TailedCore: Few-Shot Sampling for Unsupervised Long-Tail Noisy Anomaly Detection
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* Previous works:

> Considers only long-tailed anomaly detection or only noisy/contaminated anomaly detection * Classification accuracy of tail-classes/noisy samples (x-axis) vs metrics (y-axis) relevant to class size prediction

i’(;gﬁt and few-shot sampling with step K=4. (a to h from left to right and top to bottom)
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and find maximum size of tail classes with elbow technique where 7; abruptly changes.

* Propose a memory-based anomaly detector TailedCore whose memory bank is both noise-free and

augmented with tail class features utilized by an exclusive tail-class sampler TailSampler which estimates class Experiments & Results
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* Dataset setup : Pareto / Step K=4 / Step K = | (K is number of long-tail class samples). For step, 60% of the classes are long-tailed. " »
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Table 1. Anomaly classification on MVTecAD with image-level AU- Table 3. Anomaly segmentation on MVTecAD with pixel-level AU- eometric aspects of defect samples are similar to few-shot class instances in the embedding space.
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Table 2. Anomaly classification on VisA with image-level AUROC Table 4. Anomaly segmentation on VisA with pixel-level AUROC (%). detection.

(%). The format and evaluation protocol are the same as Tab. 1. The format and evaluation protocol are the same as Tab. 3.



