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Problem Statement

Input: Multi-view images captured in a Dynamic scene (usually by a moving camera) and their poses
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Problem Statement

Input: Multi-view images captured in a Dynamic scene (usually by a moving camera) and their poses

Output: A reconstructed 3D model with realistic appearance and natural motion, continuously capturing

dynamic changes over time.
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Our Motivation
1. Most existing dynamic 3DGS methods simply use deformation fields to model Gaussian motion,
which lacks explicit motion constraints.

2. Compared with using optical flow to supervise Gaussian deformation, we decouple motion flow from
optical flow to directly provide explicit motion priors, thus making motion constraints more effective.
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Visualization
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Visualization
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Thanks!

https://ruijiezhu94.qithub.io/MotionGS page/

A
e SN
o

1)
I _.II_.II .'l'l
ai

. -/
N &


https://ruijiezhu94.github.io/MotionGS_page/
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