DreamGaussian: Generative Gaussian Splatting for Efficient 3D Content Creation
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Zero-1-to-3: Zero-shot One Image to 3D Object

Ruoshi Liu Rundi Wu Basile Van Hoorick Pavel Tokmakov Sergey Zakharov Carl Vondrick
Columbia University Columbia University Columbia University Toyota Research Toyota Research Columbia University
Institute Institute

TL;DR: We learn to control the camera perspective in large-scale diffusion models,
enabling zero-shot novel view synthesis and 3D reconstruction from a single image.
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Type CLIP-Similarity T | Generation Time |

One-2-3-45 ( 2023a Inference-only 0.594 45 seconds
Point-E (Nichol et 2022 Inference-only 0.587 78 seconds
Shap-E (Jun & chol, 2023 Inference-only (.59l 277 seconds
Zero-1-to-3 (L Optimization-based 0.647 20 minutes
Zero-1-to-3* (: et al, 2023b) | Optimization-based 0.778 30 minutes
Ours (Stage 1 Only) Optimization-based 0.678 | minute

Ours Optimization-based 0.738 2 minutes
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