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Problem Statement

Dual Stream Adapter

e Anomaly segmentation performance depends
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DSA-Large surpasses top performing methods
using 38% fewer trainable parameters.

DSA-Large model obtains the best results among the baseline
anomaly segmentation methods.

Limitation

Input Image Mask2Anomaly RbA DSA-Large (Ours) Ground Truth

DSA-Large provide better and crisper anomaly masks w.r.t. other baselined
methods. Anomalies are represented in white.
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