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Topic: 
• We address unsupervised noisy long-tailed anomaly detection 

which is much more challenging than solving each individually.
Normal data is both contaminated with defective regions and 
the product class distribution is tailed and unknown.

• Previous methods address either noisy/contaminated 
unsupervised anomaly detection or long-tailed unsupervised 
anomaly detection, but none of them have focused these 
together at once, namely noisy long tailed anomaly detection.

• Setup : only head class is contaminated with noise and tail class 
(<20 samples) exsits.

Motivation : 
• Tail-versus-noise trade off :  

1) Noise discriminative models, such as SoftPatch removes 
statistically minor patches assuming less frequent data is noise. 
However, this accidently also removes tail classes as shown 
in the figure above (red bar). 
2) Greedy sampling used in patchcore samples tail classes 
well due to the nature of greedy sampling, however, also 
favors noisy patches as well as shown in the figure above 
(green bar)
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Solution : 
• TailSampler : Selectively sample long-tail class samples while not sampling noise samples by using the global average 

pooled features. Global features are less affected by anomalies(noise) which are mostly local attributes.
• Denoise with existing noise discriminative methods (e.g. SoftPatch) with 𝑆!"#$%(𝑃)
• Collect patch features 𝑆&$'"(𝑃) from TailSampler and merge with denoised patches
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TailSampler: 
• Sort out the long-tail classes by estimating the size of classes from each samples. 
• Given percentile 𝑝, we estimate the neighbors of embedding 𝑒!, 𝐻! = {𝑒 ∈ 𝑍:∡ 𝑒!, 𝑒 ≤ 𝑚!/2} for 

every 𝑒!, where  𝑚! ≔ max
"∈$

∡ 𝑒!, 𝑒 , and 𝑍 is the set of all embeddings. The adaptive angle is 

defined to contain 𝑝-th percentile of the half-angle region
𝛼! = ∡ 𝑒!, 𝑒%⋅|(!|

sorted in increasing order. 
• With each of the 𝛼!, we estimate its class size based on neighborhoods of neighborhoods where 

𝑁) 𝑒! = {𝑒 ∈ 𝑍: ∡ 𝑒!, 𝑒 < 𝛼} denote the neighborhood of 𝑒!, which is the set of all train 
embedding 𝑒 within angle 𝛼 of 𝑒!. Then class size is estimated by the mode of

𝜅! = mode
"∈*"!("!)

( 𝑁)(") 𝑒 )

where 𝛼(𝑒) is the adaptive angle with respect to embedding 𝑒 belonging to the neighborhood 
𝑁)!(𝑒!) of embedding 𝑒!.

• After estimating class sizes of each samples 𝜅!, estimate size of each classes 𝜂- ≈ |𝐶-| inductively by
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• And determine maximum size of tail classes with elbow technique where 𝜂! abruptly changes.
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Results
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Ablation
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Segmentation Quality


