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Being able to spot defective parts is a critical component
in large-scale industrial manufacturing. A particular chal-
lenge that we address in this work is the cold-start problem:
fit a model using nominal (non-defective) example images
only. While handcrafted solutions per class are possible,
the goal is to build systems that work well simultaneously
on many different tasks automatically. The best peform-
ing approaches combine embeddings from ImageNet mod-
els with an outlier detection model. In this paper, we extend
on this line of work and propose PatchCore, which uses
a maximally representative memory bank of nominal patch-
features. PatchCore offers competitive inference times while
achieving state-of-the-art performance for both detection
and localization. On the challenging, widely used MVTec
AD benchmark PatchCore achieves an image-level anomaly

detection AUROC score of up to 99.6%

, more than halving

the error compared to the next best competitor. We fur-
ther report competitive results on two additional datasets
and also find competitive results in the few samples regime.
Code: github.com/amazon-research/patchcore-inspection.
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lCommonly also dubbed one-class classification (OCC).
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Algorithm 1: PatchCore memory bank.

Input: Pretrained ¢, hierarchies j, nominal data
Xy, stride s, patchsize p, coreset target [,
random linear projection 1.

Output: Patch-level Memory bank M.

Algorithm:
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end
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Method SPADE [10] | PatchSVDD [56] | DifferNet [42] | PaDiM [14] | Mah.AD [40] | PaDiM* [14] || PatchCore—25% | PatchCore—10% | PatchCore—1%
AUROC 1 85.5 92.1 94.9 95.3 95.8 97.9 99.1 99.0 99.0
Error | 14.5 79 5.1 4.7 42 2.1 0.9 1.0 1.0

Misclassifications | - - - - - - 42 47 49
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Method AEggia [5] | v-VAE + grad. [15] | CAVGA-R,, [52] | PatchSVDD [56] | SPADE [10] | PaDiM [14] || PatchCore—25% | PatchCore—10% | PatchCore—1%
AUROC 1 87 88.8 89 95.7 96.0 97.5 98.1 98.1 98.0
Error | 13 11.2 11 4.3 4.0 25 1.9 1.9 2.0

Influence of neighbourhood sizes
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| Method | AEsg s [5] | Student [6] | SPADE [10] | PaDiM [14] || PatchCore—25% | PatchCore—10% | PatchCore—1% |

PRO 1 69.4 85.7 91.7 92.1 ‘ 934 93.5 93.1
‘ Error | H 30.6 ‘ 14.3 ‘ 8.3 ‘ 7.9 ‘ 6.6 6.5 6.9
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| Metric— || AUROC | pwAUROC | PRO
DenseN-201 & RNext-101 & WRN-101 (2+3), Imagesize 320

Score 1 99.6 98.2 94.9
Error | 0.4 1.8 5.6
WRN-101 (2+3), Imagesize 280

Score 1 99.4 98.2 94.4
Error | 0.6 1.8 5.6
WRN-101 (1+2+3), Imagesize 280

Score 1 99.2 98.4 95.0
Error | 0.8 1.6 5.0
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Time (s) 0.6 0.22 0.17
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7 SLMVTec AD [5]I2 BT 2 BEMRAIMERE (AUROC) . PaDIM*IZ[14]DFERTH D, EHRL L DOREBRED X 27 DIz
WWHRIANCEIR X Nz Ny 7R =V 2o,

| | Method \Dataset —

| Avg || Bottle | Cable | Capsule | Carpet | Grid | Hazeln. | Leather | Metal Nut | Pill | Screw | Tile | Toothb. | Trans

. | Wood | Zipper |

GeoTrans [20] 672 || 744 | 783 | 670 | 437 | 619 | 359 84.1 813 630 | 500 |41.7| 972 | 869 | 61.1 | 820
GANomaly [2] 762 || 892 | 757 | 732 | 699 | 708 | 785 84.2 700 | 743 | 746 | 794 | 653 | 792 | 834 | 745
DSEBM [58] 709 | 81.8 | 685 | 594 | 413 | 717 | 762 41.6 67.9 80.6 | 999 | 69.0| 78.1 | 741 | 952 | 584
OCSVM [3] 719 || 99.0 | 803 | 544 | 627 |41.0]| 91 88.0 61.1 729 | 747 | 876 | 619 | 567 | 953 | 517
ITAE [25] 839 || 94.1 | 832 | 68.1 70.6 | 883 | 855 86.2 66.7 786 | 100 | 735 | 100 | 843 | 923 | 876
SPADE [10] 85.5 - - - - - - - - - - - - - - -

CAVGA-R,, [52] 90 9% 92 93 88 84 97 89 82 86 | 81 | 97 89 99 79 9%
PatchSVDD [56] 92.1 | 986 | 903 | 767 929 | 946 | 92.0 90.9 94.0 86.1 | 813 | 978 | 100 | 915 | 965 | 97.9
DifferNet [42] 949 || 99.0 | 959 | 869 | 929 | 840 | 99.3 97.1 96.1 88.8 | 963 | 994 | 986 | 91.1 | 99.8 | 95.1
PaDiM [14] 95.3 - - - - - - - - - - - - - - -

MahalanobisAD [40] || 95.8 || 100 | 950 | 95.1 100 | 89.7 | 99.1 100 947 88.7 | 852 | 99.8| 969 | 955 | 99.6 | 97.9
PaDiM* [14] 97.9 - - - - - - - - - - - - - - -

PatchCore—25 99.1 | 100 | 99.5 | 98.1 987 | 982 | 100 100 100 96.6 | 98.1 | 98.7| 100 100 | 99.2 | 99.4
PatchCore—10 990 || 100 | 994 | 978 98.7 | 979 | 100 100 100 96.0 | 97.0 | 989 | 99.7 100 | 99.0 | 99.5
PatchCore—1 990 || 100 | 993 | 980 | 98.0 | 986 | 100 100 997 | 97.0 | 964 994 | 100 | 999 | 992 | 99.2

FS2MVTec [5lICBIF 2 BE LI X VT — a Y MEE (¥ 27 R LEADAUROCTHIE) .

| | Method \Dataset —

| Avg | Bottle | Cable | Capsule | Carpet | Grid | Hazeln. | Leather | Metal Nut | Pill | Screw | Tile | Toothb. | Trans.

Wood ‘ Zipper

vis. expl. VAE [31] 86 87 90 74 78 73 98 95 94 83 97 80 94 93 77 78
AEgsra [5] 87 93 82 94 87 94 97 78 89 91 96 59 92 90 73 88
v-VAE + grad. [15] 88.8 93.1 88.0 91.7 72.7 97.9 98.8 89.7 914 93.5 97.2 58.1 98.3 93.1 80.9 87.1
CAVGA-R,, [52] 89 - - - - - - - - - - - - - - -

PatchSVDD [56] 95.7 98.1 96.8 95.8 92.6 96.2 97.5 974 98.0 95.1 95.7 914 98.1 97.0 90.8 95.1
SPADE [10] 96.0 98.4 97.2 99.0 97.5 93.7 99.1 97.6 98.1 96.5 98.9 87.4 97.9 94.1 88.5 96.5
PaDiM [14] 97.5 98.3 96.7 98.5 99.1 97.3 98.2 99.2 97.2 95.7 98.5 94.1 98.8 98.5 94.9 98.5
PatchCore—25 98.1 98.6 98.4 98.8 99.0 98.7 98.7 99.3 98.4 97.4 994 | 95.6 98.7 96.3 95.0 98.8
PatchCore—10 98.1 98.6 98.5 98.9 99.1 98.7 98.7 99.3 98.4 97.6 994 | 959 98.7 96.4 95.1 98.9
PatchCore—1 98.0 98.5 98.2 98.8 98.9 98.6 98.6 99.3 98.4 97.1 99.2 96.1 98.5 949 95.1 98.8

% SBMVTec[5)ICBIT 3 BEL X V57— a HE (PRO[%]THIE) [5,10].

| | Method \Dataset — ||

Avg || Bottle | Cable | Capsule | Carpet | Grid | Hazeln. | Leather | Metal Nut | Pill | Screw |

Tile | Toothb. | Trans.

Wood | Zipper |

AEssia [5] 69.4 | 834 | 478 86.0 64.7 | 849 91.6 56.1 60.3 83.0 | 88.7 | 175 78.4 72.5 60.5 66.5
Student [6] 85.7 || 91.8 86.5 91.6 69.5 | 819 93.7 81.9 89.5 935 | 928 | 91.2 86.3 70.1 725 93.3
SPADE [10] 91.7 || 955 90.9 93.7 94.7 | 86.7 95.4 97.2 94.4 94.6 | 96.0 | 75.6 93.5 87.4 87.4 92.6
PaDiM [14] 92.1 94.8 88.8 93.5 962 | 94.6 92.6 97.8 85.6 92.7 | 944 | 86.0 93.1 84.5 91.1 95.9
PatchCore—25 934 | 96.2 92.5 95.5 96.6 | 96.0 93.8 98.9 91.4 932 | 979 | 873 91.5 83.7 89.4 97.1
PatchCore—10 93.5 || 96.1 92.6 95.5 96.6 | 959 93.9 98.9 91.3 94.1 | 979 | 874 91.4 835 89.6 97.1
PatchCore—1 93.1 95.9 91.6 95.5 96.5 | 96.1 93.8 98.9 91.2 929 | 97.1 | 883 90.2 81.2 89.5 97.0

£S4. X b KE72MEB (280 x 280) ¥ WideResNet101N v 27 K — > % f# ] L 7zPatchCore—1iC & 2 MV Tec AD [5] D EH#H] &

a—#h 74 XD

7 % —<> A (AUROC) .

| | Metric \Dataset — ||

Avg | Bottle | Cable | Capsule | Carpet | Grid | Hazeln. | Leather | Metal Nut | Pill | Screw | Tile | Toothb. | Trans

.| Wood | Zipper |

PatchCore—1, Hierarchies (2, 3), Imagesize 280

AUROC 99.4 100 99.6 98.2 984 | 99.8 100 100 100 97.2 | 989 | 989 100 100 99.5 99.9

pwAUROC 98.2 || 98.6 98.4 99.1 98.7 | 98.7 98.8 99.3 98.8 97.8 | 99.3 | 96.1 98.8 96.4 95.1 98.9

PRO 94.4 || 96.6 93.8 96.0 974 | 96.8 91.2 99.1 94.8 940 | 97.5 | 89.5 95.5 84.8 91.7 97.8
PatchCore—1, Hierarchies (1, 2, 3), Imagesize 280

AUROC 99.2 100 99.7 98.1 98.2 | 983 100 100 100 97.1 | 99.0 | 98.9 98.9 99.7 99.9 99.7

pwAUROC 98.4 || 98.6 98.7 99.1 98.7 | 98.8 98.8 99.3 99.0 98.6 | 99.5 | 96.3 98.9 97.1 95.2 99.0

PRO 95.0 || 96.6 94.6 96.3 97.5 | 97.0 91.5 99.1 95.4 96.0 | 98.1 | 90.0 95.8 85.9 92.0 98.0
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\ | Method \Shots — H 1 2 \ 5 \ 10 \ 16 \ 20 \ 50 \
|  Retained% || 04 08 | 21 | 41 | 66 | 83 | 21 |
IMAGE-LEVEL AUROC

SPADE 716 0.7 | 73.4+13 | 752+15|775+1.1 | 789+09 | 79.6 £0.8 | 81.1 £04
PaDiM 76.1+£04 | 789+0.6 | 81.0+0.2 | 83.24+0.7 | 85.54+0.6 | 86.5+0.3 | 90.1 £0.3
DifferNet - - - - 87.3 - -
PatchCore-10 83.4+06 | 86.4+09 | 90.8 408 | 936 0.6 | 954+0.7 | 958 £ 0.6 | 97.5+0.3
PatchCore-25 84.1+0.7 | 8724+ 1.0 | 91.0+£09 | 93.8+0.5 | 955+£0.6 | 959+0.6 | 97.7+ 04
PIXEL-LEVEL AUROC
SPADE 91.9+0.3]93.1+02 | 945+0.1|9544+0.1|957+02]|957+£0.2 ] 962+0.0
PaDiM 88.2+03|19054+02|925+0.1|939+£0.1 | 948+0.1 | 951+0.1 | 96.3+0.0
PatchCore-10 92.0+0.2 ] 93.1+02 | 948+0.1 | 9624+0.1 | 96.8 +0.3 | 969 +0.3 | 97.8 £ 0.0
PatchCore-25 924+0.3]933+£02|948+0.1|96.1+0.1|968+03]|969+0.3]97.7+0.0
PRO METRIC
SPADE 83.5+04 | 85.8+0.1 | 8834+0.2 | 89.6 0.1 | 90.1 £0.2 | 90.1 +£0.3 | 90.8 + 0.1
PaDiM 724+12 | 77.8+0.7 | 82.7+02 | 859+02 | 87.54+02 | 882+0.2 | 90.4 £0.1
PatchCore-10 824+03 | 8514+03|887+02|909+0.1|91.8+0.2]920+0.2 | 93.0+0.1
PatchCore-25 83.7+05 | 86.0+03 | 88.8+0.2 | 909+0.1 | 91.7+0.1 | 91.9+0.2 | 92.8 +0.0
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| | Backbone | % of M | Img. AUROC | Pw. AUROC | PRO |
ResNet50 [23] 10 99.0 98.1 93.3
1 98.7 97.8 93.3
WideResNet50 [57] 10 98.9 98.1 93.5
1 99.0 98.0 93.1
ResNet101 [23] 10 98.6 97.9 92.5
1 98.7 97.8 92.2
WideResNet101 [57] 10 99.1 98.2 93.4
1 99.0 98.1 93.0
ResNeXt101 [55] 10 98.9 98.0 92.8
1 98.7 97.8 92.6
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Influence of neighbourhood sizes
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Dependence on feature hierarchies
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Detection: AUROC
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