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Introduction

e Problem formulation
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Introduction

e Problem formulation

Without canonical field
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Introduction

« Overall pipeline
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Method 1. Representation of 4D Gaussian

« 3D Gaussian
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Method 1. Representation of 4D Gaussian

» 4D Gaussian

- Attribute: Mean, Time / \

3D 4D
N i—1 N i—1
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Method 1. Representation of 4D Gaussian

e 4D Gaussian

- Attribute: Rotation, Scale

IGw,v) = Zpl(t)pl(u vIoac(d; t)l_[(l AGIACRIDE)
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Method 1. Representation of 4D Gaussian

. 4D G&USSI&H I(u,v) = Zp ®p;(w, v|t)a;c;(d;, t) 1_[(1 pi(®)p;(u, v|t)a;)
- Attribute: Rotation, Scale
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Method 2. 4D Spherindrical Harmonics

« 4D Gaussian
- Attribute: Color

Spherical Harmonics Coefficients

£(6.0) = Z Z lYf"(e,q))
=0 m=-1 |

Spherical Harmonics
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Method 2. 4D Spherindrical Harmonics

o 4D GaUSSIB.n I(u,v) = Zpl(t)pl(u v|t)a;c;(d;, t) 1_[(1 pi®Op:i(w, v|H)a;)
- Attribute: Color

Time t
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Method

» 4D Gaussian

p(t) = N(t; e, Xa4)

4D Gaussian
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Experiment

 Implementation details
- Training setup
- Iteration: 30,000
-Batch size: 4
- Initialization
- Rotation: identity
- Time scale: half of the scene’s duration

» Datasets

- Real-word dataset
-Plenoptic Video dataset
:'= Multi-view dataset
- Synthetic dataset
- D-NeRF dataset

;= Monocular video dataset
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Experiment

» Quantitative results

Method ‘ PSNR1+ DSSIM| LPIPS| FPS+t
- Plenoptic Video (real, multi-view)
Neural Volumes (Lombardi et al, 2010)! 22.80 0.062 0.295 -
LLFF (Mildenhall et al., 2()]9)1 23.24 0.076 0.235 -
DyNeRF (Li et al., 2022b) 29.58 0.020 0.099 0.015
HexPlane (C20 & Johnson, 2023) 31.70 0.014 0.075 0.56%
K-Planes-explicit (I'ridovich-Keil et al, 2023) 30.88 0.020 - 0.23
K-Planes-hybrid (Fridovich-Keil et al., 2023) 31.63 0.018 - -
MixVoxels-L (Wang et l] )23) 30.80 0.020 0.126 16.7
StreamRF (Li et al., 2022 )l 29.58 - - 8.3
NeRFPlayer (Song et al., 2023) 30.69 0.035% 0.111 0.045
HyperReel (Attal et : 23) 31.10 0.037? 0.096 2.00
4DGS (Wu et al., 2()3\’)4 31.02 0.030 0.150 36
4DGS (Ours) 32.01 0.014 0.055 114
Method PSNR 1 SSIM 1+ LPIPS |
- D-NeRF (synthetic, monocular)
T-NeRF (Pumarola et al., 202 ]) 29.51 0.95 0.08
D-NeRF (Pumarola et al., 2021) 29.67 0.95 0.07
TiNeuVox (Fang et al,, "{ 22 32.67 0.97 0.04
HexPlanes (Cao & Johnson, 2023) 31.04 0.97 0.04
K-Planes-explicit (Fridovich-Keil et al., 2023) 31.05 0.97 -
K-Planes-hybrid (l‘l‘iL ovich-Keil et al., 2023) 31.61 0.97 -
V4D (Gan et al., 2023) 33.72 0.98 0.02
4DGS (Wu et al., 2023)* 33.30 0.98 0.03
4DGS (Ours 34.09 0.98 0.02
n ABsa o VDS
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Experiment

» Qualitative results & Ablation

4 4 l-

K-Planes (0.23 fps) NeRFPlayer (0.045 fps) HyperReel (2.00 fps)

(Fridovich-Keil et al., 2023) (Song et al., 2023) (Attal et al., 2023)

lGround truth Neural Volumes
(Lombardi et al., 2019) (Mildenbhall et al., 2019) (Cao & Johnson, 2023) (Wang et al., 2023)
Flame Salmon Cut Roasted Beef Average
PSNR 1+ SSIM 1 | PSNRT SSIM % | PSNR71 SSIM 1
No-4DRot 28.78 0.95 32.81 0.971 30.79 0.96
No-4DSH 29.05 0.96 33.71 0.97 31.38 0.97
No-Time split | 28.89 0.96 32.86 0.97 30.25 0.97
Full 29.38 0.96 33.85 0.98 31.62 0.97

A B | VDS I
6 SOGANG UNIVERSITY 17 LaB



Experiment

» Public dataset

Coffee Martini Cook Spinach Cut Beef Flame Salmon Sear Steak Flame Steak
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Method

 Overall pipeline
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Method 1. Representation of 4D Gaussian

e 4D Gaussian

= Static Gaussian

- Initialization

:- Scenef| A 2= Gaussian= = staticC 2 X 7|2}

(7Pd: B.E static pointE linearlyStA| %] Ql)

Normalized time 17 Time
v t
u®) =x+tdt = 1 €[0,1]
Translation T— Scene Z 0|
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Method 1. Representation of 4D Gaussian

» 4D Gaussian

- Dynamic Gaussian
- Keyframe selection
- Memory efficientE ¢Sl Z£ frame= ALESHA| 210 keyframe= MEISHO ALE
- Interpolation

- Motion2| smooth&2 2|38l 21t = keyframe=2| 2t attribute & interpolationS &

Interval
K={tlt=nl,neZteT}

A A

Interpolation
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Method 1. Representation of 4D Gaussian

» 4D Gaussian

- Dynamic Gaussian: Mean

- Cubic Hermite Interpolator for Temporal Position (CHip)

:'= Low-dgree polynomial 2 27510 overfittingt over-smoothing= 2 X|

CHip(pg, mg, p1, my;t) = (28> — 3t> + D)pg + (t* — 2t + t)m

+ (=23 + 3t*)p, + (82 — t*)my, where t < [0,1].

R AW THEE D
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Method 1. Representation of 4D Gaussian

e 4D Gaussian

- Dynamic Gaussian: Mean

- Cubic Hermite Interpolator for Temporal Position (CHip)

;= Low-dgree polynomial 2 & SH0 overfitting 2t over-smoothing= & X|

CHip(po, mo, p1,mq;t) = (2t> — 3t* + 1)po + (2 — 2t* + t)my
+ (=23 + 3t*)p, + (82 — t*)my, where t < [0,1].

tn t th+1

Position of Gaussian at t,, keyframe Tangent value at t,, keyframe

v

)u‘(t) - CHlp(pn7 My, Pn+1, Mp41;, tl)a

t t—nl n - HMn— n — HFn
where n = \‘TJ’ t' = I mn:p +12Ip 17 mn-i-l:%a
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Method 1. Representation of 4D Gaussian

» 4D Gaussian

- Dynamic Gaussian: Rotation

- Spherical Linear Interpolation for Temporal Rotation (Slerp)

c: P[HO|LE e M S AZH et S EE A E200t= S

sinf(1 — t)$2] - sin[(¢)(?]

Slerp(xg, x1;t) = x1, where t € [0,1] and cos{) = x( - x;.

- 0 .
sin §2 sin 2

- nsin@
sinf(1—t)
n=—-
sin @
_ sinf(t)
"~ sin®

R A%l &‘._.1\_ VDS
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Method 1. Representation of 4D Gaussian

e 4D Gaussian

- Dynamic Gaussian: Rotation

- Spherical Linear Interpolation for Temporal Rotation (Slerp)

c: P[HO|LE e M S AZH et S EE A E200t= S

sinf(1 — t)$2] sin[(¢)(?]

390+

Slerp(ao, 21 1) =

sin € sin

t t—nl
q(t) = Slerp(ry,, rni1;t’) where n = {—J, p="""

H

Rotation of Gaussian at t,, keyframe

g AW THEE D N

SOGANG UNIVERSITY
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Method 1. Representation of 4D Gaussian

» 4D Gaussian

- Dynamic Gaussian: Opacity
- Simplify Gaussian Mixture for Temporal Rotation

A2+ EH 310l 2} object2| appearance®t disappearance S CHE:

== Real O A OtA
== Estimated

or a2 a? >0 >0 of
(a) Single Gaussian (b) Gaussian mixtures
= Mean of Gaussian
bo = Variance of Gaussian |a 9
3 {J o
e ( BT ) , for t<al
— o o
o(t) =41, .., for a <t <aj
3 ( bﬂf ) t },. o
e o), for af .
R 447 T8k VDS
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Method 2. Training scheme

 Progressive training scheme
- First frameC 25 H 22 4

=

d

- O| = duration= interval 2

—_

2FO| points
=70
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02 AFE 310 input videol| &

=
IA 2 x|
H =

ot
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« Extracting dynamic points from static points

- Static pointZt 22|21 H2|E Z7d5IY top-n % (In paper, n=2)= dynamic point=2 H2t

1%
|>
o
A
0%

- O|lf camera2 £ 8 HF ™ point=TF MEE| = 42 LX|SH7| 25 cameralt point AFO|2]

distance = normalizations 2

Interpolation Pro gresswe
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Experiment

 Implementation details

- Initialization
-Time interval: 10
- Initial duration: 10

- Increment duration: 400 iteration
» Dataset

- Real-world datasets
:'= Neural 3D Video dataset
v'Multi-view dataset (grid: 18~21)
:'= Technicolor dataset
v'Multi-view dataset (grid: 4x4=16)
- Evaluation
- Metric: PSNR, SSIM, LPIPS

- FPS: including preprocessing

S
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Experiment
* Neural 3D Video dataset

- Quantitative results

PSNR (dB) MB Frame/s  Hours
Model Coffee =~ Cook CutRoasted Flame Flame  Sear . Training
Martini  Spinach Beef Salmon  Steak Steak Average Size FPS time
NeRFPlayer [/2] 31.53 30.56 29.35 31.65 3193 29.13 30.69 5130 0.05 6
HyperReel [56] 28.37 32.30 32.92 28.26 3220 3257 31.10 360 2 9
Neural Volumes [£7] 22.80 22.80
LLFF [88] 23.24 23.24
DyNeRF [7] 29.58 29.58 28 0.015 1344
HexPlane [11] 32.04 32.55 2947  32.08 3239 31.71 200 12
K-Planes [17] 29.99 32.60 31.82 30.44 3238 3252 31.63 311 0.3 1.8
MixVoxels-L [59] 29.63 32.25 32.40 29.81 31.83  32.10 31.34 500 37.7 1.3
Mix Voxels-X [89] 30.39 32.31 32.63 30.60  32.10 3233 31.73 500 4.6
Im4D [90] 32.58 32.58
4K4D [19] 32.86 32.86 110
Dense COLMAP point cloud input
STG* [15] 2841 32.62 32.53 28.61 3330  33.40 31.48 107 88.5 5.2%
4DGS [74] 28.33 32.93 33.85 29.38  34.03 3351 32.01 6270 71.4 5.5
4DGaussians [14] 27.34 32.46 32.90 29.20 3251 3249 31.15 34 136.9 1.7
Sparse COLMARP point cloud input
STG* [15] 27.71 31.83 31.43 28.06  32.17 32.67 30.64 109 101.0 1.3
4DGS [74] 26.51 32.11 31.74 2693 3144 3242 30.19 6057 72.0 4.2
4DGaussians [14] 26.69 31.89 25.88 27.54  28.07 31.73 28.63 34 146.6 1.5
3DGStream [91] 27.75 33.31 33.21 28.42 3430 33.01 31.67 1200 - -
Ours 28.79 33.23 33.73 29.29 3391 33.69 32.11 115 120.6 0.6

R A%l &‘._.1\_ VDS
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Experiment
* Neural 3D Video dataset

- Qualitative results

Coffee Martini

Flame Steak

Fabien

ABTNE-D
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Experiment
« Ablation

A

Method PSNR  SSIM; LPIPS Size(MB)
w/ Linear position 31.12 09385 0.0524 204
w/o Temporal opacity 3142  0.9394 0.0521 186
w/ Linear rotation 31.26  0.9392  0.0525 148
w/o Progressive growing 31.02  0.9389 0.0550 168
w/ Linear position&rotation  31.32  0.9394  0.0521 172
w/o Regularization 31.37  0.9395 0.0522 174
w/o Dynamic point extraction 28.58  0.9280 0.0756 58
w/o Point backtracking 3140 09394 0.0529 169
Ours 32.11 09422  0.0478 115
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