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Generativ Modellezes

Motivacio

Richard P. Feynman (1918-1988)



Generativ Modellezes

Motivacio

Neural Network Output:

O): 9QF% ssssssssssssssssssss

Amit eddig csinaltunk: diszkriminativ modellezes
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Generativ Modellezes
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Generativ Modellezes

Praktikus Definicio

Data distribution ~ E*% oo N a

(unknown)

High Low
probability ~Probability

Novel data points

Y Sampling "@ k::"l E‘ﬁ
I o

Generativ modell — cél: egy adathalmaz eloszlasat modellezni
és uj mintakat generalni!

5



Generativ Modellezes

Formalis Definicio

Diszkriminativ modell: Generativ modell:
p(cimke | kép) p(cimke, kép) = p(cimke | kép) - p(kép)

m 0
A 1

feligyelt tanitas! i
(cimkézett adatok kellenek!) Generativ modell

(feltigyelet nélkiili tanitas!):
p(kép)




Generativ Modellezes

Explicit vs. Implicit modellek

 Explicit generativ modell: explicit mddon reprezentalja a p(x) eloszlas
sUrlisegfuggveényeéet, amibdl mintavételezéssel general uj mintakat

« Példak: VAE, auto-regresszio, diffuzid

 Implicit generativ modell: csak x ~ p(x) mintakat tud generalni, az eloszlas
sUrlsegfuggvényet nem (vagy csak implicit mddon) modellezi

» Peldak: GAN



Generativ Modellezes

Latens valtozok

Generalas Inferencia

latens valtozok [

/ ‘= vl |
. I A .
\ v N y J " »
| h .
A |
discrete: continuous: < NS
glasses hair colour —/ | | =
eye colour & 3
nose shape
Y

N

I latens valtozok

7

Forras: M. Rosca (Google DeepMind)



Generativ Modellezes

Latens valtozok

;. ) Latens valtozok (aka latens kod)

p(z | x) px|z)
Inferencia generalas
(kodolas) (dekodolas)

Adatok




Generativ Modellezes

Latens tér

DATA SPACE R”
LATENT SPACE R¥

encoder % low- denS|ty region
J(F(x0)= \ |

‘@\‘

/ \o g
“ar Ned ma\’\‘c‘O decoder

-

Geometriai értelmezés: dimenzid redukcid — az (alacsonyabb dimenzidju)
latens tér paraméterezi az adatsokasagot (data manifold)!
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Generativ Modellezes

Latens tér

DATA SPACE R”
LATENT SPACE R¥

encoder % low- denS|ty region
J(F(x0)= \ |

‘@\‘

/ \o g
“ar Ned ma\’\‘c‘O decoder

-
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Generativ Modellezes

Latens ter — Kivanalmak

HEe T

royal royal

disentanglement_lib

Szemantikai szetvalaszthatosag Linearitas (vektor aritmetika)
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Generativ Modellezes

Latens ter — Kivanalmak

HEe T

royal royal

disentanglement_lib

Szemantikai szetvalaszthatosag Linearitas (vektor aritmetika)
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Generativ Modellezes

Latens ter — Képekre

pixels latents

=3
c=8

C

w=256

w=32

Képekre a latens gyakran maga is egy (kisebb méretl, sokcsatornas) kep (tenzor)!

12



Generativ Modellezes

Elvarasok

* A generativ modellekkel szemben tamasztott
elvarasok:

* A generalt adatok legyenek “valodiak”,
“erdekesek”, altalaban “j6 minéséguek”!

* A generalt adatok legyenek soksziniek,
fedjék le a teljes adathalmazt, ne csak egy
reszhalmazat!

* A generalas folyamata legyen minél
gyorsabb, minél kevesbeée
er6forrasigéenyes!

* Egyszerre nehéz teljesiteni — “Trilemma”!

13

Generative Denoising
Adversarial '\ Diffusion
Networks . . Models

Fast

Sampling !

T . . - . . -— - . - - . —_ - - . - -

Variational Autoencoders,
Normalizing Flows



Képek Osszehasonlitasa
Mean Squared Error (MSE), Peak Signal-to-Noise Ratio (PSNR)

PSNR =10 -1 (MA X )
Mean INIL = 10819 .
Squared MSE
1 <& ~ ( MAX, )
_ . 1Y 2 — 20 - log
MSE = -~ E Y; — Y, '\ VIMSE
i=1 = 20 - log,, (MAX;) — 10 - log,,(MSE).

Atlagos négyzetes hiba Maximalis jel-zaj arany [dBl]

2

14



Képek Osszehasonlitasa
Mean Squared Error (MSE), Peak Signal-to-Noise Ratio (PSNR)

X ¥ ¥y
Melyik van kbzelebb MSE értelmeben?



Képek Osszehasonlitasa
Mean Squared Error (MSE), Peak Signal-to-Noise Ratio (PSNR)

MSE(Y,,X) < MSE(Y,, X)

X ¥ ¥y
Melyik van kbzelebb MSE értelmeben?



Képek Osszehasonlitasa
Structural Similarity Index Measure (SSIM)

SSIM(«T) y) — l(xa y)a . C(ma y)ﬂ . S(x) y)7 ‘ ‘ =

luminancia kontraszt struktura

8% initial

2, A-'.'f-i': ‘ image
SSIM(z, y) (202 pty + €1)(204y + c2) A
LyY) =
2 2 2 2
| rgference equal-MSE
1 : perfect similarity . hypersphere
—1 <SSIM <1 SSIM = < 0 : no similarity converged image
—1 : perfect anti-correlation (worst SSIM)

16



Képek Osszehasonlitasa
Structural Similarity Index Measure (SSIM)
Understanding SSIM

Jim Nilsson Tomas Akenine-Moller

NVIDIA NVIDIA

b

Houston, we have a problem!

SSIM

L . ' - 5 ~ 2 ol @ .‘;.
. o - - n LY -~ -
v g ‘. - -’
. o & 2 . - : , ‘ = : hy 4 -
- w & L - - ¢ - E
S N, G - T) "
T ? D » ’ﬁ(‘-'};'p_‘;. -
__‘_l \> - > k:* -~ 4 "’s .:.. = - &
= » » B : § -y —
- 8 7
s s Al Y L P &%
o | o~ “' ’;-‘-. > o 14 ‘_;| t D l‘ 4 £
o i -_‘.'.'_" = 'f’ '!', LT ‘ » Migd®
L & > - «ud » - - ——— NI e . P S ' o 2 B 1
. > ‘. ~ ' -




Képek Osszehasonlitasa

Learned Perceptual Image Patch Similarity (LPIPS)

The Unreasonable Effectiveness of Deep Features as a Perceptual Metric

Richard Zhang!

Patch 0

Eli Shechtman®
3 Adobe Research

Alexei A. Efros!
20OpenAl

Phillip Tsola'?
lUC Berkeley

Reference

Humans
L2/PSNR, SSIM, FSIM v
Random Networks v

Unsupervised Networks
Self-Supervised Networks
Supervisac Nelworks

Oliver Wang®

\;’/

"hage 1

Reference Pateh 1

Image 2

"
at!
SPerage i
AVE -
/,'
1’I’ ’




Generativ Modellek Mindsitese

I n ce pti O n SCO re (I S) Input: 299x299x3.l0utpul8x8x2048
N D
222\ Zzen) Z28n) 7\ /aze) /asn) Zaen) Zaan) N\ [ AN [ A
el IEHEEMENH O S
ar’ \a 7/ AN ! ar’ \a e/ \ N\ 4, WL/
L/ L
| \
Inception v3 | | - N§4048
Convolution 909090:-299 \ 2040 /
> ogil © * / P . Final part:8x8x2048 > 1001
am Concat
o Dropout
' Fully connected
& Softmax /

Inception v3

1 képre: ImageNet cimkék eloszlasa legyen “csucsos”

KL divergencia a cimkék marginalis
IS & képenkeénti feltételes eloszlasa kHzo6tt:
nception v

—> IS(z) =exp(Eznp, [DxL [p(y|z) || p()]])
=exp(Epmp, y~p(ylz) 108 p(y|z) — log p(y)])
=exp(H(y) — H(y|x))

L~

N képre: ImageNet cimkék eloszlasa legyen “egyenletes”

19



Generativ Modellek Mindsitese

Frechet Inception Distance (FID)

Real

Generated

\

Inception-V3 >

-

Real features

__T
Nip., 2,

{

Fréchet distance

-

t

N(py, ;)

g? =8

Inception-V3 _bLL Gen. features

FID (120, By, ) = [0 — gl +Tr (B + 5y — 2(55)

20

Tavolsag az Inception v3 leirok normalis
eloszlasa k6zo6tt (Wasserstein tavolsag)

V] L

)

2



Autoenkoder

Input Encoder Decoder Reconstruction

EEWR e MAEEEmNEeE® i I AAEEEENEREN
-'(5!( b '\ “NEEEEEE “®’Y RN TCENNEEEEENT TEN

ﬂ‘.‘ “ I;s LT T ;=====: o il
.illlnmlnlllll..m i/ BEEEN. AR
e |
BE ai========. za 01
el g b L
-slll:'. ‘imn.:::ul 14 ;
Illlh.-ll 5.1
L -

TR o
| P i E
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Autoenkoder

Autoencoder

What does it represent?

DATA SpAcE R"

LATENT SPACE Rk

/. S g

(S g

decoder high

oX
1 o"A encoder 4 low-density region
Jren==\ |

P \/QN)
M==9(R"‘)\ /

b

22

input data

How is it implemented?

information bottleneck

encoder decoder
Jo Z 9¢
latent
code

. —5
------- > Z Ixi = g5 o (i) I° ===+~

reconstruction loss
(mean squared error)

Pd)

ndino papodap



Autoenkoder

Linearis autoenkoder — PCA

Mely iranyok mentén legnagyobb/legkisebb az adatok varianciaja? o
’ . - . . . sy o« 7 g PC2
KepezzlUk az adatpontok (empirikus) kovariancia-matrixat: S |
-y . PCA dimensicnality = PC1
Q - 2 (X _ X)(X _ X)T — (X Xl)(X Xl)T % X reduction > é I
Szamoljuk Ki Q sajatertekelt & sajatvektorokait (azaz X szingularis PC2 2

értek felbontasat (SVD))

N
Q =UZ?V/! = Z cruv’!
=1

Principal component #1

« Maximize variance along PC1
¢ Minimize residuals along PC2

« Kivalasztjuk a k db legnagyobb o;-hez tartozé vektort A
(fékomponenst) — Principal Component Analysis (PCA) .
A PCA (aka “faktor analizis”) tovabbi értelmezeései: h -
* az adatok legjobb k-dim. linedris modellje (tavolsag”2 szerint) 5 §
. az adatokra legjobb illeszkedd k-dim. ellipszoid (norméis eloszids) =~ .

* a matrix kdzelitése a legjobb k-rangu matrix-szal

23



Autoenkoder

Linearis autoenkoder — PCA
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Autoenkoder

Linearis autoenkoder — PCA — Peélda (MNIST ¢3?)

Mean AL =34-10° Ao = 2.8-10° A3 =2.4-10° A =1.6-10°

) : ) )
3 5 s) -,/ _)

FOkomponens vektorok

Original M=1 M =10 M =50 M = 250

0 200 400 600

Kovarianciamatrix sajatertekei

2

211313153

Rekonstrukcio M fékomponenssel

24



outputs

Autoenkoder

Mely autoenkoder

* Linearis enkoder + dekoder rétegek MSE rekonstrukcios
hibara tanitva = PCA! (modulo bazis transzformacio)

®

PCA Linear Autoencoder

Linearis Autoenkodder / PCA

F1 F2
inputs > » outputs

[— nonlinear —1

Mély Autoenkoder

« Altalanositas: tdbb réteg + nemlinearitasok a rétegek
koz6tt — meély autoenkoder neuralis halo!

25



Autoenkoder

Mely autoenkoder

encoder

fo

input data
=

y/

latent
code

decoder

9o

reconstruction loss

26
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Autoenkoder

Mely autoenkoder — miert nem eleg?

B
D
2§

Ha csak rekonstrukciora optimalizaljuk, a mély autoenkoder latens terébdl nem lehet barmit dekodolni!
Valahogy regularizalni kell a latens ter eloszlasat...

random latens kod CIFAR-10 autoenkoderrel dekodolva

27



Variacios Autoenkdder (VAE) s ot ere

Diederik P. Kingma Max Welling
Machine Learning Group Machine Tearning Group
Universitert van Amsterdam Universiteit van Amsterdam

3INEr I:I Interact with & Variaticnal Autcenccder (VAE) in your browser!

Latent Space
Resample ®
Means 4
9.46, 1.631]

Std. Deviatians © sampled »
t(.)' 09 - ¢ ‘\'-‘,I LL_’. 1‘0 ’ 1. (‘U] .

Decoder

¢ % Explain VAE Details

https://xnought.qgithub.io/vae-explainer/

28


https://xnought.github.io/vae-explainer/

Variacios Autoenkoder (VAE)

Maximum Likelihood

Likelihood of ® ©®
observing the - P
data: o - ®
T '
! |
: [
: A ‘¢ A . .
‘ ! _ '. ’ - . Training iterations -
const!
Htl? KL(medel(x) ‘ ‘ptrue(x)) < min Z ptrue(x) lOg pmodel(x) o Z ptrue(x) lOg ptrue(x)
px

< max - DirueX) [lOg P model(x)]

Cél: maX|maI|zaIn| az adatpontok valdszinliségét
“maximum likelihood”

29



Variacios Autoenkoder (VAE)

Latens valtozo modell

a) Prior, Pr(z) b) Likelihood, Pr(x|2*,#) <€) Marginal, Pr(x|o)
* Vezessunk be |atens valtozot: |
7z~ p(z) = N(0,]) (Prior) | Normofo
, y
 Probabilisztikus dekoder: @
p(x ‘ Z) ™~ ‘/’/(//tx|za 6)

rrrr

* Log-likelihood = MSE rekonstrukcio:

log p(x) = log(e™ | =1@ ] 2) — H x—u(?) H ‘1

» Likelihood (marginalizalas):

log p(x) = log Jp(x | 2) - p(2)dz %

30



Variacios Autoenkoder (VAE)

Variacios Bayes inferencia e(r12) B

Hidden Vars (z)

e Cél: dekoder = enkoder™!

 Probabilisztikus enkéder p(z | x) — Bayes formula: qo(z | x) REEZE
Dekoder  Prior
plx | z) - p(2)
p(z | x) =
Enkdder p(x) »
(Posterior) =< A

» Variacios Bayes — kozelité posterior eloszlas i
q(z | x) ~ N(u,,, Z,), minden bemenetre kilén a(z)
optimalizalt paraméterekkel: N\

pz | x)~ argmqin KL(g(z | )| |p(z | x))

ELBO: -2.5 KL: 20

31



Variacios Autoenkoder (VAE)

Variacios Bayes inferencia e(r12) B

Hidden Vars (z)

e Cél: dekoder = enkoder™!

 Probabilisztikus enkéder p(z | x) — Bayes formula: qo(z | x) REEZE
Dekoder  Prior
plx | z) - p(2)
p(z | x) =
Enkdder p(x) » A
(Posterior) <

* Variacios Bayes — kozelitd posterior eloszlas
q(z | x) ~ V() Z.,,), minden bemenetre kilon
optimalizalt paraméterekkel:

pz | x)~ argmqin KL(g(z | )| |p(z | x))

ELBO: -1.9 KL: 1.9

31



Variacios Autoenkoder (VAE)

Variacios Bayes inferencia e(r12) B

Hidden Vars (z)

e Cél: dekoder = enkoder™!

 Probabilisztikus enkéder p(z | x) — Bayes formula: qo(z | x) REEZE
Dekdder  Prior
p(x | z) - p(2)
p(z | x) =
Enkdder p(x) » R
(Posterior) <
* Variacios Bayes — kozelitd posterior eloszlas
gz | x)~N (4,).» Z-|,), Minden bemenetre kilon /
optimalizalt paraméterekkel:

p(z | x) = argmin KL(g(z | x) | [p(z | x))

q ELBO: 1.0 KL: 1.0

31



Variacios Autoenkoder (VAE)
Evidence Lower Bound (ELBO)

* Egy kis favagas...
KL(g(z | DIlp(z | ¥)) = E . [log g(z | x)] —

— Tg(zv) llog q(z | X)] —

_q(zlx)[logp(z ‘ X)]

p(x | p(2)
p(x)

_q(zlx)[logp(x ‘ Z)] —

A végsé célunk: max log p(x)

= q(z|x) [lOg p(Z)]

— = (_q(z|x)[10gp(x ‘ Z)] o KL(Q(Z | )C)l |p(Z))) + Ing()C)

ELBO

e Azaz:

log p(x) = ELBO + KL(q(z | ©)||p(z | x))

model evidence 26!!

» log p(x) > ELBO = Evidence Lower Bound

32

~q(z|x) [lOg P ()C)]

KL(q||p)

—X.

[ 3

[ )

ELBO In p(X|0)




Variacios Autoenkoder (VAE)
ELBO — Ekvivalens alakok

o ELBO =

« ELBO =

log p(x) — KL(g(z | X)||p(z | x))

rekonstrukcios hiba + regularizacio

«-wlogp(x, 2)] — H(g(z | x))

teljes energia — entropia
(variacios) szabad energia

33

ACTIVE
INFERENCE

Prior distribution: pe(z)

00..’. 0 Z-Space

Encoder: qq

(z|x)

Decoder: pe(x|z)

.0
-
‘.
L

X-space

Dataset: D




Variacios Autoenkoder (VAE)

VAE loss

. Variacioés Autoenkéder (VAE) — ELBO loss (1 db x*
adatpontra); T
LVAE(xi9 0, D) = _qq)(z|xi)[10gp®(xi | 2)] = KL(go(z | x)|Ip(2))

Decoder
rekonstrukcids hiba regularizacio Pe(x | z)

. Gauss eloszlasokra (gg(z | x') = N (Ug, diag(cg))): Hidden Vars (z)

|Z]

: 2
=1

qdo (Z | x) Encoder
* ToObb adatra (mini-batch-re) atlagoljuk:

‘x[LVAE(X, @, (D)] —> mln

34



Variacios Autoenkoder (VAE)

ry ry
Tanitas
a) b)
° E
X »®
e < .
S =
ioﬁ RELBOOY, o' E‘
LZLBO[O“)] Pl

(f)_UJ ¢ (Z-)[:_j_

d)[“J “ ¢

Dekdder optimalizalas Enkoder optimalizalas End-to-end optimalizalas

35



Variacios Autoenkoder (VAE)

Tanitas — Amortizalt inferencia

« Minden x-re kiil6n optimalizaljuk a kdzelitd posterior [ de
paramétereit?

 Amortizalt inferencia: az eloszlasok parameétereit allitsa el6
egy neuralis halo!

 VAE tanitasa
Minden x minibatch-re:

1. Mintaveétel (enkoder): 2 ~ N (p, 2.1,

2. Mintavétel (dekoder): x' ~ A (py_, )

3. Loss kiértékelés: £, [Ly4x(x, O, D)]

4. O, O backprop + optimalizacié

36



Variacios Autoenkoder (VAE)

Tanitas, inferencia — Reparametrizacios trikk

e Hogyan optimalizalunk egy

5 ™ p(Z ‘ )C) =N (//t, Z) eloszlasbol Original form  Reparameterised form
mintavetelezett random valtozon :—-————— ------------------------
keresztul?

« A kiskapu — reparametrizacios trikk:

I
I
I
I
' :
' I
i .
I
I
n y 4 " " V 4 y 4 rr y 4 |
e Derivaljuk a mintavetelezes muveletét? ; (W)
I
I
I
I
. :
' |
l I
' |
' I
' I

z=u+o-e¢,e~NHN01

<> . deterministic node O : random node
Az optimalizalt valtozok szerint

determinisztikus fliggveny!
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Variacios Autoenkoder (VAE)

Osszefoglalas

Variational distribution Loss function Data example should

should be similar to prior ELBO[@, ¢ - have high probability
Dxr [q(z\x. 9)|Pr(z)} B _ , . _log|Pr(x|z*, @)

Pr(x|z*, ¢)

38



Variacios Autoenkoder (VAE)

Egy tipikus allapot a VAE tanulasa kdzben:

AAH,
S0 IT'S LIKE
THAT, HUH.

I UNDERSTAND)
EVERYTHING

IT AT ALL

Els6re (meg masodikra, sit.) nem kdénnyu atlatni, de ne adjuk fel!
Gondoljuk at a Iépéseket alaposan és ha valami nem tiszta, kérdezzink!

39



Variacios Autoenkoder (VAE)

AE vs. VAE — Latens teér

2D Latent Space Representation of MNIST Test Data Latent Space Visualization

l‘(:' K

10 4

Latent Dimension 2

_40 R

-10 0 10 20 30 40 4 3 2 1 0 1 2 3
Latent Dimension 1 71

AE VAE

40




Variacios Autoenkoder (VAE)
Variaciok — /-VAE

E o108 Pe(x' | 2)]1—KL(ge(z | x)||p(2))

Disentangled
Environment J Object Entangled

roomid turnleft turnright

distance left object * rotation object id

A regularizacids tagot sulyozva
flggetleniteni lehet a latens
dimenziok hatasat!




Variacios Autoenkoder (VAE)

Variaciok — VQVAE

o Otlet: kvantéljuk a latens kddokat
(diszkrét codebook)

« Vektor kvantalas (VQ), pl.
Nearest Neighbor / K-Means

« “Tokenizalas” — lehetdvé teszi pl.

az autoregressziv generalast!
e TOMOrithetd reprezentacio

« Egyfajta tanithato prior

42

z (x)




Variacios Autoenkoder (VAE)

Videoajanlo

L =alrecons + /)LKL

2,(x) = € Balznced

'\:—_».1_351"':[;-: jn':rv-,
where
k = argmin || v (x) ¢ | s
o) f’ ’ ( ) (}‘ 5

Z (_1')» < K

pe(zlx) / N Pa(x|2)

Inference . Generation

>

128X 128 X 3 4> 4x16
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https://www.youtube.com/watch?v=HBYQvKlaE0A
https://www.youtube.com/watch?v=yQvELPjmyn0
https://www.youtube.com/watch?v=RNAZA7iytNQ

Variacios Autoenkoder (VAE)

Videoajanlo

L =alrecons + /)LKL

2,(x) = € Balznced

'\:—_».1_351"':[;-: jn':rv-,
where
k = argmin || v (x) ¢ | s
o) f’ ’ ( ) (}‘ 5

Z (_1')» < K

pe(zlx) / N Pa(x|2)

Inference . Generation

>
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Variacios Autoenkoder (VAE)

Autoenkoderek jelentosege
https://sander.ai/2025/04/ 15/latents.html

\%
stage 1

input .- latents __ reconstruction
Loottleneck
---------------- % oerceptual ¥ Ladve
traini iterative v
ralhlng encoder m—' generator
stage 2 (AR or diffusion)

input .- latents __

iterative

sampling generator
(AR or diffusion

latents output

Sok generativ modell latens térben operal, kiilén tanitott enkoderrel/dekoderrel!
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Variacios Autoenkoder (VAE)

Eredmények

NVAE: A Deep Hierarchical Variational Autoencoder

Arash Vahdat, Jan Kautz
NVIDIA

>y

Okosabb (hierarchikus) prior eloszlassal

Egy VAE altal generalt kepek gyakran elmosodottak, csak “atlagos értelemben” jok!
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Generative Adversarial Networks (GAN)

Generative Adversarial Nets

Ian J. Goodfellow; Jean Pouget-Abadie/ Mehdi Mirza, Bing Xu, David Warde-Farley,

Sherjil Ozair] Aaron Courville, Yoshua Bengio® D em ér .1 99 O _ b en (! !) -

Département d’informatique et de recherche opérationnelle
Universit€¢ de Montréal

Montréal, QC H3C 3J7
Making the World Differentiable: On Using Self-Supervised Fully
Recurrent Neural Networks for Dynamic Reinforcement Learning
lan Goodfellow @B rouow and Planning in Non-Stationary Environments

DeepMind Jiirgen Schmidhuber*

Verified email at deepmind.com - Homepage

Deep Learning

CITED BY YEAR

TITLE

. ' *
Generative adversarial networks 72471 2014

§ B amad Ak AA o B N Vieorde BEadass ¢ ——"
MIOW }F’,,?J‘ ADAJdIe Y ’.q'.lt > AU, U yyarage-raney. 9 id

Advances in neural iInformation processing
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Generative Adversarial Networks (GAN)
GAN loss

. EQUILIBRIUM POINTS IN N-PERSON GAMES
THEORY OF By JouN F. Nasn, Jr.*

GAMES
| G

« Két halo versenyez egymassal (Id. jatekelmélet): ',: i | AND

ECONOMIC

BEHAVIOR

« Generator G(z): a z latens kédbdl Uj x mintat
general.

« Diszkriminator D(x): osztalyozza az x mintat

(Valédi/Hamis).
* Versengd (adversarial) veszteségfliggveny: Training set / / N Biscriminator
| // N Real
min max {—x[log D(x)] + E,[1 —log D(G(Z))]] Random /1 r “ Fake

noise —
AVt s LA
s;';_:\-{;:""--"’.'..'t""f-‘:
e AN,
Ay e IN
— P St N L TR
’ ’ ‘ e Y e :
e e
e e
GG AT N
S R T
S - T Ok, L
::‘,,-;Qv.:',"o\“-‘c:?"
.
.,

Egyensulyi (nyereg) pontot keresink! Generator Fake image
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Generative Adversarial Networks (GAN)
Nash egyensuly

Al A NASH EQUILIBRIOM, NEITHER
PLAYER CAN DO BETTER, GVEN
THE OPPONENT'S STRATEGY

f 'I,‘ p /
"' vy S
: f e '
i

{ ‘4 y

https://www.youtube.com/watch?v=Moe7EBeUjVc
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Generative Adversarial Networks (GAN)

GAN tanitas

 GAN tanitas — egy ilyen loop vajon sikerre vezet?

1. Optimalizaljuk a Diszkriminatort

2. Optimalizaljuk a Generatort

* A GAN haldk tanitasa sajnos legendasan nehéz...

* Egyik hald sem nyerheti meg a jatékot! ;;
U‘ SRR ASEC AR
« Ha a Diszkriminator 100%-ra teljesit a tanitd halmazon, SRR/ ALY,
a Generator az egyik modusra tanul ra (mode collapse)
Mescheder et al. Which Training Methods for
GANs do actually Converge? 2108.
» » . o
o - g o <HIEE TN, Rengeteg kulonb6z6
: modszer, loss variacio, stb...
Step 0 Step 5k Step 10k Step 15k Step 20k Step 25k Target
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Generative Adversarial Networks (GAN)
GAN Lab

Epoch

D 001,931

Data Distribution

GAN Lab ] < 0

MODEL OVERVIEW GRAPH /' LAYERED DISTRIBUTICNS

Gradients '
. - - -
e >
T A T )
® 9 P }"" _l\.';
B f ‘e ! ’o * »
o1t rratge gt b -
Tt B 5 sl - - :
o Rl _..1'.’.“,;.. 1 . o
A B i h " R, | Ny ' ”
Fﬁ‘ g S 1 - g ’ . LN
WX N\ RN .
™ _ .u. “ »
‘ . 4 @
’ . R
.« wev *
AR A :
w oy ~ . "Pasgdi .
~ r al. " ' !‘ - =
- " L r LA »
; o - . =o'
Noise Generator Samples Diecriminator Predicticn of T . . P~
Samples : « te
- . »
"
\
real samples fake samplas
L discrimnato
Gradients - :
: green regions Ipicreg

Manifold f Oeneralor

gradients

)

https://poloclub.qgithub.io/ganlab/
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Generative Adversarial Networks (GAN)

Fejlodes

lan Goodfellow
B @goodfellow_ian

4.5 years of GAN progress on face generation.
arxiv.org/abs/1406.2661 arxiv.org/abs/1511.06434
arxiv.org/abs/1606.0/536 arxiv.org/abs/1/10.10196
arxiv.org/abs/1812.04948

Az elsé igazan “Ut6s” generativ modellek GAN-ok voltak!
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Generative Adversarial Networks (GAN)
Deep Convolutional GAN (DCGAN) [2016]  ucurervisen keresenmamion Learsmo

WITH DEEP CONVOLUTIONAL
GENERATIVE ADVERSARIAL NETWORKS

Alec Radford & Luke Metz
indico Research
Roston, MA

{alec, luke}@indico.io

Soumith Chintala
Facebook Al Research
New York, NY

soumith@fhk.com

100 Z -

Project and reshape CONV 1

CONV 4 i~
G(2)
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Generative Adversarial Networks (GAN)

DCGAN — Latens ter interpolacio
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Generative Adversarial Networks (GAN)

DCGAN — Latens ter aritmetika

smiling

woman smiling man



Generative Adversarial Networks (GAN)

Pr odres SZl,V G AN [201 7] PROGRESSIVE GROWING OF GANS FOR IMPROVED
g QUALITY, STABILITY, AND VARIATION
Tero Karras Timo Aila Samuli Laine Jaakko Lehtinen
NVIDIA NVIDIA NVIDIA NVIDIA and Aalto University
G Latent Latent Latent
v v v
4)54 4x4 4x4
; 8)'(8 [ | | ;
; ( ]
l |
: . ( ]
: : ‘ J
: : ' '
g g 1024x1024
B. BR. K
. i Reals . Reals ; ; Reals
D 5 1024x1024
i & y 3
; [ ]
| [ ]
| v v [ '
v t 8x8 | l ] l
4x4 4x4 4x4
Training progresses _

Otlet: tanitsunk fokozatosan, névekvé felbontasu képeken!
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Generative Adversarial Networks (GAN)
Styl eGAN [201 8] A Style-Based Generator Architecture for Generative Adversarial Networks

Tero Karras Samuli Laine Timo Alla
NVIDIA NVIDIA NVIDIA
Latent z € Z Latent z € 2 Svnthesis network Noise
5 g . 7
v_ v_ 1. Minden felbontast
Normalize Normalize Const 4%x4x512 ,
s Mapping e . modulal (AdalN) egy
L network f 5315 RGN stilusvektor alapjan
PiXClFIOHII FC Cony 3%3 Distribution of
C Ix3 : B le- . , features 1n training set
o=z FC style < 2. Minden felbontason
PixcINorm FC A AdaIN| |, , + Vi H | d'f‘f' : 2
l T == i zajt visz be (a la diffuzio!)
FC
Upsample FlC Upsa[mple
. 3 F'C Conv 3%3
onv 3% Mapping from
| FC stylc @‘ B j«— Z :)(E)fcilurcs
PixelNorm ¢ A r—> AdalN
[
Conv 3%3 Conv 3%3 ’
< A tiv Instance Norm:
PixelNorm wE W [ style (e B dap sidnce INO
2x8 > A > AdalN Sx8 X; — ,U(Xl') |
A 4 ¢ AdaIN(X,. y) - yh'.'i | yb-i' Mapping from
ceoe oo o (xl ) W to features
(a) Traditional (b) Style-based generator
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Generative Adversarial Networks (GAN)
StyleGAN — Eredmények

https://thispersondoesnotexist.com/

https://thisanimedoesnotexist.ai/
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Generative Adversarial Networks (GAN)
StyleGAN — Stilus atvitel
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Generative Adversarial Networks (GAN)

StyleGAN — Variansok*

Our method (config F)

StyleGAN2

State-of-the-Art in the Architecture, Methods and Applications of

StyleGAN

AMIT H. BERMANO, Tel Aviv University
RINON GAL, Tel Aviv University

YUVAL ALALUF, Tel Aviv University
RON MOKADY, Tel Aviv University
YOTAM NITZAN, Tel Aviv University
OMER TOV, Tel Aviv University

OR PATASHNIK, Tel Aviv University
DANIEL COHEN-OR, Tel Aviv University
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https://www.youtube.com/watch?v=c-NJtV9Jvp0

Generative Adversarial Networks (GAN)

StyleGAN — Variansok*

Our method (config F)

StyleGAN2

State-of-the-Art in the Architecture, Methods and Applications of

StyleGAN

AMIT H. BERMANO, Tel Aviv University
RINON GAL, Tel Aviv University

YUVAL ALALUF, Tel Aviv University
RON MOKADY, Tel Aviv University
YOTAM NITZAN, Tel Aviv University
OMER TOV, Tel Aviv University

OR PATASHNIK, Tel Aviv University
DANIEL COHEN-OR, Tel Aviv University
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https://www.youtube.com/watch?v=c-NJtV9Jvp0

Generative Adversarial Networks (GAN)

Sic transit gloria mund....

e 2020-10l beindult a diffuzios modellek fejlédése...

* A GAN alapu modszereket hanyagolni kezdték...

* Vannak ellenvelemenyek: GANS DIDN’T FAIL, THEY WERE
ABANDONED

GAN, AI scaling

Diffusion models supposedly beat GANs because they scale better and stabler. That is unproven, and false. GANs
should be revisited.

by: Gwern Branwen + 2022-10-04-2022-10-15 * notes -+ |certainty: possible D - |importance: 4

https://gwern.net/gan
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Generative Adversarial Networks (GAN)

R3GAN*

l{l' ."\. lt".'(—’zh

'

Conv 1 x 1
Bias
LeakyReLU

l Rill X :;;(‘in

GrpConv 3 x 3

Bias
LeakyRelLU

4

Conv 1l x1

' 4 ‘\A “m . oC

l) v U
Lin * 9%

l R, x 150,

Bilinear 2

l l{"lli X ;-'-’(~'lnl

Residual Block
Residual Block

I [{I";' oK ‘_,.')(i‘”
l l{“, X l—'(x

Residnal Block
Residual Block

l Rin x 1.5C;,

Bilinear = x

I Rout % 1.5C,,

ut

The GAN is dead; long live the GAN!

A Modern Baseline GAN

Yiwen Huang
Brown University

Modernebb
architekturalis

elemek
(ResNet)

Uj loss

Transformer haloktol
kOlcsonzott trukkok

61

Aaron Gokaslan
Cornell University

Volodymyr Kuleshov
Comell University

James Tompkin

Brown University

Configuration [ID, G #params D #params
A Style(iAN2 7.316 24 7767M 24 001M
B Stripped StyleGAN2
- z normalization
- Minibatch stddev
- Equalized learning rate
- Mapping network
- Stvle injection
- Weight mod / demod  12.46  18.8390M 23.996M
- Noise injection
- Mixing regularization
Path length regularization
- Lazy regularization
C Well-behaved Loss
+ RpGAN loss 11.77 "
+ I1; gradient penalty  11.65 185 S3.250M
D ConvNeXt-ify pt. 1
+ ResNet-ily G& D 10,17 23.400M
’ 23.282
- Qutput skips  9.950  23.378M 23.282M
E  ConvNeXt-ify pt. 2
+ ResNeXr-ifyG& D 7.507 23.188M 23.091M
+ Inverted bottleneck 7.045  23.058M 23.010M

Table 2: Effect of our simplification and modernization
ellorts evaluted on FFHQ-256.



Generative Adversarial Networks (GAN)

2 =. SanderDieleman &

VQ GAN Taming Transformers for High-Resolution Image Synthesis et
IMO VQGAN is why GANs deserve the NeurlPS test of time award.

Suddenly our image representations were an order of magnitude more
compact. Absolute game changer for generative modelling at scale, and
the basis for latent diffusion models.

real/fake

Patrick Esser™ Robin Rombach*® Bjorn Ommer
Heidelberg Collaboratory for Image Processing, IWR, Heidelberg University, Germany

From VQVAE to VQGAN

Codebook

learned

reconstruction

learned learned

i) replace L2/L1 rec. loss with LPIPS (includes pixel-level)
ii) add (patch-wise) Discriminator to favor realism over perfect reconstruction
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Generative Adversarial Networks (GAN)

GAN but not forgotten

perceptual #
feature
extractor

a— n ‘\
vV
discriminator

adversarial

A latens dekodereket / tokenizalokat manapsag is GAN loss-szal tanitjak!
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Kovetkezo eloadas:

Diffuzios Generativ Modellek

o ZajcsOkkentd autoenkoderek
e Diffuzidos modellek alapijai

e Folyamillesztés

64




