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1. What StyleGAN achieved

StyleGAN improved disentanglement by mapping latent codes to an intermediate
space and controlling them as styles at different layers.

Step by step
1-1 Latent Code

1-2 Disentanglement



1-1. Latent Variable (Latent Code)

e \What is the latent variable 2?

o hidden
o believed to influence a set of observable
Observable

outcomes :
. variables
o what we want to learn in VAE ;

Latent
variables

e Did GAN consider latent variables?



GAN (Goodfellow et al., 2014)

e GAN simply utilized latent code z ~ N (0, I)
o Corresponds to VAE's Gaussian prior of p(z)

e No meaningful semantics in z
 An arbitrary z’' generates an image G(2')
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Info GAN (Chen et al., 2016)

e |Info GAN decomposed latent code into noise(z) and latent code (c) using
information theoretic approach.

minmax V;(D,G) = V(D,G) — M (c;G(z,¢)) = minmaxV(D,G) — A\L1(G, Q)
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Info GAN (Chen et al., 2016)
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1-2 Disentanglement

Def.) different latent dimensions (or factors) control independent, semantically
meaningful aspects of the generated data.

E.g. gender entangled with age Graphical Description

Age+

(a) Distribution of (b) Mapping from (c) Mapping from
features in training set Z to features W to features

Figure 6. Illustrative example with two factors of variation (im-
age features, e.g., masculinity and hair length). (a) An example
training set where some combination (e.g., long haired males) 1s
missing. (b) This forces the mapping from Z to image features to
become curved so that the forbidden combination disappears in Z
to prevent the sampling of invalid combinations. (c) The learned
mapping from Z to W is able to “undo” much of the warping.

+1k corrected samples



Goal

1. Identify the latent variables

2. Disentangle latent variables so that we can control them independently

Did StyleGAN achieve this?
yes + High Quality Image!



StyleGAN (Karras et al., 2019)

GAN (2014)
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2. How did StyleGAN do that

e StyleGAN Original e StyleGAN Simplified

Style-GAN
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StyleGAN (Karras et al., 2019)
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StyleGAN (Karras et al., 2019)

. —> Real / Fake?
Discriminator

Real Image

G’ Generator

+

—> Mapping
Network g

Latent Code Synthesis
Network

/(Y scale, Y bias) : style!

Affine
Transformation

Generated Image

Ag W =Yy, A(w) ={(¥sit,¥sit) 21, C) is the # of channel in layer ¢



Synthetic Network (g) : AdalN (Adaptive Instance Normalization)

Xi — M(Xi)

o(x;)
where x; is the 2-th channel (feature map) of
the activation x

AdaIN(xia Y) — ys,i

+ Yb,i

Desc.

e AdalN is a concept from style transfer.

x: — (X
e The normalization ( i~ M Z)>
o(x;)
removes the original style, leaving only the
content.

e The scale y;; and bias yy; reintroduce a
new style.
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Synthetic Network (g) : Progressive Growing

Detf.)

Gradually growing the resolution of layers
(upsampling)

o (8 x8) — (16 x 16) — --- — (1024 x 1024)

Purpose

It stabilizes generating high-resolution 1024x1024
photo realistic image

Latent z € Z

’

Normalize

network f

lMapping

FC

FC

FC

FC

FC

FC

FC

FC

Synthesis network g

Const 4x4x512

style
—>

AdaIN
|

—

Conv 3x3

style

S

—>» AdalN

Noise

J

4x4

Y

Upsample
|

Conv 3x3

style
—>

<

AdalIN
|

Conv 3x3

style

:
4

—>» AdalN
%?(E:gxg




Experiment : Style Mix

1. Start with two latent codes z 4,z g
2. Input z 4, z g into the generator.

° e.qg.)
z4 — Wa = f(z4)

— (y.sa yb)A — A(WA)
— AdaIN(x,y 4)
— .-+ — Image A

3. Mixw 4 and wp
o Coarse Mix : wpg from low resolution

o Fine Mix : w g only at high resolution

Middle styles from source




Synthetic Network (g) : Noise (Stochastic Variation)

Latent z € 2 Svnfhesis network Noise
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Experiment : Noise Strength Control

Noise strength
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https://youtu.be/kSLJriaOumA?si=Safkb4n0WQb0NWrH&t=131
https://youtu.be/kSLJriaOumA?si=Safkb4n0WQb0NWrH&t=131

Summary : StyleGAN

e The mapping network f successfully

mapped the latent code z to an
intermediate latent code w.

Latent z € Z Latent z € Z Noise

Synthesis network g
[ Normalize Const 4x4x512

L

| Fully-connected |

e These latent codes w were passed through PixsiNorm

i

the affine transformation A and used as [Com 3]
interpretable style concepts. Elimjm
e AdalN normalized the style from the ]
previous activation and re-introduced the o]
style information from the latent code.

[ Conv3x3 |

e Progressive growing enabled stable high-
resolution image generation.

PixelNorm
x8

-

e Noise is added to introduce stochastic local 3
varia t ions. (a) Traditional (b) Style-based generator



Pros, cons, and updates on StyleGAN

Strength) StyleGAN...

e disentangled latent control (styles)
e enabled style mixing and stochastic variation

e improved interpretability of the latent dimension
o e.g.) hair style, skin color, gender, age, etc

e achieved high quality image synthesis (ProGAN)



Weakness) StyleGAN...

* is unconditional, so does not support conditional image synthesis.

Friendly Hugging Pose An asian guy making hugging face



Weakness) StyleGAN...

e fails on multi-class datasets (cf. BIgGAN on ImageNet)

Take. a look
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Weakness) StyleGAN...

e |s very computationally expensive at high resolution and needs multi-GPU training

NVIDIA.

Research Researchlabs ~ Publications Al Playground « Research Areas « Careers v  Licensing

People

Tero Karras

Tero Karras works as a Senior Distinguished Research Scientist at NVIDIA Research, w

?
Problem? interests revolve around deep learning, generative models, and digital content creatior
> generative models and has also had a pivotal role in the development of NVIDIA's RTX"
design.
Research Area(s): Main Field of Interest:
« Computer Graphics Artificial Intelligence and Machine
» Generative Al Learning

« Real-Time Rendering



Weakness) StyleGAN...

e has progressive growing checkerboard, droplet artifacts

o

o Solved in Style GAN 2 (Karras et al., 2020) by discarding AdalN and Progressive
Growing (...)

o |Instead it...
= replaced AdalN with Weight Demodulation

= performed full-resolution training from the start



Questions

Thank you



