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Dynamic Gaussian Splatting has Exploded!
First paper on ArXiv 18t Aug 2023. 7 Months later ~50 papers.
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Analysis-by-Synthesis for Tracking and Dynamic 3D?
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3D Gaussian Splatting

Menu ‘\/»ews Capture P 3D Gaussians X » Camera Point view

-

=
e

>

¥ Metrics
57.56 (17.37 ms)

VSync On




Dynamic 3D Gaussian Splatting?




What is needed?

Good Data
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Good Data

Pixel NeRF
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Good Data
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3D Gaussians
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Rendering 3D Gaussians
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Making 3D Gaussians Move




Making 3D Gaussians Move




Making 3D Gaussians Move

Fixed / Consistent over time: Changing over time (per timestep):
3D Size 3D Center
Color 3D Rotation

Opacity

17



What is needed?

Good Data A Good Representation
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A Good Optimization Procedure

Gradient-based
Optimization

(+ Physics-based Priors)
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A Good Optimization Procedure




What is needed?

Good Data A Good Representation
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Good Priors
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Good Priors
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Good Priors
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Good Priors
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Good Priors
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Making 3D Gaussians Move




Making 3D Gaussians Move




Full 6-DoF Tracking




It works!
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It works!

Median 3D Tracking Error: 1.90 cm

Median 2D Tracking Error: 1.54 pix

PSNR: 29.48 dB
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Creative Applications: Gaussian-eye view




Creative Applications: Gaussian-eye view
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Creative Applications: Compositional Dynamic Scenes




Creative Applications: Compositional Dynamic Scenes
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Alternative Dynamic Gaussian Representations

Learnable Motion Basis
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Alternative Dynamic Gaussian Representations

Learnable Motion Basis
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Motion Basis Representations

An Efficient 3D Gaussian Representation
for Monocular/Multi-view Dynamic Scenes
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Motion as Fourier Coefficients / Optical Flow supervision
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Motion Basis Representations
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Motion as Polynomial Coefficients / Temporally Local Opacity /
Splats Features instead of Colors.
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Motion Basis Representations

Gaussian-Flow: 4D Reconstruction with Dynamic 3D Gaussian Particle
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Combines Polynomial + Fourier Coefficients for modelling motion
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Motion Basis Representations

DynMF': Neural Motion Factorization
for Real-time Dynamic View Synthesis with 3D Gaussian Splatting

Agelos Kratimenos Jiahui Lei Kostas Daniilidis
University of Pennsylvania

Uses MLPs to represent small basis set / Each Gaussians motion is
linear combo of MLP bases. Bases can we sparse (10 or 16).
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Alternative Dynamic Gaussian Representations
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Deformation Field Representations

Deformable 3D Gaussians for High-Fidelity Monocular Dynamic Scene
Reconstruction
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Dense MLP representation over space / time defining the push-
forward deformation of Gaussians y (1)
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Deformation Field Representations

GauFRe #: Gaussian Deformation Fields
for Real-time Dynamic Novel View Synthesis
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Adds a set of static Gaussians that cannot move.
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Deformation Field Representations
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Using Multi-Res Hex-plane + tiny MLP for push-forward deformation is
more efficient than one large monolithic MLP. . oo
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Alternative Dynamic Gaussian Representations
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4D Gaussian Representations

REAL-TIME PHOTOREALISTIC DYNAMIC SCENE REP-
RESENTATION AND RENDERING WITH 4D GAUSSIAN
SPLATTING

Zeyu Yang, Hongye Yang, Zijie Pan, Li Zhang*
Fudan University

Represents scenes as actual 4D Gaussians, which are spliced into 3D
Gaussians per timestep
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4D Gaussian Representations

4D Gaussian Splatting:
Towards Efficient Novel View Synthesis for Dynamic Scenes
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Uses a different (rotor-based) 4D gaussian covariance representation.
More naturally decomposes into 3D + 1D, also VERY fast CUDA impl.
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Alternative Dynamic Gaussian Representations
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Shape Templates
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Shape Templates

SplatArmor: Articulated Gaussian splatting for animatable humans from
monocular RGB videos
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Alternative Dynamic Gaussian Representations
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