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★ Train-free: No need to train on 3D volumes — uses frozen 2D foundation 
models.

★ Scalable: Efficient for large, high-resolution volumes with sub-cubic 
complexity.

★ Data-efficient: Performs well even in low-data regimes common in 
medical settings.

★ Compact: Embeddings are up to 99% smaller than raw voxel 
representations.

★ Model-agnostic: Compatible with any future 2D image foundation model.
★ Strong performance: Outperforms or matches SOTA pretrained 3D 

models across 10 diverse tasks.

3D medical imaging models are computationally expensive 
and require large labeled datasets, which are often unavailable 
in medical domains.

Training state-of-the-art 3D models demands high memory, 
compute, and time, creating barriers for many researchers.

Image foundation models (2D) are powerful and widely available 
but underutilized in 3D domains.

We introduce Raptor — a train-free method that generates 
compact, semantically rich embeddings for 3D medical 
volumes by leveraging frozen pretrained image foundation 
models (2D) and random projections. The embeddings enable 
downstream analysis without needing to fit an expensive 3D 
model on large datasets.
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TL;DR

● Working with 3D medical volumes is hard…
○ Limited 3D medical datasets
○ Heavy compute required

● … but with Raptor it’s easy.
○ Train-free embeddings that obtain SOTA
○ >10x compression of 3D medical volumes
○ Runs on RTX 2080Ti
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*we note that Raptor is agnostic to any downstream domain, medical or not

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

In conclusion, Raptor is…
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Raptor pipeline

(Raptor-B is a 10x smaller variant of Raptor!)


