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Background

* Novel View Synthesis
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= Scene

= Frame Frame
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- View
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- Monocular vs Multi-View

- Novel View Synthesis:
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Training images
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1) Mildenhall et al., NeRF: Representing Scenes as Neural Radianci
2) Kerbl et al., 3D Gaussian Splatting for Real-Time Radiance Field Rendering, ACM Transactions on

Background

* Novel View Synthesis

= Point Cloud
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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)
:- Gaussian EFRIA|2] A K|
- Covariance ()
;= Gaussian EFR N2 2 7|2 2| ™
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- Opacity (a)
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- Color (Spherical Harmonics) 1. Position ($I%] p)
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Background
« 3DGS O|= 2| A+
= In-the-wild
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- Continual Learning
-0l g W8S RAISHH M2 F7El =% HEH §EE 8¢
- Compression
-HEE L EE 7XAIotH Mg &S S0/ FPs &y
- Dynamic Scene Reconstruction
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Time (t)
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Background
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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| AFO| BN

- Monocular Dynamic Scene Reconstruction
- ZHEhok HHOf| 2 M| ok
-3AA sHo|L =S HEH2 O HF
= Implicit MLP
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= O 2 QISt Blurring, Deblurring

- Explicit Motion Function
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= 4D Primitives
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- Global Space= Local Space =
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1) Tao et al. Scaffold-GS: Structured 3D Gaussians for View-Adaptive Rendering, CVPR(2024)

Method

 Preliminary: 3DGS & Scaffold-GS

- 3DGS
-?%L =2lE, 37, =%
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- LocalDyGS2| X & H
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(c) Neural Gaussian Splatting

(a) Sparse Voxel from SfM Points (b) Neural Gaussian Derivation (k=4) toMiddieg
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Method

» Global Seeds Initialization

- Local Space= 7{H{St= Seed2] ‘CI')'lxl 7|2}
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Methods

 Feature-Decoupled Spatio-Temporal Fields

K MEQ SR MEE 2|50 g8FoR nE 2
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- Multi-Resolution 4D Hash Encoding
-2 Ky, ALt
-E3: hyy(wt;1) € R™ for L scales
“fn(wt) = [hag(Wt; 1), ..., hyq(p, t;L)] (a) Static feature
» Dynamic Residual Field (Fj)

Position query

-2 s frn(u, t) w: (x,y,2)
-2 SN K S/, A

- Adaptive Weight Field (Fy,) Sge;i T
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(b) Dynamic feature

=> > fu = wsfs t Wafu

Static feature

Weight field F\, ()

HFAH
= o

(c) Weighted feature
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Dynamic residual field F4(-) l

f
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Methods

» Local Temporal Gaussian Derivation
AT E EY S HE O 2 HX| I E 7S Temporal Gaussians ‘e /S

- 2-layer MLP7} Gaussian S8 S = =X
-Hyperparameter K'S Sl Seed & =& Gaussian T =

~Gaussian 22 1, q,5,a,c2| TN LI2t0|HE &

{UBicz_ol = u+v=*FE(fy)

S

k- . . _m e
iii-{sz}i:ol = Sigmoid(Fy(fyy, d)), d = ||;—li||2

= Deactivation Strategy

- =3 &l Gaussian & =5 Y =7t Threshold 0| 5}2! Gaussian= TEHE Al X 2

Parameters:

N-frame images ‘osition query « Activated TG *  Seed u=v-E(f)
T i (x,y,2) > —_— [y ; e it
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A
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» A "3 Static feature (SR “. E . '
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Methods

» Adaptive Seed Growing (ASG)
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Methods

* Loss Function

-3DGS2| Loss 1L E XHE
-L; Loss: &/ 7t Tt X}O| & 1124
~Logy Loss : Al 248 FAIEE 118

- Volume Regularization
-GaussianO| 22 QStA M CtE Local Spaces & #ot= A2 &X|
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Experiments

* Implementation
- RTX3090, 30,000 iterations
- K =10, MLP 2-layer + ReLU
- f, 64 dimensions, hash size 217
- ASG= 3,000 iter5E 15,000 iter7t X[, 100iter OFC} ==
74 = 0.001, 74, = 0.01, Aggy = 0.2, 4,5 = 0.01
 Datasets
- N3DV
-2704x2028, 30FPS
- MeetRoom
-1280x720, 30FPS

« VRU Basketball Court
-1920x1080, 25FPS
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Experiments

Quantitative Comparisons

- N3DV
- Offline/Online 25 H| 11

-7|Z& SOTA O] &= 108, & 372t &

« MeetRoom

_ist NS 2B
_ME B7MD BEE 2

- VRU Basketball Court
-Large Scale Motion £ = &

Table 2. Quantitative comparison on the MeetRoom dataset
[23]. PSNR is averaged across all 300 frames, while training time
and storage requirements accumulate over the entire sequence.

Method PSNR T Time{hours) | Size(MB) |
Plenoxel [13] 27.15 70 304500
I-NGP [31] 28.10 5.5 14460
3DGS [20] 31.31 13 6330
StreamRF [23] 26.72 0.85 2700
3DGStream [39] 30.79 0.6 1230
LocalDyGS(Ours)  32.45 0.36 90

R S TR

SOGANG UNIVERSITY 17

|:||- Table 1. Quantitative comparisons on the Neural 3D Video
— Dataset [25]. “Size” is the total model size for 300 frames.

DSSIM; sets data range to 1.0 while DSSIM2 to 2.0 [26]. =
indicates online method.

Method PSNRT DSSIM,| DSSIM.| LPIPS] FPST Timel Sizel
StreamRF * [23] 28.26 - - - 10.9 - 5310 MB
NeRFPlayer [15] 30.69 0.034 - 0.111 0.05  6.0h 5130 MB
HyperReel [1] 3110 0.036 - 0.096 2 - 360 MB
K-Planes [14] 3163 - 0.018 - 03 50h 311 MB
HexPlane [%] 31.70 - 0.014 0075 021 120h 240 MB
Mix Voxels [42] 31.73 - 0.015 0064 4.6 - 500 MB
ADGaussian [47] 3102 0.030 - 0150 30 067h 90 MB
3DGSweam' [39] 3167 - - - 215 1.0h 1230 MB
Real TimeGS [55] 32.01 - 0.014 0.055 114 00h = 1000 MB
SpaceTimeGS [26]  32.05 0.026 0.014 0.044 140 =hh 200 MB
LocalDyGS(Ours) 3228 0.028 0.014 0.043 105  058h 100 MB

Table 3. Quantitative comparison on VRU (GZ) basketball
court dataset [40]. Static methods are tested on frame 0.

Method PSNRT SSIMT LPIPS |
GOF [58] 3039 0949  0.141
2DGS [18] 3078 0949 0.187
3DGS [20] 3050 0949  0.171
4DGS [47] 2832 0930  0.186

SpaceTimeGS [26] 27.42 0.926 0.193
LocalDyGS(Ours) 30.58 0.944 0.173
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Experiments

* Qualitative Comparisons

ML
o

- Streaming / Non-Streaming 7} 2| X| 2 11 Large Scale Motion 3
oY BYN 2EE T 2Y

(a) GT (b) Ours (c) SpaceTimeGS [26] (d) 3DGStream [39]
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Experiments
 Ablation Study

- ASG EESH X+ M

- Static Feature §ICH Hd5/aga= 3
S 3 d
(@) - 1

=
- Seed 57@% %IéF EEH?:IE = N2 60 =[&

- MLPO| =&

Table 5. Ablation study of proposed components. Conducted on

the N3DV dataset [24].

Method Coffee  Sear Steak  Meant FPST  Time |
w/o static 26.24 32.68 29.46 96 42 mins
w/o deactivation  29.20 33.18 31.19 89 40 mins
Full 29.03 33.77 31.40 105 36 mins

Table 6. Ablation study on the number of frames whose SfM point
clouds are used in initialization, conducted on N3DV.

N Frames PSNRT DSSIM,| LPIPS| Timel

N =30 32.30 0.028 0.043 0.75h
N=6 32.28 0.028 0.043  0.58h
N=1 31.84 0.041 0.058 0.52h

Table 7. Ablation study on different values of & (N3DV dataset).

kvalue PSNRT DSSIM| Time| FPSt

k=5 3215 0.028 31.2m 118
k=10 32.28 0.028 348m 1035
k=20 31.96 0032 405m 86

ﬂ B THED

SOGANG UNIVERSITY

A stet > YH/EN 53 227t 2 94
St

(a) w/o static feature in training (b) Full

Figure 9. A comparison of (a) to (b) shows that training using only
dynamic features leads to significant blurring issues.

(a) w/o ASG

(b) w/ ASG

Figure 10. Ablation study conducted on the discussion scene.
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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| Ao EHE
=« Online / Streaming
_AMAIZHR 2| FHSSER| R @ XP7F X (Drify
- Deformation Field

- L= HAAN 22|18 §82 FAl, uniform encoding -> F8 2ol & H &

-HIEE MY = urEHJI B dH|, 7 FHo =2 F=tk X5}
HZXA O A l_|§9| 22 (Optical Flow &)

-oig HE0| 31, 2 X HES ?loiM = d5 EfRol 2R
-Mg z&8d fé%% SHOE & &7ts, 842 =8|/ 32
. 52 bl
*Ngnchor 222 3¢t MU NE 2&8-d5 &

- Motion= Coarse-to-fine2 £ 3EHA| £
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Method

* Overview

- Base Gaussians
- RN =Y E SOl N 3pGs HH o e
-X| HEO| LO|=E 40f Gaussian=0| O 1E2H BZSHH R
- Adaptive Hierarchical Motion Representation
-2} Gaussian2| & 2 O 7|5t ™ AH L Q| layer-wise 2 A Hete 2 Tf2t0| EH 2}
-2t layer= grid-based farthest-point sampling2 2 & & =l Anchor Gaussian0| 2|5l S Xl
- General Gaussian= 7} 74712 AnchorO|AlA 2N TF2t0|EH & &=
- Dynamic Hierarchy Reconfiguration
- Holok= &M 7|510|| 4S5 E== Anchor Gaussians Al B X|
-5 Ul Deformation &&= &0l A[ZH0] [HE 22 A9 Yid2 FA|

- View-Adaptive Densificationg &0f HIE & S L 2kt

oOI
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Method

» Adaptively Hierarchical Motion Representation
M = ’VN;”r/Lihor—‘

= Anchor Gaussian Initialization
A

. o1 1
g =arg min [y —cijilly, where Cijk = pmn + (z + 50 + K+ ) op=
-SU2 Ae|E2 Lisa, 2 A S0 7HE 712 Gaussiang Anchor2 4178
3[—1)1/3}

= Hierarchical Rigid-Cluster Formation M = [(Nunchor -
Yo = arg min |[p, — pallr
€Ga

Ga

-St? oA &% M= Z +=F FFSHA A2|EE Lt (Coarse-to-fine)
Zt Gaussian= AnchorO| 7L}, Z7t2 7177F2 AnchorOf| &% &= General Gaussian

- Explicit Motion Composition
3 3
Apy, =Y ApY, Agq, =) Aq"

B Z quaternion ZE 0| 2|7t 8IS
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Method

* Dynamic Hierarchy Reconfiguration
= Periodic Re-Hierarchization
-Streaming YA £/ 2| Drift 24 = S &5t/ |
-F7|H o Z & ME|O| Gaussian K|S BFE S} Anchor M H

= Intra-hierarchical Deformation Inheritance

- MZ2 Anchor= X 7|3t A| HE Tf2t0|E 20| 00| B2 O|™ 7|6 HE A Tl g
R

coChes ZHE ZHO| D2 Chs SHAF  aw® -1y aug
-5 A

;' quaternion= Double Cover = M| £ the B =71

s« M| quaternion@| “7F& X[H{| & QI gigk« A&t > MO| 7HE 2 1 7HX| = DFHIEH

Lo
o
-
02
3
i~
o
MEl
0

A S8 = ?lol Blgel %, 2

Agi® = PmaM) iAqEﬁ) (2g)"
anlax(M)| i=1 ! !
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Method

» Intra-hierarchical Deformation Inheritance
2| 5 ?
" " N AL (AT
- Quaternion2| Double Cover A= 1250 M EH™ M= ;Aqﬂi (Aq.)
MO 9EFS JHE & LIEHL = quaternionS A& 8t= 20| 2

vIMvE Z|U2}St= v (subject to || v II?=vTv = 1)& & OO &

~0| mj £\ Ch2kel nA} BH EH o MyO| CHS}OH, vTy = 10|22 R(M, v) =

-T

(Y2 RS AL HE vE ToHs AT 22 4O

L=
O o —_
-SH YR fv) = vTMy, M = g(v) = viv -1 =022 FH,

gt AT 2= L(w, ) = vIMy - A(vTv — 1)
% ai( T™Mv) -Ai(vTv) = 2Mv — 2Av

1 2My — 2v =0 — Mv = v (v= M 2| eigenvector)
- Al M Ze| v My = vT Q| vTv = 10| B &2, (L3St = 462 1440 B2
- 2N, ve A2 XU 3tsE M| eigenvector
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Method

 Storage-aware Optimization
= Density Control
-ArE 7ttt AAH O 0| e 2 =E TS
« Two-Phase Optimization

~Phase 1: Deformation Field2F €&, Base Gaussian2| 7|5} S MA2 1174

-1 O - (@)
~Phase 2: View-Based Densifications Sof S5 I|X| X2 22 UZS CHE

(a) Framework of ReCon-GS

: Rigid Cluster

Init. Training with AWGN # : Training

1
View-based Densification
Densi. Gaussian  §
(b) Explicit Motion Composition (c) Re-Hierarc hization
;{Eqisiﬁ'ih p+£ﬁ;{iq+£ﬂqisiﬂ’ih
T - =
=2 o
Deformin 4 / \ ‘ Q
Base Gaussia Deformed Gaussian ‘
Layer 1 Layer 2 Layer3
.‘ (d) Intra-hierarchical Deformation Inheritance
¥ e N\ o . B
<N Yeese 3499
ﬁpal: Agy Ay | Agy Apiy | Agy o Vorist Mean »:. ....... n
A szugka VDS
6 SOGANG UNIVERSITY 26

LAB



Experiments

 Dataset
- N3DV
-2704x2028, 30FPS
- Meeting Room
-1280x720, 30FPS
- PanopticSports
-640x360, 30FPS
= Technicolor
-2048x1088, 30FPS
» Implementation Details
- RTX 4090, 10,0001ter ~ 15,0001ter
R EZY YU MFE2 SHE 12 2, Appise = 0.01,

L . 1 1
- 7t % fine®t level 2| Gaussian == T X 29| > coarse CHAZE &4 =5 . HY

- Z27| 100 iter= Deformation Field & &
R — VDS
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Experiments

* Quantitative Comparisons
S Y AN B

_I_

-Offline 2 & Z 20| = SOTA &M

- 7| Online &4 CHH| PSNR 0.5dB 0|4+ 7§M
N a=M
- PanopticSports 7| &, 0|7 Streaming 24
- H| W & Offline &2 =2 Implicit Motion
:ReCon-GS7F g O T2 HE2[ At

L A|ZH8] ob A

-Drift0f 2[¢h 8 KXot X 2t o 2

Table 3: Quantitative comparison on Technicolor dataset. The storage metric includes the size with
the initial frame. The training time metric includes the first frame training.

Category | Method | PSNR (dB)T SSIMT Storage (MB)| Render (FPS)T
NeRF-based | HyperReel [49] | 31.80 0.906 1.20 4
. STG [9] 33.60 - 1.10 87
Otfline ‘ Ex4DGS [34] i 33.62 0916 2.81 72
Onli E-D3DGS [50] 33.24 0.907 1.54 79
nine ReCon-GS (ours) 33.83 0.932 0.82 207

R B THED
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(a) Coffee Martini

Frame Index

(b) Flame Salmon

Figure 3: The PSNR Trend Comparison between Ours and HiCoM [3] across different scenarios.
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1) Qiankun et al, HiCoM: Hierarchical Coherent Motion for Streamable Dynamic Scene with 3D Gaussian Splatting, NeurIPS(2024)
2) Jiakai et al, 3DGStream: On-the-Fly Training of 3D Gaussians for Efficient Streaming of Photo-Realistic Free-Viewpoint Videos, CVPR(2024)

Experiments

Qualitative Comparisons
-N3DV S0l A 7| & Streaming 2 &2 CHH| Motion o S
- Hierarchical Level = 30| A 78 @

119th

249t

Storage: 0.53 MB ~ Storage: 0.57 MB Storage: 0.60 MB
PSNR: 20,67 dB PSNR: 29.98 dB PSNR: 20.90 dB

:0.30Mp SE— : 0.33MB
PSNR: 33.14 dB [ 2 PSNR: 33.85 dB. PSNR: 3361 dB

207t

A

Ours

3DGStream HiCoM

Figure 4: Qualitative results on the coffee martini scene in the N3DV Dataset. To ensure a fair
comparison, we retrained their official code with the same initial sparse points.

Level =2 Level =3 Level =4

Figure 5: Qualitative results of our ReCon-GS under different hierarchical levels
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1) Qiankun et al, HiCoM: Hierarchical Coherent Motion for Streamable Dynamic Scene with 3D Gaussian Splatting, NeurIPS(2024)
2) Jiakai et al, 3DGStream: On-the-Fly Training of 3D Gaussians for Efficient Streaming of Photo-Realistic Free-Viewpoint Videos, CVPR(2024)

Experiments
 Ablation Study

A

- Hierarchical Motion Representation= 0| 22| Overhead= U2 L} 5 0|

- Dynamic Hierarchy Reconfiguration, View-based Densification EE2t 450 7| O
-AE A0|= 3 Levelo| M 7t 22

Table 4: Ablation on key components of our ReCon-GS framework.

Method |PSNR (dB)yT SSIM 1 Storage (MB)| Train (sec)) Render (FPS) 1
wio Hierarchical Motion Representation 31.43 0.9525 0.32 6.37 260
w/o Dynamic Hierarchy Reconfiguration 32.00 0.9521 0.45 6.45 248
wio View-based Densification 32.15 0.9559 0.40 6.52 287
Ours (full) 32.66 0.9571 0.44 6.44 250

Table 5: Ablation on hierarchy depth of our ReCon-GS framework.

Hierarchy N3DV Meet Room
Depth PSNR (dB) T Storage (MB) | Train (sec) ] PSNR (dB) T Storage (MB) | Train (sec) |
2 32.422 0.40 6.44 30.20 0.28 3.87
3 32.662 0.44 6.49 30.84 0.30 3.86
4 32.658 0.46 6.54 31.1 0.32 4.01
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