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Background and Problem Statement DPA Architecture Experiments: Comparative Results

How can we adapt CLIP to target domains using unlabeled data - Dual-Modality Prototypes: Image prototypes serve as
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= Noise Mitigation: Ranks pseudo-labels in the classification loss

to mitigate noise, particularly during early training stages.

= Alignment of Visual and Textual Prototypes: Bridges modality Experiments: Component Analysis

ogaps by aligning textual prototypes with image prototypes.
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= Introduced ranking-based pseudo-labels to mitigate noise. encoder and textual prototypes. across 13 downstream tasks.




