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o Table 6. PRN outperforms current SOTA on four datasets. “I”, “P”, “O”, “A” and “T" respectively refer to the five metrics of image auroc,
pixel auroc, pixel pro, pixel ap, and inference time per image.
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A - augmented anomaly M - the mask of anomaly
- augmented anomaly region B - opacity parameter

“ We propose a variety of anomaly generation strategies.
¢ PRN outperforms current SOTA on four datasets. Multi-scale prototypes obtained by clustering:

Overview of PRN J s hI X w?
_ P] 6 RK xc? Xh? Xw Figure 6. Qualitative examples on MVTec [4]. PRN achieves more accurate localization results for various types of anomalies.

Input Mask Output
u— Focal Loss & SmoothL1 Loss ‘ RES|dua| representatlon Ablat y
= .. — P*
Di; =D(Fi; — P5),
() (M) L 3 k Module Performance Anomaly Generation Performance
) — s.t. Pj =arg mln”]:Z:J P ”2 EA HEA HOA TA It PT Of At
ke U-Net MP MSA MF I+ Pt 0Ot At
j J
& . . J v 974 917 886 585 v Vo986 972 934 757
z z Multi-scale Fusion: vy /980 985 953 770 v v 91 984 954 714
g g v Vv 986 984 957 752
il @ { 7 v v v 978 970 921 740 Vv v 987 982 951 734
g — g g f1] (]—'z 1) + f2j ( f 2) + f3] ( ) v v Y 987 985 954 78.1 VR 054 O34 040 716
% & [ ; v v v v 994 99.0 96.1 78.6 v v v v 994 99.0 96.1 78.6
& L Y g
E ® E s I Multi-size Self-Attention Table 4. Ablations of different modules in PRN. Table 5. Ablations of anomaly generation strategies.
& E b E_’ ) Q': . (K:ZS .)T X X . L It Pt O At T DevNet [35] DRA [13] PRN(Ours)
—— E ExN .Af . = softmax iR LY P Vf~ Ps € {hJ, hJ/Z,hJ/‘l, hJ/S} PRNsy, 992 986 954 78.1 0.063 1t Pt Ot At It Pt Of At It Pt Ot At
Multi-scale P Multisize Self-Attention 7 cs 7 PRNigy, 994 99.0 961 78.6 0.064 1796 753 510 165 889 788 582 191 988 983 954 747
ulti-scale Prototypes ultisize Self-Attention PRNyy 992 988 957 773 0066 S 867 $37 669 227 935 828 686 219 92 986 956 764
|_'i PRNygo%, 862 914 754 499 0.074 10 922 853 714 244 961 853 733 260 994 99.0 96.1 78.6

Loss:
O Feature map of input ¥ Feature map of prototype (5 Residual of two feature maps Actotal = Smooth L1 (./\/lo7 M) + )\E focal (MO, M) Table 6. Ablations of the ratio of prototypes to total normal samples. ~ Table 7. Impact of the number of seen anomalies used.




CONTENTS

Introduction

Method

Experiments

Conclusion




® Introduction



Background

Anomaly detection and localization are widely used in industrial
manufacturing for its efficiency and effectiveness.

Normal

Abnormal




Motivation

Difficulties & dominant paradigms

** Imbalanced learning

Unsupervised % Identifying abnormal regions Supervised
s Appearance variations

Good performance Implicit decisions Real-world Label bias

Input GT PatchCore DRA Ours

Input GT DevNet DRA Ours




Contribution

We propose a framework called Prototypical Residual Network (PRN) as
an effective remedy for aforesaid issues.

Focal Loss & SmoothL1 Loss |

Input  Mask
» PRN learns feature residuals of varying scales and H
sizes between anomalous and normal patterns, ‘
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to address imbalanced learning.

» PRN outperforms current SOTA on four datasets.
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Method L 8

Overview Training
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Anomaly Generation Strategies s |

Extended anomalles Slmulated Anomalles

E=MGOGN+(1-8)C+B(M®N)

More examples

Homology anomaly

S=MON+(1-p)(MoA)+B(MON)

- an augmented anomaly - augmented anomaly region

M - the mask of anomaly f - opacity parameter

P - Threshold Perlin noise
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Experiments

Numerical and visualization results

MVTec DAGM BTAD KolektorSDD2

1+ Pt Ot At I+ P+ Ot At I+ Pt Ot At It P+ OF A1
DRAEM 976 967 913 681 91.1 834 705 356 89.0 87.1 61.6 192 81.1 856 679 39.1
CFLOW 975 97.7 934 596 912 951 87.6 452 905 961 71.6 540 952 974 938 460
SSPCAB  97.1 963 90.8 655 904 845 719 339 883 835 541 130 834 862 66.1 445
RD4AD 987 97.8 939 554 907 94.1 855 408 944 969 758 535 960 97.6 947 435
PatchCore 99.2 98.1 939 563 925 96.1 88.0 49.0 92.6 969 763 51.5 946 97.1 89.3 49.8
DRA 96.1 853 733 260 935 951 888 476 942 754 562 124 868 844 569 3.6

Ours 994 990 96.1 78.6 982 96.6 938 494 947 971 780 540 964 97.6 949 725

Table 6. PRN outperforms current SOTA on four datasets. “I”, “P”, “O”, “A” and “T” respectively refer to the five metrics of image auroc,
pixel auroc, pixel pro, pixel ap, and inference time per image.
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Figure 6. Qualitative examples on MVTec [4]. PRN achieves more accurate localization results for various types of anomalies.



Experiments «

Ablation Study

Module Performance Anomaly Generation Performance
U-Net MP MSA MF It Pt O1 A% EA HEA HOA TA If PT OT A7
v vi 98.6 972 934 757
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v v v 98.7 985 954 8.1 v % % 98-4 98.4 94'9 77'6
Y v v P4 90 %1 786 SOV v v 994 990 9.1 786
Table 4. Ablations of different modules in PRN. Table 5. Ablations of anomaly generation strategies.
I P @) A T
T T T T i DevNet [35] DRA [13] PRN(Ours)

PRNlO% 24 9.0 9.1 786 0064 1 796 753 510 165 889 788 582 19.1 98.8 983 954 747

PRNyyy, 992 98.8 957 773 0.066 5 867 837 669 227 935 828 686 219 992 986 956 764
PRN g0, 86.2 914 754 499 0.074 10 922 853 714 244 96.1 853 733 260 994 99.0 96.1 78.6

Table 6. Ablations of the ratio of prototypes to total normal samples. Table 7. Impact of the number of seen anomalies used.
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Conclusion

Contributions & Limitations

Contributions

» We proposed a novel framework called Prototypical Residual Network (PRN) for
anomaly detection and localization

» We proposed various anomaly generation strategies to expand and diversify the
anomalies

» We conduct in-depth experiments on four popular datasets to confirm the
effectiveness and generalizability of PRN
Limitations
» Our method requires ground truth masks of the seen anomaly samples

» Uniform image-level anomaly scores for anomalous images with different defect
sizes do not favor small defects
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