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Fig. 1. VT-ADL Architecture

Il The Proposed Method

1. Dataset

Table 1. MVTec AD H|O|E{All T2A[1]

Category Train Test (A} | Test (H|ZA)
Bottle 209 20 63
Cable 224 58 92
Capsule 219 23 109
Carpet 280 28 89
Grid 264 21 57
Hazelnut 391 40 70
Leather 245 32 92
Metal Nut 220 22 93
Pill 267 26 141
Screw 320 41 119
Tile 230 33 84
Toothbrush 60 12 30
Transistor 213 60 40
Wood 247 19 60
Zipper 240 32 119
Total 3629 467 1258
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2. Experiment
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lll, Experiment Results

Table 2. PRO Score Zz}

=

CfErny Original Loss Proposed Loss

(MSE + SSIM + LL) | (MSE + VAE Loss)
Bottle 0.949 0.918
Cable 0.776 0.865
Capsule 0.672 0.916
Carpet 0.773 0.695
Grid 0.871 0.819
Hazelnut 0.897 0.937
Leather 0.728 0.819
Metal Nut 0.726 0.895
Pill 0.705 0.935
Screw 0.928 0.928
Tile 0.796 0.912
Toothbrush 0.901 0.863
Transistor 0.796 0.701
Wood 0.781 0.725
Zipper 0.808 0.933
Means 0.807 0.857
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IV. Conclusions and Future Work
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