesses the
trade-off between precision and recall at various thresh-
olds. AU-PRO quantifies the precision-recall trade-off, es-
pecially for imbalanced data, reflecting anomaly localiza-
tion performance. AU-ROC, AP, and F1_max are evaluated
at both pixel and image levels.

C. Ablation Studies

We present a series of ablation experiments on the
MVTec-AD dataset in Table 1, Table 2, and Table 3, further
to validate the effectiveness of the proposed method setup.
Effectiveness of setting the number of Wavelet-Mamba
modules per layer in the Wavelet-Mamba decoder. We
show the ablation experiments on the number of Wavelet-
Mamba modules per layer in the Wavelet-Mamba decoder
in Table 1. Specifically, we use the number of Wavelet-
Mamba modules in the decoder set from shallow to deep
[1, 1, 1, 1] as a baseline and then increase the number from
deep to shallow. We find the best results with the setting of
[1, 2,2, 2] with acceptable parameters and complexity.
Verification of the effectiveness of directional selective
scanning in HFSS for high-frequency components in dif-
ferent directions. Table 2 shows ablation experiments re-
placing directional selective scanning with different scan-
ning strategies. We find that directional selection scan-
ning achieves better performance, as it aligns with high-
frequency subbands and can capture subtle defects in the

corresponding direction.

The validity of the channel group number setting in
LFSS. Table 3 demonstrates the ablation experiments for
the number of channel grouping settings in LFSS. The best
results are achieved when the number of channel group-
ing settings in LFSS in each layer of the Wavelet-Mamba
module in the decoder is set to [2, 4, 8, 16] from shal-
low to deep. Additionally, we observed that improper
channel grouping leads to significant performance degra-
dation. Over-grouping of shallow-layer features causes
channel fragmentation, while insufficient grouping of deep-
layer features reduces the expression of high-level seman-
tic information. The pyramid-style channel grouping effec-
tively avoids over-segmentation of shallow-layer features
by adjusting the number of groups based on channel depth,
thereby enhancing the understanding of deep-layer seman-
tic information.

D. Quantitative Comparison

To further validate the effectiveness of the proposed
method, we provide more comprehensive quantitative com-
parisons.

Performance comparison with MambaAD under differ-
ent Seeds. To address concerns regarding performance sta-
bility, we conducted experiments with five different ran-
dom seeds for both MambaAD and our proposed Wave-
MambaAD. Results show that Wave-MambaAD achieves
an average performance of 85.58 + (.14, consistently out-
performing MambaAD (85.40 + 0.13) with stable improve-
ments across runs (see Table 4).

Quantitative comparison with other SOTA on MVTec-
3D [2]. Table 5 shows a quantitative comparison be-
tween the proposed method and SOTA on MVTec-3D.
Our method is weaker than DiAD in metric F1_max, but
achieves the best performance in other metrics, further
demonstrating the effectiveness of our method.
Quantitative comparison with other SOTA on Real-
IAD [9]. Table 6 shows a quantitative comparison between
the proposed method and SOTA on Real-IAD. Our method
achieved the best performance across all metrics, further
validating the robustness of the proposed method in real in-
dustrial scenarios.

Quantitative comparison of categories on the MVTec-
AD [1]. Table 7 and Table 8 present the image-level
anomaly detection results and pixel-level anomaly localiza-
tion quantitative results for all categories in the MVTec-AD
dataset, respectively. The results demonstrate that the per-
formance of our method is comparable to other SOTA meth-
ods.

Quantitative comparison of categories on the Visa [10].
Tab. 9 and Tab. 10 present the image-level anomaly detec-
tion results and pixel-level anomaly localization quantita-
tive results for all categories in the Visa dataset, respec-



tively. Our method can achieve the best performance at
pixel-level AU-ROC and competitive performance at other
pixel or image levels.

Quantitative comparison of categories on the
MPDD [6]. Table 11 and Table 12 present the image-level
anomaly detection results and pixel-level anomaly local-
ization quantitative results for all categories in the MPDD
industrial dataset, respectively. Specifically, our method
outperforms the baseline in quantitative comparisons at
the pixel level, achieving the best performance on the
categories’ bracket_black’, ‘connector’, ‘metal_plate’, and
‘tubes’. Furthermore, our method also achieves competitive
performance in quantitative comparisons at the image level.
Quantitative comparison of categories on the MVTec-
3D [2]. Table 13 and Table 14 show the image-level
anomaly detection results and pixel-level anomaly locali-
sation quantitative results for all categories in the MVTec-
3D industrial dataset, respectively. Specifically, our method
outperforms other SOTA methods in pixel-level average
quantitative comparisons, and it is also competitive in
image-level average quantitative comparisons.
Quantitative comparison of categories on the Real-
IAD [9]. Table 15 and Table 16 show the image-level
anomaly detection results and pixel-level anomaly localisa-
tion quantitative results for all categories in the Real-IAD
industrial dataset, respectively. Specifically, our method
achieves the best performance in most categories, far sur-
passing other SOTA in categories such as ‘fire hood’, “reg-
ulator” and ‘toy brick’.

References

[1] Paul Bergmann, Michael Fauser, David Sattlegger, and
Carsten Steger. Mvtec ad—a comprehensive real-world
dataset for unsupervised anomaly detection. In Proceedings
of the IEEE/CVF conference on computer vision and pattern
recognition, pages 9592-9600, 2019. 2

[2] Paul Bergmann, Xin Jin, David Sattlegger, and Carsten Ste-
ger. The mvtec 3d-ad dataset for unsupervised 3d anomaly
detection and localization. arXiv preprint arXiv:2112.09045,
2021. 2, 3,4

[3] Denis Gudovskiy, Shun Ishizaka, and Kazuki Kozuka.
Cflow-ad: Real-time unsupervised anomaly detection with
localization via conditional normalizing flows. In Proceed-
ings of the IEEE/CVF winter conference on applications of
computer vision, pages 98—107, 2022. 4

[4] Haoyang He, Yuhu Bai, Jiangning Zhang, Qingdong He,
Hongxu Chen, Zhenye Gan, Chengjie Wang, Xiangtai Li,
Guanzhong Tian, and Lei Xie. Mambaad: Exploring state
space models for multi-class unsupervised anomaly detec-
tion. arXiv preprint arXiv:2404.06564, 2024. 4

[5] Haoyang He, Jiangning Zhang, Hongxu Chen, Xuhai Chen,
Zhishan Li, Xu Chen, Yabiao Wang, Chengjie Wang, and Lei
Xie. A diffusion-based framework for multi-class anomaly
detection. In Proceedings of the AAAI Conference on Artifi-
cial Intelligence, pages 8472-8480, 2024. 4

(6]

(7]

(8]

(9]

[10]

Stepan Jezek, Martin Jonak, Radim Burget, Pavel Dvorak,
and Milos Skotak. Deep learning-based defect detection of
metal parts: evaluating current methods in complex condi-
tions. In 2021 [3th International congress on ultra mod-
ern telecommunications and control systems and workshops
(ICUMT), pages 66-71. IEEE, 2021. 2, 3

Jiarui Lei, Xiaobo Hu, Yue Wang, and Dong Liu. Pyramid-
flow: High-resolution defect contrastive localization using
pyramid normalizing flow. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition,
pages 14143-14152, 2023. 4

Zhikang Liu, Yiming Zhou, Yuansheng Xu, and Zilei Wang.
Simplenet: A simple network for image anomaly detection
and localization. In Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition, pages
20402-20411, 2023. 4

Chengjie Wang, Wenbing Zhu, Bin-Bin Gao, Zhenye Gan,
Jiangning Zhang, Zhihao Gu, Shuguang Qian, Mingang
Chen, and Lizhuang Ma. Real-iad: A real-world multi-view
dataset for benchmarking versatile industrial anomaly detec-
tion. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, pages 22883-22892,
2024. 2, 3,4

Yang Zou, Jongheon Jeong, Latha Pemula, Dongqing Zhang,
and Onkar Dabeer. Spot-the-difference self-supervised pre-
training for anomaly detection and segmentation. In Eu-
ropean Conference on Computer Vision, pages 392—-408.
Springer, 2022. 2



| Image-level Pixel-level |
Settings | AU-ROC AP  Fl.max AU-ROC AP  Fl.max AU-PRO | Params(M)  FLOPs(G)

(1,1,1,1] 97.2 98.9 96.9 97.0 51.5 55.7 91.6 17.2 53
(1,1,1,2] 97.6 99.0 97.0 97.0 53.5 56.9 923 17.5 6.1
(1,1,2,2] 98.0 99.1 97.1 97.4 54.6 57.6 92.9 18.6 6.8
(1,2,2,2] 98.2 99.3 97.4 97.5 559 58.3 93.1 223 7.5
(2,2,2,2] 98.1 98.9 97.4 97.2 54.8 57.1 923 37.8 8.2

Table 1. Ablation studies on the number of Wavelet-Mamba Modules per layer setting in the Wavelet-Mamba Decoder. The best
results are shown in bold.

| Image-level Pixel-level
Setting | AU.ROC AP Flomax AU-ROC AP Flmax AU-PRO
HFSS(Scan) 980 992  97.1 974 550 517 925
HFSS(Zorder) 98.1 993 972 97.3 544 515 923
HFSS(Zigzag) 982 992 973 970 544 577 923
HFSS(Hilbert) 98.1 993 971 972 546 517 92.6
HFSS(DSS) 982 993 974 975 559 583 93.1

Table 2. Ablation experiments with different scanning in HFSS. The best results are shown in bold.

| Image-level Pixel-level
Settings | AU-ROC AP  Fl.max AU-ROC AP  Fl.max AU-PRO
[1,1,1,1] 93.6 97.6 954 96.7 49.1 535 90.5
2,2,2,2] 98.0 992 972 97.1 542 576 923
[4,4,4,4] 98.0 993 973 97.1 545 515 92.5
8,8,8,8] 97.8 991 96.8 97.0 533 569 92.1
2,4,8,16] 98.2 993 974 97.5 559 583 93.1

)

Table 3. Ablation experiments on the number of channel groupings in LFSS. The best results are shown in bold.

Method | Seed=21  Seed=42 Seed=63 Seed=84  Seed=126
MambaAD 85.4 85.4 85.6 85.2 85.4
Wave-MambaAD 85.4 85.6 85.8 85.5 85.6

Table 4. Performance of the proposed method with MambaAD under different Seed settings.

| | Image-level | Pixel-level |

Datasets | Method | AU.ROC AP Flomax | AU-ROC AP  Fl.max AU-PRO | MAD
CFLOW-AD [3] 73.1 91.0 902 968 216 266 89.0 69.8
SimpleNet [§] 758 923 90.4 94.7 173 234 81.0 67.8
PyramidalFlow [7] 58.7 856 886 90.8 7.2 12.0 74.9 59.7
MVTec-3D [2] DIAD [5] 846 948  95.6 964 253 323 87.8 73.8
MambaAD [4] 84.1 95.1 922 98.6 369 408 94.2 774

Wave-MambaAD 85.1 955 22 986 374 416 944 1.

Table 5. Quantitative comparison on the MVTec-3D dataset. The best results are denoted using bold and the second-best results are
underlined.

| | Image-level | Pixel-level |
Datasets | Method | AU-ROC AP  Flomax | AU-ROC AP Flmax AU-PRO | MAD
CFLOW-AD [3] 770 758 699 94.8 176 217 80.4 62.5
SimpleNet [8] 572 534 615 76.1 1.9 49 424 425
PyramidalFlow [7] 545 479 620 71.1 12 1.1 35.8 39.1
Real-TAD DiAD [5] 75.6 664  69.9 88.0 2.9 7.1 58.0 52.6
MambaAD [4] 870 853 716 98.6 324 381 91.2 729
Wave-MambaAD 889 872 9.6 986 377 2.5 917 75.2

Table 6. Quantitative comparison on the Real-IAD [9] dataset. The best results are denoted using bold and the second-best results are
underlined.



Method ‘ CFLOW-AD SimpleNet PyramidalFlow RealNet DiAD MambaAD Wave-MambaAD

Category |  WACV22 CVPR23 CVPR23 CVPR24 AAADR4 Neur[PS24 Ours

candle | 93.0 933 853|936 945 849 | 434 449 667 | 527 578 667|928 920 87.6| 968 969 90.1 | 959 96.0 90.6
capsules 548 728 769|768 87.0 783 558 694 769 728 850 770 582 69.0 785 91.8 950 888|907 940 88.6
cashew | 958 982 933|932 968 90.2 | 840 90.7 877|798 89.6 845|915 957 89.7 | 945 973 911|930 96.7 90.7
chewinggum 973 989 953|974 988 938 363 636 800 877 946 860 991 995 959 977 989 942|973 988 947
fryum | 80.1 955 883|840 928 83.6| 687 835 810|662 834 80.6|89.8 950 872|952 97.7 905|956 979 915

macaronil | 80.6 77.5 753|774 757 714 419 434 660 762 815 720 857 852 788 916 89.8 816|920 898 83.6
macaroni2 | 643 627 662 | 66.7 612 669 | 67.8 710 69.2 | 57.6 575 69.4 | 625 574 696|816 780 738|875 853 79.6

pebl 935 935 865|928 939 879 833 809 8.1 766 796 712 881 887 807 954 93.0 91.6| 950 929 923
pcb2 | 924 93 858 |90.1 918 834|728 763 708|716 78.8 674|914 914 847|942 937 893|947 937 89.6
peb3 80.5 836 736|864 883 780 538 564 664 788 840 725 862 876 776 937 941 86.7 | 934 938 86.3
pcb4 | 985 984 96.1 | 97.6 978 92.0 | 489 527 664 | 725 792 683 ] 99.6 99.5 97.0 | 999 99.9 985|999 99.9 98.0
pipe_fryum 974 988 96.0 | 80.7 909 832 416 633 800 640 835 805 962 981 937 987 993 973 | 984 992 96.0
Average ‘ 86.5 88.8 849 | 864 89.1 828 ‘ 582 663 744 ‘ 714 795 747 ‘ 86.8 883 85.1 ‘ 943 945 894|944 948 90.1

Table 7. Comparison of image-level AU-ROC/AP/F1_max metrics with SoOTAs on the MVTec-AD dataset. The best results are shown
in bold.

Method ‘ CFLOW-AD SimpleNet PyramidalFlow RealNet DiAD MambaAD ‘Wave-MambaAD
Category | WACV22 CVPR23 CVPR23 CVPR24 AAAIR4 Neur[PS24 Ours

Bottle [ 974 618 636 921|973 573 659 89.1 | 777 169 239 409 | 69.8 539 466 609 | 984 522 548 866|987 797 757 960 | 987 718 752 956
Cable 89.8 273 333 780 | 966 485 550 860 828 190 164 416 615 235 259 333 968 501 57.8 805|952 420 479 904 966 459 510 913
Capsule | 985 41.0 442 929 | 98.1 369 46.8 87.1 [90.3 135 19.6 573 | 546 237 12.1 234 |97.1 420 453 872|982 435 477 93.0 | 984 423 458 93.0
Carpet 988 559 594 943|977 428 469 900 792 85 151 523 892 69.0 643 840 986 422 464 906 | 992 640 638 973 992 640 634 9638
Grid [ 929 182 251 810|969 264 330 883|857 98 166 669|826 412 457 777|966 660 64.1 940 | 989 484 485 969 | 992 479 481 972
Hazelnut 985 59.1 579 956 |98.1 49.0 524 939 927 332 369 842 775 442 489 754 983 792 804 915|991 670 661 953 988 611 616 954
Leather | 992 450 461 98.1 | 985 278 339 955|877 64 152 740]979 704 680 980|988 561 623 913|993 506 504 987|994 513 515 985
Matelnut 960 712 717 885|977 822 792 876 816 419 458 373 525 323 210 396 97.3 300 383 906|967 742 783 929 968 728 719 929
pill [ 967 595 563 905|967 747 706 853|833 183 260 652|544 478 89 350957 460 514 890|962 550 589 952|975 655 67.5 96.1
Screw 965 13.6 185 877|958 158 238 831 714 09 21 215 518 154 45 185 979 60.6 59.6 95 | 993 452 451 97.0 994 494 499 968
Tile [ 960 560 621 865|954 59.1 604 825|757 551 281 344939 841 768 905|924 657 641 907|930 439 526 795|937 454 549 813
Toothbrush 982 457 472 845|980 536 559 80.6 730 423 313 232 848 501 561 341 990 787 728 95 | 989 475 597 920 99.0 493 603 920
Transistor | 848 383 390 73.0 | 954 604 57.6 825]759 132 195 261|609 402 283 446|951 156 317 90.0 | 960 638 616 903 | 93.6 590 585 850
Wood 942 457 498 902 | 925 403 424 800 626 395 179 323 904 761 719 888 933 433 435 975|940 469 484 920 945 469 491 904
Zipper | 979 502 548 924|979 578 554 919|810 154 163 557|676 519 426 47.7]962 60.7 600 91.6| 981 550 589 945|983 593 60.3 943
Average 957 459 486 883|968 488 519 869 800 223 220 475 726 483 414 568 968 526 555 907|974 551 576 934 975 559 583 931

Table 8. Comparison of Pixel-level AU-ROC/AP/F1_max/AU-PRO metrics with SoTAs on the MVTec-AD dataset. The best results
are shown in bold.

Method ‘ CFLOW-AD SimpleNet PyramidalFlow RealNet DiAD MambaAD Wave-MambaAD
Category |  WACV22 CVPR23 CVPR23 CVPR24 AAAIR4 NeurIPS24 Ours

candle [93.0 933 853|936 945 849|434 449 667|527 578 667|928 920 876|968 969 90.1|959 960 90.6
capsules 548 728 769|768 870 783 558 694 769 728 850 770 582 69.0 785 918 95 888|907 940 886
cashew | 958 982 933|932 96.8 902|840 907 877|798 89.6 845|915 957 897|945 973 911|930 967 90.7
chewinggum 973 989 953|974 988 938 363 636 800 877 946 860 991 995 959 977 989 942|973 988 947
fryum | 80.1 955 883 | 84 928 836|687 835 810|662 834 806|898 950 872|952 977 905|956 979 915

macaronil | 80.6 775 753|774 757 714 419 434 660 762 815 720 857 852 788 91.6 89.8 81.6| 920 89.8 83.6
macaroni2 | 643 627 662 | 66.7 612 669 | 67.8 710 69.2 | 57.6 575 69.4 | 625 574 696|816 780 738|875 853 79.6

pebl 935 935 865|928 939 879 833 809 821 766 79.6 712 83.1 837 807 954 93.0 916|950 929 923
peb2 | 924 930 858 |90.1 91.8 834|728 763 708|716 788 674|914 914 847|942 937 893|947 937 89.6
peb3 80.5 83.6 736|864 883 780 538 564 664 788 84 725 862 87.6 77.6 937 941 867|934 938 863
peb4 | 985 984 96.1]97.6 97.8 920 | 489 527 664 | 725 792 68.3]99.6 995 97.0 | 99.9 99.9 985 | 99.9 99.9 98.0

pipefryum 974 988 96.0 | 80.7 909 832 41.6 633 80.0 640 835 805 962 98.1 937 987 993 97.3 | 984 992 96.0
Average | 86.5 88.8 849|864 89.1 828|582 663 744|714 795 747|868 883 851|943 945 894|944 948 90.1

Table 9. Comparison of image-level AU-ROC/AP/F1_max metrics with SoTAs on the VisA dataset. The best results are shown in
bold.



Method ‘ CFLOW-AD SimpleNet PyramidalFlow RealNet DiAD MambaAD Wave-MambaAD

Category | WACV22 CVPR23 CVPR23 CVPR24 AAAI4 NeurlPS24 Ours

candle 988 139 230 938964 100 199 884]77.9 05 23 558|518 98 52 285|973 128 228 89.4]99.0 231 324 955|990 207 299 957
capsules 941 264 304 643 955 420 455 661 869 33 87 624 659 318 348 318 973 100 210 779 99.1 613 598 91§ 990 539 518 913
cashew 99.0 538 549 046|986 678 650 820|497 06 22 157|510 224 31 197|909 531 609 618|943 468 514 87.8 | 955 518 547 87.8
chewinggum | 99.1 603 603 87.9 983 315 369 751 685 13 L1 392 724 400 420 364 947 119 258 595 981 S57.5 611 797 982 599 62.6 80.1
fryum 975 536 533 874|949 462 484 817|817 127 190 627|538 357 104 192|976 586 60.1 81.3]969 478 519 91.6 | 971 485 52 9L7

macaronil | 99.1 7.6 133 949 970 38 106 870 811 01 02 399 60.1 132 197 275 941 102 167 685 995 175 27.6 952 995 171 261 96.1
macaroni2 | 972 1.5 55 882[909 07 42 79.1]639 01 01 83 |514 53 3.6 160|936 09 28 731|995 92 161 962|996 114 187 96.8

pebl 99.1 724 687 878 987 80 749 789 928 493 455 405 70.5 369 419 251 987 496 528 80.2 998 771 724 928 998 764 707 937
peb2 96.6 125 187 823966 139 235 80.6]939 88 159 719|641 129 198 327|952 7.5 167 67.0 | 989 133 234 89.6 | 988 124 232 895
peb3 963 226 268 803 976 197 277 808 564 05 27 76 715 298 366 357 967 80 188 689 99.1 183 274 9.1 991 212 275 905
pebd 967 219 309 854952 221 309 790|895 50 89 663|583 280 231 240|970 176 272 850 | 986 47 469 87.6 | 987 458 466 89.1
pipefryum | 992 608 612 946 988 708 662 713 813 47 91 430 613 432 314 323 994 727 699 899 99.1 535 585 951 992 623 614 939
Average 97.7 339 372 868|966 340 378 792|770 72 9.6 428|610 257 226 274|960 261 330 752|985 394 44 910|986 400 438 914

Table 10. Comparison of Pixel-level AU-ROC/AP/F1_max/AU-PRO metrics with SoTAs on the VisA dataset. The best results are
shown in bold.

Method ‘ CFLOW-AD SimpleNet PyramidalFlow RealNet MambaAD Wave-MambaAD
Category \ WACV22 CVPR23 CVPR23 CVPR24 NeurIPS24 Ours

bracket_black | 60.8 703 75.8 | 740 833 785 ‘ 658 727 77.0|63.0 727 752 | 819 883 817 ‘ 79.7 860 8I.1
bracket_brown | 744 77.6 852 | 904 93.8 936 637 764 81.0|91.0 940 926|957 975 953 925 946 953
bracket_white | 629 64.1 69.8 | 85.6 893  80.0 ‘ 768 848 784 | 773 862 80.8| 971 975 909 ‘ 93.0 938 86.7

connector 912 853 786 | 962 920 903 69.0 427 634|990 979 966|995 991 963 993 986 933
metal_plate 99.9 100.0 99.3 | 100.0 100.0 100.0 ‘ 96.7 987 9521999 100.0 993 | 99.8 999 98.,6 ‘ 100.0 100.0 100.0
tubes 650 833 817 | 8.0 939 850 698 86.6 812|801 901 852 | 584 770 817 905 963 89.6
Average 7577 80.1 817 | 884 920 879 ‘ 736 770 794|851 902 833 | 8.7 932 90.8 ‘ 925 949 910

Table 11. Comparison of image-level AU-ROC/AP/F1_max metrics with SoOTAs on the MPDD dataset. The best results are shown in
bold.

Method ‘ CFLOW-AD SimpleNet PyramidalFlow RealNet MambaAD Wave-MambaAD
Category ‘ WACV22 CVPR23 CVPR23 CVPR24 NeurIPS24 Ours
bracket-black | 955 1.7 41 852928 3.1 97 86.1]953 18 50 814]659 23 68 507|945 53 112 884|948 72 152 885

bracketbrown 959 59 120 911|944 79 169 867|940 57 125 696 699 121 191 505 975 263 308 928 974 142 233 932
bracket_white | 982 1.2 35 930|977 21 65 856|989 56 145 911|852 184 306 474|993 122 204 950 | 99.1 2.1 49 944

connector 96.7 279 293 894 | 983 464 470 945|907 37 72 700 858 389 441 758 992 545 565 973 995 693 619 98.1
metal_plate | 985 89.0 833 924|984 898 817 892|887 613 21.1 608|977 905 841 93.6| 982 838 822 943 | 988 90.6 855 856
tubes 962 320 356 86.0|976 428 458 917|971 482 464 903 953 543 53.0 904 96.1 196 278 858 982 659 624 929
Average ‘ 96.8 263 28.0 895|965 320 346 89.0 |91 211 178 772 ‘ 833 36.1 39.6 68.1 ‘ 97.5 336 382 923 ‘ 98.0 41.5 422 938

Table 12. Comparison of Pixel-level AU-ROC/AP/F1_max/AU-PRO metrics with SoTAs on the MPDD dataset. The best results are
shown in bold.

Method ‘ CFLOW-AD SimpleNet PyramidalFlow DiAD MambaAD Wave-MambaAD
Category ‘ WACV22 CVPR23 CVPR23 AAAI24 NeurIPS24 Ours

bagel | 788 942 893|807 946 898|724 923 889 | 100.0 100.0 100.0 | 934 983 933 | 904 97.1 935
cable.gland  69.7 902 90.1 843 953 919 593 87.0 892 681 910 923 911 978 93.6 886 97.1 920
carrot | 852 968 923|784 950 912|673 880 919 | 944 993 98.0 | 90.1 977 939 | 89.2 973 94.1
cookie 463 780 884 627 872 880 156 647 880 694 788 909 583 856 884 673 89.6 881
dowel | 921 98.1 929|897 975 907 | 745 929 899 | 98.0 993 973 | 965 992 953 | 96.0 99.0 948
foam 750 935 893 800 949 898 665 899 889 100.0 100.0 100.0 79.9 947 899 835 958 899
peach | 722 913 904 | 66.5 88.0 905|672 895 898 | 580 913 943 | 893 971 934 | 913 976 755
potato 62.0 868 893 616 846 893 750 920 905 763 943 950 591 860 902 651 883 705
rope | 941 977 922|929 975 932|675 81.8 812 | 892 954 919 | 96.1 984 932 | 965 98.7 955
tire 56.1 839 874 597 840 883 525 827 874 927 989 958 873 959 911 829 946 8938

Average | 731 910 902|757 919 903|618 861 88.6| 846 948 956 | 841 951 922|851 955 922

Table 13. Comparison of image-level AU-ROC/AP/F1_max metrics with SoOTAs on the MVTec-3D dataset. The best results are shown
in bold.



Method ‘ CFLOW-AD SimpleNet PyramidalFlow DiAD MambaAD Wave-MambaAD

Category ‘ WACV22 CVPR23 CVPR23 AAAIR24 NeurIPS24 Ours

bagel 983 313 389 897|961 211 306 758|958 104 174 842 ]985 49.6 542 938 | 987 41.0 453 946 | 988 418 451 954
cable_gland | 96.7 94 162 90.0 | 979 21.0 276 927 867 12 27 60.0 984 252 32 945|993 388 446 982 | 99.1 373 430 976
carrot 989 20.0 272 960|979 121 197 915|985 180 251 944 ]986 20 269 946 | 993 290 327 979 | 994 269 323 978
cookie 969 303 32,6 892|935 27.6 346 748 915 109 18.1 76.0 943 14 238 835 | 968 388 420 843 | 974 405 438 878
dowel 98.8 283 327 944|982 200 247 917 |94 156 21.5 843|972 314 401 89.6| 995 50.1 489 974 |99.6 499 50.6 97.1
foam 855 158 272 575|870 122 222 692 767 105 17.1 557 898 96 235 69.1 | 949 238 334 838 | 947 238 332 830
peach 979 171 189 921|940 59 11.7 785 ‘ 972 84 13.0 90.2 ‘ 984 27.6 313 942|994 429 440 975|994 464 47.0 97.6
potato 985 114 139 953|955 25 57 843 984 11.1 185 946 980 86 178 939 | 99.0 177 228 954 |99.1 185 240 952
rope 99.3 451 473 953|995 542 533 952|856 7.8 123 573|993 610 599 965|993 451 481 96.1 | 994 509 505 955
tire 975 7.0 112 907|936 79 143 762 929 55 116 756 918 59 137 688 | 993 421 463 96.7 | 994 382 459 96.6
Average 96.8 21.6 266 89.0 953 185 245 83.0 ‘ 920 99 157 772 ‘ 964 253 323 878 |98.6 369 408 942|986 374 416 944

Table 14. Comparison of Pixel-level AU-ROC/AP/F1_max/AU-PRO metrics with SoTAs on the MVTec-3D dataset. The best results
are shown in bold.

Method ‘ CFLOW-AD SimpleNet PyramidalFlow DiAD MambaAD Wave-MambaAD
Category ‘ WACV22 CVPR23 CVPR23 AAA24 NeurIPS24 Ours
audiojack | 774 708 60.9 | 584 442 509 | 51.7 349 507|765 660 657|849 777 682 | 855 804 68.6
bottle cap 80.0 783 71.7 | 582 47.6 452|554 467 603 |91.6 87.0 879 | 932 92,6 827 | 954 953 883
button battery ‘ 66.0 75.1 727|772 605 776|525 564 725|805 543 706 | 828 874 792 | 88.0 90.0 84.0
end cap 63.7 727 729 | 541 608 603 | 557 638 73.0 | 8.1 940 848 | 786 831 774 | 81.5 855 784
eraser ‘ 88.6 875 77.6|525 391 724|578 425 573|800 713 773 | 84 869 767 | 91.2 893 79.1
fire hood 80.3 738 682 | 51.6 419 729|565 39.1 54.1 | 833 834 805 | 799 735 654 | 835 717 69.5
mint ‘ 63.6 64.1 63.7 | 464 503 558|570 512 638|767 800 76.0| 726 73.8 662 | 764 774 68.1
mounts 829 745 703 | 58.1 48.1 544|561 41.1 521|753 817 825 | 874 783 742 | 881 80.6 75.2
pcb ‘ 743 832 766 | 524 660 637|548 645 757|860 767 854|903 943 851 | 909 945 86.0
phone battery 749 734 642 | 587 43.8 524|455 361 584|823 745 759 | 90.2 886 806 | 914 89.6 814
plastic nut ‘ 69.7 60.5 53.6 | 545 403 755|450 293 497|719 851 656 | 87.8 820 719 | 89.0 828 739
plastic plug 788 752 649 | 51.6 384 580|462 352 546|887 777 909 | 865 834 728 | 87.3 838 738
procelain doll ‘ 83.6 781 682|592 545 518|487 340 498 | 726 582 652 | 884 82.7 744 | 8.0 788 704
regulator 50.5 295 439 | 482 290 546 | 551 313 449|721 892 782 | 72.1 627 534 | 8.9 719 619
rolled strip base ‘ 92.6 96.6 889 | 663 757 52.1|599 749 798 | 684 66.8 568 | 983 992 956 | 988 994 964
sim card set 91.5 929 853|505 697 439|779 753 77.1 | 726 714 615|947 954 879 | 946 955 875
switch ‘ 753 799 725|590 66.8 79.8|60.8 620 699 | 734 559 612|924 943 863 | 931 950 863
tape 935 926 843|631 41.1 708 | 604 433 583|739 537 66.1 971 962 89.6 | 971 962 89.4
terminalblock ‘ 81.1 843 76.0 | 622 647 686|578 575 70.0 | 621 494 478 | 953 955 898 | 96.7 972 91.2
toothbrush 703 749 71.7 | 499 700 545|481 509 70.1 912 578 909 | 8.2 87.5 80.7 | 85.6 862 814
toy ‘ 60.6 688 737|598 644 688|562 652 734|662 364 598 | 837 884 79.7 | 8.8 89.1 82.6
toy brick 742 69.7 64.0 | 659 497 70.1 | 546 434 582 | 684 937 559 | 706 64.0 618 | 777 727 66.9
transisitorl ‘ 91.8 947 862|578 692 734|491 562 724|731 573 627 | 949 964 892 | 968 97.6 919
u block 80.3 73.0 63.8 | 583 484 582|449 286 488|752 453 679 | 900 858 748 | 91.6 884 79.8
usb ‘ 68.0 69.8 634 | 622 553 721|483 445 63.0 | 589 63.1 457 | 927 927 853 | 926 922 847
usb adaptor 699 641 595 | 624 384 518|534 405 568 | 769 684 672 | 79.1 757 66.0 | 81.8 76.5 68.8
vepill ‘ 81.4 79.1 675|570 487 629|557 439 578|641 374 562 | 885 87.6 776 | 90.7 90.0 80.6
woodstick 79.7 793 68.6 | 475 520 565 | 664 563 648 | 62.1 602 659 | 833 823 727 | 863 854 75.8
wooden beads ‘ 713 605 528 | 59.0 356 564 | 50.1 28.1 444|741 404 62.1 | 81.8 71.0 644 | 844 773 68.0
zipper 943 97.1 903 | 551 86.7 602|492 617 775|860 564 840|994 99.6 971 | 993 99.6 9638
Average ‘ 770 758 699 | 572 534 615|545 479 620|756 664 699 | 870 853 776 | 889 872 79.6

Table 15. Comparison of image-level AU-ROC/AP/F1_max metrics with SoTAs on the Real-IAD dataset. The best results are shown
in bold.



Method ‘ CFLOW-AD SimpleNet PyramidalFlow DiAD MambaAD Wave-MambaAD

Category \ WACV22 CVPR23 CVPR23 AAAD4 NeurIPS24 Ours

audiojack 954 164 154 732]660 02 09 376|817 02 04 407|916 10 39 633|980 222 304 862 |98.1 351 444 877
bottle cap 988 136 226 919 80.1 05 37 358 932 07 26 720 946 49 114 730 997 299 338 974 996 382 387 968
button battery | 95.6 292 258 748 | 780 9.4 154 383|502 175 08 150|841 14 53 669|983 486 496 881 |978 516 529 858
end cap 876 35 59 603 655 03 18 390 772 04 19 332 813 20 69 382 972 122 195 903 99.0 356 40.6 933
eraser 989 232 269 934|876 38 87 598|888 07 26 603|911 77 154 675|992 274 357 938 | 984 347 397 911
fire hood 98.1 21.6 227 860 768 12 48 399 500 02 0.1 154 918 32 92 667 987 259 330 868 986 30.0 364 899
mint 928 87 128 614]731 05 30 268|500 01 01 150|911 57 116 642|971 167 272 769 | 970 227 327 798
mounts 9.1 169 255 864 872 14 42 630 827 10 40 543 843 04 1.1 488 991 309 352 926 99.1 37.0 393 918
peb 95.1 150 238 756768 04 1.0 458|816 03 07 450]920 37 74 665|992 484 517 938 | 99.1 511 538 927
phonebattery | 752 136 227 839 754 15 60 468 716 03 12 272 968 53 114 854 994 352 399 955 989 338 39.0 947
plastic nut 956 134 149 791|740 05 23 409|763 01 04 293 |8L.1 04 34 386|995 343 380 968 | 994 342 379 963
plastic plug 972 118 207 857 759 02 08 386 797 01 03 405 929 87 150 661 99.0 252 323 930 984 231 314 89.1
procelaindoll | 97.1 140 209 866 | 814 24 74 489|845 02 03 487|931 14 48 704|992 322 369 959 |984 293 348 912
regulator 882 12 21 580 799 0. 07 408 769 0.1 03 429 842 04 15 444 979 217 30. 885 983 265 333 90.0
rolled strip base | 97.8  10.6 150 932|777 15 49 503|881 12 35 691|877 06 32 634|996 274 323 982|997 369 432 989
sim card set 982 303 352 879 739 28 71 303 660 1.0 06 310 8.9 17 58 604 987 510 504 891 98.1 514 508 88.0
switch 909 139 177 788 ]69.9 12 31 493|500 03 06 150]905 14 53 642|984 349 422 938 | 992 552 565 944
tape 992 246 248 956 828 13 40 428 669 02 04 106 817 04 27 473 998 459 484 984 997 450 476 982
terminalblock | 97.0 121 177 865|850 07 20 577|910 05 17 673|755 0.1 11 385|996 268 328 976|998 407 442 982
toothbrush 947 188 140 780 79.1 30 73 463 507 84 26 156 820 1.9 66 545 976 301 379 919 975 322 391 909
toy 875 21 82 569|752 02 09 369|798 04 16 474|821 11 42 503|962 168 261 880 | 965 163 253 887
toy brick 96.1 242 267 792 859 45 106 470 500 01 03 353 935 31 81 664 96.6 189 268 759 977 272 345 864
transisitor] 98.1 262 283 907 | 845 54 101 585|770 04 08 39.5|88.6 72 153 581|994 381 394 968 | 994 431 426 97.0
u block 984 199 247 893 728 06 25 402 819 05 1.1 398 888 1.6 54 542 995 332 428 961 994 407 477 952
usb 948 130 158 750|804 08 28 508|792 02 02 400|780 1.0 3.1 280|993 397 448 960 | 994 428 481 962
usb adaptor 962 81 166 808 523 0.0 04 192 842 02 06 484 940 23 66 755 970 158 249 816 971 215 305 823
vepill 973 356 413 846|820 65 120 476|723 06 08 284902 13 52 608|987 479 520 894 | 988 528 554 913
woodstick 965 202 273 795 755 12 44 362 501 06 03 151 850 11 47 456 981 324 397 853 980 442 49.6 89.0
wooden beads | 92.6 32.1 383 679|740 28 91 321|500 01 02 150]909 26 80 607|979 428 470 855|980 442 49.6 89.0
Zipper 982 349 356 910 527 12 38 243 500 07 14 156 902 125 188 535 993 584 609 97.6 990 545 556 96.5
Average 948 17.6 217 804 | 761 19 49 424|711 12 L1 35880 29 7.0 580|986 324 381 0912|986 377 425 917

Table 16. Comparison of Pixel-level AU-ROC/AP/F1_max/AU-PRO metrics with SoTAs on the Real-IAD dataset. The best results
are shown in bold.



