
Step 1: Memory Score Construction

Subsample 𝜌 = 0.1 of feature set g(𝒟) B times resulting {ℳ1, … ,ℳ𝐵} and ensemble 
them. With appropriate subsampling ratio, the sparse nature of memory ensemble 
acts as a low-pass filter explained in Theorem 1 and separates normal and anomalous 
features. However, these features aren’t directly trained by the AD dataset and show 
limited feature representation. 
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Theorem 1. Under a regularity condition, for any anomaly patch features 𝑞𝑎𝑛𝑜𝑚 and 

normal patch features 𝑞𝑛𝑜𝑟𝑚, the expected gap

△ 𝑚 ≔ 𝔼 𝐷 𝑞𝑎𝑛𝑜𝑚,ℳ − 𝔼 𝐷 𝑞𝑛𝑜𝑟𝑚 ,ℳ
satisfies △ 𝒎 > 𝟎 and is decomposed into a second-order Taylor approximation △0

with remainder 𝜖0 𝑚 : △ 𝑚 =△0 𝑚 + 𝜖0(𝑚) where

△0 𝑚 = න
0

∞

𝛿 𝑟 ⋅ 𝜔 𝑚, 𝑟 𝑑𝑟

with a weight function 𝜔 𝑚, 𝑟 is unimodal with respect to 𝑚. The expectation 𝔼 is over 

the memory ℳ that is randomly subsampled from the extracted feature set 𝑔 𝒟 with the 

constraint ℳ = 𝑚.

➔ There is an appropriate sampling ratio maximizing normal-abnormal gap
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Introduction

Contributions

Q) Is data contamination critical on Anomaly Detection where most methods 
leverage the normal data manifold for their solutions?
A) Yes, very much.

Q) Can we trust human-annotated data to be 100% noiseless?
A) Probably not.

Q) Are there methods that solve this?
A) Yes, however, previous methods 1) have tradeoff between noise robustness and 
performance and underperform comparing with baselines trained on noise-free data 
or 2) contradictively, underperform on noise-free setup.

Q) Can we resolve these current limitations?
A) Yes, we propose a noise-robust anomaly detection framework that achieves 
performance comparable to noise-free baselines on any noise ratio including 0% 
MeDS: Memory-Distilled Selection consisted of

1.Memory Score Construction: ensemble sub-sampled memory scores
2.Memory Score Distillation: distill the memory scores to AD network.
3.Progressive Data Selection: progressively self-learn by select-and-train on normal 
samples.

• We introduce a noise-robust AD method exploiting the sparsity of bootstrapped 
memory ensemble to isolate nominal patterns and subsequently refine pixel-level 
detection via distillation and iterative self-selection. MeDS achieves SOTA 
performance on none to high ratio contamination level.

• We provide theoretical and empirical insights on how small-ratio memory 
subsampling yields high recall under heavy contamination.

• We conduct extensive empirical analysis and demonstrate the effectiveness of 
MeDS for active label correction.

• Ablation results 
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Conclusion

• We suggest Memory-Distilled Selection framework to enable robust anomaly 
detection in contaminated data without any information of noise ratio or perform 
specific hyperparameter tuning.

• We leverage the sparse subsampling of memory banks to act as a low-pass filter, 
which theoretically and empirically amplifies the separation between normal and 
anomalous features.

• Distilling these scores into a reconstruction network exploits the early-learning bias 
of neural networks, allowing a progressive self-selection and fine-tune mechanism 
to achieve precise pixel-level localization without overfitting to noisy samples.

• We demonstrate consistent improvements across various datasets: MVTecAD, VisA, 
and Real-IAD, and prove the framework also serves as a highly practical tool for 
active label correction.
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Step 2: Distillation

Distill the memory scores to a reconstruction AD model 𝑠𝜃 which has features where normal-abnormal 
difference are amplified by directly using training dataset. However, prolonged training causes over-fitting 
in pixel level performance as shown in the graph on the right. 

Step 3: Progressive Data Selection and Finetune

With the distilled model from Step 2, we use the image level representations to select normal samples 
progressively and repeat (train – selection) iteratively. Specifically, finetune is done on the AD model 𝑠𝜃
with progressively selected subset 𝒮𝑡 by 
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and 𝒮𝑡 selection is done by criterion 𝜂𝑡 𝑥 and threshold 𝜏𝑡:

𝜂𝑡 𝑥 = 1 − 𝛼𝑡 max
ℎ,𝑤

𝑠𝜃0 𝑥 ℎ𝑤 + 𝛼𝑡max
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𝑠𝜃 𝑥 ℎ𝑤 , 𝛼𝑡 = min(1,
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𝑇
)

𝜏𝑡 = 𝑀𝑒𝑑𝑖𝑎𝑛 𝜂𝑡 𝑥 + 𝑘𝑡𝑀𝐴𝐷 𝜂𝑡 𝑥 , 𝑘𝑡 = 𝑘
𝑡

𝑇
Where max

ℎ,𝑤
𝑠 𝑥 ℎ𝑤 is image level scores, 𝑠𝜃0 is the fixed initial model, 𝑠𝜃 is current model,  𝑇 is total 

iterations, and 𝑀𝐴𝐷 is mean absolute deviation.

Experiments

Dataset Setup

We use MVTecAD and VisA with 0%, 10%, 20%, and 40% noise ratios with 4 different seeds. For Real-IAD, 
we follow the protocol provided from the authors.

• Empirical results of Theorem 1

• Active label correction
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