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Our Method

(a) 3D Gaussians Optimization
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Our Method

(b) Consistent 3D Motion Estimation
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Our Method

3D Motion Optimization Module (3D-MOM)
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Our Method

(¢) 4D Gaussians Optimization
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Our Method

(a) 3D Gaussians Optimization
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Experimental Results

1) Results of Holynski Dataset

Input Image DynamiCrafter [8] Motion-I12V [9]

[8] DynamiCrafter: Animating Open-domain Images with Video Diffusion Priors ECCV 2024, Oral
[9] Motion-I12V: Consistent and Controllable Image-to-Video Generation with Explicit Motion Modeling SIGGRAPH 2024



Experimental Results

1) Results of “In-the-Wild” Dataset
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Quantitative Results

Method

Metrics
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14.98
14.38
17.30
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0.81
0.80
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Application: 4D Scene Generation

3D Scene Generation
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Application: 4D Scene Generation

1) Comparative Result with VividDream
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Application: 4D Scene Generation

2) 3D Scene Generation + Dynamic Scene Video

Ours + LucidDreamer [11]




Thank you

We strongly encourage readers to view the additional results
and ablations on the project page at
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