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1. Introduction
• Task: text and 3D alignment.

• Motivation: point clouds are harder to obtain and compute intensive to train.

• Key insight: utilize multi-view images to better leverage the priors from CLIP.
• Contribution: an efficient training framework for aligning text and 3D, offering better 

generalization on unseen shapes and more flexible inputs.

2. Training Framework

3. Model Architecture

4. Ablation

5. Synthetic Dataset Results

6. Real Dataset Results

7. Applications

Initialize shape encoder with CLIP

Contrastive loss to distill text and image 
knowledge from CLIP 

Layers are frozen for training efficiency and preserve generalization.

Modified with trainable multi-view attention to learn 3D context. 

Flexible encoding of arbitrary M views!
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• Takeaway: frozen layers prevent overfitting, while MVA provides better generalization.

MVA layers learn 3D correspondences.

• Dataset: ensemble of 4 synthetic datasets (874k shapes). 
• Evaluation: Objaverse LVIS (46k) with 1156 categories.

• Evaluation: MVPNet (87k) with 180 
classes and point clouds.

• Dataset: MVImgNet (220k) multi-
view images of real objects.

• Takeaway: strong performance with 
just 1 view, and scales to data where 
point cloud isn’t available.

Better performance scaling with more views

5 views match most methods; 12 views achieves SOTA


