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PSNR: 33.56 PSNR: 36.27 PSNR: 33.61 PSNR: 21.52 PSNR: 37.45
FPS: 0.54 FPS: 1.23 FPS: 0.25 FPS: 169 FPS: 146
Mem: 471MB Mem: 1.2GB Mem: 48MB Mem: 21MB Mem: 89MB
K-Planes V4D TiNeuVox-B 3DGS Our method Ground Truth

Our method achieves high quality, high speed, and compact dynamic view synthesis
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Novel View Synthesis

Given multiple images from different viewpoints, novel view synthesis aims to
generate images from new viewpoints. Two popular approach: neural radiance

fields (NeRF) and 3D Gaussian Splatting.
NeRF
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Fast, data-efficient, compact representation is essential for synthesis
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1) a 3D position: [z,y,2]" € R3, / .
2) a 3D rotation represented by a ’
quaternion: [qz,qy, 4z, qw]" € R*
3) a scaling factor:

Sz, 8y, 82]" € R3

4) spherical harmonics coefficients
representing color with the degrees
of freedom k: h € R3*(k+1)°

5) an opacity: o € R

3D Gaussians

2D camera plane

3D Gaussian parameters project and blend 3D Gaussians

Kerbl et al., “3D Gaussian Splatting for Real-Time Radiance Field Rendering,” SIGGRAPH 2023
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Extending to dynamic scenes

Static 3D Gaussian parameters Dynamic 3D Gaussian parameters
1) a 3D position: [x,y,2]" € R?, 1) a 3D position at time ¢: [z¢, v, z:]" € R3,
2) a 3D rotation represen@red bY4a 2) a 3D rotation at time ¢ represented by a
quaternion: [qs, gy, 4z, qw| € R quaternion: [¢%,¢?, ¢Z, qzu]T c R%,

3) a scaling factor:

: : T 3
(52, 84, 55]T € R3 3) a scaling factor: [sz, sy,s,] € R,

4) spherical harmonics coefficients 4) Spherlc.al harmonl.cs coefficients
representing color with the degrees representing color with the degrees of

of freedom k: h € R3*(k+1)° freedom k: h € R3X(k+1)*
5) an opacity: o € R. O(TN) parameters

5) an opacity: o € R

Challenges: multi-view assumption and huge memory consumption.
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Our approach
Key idea

Representing time-varying parameters
as functions of time with a few parameters

3D center u(r)

\
\’ time ¢ 2
’ 3D rotation R(7)
\ ) .
timet =

3D Gaussians Time-varying parameterization

Our dynamic 3D Gaussian parameters

1) a 3D position at time ¢: [z(t), y(t), 2(t)]" € R3,

2) a 3D rotation at time ¢ represented by a
quaternion: [g;(t), gy(t), g2 (t), qw(t)]" € R?

3) a scaling factor: [s;, sy, s.]’ € R®

4) spherical harmonics coefficients representing color
with the degrees of freedom k: h € R3*(k+1)’*

5) an opacity: o € R

camera

time ¢ params

.

2

Projection of points onto

> Rendered image
camera plane at time ¢
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Intuition of our approach
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Approximation of position and rotation

z(t) = weo + ;’wx,%—l sin(2imt) + wg 2; cos(2imt), 0z (t) = Wyg,0 + Wy 1t,

y(t) = wy,o + EL: Wy 2i—1 SIN(2imt) + wy 2; cos(2imt), ( ) = Way,0 T Way,11,
i=1 qz (t) = Wgqz,0 + Wgqz, 18,

2(t) = w, 0+ ZL:wz,%_l Sin(2imt) + w,o; cos(2imt), Quw (t) = Waw,0 + Wqw,11,

1=1

Fourier approximation for position, linear approximation for rotation
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. DyNeRF dataset
e Metrics: > —
SNRt MS-SSIMt LPIPS| FPS?t Train Timel Mem|
o PSNR . . K-Planes [Fridovich-Keil+, 2023] 31.63 0.964 - 031 1.8 hrs ~309MB
o  MS-SSIM }V|Sual quality V4D [Gan+, 2024] 2896  0.937 \ 0147 0.11 4hrs  1.2GB
3DGS [Kerbl+, 2023] 20.94 0.800 | 029 109 | 20mins ~198MB
o  FPS: rendering speed D-3DGS 2436 0834 | 025 119 \/ 51 mins [~2.3GB
., Dynamic3DGaussians [Luiten+, 2023] 27.79 0.869 0.23 51 2.1 hrs ~6.6GB)
o Traintime Ours 3046 0955 * 0.15 118 1hrs ~338MB
o  Memory size:
memory used to store optimized parameters ComparGhiinfasibie 10x smaller

Challenges in neural radiance field methods

HyperNeRF dataset

FPSt Train Time, Mem, BRroOM 3DPRINTER CHICKEN PEEL BANANA Mean
PSNRt SSIMt PSNRt SSIMt PSNRt SSIMt PSNRt SSIMt PSNRt SSIMt
HyperNeRF [Park+, 2021] 0.36 48 hrs 15MB 19.3 0.591 20.0 0.821 26.9 0.948 23.3 0.896 22.2 0.811
TiNeuVox-B [Fang+, 2022] 0.14 30 mins 48MB 21.5 0.686 22.8 0.841 28.3 0.947 24.4 0.873 24.3 0.837

V4D [GAN+, 2024] 0.15 7hrs  1.2GB 22.1 0.669 23.2 0.835 28.4 0.929 25.2 0.873 24.7 0.827
Ours 188 1hrs ~720MB 22.1 0.789 25.5 0.919 28.3 0.934 26.6 0.920 25.6 0.890




P A Compact Dynamic 3D Gaussian Representation for
Real-Time Dynamic View Synthesis

MACHINE
PERCEPTION

C

Kai Katsumata Duc Minh Vo

GROUP

Hideki Nakayama

Qualitative results

K-Planes Ours
SSIM: 0.98 SSIM: 0.98
FPS: 0.54 FPS: 150
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https://docs.google.com/file/d/1Fq4ylUrmAw6BznP1BKoxk2RgJWBOFCm-/preview
https://docs.google.com/file/d/1JwwZ_62d_8GvSook5T2z8wGZ5zQ6qIKm/preview
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Application of Adding 3D object into scene
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Conclusion

Goal: Compact, fast, and high-quality dynamic novel view synthesis

Challenges: Multi-view assumption and huge memory consumption
Approach: Approximation of motion of 3D Gaussians by a function with a few parameters

Result: Cutting-edge visual quality, 3DGS-level inference speed, reasonable memory footprint

Thank you for your attention.

Join us at poster session 2 Tue Oct 1st, 16:30~18:30
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