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P Introduction

O Comparison with CNN and Transformer based methods

(a) RD4AD

(b) UniAD (c) MambaAD
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Figure 1: Compared with (a) local CNN-based RD4AD and (b) global Transformer-based UniAD, ours MambaAD
with linear complexity is capable of integrating the advantages of both global and local modeling, and multi-scale
features endow it with more refined prediction accuracy.



P Introduction

O Our Contributions

» We introduce MambaAD, which innovatively applies the Mamba framework to address multi-class
unsupervised anomaly detection tasks. This approach enables multi-scale training and inference
with minimal model parameters and computational complexity.

» We design a Locality-Enhanced State Space (LSS) module, comprising cascaded Mamba-based
blocks and parallel multi-kernel convolutions, extracts both global feature correlations and local
information associations, achieving a unified model of global and local patterns.

» We have explored a Hybrid State Space (HSS) block, encompassing five methods and eight
multi-directional scans, to enhance the global modeling capabilities for complex anomaly
detection images across various categories and morphologies.

» We demonstrate the superiority and efficiency of MambaAD in multi-class anomaly detection tasks,
achieving SoTA results on six distinct AD datasets with seven metrics while maintaining
remarkably low model parameters and computational complexity.



CL Method

O Preliminaries Selective State Space Model

with Hardware-aware State Expansion
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Figure Reference: Gu A, Dao T. Mamba: Linear-time sequence modeling with selective state spaces. arXiv preprint arXiv:2312.00752, 2023.
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Figure 2: Overview of the proposed MambaAD, which employs pyramidal auto-encoder framework to reconstruct multi-scale
features by the proposed efficient and effective Locality-Enhanced State Space (LSS) module. Specifically, each LSS consists
of: 1) cascaded Hybrid State Space (HSS) blocks to capture global interaction; and 2) parallel multi-kernel convolution
operations to replenish local information. Aggregated multi-scale reconstruction error serves as the anomaly map for inference. 5
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CL Method

O Hybrid Scanning Methods and Directions

(1) (i) (iv) ; (I) Sweep (II) Scan
| 1ol alas &l 7 a lalalaglclagls
" @ == [ l
I 70 | 11 12 113 | 44 15 '3
| i
1 T T =ru ETH ETH ETH ESH BTR A il T TS YN T T Y
jE=as=s J
: 26 ’_’ZL 21 _I 1
| Loxt7a | ac | 26 |27 [ 2a [ 30 [[ 2k T
: ==
l aod—art 7 | a2 | aa ,,_L 46 47 an | a1 | a2 | a3 | a2 | 4 a6 | 4
: - sa | sa lss & 55
. set—s7t%a [ sa | a0 :T 2 Iosa || segl sz | sa]sale| a1] 6 ;]];
I i N
I
I
! (IIT) Z-Order (IV) Zigzag
I
! - 5 7 4
i L e vl D 0 v a7 ol | v 8 vd
1 _9/1 11 7| 17| 14715 /IS
I
: 1637 /LR_ 9 22171 2 73 }3
| 2£| 2| 2L [ 20" | a1 /1
! — — o
: 31‘?3’-}4_ S 75_77 79 39
v | e Lss [[ad] as"| slla7 || 4] 5 /Az/ 4| 4 /4]7
: 4at7s Y| =5 | s (| s7| s 43
: rd s&| sb | eel] of | saﬁi;ea | 57| s&] so| e o] eél,éa
I

(a) Hilbert scanning method with 8 directions (b) Other scanning methods

Figure 3: Hybrid Scanning directions and methods. (a) The Hilbert scanning method with 8 scanning directions is used for HS Encoder
and Decoder. (b) The other four scanning methods for comparison.



C& Comparison with SoTAs

O Quantitative Results on Three Datasets, more in Appendix

Image-level Pixel-level
Dateset Method
AU-ROC AP Fl max AU-ROC AP Fl max AU-PRO
RD4AD [3] 046 965 952 961 486 538 OL1 823
UniAD [44] 9.5 988  96.2 96.8 434 495 9.7  81.7
SimpleNet [26] 953 984 958 96.9 459 497 86.5  81.2
MVTec-AD 2] pegTSeq [50] 892 955 916 3.1 543 509 648  77.1
DiAD [ 14] 972 990  96.5 9.8 526 555 9.7  84.0
MambaAD (Ours)  98.6  99.6  97.8 977 563 592 931  86.0
RD4AD [3] N4 024 89.6 081 380 426 018 778
UniAD [44] 888  90.8 858 983 337 390 855 746
VisA [53] SimpleNet [26] 872 870 818 968 347 378 R14 724
SA 153 DeSTSeg [50] 889  89.0 852 96.1  39.6 434 67.4 728
DiAD [ 14] 86.8 883  85.1 9.0 261  33.0 752 70.1
MambaAD (Ours) 94.3 94.5 894 98.5 394 44.0 91.0 78.7
RD4AD [3] 24 790 739 073 250 327 8.6 686
UniAD [44] 83.0 809 743 973 211 292 867 675
SimpleNet [26] 572 534 615 75.1 28 6.5 390 423
Real-IAD 391 besTse0 [50] 823 792 732 046 379 417 406 642
DiAD [14] 756 664 699 88.0 20 71 581 526

MambaAD (Ours) 86.3 84.6 77.0 98.5 33.0 38.7 90.5 72.7




Comparison with SoTAs

O Qualitative Results on MVTec-AD and VisA Datasets

DiAD UniAD RD4AD GT Image
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CL Ablation Studies

O Qualitative Results on MVTec-AD and VisA Datasets

Table 2: Incremental Ablations. Table 4: Ablation studies on the pre-trained backbone and Mamba decoder depth.

Basic Mamba LSS HSS MVTec-AD VisA Backbone Decoder Depth mage-level Pixelevel Params(M) FLOPs(G)
AU-ROC AP Fl_max AU-ROC AP Fl_max AU-PRO
v 82.1 72.9 ‘ (2222 9.7 986 958 957 479 524 89l 14.6 43
v v 84.9 78.0 ResNet18 [3.4,6,3] 96.6  98.8 964 96.8 532 562 91.8 203 6.2
4 v v 86.0 78.9 2222 980 993 970 97.6 554 582 92.7 20.0 6.5
ResNet3d [2,9,2.2] 976 993 973 97.7 564  59.0 93.2 26.1 7.9
[3.4,6,3] 986  99.6 978 97.7 563 592 93.1 25.7 8.3
Table 3: Ablation Study on the LSS Module. ResNel50 3.4,6,3] 98.4 99.4 97.7 971.7 54.2 57.0 92.3 251.0 60.3
WideResNet50 [3.4,6,3] 98.6  99.5  98.0 98.0 579  60.3 93.8 268.0 68.1
Method Params(M) FLOPs(G) MVTec-AD VisA
Local 13.0 5.0 817 725 Table 5: Ablations on different scanning methods and directions.
Global 225 7.5 82.1 729
Local + Global 25.7 8.3 86.0 78.9 - — — -
HS Methods with Ditferent Directions Image-level Pixel-level
Index Sweep Scan  Zorder Zigzag Hilbert AU-ROC AP Fl_max AU-ROC AP Fl_max AU-PRO
Table 6: Efficiency comparison of SoTA 1 8 - - ; - o8l 994 972 975 368 388 929
2 - 8 - - - 98.0 994 97.2 97.6 56.6 59.0 93.4
methods. 3 - - 8 . _ 98.1 994 974 976 566 590 93.0
Method Params(M) FLOPs(G) mAD 4 - - - 8 - 98.2 99.4 97.6 97.6 56.3 58.8 93.1
5 - - - - 2 979 993 97.1 97.7 56.5 59.2 93.1
RD4AD[12] 80.6 28.4 82.3 6 - - - - 4 98.0 99.4 97.0 97.7 56.9 59.1 93.2
UniAD [47] 24.5 3.6 1.7 7 - - . . 8 98.6  99.6 97.8 977 563  59.2 93.1
DeSTSee [55] 352 122.7 81.2 8 - - - 4 4 96.8 99.0 97.0 97.4 544 57.0 928
o : : ’ s _ _ _ q Q s Q7 |
SimpleNet [30] 72 8 16.1 771 0 4 4 97.5 99.2 J7_.4 07.5 55.0 574 03.1
: _ 10 - 4 - - 4 97.4 99.1  96.8 97.5 555 579 93.3
DiAD [18] 1331.3 451.5 84.0 1 4 : . : 4 98.0 993 974 97.6 562 585 93.3
MambaAD (Ours) 25.7 8.3 86.0 12 - 2 2 2 2 975 992  97.1 975 554 579 92.9




P Conclusion

O Qualitative Results on MVTec-AD and VisA Datasets

» This paper introduces MambaAD, the first application of the Mamba framework to AD. MambaAD
consists of a pre-trained encoder and a Mamba decoder, with a novel LSS module employed at
different scales and depths. The LSS module, composed of sequential HSS modules and parallel
multi-core convolutional networks, combines Mamba'’s global modeling prowess with CNN-based
local feature correlation. The HSS module employs HS encoders to encode input features into five
scanning patterns and eight directions, which facilitate the modeling of feature sequences in
industrial products at their central positions. Extensive experiments on six diverse AD datasets and
seven evaluation metrics demonstrate the effectiveness of our approach in achieving SoTA
performance.

» Limitations, Broader Impact and Social Impact. The model is not efficient enough and more
lightweight models need to be designed. This study marks our initial attempt to apply Mamba in AD,
laying a foundation for future research. We hope it can inspire lightweight designs in AD. MambaAD
exhibits significant practical implications in enhancing industrial production efficiency.
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