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• Dynamic View Synthesis란?
목적

−Dynamic scene에대한 monocular video가주어지면, 특정 view와특정 time에대해
rendering하여새로운장면을예측하는것

−Statice scene과달리 time t에따라 dynamic object의 deformation을학습하는것이핵심

Background

< Dynamic view synthesis 설명 >
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4D Gaussian Splatting for Real-Time Dynamic Scene Rendering
CVPR 2024
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• 이전 연구문제점

문제 1. 
−Dynamic scene에서는시간에따라동적으로객체들의변화 (motion, shape)가발생하기
때문에하나의 Gaussian 집합으로 rendering이어려움

문제 2. 
−Dynamic view synthesis에서기존 NeRF 방식은 training속도가매우느리며, rendering 

cost가큼

−또한 deformation 학습과정에서 implicit하게학습하여 3D scene geometry를학습하기
어려움

Abstract
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• 4D Gaussian splatting
Spatial-Temporal Structure Encoder
−Hexplane을사용하여 spatial-temporal feature를생성

Multi-head Gaussian Deformation Decoder
−3개의 branch를생성하여 Gaussian의각특성의 deformation을예측

Introduction
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• Contributions
Initialize Gaussian set
−Camera view와 timestamp에정보를담은하나의 canonical Gaussian set을생성

҉ 각 time마다 Gaussian set들을생성할필요가없어서 storage/memory cost를줄임

Introduction
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• Contributions
Spatial-Temporal Structure Encoder
−각 Gaussian을 HexPlane방식으로 decomposition하여 grid feature로변경

҉ Temporal information과 Gaussian point를결합하여 spatial-temporal feature 생성

҉ Multi-scale 방식을사용하여주변 point간의연관성을갖는 feature 생성

Introduction
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• Contributions
Multi-head Gaussian Deformation Decoder
−Encoder에서생성한 grid feature를 multi-head layer의입력으로사용해각 Gaussian의

deformation을추출

҉ 각 timestamp에대한 Gaussian의 deformation을추출하여, 각 canonical Gaussian의 motion, shape에
대한변화를예측

Introduction
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• Spatial-temporal structure encoder
Multi-resolution Hexplane 생성

−각 spatial(X,Y,Z)한정보와 temporal(T)의연관성있는 feature 생성

−Multi-scale의정보를이용해주변 point의 관계도알수있음

Method

• Rank 1 :  64,   64,   64,  150
X     Y     Z     T

• Rank 2 : 128, 128, 128, 150

• Rank 3 : 256, 256, 256, 150

X

T

Y

T

Y

Z

Z

T

Z

X

Scale

Grid

• (X, Y) : 1, 16, 64, 64
• (X, T) : 1, 16, 150, 64Rank 1

• (X, Y) : 1, 16, 128, 128
• (X, T) : 1, 16, 150, 128Rank 2

• (X, Y) : 1, 16, 256, 256
• (X, T) : 1, 16, 150, 256Rank 3

X

Y
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• Forward process
Normalization & Interpolation

Method

Canonical Gaussian

Point : X, Y, Z
(N, 3)

Time : T
(N, 1)

Normalized Gaussian

Axis Aligned
Bounding Box Concatenation

Input Gaussian
(N, 4)

Interpolation

X,Y grid
(1, 16, 64, 64)

X,Y position
(N, 2)

Grid feature
(N, 16)

Concatenation

Grid features
(N, 48)

(N x Rank)

(N, 16) x Rank
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• Forward process
Multi-head Gaussian deformation decoder
−Encoder를통해만들어진 grid feature로 Gaussian에대한 deformable을학습

−이후각 branch별로세부적인 deformable을추출

Method

MLP

Grid features
(N, 48)

Linear
(128, 3)

Position head
(128, 128)

Linear
(48, 128)

Linear
(128, 128)

Linear
(128, 4)

Rotation head
(128, 128)

Linear
(128, 3)

Scaling head
(128, 128)

X = X+∆X 
Y = Y+∆Y 
Z = Z+∆Z 

R = R+∆R 

S = S+∆S 

Update

∆X, ∆Y, ∆Z

∆R

∆S
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• Optimization
Initialization
−SfM으로추출한 point cloud를초기 point로사용

−Course단계에서 3DGS로 3000 iter까지학습함

҉ 이때 deformation network를사용하지않음

҉ 즉, dynamic Gaussian을추정하지않음

Loss function
−L1 loss 

҉ 원본이미지와 rendering된이미지 사이의차이가비슷하게업데이트

−Total variational loss
҉ Rendering된이미지의수직, 수평옆 pixel간의차이를구하고합침

҉ Rendering된이미지가 smooth하고자연스럽게변하도록업데이트

Experiment
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• Synthesis dataset
D-NeRF dataset

Experiment
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• Real-world dataset
HyperNeRF dataset

Experiment

DyNeRF dataset
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Experiment
• Real-world dataset

HyperNeRF dataset



16

• Ablation

Experiment



17

• Novel view reconstruction 
Monocular setting은 input data의 camera pose, timestep에대해 sparse하기때문에

training view에 overfitting을유발함

• Large motions or dramatic scene changes
4DGS의 deformation network는 3D Gaussian들의 motion을예측하지만 large 

motion의경우예측하지못함

Limitations

< IPhone dataset에대한 novel view rendering 결과> < Sports dataset에대한 rendering 결과>
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3D Geometry-aware Deformation Gaussian Splatting for Dynamic View Synthesis
CVPR 2024
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• Contributes
Geometry-aware feature extraction network 
−Voxelization과 3D-Unet을통해 explicit하게 geometry한 feature를추출

Continuous 6D rotation representation
−Smooth한 rotation의 variation을학습하는데도움을줌

Density control strategy to adapt Gaussian splatting to dynamic scenes
−현재 time의 Gaussian에대해서 densification을수행하여 canonical field에 Gaussian들을
효율적으로학습함

Abstract

< GAGS 전체파이프라인 >
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• Geometry-aware feature extraction network
Geometry branch
−Point cloud들을 voxelization을수행하여 3D-Unet으로 geometric한 feature를생성

Method
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• Geometry-aware feature extraction network
Identity branch & Fuse branch
−기존방식과동일하게 MLP network로 point cloud에대한 feature를생성후, geometry 

branch의 feature와 concatenation하여다시한번 MLP network로 fuse feature를생성

Method
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• Geometry-aware feature extraction network
Deformation field
−Canonical field에서생성한 fuse feature, time t, point cloud를 concatenation하고 MLP 

network를거쳐 canonical Gaussian의 deformation을추정하여 update를진행

Method

3 6 3

X = X + ∆X 
R = R + ∆R
S = S + ∆S 

Update
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• Continuous 6D rotation representation
3D Gaussian splatting
−Quaternion을사용하여 rotation을 representation함

Geometry-aware Gaussian splatting
−6D rotation representation을사용하여 deformation network가 canonical field의

Gaussian들의 smooth rotation variation을학습하는데도움을줌

Method

6D vector
Rotation matrix

Normalization function
Transform from 6D to rotation

< 6D rotation representation 수식 >
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• Density control
3D Gaussian splatting
−기존 3DGS는 gaussian의 densification과정을 time을 고려하지않고진행함

Geometry-aware Gaussian splatting
−Dynamic scene에서는 time을고려하여 canonical field의 Gaussian들을 deformation field를
거쳐현재 time에 Gaussian에대해서 densification을진행

Method

< Density control 파이프라인 >
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• Optimization
Intialization 
−초기 3000 iterations에는 static scene에대해서만학습

−이후 deformation network를학습하여 dynamic에대해서학습

Loss function 
−Photometric loss 

҉ Rendering된 image와 GT image 사이의 L1 distance와 LD-SSIM를구함

−Regularization

҉ Scene에서 dynamic point는 static point보다적고 motion의크기는크지않기때문에
가능한 scene에서 point는 static이어야함.

Method
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• Synthesis dataset
D-NeRF dataset

Experiment
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• Real-world dataset
HyperNeRF dataset

Experiment

Neu3DV dataset
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• Synthesis dataset
D-NeRF dataset

Experiment



29

• Real-world dataset
HyperNeRF dataset

Experiment
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• Visualization experiment
실험 1. 학습된 Gaussian을 visualization하여비교

−3DGS는 dynamic한부분에대해학습하지못함

−4DGS보다 GAGS의 point들이더욱정교함, 이는 geometry한정보를학습했기때문

실험 2. 서로다른 time t에대해 geometry-aware feature를시각화

−Static한부분과 dynamic한부분의 point들이잘구분됨

Experiment

< Gaussian 시각화 > < Geometry-aware feature 시각화 >
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