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Vizudlny cortex

» Ventrdlna cesta -, Co"
®» Rozpoznanie formy a reprezentdcia objektu
» Dorsalna cesta —,,Kde"

» Priestorové rozlozenie a vzfahy objektov




Klasifikdcia - ,,Co je na obrdzku?e*
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Detekcia — ,,Co a kde je na obrdzku?e*
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Detekcia a segmentdacia
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Revolucia v spracovani obrazu

ImageNet Large Scale Visual
Recognition Challenge (ILSVRC)

Classification Results (CLS)
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Imagenet classification with deep convolutional

saksd neural networks

Alex Krizhevsky, llya Sutskever, Geoffrey E Hinton,
2012



Konvolucna siet
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Konvolucnad vrstva

» Fukushima 1979 - Neocognitron

= Novy typ neurénov — konvoluénu
vrstvu (operdtor) 1"1 1xu 1xl 0Ol|0
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Konvolucnad siet = hlboka sieft
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Problém s hibkou sieti
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VANISHING GRADIENT PROBLEM
» Pri uceni dochddza k zmiznutiu L0 @ 8 16 0@
alebo vybuchu gradientu siete T ‘ , \"@Q




Riesenia pre hlboké siete

» Nepouzif gradientovi metddu
opfimalizacie

» Pouzit optimalizdciu pomocou
derivacii 2. radu (1989)

» Pouzit pred-trénovanie siete (2007)

» Pouzit rychlejSiu optimalizaciu
pomocou derivdcii 2. radu (2010)

» Pouzit in0 aktivaéni funkciu (2010)
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Pohlad dovnutra konvolucnej siete
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Pohlad dovnutra konvolucnej siete:
nizko abstrakiné reprezen’récie
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Pohlad dovnutra konvolucnej siete:
stredne abstrakiné reprezentdcie
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Pohlad dovnutra konvolucnej s
vysoko abstrakiné reprezentdc




34-layer plain 34-layer residual

Rezidudlne konvolucné siete T

|.f -

ResNet-18
—qu\cl-’u] ave

0 " M 0 w

» Prvé konvoluéné siete narazili na limitovany hibku

» Riesenim bolo pridaf rezidudlne spojenie

X
A 4
weight layer
F(x) Jretu .
weight layer identity




Vizudlne transformery (ViT)

Decoding time step: 1 5'3 456 QUTPUT
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Vizudlne transformery (ViT)

Vision Transformer (ViT)

MLP
Head
Transformer Encoder
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Komplexnejsie modely

» Detektory — povedia kde a ¢o je na obrdzku
» Segmentacné detektory — povedia kde, ¢o a aky to ma tvar na obrdzku

» Detektory s odhadom pdzy — povedia kde, o a v akej poze je
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R-CNN Linear Regression for bounding box offsets

Bboxreg || svMs | Classify regions with
Bbox reg || SVMs SVMs

Bboxreg || SVMs ‘

Forward each

ConvN — h
ConvN B region throug
ConvNet
et
ConvN !
et t Warped image regions

Regions of Interest
(Rol) from a proposal
method (~2k)




Fast R-CNN

Linear + |
softmax Linear | Bounding-box

Softmax
. regressors
classifier

FCs | Fully-connected layers

1

L/ ,—7 /7 “RolPooling” layer

Regions of —* ,/_2 ; &5/ “conv5” feature map of image

Interest (Rols)

from a proposal Forward whole image through
method ConvNet
ConvNet —4
5 Input image




e Refine BB position

Faster R-CNN

Object or not object BB proposal

Rol pooling

proposals

Region Proposal Network *; |

feature map

M

pre-train image-net
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SSD a YOLO

Extra Feature Layers
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SSD a YOLO
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SSD a YOLO




Segmentdacia

d 2243224 224x224




Transponovand konvolucia

Input Kernel

01 Transposed 011

2 3 Conv 2 3
Output
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Segmentdacia Mask RCNN
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Vyuzitie

Autondmne autd, vlaky, drony

Rozpozndvanie nddorov, koznych ochoreni, fMRI

Rozpoznanie aktivit, reci tela, analyza bezpecnostnych zdznamov
Filmovy priemysel, vylepsenad realita

Generovanie dat pre trénovanie robotov



One pixel attack

cat: 82.40%
dog: 95.61% (dog: 17.57%)

» Pridanim nevyrazného sumu je
mozné Uplne zmenit predikcie
siete

» Spdtnou analyzou sa da ngjst 1
pixel, ktory rozhadze
pravdepodobnostné intervaly
siete

» Riesenim je pridavat takéto
perturbdcie uz pocas frénovania

“panda” noise “gibbon”

57.7% confidence 99.3% confidence




Generativhe modely




Ucenie s ucitelom

» Pozndme vstup a pozadovany
vystup

» Model sa ucCi zobrazenie (funkciu)
vstupnych hodndt na vystupné

» Natrénovany model vie potom
kategorizovaf vstup, ktory nevidel
alebo aproximovatf nezndmu
funkciu




Ucenie bez ucitela

» Cielom je naucCit sa vzorce z neoznacenych dat

» Model ma svoju vnutornu strukturu , ktord odrdza strukturu dat
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» Predstavuju jeden z kluCovych komponentov
Al

» Priddvaju viastnost ,,predstavivosti* a
spamate”

» Urmoznuju modelovanie komplexnych vysoko
zmernych dat ako obraz, text Cirec

Generuju instancie vystupnych dat na
zaklade vstupnych dat

Generativhe modely

GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

Encoder

Generator
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Flow
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Autoenkoder — redukcia sumu




Autoenkoder

» MA& dve Casti: enkdder a dekdder

» Uprostred vznikd komprimovand - _—
informacia o vstupe - e T
reprezentdcia v latentnom A /73\\\/,_\\\ Code //H\///’:R\ I/_
priestore | \\\/// N /. \\\\, \//// . an \\\/’ ]

» Cielom je naucit sa preniest vstup ] /)\ L ,<\ L /<\H/>\ | ,>\ | /<\\ ]
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» Kompresia vstupu V- ~~
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» Redukcia sumu

Encoder Decoder




Autoenkdder - priklad

Original Images
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Autoenkoder — redukcia sumu
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Latentny priestor

Input

Encoder

Output

Decoder
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Latentny priestor bez metriky
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Variacny autoenkdder

MA dve Casti; enkdder a dekdder

Cielom je naucit sa preniest vstup na
vystup

Iatent state
distributions

VAE sa uci distribUciu vstupnych dat N B0 ‘= e
namiesto priameho zobrazenia PN '

Predpokladd sa, ze distribucia je
normdlna (gaussovska) *

Varlence




Latentny priestor VAE

Only reconstruction loss Only KL divergence
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Deep Fake

[N

Original Face A

Original Face A
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Latent representation
of face A

Reconstructed
Face A
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Latent representation =
of face B
Reconstructed
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TRAINING il

Latent representation
of face A

Reconstructed
Face B from A
GENERATION




GAN — generative adversarial networks

» Md& dve Casti: generdtor a diskriminator
» Generdtor vytvdra vstup pre diskrimindtor

» Diskrimindtor klasifikuje, Ci je vstup z redinegj
alebo generovanej mnoziny Real faces

» GAN sa uCi pomocou min-max game I
Dlscnmunator Fake
X I::o:i(' 5 ﬁi’éﬁ:@
e Y
Generator '

Random noise "™

—
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Generated faces




GAN ucenie

= Backpropagation

Sample Discriminator >

y

Real images
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Generator | .| Sample
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Random input

Sample

Y

Real images
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Podmienend GAN

Z

Passed as joint hidden
Representation
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Podmienend GAN

0-18




GAN: zobrazenie obrdazka na obrdzok

Output

Input. Ground truth
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https://gan-paint-demo.mybluemix.net/

INPUT OUTPUT

INPUT OUTPUT INPUT OUTPUT

pIX2pix
= S
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GAN: zobrazenie textu na obrdzok

This bird 1s The bird has Thisisasmall, This bird is

This bird is This bird has A white bird white, black, small beak, black bird with  white black and

Text blue with white  wings that are with a black and brown in with reddish a white breast yellow in color,
description and has a very brownand has  crown and color, with a brown crown and white on with a short

short beak a yellow belly yellow beak brown beak and gray belly  the wingbars. black beak

Stage-1
images

Stage-11
images




GAN: Super rozlisenie

N




GAN: doplnenie obsahu




Ako ngjst latentny kod?

Generator weights are fixed!




Ako ngjst latentny kod?

Finding faces inside StyleGAN's latent space:







Difuzne modely
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Denoising U-Net €y 27 Text

entations
D Images
Pixel Space,

76

E—E” kv A « <—T-

denoising step crossattention switch  skip connection concat \. J




DALL-E2 vs Stable Diffusion

Portrait of a girl in a coffeeshop, reading a book, dramatic lighting




DALL-E2 vs Stable Diffusion

A realistic photo of a beautiful landscape




» Nhitps://huggingface.co/spaces/stabilityai/stable-diffusion



https://huggingface.co/spaces/stabilityai/stable-diffusion

Vyuzitie

» Generativne modely poskytuju Al agentom ,,predstavivost”
» Doplnenie obsahu na zdklade kontextu

» Odstranenie Sumu - satelitné snimky, ddta z radaroy, ...

» Vyvojliekov v medicine

» Filmovy priemysel - generovanie tvari hercov

» Superrozlisenie

» Editovanie fotografii



World's 15" Universal Processor for Servers /

Al / HPC

Server / Supercomputer / Al Chip

» [or hyperscale datacenters

Prodigy is faster than Xeon/GPU/TPU
» Faster, 10x less power, 1/3 cost of Xeon

» Faster than NVIDIA A100 in HPC and Al

Tachyum Universal Processor is Best of

Long Vectors Matrix Operations

Tachyum”



World's Fastest Al Supercomputer

64 Compute Racks NSCC Slovakia Supercomputer

64 Al ExaFLOPs

Operational in 2022
" 4 Prodigy-
P Powered

Tachyum”




