18NES1 Neuronové sit& 1 - pfednaska 11: Konvolu&ni neuronové sit& - pokratovani

Co jsme probirali minule

Uvod do konvolugnich neuronovych siti

@ Operace konvoluce

@ Konvolu¢ni vrstva

© Architektura konvoluéni neuronové sité

© Zndmé modely konvolu&nich neuronovych siti (dvod)
Dnes

@ Zndmé modely konvolu¢nich neuronovych siti (dokon&enf)

@ Uceni konvoluénich neuronovych siti: pfenesené uceni,
regularizace, ptredzpracovani dat

e Varianty a aplikace konvolu&nich neuronovych siti (jen
prehled)
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Architektura konvoluéni neuronové sité

— CcAR
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—BICYCLE

FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU  POOLING FLATTEN O crep SOFTMAX
FEATURE LEARNING CLASSIFICATION

Casti konvolu&ni neuronové sité
@ Konvoluéni vrstvy pro extrakci p¥iznaki
o Flattening vrstva - pfevede data na vektor Cisel
@ Vrstevnatd neuronova sit pro klasifikaci

Zdroj :

https://matlabacademy.mathworks.com /details/deep-learning-onramp/deeplearning
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Architektura konvoluéni neuronové sité

Input Image Image — Features Features — Classification

e H'H i R
H B ) ;
m max E ne .
Input Convolution, Pocling, and RelU Fully Softmax Qutput
Connected

Casti konvoluéni neuronové sité
o Konvoluéni vrstvy pro extrakci pfiznaki
o Flattening vrstva - pfevede data na vektor &isel
@ Vrstevnatd neuronova sit pro klasifikaci

Zdroj :

https://matlabacademy.mathworks.com /details/deep-learning-onramp/deeplearning 3/52
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U&eni konvoluéni neuronové sité

@ n&jakd varianta algoritmu zp&tného %iteni (nap¥. SGD)
@ mini-batch uleni, model potfebuje k nauéeni vétsi mnozstvi
dat

o velké mnoZstvi parametri
Jak zvolit vhodnou architekturu v praxi?
@ neoptimalizujeme pocet vrstev a neuroni

@ vybereme z dostupné literatury topologii osvéd¢enou pro dany
typ problému

4/52



18NES1 Neuronové sit& 1 - prednaska 11: KonvoluZni neuronové sité - pokracovan{

LeNet 5

@ jedna z pavodnich architektur (Yann LeCun, 1998), pom&rn&
jednoducha

Input Patch Conv Max Pool Conv Max Pool Fully Fully
Data: 28x28 5x5 (1) 2x%2 (2) 5x5 (1) 2x2 (2)  Connected Connected 2
20 feature maps 20 FM 50 FM S50 FM 1 2 FM (classes)
(FM) 500 FM

Zdroj obrazku: M. H. Yap et al., " Automated Breast Ultrasound Lesions Detection
Using Convolutional Neural Networks,”in IEEE Journal of Biomedical and Health

Informatics, vol. 22, 2018.
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LeNet 5

Datova sada MNIST

@ Oblibend benchmarkova datova sada pro porovnavani riiznych

modell (p¥esnost klasifikace)
http://yann.lecun.com /exdb/mnist/

@ 60000 oznackovanych trénovacich obrazki ru¢né psanych

Cislic, 10000 testovacich (od jinych lidi)

@ obrazky 28x28, vycentrované a normalizované na danou

velikost

o LeNet 5 dosdhla na MNIST chyby 0,8%
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ImageNet Large-Scale Visual Recognition Challenge
(ILSVRC, 2010-2017)

Datova sada ImageNet
@ 16 milionl barevnych obrazk( z 20 tisic kategorii

@ sout&Z odstartovala boom konvolu¢nich neuronovych siti v
rozpoznavani obrazu

Zdroj obrazku:
https://cs.stanford.edu/people/karpathy/cnnembed /cnn_embed _full _1k.jpg
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AlexNet

@ Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton (vit&z
sout&Ze ILSVRC 2012 - tsp&nost 84,7 % v top-5),

@ jiz vyrazn€ sloZit&jsi (61M parametri, 2 GPU 5-6 dnii)

Input convi conv2 convd conv4 convs fc6  fe7
10 samples 1 sample
Class
D 384 384
256x256 55,55 zrxz7 13x13 13x13 1:11: 4095 4096
conv conv conv conv conv full  full
max max max
norm norm
1 ! |
I T
Extract high level features Classify

each sample

Zdroj obrazku: https://medium.com/@jkarnows/alexnet-visualization-35577e5dcd1la
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AlexNet

@ 96 filtrd 11x11x3 v prvni konvoluéni vrstvé u AlexNet

Zdroj obrazku: Alex Krizhevsky et al.”: "ImageNet Classification with Deep

Convolutional Neural Networks”, Figure 3
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GoogleNet (Inception v1), 2014

@ vitéz soutéZe ILSVRC 2014 - (sp&snost 93,33 % v top-5

Input —> Convl | > Coav2 | > Inception3a > Inceptionda | > Inception 5a — EC

image 1 1 X
MaxPool Inception 3b Inception 4b Inception 5b _
MaxPoal Inception 4¢ Avgivol output

" MaxPoal |

h» 1
T Inception 4d Dropout

'

4 40%

Inception de

v
MaxPool

[

Zdroj obrazku: Zhang, Keke et. al.”: Can Deep Learning Identify Tomato Leaf
Disease?. Advances in Multimedia. 2018.
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VGGNet

Karen Simonyan a Andrew Zisserman, 2014, rodina modeld (nap¥.
VGG16, VGG19)

28 % 28 % 512 7xTx512
14x 14512 l, 11 %4096 1% 1x 1000
F e

T

() convalution+ ReLU
(—;; max pooling

T fully connected<-Rel.U

7] softmax
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Dalsi populdrni architektury

ResNet (Residual Network, 2015) - zavadi skip connections
(¥esi problém tiché posty), vitéz ILSVRC 2015

Inception v2, v3 (2015, 2016)

DenseNet: (Gao Huang, 2016)

MobileNet (Google, 2017), EfficientNet (2019)- dspora
vypocetnich prosttedki

NASNet (Neural Architecture Search Network, 2017) - model

se naudil vhodnou architekturu sdm, genetické algoritmy,
reinforcement learning

EfficientNet, 2019
SqueezeNet
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Dalsi populdrni benchmarkové datové sady

CIFAR-10, CIFAR-100
https://www.cs.toronto.edu/ kriz/cifar.html
e CIFAR-10: 60000 barevnych obrazkd, 10 tfid (auta, psi,
lodg,...)
e CIFAR-100: 100 t¥id
@ malé obrazky, dataseta popularni pro rychlé testovani a
porovnani modeli
COCO (Common Objects in Context)
o detekce objektil, segmentace a popis obrazki

COCO 2020 Panoptic Segmentation Task

https://cocodataset.org/ 13/52
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Moznosti vytvoreni a u€eni konvoluénich neuronovych
siti

u€eni od zatatku (training from scratch)
pouZiti jiz nau¢eného modelu (pretrained network)
doutenf jiz nauteného modelu (finetuning)
prenesené uleni (transfer learning)

e rychlé uéeni v rozumném &ase

Training
from
scratch
Transfer
learning

Flexibility

Pretrained
network

Effort

Zdroj :

https://matlabacademy.mathworks.com/details/deep-learning-onramp/deeplearning 14/52
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PY¥enesené uleni (transfer learning)

@ nauceny model klasifikuje do 1000 t¥id:

Zdroj :

https://matlabacademy.mathworks.com /details/deep-learning-onramp/deeplearning

15/52



18NES1 Neuronové sit& 1 - prednaska 11: KonvoluZni neuronové sité - pokracovan{

PY¥enesené uleni (transfer learning)

@ je tfeba klasifikovat do trochu jinych tfid:

m] [EET]ID
0 - (s

M 5 =
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mﬁ? « b ‘W- )
Zdroj :

https://matlabacademy.mathworks.com /details/deep-learning-onramp/deeplearning
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PY¥enesené uleni (transfer learning)

@ nahradime klasifikaéni ¢ast neuronové sité a nauéime ji na
novych datech (vahy pfedchozich vrstev zafixujeme)
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Zdroj :

https://matlabacademy.mathworks.com /details/deep-learning-onramp /deeplearning 17/52
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PY¥enesené uleni (transfer learning)

Proces pfeneseného uceni je iterativni

@ Pretrained Network

l

@ Modified Network

Sufficient
=1 i accurac
@ Training Data trainNetwork EVO'E:ﬁgi'nEd Y m
@ Training Algorithm Options Insufficient
accuracy

Modify options

Zdroj :

https://matlabacademy.mathworks.com/details/deep-learning-onramp/deeplearning
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PY¥enesené uleni (transfer learning)

Lze vyuZit celou ¥adu modell pfeduenych na ImageNet (pop¥. na
jinych datovych sadach, nap¥. audio zdznamy)

o AlexNet, 224x224x3

@ GoogleNet, 227x227x3
@ ResNet, 227x227x3

° ...

(podivejte se na daldi modely dostupné v Deep Network Designeru)
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P¥enesené uleni a predpracovani dat

@ data je tfeba prevést na poZadovanou velikost (neni mozné
mé&nit prvni vrstvu sit&!)
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P¥enesené uleni a predpracovani dat

o data je tfeba prevést na poZadovanou velikost (neni mozné
mé&nit prvni vrstvu sit&!)

224

Zdroj :

https://matlabacademy.mathworks.com /details/deep-learning-onramp/deeplearning
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P¥enesené uleni a predpracovani dat

o lernobilé obrazky je tfeba prevést na 3 kandly

Zdroj :

https://matlabacademy.mathworks.com/details/deep-learning-onramp/deeplearning

22/52



18NES1 Neuronové sit& 1 - prednaska 11: KonvoluZni neuronové sité - pokracovan{

P¥enesené uleni a predpracovani dat

@ v Matlabu se o zdkladni pfedzpracovani dat postard rozsiteny

DataStore

imageDatastore }

L

[224 224] 7@ - .
|

I

augmentedImageDatastore J

\

@

/

L

classify }

L

Zdroj :

https://matlabacademy.mathworks.com/details/deep-learning-onramp/deeplearning

SElElEE
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P¥enesené uleni a finetining

@ model nau€eny s pomoci pfeneseného uceni miZeme dile
vylepsit pomoci finetuning-u

@ nejprve aplikujeme prenesené ueni (vdhy mimo klasifikagni
East zafixujeme)

@ pak aplikujeme finetuning na cely model (s velmi malym
parametrem uleni - idedlné zatneme s hodnotou, na které
kong&il ptivodni model)

© miZeme pouZit regularizaci
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~

P¥enesené uleni - rozsifeni

o klasifikalni ¢ast neuronové sit& (tj. ,,hlavu”) mizeme nahradit
jinou hlavou a pouZzit nauéené ptiznaky pro FeSeni jiné tlohy
nad stejnymi (nebo jinymi) daty

e jind klasifika&ni tloha
o regresni Uloha
o detekce objekt

Fully-connected
layers

“Classification head”
H—>

Convolution \ Class scores
and Pooling

( Fully-connected \

layers

“Regression head”
I~
Final conv

feature map _ Box coordinates S )

Zdroj : https://i.stack.imgur.com/FGrD1.png 25 /52
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P¥enesené uleni - omezeni

@ prenesené uceni se hodi, pokud chce nau&it model na
podobnych datech (obecny model — konkrétn&jsi model)
@ nelze pouzit, pokud by bylo tfeba zmé&nit vstupni vrstvy
o V&S polet kanald (nap¥. rentgenovy snimek apod.)
e rozdilna droven abstrakce
e Uplné jind data
o nékdy nezbyva nez ulit model od zatdtku

priklad: fotografie ramene rozsitend o rentgen a MRI

I‘.\
l‘ ,;ﬂ

https://radiopaedia.org/cases/normal-shoulder-mri

2652
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Konvolugni neuronova sit a regularizace

e konvolu&ni sité¢ mohou byt nichylné k pfeuteni (obzvldst
pokud pouZijeme pfenesené uceni a nebo finetuning a mame k
dispozici jen pom&rn& malé mnoZstvi dat)

@ uceni mize byt dost pomalé

— regularizaéni techniky
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Konvolugni neuronova sit a regularizace

Regularizaéni techniky rozsifujici model
@ early stopping

@ L2-regularizace

1 .
En=BE+ (1= B)5lIWl3 = BE+ (1= B) }_w!
e dropout (zhu¥t&ny ensemble learning)
@ normalizace
Regularizace a data

@ augmentace (rozsiteni) dat

28/52
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Konvolugni neuronova sit a regularizace

Dropout
@ spotiva v ndhodném vypinani (deaktivovani) n&kterych
skrytych neuronti béhem uéenf
@ pfi testovani jsou viechny neurony aktivované
@ ma smysl u plné propojenych vrstev
@ priddva se specialni dropout vrstva

O O S®® 0
Standard Neural Net After applying dropout

Srivastava, Nitish, et al. " Dropout: a simple way to prevent neural networks from
overfitting”, JMLR 2014
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Konvolugni neuronova sit a regularizace

Normalizace vstupii jednotlivych vrstev
@ snaha zafixovat stfedni hodnoty a rozptyly vstupl vrstvy
@ snaha o FeSeni problému mizejicich gradientd

e N ... batch (potet FM), C ... channels (kanaly), H, W ...
rozméry FM (matice p¥iznaki)

@ rizné varianty:

Wau, Y., et al. "Group Normalization”, https://arxiv.org/pdf/1803.08494
30/52



18NES1 Neuronové sit& 1 - prednaska 11: KonvoluZni neuronové sité - pokracovan{

Konvolugni neuronova sit a regularizace

Normalizace vstupii jednotlivych vrstev

@ implementovdno pomoci p¥idani daldi vrstvy (nap¥.
zakonvolu&ni vrstvu)
rychlejsi u€eni, mensi citlivost na inicializaci vah
obdobna technika: weight normalization
robustnost k Sumu v datech (nahradi Dropout)
nevhodné pro rekurentni sité

Wau, Y., et al. "Group Normalization”, https://arxiv.org/pdf/1803.08494
31/52
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Konvolugni neuronova sit a regularizace

Augmentace dat

@ riizné (ndhodné) transformace obrazu (rotace, posun,

zrcadleni, zeSikmeni, ména rozliseni, zmé&na jasu a kontrastu,

ofiznuti, pfidani Sumu, blur, kombinace)
wMﬁ
® 6 (V";
a'ﬁ" 2 /*'
t 8@ * @%
\’( ~ )
Zdroj :

https://matlabacademy.mathworks.com /details/deep-learning-onramp/deeplearning
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Augmentace dat

@ v Matlabu se o zdkladni pfedzpracovani dat postard rozsiteny

DataStore

s
imageDatastore }

L

[224 224] @ —_ 5
|

I

augmentedImageDatastore J

\

@

/

L

classify }

L

Zdroj :

https://matlabacademy.mathworks.com/details/deep-learning-onramp/deeplearning

EEEER
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Augmentace dat

@ v Matlabu se o zdkladni pfedzpracovani dat postara rozsiteny
DataStore

[imaquatastorej ( imageDataAugmenterJ
I [
[224 224] @ i_|®

| —

l Rotation
(augmentedlmagebatastoré] Reflection
l Translation
Shear
Scaling

trainNetwork

Zdroj :

https://matlabacademy.mathworks.com/details/deep-learning-onramp/deeplearning
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Augmentace dat

@ v Matlabu se o zdkladni pfedzpracovani dat postara rozsiteny

DataStore
(imaquatastorej (imageDataAugmenterj
I [
[224 224] E?' @
|

I

(augmentedlmagebatastoré)

|
o

trainNetwork

Zdroj :

https://matlabacademy.mathworks.com/details/deep-learning-onramp/deeplearning

35/52



18NES1 Neuronové sit& 1 - pfednaska 11: Konvolu&ni neuronové sit& - pokratovani

Vyhody a nevyhody konvoluénich neuronovych siti

udité na miru datim, kterd jsou uspofadand do mf¥izky
invariance vidi posunuti, velikosti, odstinu,...

robustni k Sumu v datech

vypocetn& naro€né uleni, vyZaduje velké mnozstvi dat, GPU

nebezpeli preuleni — regularizace

adversarial examples

3652
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Konvoluéni neuronové sité - implementadni detaily

@ obvykle sta&i velikost filtru 3x3

@ lasto se kombinuje 2x2 max-pooling spolu s tim, Ze se v kazdé
vrstvé zdvojndsobuje polet kanall

@ pokud pouzijeme vice konvoluénich vrstev, nepotfebujeme
vEétsi pocet plné propojenych vrstev
@ mezi regularizaénimi technikami je nejoblibenéjsi batch

normalizace spolu s (mirnou) L2-regularizaci na konvolu&nich
vrstvach
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Aplikace konvolu¢nich neuronovych siti

o klasifikace obrazki
o detekce objekti - misto klasifika&ni &asti detekéni hlava
@ segmentace obrazu
@ analyza videa
@ sekvenini data (¢asové ¥ady - 1D konvoluce, audio data,
prirozeny jazyk)
Ptiklad regrese: predikce sklonu ¢islic
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Aplikace konvolu¢nich neuronovych siti - detekce
objekt(

Zdroj : https://matlabacademy.mathworks.com
Triantafyllidou, D. et all: A Fast Deep Convolutional Neural Network for Face

Detection in Big Visual Data.
39/52
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Aplikace konvolu¢nich neuronovych siti - detekce
objekti

R-CNN (Region-based Convolutional Neural Network)

@ obrazek je rozdélen na rizné oblasti (ROI) pomoci algoritmu
selektivniho hledani

@ kaZda oblast je zvétSena na stejnou velikost a predloZena
predutené konvolugni neuronové siti (VGG-16 v pdvodnim
&lanku).

© Nakonec jsou pouZity dv& hlavy': klasifikator pro klasifikaci
kaZdé oblasti a regresor pro dolad&ni jeho hranic.

R-CNN: Regions with CNN features

e vamed rgin
;‘Ah i ]

N= o LS C N,\{ ‘ :
. [
1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions
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Aplikace konvolu¢nich neuronovych siti - detekce
objekti
varianta: fast R-RCNN
@ rychlejsi vypocet diky sdileni pFiznak mezi oblastmi zdjmu
(ROI - region of interest)

J—» A

Bounding box
Feature Extractor Object Classificaton refinement layer

varianta: faster R-RCNN
@ automatické rozpozndvani ROl uvnit¥ modelu

Features

=T -=7—F

]
Regression
Layers &
Region proposal network (RPN)

Bounding bex

refinement ayer 41/52

Feature Extractor Object Classffication
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Aplikace konvolu¢nich neuronovych siti - segmentace
obrazu

Zdroj : He et all., Mask R-CNN, 2017, Figure 2, https://arxiv.org/abs/1703.06870
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Aplikace konvolu¢nich neuronovych siti - segmentace
obrazu

o rozsiteni Faster R-CNN o dalsi vé&tev pro pfesnou segmentaci
objektu na drovni pixeld

Classification
. Features |
- =
> B
e _I ROI Align Classification L]
CNN ©

Zdroj : https://www.mathworks.com/help/vision/ug/getting-started-with-mask-r-cnn-
for-instance-segmentation.html
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Aplikace konvolué¢nich neuronovych siti - human pose
estimation

Zdroj : He et all., Mask R-CNN, 2017, Figure 7, https://arxiv.org/abs/1703.06870
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Aplikace konvolu¢nich neuronovych siti - sémanticka
segmentace

Zdroj : SegNet: A Deep Convolutional Encoder-Decoder Architecture for Image

Segmentationhttps://arxiv.org/pdf/1511.00561 4552
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Aplikace konvolu¢nich neuronovych siti - sémanticka
segmentace

SegNet
@ enkodér-dekodér architektura
@ enkodér: klasickd CNN
@ dekodér: obnovuje obrazek do plvodnich rozméri:
transponované konvolu&ni vrstvy a unpooling vrstvy

Convolutional Encoder-Decoder

RGB Image onv + Bai isation Segmentation

Zdroj : SegNet: A Deep Convolutional Encoder-Decoder Architecture for Image

Segmentationhttps://arxiv.org/pdf/1511.00561
4652
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Dalsi aplikace konvolu¢nich neuronovych siti

@ analyza videa - 3D CNN
o sekvendni data
o audio data (nap¥. prevod na obrdzek - vstupem je
spektrogram)
e Casové Fady - uleni na historickych datech, 1D konvoluce
e zpracovani pfirozeného jazyka (napf. je vstupem embedding
matice)

bt
NREN

Zdroj : https://www.mathworks.com/content/dam/mathworks/ebook/gated/deep-

learning-practical-examples-ebook.pdf
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Zajimavé odkazy

@ vizualizace konvoluéni neuronové sité
https://poloclub.github.io/cnnexplainer/

e Matlab onramp kurzy k hlubokému ucenf{
https://matlabacademy.mathworks.com /#ai

https://matlabacademy.mathworks.com /details/deep-
learning-with-matlab/mldl

48 /52


https://poloclub.github.io/cnn-explainer/
https://matlabacademy.mathworks.com/#ai
https://matlabacademy.mathworks.com/details/deep-learning-with-matlab/mldl
https://matlabacademy.mathworks.com/details/deep-learning-with-matlab/mldl

18NES1 Neuronové sit& 1 - prednaska 11: KonvoluZni neuronové sité - pokracovan{

Rekurentni neuronovd sit a zpracovani posloupnosti

Jednoducha rekurentni sit

Feedforward Recurrent Neural Network (RNN) Recurrent Neural Network (RNN)
Neural Network with feedback connection unrolled over time (index = time t)

D D B
3 > H—B—®—-
! 11

X1 X2 X3

S —Ue—b

e myslenka: neuron si udrzuje sviij vniténi stav: hy = f(he—1, x¢)
@ vystup neuronu: y; = f,(hy)
@ je moZné zpracovat posloupnosti libovolné délky

e f,,f, se v &ase neméni
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Rekurentni neuronovd sit a zpracovani posloupnosti

Jednoducha rekurentni sit

Feedforward Recurrent Neural Network (RNN) Recurrent Neural Network (RNN)
Neural Network with feedback connection unrolled over time (index = time t)

D B S
3 > B
! 11

X1 X2 X3

ES —00—5

@ vnit¥ni stav: hy = tanh(Whhe—1 + Wixe + bp)
@ vystup neuronu: y; = W, h: + b,
@ obvykla pfenosova funkce je tanh

@ vihy a prahy W, b se v &ase neméni
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Rekurentni neuronovd sit a zpracovani posloupnosti

Typy udloh nad sekvenénimi daty
@ one-to-one - napt. oby&ejna klasifikace

@ many-to-one - napt. klasifikace sentimentu, rozpoznani akce
na videu

@ one-to-many - nap¥. vygenerovat slovni popis k obrazku
@ many-to-many - strojovy preklad, object tracking

222 =

many-to-one one-to-many
many-to-many many-to-many
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Rekurentni neuronovd sit a zpracovani posloupnosti

Algoritmus uteni: backpropagation through time (BPTT)

»—@—@

@ pro celou sekvenci najednou
Znamé modely RNN

e LSTM (Long Short Term Memory)
e GRU ( Gated recurrent unit)

LSTM

[ 2.

L
. . Lo g Jen)( )

Hochreiter, 1997
Obrazek:
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