Generalizing and Speeding up
Neural Radiance Fields

Matt Tancik
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The never-ending list of NeRF limitations
Expensive / slow to train
Expensive / slow to render

Sensitive to sampling strategy

Does not generalize between scenes
Sensitive to pose accuracy

Assumes static scene

Assumes static lighting and camera focus
Not relightable

Not deformable
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The never-ending list of NeRF extensions

o () venchenlinfawesome-NeRF: A X  [ll] NeRF Explained | Papers With = X +

< C & github.com

i: Apps @ ezproxy [@] dee

O Search or jump to... / Pull requests Issues Marketplace Explore

& yenchenlin / awesome-NeRF ® Watch ~ 16 o Unstar 237 % Fork 11

<> Code (1) Issues 1 Pull requests (») Actions [1] Projects [ wiki () Security [~ Insights

¥ main ~ ¥ 1branch 0 tags Go to file Add file ¥ About

A curated list of awesome

@ yenchenlin Merge pull request #6 from albertpumarola/add... - 4a63679 yesterday (Y 27 commits neural radiance fields papers
citations added D-NeRF yesterday il
[ LICENSE Initial commit 6 days ago 0 Readme
[ README.md added D-NeRF yesterday &8 MIT License
README.md Releases

No releases published

Awesome Neural Radiance Fields <

A curated list of awesome neural radiance fields papers, inspired by awesome-computer- Packages

vision. No packages published

Table of Contents
Contributors 5
e Papers

. Talks @ > ﬁ 9 =t

Papers

¢ NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis, Mildenhall et
al., ECCV 2020 | bibtex

¢ NeRF++: Analyzing and Improving Neural Radiance Fields, Zhang et al., Arxiv 2020 |
bibtex

¢ DeRF: Decomposed Radiance Fields, Rebain et al. Arxiv 2020 | bibtex

Data Structure

¢ Neural Sparse Voxel Fields, Liu et al., NeurlPS 2020 | bibtex

Generative Model

¢ GRAF: Generative Radiance Fields for 3D-Aware Image Synthesis, Schwarz et al., NeurlPS
2020 | bibtex

https://github.com/yenchenlin/awesome-NeRF
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Learned Initializations for Optimizing
Coordinate-Based Neural Representations

Matthew Tancik* Ben Mildenhall*1 Terrance Wang’ Divi Schmidt’

Pratul P. Srinivasan? Jonathan T. Barron? Ren Ng’

* Denotes Equal Contribution TUC Berkeley 2Google Research
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Image Regression

Init. Step 1 Step 2

. . . Standard Initialization

Meta-learned Initialization (MAML)
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Image Regression

Task
CelebA Imagenette Text  SDF
CelebA 30.37 26.44 21.53  36.45
< Imagenette | 28.51 27.07 22.63 34.30
= Text 14.65 15.83 27.85 23.14
SDF 19.80 20.05 17.23 51.73



Weight Interpolation

Standard Initialization Meta Initialization
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PSNR
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NeRF ShapeNet

ShapeNet Reconstruction from 25 views

- Standard initialization

== Meta initializaiton (ours)
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NeRF ShapeNet Single Image

Input
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Constrained Capture
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NeRF-W : Nert in the Wild
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Phototourism - Meta approach
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Meta-learning weights to reconstruct Phototourism scenes
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pixelNeRF: Neural Radiance Fields
from One or Few Images

Alex Yu Vickie Ye Matthew Tancik Angjoo Kanazawa
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Multiple Views




Multiple Views
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Multiple Views
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Experiments: Overview

ShapeNet DTU
e — —_— —
Category Unseen Multi-object SimZ2Real Real image

Agnostic Category Scenes




ShapeNet Category-agnostic
S
e

O S SN :
pOA AN
EWNWENN
FRRHRA

(canonical space) (canonical space) (canonical space) (view space)



ShapeNet Category-agnostic
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Generalizing to Novel Categories
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Generalizing to Novel Categories
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Two-object Scenes

T Input View  SRN pixelNeRF 2 Input Views SRN pixelNeRF
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Two-object Scenes
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Real Cars

Input pixelNeRF Input  pixelNeRF Input pixelNeRF Input pixelNeRF
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Real image

« Test with 3 input views of unseen scene




DTU Results
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DTU Results
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