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Contributions

● Proposes a strong testbed for domain conversion that is composed of four datasets.

○ Extends ImageNet-R by using images from every domain as image queries

○ Repurposes three popular computer vision datasets for the domain conversion task

●  Proposes FreeDom, a training-free domain conversion method that is the new 

state-of-the-art in all four domain conversion datasets.

This paper presents the following key contributions:
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33.77

A weak testbed leads the community to propose literature methods that are not overall strong
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mAP Average Across All Datasets
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Results

CLIP

SigLIP

Transferability:
mAP increase from 4.0 
to 16.4 just by changing 
the backbone!
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