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* FreeTimeGS: Free Gaussian Primitives at Anytime and Anywhere for Dynamic
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» MonoFusion: Sparse-View 4D Reconstruction via Monocular Fusion [ICCV
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Background

« 3D vs 4D

input image #1 input image #2 output point-cloud

3D point cloud reconstruction 3D Gaussian reconstruction
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Background

e 3D vs 4D

4D point cloud reconstruction 4D Gaussian reconstruction
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A

FreeTimeGS: Free Gaussian Primitives at Anytime and
Anywhere for Dynamic Scene Reconstruction [CVPR 2025]
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Introduction
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1) https://fudan-zvg.github.io/4d-gaussian-splatting/
2) https://en.wikipedia.org/wiki/Rotations_in_4-dimensional_Euclidean_space

Method

« 4D Gaussian distribution)S A2 4K A2 ZF H 9|
- 3DGS+= 3AHR 572 HASH| 2[5l 3D Gaussian distribution AfHE
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- FreeTimeGS= time =& 37}t 4D Gaussian distribution S 2 4K 2l A|S7F B &
- Gaussian distribution formulation (
NGl D) = s exp(—5 (x = W27 (x — 1) || A

-4D Gaussian primitive
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Method

7| 3D Gaussian parameter

» Gaussian primitives at anytime anywhere
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Method

« Gaussian primitives at anytime anywhere

- Time variant alpha value
-3D Gaussian Splatting alpha

1 —
srap = oexp(—5 (x— ) TE7 (x — 1))
- Time variant alpha

cra(x,t) = 0(t) * 0+ exp(— 2 (x — () E7(x = ()

o (t) = exp(— % (w)z)

S

v's: duration variable

vAX| A2t ZX Gaussian primitiveZt 0| X| = E2FS LIEFL = weight2 &8
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Method

* Training
- Objective function

—L = Lienger + Lyeg(t)
5t Lrender = AimgLimg + AssimLssim + ApercLperc
S Lyeg(t) = T 20, (0 sg[a(D)])

- lossPt e 2= HHE S 20| Lt 2 &S motionOf| A = & X S 2 Al
:'= Gaussian primitive2| opacity7f CHE & 10| LIS =0l

vOpacity 2f= 0~1 /2 7 &

10| HHO| et bluret ZaF 2

Ground Truth Ours w/o w/o
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Method

* Training
- 4D regularization

- Opacity?} =O0X|X| =& AH|StH= constraint 2 4|

5 Lyeg(B) =~ T (0 * sglo(D)])
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Method

 Training
= Periodic relocation of primitives

—Opacity 12 S2|= 2XME S Z23tH EH EY2 = GaussianO| E2|= 2 of HM
= opacity= Q15 = H FFE X 27| 2/l GaussianO| = &
- I:‘| 42 GaussianO| 2R3t BHZ F7E5}7| 2|8l sampling score X[ 2t

28 = AgVy + Ap0

vV,: A ZE=0] K| 2| &l Gaussian®| spatial gradient £

: 2™ o5& iteration OFC| opacityZF threshold 2 CF 2 GaussianOf| CH S sampling =2
vGaussian= sampling score’} = GG £ 0| &
vZ 748 Ol densification 9 =

= Initialization
-ZHH|C| 2 =8 0f| CHS ROMADE O & = triangulation =3 SHO 3d point Al At
<ol S AlZE AT} 3d pointE O 25+ meand| time= initialize
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Table 4. Ablation studies. We include quantitative results for

both entire sequence and the subsequence with fastest motion (en-
Re S u lt tire/fastest)

PSNRt DSSIM: | LPIPS|

O : ;
o Xo‘| %k7E=|_TI_|- ;tl ablation wio our motion  28.10/26.92 0.024/0.031 0.165/0.161
wio 4d regularization  28.68/29.09 0.023/0.024 0.159/0.150
w/o periodic relocation 29.07/29.15 0.020/0.021 0.155/0.146
wio 4d initialization  28.33/27.06 0.023/0.030 0.162/0.158

Ours 29.74/30.75 0.018/0.017 0.152/0.133

Table 1. Quantitative comparison on the Neural 3D Video [19] ]T)a'ile 2t- Q('}Jaﬂtitaﬁ;fe cBmparilslon (lm tl}efNeRli]-Ol;ndoord[zs]
_ ataset. Green and yellow cell colors indicate the best and the

Dataset. We report PSNR, DlSSIMl, I?SSIMQ, and LPIPS to eval second best results, respectivelsy.

uate the rendering quality. ~: only includes the Flame Salmon

scene. 2: excludes the Coffee Martini scene. PSNRT  DSSIM, |  LPIPS|]  FPSt
4K4D [45] 25.28 0.096 0.379 220

Neural Volume! [26] 22.80 - 0.062 0.295 4DGS [49] 24.82 0.089 0317 90
LLFF' [29] 23.24 - 0.076 0.235 STGS [21] 24.93 0.091 0.297 226
DyNeRF! [19] 29.58 - 0.020 0.083
K-Planes [10] 31.63 - 0.018 -
MixVoxels-L [42] 31.34 - 0.017 0.096 Table 3. Quantitative comparison on our SelfCap Dataset. We
Mix Voxels-X [42] 31.73 - 0.015 0.064 include quantitative results for both the entire image and only dy-
HyperReel [1] 31.10 0.036 - 0.096 namic regions (entire/dynamic). For 4DGS and STGS, we tra-
NeRFPlayer [39] 30.96 0.034 - 0.111 versed different camera near plane settings during testing to max-

imize floater removal. Green and yellow cell colors indicate the
best and the second best results, respectively.

0.049

Deformable-3DGS [44]  31.15 0.030 -
0.022 0.150

C-D3DGS [13] 30.46 i

SWinGS [37] 310 0.030 ) 0.096

Ex4DGS [17] .11 0.030 0.015 0.048 PSNRT ~ DSSIM.) ~ LPIPS|  FPST
ADGS [49] 32.01 i 0.014  0.055 STGS [21] 24.97/2532  0.048/0.029 0.273/0.123 142
STGS [21] 3205 0.026 0014 0.044 ADGS [49] 25982675  0.036/0.019 0.237/0.104 65
Ours 3319 0.026 0013 0.036 Ours 2741/2938  0.024/0.013  0.204/0.080 467

SOGANG UNIVERSITY 13 LaB

A VU
S



Result

- 3dEu

Ground Truth i

AL
S

SOGANG UNIVERSITY



Result

e Real-Time VR Demos
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A

MonoFusion: Sparse-View 4D Reconstruction via Monocular
Fusion [ICCV 2025]
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Intro
== 0| Al CH&= 0 A St= task

- =0 sparse multi-view 2+=2k 9| 4D reconstruction
SEXE

- 7| &= monocular X multi-view 4D Gaussian Splatting =22 =X
L 7|E AT BHIE

. 7C|: view/} A2 _._—,—9| multi-view = reconstruct10n0| o=

Figure 1. Dynamic Scene Reconstruction from Sparse Views. MonoFusion reconstructs dynamic human behaviors, such as playing the
piano or performing CPR, from four equidistant inward-facing static cameras. We visualize the RGB and depth renderings of a 45° novel
view between two training views. Training views are shown below for reference.
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Method

3D Gaussian Scene Representation
- X HFY =g A 0fl CHSt geometrical &S 7H= canonical space = H2|SH0] At
- Gaussian Splatting2 O| &5t 57t HE HH
- 3D Gaussian parameter2| mean, position= deformable parameter2 =2
:'+ Scale, opacity, color parameter= 2= Z2f| 210 CHSHY HSEX| @4= parameter= 27
-3D Gaussian & 2 learnable®t 32X}t21 9| parameterS & H| &
- Canonical space2| 3D Gaussian= = motion base== 0|29} 0{ deformation =

;2 IR O 2 transformation =&

/o " \.

Canonical space t frame space t+1 frame space
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Method

» Space-Time Consistent Depth Initialization

- Multi-view pointmap prediction
- O| O E{ X0f| Z=Of &l F}T| 2t} 2} 0] B = initial 4f 2 2 DUSt3R T+&
- DUSt3R 2| global optimization Tt7| 0f| A camera parameter& constraint= A&
vO|O|X| &Y =] 5 El pointmap= global coordinate 2 alignmentot= 1 0| A AFER
;' Global scale2| "2 & =l 3d pointmap &l 5 7
-~ Metric scale2| 3d pointmap (x%)= projectioSt O metric scale| depth map(dt (u, v))&l =
sedb(uv)lu v 1T = K Pyl (u,v)

space-time consistent depth

e

sparse-view input feature-based motion bases

optimized scene representation
& rasterized outputs
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Method

» Space-Time Consistent Depth Initialization

- Spatio-temporal alignment of monocular depth with multi-view consistent pointmaps
-Multi-view 37| & S AFEOf| CHSHAM 22 S E 2| depth7t &S| = e &)
ol5 OOIHO S85t= AHE =2 2 8 A Z M out-lier ¥ =5t | &
- CH o|O| X|of Cislf 7|5t &2 E & 0| = St= monocular depthE ZH&
' Projection=| 0] LS| 2! depthE 2H-2 50| monocular depth2| &£t x| M 3}

. 2
vargming o $13 TK_1 3, epaell@kmb (wv) + b) — di(u,v)|

space-time consistent depth

=

sparse-view input feature-based motion bases

optimized scene representation
& rasterized outputs
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Method

« Grouping-based Motion Initialization

- Time-viarying rigid transformations

0o
=2
Kels
ofl
Ot
rr
O
F¥

- Canoncial space2| Gaussian= Zf Zj| & O Z rigid transformation =&

Xs = Roo¢Xg + tooes Ry = Rose Ry
- Motion bases
SEA
=

- 3D motionOf| CHSF learnable basis trajectoryS 3 2|5H rigid transformation <

@) i,b) (D)
5,0 TO(l_)t - ZE:I W(l b)TO—)t

vGaussian'® £ basis trajectory2| weighted sum= S8l Zt time2 £ transformation
;- WeightE DINOV2 featureE AME S0 7|3} 71
v3D pointmapOf| featureES & H| &

vPointmap2| featureE & 11 k-means clustering =24

- B7H Q| clusterE T35}t basis2| = 28
Z} cluster?| &A1t Gaussian=2| &M Ol CHSHY L2 distanceE O &S0 weight 2= 7|2t
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Method
« Grouping-based Motion Initialization
- Optimization
Lyecon = || = 1]|, + [|M — M| +||F = F|| +][D - DI|

' Photometric loss, mask loss, feature loss, depth loss
vZ pointmapOf| A H| Sl featureEE o HEH

B R (i) 2 N NG 2

_Lrigid = Zneighborsi |Xt - th ||2 o ”Xf' o th ”2

A|Ztt2 deformationz| 01 2 GaussianOi| CH S}
vX,: A ZE 0| A 2] 3D Gaussian ¢ |

vX.: AMZEt O M 2| 3D Gaussian 2| K|

vi: Knn €102
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Result

A

SEEu

Method Liear d, TS, [1PSNR 1SSIM |LPIPS loU
Baseline X X X 2619 0915 0.077 0.60
+ Lieat v X X 2539 0933 0.087 0.63
+Ourdepth/no Ly | X ¢ X | 2955 0944 0.037 0.73
+ Our depth / Lyeq v v X 2931 0941 0.041 0.75
+ Motion bases (OQurs) v v v | 30.40 0.947 0.037 0.81
Table 3. Ablation study of pipeline components. We ab-

late our choice of feature-metric loss, spacetime consistent depth,
and feature-based motion bases. While the proposed depth and
feature-based motion bases considerably improve 4D reconstruc-
tion (evaluated by photometric errors), we find that our feature loss

helps learn better motion masks (evaluated by IoU).

Method | PSNRT SSIMt LPIPS| IOU{ AbsRel(])
SOM 16.73 0.554 0.491 0.287 0.578
Dyn3D-GS 23.31 0.776 0.316 — 0.273
MV-SOM 21.56 0.541 0.433 0.482 0.413
MonoFusion | 25.73 0.847 0.158 0.943 0.188

Table 2. Quantitative analysis of 45° novel-view synthesis on
Panoptic Studio. We benchmark our method against state-of-
the-art approaches by evaluating both the dynamic foreground re-
gion and the entire scene. Notably, the evaluation is conducted on
novel views where the cameras are at least 45° apart from all train-
ing views. We additionally evaluate the geometric reconstruction
quality with absolute relative (AbsRel) error in rendered depth.

Dataset Method ‘ Full Frame Dynamic Only

‘ PSNRT SSIM{1 LPIPS| AbsRel | ‘ PSNRT SSIM{ LPIPS| IOU7Y
SOM [54] 17.86 0.687 0.460 0.491 18.75 0.701 0.236 0.358

Panoptic Studio Dyn3D-GS _[3.8] 25.37 0.831 0.266 0.207 26.11 0.862 0.129 —
MV-SOM [54] 26.28 0.858 0.241 0.331 26.80 0.883 0.161 0.886
MonoFusion 28.01 0.899 0.117 0.149 27.52 0.944 0.022 0.965
SOM [54] 14.73 0.535 0.482 0.843 15.63 0.559 0.450 0.294

Dyn3D-GS [38] 24.28 0.692 0.539 0.612 24.61 0.673 0.384 —
ExoRecon MV-SOM-DS [54] | 28.37 0.906 0.079 0.398 28.23 0.931 0.063 0.872
MV-SOM [54] 26.91 0.890 0.138 0.474 27.31 0919 0.078 0.845
MonoFusion 30.43 0.927 0.061 0.290 29.71 0.947 0.017 0.963

Table 1. Quantitative analysis of held-out view synthesis. We benchmark our method against state-of-the-art approaches by evaluating
the novel-view rendering and geometric quality on both the dynamic foreground region and the entire scene, across the held-out frames
from input videos. MV-SOM is a multi-view version of Shape-of-Motion [54] that we construct by instantiating four different instances
of single-view shape of motion, and optimize them together. On Panoptic Studio, groundtruth depth for computing the AbsRel metric is
obtained from 27-view optimization of the original Dynamic 3DGS, and for ExoRecon, we project the released point clouds obtained via
SLAM from Aria glasses. When evaluating single-view baselines, SOM [54], we naively aggregate their predictions from the four views
and evaluate this aggregated prediction against the evaluation cameras.
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Result
S =FoEch

Music Healthcare Music Healthcare

RGB Depth Depth

MV-SOM Dyn-3DGS

MonoFusion

Figure 4. Qualitative analysis of held-out view synthesis on ExoRecon. We show qualitative results of held-out view synthesis (left) and
a 5° deviation from the static camera position at the held-out timestamp (right). As compared to other multi-view baselines, our method
does dramatically better at interpolating the motion of dynamic foreground (left), even from new camera views (right). We posit that

Dynamic 3DGS suffers because of lack of geometric constraints and MV-SOM has duplicate foreground artifacts because of conflicting
depth initialization from the four views.
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