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Machine Learning (Strojoveé uceni)

- Odvetvi umelé inteligence (Al) a informatiky

- Vyuziti dat a algoritmu k napodobovani zpusobu, jakym se lidé uci,
postupné zlepsuje svoji presnost.

- Statistické metody

- Strojové uceni je pri uceni vice zavislé na lidskem zasahu



Typy Machine Learning

- Supervised Machine Learning: pouziva oznaCené datové sady k trénovani
(Logisticka regrese, Random Forest, Support Vector Machine). Algoritmy se uCi
vztah mezi vstupy a vystupy

- Unsupervised Machine Learning: analyza a seskupovani neoznaCenych
datovych sad (Analyza hlavnich komponent (PCA), Singularni rozklad (SVD),
k-means). Algoritmy se snaZzi najit skryté struktury a vzorce

- Semi-supervised Machine Learning: béhem tréninku se pouZije mensi
oznaCend datova sada, ktera vede ke klasifikaci neoznaCené datové sady
(Semi-supervised support vector machine, klastrovani)

- Reinforcement Learning: algoritmus se uCi optimalnim akcim na zakladé
zpétné vazby z prostredi. Interaguje s dynamickym prostfedim a ucCi se ze
zkuSenosti.



Aplikace Supervised Machine Learning

- Bioinformatika (struktura duhovky, otisky prstu)
- Rozpoznani reCi

- Diagnostika nemoci

- Algoritmy pro detekci nadoru
- Klasifikace srdeCnich arytmii

- Predikce vysledku IéCby
- Personalizovana medicina
- Doporucujici personalizované l1éCebné plany



Aplikace Unsupervised Machine Learning

- Segmentace obrazu
- oddéleni tumoru od fyziologické tkane

- Klasifikace pacientl s podobnymi symptomy
- ldentifikace vzorcu v genomickych datech

- Clustering (K-means)

- Vizualizace

- Komprese (PCA)



Aplikace Semi-supervised Machine Learning

- Analyza hlasu

- RozSifeni diagnostickych modelu

- Automaticka anotace datasetu

- Klasifikace proteinové sekvence

- analyza elektronickych zdravotnickych zaznamu



Jak funguje Machine Learning

1. Rozhodovaci proces - odhad predikce / klasifikace
2. Chybova funkce - vyhodnoceni predikce / klasifikace
3. Proces optimalizace modelu - upraveni vah, aktualizace vah
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Algoritmy Strojového Uceni

Linearni regrese

Logisticka regrese

- Metoda nejblizsiho souseda - Nearest neighbour algorithm
Metoda podpurnych vektort - Support Vector Machine



Regrese - Linearni regrese

- Davkovani léku na zakladé biologickych informaci

- Predikce rustu deti
- Analyza krevniho tlaku
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Regrese - Logisticka regrese

- Predikce vyskytu nemoci (diabetes)
na zakladé klinickych parametru
pacienta (BMI, vek,...)

- Rozhodovani o nutnosti hospitalizace @
pacientl na zakladé symptomu a OBESE  1.0-r ® O ’.00 --------

historie onemocneéni.
Probability(1)
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Klasifikace — Metoda Nejblizsiho Souseda (Nearest
neighbour algorithm)

- Klasifikace ruznych typu rakoviny 3 i " ke
- Predikce srdeCnich onemocnéni na ' '
zakladé EKG zaznamu, uroven
cholesterolu = o =
- Detekce diabetu na zaklade hladiny . | .
glukozy, krevniho tlaku, BMI, ... s Ry .

(d) (e) (f)



Vzdalenost

EEEENEYZ
EEEEZE
EEEZERE

EEVZEEN
EZEEEE
ZEEEEE




Klasifikace — Metoda podpurnych vektoru (Support

Vector Machine)

- Klasifikace biomarkeru do
patologické nebo fyziologické tridy

(epilepsie)
- Detekce abnormalit v srdeCnim rytmu

- systoly, arytmie
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Klasifikace — Metoda podpurnych vektoru (Support

Vector Machine)

Hyperplane in 2-Dimensional Hyperplane in 3- Dimensional
Calculations (Line) Calculations (Plane)

Hyperplane in n-Dimensional
Calculations (Multiple Planes)




Deep Learning (Hloubkoveé uceni)



Deep Learning (Hloubkoveé uceni)

- Podsekce strojoveho uceni
- Automatizuje extrakci pfiznaku

Machine Learning
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Konvolucni neuronove site - CNN

- Konvolucni vrstvy,
- Vrstvy s podvzorkovanim = mean — max pooling

- Fully connected Layers
- Primarnim ucCelem je extrahovat vlastnosti obrazku a na zaklade téchto

vlastnosti zaradit obrazek do spravnych skupiny



Konvolucni neuronove site - CNN

Convolution Neural Network (CNN)
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Konvolucni vrstva

- Extrakce prvku se provadi pomoci konvolucénich vrstev.
- Ruzné konvolucni filtry
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Konvoluce

Obrazek 14.11. Zaostreni
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Konvoluce

Obrazek 14.12. Rozmazani
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Pooling

- Pouziva se k podvzorkovani a lepsSi reprezentaci informaci
- Max Pooling, Min Pooling, Average Pooling

Single depth slice

11112 |4

5 6 7 8 Max pool with 2x2 filters and stride 2 6 8
2




Pooling
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Fully Connected Layer

- Mapa vlastnosti je spojena do posledni vrstvy
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Softmax Layer

Model output
for a particular <
input

Softmax
Function




Generativni Adversarialni site - GANs

- GANSs se skladaji ze dvou neuronovych siti, které jsou trénovany

soucasne v ramci tzv. adversarialniho procesu
- generator (generator)
- diskriminator (discriminator)

- Generator: Snazi se vytvaret falesSné vzorky, které jsou co nejvice
podobné realnym vzorkum z trénovaciho datového souboru.

- Diskriminator: Snazi se odlisit realné vzorky od faleSnych vzorku
vytvorenych generatorem



Generativni Adversarialni site - GANs

Real images
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GANSs - trénink

- lterativni
- "hra s nulovym soucCtem" mezi generatorem a diskriminatorem:
- Generator vytvari nové vzorky a predava je diskriminatoru spolu s
realnymi vzorky.
- Diskriminator se snazi co nejlépe rozpoznat, které vzorky jsou realné
a ktere jsou falesne.
- Generator se snazi vylepsit sve schopnosti vytvaret falesne vzorky
tak, aby oklamal diskriminator.
- Tento proces se opakuje, dokud generator nevytvori vzorky, které
diskriminator nedokaze odlisit od realnych.



GANSs - trénink
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[Chen Yue, Mingquan Ye, Peipei Wang, Daobin Huang, Xiaojie Lu. SRV-GAN: A generative adversarial network for segmenting retinal
vessels[J]. Mathematical Biosciences and Engineering, 2022, 19(10): 9948-9965. doi: 10.3934/mbe.2022464]



GANs - aplikace

- ZlepsSovani kvality Iékarskych snimkii
- Super-resolution: ZlepSovani nizkokvalitnich |ékarskych snimku
- Odstraneni sumu
- Generovani syntetickych Iékarskych snimku
- Vytvareni trenovacich dat: GANs mohou generovat synteticke
lekarske snimky
- Rekonstrukce Iékarskych snimku
- Rekonstrukce z podvzorkovanych dat: GANs mohou rekonstruovat
plnohodnotne Iékarske snimky z podvzorkovanych dat
- Kompletace snimku: GANs mohou doplfiovat chybégjici Casti
l€ékarskych snimku



Autoenkodery - Autoencoders

- Typ neuronovych siti pouzivanych pro nerizené uceni
- Hlavnim cilem je naucit se efektivni reprezentace dat, Casto pro ucely
redukce dimenzionality nebo odstraneni sumu.
- Skladaji se ze dvou hlavnich casti:
- Enkodéru

- Dekodéru



Autoenkodeéry
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Autoenkodery - Autoencoders

—> Encoder —>i—> Decoder >

Original
input

Reconstructed
input

Compressed
representation



Autoenkodéry - Klicové koncepty

- Enkodér

- Prevadi vstupni data na komprimovanou reprezentaci (latentni prostor).
Enkodér je neuronova sit, ktera zmensuje dimenzi vstupnich dat, Cimz
vytvari zhusténou reprezentaci, ktera zachovava podstatné informace.

- Latentni prostor (Latent Space)

- Reprezentace s nizsi dimenzi, ktera obsahuje kliCové rysy vstupnich dat.
Tato reprezentace se nazyva latentni prostor a je vystupem enkodeéru.



Autoenkodéry - Klicové koncepty

d Spectrograms - Reconstructions b Latent Space C Reconstructed Latent Traversal

Representations 7

Principal Component 1
S — — — | — — — | — . —

frequency

Principal Component 2

[Jack Goffinet, Samuel Brudner, Richard Mooney, John Pearson (2021) Low-dimensional learned feature spaces quantify individual and group
differences in vocal repertoires elLife 10:e67855]



Autoenkodéry - Klicové koncepty

- Dekodér

- Rekonstruuje data z latentni reprezentace zpét do puvodniho formatu.

Dekodér je neuronova sit, ktera prebira latentni prostor a snazi se
rekonstruovat puvodni vstupni data.

- Ztratova funkce (Loss Function)

- MEéFi rozdil mezi pavodnimi vstupnimi daty a rekonstruovanymi daty.
Typicky se pouziva metrika jako Mean Squared Error (MSE).



Autoenkodeéry - aplikace

- Redukce dimenze
- Odstranéni Sumu

- Generovani dat

- Anomaly Detection
- Predzpracovani dat
- Vizualizace dat



Autoenkodeéry - Odstraneni sumu
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[Lai, Ying-Hui & Tsao, Yu & lu, Xugang & Chen, Fei & Su, Yu-Ting & Chen, Kuang-Chao & Chen, Yu-Hsuan & Chen, Li-Ching & Li, Lieber & Lee, Chin-Hui. (2018). Deep
Learning—Based Noise Reduction Approach to Improve Speech Intelligibility for Cochlear Implant Recipients. Ear and Hearing. 39. 1. 10.1097/AUD.0000000000000537. ]



Autoenkodeéry - Anomaly Detection

Normal Data
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Autoenkodeéery- Segmentace

Segmentation
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Transformer Networks

- Typ architektury hlubokych neuronovych siti

- Attention is All You Need - 2017, Vaswani

- Staly se zakladem pro mnoho pokrocCilych modelu v oblasti zpracovani
prirozeného jazyka (NLP) a dalsich sekvencnich uloh

- Efektivni pri zpracovani sekvencnich dat

- Modeluji dlouhé zavislosti v datech



Transformer Networks
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Transformer Networks - klicové koncepty

- Attention Mechanism
- Self-Attention: Kazdé slovo (token) v sekvenci se vaze (attend) na
kazde jiné slovo v sekvenci, vCetne sebe sama. To umoznuje modelu
porozumet kontextu kazdeho slova v ramci celé sekvence.
- Positional Encoding
- Protoze transformery neobsahuji zadné rekurentni nebo konvolucni
vrstvy, pouzivaji positional encoding k zakédovani informace o poradi
slov v sekvenci.

high attention

She is eating a gre apple.




Transformer Networks - klicové koncepty

- Feed-Forward Neural Networks
- Kazdy vystup z multi-nead attention vrstvy je prochazen samostatnou
feed-forward neuronovou siti, coz poskytuje dodateCnou nelinearitu.
- Layer Normalization and Residual Connections

- Kazda sub-vrstva v transformeru je doplnéna o residual connection
(pfeskokove spojeni) a nasledné normalizovana, coz pomaha pfi
trénovani hlubokych siti.



Transformer Networks - klicové koncepty

- Encoder: Sklada se z nekolika identickych vrstev (napfr. 6 vrstev),
priCemz kazda vrstva obsahuje dvé sub-vrstvy: multi-head
self-attention mechanism a feed-forward neuronovou sit’.

- Decoder: Take se sklada z nekolika identickych vrstev, ale kazda vrstva
obsahuje tri sub-vrstvy: multi-head self-attention mechanism,
multi-head attention mechanism (ktery se vaze na vystupy z
encoderu) a feed-forward neuronovou sit’.



Transformer Networks - aplikace

- BERT /Bidirectional Encoder Representation from Transformers
- Pouziva dvousmerny (bidirectional) trénink k porozumeni kontextu

slova z obou stran jeho okoli.
- Aplikace: Textova klasifikace, otazky a odpovedi, rozpoznavani

pojmenovanych entit (NER).

- GPT (Generative Pre-trained Transformer):
- Pouziva unidirectional (jednosmerny) trénink k generovani textu.

- Aplikace: Generovani textu, preklad, shrnovani textu.



ChatGPT

- ChatGPT je model strojoveho ucCeni zalozeny na architekture

transformeru
- GPT (Generative Pre-trained Transformer)

- Jsou trénovany na obrovskych mnozstvich textovych dat
- PouzZivaji se k generovani textu na zakladé poskytnutych vstupu



ChatGPT - klicove koncepty

- Transformers
- Transformerova architektura: efektivni zpracovani sekvencnich dat
- Pouze dekodeér generuji text sekvencne, predikuji dalsi slovo na zaklade
predchozich slov v sekvenci.

- Self-attention
- 'V ramci kazde vrstvy modelu se pro kazdy token (slovo) pocCita vazeny
prumér vSech ostatnich tokenu v sekvenci. Vahy jsou urCeny na zakladé
podobnosti mezi tokeny, coz umoznuje modelu zachytit kontextualni
zavislosti



ChatGPT

N can you recognize this:

@ Yes, that is the famous ASCI| art representation of the Mona Lisa painting by Leonardo da

Vinci.




Geneticky algoritmus

- Evolucni optimalizacni technika inspirovana procesy prirodni
evoluce

- Pouzivany k reseni slozitych optimalizacnich a hledacich
problému



Geneticky algoritmus - klicové koncepty

- Populace

- Chromozomy
- Fitness funkce
- Selekce

- Krizeni

- Mutace

Initialization
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Geneticky algoritmus - trénovaci proces

- Inicializace populace

- Vyhodnoceni fitness vsech jedincu Initialization
- Vybér rodiét na zakladé jejich fitness v
v , Crossover — Evaluation
- Vytvoreni nové generace - mutace
i , — Generation
- Nahrazeni stare populace novou , I
Mutation

- Opa kovani Selection




Geneticky algoritmus

Vyhody:

- Schopnost najit resSeni v rozsahlém a slozitém prostoru reseni.
- Flexibilita pfi definovani fitness funkce a genetickych operatoru.
- Vhodnost pro problemy, kde tradicni optimalizacni metody selhavaji.

Nevyhody:

- Muze byt vypocCetné naroCny, zejména pro velké populace a mnoho
generaci.

- Nezarucuje nalezeni globalniho optima.

- Vykon zavisi na spravné volbé parametru (velikost populace,
pravdepodobnosti kfizeni a mutace).



Al v neurologil




Automatic classification of MR scans in
Alzheimer’s disease

- Support Vector Machine Algorithm

- 96 % patologicky ovérenych pacientu s AD bylo spravné klasifikovano
pomoci MRI snimku mozku.

- Pacienti s mirnou, klinicky pravdepodobnou AD a kontroly byli spravnée
rozdéleni v 89 %.

[Kiéppel S, Stonnington CM, Chu C, et al. Automatic classification of MR scans in Alzheimer's disease. Brain. 2008;131(Pt 3):681-689.
doi:10.1093/brainfawm319]



A long short-term memory deep learning network for
the prediction of epileptic seizures using EEG signals

No seizures were missed with zero false predictions in up to 17 of 24 cases
across four preictal windows up to 2 h.

EEG signals Signal Segmentation Feature Extraction LSTM Network
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[Kostas M. Tsiouris, et al, A Long Short-Term Memory deep learning network for the prediction of epileptic seizures using EEG signals, Computers in Biology and Medicine,
Vol 99, 2018, 24-37, ISSN 0010-4825, https://doi.org/10.1016/j.compbiomed.2018.05.019.]



Rapid automated quantification of cerebral leukoaraiosis
on CT images: a multicenter validation study

Random Forest Algorithm
Automaticka detekce lézi bilé hmoty byla aplikovana na CT snimky od subjektu s

akutni ischemickou cévni mozkovou prihodou.
Metoda meéla podobné vysledky jako experti (CT: R2 = 0,71, MRI: R2 = 0,85).
Algoritmus mél chybovost 4 % a stfedni dobu zpracovani 32 s (7,9 min).

Original CT Auto WML Expert WML (x3) Co-regist. FLAIR

Mild

[Rapid Automated Quantification of Cerebral Leukoaraiosis on CT Images: A Multicenter Validation Study Liang Chen, et al. Radiology 2018 288:2, 573-581]



DeepNAT: Deep Convolutional Neural Network for
Segmenting Neuroanatomy

Multi-task CNN Multi-task CNN
'3 N\
@ |

(s |
Foreground- M ‘ . M  Segmentation
Background / W

[Christian Wachinger, Martin Reuter, Tassilo Klein, DeepNAT: Deep convolutional neural network for segmenting neuroanatomy;,,
Neurolmage, Vol 170, 2018, 434-445,ISSN 1053-8119, https://doi.org/10.1016/j.neuroimage.2017.02.035.]
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Genetic algorithm designed for optimization of neural network
architectures for intracranial EEG recordings analysis

Metoda zlepSila makro F1 skoére state-of-the-art modelu na dvou nezavislych
datasetech (FNUSA, Mayo Clinic) z 0,91 na 0,97 a z 0,92 na 0,94.

POPULATION TOURNAMENT SELECTION
. 3 RANDOM INDIVIDUALS
Individual 0
P1 P3 PS5 SCORE Individual 3
ﬂ H ﬂ H )P P B Ps R score CROSSOVER
* SELECT BEST
- Individual 6 INDIVIDUAL Individual 3
o 000 oo i —— o o
P1 P3 P5 SCORE Individual 14
MUTATION
HPIHP:EPSH SCORE
Individual 2 MUTATE RANDOM
PARAMETERS

OED-@-2 -

P1 P3 P5 SCORE A
3 RANDOM INDIVIDUALS

Individual 8
i H ik M s H SCORE SELECT BEST

Individual 15 INDIVIDUAL H M E P3 E 5 H SCORE
P],PSMPSH SCORE )

Individual 15

3
o
<
a
&
z

o -
Ividu:
s ﬂ e ﬂ & H SCORE

Individual 4

o1 [8 s [ o [ score

EVALUATE MODEL

[ 2]
|
v

ADD TO POPULATION

PO >4 P3 HPS m SCORE

[Pijackova K, Nejedly P, Kremen V, Plesinger F, Mivalt F, Lepkova K, Pail M, Jurak P, Worrell G, Brazdil M, Klimes P. Genetic algorithm designed for optimization of
neural network architectures for intracranial EEG recordings analysis. J Neural Eng. 2023 Jun 16;20(3). doi: 10.1088/1741-2552/acdc54. PMID: 37285840]
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MAIA Labs

We help
doctors to see
everything!

MAIA is an intelligent endoscopy
module, based on state of the art
Al technology.
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Budovani neuronovych siti (Python)

* Klasifikace do dvou trid
* Jedna skryta vrstva
* Nelinearni aktivacni funkce
* Cross-entropy chybova funkce
* Forward and Back Propagation



Knihovny

* Numpy (matematické funkce)

* Sklearn (data mining + data analysis)
* Matplotlib (vykreslovani)

* testCases (priklady)



# Package imports

import numpy as np

import matplotlib.pyplot as plt

from testCases v2 import *

import sklearn

import sklearn.datasets

import sklearn.linear model

from planar utils import plot decision boundary, sigmoid, load planar dataset



In: [3]3

X, Y = load planar dataset()
Data print("X.shape:",X.shape,";Y.shape:",Y.shape)

X.shave: (2. 400) :Y.shave: (1. 400)

In [4]:

# Visualize the data:

.X = features (X1, X2) plt.scatter(X[(0, :], X[1, :], c=Y, s=40, cmap=plt.cm.Spectral);
*Y = labels (red = 0, blue = 1) : ‘ ' ‘ '

1




15 2 B K

shape X = X.shape
shape Y = Y.shape

m = shape X[1l] # training set size

print (' 'The shape of X is: ' + str(shape X))
print ('The shape of Y is: ' + str(shape Y))
print ('I have m = %d training examples!'

The shape of X is: (2, 400)
The shape of Y is: (1, 400)
I have m = 400 training examples!

Expected Output:

shape of | (2,
X 400)
shape of |(1,
k4 400)
m 400




Logisticka regrese

In [6]:

# Train the logistic regression classifier
¢lf = sklearn.linear model.LogisticRegressionCvy();

Clf.Tit(X.T, Y.T); Logistic Regression
In [7]: ol
# Plot the decision boundary for logistic regression
plot decision boundary(lambda x: clf.predict(x), X, ¥) 5|
plt.title("Logistic Regression")
# Print accuracy 8 of
LR predictions = clf.predict(X.T)
print ('Accuracy of logistic regressicn: %d ' % float((np.dot(¥,LR_predictions)
't ' + "(percentage of correctly labelled datapecints)”) -2r
print("Y.shape:"”,¥.shape, ";LR predictions.shape:",LR predictions.shape) B |
correction prediction=¥[0,:]==LR predictions
print("correction_prediction.shape:"” ,correction_prediction.shape) : ; . A A
acc=np.sum{correction prediction)/m -4 -2 0 2 4
print("acc:",acc) x1

Accuracy of logistic regression: 47 % (percentage of correctly label
led datapoints)

Y.shape: (1, 400) ;LR predictions.shape: (400,)
correction_prediction.shape: (400,)

acc: 0.47



Neuronova sité - model

hidden layer of size 4
(tanh)

’ output layer

(sigmoid)

input layer

®
& @
@

Definovat strukturu NN (input, skryté vrstvy)
2. Inicializovat parametry

probability prediction

- 0.24 -0

upraveni parametru)

b prediction

(l“:“] - tanh(:“”'})

™M -
) :{ 1 a“'">0.5

SmycCka: forward propagation, vypocitat chybu, back propagation,



def layer_sizes(X, Y):

maan

Arguments:

X -- input dataset of shape (input size, number of examples)
Y -- labels of shape (output size, number of examples)
Returns:

n x -- the size of the input Layer

n_h -- the size of the hidden Layer
n_y -- the size of the output Layer

moan

n_x = X.shape[@] # size of input Llayer
nhi=A
Y.shape[@] # size of output Layer

b

return (n_x, n_h, n_y)

X_assess, Y_assess = layer sizes test case()
(n_x, n_h, n_y) = layer_sizes(X_assess, Y_assess)

print("The size of the input layer is: n_; =" + str(n_x))
print("The size of the hidden layer is: n_h = " + str(n_h))
print("The size of the output layer is: n_y = " + str(n_y))

The size of the input layer is: n_x =5
The size of the hidden layer is: n_h = 4
The size of the output layer is: n_y = 2

xK n-x*'k 5

*x n-h E 4

'k‘kn_y*'k 2




def initialize parameters(n_x, n_h, n_ y):

man

Argument:

n_x -- size of the input layer
n h -- size of the hidden Layer
n_y -- size of the output Layer

Returns:

params -- python dictionary containing your parameters:

man

Wl -- weight matrix of shape (n_h, n_x)
bl -- bias vector of shape (n_h, 1)
W2 -- weight matrix of shape (n_y, n_h)
b2 -- bias vector of shape (n_y, 1)

W1l = np.random.randn(n_h, n_x) * .01
bl = np.zeros(shape=(n_h, 1))
W2 = np.random.randn(n_y, n_h) * 0.01
b2 = np.zeros(shape=(n_y, 1))

assert (W1.
assert (bl.
assert (W2.
assert (b2.

parameters

shape == (n_h, n_x))
shape == (n_h, 1))
shape == (n_y, n_h))
shape == (n_y, 1))
= {"W1": w1,

bl bi,

"W2": W2,

"b2": b2}

return parameters



n_x, n_h, ny = initialize parameters_test case()

parameters = initialize parameters(n_x, n_h, n_y)

print("W1 = " + str(parameters["W1"]))
print("bl = " + str(parameters["b1"]))
print("W2 = " + str(parameters["W2"]))
print("b2 = " + str(parameters["b2"]))
Wl = [[-9.00416758 -0.00056267 ]
[-©.02136196 ©.01640271]
[-0.01793436 -0.00841747]
[ 0.00502881 -0.01245288]]
bt = FE 9]
[ ©.]
[ ©.]
[ ©.]]
W2 = [[-0.01057952 -0.00909008 ©.00551454 0.02292208]]
b2 = [[ ©.]]



def forward propagation(X, parameters):

mon

Argument:

X -- input data of size (n_x, m)

parameters -- python dictionary containing your parameters (output of initialization function)
Returns:

A2 -- The sigmoid output of the second activation

cache -- a dictionary containing "Z1", "A1", "Z2" and "A2"
W1l = parameters['Wl']

bl = parameters['bl']

W2 = parameters['W2']

b2 = parameters['b2']

Z1 = np.dot(Wl, X) + bl

Al = np.tanh(Z1)

Z2 = np.dot(W2, A1) + b2

A2 = sigmoid(Z2)

assert(A2.shape == (1, X.shape[1]))

cache:=i{Z1"s Z1,

"A1": Al,
BT T
"A2": A2}

return A2, cache



X_assess, parameters = forward propagation_test case()
A2, cache = forward propagation(X assess, parameters)

# Note: we use the mean here just to make sure that your output matches ours.
print(np.mean(cache['Z1']), np.mean(cache['Al1']), np.mean(cache['Z2']), np.mean(cache['A2']))

-0.000499755777742 -0.000456963353232 0.000438187450959 ©.500109546852



def compute cost(A2, Y, parameters):

Computes the cross-entropy cost given in equation (13)

Arguments:

A2 -- The sigmoid output of the second activation, of shape (1, number of examples)
Y -- "true" labels vector of shape (1, number of examples)

parameters -- python dictionary containing your parameters W1, bl, W2 and b2
Returns:

cost -- cross-entropy cost given equation (13)

mnan

m = Y.shape[1l] # number of example

# Retrieve W1 and W2 from parameters

W1l = parameters['W1l']
W2 = parameters['W2']

# Compute the cross-entropy cost )
logprobs = np.multiply(np.log(A2), Y) + np.multiply((1 - Y), np.log(1l - A2))
cost = - np.sum(logprobs) / m
cost = np.squeeze(cost) # makes sure cost is the dimension we expect.

# E.g., turns [[17]] into 17
assert(isinstance(cost, float))

return cost

A2, Y_assess, parameters = compute_ cost_test case()

print("cost = " + str(compute cost(A2, Y_assess, parameters)))

cost = 0.692919893776



def backward_propagation(parameters, cache, X, Y):

mnan

Implement the backward propagation using the instructions above.

Arguments:
parameters -- python dictionary containing our parameters
cache -- a dictionary containing "Z1", "A1", "Z2" and "A2".

X -- input data of shape (2, number of examples)

Y -- "true" labels vector of shape (1, number of examples)
Returns:
grads -- python dictionary containing your gradients with respect to different parameters

moan

m = X.shape[1]

# First, retrieve W1 and W2 from the dictionary "parameters”.

Wl
W2

# Retrieve also Al and A2 from dictionary "cache".

Al = cache['Al1']
A2 = cache[ 'A2"]

parameters['W1']
parameters['W2']

# Backward propagation: calculate dWl, dbl, dW2, db2.
dZ2= A2 - Y

dW2 = (1 / m) * np.dot(dz2, A1.T)

db2 = (1 / m) * np.sum(dZ2, axis=1, keepdims=True)

dZ1 = np.multiply(np.dot(W2.T, dZ2), 1 - np.power(Al, 2))
dWl = (1 / m) * np.dot(dz1, X.T)
dbl = (1 / m) * np.sum(dZ1l, axis=1, keepdims=True)
grads = {"dW1": dwi,
"dbl": dbil,
"dW2": dw2,
"db2": db2}

return grads



Descending with step coefficient 0.005 (iteration 50)

30
) = 12 * sin()
20
parameters, cache, X assess, Y_assess = backward _propagation_test case() 10} Start (2.53.7)

grads = backward_propagation(parameters, cache, X assess, Y_assess)
print ("dWl = "+ str(grads["dw1"]))
print ("dbl = "+ str(grads["db1"]))
print ("dW2 = "+ str(grads["dw2"]))
print ("db2 = "+ str(grads["db2"]))

dWl = [[ ©.01018708 -0.00708701] A — ?mr43237g 3
[ ©.00873447 -0.0060768 ]
[-0.00530847 ©.00369379]

[-©.02206365 ©.01535126]] Descending with step coefficient 0.05 (iteration 50)
dbl = [[-©.00069728] 30 . . . . : .
[-0.00060606 ] ) = %2 * sin()
[ ©.000364 ] 20
[ ©.00151207]]
dW2 = [[ ©.00363613 ©.03153604 ©.01162914 -0.01318316]] 9 Start (253.7)

db2 = [[ ©.06589489]]

End (5.4,-22.1)

30 —
1 2 3 4 5 B 7 8



def update_parameters(parameters, grads, learning_rate=1.2):

moun

Updates parameters using the gradient descent update rule given above

Arguments:

parameters -- python dictionary containing your parameters

grads -- python dictionary containing your gradients

Returns:

parameters -- python dictionary containing your updated parameters

# Retrieve each parameter from the dictionary "parameters”

W1l = parameters['Wl']
bl = parameters['bl']
W2 = parameters['W2']
b2 = parameters['b2']

# Retrieve each gradient from the dictionary "grads"

dWl = grads['dWl']
dbl = grads['dbl']
dW2 = grads['dW2']
db2 = grads['db2']

# Update rule for each parameter
W1l = W1 - learning_rate * dWl

bl = bl - learning_rate * dbl
W2 = W2 - learning_rate * dW2
b2 = b2 - learning_rate * db2
parameters = {"W1": W1,

"b1”: bi;

"W2": W2,

"b2": b2}

return parameters



parameters, grads = update parameters_test case()
parameters = update parameters(parameters, grads)

print("W1 = " + str(parameters["W1"]))
print("bl = " + str(parameters["b1"]))
print("W2 = " + str(parameters["W2"]))
print("b2 = " + str(parameters["b2"]))
Wl = [[-0.00643025 0.01936718]
[-0.02410458 ©.03978052]
[-0.01653973 -0.02096177]
[ 0.01046864 -0.05990141]]
bl = [[ -1.02420756e-06]
[ 1.27373948e-05]
[ 8.32996807¢-07]
[ -3.20136836e-06]]
W2 = [[-9.01041081 -0.04463285 ©0.01758031 ©0.04747113]]
b2 = [[ ©.00010457]]



def nn_model(X, Y, n_h, num_iterations=1060@, print_cost=False):
Arguments:
X -- dataset of shape (2, number of examples)
Y -- Labels of shape (1, number of examples)
n_h -- size of the hidden Llayer
num_iterations -- Number of iterations in gradient descent Loop
print_cost -- if True, print the cost every 1680 iterations

Returns:
parameters -- parameters Llearnt by the model. They can then be used to predict.

np.random.seed(3)
n_x = layer _sizes(X, Y)[©]
n_y = layer_sizes(X, Y)[2]

# Initialize parameters, then retrieve W1, bl, W2, b2. Inputs: "n_x, n_h, n y".

parameters = initialize parameters(n_x, n_h, n_y)
W1 = parameters['W1']

bl = parameters['bl’]
W2 = parameters['W2']
b2 = parameters['b2']

# Loop (gradient descent)

for i in range(@, num_iterations):

# Forward propagation. Ihputs: "X, pbrametérs". Outputs: "A2, cache”.
A2, cache = forward_propagation(X, parameters)

# Cost function. Inputs: "A2, Y, parameters”. Outputs: "cost”.
cost = compute_cost(A2, Y, parameters)

# Backpropagation. Inputs: "parameters, cache, X, Y". Outputs: "grads"”.
grads = backward_propagation(parameters, cache, X, Y)

# Gradient descent parameter update. Inputs: "parameters, grads”. Outputs:
parameters = update_parameters(parameters, grads)

# Print the cost every 1600 iterations

if print_cost and i % 1060 == ©O:
print ("Cost after iteration %i: %f" % (i, cost))

return parameters

Outputs = "W1, b1, W2,

"parameters”.

b2, parameters”.



def nn_model(X, Y, n_h, num_iterations=10008, print_cost=False):

maerer

X_assess, Y_assess = nn_model_test_case()

parameters = nn_model(X_assess, Y_assess, 4, num_iterations=100008, print_cost=False)
print("Wl1 = " + str(parameters["W1"]))

print("bl = " + str(parameters["bl"]))
print("W2 = " + str(parameters["W2"]))
print("b2 = " + str(parameters["b2"]))

W1 = [[-4.18494056 5.33220609]
[-7.52989382 1.24306181]
[-4.1929459  5.32632331]
7.52983719 -1.24309422]]
[[ 2.32926819]
.79458998]
.33002577]
.79468846]]
[[-6033.83672146 -6008.12980822 -6033.10095287 6008.86637269]]
[[-52.66607724]]

b
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def predict(parameters, X):

e

Using the Learned parameters, predicts a class for each example in X

Arguments:
parameters -- python dictionary containing your parameters
X -- input data of size (n_x, m)

Returns
predictions -- vector of predictions of our model (red: @ / blue: 1)

"o

# Computes probabilities using forward propagation, and classifies to 6/1 using 6.5 as the threshold.
A2, cache = forward_propagation(X, parameters)
predictions = np.round(A2)

return predictions

parameters, X_assess = predict_test_case()

predictions = predict(parameters, X_assess)
print("predictions mean = " + str(np.mean(predictions)))

predictions mean = ©.666666666667



# Build a model with a n_h-dimensional hidden Layer
parameters = nn_model(X, Y, n_h = 4, num_iterations=1866@, print_cost=True)

# Plot the decision boundary
plot_decision_boundary(lambda x: predict(parameters, x.T), X, Y)
plt.title("Decision Boundary for hidden layer size " + str(4))

Cost after iteration ©: 0.693048

Cost after iteration 1260: 6.288033
Cost after iteration 2000: 6.254385
Cost after iteration 3000: ©.233864
Cost after iteration 4000: 6.226792
Cost after iteration 5000: 0.222644
Cost after iteration 6000: ©6.219731
Cost after iteration 7060: 6.217504
Cost after iteration 8©006: ©.219454
Cost after iteration 9@60: 0.218607

# Print accuracy
predictions = predict(parameters, X)
print ('Accuracy: %d' % float((np.dot(Y, predictions.T) + np.dot(1l - Y, 1 - predictions.T)) / float(Y.size) * 100) + '%')

Accuracy: 90%
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