Raptor: Scalable Train-free Embeddings for 3D Medical
Volumes Leveraging Pretrained 2D Foundation Models
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TL;DR

e Working with 3D medical volumes is hard...
o Limited 3D medical datasets
o Heavy compute required
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Experiments & Results

Ablation studies
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Data efficiency Space savings medical settings.
_ Classification Regression % Compact: Embeddings are up to 99% smaller than raw voxel
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we note that Raptor is agnostic to any downstream domain, medical or not (log scale) & Raptor-B X MISFM + Voo
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