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About me

Daniel Roich
Masters student under Dani’s supervision

Fell in love with NN based graphics at the the 3™
year of B.S.C thanks to participating in the Sadna

PTI — Pivotal Tuinng Inversion
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Neural Networks

Neural Networks recap




What is learning

* Data— (X,y)

* Goal —learn a function f: X —» vy

A cat sitting on a suitcase on the floor

* Examples — Classification, Regression, Object Detection and Image
Captioning



Unsuperivsed Learning . aniliie.

1-d density estimation

e Data— X
e Just data, no labels

2-d density estimation

e Goal —learn some underlying hidden structure of the data

* Examples — Clustering, density estimation and feature learning
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VAE

Variational Auto Encoders




Generative Models

\)\J\i\ﬂ AN d\@vqp %QJWU O v W\CJOM\Q U\%Q,%U»\.?

MMV q ve 67/1‘36// f@mﬁargg@,{z %r%{?/ﬁ

vSetul >

This flower has  This flower is This flower 1s This flower has  This flower has

This flower has  long thin pink, white, white and upturned petals  petals that are
Text This flower has  a lot of small yellow petals and yellow in yellow in color, which are thin  dark pink with
description petals that are purple petals in  and a lot of color, and has with petals that  and orange white edges
white and has a dome-like yellow anthers  petals that are are wavy and with rounded and pink
pink shading configuration in the center striped smooth edges stamen
256x256

StackGAN




Generating Models

 Real data distribution:

A
p(x)

* Create new data drawn from the same distribution

* Any distribution in d dimensions can be generated by taking a set of d variables
that are normally distributed and mapping them through a sufficiently
complicated function



Maximum likelihood

* Maximize likelihood of training data:

0" = argmaxE,p, .. 10g prodel(T | )

0

Maximum Likelihood Estimation

— model
mm data

— log likelihood

| 1 1 | | 1
—8 —6 —4 =2 0 2 4 6 8 10

p(x)

Example:

Data: generated from a Gaussian distribution with a variance
of 4, and an unknown mean.

One may think of MLE as taking the Gaussian, sliding it over all
possible means, and choosing the mean which causes the
model to fit the data best.

https://towardsdatascience.com/maximum-likelihood-estimation-984af2dcfcac

10


https://towardsdatascience.com/maximum-likelihood-estimation-984af2dcfcac

generative models

explicit density implicit density
function function

\/a\= GAN

(Variational (Generative
Auto Encoder) Adversarial Net)

11



Autoencoders

* Unsupervised learning — comparing output to input
* Finding a lower dimensional representation of the input

input input

, AUTOENCODER ._
T~ \o utput ‘\_\ ‘bottleneck” /* D
> o

cat

- N\
| J
P
L] )
.~ -
| r

12



Why do we need a latent space?

 Original data contains unmeaningful representation

* Latent features capture meaningful data representation

13



Autoencoder Loss

a descriptive yet
compact signature

input A encode decode

L= D(E(X)) = x Il

Reconstruction Loss

output

14



How can we use an autoencoder to generate
new data?

e Sample data from the latent space and reconstruct new images

input A encode decode output

15



How can we use an autoencoder to generate
new data?

e Sample data from the latent space and reconstruct new images

* Can we do that with regular autoencoders?

e Latent space not continuous
* Hard to interpolate between points




Solution — Variational Auto Encoders

* Make a continuous latent space

* Sample from the latent distribution to receive new data

Data manifold for 2-d z

CoCToTToTTrdrdddsdOOE

ool d S0
oo ool IO
ool dIS O

rrrroreenNOIdII Ok

TN NMMYIID
DTN MNomoy 9D

N eiommiminmog 9O
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ANAANN KNG nhinnhyyawwY !
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BN B B B Bo Bg 0 O O Uy I\ ©w B OE
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Vary z,
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Vary z,



VAE
Kingma et al. - 2014

mean vector

Encoder
Network

(conv)

”

’

sampled
latent vector

h’

~”

Decoder
Network

(deconv)

standard deviation

vector

18



VAE Flow

latent input
simple input representation reconstruction
autoencoders x z=elx) diz)

latent sampled latent input
R input distribution representation reconstruction
autoencoders X plzix) z ~ plz|x) d(z)

Difference between autoencoder (deterministic) and variational autoencoder (probabilistic).



VAE

 Same image can be encoded in different ways

* Creates a continuous Space

* Close points have similar meaning

AE

\ 4

VAE

v

20



Latent Space Arithmetic

Add
Smiling

Remove
Smiling

| Add
Eyeglass

Face without glasses

Remove
Eyeglass

https://houxianxu.github.io/assets/project/dfcvae

21


https://houxianxu.github.io/assets/project/dfcvae

Summary-VAE

» Allows using autoencoder for data generation

* Explicitly models the density function

* Finds meaningful data features

* Disadvantage — blurry outcomes, both generative and reconstructive

 What if we give up modeling the density function?
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GAN

Generative Adversarial Network




2 player game

D: Detective

J":-'k i-: '-f‘. i'..i
J e R n";f E

iﬁ'wl"

R: Real Data G: Generator (Forger) I Input for Generator



Discriminators Goal?

Dive deeper Generators Goal?

Realworld — sample
L Real
Discriminator . E
-] -. .
B
-] O Fake
E
§ ) Generator [——s| Sample
%
=
A
B

m&n max V(D,G) =Egnppu(z) l0g D(z)] + Eznp, (2)log(1 - D(G(2)))].



111(1;1 max V(D,G) = + E.p.(z)log(1 — D(G(2)))].

How to Train?



Training Procedure

ngn max V(D,G) =Eqgpyu(z)l0g D(®)] + Eynp, (2)[log(l — D(G(2)))].

Alternate between:

1. Gradient Acent on Discriminator
mx [Eonpy,, 108 Do, () + Eanp( log(1 = Doy (G, (2))]
d

2. Gradient Decent on Generator

n;in ]Esz(z) log(1 — Dad(Geg (2)))



What its like to train a GAN

[}
'

. . Y .
. . » N aan
. . .

. . . L

Y
)
LR Y B AR T T
o f L]
[ L)

T 7L I I

(a) (b) (©) (d)

Poorly fit model After updating D After updating G Mixed strategy
equilibrium




Training plot
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My First Experience




GANs History

@ -

2

2015 2018
DCGAN BigGAN
2014 2018
GAN Radford, et al Brock, et al StyleGAN

Goodfellow, et al Karras, et al



Yellow boxes are real data samples that are nearest matches to last column of fake
images. This shows the generator didn't merely memorize training examples



GAN




DCGAN

Generator Discriminator




DCGAN




BigGAN

Figure 1: Class-conditional samples generated by our model.



BigGAN




StyleGAN




Super Resolution

bicubic SRResNet SRGAN
(23.44dB/0.77TT)




Image To Image Translation

Ground truth

Labels to Street Scene




I\/I O re | m a ge TO | m a ge(because it’s amazing)

St ""': fI'.l-.
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Applications Overview

@

Conditional Image Generation

SOTA results. Photorealistic image
generation and many use-cases

Creating Larger Datasets

Opens new opprotunities as data became
critical resource in many open problems

ooo
i |

Stability

Hard to train as the proccess is at times
unstable and does not reach nash
eglibalerium

Mode Collapse B;

0=

Stuck in mode collapse — the Generator
outputs the same image all the time. Why?



Auction

Edmond de Belamy Sold for $432,500

Why | chose to show
you this?
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Editing

Editing Images Using GANs




Generative Adversarial
Networks (GANS)

2014

2018 ' 2019



Random images

https://thispersondoesnotexist.com/



Random images

https://thesecatsdonotexist.com/



Baseline Progressive GAN

G Latent Latent Latent
v v v
4x4 4x4 | 4x4 |
I | 8)58 | I I ] I
i [ ]

E i 1024x1024
R. R. - 8
: i Reals . iReals 1iReaIs
D B B 1024x1024
Vo Lo |
| [
! L
§y - j
| ]
v ¥ 8x8 [ |
4x4 | 4x4 | | 4x4 |

Training progresses



StyleGAN2-ADA (2020)

ArXiv: https://aniv.org /abs/2006.06676

« PyTorch implementation: https://github.com/NVlabs/stylegan2-ada-pytorch
o TensorFlow implementation: hitps://github.com/NVlabs/stylegan2-ada
e MetFaces dataset: https://github.com/NVlabs/metfaces-dataset

StyleGAN2 (2019)

e ArXiv: https://arxiv.org /abs/1912.04958
 Video: https:/fyoutu.be/c-NJtVOvpo
« TensorFlow implementation: https://github.com/NVlabs/stylegan2

StyleGAN (2018)

o ArXiv: https://arxiv.org /abs/1812.04948

¢ Video: https://youtu.be/kSLJriaOumA

e TensorFlow implementation: https://github.com/NVlabs/stylegan
o FFHQ dataset: https://github.com/NVlabs/ffhq-dataset

Progressive GAN (2017)

s ArXiv: https://arxiv.org /abs/1710.10196
e Video: https://youtu.be/GOBdECZ-QTg
o TensorFlow implementation:

https://github.com/tkarras/progressive growing of gans
+ Theano implementation:

https://github.com/tkarras/progressive growing_of gans/tree/original-theano-version
e CelebA-HQ dataset:

https://github.com/tkarras/progressive growing_of gans#preparing-datasets-for-training




StyleGAN Architecture
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StyleGAN's style inputs correspond to
different levels of detalils:
coarse, medium, fine

Control: pose, hair, face shape



StyleGAN's style inputs correspond to
different levels of detalils:
coarse, medium, fine

Control: facial features, eyes



StyleGAN's style inputs correspond to
different levels of detalils:
coarse, medium, fine

Control: lighting, color scheme



Not all is perfect




Why StyleGAN?

Original Gender

Original +Wrinkles +Hair Color +Expression +Qverexpose

It has been show that the W latent space is InterFaceGAN (2079)
disentangled and offers editing capabilities StyleFlow (2020)

GANSpace (2020)



What is Disentanglement?

No formal definition which is widely accepted

Proposed definition: a change in a single underlying
factor of variation in the sample x should lead to change
in a single factor in the learned representation r(x)



Example - Rectangles

z = (height, width, color)

Latent Space [ (10, 20 red) (10, 10, red) (10, 20, orangeJ
l I
Desired Domain Space[ - - - }




Photorealistic
image
generation

Disentangled
space

High Quality

Editing




Editing Applications

Creative content generation



Latent space editing

P -———




Can we perform meaningful
manipulations on Real
images?




Can we perform meaningful
manlpulatlons on Real
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End Goal
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W1 editing W1 + 61

Inversion
> | W2 | w, + €5
W3 w3 + €3
[ € R3X256X256 w' € R°'?

€1
Ez)
€3

Learned smile direction



] € R3><256><256

Inversion
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editing
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StyleGAN
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W1 editing W1 + €1

Inversion
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editing W1 + €1 0
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Current Latent Space
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Extend The Latent Space

wl
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ImageZStyleGAN (2020)



Extend The Latent Space

P

weWw+ PreTrained
(18 x 512) StyleGAN

\ weWw+ weWw source

ImageZStyleGAN (2020)



Inversion Drawbacks
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Inversion editing

StyleGAN
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InterFaceGAN

Interpreting the Latent Space of
GANs for Semantic Face Editing
(2020)

Yujun Shen, et al



Demo
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Assumptions

Hyperplane




Method

Hyperplane
Fpaia(

) 95%



Method

<« Hyperplane n, retrieved by SVM
Fpaia( '

) 95%

Fpata(




Distance

Assumptions Visualization




Method
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SeFa - Closed-Form
Factorization of Latent
Semantics in GANs (2020)
Yujun Shen, Bolei Zhou



Demo
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SeFa advantage over
InterFaceGAN




InterFaceGAN advantage over
Sefa
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Play at home

https://github.com/danielroich/P
1

https://colab.research.google.com/qgithub/danielrol
ch/PTl/blob/main/notebooks/inference playground
pynb



https://github.com/danielroich/PTI
https://colab.research.google.com/github/danielroich/PTI/blob/main/notebooks/inference_playground.ipynb

Text driven image manipulation
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Inversion A tanned woman A woman without makeup



Text driven image manipulation

Inversion A man with a beard A blonde man






Editing




Editing




Pivotal Tuning for Latent-based editing of Real
Images

Input




PTI Idea

Before PTI After PTI



Results

+Smile +Age Inversion Real Image

Rotation




Results




NN Based Graphics Future
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