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Outline

» Background
- Novel View Synthesis
+3DGS O] = 2| A

= 1d 57

* LocalDyGS: Multi-view Global Dynamic Scene Modeling via Adaptive Local
Implicit Feature Decoupling [ICCV 2025]

* ReCon-GS: Continuum-Preserved Gaussian Streaming for Fast and Compact
Reconstruction of Dynamic Scenes [NeurIPS 2025]
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Background

* Novel View Synthesis

= Scene

» View
-7 fX e 20| & EHZ HietE = ZHH| 2ke| Al -

-Monocular vs Multi-View
- Novel View Synthesis:
-StE 0| AFBE|X| 2 Al - (View)2| EHE Bd8HLH = Task
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1) Mildenhall et al., NeRF: Representing Scenes as

Background

* Novel View Synthesis

= Point Cloud
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- 3D Gaussian Splatting?
- NeRFO| & 27| ¢ 2510 SH A MK (30 FPS+)
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1) Kerbl et al., 3D Gaussian Splatting for Real-Time Radiance Field Rendering, ACM Transactions on Graphics (SIGGRAPH) (2023)

Background

* Novel View Synthesis
- 3D Gaussian Splatting)2| Lf2}0[Ef 2=
- Position (u)
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- Covariance (X)
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- Color (Spherical Harmonics) 1. Position (9] )
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Background
« 3DGS O|= 2| A+
= In-the-wild
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- Continual Learning
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- Compression
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- Dynamic Scene Reconstruction
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Background

= U8 57
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(a) Deformation (b) Trajectory (¢) 4DGS
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LocalDyGsS:
Multi-view Global Dynamic Scene Modeling
via Adaptive Local Implicit Feature Decoupling

[ICCV 2025]
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Introduction
- 7| Ao EHE
» Monocular Dynamic Scene Reconstruction
- ZtEtsk ZHH Y| BF K| oHE
- A X0l FL
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- Explicit Motion Function
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= 4D Primitives
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Method

* Preliminary: 3DGS & Scaffold-GS

= 3DGS
- ®X, 2H®, 37|, 2FHE, MYE 7HK][= 3D 7FRA|2HS 2D 2 HO| £ F
- G(x) =e 2@

= Scaffold-GS

- AnchorE 7|& 2 £ Neural Gaussians A
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- LocalDyGS2| Xt&EH
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Method

* Global Seeds Initialization

- Local SpaceE 7 H{0}= Seed2| {IX| Z=7|=}
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Methods

 Feature-Decoupled Spatio-Temporal Fields

. gx M=l 5X HEE 220 s8Hos R YUY
A artifact 2

CHl MLPE AlZ7H2 3 0] Bl 22{ 1 ot 82 ¢
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= Dynamic Residual Field (F_d)
- 912 Azt 9
-5 SH AN EW 14

- Adaptive Weight Field (F W)
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Methods

» Local Temporal Gaussian Derivation
A= EXZ HE S E AN HEHE 7SS Temporal Gaussians ‘e
- 2-layer MLP7| Gaussian 58 B = &=}
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- q, S, alpha, ¢
= Deactivation Strategy
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Methods

» Adaptive Seed Growing (ASG)
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Methods

* Loss Function
-3DGSQ| Loss AL E XtE
- L1 loss: T4 7t XtO| & ¢
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= Volume Regularization
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Experiments

* Quantitative Results

-N3DV
- PSNR 32.28dB
- SpaceTimeGS CHH| &t& AlZF 1/10 (352), A& 37t 14 (100MB)
-&TS, AL 7] & 57| 022 motionE 25 Z4

 Ablation Study

- w/0 Static Feature

- H{ Z 0] 252[2 2t EHO| X 5E
- w/o ASG

_EAK7} Ol K|E BEH 27

(a) w/o ASG (b) w/ ASG
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ReCon-GS:
Continuum-Preserved Gaussian Streaming for

Fast and Compact Reconstruction of Dynamic Scenes
[NeurIPS 2025]
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Introduction
- 7|= AL EHHE
= Online / Streaming
- AAZE X 2| = 7HsSHA| B X7} =X EZ (Drift)
- Deformation Field
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Method

* Overview

- Base Gaussians

- R w Z2 U Sof HE 3pGs HH Bt
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= Streaming Process
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Method

» Adaptively Hierarchical Motion Representation
- Anchor Gaussian Initialization M = ["*st
g, = arg min ||p

1 01 1 . A
eoam — ":*'-.i-ﬁ'”z . where ¢k = Myin + | 1+ 5._;; + - k+ 5 1@

[\2'

-SUS AR ER LA, 4 2 340 7t 72 7HAI2ts dAH=E 47
- Hierarchical Rigid-Cluster Formation
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- Explicit Motion Composition
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Method

* Dynamic Hierarchy Reconfiguration

= Periodic Re-Hierarchization
- Streaming 4! 72| Drift =X & S| Z25tH7| e
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Method

 Storage-aware Optimization
= Density Control
- ArE tse dFAHL 0 et B - Ths
« Two-Phase Optimization

- Phase 1: 0H9.| o| %I_! o1 0} St

(a) Framework of ReCon-GS

Imit. Training with AWGN

(b) Explicit Motion Composition

{c) Re-Hierarc hization
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Experiments

* Quantitative Results
- 7| & Streaming SOTA (HiCOM) CHH| & 50% & Z (0.4MB/Frame)
- PSNR 0.5dB O] &} 24
= 250 FPS
=« Train Time 6.4s/Frame
 Ablation Study

- Hierarchy Level: 3% M Z[&

Storage: 0.53 MB - Storage: 0.57 MB Storage: 0.60 MB
PSNR: 29.67 dB PSNR: 29.98 dB PSNR: 29.90 dB
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Storage: 0.28 MB Storage: 0.30 MB B Storage: 0,33 MB
PSNR: 33.14 dB | PSNR: 33.85 dB PSNR: 33.61 dB

- w/o Reconfiguration

- A|ZF A1 IHE Drift & 24

Level =2 Level =3 Level = 4

Figure 5: Qualitative results of our ReCon-GS under different hierarchical levels
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