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Problem Definition

Dynamic Scenes Rendering [1]

> Input: Part view, Part time images

» Output: Any view, Any time rendering
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Figure 2: Problem Definition. Given a sparse set of images of a dynamic scene moving non-rigidly and being captured by a monocular
camera, we aim to design a deep learning model to implicitly encode the scene and synthesize novel views at an arbitrary time. Here,
we visualize a subset of the input training frames paired with accompanying camera parameters, and we show three novel views at three

different time instances rendered by the proposed method.




Preliminary

Gaussian Splatting 4l

» Modeling static scenes with 3D Gaussians.

» Splitting, cloning and pruning Gaussians during optimization.
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Related Work

Deformable 3D Gaussian (DeformGS) I3l

» Deforming Gaussians with fully MLP-based implicit neural network.

» Problem: over-smooth inherent property.
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Related Work

4D-GS 14

» Deforming Gaussians with plane-based explicit neural network.

» Problem: unsuitable low-rank assumption.
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Methods

4D Decomposed Hash Encoding

> Tri-axial 4D Decomposition.
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Methods

Directional Attention

» Spatial features choose and direct temporal features.
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Multi-head Decoder

» Decode features for deformation

Methods

Canonical Gaussians
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Spatial feature
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Methods

Smooth Regularization
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Experiments

Dataset Baseline
« D-NeRF lsynthetic dataset e TiNeuVox [7]
 HyperNeRF 51 real-world dataset « 4D-GS [4

« Neu3D [‘lreal-world dataset « DeformGS (Deformable 3D Gaussian) °]



Comparison

D-NeRF dataset

PSNR
Grid4D (Ours) 42.00
DeformGS 40.16
4D-GS
TiNeu\Vox

Hyper-NeRF dataset

PSNR
Grid4D (Ours) 27.34
4D-GS 26.52
TiNeuVox 25.93
Neu3D dataset
PSNR

Grid4D (Ours) 31.49
4D-GS 31.01



Comparison

« Comparisons on the synthetic D-NeRF dataset.
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Comparison

« Comparisons on the real-world HyperNeRF dataset.
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Visualization

« Qualitative results on the synthetic D-NeRF dataset.
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Visualization

* Qualitative results on the real-world Neu3D dataset.




More details and experiments

Project page: https://jiaweixu8.github.io/Grid4D-web/
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