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Overview
‚ Recent work[1–5] generates high-quality 3D objects from text.
‚ But these require a slow per-prompt optimization.
‚We generate from unseen prompts fast via an “amortized”
model trained on many prompts simultaneously.

Benefits
‚ Fast: We generalize to - i.e., no optimization on - unseen
testing prompts along the diagonal in red for a compositional
dataset with template “a pig {activity} {theme}.”

‚ Interpolations: We create 3D animations and continuums of
novel assets by interpolating between prompt embeddings.

Our Method: ATT3D
‚We augment the text-to-3D pipeline to re-use the text-to-image
model’s text-embedding to condition our 3D representation.

‚We use a NeRF with an instant-NGP backbone, whose spatial
weights we output via a hypernetwork using text-embeddings.

Measuring Memorization and Generalization

‚ For any compute budget, we achieve a higher quality on both
the seen and unseen prompts, with growing benefits for larger,
compositional prompt sets.

‚We show animals for prompt combos unseen during training.

‚We generate 3D object + render from unseen text in real-time.
‚ Our method might be more robust to underfitting (failed
prompts) and some types of overfitting (Janus faces).

Interpolations
‚To improve interpolant quality, we sample them during training.
‚Various interpolant strategies – ex., loss, embedding, or guidance.

No Interpolants During Training

Embedding Interpolants During Training

‚We interpolate on lists of prompts for more complex results.

‚Animations and more examples on project website in QR code.

Future Directions
‚ Boost quality and get diverse output on functioning prompts.
- Combining with concurrent works can help solve these.

‚ Make process robustly work for different prompts (underfitting).
‚ Fix Janus face artifacts in output (overfitting).
‚ Improve interpolations to be semantically meaningful for
effective text-to-4D generation.
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