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Background
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Background
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SharpTimeGS [Arxiv 26]
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Introduction

« Gaussian Splatting 7] ¥+ 14+ 2 & A %
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Introduction
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Method

* Overall Pipeline
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- Velocity aware initialization
- Life-span modulated 4D Gaussian representation
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Method

e 4D Gaussians with Lifespan Modulation
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Method

e Velocity-lifespan-aware densification
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Experiments

* Video demo results

Running on iPad
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Experiments

 Quantitative results

Table 1. Quantitative comparison on Neural3DV [19] Dataset, ENeRF-Outdoor [22] Dataset, and SelfCap [46] Dataset. We report PSNR,
SSIM2 [42], and LPIPS [50] to evaluate the rendering quality. Values in boldface denote the best result in the corresponding column.

Neural3DV ENeRF-Outdoor SelfCap
PSNR 1 SSIM, 1 LPIPS| PSNRt SSIM;1 LPIPS| PSNR{1 SSIM, 1 LPIPS |
Deformable-3DGS [47]  31.15 0.970 0.049 24.26 0.801 0.318 25.85 0.920 0.312

Method

Ex4DGS [18] 32.11 0.970 0.048 24.89 0.817 0.305 24.96 0.920 0.299
4DGS [48] 32.01 0.972 0.055 24.82 0.822 0.317 25.86 0.923 0.245
STGS [20] 32.05 0.972 0.044 24.93 0.818 0.297 24.77 0.894 0.291

FreeTimeGS [41] 33.19 0.974 0.036 25.36 0.846 0.244 27.50 0.951 0.201
Ours 33.57 0.977 0.031 25.82 0.872 0.233 28.14 0.960 0.192

* Ablation study Table 2. Ablation study on SelfCap [46] Dataset (Partial). We
report PSNR, SSIM2, and LPIPS to evaluate the rendering quality.

Method PSNR 1 SSIM, 1 LPIPS |
4DGS A& A7 w/o our representation  25.96 0.907 0.299
w/o lifespan r 26.76 0.927 0.321

w/o our densification 26.82 0.919 0.317
w/o our 1nitialization 26.83 0.927 0.297
full model 27.36 0.947 0.244

R 44 ')ol- CH &‘. 2 V DS
6 SOGANG UNIVERSITY 14 | e \




Shape of Motion [ICCV 25]
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Introduction
ol A O 5312} 5= task
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Introduction
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Method

* Overall Pipeline
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Method

* Initialization using depth and 2D tracks
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Rigid Body Transformation of a 3D Gaussian

Rigid Body Motion: Ut = Ro- Mo + to-t
e O Orientation change: Rt = RotRo

e Dynamic scene representation o
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MethOd Rasterization & Optimization

e Optimization

- Reconstruction loss A&

—Lyecon = ”i — 1”1 + Adepth”l’j — D”1 + Amask”M — M”1 Monodepth 3D Tracks
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- Rasterization 3D Trajectories

- "X ® = Tien Tiikie
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« Tracking loss
~Lerack-2a = ||Ut—>t' - U\t—>t’”1
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25X K| dp tracking lossE &0 AYH L E superviseF LEMN 2

g STk 5

SOGANG UNIVERSITY




Experiments

* Video demo results
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Experiments

e Quantitative results

Method 3D Trackmg 2D Tracking View Synthesis
EPE | 655 1 855 1|AT T <Jae T OA 1{PSNR 1 SSIM 1 LPIPS |

T-NeRF [25] - - - - - - 15.60  0.55 0.55
HyperNeRF [77] 0.182 284 458 |10.1 193 52.0| 1599 059 0.51
DynIBaR [60] 0.252 114 246 |54 87 37.7| 1341 048 0.55
Deformable-3D-GS [122] 0.151 334 553|140 209 639 11.92 049 0.66
DynMF [53] 0.188 229 538 |55 9.5 605 | 16.54 059 0.49
CoTracker [45]+DA [121] |0.202 343 579 |241 339 73.0 - - -
TAPIR [16]+DA [121] 0.114 38.1 632 (278 415 674 - - -
DELTA (world) [74] 0.159 325 553 (247 341 689 - - -
SpatialTracker (world) [113]] 0.125 37.7 639 [249 369 735 - - -
Ours 0.082 43.0 733 |344 47.0 86.6| 16.72 0.63 0.45
Ours + 2DGS[34] 0.097 47.3 713 |358 47.0 873 | 16.75 0.65 0.40

Table 1. Evaluation on iPhone dataset. Our method achieves SOTA performance all tasks of 3D point tracking, 2D point tracking,
and novel view synthesis. The baselines that perform best on 2D and 3D tracking (TAPIR [16]+DA [121], CoTracker [45]+DA [121],
DELTA [74], SpatialTracker [113]) are unable to synthesize novel views of the scene, while the methods that perform best in novel view
synthesis struggle with or fail to produce 2D and 3D tracks. Our method achieves a significant boost in all three tasks above baselines. We
include training details about “Ours + 2DGS [34]” in the supplement.

« Metric
-EPE: GT2} 0| F &l 3K+ AtO|2| A 2|
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- Al(Average Jaccard) : A S22 7bA IS SA|0f A&toty] Y=t S
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ﬂ B TH LD

SOGANG UNIVERSITY 23

LAB



Experiments

« Ablation study
Methods SE(3) Motion Basis 2D tracks Initialization | EPE] 55 1T &35 1
Ours (Full) v v v v 0.082 43.0 733
Transl. Bases v v v 0.093 423 699
Per-Gaussian SE(3) v v v 0.083 43.6 70.2
Per-Gaussian Transl. v v 0.087 41.2 69.2
No SE(3) Init. v v v 0.111 393 65.7
No 2D Tracks v v 0.141 304 57.8

Table 4. Ablation Studies on iPhone dataset.
- Off-the-shelf H 52 =3t initial©] 7} Q.3 9 & 4=3Y
- Initialization©] 1S W] E 7] A Fo] FA5HA A
:'4D Gaussian Splatting®l| A] intial®| Gl 5 8.3k k3 sh=%] &2l 7}5

£-3] constraint’} §-=3F monocular scene®l| 4] 1L g 3} 7} F-7F 5] o 7
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