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Method

We devise incorporation ReLU-MLPs without positioning encoding

Introduction

The multi-plane encoding approach allows NeRFs to learn fine-grained

Qualitative Results

Qualitatively, the proposed method enables to represent both low-
details rapidly and achieves outstanding performance, however, it has

limitations in representing the global context of the scene such as

with multi-plane grid features. frequency and high-frequency details simultaneously, whereas

Global contexts by coordinate networks

baselines inevitably suffer from performance issues due to artifacts
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object shapes and dynamic motion over times when available training
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data is sparse.

In this work, we propose refined tensorial radiance fields that harness

coordinate-based networks capturing low-frequency signals, while

y

novel-view synthesis

Output of

multi-plane network focuses on fine-grained details simultaneously.

X y
Local details / high-frequency signal by multi-plane encoding

Empirically, the proposed outperform all baselines for the task with

static and dynamic scenes under sparse inputs.

The detailed architecture is represented as follows.

Encoder [Decoder

- - o sl ) B
Motivation g & | [\
. . . . N B £ ) Voluihé Rendering -
The multi-plane encoding with TV loss still struggles to represent B = il ﬁr | _-‘2 While baselines struggle to learn consistently with varying TV
. ) . 1 p L , fomad || oncat 000 GT Rendering ° ° ° °
global context in the sparse-inputs (HexPlane, CVPR2023). e AL e 2358, 5) Plhatometsic Tass regularization. the proposed method effectively handles novel-view
center C‘Ivu;lnculum Flatten & A PE(d) i=h—1 & ¢ . . . . .
inchannelam "™ goncaterate X synthesis, leading to reliable performance regardless of the regularization.
» 1) Ray-casting 2) Feature Acquisition 3) Encoder & Decoder (MLPs) 6) Laplacian Smoothing
,r ' = T - | Legend | TellSOR
" W Multi-plane ! *’ | Weighted Multi- Coordinate B o Linear  ,.,  Spherical Sinusoidal e
h A fy | Encoding f N 208 £ l plane encoding $ = (Sx Sy S 1) 4= (¢,0) Direction . Layers 22252, Harmonics [ E1 "} encoding iy

Quantitative Results

Evaluation on Static NeRF dataset (8 views)

T=0.5 T=0.7
HexPlane (CVPR2023) Models PSNR 1 i};% N
chair drums ficus hotdog lego materials mic ship
Simplified NeRF 20.35 14.19 21.63 2257 1245 1898 2495 18.65 19.22
DietNeRF 2132 14.16 13.08 11.64 16.12 1220 2470 1934  16.57
HALO 2477 18.67 2142 1022 2241 21.00 2494 2167 20.64 -
FreeNeRF 26.08 19.99 1843 2891 24.12 21.74 2489 23.01 23.40 C onclusion
* DVGO 2235 1654 19.03 2473 2085 1850 2437 18.17  20.57 .
‘ VGOS 710 1857 1908 2474 2090 1842 2418 1816  20.77 We developed a new method where the coordinate network captures
iNGP 2476 1456 20.68 24.11 2222 1516 26.19 1729  20.62 : : : : :
TensoRF 2623 1594 2137 2847 2628 2022 2639 2029  23.15 global context, like object shapes and dynamic motions, and it also
T—0.0 T—0.7 T=0. T—0.7 K-Planes 2730 2043 2382 2758 2652  19.66  27.30 2134 24.24 incorporates multi-plane encoding to precisely describe the finest
I I e Y Ours 28.02 19.55 2030 2925 2673 21.93 2642 2427  24.56

Proposed Method

details.



