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Abstract

The field of Novel View Synthesis has established itself as an important yet challenging area of research, particularly in
representing and rendering dynamic scenes. Recently introduced Gaussian Splatting techniques have demonstrated great performance
and real-time rendering capabilities for static scenes. However, when applying this technique to dynamic scenes by learning 3D
Gaussians for independent frames, inefficiencies arise, such as degraded synthesis quality and the requirement for significant storage
space. To overcome these limitations, 4D Gaussian Splatting algorithms have been developed, enabling the extension to dynamic
scenes. In this paper, we examine four 4D Gaussian Splatting methods: 4D-GS, SC-GS, Spacetime Gaussian, and Deformable 3D
Gaussian. We compared the performance of each 4D Gaussian Splatting model and analyzed their strengths and weaknesses
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5. Spacetime Gaussian: Feature Splatting for
Real-Time Dynamic View Synthesis

Time
[fr
Temporal
Opacity
B —— e 1
H;
Polynomial
Trajectory
¢
Polynomial
Rotation

Features [T ] [TT17

2! 5. Spacetime Gaussian?| WEQZ 7=
Fig. 5. Network architecture of Spacetime Gaussian®®

Spacetime Gaussian”2 4D 52 AHS £33 93|
3D Gaussian®ll ©}8}4] 3} Gaussian X & o]£3) R
ve}n| B} E-& A ¢t} Spacetime Gaussian™ 9] Y| E ¢ =
TEv 1" 59 2k FAAHCE G oA e AU
Al E A FH2E aH o R RU g Sl EF
WL = 1D Gaussian® 2 X3, $X] 9} 3342 thgt
A P = Rl g gty 5 7|El AR EHIY 7 235}
S ol 54 WEE ARSte] S T 7HAst B8
Hog wdsts WS Agreth

FHEE Al wE g HE 188 AL v 2
o}



30 WEFeE=EAl A30YE AlS, 20259 1€

o,(t) =clexp(—s]lt—

4714 Ak T

W), )

FH% o7, Gaussian©] 7}

A Holz AFS Uehll= gy, Gaussian©] £ FHES

Azbel

A

Gaussian®. 2 A|7¢o| w
AIZF toll A F7HE 9

o1

He thest gk

(JBE Vol.30, No.1, January 2025)

£
u2
Fd
AL
N
Lo
ko
B
nE
I
oX,
o
o
AL
o
re
=5}

HES3 45 Hlm

714t 4D Gaussian Splatting©ll 4]
Y AWE] Al A EE *LE% EE’_ Deformable-

Hrystaat gk A3 3 ]’E‘ 8 7t =3 «] XVPE— 1 &
Mgk 2= g md2 APE Agstsich 3pGsE 74
frame ¥ 5Y % & Gaussian SplattingS <73+ Z3}o]

ok B AT AEE QB om|R| ¢} A olm|A] 7He] Afo]
£ =438} Peak Signal to Noise Ratio(PSNR), 5 ©] 1| #]
kel A SAES EA = Structural

Similarity Index Measure(SSIM)®, “12] 3 optical flow

P

g olgtel By B4R EAB.

A7 elN B ovlshe ¢

23 2k

g olgtel v

i
b
ot

A8 327 =9

—~
oo
=

==

T= T
Noise Ratio(M-PSNR)S A3t}
A real-world AlU&] QoA H7HE 4
21 Neural 3D Video dataset®™S AM&-3le] A% H71E

model& o AA| ZeAQANA A I ek

23E

o}

PSNRS 74+8}= Masked Peak Signal to
71E =RE [2][3][4][5]_/]

ste g dolEAe ehel 4 A4S wgse

AHE 1520719 ZAE FH g2 Zdsilon ol
zy < WEH st ARt B3 Center views
olEZ &&

o AT AHY Y5 Pk

¥ 1. Deformable-3DGSH, 4D-GS¥, SC-GS¥, Spacetime® L12|Z29| @A ¥ £ A|
Table 1. Summary of the element-specific features of the Deformable-3DGS®, 4D-GSF, SC-GS¥, and Spacetime!®

300
test ©l
sdom Folol LHE 122 Zof 1352x1014

Model

Deformable-3DGS

4D-GS

SC-GS

Spacetime

Deformation Method

Predicts changes in
position, rotation, and
scale using MLPs.

Uses Hexplane and light

MLPs to predict changes

in position, rotation, and
scale.

Introduce control points
to predict their
deformation, and based
on this, perform
interpolation to estimate
the deformation of the
entire Gaussian.

Model position, rotation,
and opacity using
polynomials and 1D
Gaussian to predict
deformation.

Controllability

Not controllable

Not controllable

Can efficiently control
Gaussian deformations
using control points.

Not controllable
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Table 2. Quantitative results of 3DGS!", Deformable-3DGS?, 4D-GSP!, SC-GS¥, and Spacetime®™ on Neural 3D Video dataset®

Neural 3D Video dataset®

Method 3DGS!! Deformable-3DGS? 4D-GS®! SC-GsH Spacetime®®
Metics | PSNR | ssim | M | psnR | ssim M- | poNR | ssiM M- | psNR | sSIM M- | psNR | SSIM M-
PSNR PSNR PSNR PSNR PSNR

Scene 1 | 26.51 | 0.90 | 3225 | 28.14 | 091 | 4195 | 29.14 | 0.91 | 38.69 | 2497 | 0.89 | 4345 | 29.11 | 0.92 | 40.27
Scene 2 | 25.34 | 0.87 | 21.69 | 27.60 | 0.90 | 4243 | 2857 | 091 | 3843 | 2556 | 0.89 | 4543 | 27.61 | 0.91 | 40.08
Scene 3 | 30.87 | 0.94 | 34.82 | 29.63 | 0.94 | 4483 | 3280 | 0.94 | 3863 | 3149 | 0.95 | 43.87 | 3277 | 0.95 | 36.00
Scene 4 | 29.89 | 0.93 | 3345 | 31.63 | 0.95 | 4392 | 31.59 | 0.94 | 38.98 | 29.87 | 0.93 | 4424 | 3391 | 0.95 | 42.05
Scene 5 | 29.00 | 0.94 | 3550 | 29.63 | 0.92 | 4540 | 30.64 | 0.94 | 41.11 | 30.54 | 0.96 | 46.96 | 33.03 | 0.96 | 42.91
Average | 28.32 | 0.91 3154 | 2963 | 092 | 4342 | 30.54 | 0.93 | 39.17 | 29.84 | 094 | 4479 | 31.32 | 0.94 | 40.26
Avg. FPS 126.82 29.49 27.32 20.85 253.49

Train Time 10:04:57 09:04:31 01:01:25 04:30:23 00:45:47

T 3. ETRI dataset0l| L&t 3DGS!", Deformable-3DGS!?, 4D-GSP, SC-GS¥, Spacetime®™ UTZ|Z9| HatA ME H|m ZAn}
Table 3. Quantitative results of 3DGS!", Deformable-3DGS?, 4D-GS®, SC-GS¥, and Spacetime!™ on ETRI dataset

ETRI dataset

Method 3DGS!" Deformable-3DGS? 4D-GSH! SC-GS™ Spacetime!®
Metics | PSNR | SSIM M- | psNR | sSIM M- | poNR | ssiM M- | psNR | sSIM M- | psNR | ssIM M-
PSNR PSNR PSNR PSNR PSNR

S01t02 | 22.61 0.82 | 2864 | 23.08 | 0.85 | 38.80 | 25.26 | 0.88 | 4144 | 23.64 | 0.84 | 42.06 | 26.96 | 0.90 | 40.87
S01t01 26.39 | 0.89 | 3567 | 25.78 | 0.87 | 4750 | 26.22 | 0.90 | 46.92 | 2164 | 0.78 | 52.95 | 2466 | 0.90 | 40.62
S01t08 | 28.11 0.91 35.10 | 2582 | 0.86 | 41.65 | 26.51 0.91 42.85 | 2643 | 0.89 | 46.31 | 30.41 0.95 | 4247
S01t09 3142 | 093 | 3760 | 2950 | 0.90 | 47.95 | 3049 | 093 | 5045 | 29.92 | 0.91 48.90 | 30.95 | 0.93 | 45.66
S02t08 30.10 | 0.91 38.70 | 30.04 | 090 | 4695 | 2864 | 090 | 50.79 | 27.00 | 0.89 | 47.91 | 30.31 0.92 | 44.56
Average | 27.73 | 0.89 | 3514 | 26.84 | 0.88 | 44.57 | 2742 | 090 | 4649 | 2573 | 0.86 | 47.63 | 28.66 | 0.92 | 42.84

Avg. FPS 31.40 13.5 4.7 20.4 68.3

Train Time 06:30:00 05:58:41 03:45:44 07:12:12 1:35:24

H 4. 2F 2Eo| oM H|D

Table 4. Comparison of advantages and disadvantages of each model

Quality Temporal consistency Training time FPS
Deformable 3DGS? medium high high medium
4D-GsS® medium medium medium medium
SC-Gs¥ medium high high medium
Spacetime Gaussian®® high medium low high
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