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and S, selection is done by criterion n,(x) and threshold t,:

subsampling yields high recall under heavy contamination.
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Table 1. Results on MVTecAD where underline highlights the best noisy AD baseline performance and bold emphasizes the better
Ste p 1: Mem ory Score Construction performance between baseline and MeDS.
. . MVTecAD .
Subsample p = 0.1 of feature set g(D) B times resulting {M73, ..., Mg} and ensemble Metric I-AUROC (1) I-AP (1) P-AUPRO (1) P-AP (1) Conclusion
them. With appropriate subsampling ratio, the sparse nature of memory ensemble NoiseRatio 0 10 20 40 | 0O 10 20 40 | 0 10 20 40 | 0 10 20 40
acts as a |Ow_pass filter explained in Theorem 1 and separates normal and anomalous SoftPatch 98.80 98.10 96.89 93.58 | 99.60 99.30 98.87 97.66 | 92.80 86.40 77.75 6933 | 66.30 57.70 49.38 35.25 o _
i . InReach 92.00 8741 7880 73.57 | 97.06 95.14 91.78 89.34 | 86.14 B81.81 7528 72.06 | 52.87 49.65 4504 39.67 * We suggest Memory-Distilled Selection framework to enable robust anomaly
features. However, these features aren’t directly trained by the AD dataset and show FUN-AD 81.89 9549 9606 97.70 | 89.18 97.73 98.04 9890 | 6149 7839 7821 7391 | 4294 5852 5886 6138 . : : . . . .
— _ —— —— detection in contaminated data without any information of noise ratio or perform
limited feature representa“on_ HVQ 96.71 91.08 9149 92.14 | 98.83 96.53 96.69 96.69 | 91.31 87.76 8841 88.69 | 47.71 4247 42.67 41.88 o ]
3 HVQ + MeDS (ours) 95.89 94.95 94.76 94.26 | 98.53 98.09 98.01 97.80 | 91.18 90.40 90.19 90.13 | 4742 46.13 44.65 44.82 specific hyperparameter tuning.
1 Dinomaly 99.64 9519 92.16 87.38 | 99.80 97.34 9550 93.28 | 9462 91.04 9021 89.26 | 68.19 5822 54.60 53.00
Sy(x) = = 2 Sac. (%) Dinomaly + MeDS (ours) 99.37 99.49 99.31 99.16 | 9972 99.76 99.71 99.63 | 94.74 94.69 9459 94.54 | 68.35 68.96 68.63 68.05 . .
B - b INP-Former 99.66 95.13 9121 8585 | 99.88 9734 9431 91.14 | 9488 91.06 89.64 8885 | 70.55 59.88 5439 51.26 * We leverage the sparse subsampling of memory banks to act as a low-pass filter,
b=1 INP-Former + MeDS (ours) 9945 99.39 9941 99.17 | 99.78 99.79 99.78 99.68 | 95.13 95.25 95.22 95.21 | 67.15 67.79 6751 67.39 Wh|Ch theorenca”y and emp|r|ca”y amphf'es the sepa ration between normal and
Table 2. Results on VisA where underline highlights the best noisy AD baseline performance and bold emphasizes the better performance anomalous features.

Theorem 1. Under a regularity condition, for any anomaly patch features q .., and

normal patch features the expected ga
P f qnm‘"fi P &P VisA * Distilling these scores into a reconstruction network exploits the early-learning bias
A (m) M [E[D (Qanom: M)] T IE[D (qnorm; M)]

Metric I-AUROC (1) I-AP () P-AUPRO (1) P-AP (1) of neural networks, allowing a progressive self-selection and fine-tune mechanism
NoiseRawo 0 2 5 W0Jj©0 2 5 ®©jo6 2 5 0o 2 5 10 to achieve precise pixel-level localization without overfitting to noisy samples.

between baseline and MeDS.

satisfies /\ (m) > 0 and is decomposed into a second-order Taylor approximation )\

with remainder € (m): A (m) =/ (m) + €o(m) where SoftPatch 93.85 9337 9247 89.91 | 9488 9474 94.12 92.86 | 8839 86.77 82.88 75.09 | 47.50 45.56 44.73 37.03
00 InReach 83.99 7934 7340 64.15 | 86.82 8409 80.64 74.06 | 78.80 73.78 6545 5130 | 31.37 2954 2776 24.15
No(m) =1 6@) wlm,r)dr FUN-AD 8257 9069 9227 947 | 8271 9031 9240 9550 | 5122 6093 64.59 6648 | 29.36 37.04 4541 46.55 * We demonstrate consistent improvements across various datasets: MVTecAD, VisA,
0 HVQ 88.88 87.92 87.12 86.10 | 91.02 90.02 89.34 8833 | 84.33 83.83 84.51 84.00 | 34.17 31.81 31.58 33.24 . .
with a weight function o (m. 1) is unimodal with respect to m. The expectation E is over HVQ + MeDS (ours) 88.36 88.26 87.32 87.19 | 9025 90.31 89.63 89.74 | 83.19 8329 8327 8340 | 3026 31.00 3138 31.99 and Real-IAD, and prove the framework also serves as a highly practical tool for
-4 . ! P ’ P . Dinomaly 9847 9735 96.06 93.56 | 98.63 97.67 96.65 94.06 | 9438 93.93 93.63 92.59 | 52.80 49.81 46.94 46.70 active label correction.
the memory M that is randomly subsampled from the extracted feature set g(D) with the Dinomaly + MeDS (ours) 97.53 97.27 9751 97.43 | 9699 9687 97.12 97.01 | 9439 94.06 94.10 9439 | 5138 5093 5127 5146
constraint | M| = m. INP-Former 98.15 96.78 9530 94.45 | 9837 96.96 9558 94.52 | 9470 93.96 9324 9320 | 47.60 4258 39.89 4221

INP-Former + MeDS (ours) 98.02 97.03 97.04 96.54 | 96.66 96.78 96.53 96.30 | 94.19 94.26 94.24 93.96 | 49.58 43.12 43.51 42.70

= There is an appropriate sampling ratio maximizing normal-abnormal gap
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