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An Introduction to Neural Fields 
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Continue PhD course in Image processing
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An Introduction to Neural Fields 
in Computer Vision and Image Processing

Image processing is the 
manipulation or analysis of 

images to extract 
information or enhance their 

appearance.

Computer vision is the ability of 
computers to interpret and 

understand visual data. 

ChatGPT
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Let's go on a tour to NF
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Xie et al., 2022



What is field?
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Scalar field

A field is a quantity defined for all spatial and/or temporal coordinates.

Vector field



What is field?

12

Gravitational field
0.99 g



What is field?

13

Image

0.1769



What is field?
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Parametrized field

𝐹𝐹(𝒙𝒙;Θ)
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Universal approximation theorem

Feedforward neural networks can approximate 
any continuous function.

Předvádějící
Poznámky prezentace
Given any continuous function f(x), there exists a feedforward neural network with at least one hidden layer and a sufficient number of hidden units that can approximate f(x) to any desired accuracy.
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What is neural field?

A neural field is a field that is parametrized fully or in part 
by a neural network.

𝐹𝐹(𝒙𝒙;Θ)
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What is neural field?

A neural field is a field that is parametrized fully or in part 
by a neural network.

𝐹𝐹(𝒙𝒙;Θ)

 encoding objects and scenes
in the weights of an MLP.
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Terminology

Neural Fields

Implicit Neural Representation

Coordinate-based Neural Networks

NeRFs

DALL-E
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Forward and Inverse problem
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Neural Field framework

Xie et al., 2022
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Neural Field framework

Xie et al., 2022
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Neural Field framework

Xie et al., 2022

Předvádějící
Poznámky prezentace
* A signed distance function is like a special map that tells you how far you are from something, and whether you are inside or outside of it.
* Volume rendering directly integrates the data along the line of sight
* Sphere tracing simulates the path of light rays
* Marching Cubes and Poisson Surface Reconstruction for generating meshes from SDFs.
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Why Neural Fields?

DALL-E

1. Continuous 

2. Compactness

3. Regularization

4. Domain Agnostic
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Why NF – Compactness

Dupont et al. 2022

Neural representation 
scale much more 
gracefully with 
resolution than array 
representations.
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Why NF – Regularization

Monakhova et al. 2021

b… measurement
A… forward operator
v… unknown original

min ||b-Av||

P(v)… regularization
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Why NF – Regularization

Monakhova et al. 2021

b… measurement
A… forward operator
v… unknown original

min ||b-Av||

P(v)… regularization



27

Why NF – Regularization

Monakhova et al. 2021

Předvádějící
Poznámky prezentace
In NF, network works as inductive bias
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Why NF – Regularization

Ulyanov et al. 2018
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Why NF – Regularization



[x,y]  I [x,y]  RGB [x,y,t]  RGB [x,y,z]  I

2D video 3D Image2D image2D image

30

Why NF – Domain Agnostic

NF are domain-agnostic and can model arbitrary quantities.
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Challenges

DALL-E

1. Spectral Bias

2. Prior learning 

3. Manipulation

4. Computation
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Challenges

DALL-E

NF Tutorial, CVPR 20221. Spectral Bias

2. Prior learning 

3. Manipulation

4. Computation
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4. Computation
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Challenges

DALL-E

Xie et al., 2022



1. Spectral Bias

2. Prior learning 

3. Manipulation

4. Computation
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Challenges

DALL-E

Neural fields
have limited tools for editing 

and manipulation.
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Challenges

DALL-E

1. Spectral Bias

2. Prior learning 

3. Manipulation

4. Computation

Hybrid representation
NF Tutorial, CVPR 2022
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Let's go on a tour to NF
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Xie et al., 2022
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NeRF
Representing Scenes as Neural Radiance Fields 

for View Synthesis
ECCV 2020, Tancik et al.

Want more…

First continuous neural scene representation
that can render high-resolution photorealistic novel views of real objects

and scenes from RGB images captured in natural settings.

https://www.matthewtancik.com/nerf
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NeRF
Representing Scenes as Neural Radiance Fields 

for View Synthesis
ECCV 2020, Tancik et al.

Want more…

https://www.matthewtancik.com/nerf
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NeRF
Representing Scenes as Neural Radiance Fields 

for View Synthesis
ECCV 2020, Tancik et al.

Want more…

https://www.matthewtancik.com/nerf
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COIL
CoIL: Coordinate-Based Internal Learning for

Tomographic Imaging
IEEE TCI 2021, Yu, et al
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COIL
CoIL: Coordinate-Based Internal Learning for

Tomographic Imaging
IEEE TCI 2021, Yu, et al
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LIIF
Learning Continuous Image Representation

with Local Implicit Image Function
CVPR 2021, Chen et al.

Want more…

“While the visual world is 
presented in a continuous 
manner, machines store 
and see the images in a 

discrete way with 2D arrays 
of pixels.”

Předvádějící
Poznámky prezentace
LIIF can be presented in an arbitrary resolution

Coordinate +2D deep features around the coordinate  RGB

https://yinboc.github.io/liif/
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LIIF
Learning Continuous Image Representation

with Local Implicit Image Function
CVPR 2021, Chen et al.

Want more…

Input (360px) Pixels Bilinear LIIF

https://yinboc.github.io/liif/
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NeRV
Neural Representations for Videos

NeurIPS 2021, Chen et al.
Want more…

Předvádějící
Poznámky prezentace
Unlike conventional representations that treat videos as frame sequences, they represent videos as neural networks taking frame index as input

https://haochen-rye.github.io/NeRV/
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CURE
CURE: Learning Cross-Video Neural Representations

for High-Quality Frame Interpolation
ECCV 2022, Shangguan et al.

Want more…

Předvádějící
Poznámky prezentace
First video interpolation method based on neural fields (NF)

https://www.cse.wustl.edu/%7Ekamilov/projects/2022/cure/

ECCV-Submission

v10C




ECCV-Submission

V10O
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Functa
From data to functa: Your data point is a function

and you can treat it like one
ICML 2022, Dupont et al.

Want more…

by DeepMind 

Předvádějící
Poznámky prezentace
Propose to view INRs as data points, or functa, and treat these as first class citizens for machine learning tasks. 

Deep mind technologies


https://arxiv.org/pdf/2201.12204.pdf


49

Let's go on a tour to NF
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Techniques

Prior learning 

Positional encoding
Activation functions

Hybrid representations

Conditioning

Challenges

Spectral Bias

Computation
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Positional encoding
Spectral Bias
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Positional encoding
Spectral Bias

Godoy, Deep Learning with PyTorch Step-by-Step Want more…

Předvádějící
Poznámky prezentace
I saw the red car.
The red car, I saw.
Same meaning dierent positions 
1 2 3 4 5 not enough

https://kazemnejad.com/blog/transformer_architecture_positional_encoding/
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Positional encoding
Spectral Bias

Godoy, Deep Learning with PyTorch Step-by-Step Want more…

Předvádějící
Poznámky prezentace
I saw the red car.
The red car, I saw.
Same meaning dierent positions 
1 2 3 4 5 not enough

https://kazemnejad.com/blog/transformer_architecture_positional_encoding/
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Positional encoding
Spectral Bias

Want more…

Tancik et al. 2020

Passing input points through a simple Fourier feature mapping enables a 
multilayer perceptron (MLP) to learn high-frequency functions.

Předvádějící
Poznámky prezentace
I saw the red car.
The red car, I saw.
Same meaning dierent positions 
1 2 3 4 5 not enough

https://bmild.github.io/fourfeat/index.html
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Activation functions
Spectral Bias

Want more…

https://www.vincentsitzmann.com/siren/
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Activation functions

Sitzmann et al., 2021

Spectral Bias
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Activation functions

Sitzmann et al., 2021

Spectral Bias

Předvádějící
Poznámky prezentace
ReLU networks are piecewise linear, their second derivative is zero everywhere
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Conditioning

Auto-decodingEncoding

Xie et al., 2022

Prior learning

One NF for multiple instances.
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Conditioning

Xie et al., 2022

Global Local

Prior learning

One NF for multiple instances.
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Conditioning

Skorokhodov et al., 2022

Shangguan et al., 2022

Dupont et al., 2022

Hypernetwork

Concatenation

Modulations

Prior learning
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Hybrid representations

Uniform Grid Sparse Grid Irregular Grid

Combine neural fields with discrete data structures

• a collection of separate NFs are tiled across the input coordinate space
• given a coordinate x, retrieve specific parameters of the NF

Computation

Xie et al., 2022
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Hybrid representations

Uniform Grid

Computation

Decomposing the city-
scale scenes into 
individually trained 
NeRFs.

Block-
NeRFCVPR 2022, Tancik et al.

Want more…

https://waymo.com/research/block-nerf/
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Hybrid representations

Uniform Grid

Computation

Decomposing the city-
scale scenes into 
individually trained 
NeRFs.

Block-
NeRFCVPR 2022, Tancik et al.

Want more…

https://waymo.com/research/block-nerf/
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Let's go on a tour to NF



65

LIIF
Learning Continuous Image Representation

with Local Implicit Image Function
CVPR 2021, Chen et al.

Project Page

LIIF representation with local ensemble

https://yinboc.github.io/liif/
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LIIF
Learning Continuous Image Representation

with Local Implicit Image Function
CVPR 2021, Chen et al.

Project Page

LIIF representation with local ensemble

Conditioning

Hybrid representation

Předvádějící
Poznámky prezentace
Enhanced Deep Residual Networks

https://yinboc.github.io/liif/
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LIIF
Learning Continuous Image Representation

with Local Implicit Image Function
CVPR 2021, Chen et al.

Project Page

Input (32px) LIIF in changing resolution (32px-640px)

https://yinboc.github.io/liif/
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CURE
CURE: Learning Cross-Video Neural Representations

for High-Quality Frame Interpolation
ECCV 2022, Shangguan et al.

Project Page

https://www.cse.wustl.edu/%7Ekamilov/projects/2022/cure/
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CURE
CURE: Learning Cross-Video Neural Representations

for High-Quality Frame Interpolation
ECCV 2022, Shangguan et al.

Project PageConditioning

Předvádějící
Poznámky prezentace
Feature warping aims to interpolate the latent feature maps associated with time t by warping {F0, F1}. This step ensures the temporal consistency between existing and predicted frames in the latent space.

https://www.cse.wustl.edu/%7Ekamilov/projects/2022/cure/
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CURE
CURE: Learning Cross-Video Neural Representations

for High-Quality Frame Interpolation
ECCV 2022, Shangguan et al.

Project Page

https://www.cse.wustl.edu/%7Ekamilov/projects/2022/cure/

ECCV-Submission

web




ECCV-Submission

web
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Demosaicing
by Neural Fields
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Demosaicing
by Neural Fields

github.com/Howeng98/Demosaicing_SuperResolution
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Let's go on a tour to NF
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ReLU vs. ReLU+PE vs. SIREN
Full colab code

https://colab.research.google.com/drive/19eYcAj7YoMpbZZ-dYUy8TIve4E7jNshI?usp=sharing
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ReLU vs. ReLU+PE vs. SIREN

GT

ReLU
result after

1000 epochs

Full colab code

https://colab.research.google.com/drive/19eYcAj7YoMpbZZ-dYUy8TIve4E7jNshI?usp=sharing
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ReLU vs. ReLU+PE vs. SIREN

GT

ReLU
result after

1000 epochs

Full colab code

2 256 x 6 3

https://colab.research.google.com/drive/19eYcAj7YoMpbZZ-dYUy8TIve4E7jNshI?usp=sharing
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ReLU vs. ReLU+PE vs. SIREN

GT

ReLU+PE
result after

1000 epochs

Full colab code

https://colab.research.google.com/drive/19eYcAj7YoMpbZZ-dYUy8TIve4E7jNshI?usp=sharing
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ReLU vs. ReLU+PE vs. SIREN

GT

ReLU+PE
result after

1000 epochs

Full colab code

40 256 x 6 3

https://colab.research.google.com/drive/19eYcAj7YoMpbZZ-dYUy8TIve4E7jNshI?usp=sharing
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ReLU vs. ReLU+PE vs. SIREN

GT

SIREN
result after

1000 epochs

Full colab code

https://colab.research.google.com/drive/19eYcAj7YoMpbZZ-dYUy8TIve4E7jNshI?usp=sharing
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ReLU vs. ReLU+PE vs. SIREN

GT

SIREN
result after

1000 epochs

Full colab code

2 256 x 6 3

https://colab.research.google.com/drive/19eYcAj7YoMpbZZ-dYUy8TIve4E7jNshI?usp=sharing
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Comparison

ReLU ReLU+PE SIREN

Full colab code

https://colab.research.google.com/drive/19eYcAj7YoMpbZZ-dYUy8TIve4E7jNshI?usp=sharing
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Extrapolation

ReLU ReLU+PE SIREN

Full colab code

https://colab.research.google.com/drive/19eYcAj7YoMpbZZ-dYUy8TIve4E7jNshI?usp=sharing


83

Let's go on a tour to NF
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What?

What for?

So what?

Now what?

𝐹𝐹(𝒙𝒙;Θ)

Continuous, compact, regularized, 
domain-agnostic

Neural fields

New paradigm with
great potential

neuralfields.cs.brown.edu

https://neuralfields.cs.brown.edu/


Tomáš Kerepecký
kerepecky@utia.cas.cz

Thanks
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By DALL-E
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NeRF
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NeRF
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NeRF



90

LIIF
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NeRV
Neural Representations for Videos

NeurIPS 2021, Chen et al.
Want more…

Předvádějící
Poznámky prezentace
Unlike conventional representations that treat videos as frame sequences, they represent videos as neural networks taking frame index as input

https://haochen-rye.github.io/NeRV/
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