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Overview of PILOT framework

Introduction
Anomaly detection is essential in safety-critical applications like industrial 
inspection and medical diagnostics. However, existing zero-shot approaches 
using vision–language models such as CLIP struggle under domain shifts due 
to limited prompt diversity and poor adaptability. We propose PILOT, a dual-
branch framework that integrates a learnable prompt pool with a semantic 
attribute memory bank to dynamically select relevant anomaly cues. 
Additionally, a label-free test-time adaptation strategy refines prompts using 
high-confidence pseudo-labels from unlabeled test data, achieving state-of-
the-art performance in both anomaly detection and localization across 
diverse domains.
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Unlike prior TTA methods that overfit or destabilize 
localization, PILOT performs selective prompt-weighted updates 
guided by high-confidence samples, preserving visual–semantic 
consistency and yielding stable gains in both image-level detection 
and pixel-level accuracy across domains.

Motivation

Exis%ng zero-shot anomaly detectors fail under domain shi8s because fixed or single prompts cannot capture diverse anomaly pa=erns.
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The diagram reveal that PILOT adap%vely combines 
diverse prompts, each capturing dis%nct seman%c 
cues. By leveraging this diversity, the model adjusts 
its focus according to domain-specific features, 
achieving stronger generaliza%on under distribu%on 
shi8s.


