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• Background

▪ 3D vs 4D

• FreeTimeGS: Free Gaussian Primitives at Anytime and Anywhere for Dynamic 

Scene Reconstruction [CVPR 2025]

• MonoFusion: Sparse-View 4D Reconstruction via Monocular Fusion [ICCV 

2025]

Outline
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FreeTimeGS: Free Gaussian Primitives at Anytime and 

Anywhere for Dynamic Scene Reconstruction [CVPR 2025]
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• 논문에서다루고자하는 task

▪복잡한움직임을가지는 4D scene reconstruction

−Motion이크거나비선형적움직임가지는동적객체의 spatio-temporal reconstruction

• 기존연구

▪ Implicit한 deformation field 이용하여 canonical space를각프레임공간 warping

• 기존연구의문제점

▪ RGB supervision으로 deformation field 최적화실패

−Canonical space와 observation space 사이 long-range correspondenc를구축어려움

• 해당논문에서제안하는해결방법

▪임의의위치와시간에서 Gaussian primitive가나타나도록모델링

▪각 Gaussian primitive에명시적인 motion function을적용

Introduction
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• 4D Gaussian distribution1)을사용한 4차원시공간정의

▪ 3DGS는 3차원공간을표현하기위해 3D Gaussian distribution 사용

▪ FreeTimeGS는 time 축을추가한 4D Gaussian distribution 으로 4차원시공간표현

−Gaussian distribution formulation

҉ 𝑁 𝑥 𝜇, Σ =
1

2𝜋 𝐷/2

1

Σ 1/2 exp(−
1

2
𝑥 − 𝜇 𝑇Σ−1(𝑥 − 𝜇))

−4D Gaussian primitive

҉ 𝜇 = 𝜇𝑥, 𝜇𝑦, 𝜇𝑧, 𝜇𝑡

҉ Σ = 𝑅𝑆𝑆𝑇𝑅𝑇

✓𝑅 = 𝐿 𝑞𝑙 𝑅 𝑞𝑟 =

𝑎 −𝑏 −𝑐 −𝑑
𝑏 𝑎 −𝑑 𝑐
𝑐 𝑑 𝑎 −𝑏
𝑑 −𝑐 𝑏 𝑎

𝑝 −𝑞 −𝑟 −𝑠
𝑞 𝑝 𝑠 −𝑟
𝑟 −𝑠 𝑝 𝑞
𝑠 𝑟 −𝑞 𝑝

• 𝑞𝑙 = 𝑎, 𝑏, 𝑐, 𝑑 , 𝑞𝑟 = (𝑝, 𝑞, 𝑟, 𝑠)

✓𝑆 = 𝑑𝑖𝑎𝑔(𝑠𝑥, 𝑠𝑦, 𝑠𝑧, 𝑠𝑡)

1) https://fudan-zvg.github.io/4d-gaussian-splatting/

2) https://en.wikipedia.org/wiki/Rotations_in_4-dimensional_Euclidean_space

Method

4D Euclidean space의 rotation은 두 isotropic rotation 

쌍으로 decomposition 가능2)
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• Gaussian primitives at anytime anywhere

▪임의의공간적위치와시간단계에서나타날수있는 Gaussian primitive 정의

▪ Gaussian primitive에대해 8개의 learnable Gaussian parameter 정의

−Position, scale, orientation, opacity, SH coefficient, time, duration, velocity

▪각 Gaussian primitive에명시적인 motion function 적용

−𝜇𝑥 𝑡 = 𝜇𝑥 + v ∙ 𝑡 − 𝜇𝑡

҉ 시간 t에서 3D Gaussian의위치계산

−Σ𝑥 𝑡 = Σ1:3,1:3 − Σ1:3,4Σ4,4
−1Σ4,1:3

Method 기존 3D Gaussian parameter 새롭게정의된 parameter
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• Gaussian primitives at anytime anywhere

▪ Time variant alpha value

−3D Gaussian Splatting alpha

҉ 𝛼𝑖 = 𝜎𝑖exp(−
1

2
x − 𝜇𝑖

𝑇Σ𝑖
−1 x− 𝜇𝑖 )

−Time variant alpha

҉ 𝜎 x, 𝑡 = 𝜎(𝑡) ∗ 𝜎 ∗ exp(−
1

2
x − 𝜇𝑥 𝑡

𝑇
Σ−1 x− 𝜇𝑥(𝑡) )

҉ 𝜎 𝑡 = exp(−
1

2

𝑡−𝜇𝑡

𝑠

2
)

✓𝑠: duration variable

✓전체시간에걸쳐 Gaussian primitive가미치는영향을나타내는 weight로작용

Method
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• Training

▪ Objective function

−ℒ = ℒ𝑟𝑒𝑛𝑑𝑒𝑟 + ℒ𝑟𝑒𝑔(𝑡)

҉ ℒ𝑟𝑒𝑛𝑑𝑒𝑟 = 𝜆𝑖𝑚𝑔ℒ𝑖𝑚𝑔 + 𝜆𝑠𝑠𝑖𝑚ℒ𝑠𝑠𝑖𝑚 + 𝜆𝑝𝑒𝑟𝑐ℒ𝑝𝑒𝑟𝑐

҉ ℒ𝑟𝑒𝑔 𝑡 =
1

𝑁
σ𝑖=1
𝑁 (𝜎 ∗ 𝑠𝑔[𝜎(𝑡)])

−렌더링 loss만으로는바른움직임이나복잡한 motion에서품질저하발생

҉ Gaussian primitive의 opacity가대부분 1이나옴을확인

✓Opacity 값은 0~1 값을가짐

҉ 영향을미치지못해야하는 Gaussian들의영향력이커짐에따라 blur한결과발생

Method
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• Training

▪ 4D regularization

−Opacity가높아지지않도록억제하는 constraint 설계

҉ ℒ𝑟𝑒𝑔 𝑡 =
1

𝑁
σ𝑖=1
𝑁 (𝜎 ∗ 𝑠𝑔[𝜎(𝑡)])

✓모든 Gaussian에대한 opacity값의평균을손실함수로사용

✓시간에따른 opacity weight를최소화하는것을방지하기위해 stop gradient 적용

҉ 해당시간에대한모든 Gaussian의 opacity값을억제

Method
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• Training

▪ Periodic relocation of primitives

−Opacity 1로몰리는문제를해결하면특정영역으로 Gaussian이쏠리는현상발생

҉ 낮은 opacity로인해목표영역을채우기위해 Gaussian이몰림

−더많은 Gaussian이필요한영역을측정하기위해 sampling score 제안

҉ s = 𝜆𝑔∇𝑔 + 𝜆𝑂𝜎

✓∇𝑔:시간축이제외된 Gaussian의 spatial gradient 정보

҉ 일정학습 iteration 마다 opacity가 threshold보다낮은 Gaussian에대해 sampling 수행

✓Gaussian을 sampling score가높은영역으로이동

✓추가적인 densification 역할수행

▪ Initialization

−각비디오프레임에대해 ROMA1)로매칭후 triangulation 수행하여 3d point 계산

҉ 해당시간스텝과 3d point를이용하여mean과 time을 initialize

−두프레임에해당하는 3d point사이의 translation vector를속도로 initialize

҉ 매칭되는 3d point는 knn 알고리즘으로임의로획득

Method
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• 정량결과및 ablation

Result
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• 정성결과

Result
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• Real-Time VR Demos

Result
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MonoFusion: Sparse-View 4D Reconstruction via Monocular 

Fusion [ICCV 2025]
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• 논문에서다루고자하는 task

▪소수의 sparse multi-view 상황의 4D reconstruction

• 기존연구

▪기존 monocular 및 multi-view 4D Gaussian Splatting 모델존재

• 기존연구의문제점

▪겹치는 view가적은소수의 multi-view로 reconstruction이어려움

▪충분한 initial point cloud 획득에어려움존재

Intro
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• 3D Gaussian Scene Representation

▪첫번째프레임에대한 geometrical 공간을 canonical space로정의하여사용

−Gaussian Splatting을이용하여공간정보표현

−3D Gaussian parameter의 mean, position을 deformable parameter로설정

҉ Scale, opacity, color parameter는모든프레임에대하여변하지않는 parameter로설정

−3D Gaussian 별로 learnable한 32차원의 parameter를임베딩

−Canonical space의 3D Gaussian들은motion base들을이용하여 deformation 수행

҉ 각프레임으로 transformation 수행

Method

Canonical space t frame space t+1 frame space
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• Space-Time Consistent Depth Initialization

▪ Multi-view pointmap prediction

−데이터셋에주어진카메라파라미터를 initial 값으로 DUSt3R 구동

҉ DUSt3R의 global optimization 단계에서 camera parameter를 constraint로사용

✓이미지쌍별획득된 pointmap을 global coordinate로 alignment하는과정에서사용

҉ Global scale의정렬된 3d pointmap 획득가능

−Metric scale의 3d pointmap (𝜒𝑘
𝑡 )을 projectio하여 metric scale의 depth map(𝑑𝑘

𝑡 𝑢, 𝑣 )획득

҉ 𝑑𝑘
𝑡 𝑢, 𝑣 𝑢 𝑣 1 𝑇 = 𝐾𝑘𝑃𝑘𝜒𝑘

𝑡 (𝑢, 𝑣)

Method
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• Space-Time Consistent Depth Initialization

▪ Spatio-temporal alignment of monocular depth with multi-view consistent pointmaps

−Multi-view 추정기를통한사람에대해서낮은품질의 depth가잡히는경향존재

҉ 학습데이터에등장하는사람은주로동적객체로서 out-lier 취급하기때문

−단일이미지에대해기하학구조를잘예측하는monocular depth를활용

҉ Projection되어구해진 depth를활용하여 monocular depth의일관성최적화

✓argmin{𝑎𝑘
𝑡 ,𝑏𝑘

𝑡}σ𝑡=1
𝑇 σ𝑘=1

𝐾 σ
𝑢,𝑣∈𝐵𝐺𝑘

𝑡 𝑎𝑘
𝑡𝑚𝑘

𝑡 𝑢, 𝑣 + 𝑏𝑘
𝑡 − 𝑑𝑘

𝑡 (𝑢, 𝑣)
2

Method
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• Grouping-based Motion Initialization

▪ Time-viarying rigid transformations

−Canoncial space의 Gaussian을각프레임에해당하는공간으로 rigid transformation 수행

҉ x𝑠 = 𝑅0→𝑡x0 + 𝑡0→𝑡, 𝑅𝑡 = 𝑅0→𝑡𝑅0

▪ Motion bases

−3D motion에대한 learnable basis trajectory를정의하여 rigid transformation 학습

҉ 𝑇0→𝑡
(𝑖)

= σ𝑏=1
𝐵 w(𝑖,𝑏)𝑇0→𝑡

𝑏

✓Gaussian별로 basis trajectory의 weighted sum을통해각 time으로 transformation

҉ Weight를 DINOv2 feature를사용하여초기화진행

✓3D pointmap에 feature를임베딩

✓Pointmap의 feature를보고 k-means clustering 수행

• B개의 cluster를 구성하여 basis의개수결정

• 각 cluster의 중심과 Gaussian들의 중심에대하여 L2 distance를 이용하여 weight 초기화

Method
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• Grouping-based Motion Initialization

▪ Optimization

−ℒ𝑟𝑒𝑐𝑜𝑛 = መ𝐼 − 𝐼
1
+ ෡𝑀 −𝑀

1
+ ෠𝐹 − 𝐹

1
+ ෡𝐷 − 𝐷

1

҉ Photometric loss, mask loss, feature loss, depth loss를결합하여사용

✓각 pointmap에임베딩된 feature또한렌더링후 DINIOv2 feature로 supervision

−ℒ𝑟𝑖𝑔𝑖𝑑 = σ𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠 𝑖
෠𝑋𝑡 − ෠𝑋𝑡

(𝑖)

2

2
− ෠𝑋𝑡′ − ෠𝑋

𝑡′
(𝑖)

2

2

҉ 시간 t로 deformation되어진 Gaussian에대하여주변 Gaussian과의차이억제

✓ ෠𝑋𝑡: 시간 𝑡에서의 3D Gaussian 위치

✓ ෠𝑋𝑡′:시간 𝑡′에서의 3D Gaussian 위치

✓𝑖: Knn 알고리즘을통해구한주변 Gaussian들

Method
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• 정량결과

Result
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• 정성결과

Result
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Video Result
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