Cross the Gap: Exposing CLIP
Intra-modal misalignment Via Modality Inversion
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Better STOP using CLIP for image-to-image or text-to-text similarity comparisons. Intra-modal similarities are suboptimal. Mind the CLIP intra-modal misalignment!

1. Defining CLIP Intra-Modal Misalignment 3. Proposed modality inversion techniques 5. Analyzing the Modality Inversion
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The code implementing OTT and OVI with all the different
backbones and on all the evaluated datasets is finally
available. Feel free to explore, use and contribute!
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