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e Ablations and test-time fine-tuning results in paper

Our View of the Future

Our Method - Overview

e First, train texture+geometry with volumetric
e Second, train texture only with surface rendering
e We enhance robustness with 3D priors by:
o Using 3D aware guidance, like MVDream |[3]
o Penalizing difference from a source 3D object
m Also allows stylization

e Limitations to improve upon:
o Enhance generalization — ex,, training on more prompts
o Reduce artifacts (Janus, baked light) — ex., other guidances
e Use case: Enable agentic VLMs to procedurally build complex
environments wielding fast text-to-3D tools
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