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An Introduction to Neural Fields
INn Computer Vision and Image Processing

Started PhD course in Computational physics
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Computer Vision and Image Processing

Continue PhD course in Image processing

Academy of Sciences of the Czech Republic
Institute of InformationTheory and Automation
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Computer Vision and Image Processing

Computer vision is the ability of
computers to interpret and
understand visual data.

Image processing is the
manipulation or analysis of
Images to extract
information or enhance their
appearance.
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Neural Fields
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Let's go on a tour to NF
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Let's go on a tour to NF

Welcome
to NF
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Welcome
to NF

Number of Neural Field Publications [1998-2021]
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Welcome . g
5 NF What Is field?

A field I1s a quantity defined for all spatial and/or temporal coordinates.
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Welcome
to NF

What Is field?

A field is a quantity defined for all spatial and/or temporal coordinates.
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Welcome . g
5 NF What Is field?

A field is a quantity defined for all spatial and/or temporal coordinates.
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Welcome . g
to NF What Is field?

lUTA

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

-> F(X,@) ->

Parametrized field
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Welcome

‘0 NE Universal approximation theorem

Neural Networks
Volume 2, Issue 5, 1989, Pages 359-366

ELSEVIER

Original contribution

Multilayer feedforward networks are

universal approximators

Kurt Hornik, Maxwell Stinchcombe, Halbert White &

Feedforward neural networks can approximate
any continuous function.

UTiA Academy of Sciences of the Czech Republic

Institute of InformationTheory and Automation 15 Department of Image Processing


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.


Welcome  What is neural field?

to NF

A neural field 1s a field that is parametrized fully or in part
by a neural network.

UTEA Academy of Sciences of the Czech Republic
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Welcome  What is neural field?

to NF

A neural field 1s a field that is parametrized fully or in part
by a neural network.

UTi/-\ Academy of Sciences of the Czech Repubilic

Institute of InformationTheory and Automation

=» encoding objects and scenes
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In the weights of an MLP.
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Welcome

£ NF Terminology

Coordinate-based Neural Networks

Implicit Neural Representation .

DALL-E

UTiA Academy of Sciences of the Czech Republic _
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Welcome
to NF
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X H y=H(x) +n

Forward problem: generate signal y from object x

UTI'A Academy of Sciences of the Czech Republic

Institute of InformationTheory and Automation

Forward and Inverse problem

BRAIN IMAGING

Inverse problem: recover image of x from signal y
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Welcome
to NF

Neural Field framework

Spatial
X —
Temporal
—_

t

What we want to
reconstruct:

CT/MRI Image

[Cc}t}rdinate Sampling J [ Neural Network ] [ Reconstruction ]

Radon/Fourier \l/
-4 | Transform | =) n *

The bridge:
forward maps

[ Forward Map }

What we can
measure:

CT/MRI Scan

[ Sensor Domain }

UnA

Academy of Sciences of the Czech Republic
Institute of InformationTheory and Automation
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Welcome

£ NF Neural Field framework

>
[ Neural Network ] { Reconstruction Domain ]
[ Sensor Domain }
What we want to The bridge: What we can
reconstruct: forward maps measure:
zZ
Spatial CT/MRI Image CT/MRI Scan
| Radon/Fourier \l/
X # | Transform | - n *
Temporal
t

[Cc}t}rdinate Sampling J [ Neural Network ] [ Reconstruction ] [ Forward Map } [ Sensor Domain }

Xie et al., 2022

l.'lTi'A Academy of Sciences of the Czech Republic
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Welcome
to NF

[Ct}c}rdinate Sampling J [ Neural Network ] [ Reconstruction ]

SDF
Z Radiance Field
770
LR
O—C SDF
AN

CT/MRI Image
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Neural Field framework

[ Forward Map ]

Sphere Tracing

Meshing

Radon/Fourier
Transform

22

[ Sensor Domain }

Normal Depth

- E
.
= -

RGB Image Depth

CT/MRI Scan

Xie et al., 2022
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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.


Welcome
to NF

UTia

1. Continuous
2. Compactness

3. Regularization

-

Domain Agnostic

Academy of Sciences of the Czech Republic
Institute of InformationTheory and Automation

Why Neural Fields?
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Welcome

to NE Why NF — Compactness

Neural representation
scale much more
gracefully with
resolution than array
representations.

157 257 685 2.6k 9.6k

Dupont et al. 2022

I m Academy of Sciences of the Czech Republic .
Institute of InformationTheory and Automation 24 Department of Image Processing




Welcome

~Ne  Why NF — Regularization

b... measurement
A... forward operator
V... unknown original

a. Traditional Reconstruction

1 .
, Arg ZL!ZEZ:::. E"h — Awv|;

—

wrPv) T

meas.

min ||b-Av||

Iiterate

PSF

inputs reconstruction

P(v)... regularization

Monakhova et al. 2021
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Welcome

~Ne  Why NF — Regularization

b... measurement
A... forward operator
V... unknown original

a. Traditional Reconstruction

1

Arg Imin E"h - Av |:tt

) E— vzl
E ™ rP(v)
| min ||b-Av]|
@ iterate
inputs reconstruction b. Deep learning Reconstruction
— -—r
. —
@ -—
w
P(v)... regularization network H

loss

labels

Monakhova et al. 2021
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~Ne  Why NF — Regularization

c. Untrained Deep Network (UDN) Reconstruction

45 -—-
=
] — — - o —
j: | ] Al) S
- &
network meas.

= forward pass
#— hackward pass

PSF

Monakhova et al. 2021
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Předvádějící
Poznámky prezentace
In NF, network works as inductive bias


Welcome
to NF

Why NF — Regularization

—p

Denoising JPEG Artifacts removal

D
l

fixed input

network

;bT -«'ﬂf '. g - :

Corrupted Deep image prior

Inpainting Super-resolution

Corrupted Deep image prior Deep image prior

Ulyanov et al. 2018

UTiA Academy of Sciences of the Czech Republic

Institute of InformationTheory and Automation 28 Department of Image Processing




Welcome
to NF

Why NF — Regularization

Deep Image Prior

Dmitry Ulyanov
Skolkovo Institute of Science
and Technology, Yandex

dmitry.ulyanov@skoltech.ru

Abstract

Deep convolutional networks have become a popular
tool for image generation and restoration. Generally, their
excellent performance is imputed to their ability to learn re-
alistic image priors from a large number of example images.
In this paper, we show that, on the contrary, the structure of
a generator network is sufficient to capture a great deal of
low-level image statistics prior to any learning. In order
to do so, we show that a randomly-initialized neural net-
work can be used as a handcrafted prior with excellent re-

sults in standard inverse problems such as denoising, super-

resolution, and inpainting. Furthermore, the same prior
can be used to invert deep neural representations to diag-
nose them, and to restore images based on flash-no flash
input pairs.

Apart from its diverse applications, our approach high-
lights the inductive bias captured by standard generator
network architectures. It also bridges the gap between
two very popular families of image restoration methods:

Andrea Vedaldi
University of Oxford

vedaldi@robots.ox.ac.uk

' ;z-r\\mm'r;, |

~

(¢) Bicubic. Not trained

Victor Lempitsky
Skolkovo Institute of Science
and Technology (Skoltech)

lempitsky@skoltech.ru

|, Trained

'ﬁ?‘)l?‘n ",

(b) SRResNet |

d) Deep prior, Not trained

- U i :
UTiA Academy of Sciences of the Czech Republic

Institute of InformationTheory and Automation
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Welcome

to NF
2D image 2D image
[x,y] 2 | [x,y] 2 RGB

Why NF — Domain Agnostic

2D video

[x,y,t] 2 RGB

3D Image

NF are domain-agnostic and can model arbitrary guantities.

UTEA Academy of Sciences of the Czech Republic

Institute of InformationTheory and Automation
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Welcome

to NE Challenges

1. Spectral Bias
2. Prior learning
3. Manipulation

4. Computation

UTEA Academy of Sciences of the Czech Republic
Institute of InformationTheory and Automation
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Welcome
to NF Challenges

On the Spectral Bias of Neural Networks

Nasim Rahaman " '® Aristide Baratin ' Devansh Arpit' Felix Draxler’ Min Lin' Fred A. Hamprecht’
Yoshua Bengio' Aaron Courville '

Abstract expose this bias by taking a closer look at neural networks
Neural networks are known to be a class of highly through the lens of Fourier analysis. While they can ap-
expressive functions able to fit even random input- proximate arbitrary functions, we find that these networks
output mappings with 100% accuracy. In this prioritize learning the low frequency modes. a phenomenon
work we present properties of neural networks we call the spectral bias. This bias manifests itself not just

]
that complement this aspect of expressivity. By in the process of learning, but also in the parameterization of
[ oty Foesli Forsen Tiraretar awualuote: e hinkliokt o the model itself: in fact. we show that the lower frequency

2. Prior learning
3. Manipulation

4. Computation

m Academy of Sciences of the Czech Republic _
Institute of InformationTheory and Automation 32 Department of Image Processing




Welcome

to NF Challenges

1. Spectral Bias
2. Prior learning
3. Manipulation

4. Computation

UTiA Academy of Sciences of the Czech Republic
Institute of InformationTheory and Automation

Input
Encoding

J0lo

(V)

Activation
Functions

Krgrdl
=T

-

o
"-"‘
ey

NF Tutorial, CVPR 2022
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Welcome
to NF

Challenges ,
Latent Code l

Query

1. SpeCtraI BIaS coordinate lFil Sie ot al 2099
2. Prior learning
3. Manipulation

4. Computation

DALL-E

l._fTiA Academy of Sciences of the Czech Republic
Institute of InformationTheory and Automation
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Welcome
to NF

1. Spectral Blas
2. Prior learning
3. Manipulation

4. Computation

Academy of Sciences of the Czech Republic
Institute of InformationTheory and Automation

Challenges

35

Neural fields
have limited tools for editing
and manipulation.

DALL-E
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Welcome

to NF Challenges

1. Spectral Bias
2. Prior learning
3. Manipulation

4. Computation

l.-fTiA Academy of Sciences of the Czech Republic
Institute of InformationTheory and Automation
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Hybrid representation

NF Tutorial, CVPR 2022
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Let's go on a tour to NF

Applications

A I

Academy of Sciences of the Czech Republic
Institute of InformationTheory and Automation
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BN

Applications

i

903.63 KB
- _ "

Compression

Robotics

l.-fTiA Academy of Sciences of the Czech Republic
Institute of InformationTheory and Automation

Output Image

Implicit 3D Scene
Hepresentation

Juimt
%E ﬁs:::': -_T*ﬂ”*ﬁ“x
MLP '—’l]—' {\
frllﬂ& 'lr“i'
‘AR
\ Decoder { L)
2D CNN

W 40

Pose

Generative Models Digital Humans

...and Beyond!

Xie et al., 2022
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/A/\'/.\
pplications N e R I:

Representing Scenes as Neural Radiance Fields
for View Synthesis
ECCV 2020, Tancik et al.

Want more...

(x.),2,0,0) > [l["] — (RGBo)
F

C,

First continuous neural scene representation
that can render high-resolution photorealistic novel views of real objects
and scenes from RGB images captured Iin natural settings.

U'ri/-\ Academy of Sciences of the Czech Republic ,
Institute of InformationTheory and Automation 33 Department of Image Processing



https://www.matthewtancik.com/nerf

/AD/./.\
ppll'c—‘atm"s NeRF

Representing Scenes as Neural Radiance Fields
for View Synthesis
ECCV 2020, Tancik et al.

Want more...

(x.),2,0,0) > D[l[l — (RGBo)
F

C,

Input Images Optimize NeRF Render new views
A A BGE AT
&AM E
Fadaage L an
R NN e e L

P AEFEEFEN
L B R R 7 6

Yl eIEGETED
T R k%
S 2 A B R A
A R A e

l.-fTiA Academy of Sciences of the Czech Republic _
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https://www.matthewtancik.com/nerf

/AD/./.\
pplications N e R I:

Representing Scenes as Neural Radiance Fields
for View Synthesis
ECCV 2020, Tancik et al.

Want more...

- Academy of Sciences of the Czech Republic ,
UTA Institute of InformationTheory and Automation 41 Department of Image Processing



https://www.matthewtancik.com/nerf







BN

Applications
feat COIL

ColL: Coordinate-Based Internal Learning for
Tomographic Imaging
IEEETCI 2021, Yu, et al

An imaging system

with free parameters U
Response

Learn

B
L

Subsampled Measurements Data Acquisition

ColL Workflow

Integration

Coordinate-based MLP User-chosen reconstructions

>

Represent

ColL Field FISTA-TV

l.-fTiA Academy of Sciences of the Czech Republic _
Institute of InformationTheory and Automation 42 Department of Image Processing




/A/'/.\
pplications CO I L

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

wo/ ColL w/ ColL

R

Illl. .. \ - L b- . '1
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BN

Applications LI I I:

Learning Continuous Image Representation

Want more...

with Local Implicit Image Function

CVPR 2021, Chen et al.

UTiA Academy of Sciences of the Czech Republic

44

Institute of InformationTheory and Automation

“While the visual world Is
presented Iin a continuous
manner, machines store
and see the Images in a
discrete way with 2D arrays
of pixels.”

Department of Image Processing


Předvádějící
Poznámky prezentace
LIIF can be presented in an arbitrary resolution

Coordinate +2D deep features around the coordinate  RGB

https://yinboc.github.io/liif/

BN

Applications LI I I:

—

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

Want more...

Input (360px) Pixels Bilinear LIIF

l.-fTiA Academy of Sciences of the Czech Republic _
Institute of InformationTheory and Automation 45 Department of Image Processing
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BN

Applications
— NeRV

Neural Representations for Videos

Want more...
NeurlPS 2021, Chen et al.
Video . Video
b} ; 1
r R : M R
:Er : A ?‘ i - L
e 'd : : W 3 .
o e | 2
s N
g il e 4l | t=> (] |
e e o , ) | ' |
. p . | rd
LA l ’
I
: fg | [ Network la}fers}
— % | | :
i
T

(a) Explicit representations for videos (e.g., HEVC) (b) Neural implicit representations for videos (e.g., NeRV)

m Academy of Sciences of the Czech Republic _
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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/

BN

Applications
P CURE

CURE: Learning Cross-Video Neural Representations

Want more...
for High-Quality Frame Interpolation
ECCV 2022, Shangguan et al.
X¢
(] (]
—n Academy of Sciences of the Czech Republic _
UTIA Institute of InformationTheory and Automation 47 Department of Image Processing



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




BN

Applications
— 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...

a8

[ o~ p(0]

Generative modeling Inference Classification
157 257 685 2.6k 9.6k
by DeepMind

| 17ﬁA Academy of Sciences of the Czech Republic .
Institute of InformationTheory and Automation 48 Department of Image Processing



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

Let's go on a tour to NF

BN

Techniques

Academy of Sciences of the Czech Republic
Institute of InformationTheory and Automation
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Techniques

Techniques Challenges

Positional encoding

. . - Spectral Bias ¢,
Activation functions P =i

Conditioning - Prior learning ¢

Hybrid representations = Computation £
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[Vaswani et al. 2017]
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BTSN

Techniques

Godoy, Deep Learning with PyTorch Step-by-Step

Position 0 1 2
1/4 1/4 1/4
Base 4 . 0 0
(sine, cosine) (0.00, 1.00) (1.00, 0.00) (0.00, -1.00)
1/5 1/5 1/5
Base 5 . - U
(sine, cosine) (0.00, 1.00) (0.95, 0.31) (0.59, -0.81)
1/7 1/7 1/7
Base 7/ 0 E !
(sine, cosine) (0.00, 1.00) (0.78, 0.62) (0.97, -0.22)
— Academy of Sciences of the Czech Republic

Institute of InformationTheory and Automation

1/4

(-1.00, -0.00)

1/5

(-0.59, -0.81)

1/7

(0.43, -0.90)

Positional encoding

1/4

(-0.00, 1.00)

1/5

(-0.95, 0.31)

1/7

(-0.43, -0.90)

52

1/4

(1.00, 0.00)

1/5

(-0.00, 1.00)

1/7

(-0.97, -0.22)

lel/

Spectral Bias ﬁ\;

1/4

(0.00, -1.00)

1/5

(0.95, 0.31)

1/7

(-0.78, 0.62)

Want more...

1/4

(-1.00, -0.00)

1/5

(0.59, -0.81)

1/7

(-0.00, 1.00)

Department of Image Processing


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/

Techniques

Godoy, Deep Learning with PyTorch Step-by-Step

Position

sine (base 4)
cosine (base 4)
sine (base 5)
cosine (base 5)
sine (base 7)

cosine (base 7)

Positional encoding

Spectral Bias

3 2
-1.00 0.00
0.00 -1.00
-0.59 0.59
-0.81 -0.81
0.43 0.97
-0.90 -0.22

0 1 2 3 4 5 o) V4
000 1.00 | 0.00 | -1.00| 0.00 | 1.00 | 0.00 |-1.00
1.00 | 0.00 |[-1.00[ 0.00 | 1.00 0.00 |-1.00| 0O.00
0.00 | 0.95 | 0.59 [ -0.59 | -0.95 | 0.00 | 0.95 | 0.59
1.00 | 0.31 -0.81/-0.81| 0.31 | 1.00 | 0.31 | -0.81
0.00 | 0.78 | 0.97 | 043 -0.43  -0.97|-0.78 | 0.00
1.00 | 0.62 | -0.22 [-0.90 [-0.90 -0.22 | 0.62 | 1.00

Diff 4 3 Diff
-1.00 0.00 -1.00 1.00
1.00 1.00 0.00 1.00
_|-118 -0.95 059 _ |-0.36
— | 0.00 031  |-081 — |112
.0.54 -0.43 0.43 .0.87
-0.68 -0.90 -0.90 0.00

Distance = ||Diff|| = 2.03

Distance = ||Diff|| = 2.03

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/

Spectral Bias <~ \

Techniques

Positional encoding

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




Y

//,/\ Spectral Bias <

reemmates | Activation functions

Want more...

A) Network @ Derivatives

st (! nd (/" o802
— 4}’?‘W9 I (CD ) - (CD ) (Gaussian e a2

| ..m."\ .
. n} 91,‘;9» ® Quadratic o (;)2
Y RO/ —— 1
a4 Hg Multi Quadratic JiT(an)?
- Laplacian el _fl)

—0.5z2

g Super-Gaussian e a2 ]
- ExpSin e ~sin(az)
79!

[Ramasinghe et al. 2021]

[Sitzmann et al. 2021]

l.-fTiA Academy of Sciences of the Czech Republic _
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https://www.vincentsitzmann.com/siren/

Ny
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//,/\ Spectral Bias

reemmates | Activation functions

Sitzmann et al., 2021
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Spectral Bias

Activation functions

Techniques

SIREN

e RelUIRIES (RELR REUY

Relll)

GroundpTruth!

Sitzmann et al., 2021
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Předvádějící
Poznámky prezentace
ReLU networks are piecewise linear, their second derivative is zero everywhere


//'/\ Prior learning

Techniques CO”d'thnlng

One NF for multiple instances.

(O
X > (I Y &~ L | | X
Query QAR Query
coordinate  Neyral Field ' coordinate  Neyra] Field

Xie et al., 2022

l.-fTiA Academy of Sciences of the Czech Republic _
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Techniques

Conditioning

One NF for multiple instances.

Global

Z
[Latent Code

OO
3¢ :':‘:/‘
()
X

ﬁ""
L "f
\TH
'/l‘\\
Mo

&»

LR
) (.
) (3
XS

Query
coordinate

Neural Field

Academy of Sciences of the Czech Republic
Institute of InformationTheory and Automation
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Prior learning ﬁ\;

Local
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//,/\ Computation

Techniques

Hybrid representations

Combine neural fields with discrete data structures

e acollection of separate NFs are tiled across the input coordinate space
* gjven a coordinate x, retrieve specific parameters of the NF

Uniform Grid Sparse Grid Irregular Grid

O O
I |

O O

/I

Xie et al., 2022
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https://waymo.com/research/block-nerf/

/D//\ Computation <=\

reemiases | Hybrid representations
Block-
Decomposing the city- CVPR %L? Egnlgk et al

scale scenes into
individually trained
NeRFs.

Uniform Grid
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BN

Applications LI I I:

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

Project Page

To pixel o 7
= " Xhr» Shr
= samples Q O
fo
S11 510
- Random i g ) xq{::.suu
Training image down-sample @ 0
Z10 Z11
(b) Training
Shr
— E;, —— uF — /. | loss
> Spred
— LIIF representation with local ensemble
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https://yinboc.github.io/liif/

BN

Applications LI I I:

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

Project Page

To pixel
samples  *hrs Shr

- Random i
Training image down-sample
(b) Training
Shr
— E;, —— uF — | loss
fo
» Opred
/ Xhr —
Conditioning
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Hybrid representation

LIIF representation with local ensemble
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Předvádějící
Poznámky prezentace
Enhanced Deep Residual Networks

https://yinboc.github.io/liif/

BN

Applications LI I I:

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

Project Page

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

Applications
P CURE

CURE: Learning Cross-Video Neural Representations
for High-Quality Frame Interpolation
ECCV 2022, Shangguan et al.

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

BN

Applications

—

CURE: Learning Cross-Video Neural Representations

CURE

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

/AD/./.\
pplications C U R E

CURE: Learning Cross-Video Neural Representations
for High-Quality Frame Interpolation
ECCV 2022, Shangguan et al.

Project Page
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BN

Applications

Demosaicing
by Neural Fields

Sensor

CFA

/// Lens

Scene

Bayer RGB — Bayer RGB — Demosaic— RGB _— RGB

Red color plane

Bayer RGB pattern

= Academy of Sciences of the Czech Republic
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BN

Applications

Demosaicing
by Neural Fields

1. Supervised training phase (Enc + MLP)

» MLE HE_rec

Sub coordinate [e]

r A

HEBE conditional
» 1B interpolation
HEEN
coordinates
[<,¥]

— Academy of Sciences of the Czech Republic

Institute of InformationTheory and Automation

8-

" 4

GBRG

Bayer Image

-

Color Image

github.com/Howeng98/Demosaicing_SuperResolution

2. Self-supervised training (fine-tune MLP)

GB

RG

sub coordinate [e]

coordinates
[x,¥]
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Hands-on




BSOS

“al'%s"’“ RelLU vs. ReLU+PE vs. SIREN

Full colab code

— O e e . e e . . e e mm  mmm mm—"

Graph of y = sin(x) A  EmmEksssEssssssssssssssss=ss==
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https://colab.research.google.com/drive/19eYcAj7YoMpbZZ-dYUy8TIve4E7jNshI?usp=sharing

Hands-on

class ML
def

Full colab code

Psimple(nn.Module):

__init (self, Din, Dhid, Dout):

super(MLPsimple, self). init ()

selt.layerIn = torch.nn.Linear(Din, Dhid[&])

selt.hidden = torch.nn.Modulelist()

for ii in range(len(Dhid)-1):
self.hidden.append{torch.nn.Linear{Dhid[ii], Dhid[ii+1]))

selt.layerOut = torch.nn.Linear(Dhid[-1], Dout)

selft.relu = torch.nn.RelLU()

forward(self, x):

¥ = self.layerIn(x)

¥ = self.relu(x)

for ii in range(len(self.hidden)):
¥ = self.hidden[ii](x)
¥ = self.relu(x)

¥ = self.layerOut(x)

return x

MLPsimple(
(layerIn): Linear(in_features=2, out features=256, bias=True)
(hidden): ModulelList(

(@):

(1):

(2):

(3):

(4):
)

Linear(in features=256, out features=256, bias=True)
Linear{in_features=256, out_ features=256, bias=True)
Linear(in features=256, out features=256, bias=True)
Linear{in_features=256, out_ features=256, bias=True)
Linear(in features=256, out features=256, bias=True)

(layerOQut): Linear(in_features=256, out features=3, bias=True)
(relu): RelU()

)

UnA

Academy of Sciences of the Czech Republic

Institute of InformationTheory and Automation 75

RelLU vs. ReLU+PE vs. SIREN

GT

RelLU
result after
1000 epochs
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https://colab.research.google.com/drive/19eYcAj7YoMpbZZ-dYUy8TIve4E7jNshI?usp=sharing

Hands-on

2 256x6 3

MLPsimple(
(layerIn): Linear(in_features=2, out features=256, bias=True)
(hidden): ModulelList(

)

(8):

(1):
(2):
(3):
(4):

)

Linear(in features=256, out features=256,
Linear{in_features=256, out features=256,

(
Linear(in features=256, out features=256,
Linear{in_features=256, out features=256,
(

Linear(in features=256, out features=256,

Full colab code

bias=True)
bias=True)
bias=True)
bias=True)
bias=True)

(layerOQut): Linear(in_features=256, out features=3, bias=True)
(relu): RelU()

UnA

Academy of Sciences of the Czech Republic
Institute of InformationTheory and Automation
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GT

RelLU
result after
1000 epochs
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https://colab.research.google.com/drive/19eYcAj7YoMpbZZ-dYUy8TIve4E7jNshI?usp=sharing

Hands-on

def forward(self, x):
# positional encoding

for

X =

Fretu

MLPPE (

1 in range(self.L):
cur_freq = torch.cat(

[torch.sin((1l + 1) * &.5 * math.pi * x),
torch.cos((1l + 1) * 8.5 * math.pi * x)].
dim=-1)
it 1 ==
tot freg = cur_freq
alse:
tot freq = torch.cat([tot _freq, cur freq], dim=-1)

self.layerIn(tot freq)
self.relu(x)

r ii in range(len{self.hidden)):

¥ = self.hidden[ii](x)
¥ = self.relu(x)
self.layerQut(x)

rn X

(layerIn): Linear(in features=48, out features=256, bias=True)
(hidden): ModulelList(

(@):

(1):

(2):

(3):

(4):
)

Linear(in features=256, out features=256, bias=True)
Linear(in features=256, out features=256, bias=True)
Linear(in_features=256, out features=256, bias=True)
Linear(in_features=256, out features=256, bias=True)
Linear(in_features=256, out features=256, bias=True)

e T N

(layerQut): Linear(in features=256, out features=3, bias=True)
(relu): RelU()

)

UnA

Academy of Sciences of the Czech Republic
Institute of InformationTheory and Automation
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RelLU vs. ReLU+PE vs. SIREN

Full colab code

GT

RelLU+PE
result after
1000 epochs
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https://colab.research.google.com/drive/19eYcAj7YoMpbZZ-dYUy8TIve4E7jNshI?usp=sharing

Hands-on

MLPPE (

40 256X6 3

Full colab code

(layerIn): Linear(in features=48, out features=256, bias=True)
(hidden): ModulelList(

(@):
(1):
(2):
(3):
(4):

)

Linear(in features=256, out features=256,
in_features=256, out features=256,
in_features=256, out features=256,
in_features=256, out features=256,
in_features=256, out features=256,

Linear
Linear
Linear
Linear

e T N

bias=True)
bias=True)
bias=True)
bias=True)
bias=True)

(layerQut): Linear(in features=256, out features=3, bias=True)
(relu): RelU()

)

UnA

Academy of Sciences of the Czech Republic
Institute of InformationTheory and Automation

RelLU vs. ReLU+PE vs. SIREN

GT

RelLU+PE
result after
1000 epochs
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https://colab.research.google.com/drive/19eYcAj7YoMpbZZ-dYUy8TIve4E7jNshI?usp=sharing

nandsen | RelU vs. ReLU+PE vs. SIREN

Full colab code

class Siren(nn.Module):
def init (self, in_features, hidden_features, hidden_layers,
out features, outermost linear=False,
first omega @=38, hidden _omega 8=38.):

super{). init ()

self.net = []
self.net.append{SineLayer(in_ features, hidden_ features,
is first=True, omega @=first omega 8)) GT
tor 1 in range(hidden_layers):
self.net.append(5inelLayer(hidden_features, hidden_features,
is _first=False, omega @=hidden_omega 8))

Siren(
(net): Sequential(
(@): Sinelayer(
(linear): Linear(in_features=2, out features=256, bias=True)
)
(1): Sinelayer(
{(linear): Linear(in_features=256, out features=256, bias=True)
)
(2): Sinelayer(
{(linear): Linear(in_features=256, out features=256, bias=True)
)
(3): Sinelayer(
{(linear): Linear{in_features=256, out features=256, bias=True)
)
(4): Sinelayer(
{(linear): Linear{in_features=256, out fteatures=256, bias=True)
)
(5): Sinelayer(
{(linear): Linear(in_features=256, out features=256, bias=True)

)

(6): Linear(in features=256, out features=3, bias=True)

SIREN
result after
1000 epochs

UTI'A Academy of Sciences of the Czech Republic .
Institute of InformationTheory and Automation 73 Department of Image Processing



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

Hands-on

Siren(

(net): Sequential(

(@): Sinelayer(

{(linear): Linear(in_features=2,

)
(1): Sinelayer(

(linear): Linear(in_features=256, out features=256,

)
(2): Sinelayer(

(linear): Linear(in_features=256, out features=256,

)
(3): Sinelayer(

{linear): Linear{in_features=256, out features=2546,

)
(4): Sinelayer(

{linear): Linear{in_features=256, out teatures=254,

)
(5): Sinelayer(

(linear): Linear(in_features=256, out features=256,

)

(6): Linear(in features=256,

out features=3,

256x6 3

> Academy of Sciences of the Czech Republic

Institute of InformationTheory and Automation

out_ features=256, bias=True)

bias=True)

RelLU vs. ReLU+PE vs. SIREN

Full colab code

GT
bias=True)
bias=True)
bias=True) SIREN

result after
1000 epochs

bias=True)

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

Hands-on COmpaHSOn

Full colab code

- .4

ReLU+PE

31


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

rlands-on Extrapolation

Full colab code

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

Continuous, compact, regularized,
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New paradigm with

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

Thanks

Tomas Kerepecky
kerepecky@utia.cas.cz
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BN

Applications
= NeRF

5D Input Output Volume Rendering
Position + Direction [l[l[l Color + Density Rendering Loss
(x,0,2,00)— — (RGBo)
AL «"( Roy:2 D’M o T o / /—W‘.-g.t.. 2
/ , 2

f/

A

Ray Distance

/ ~
(a) (b) (c) (d)

CE i

Fig.2: An overview of our neural radiance field scene representation and differ-
entiable rendering procedure. We synthesize images by sampling 5D coordinates
(location and viewing direction) along camera rays (a), feeding those locations
into an MLP to produce a color and volume density (b), and using volume ren-
dering techniques to composite these values into an image (c¢). This rendering
function is differentiable, so we can optimize our scene representation by mini-
mizing the residual between synthesized and ground truth observed images (d).

\-\}‘ U[ R-’El}' 9 /—“\

\ _
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/AD/./.\
pplications N e R I:

(b) View 2 (c) Radiance Distributions

Fig. 3: A visualization of view-dependent emitted radiance. Our neural radiance
field representation outputs RGB color as a 5D function of both spatial position
x and viewing direction d. Here, we visualize example directional color distri-
butions for two spatial locations in our neural representation of the Ship scene.
In (a) and (b), we show the appearance of two fixed 3D points from two dif-
ferent camera positions: one on the side of the ship (orange insets) and one on
the surface of the water (blue insets). Our method predicts the changing spec-
ular appearance of these two 3D points, and in (c¢c) we show how this behavior
generalizes continuously across the whole hemisphere of viewing directions.

UTiA Academy of Sciences of the Czech Republic _
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pplications N e R I:

. A s
LA & A

Ground Truth

w L " "
L1 L] % . - - - '\.

No View Dependence No Positional Encoding

Fig. 4: Here we visualize how our full model benefits from representing view-
dependent emitted radiance and from passing our input coordinates through
a high-frequency positional encoding. Removing view dependence prevents the
model from recreating the specular reflection on the bulldozer tread. Removing
the positional encoding drastically decreases the model’s ability to represent high
frequency geometry and texture, resulting in an oversmoothed appearance.

l.-fTiA Academy of Sciences of the Czech Republic _
Institute of InformationTheory and Automation 83 Department of Image Processing




BN

Applications LI I I:

—

o %

Yoo,
v 2 B

Bicubic 1-SIREN [41] MetaSR [15] LIIF {ours)

Input {48px)
crop=12px

Figure 5: Qualitative comparison of learning continuous representation. The mput 1s a 45 x 48 patch from 1mages in
DIV 2K vahdation set, a red box mndicates the crop area for demonstration (% 30)). 1-SIREN refers to fitting an independent
implicit function for the input image. MetaSR and LIIF are trained for continuous random scales in % 1-x4 and tested for
* Jl) for evaluating the generalization to arbitrary high precision of the continuous representation.
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Applications

NeRV

Neural Representations for Videos
NeurlPS 2021, Chen et al.

Pixel
Coordinate:

(z,y,1t)

Pixel-wise Pixel concat &

Embedding FC FC FC Output Reshape

Frame Output

(a) Pixel-wise implicit representation (e.g, SIREN)

|

Frame
Index;

(t)

v
l
l

UTiA Academy of Sciences of the Czech Republic
Institute of InformationTheory and Automation

Embedding FC FC NeRV block NeRV block Frame Output

(b) NeRV: Image-wise implicit representation (ours)

91

Want more...

Input

Yo

Convolution
l(C xS* H,W)
PixelShuffle
l(C,S* H,S+W)

Activation Layer
l(c S« H S*W)

Output

(c) NeRV block
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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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