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behavior
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Zakladné typy uloh a nastrojov
v oblasti umelej inteligencie/strojového ucenia

Klasifikacia obrazkov

videi pnosti obrazkov

e Kategorie: tuberkul6za, normalny RTG snimok
e Nastroje: Microsoft Lobe, TensorFlow library in Python

Klasifikacia signalov
| g — .
» Kategorie: 20 typov diagnodz pri EKG zdznamoch Kbl
e Nastroje: Cordelia, Scipy library in Python
| Textova analyza |
o Klasifikacia lekarskych sprav, reprezentacia slov ;E:tﬁer";?:ffi";amics )
e Nastroje: Embedding Projector, PoolParty &hy
| Tabul’kOVé déta Mass flow |Work Heat
e Pacienti a symptoémy, diagndzy a lieky o

Thermally isolated

e Tools: Minitab, RapidMiner, Weka Mechanically solated

Isolated
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I.
Klasifikacia obrazkov (Studentsky projekt)

« Pripravit dve alebo viac kategorii (tried, skupin) obrazkov.
(napr. dve diagnozy, tri kategorie zakaznikov a iné)

- Kazda kategoria obrazkov je zahrnuta v samostatnom priecinku.

« Microsoft Lobe (https://www.lobe.ai/): jednoducha aplikacia na vytvaranie
modelov strojového ucenia bez potreby programovania

Lobe_training

(#, Label

@ normal

@ tuberculosis

Training...

@ Use

All Images 20
normal 10

tuberculosis

tuberculosis 10



https://www.lobe.ai/
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(#) Label

Train
Q@ Use

5 images per label
needed to start training.

Label

To start training your model,
import and label some images.

£ Learn More ) Watch Tour

Import
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Lobe_training

& Label

All Images 90 %

normal 90 %

I
tuberculosis

90 %

90% of your images are
predicted correctly,

10% incorrectly.

All Images

Correct 90 %

tuberculosis @

A

normal @ |

tuberculosis v

View

Import




RTG hrudnika
pri tuberkuloze

VSTUP:
Obraz v odtienoch Sedej moézZeme

reprezentovat 2D maticou s
hodnotami od 0 do 255.

n

Zdroj dat:
https://www.kaggle.com /datasets /tawsifurr

ahman/tuberculosis-tb-chest-xray-dataset

Neuronova siet’

55
109 68

74 D4
63 &3
88 65
80 75
0@ 92
113 185
117 125
110 181
135 185
120 187
95 93
45 66
€9 55
11a 07
02 93
04 75
153 1ez
119 136

(.Kreativne nasobenie matic“)

Output [0][0] = (970) + (4*2) + (1*4) +
(1*1) + (1*0) + (1*1) + (2*0) + (1*1)

=0+8+1+4+1+0+1+0+1
=16

Input image Filter Output array

VYSTUP:
Pravdepodobnost tuberkuldzy



https://www.kaggle.com/datasets/tawsifurrahman/tuberculosis-tb-chest-xray-dataset
https://www.kaggle.com/datasets/tawsifurrahman/tuberculosis-tb-chest-xray-dataset

Klasické programovanie a strojove ucenie

Udaje

Pravidla

Udaje

Klasicke

programovanie

Odpovede

Odpovede

Strojovée
ucenie

>

Pravidla

>



Zakladné pojmy strojoveho ucenia

testovacia
faza

trénovacia
faza

.
P




(Umelé) neuronové siete
(Deep learning, hlbkové ucenie)

Vypoctové modely
zostavené na zaklade

iy i,
T,

i :

. /7 - .’.‘:h__ A R .
abstra.kag vlastnostll K7 O
biologickych nervovych 7565 ehryited

: RPEN A
systémov. KRR e

X DT ",
AR g SR

P

A

1943 McCulloch-Pitts:
matematicky model

neuronu
Pouzitie: rozpoznavanie O vstupna vistva (@ skiyta vistva. () vostupna vistva
obrazu, textu, Signélov Example in TensorFlow simulator:

https://playground.tensorflow.org/


https://playground.tensorflow.org/

Umelé neuronové siete
(matematické funkcie s parametrami)

Forward Propagation

h Iterative process until

loss function is

“ minimized

Loss Score Loss Function

—

Backward Propagation




Chybova funkcia v neuronovej sieti
vyjadruje vzdialenost medzi:

a) realnym (Zelanym) vystupom
b) predikovanym vystupom




Hlavné typy uloh v oblasti analyzy obrazu

Single-label multi-class classification Multi-label classification

e ) Bike Tree
~:: Rupnmg Person Car
) Swimming Boat House

Image segmentation




Generativna umela inteligencia

« Obrazky imaginarnych 'udi, imaginarnych miest, imaginarnych maciek a psov
na zaklade GAN neurdnovych sieti (Generative Adversarial Networks)

this-person-does-not-exist.com
- _" .i . LR, 4 "g;‘ ;

£ '."’ .’ L |

=

This Cat Does Not Exist

This Rental Does Not Exist



Generativna umela inteligencia

« GAN siete generuju obrazky, ktoré moézu byt potencialne vysoko realisticke.

« Na vytvorenie novych obrazkov interpolovanych zo skuto¢nych sa pouziva
strojové ucenie sa latentného priestoru obrazkov a vyber z neho.
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[ Generator / Decoder

Latent space Artificial

Latent space vector image
of images

i (a vector space)




Generativna umela inteligencia pre video

« Refik Anadol je umelec a priekopnik v
estetike strojovej inteligencie.

« Experimenty zaloZené na sietach GAN
inSpirovanych dynamikou tekutin

« Pouzité environmentalne udaje v readlnom
case, ako je vietor, teplota a vlhkost zo
svetovych miest
(napr. Winds of KoSice na Hlavnej 27
do konca novembra 2023)




I1.

Motivacia a vyzvy pre analyzu signalov

« Aplikacie umelej inteligencie m6Zu napomaoct
udrzat dobru kvalitu Zivota.

. Casovo naro¢né vyhodnocovanie
dlhodobych zaznamov EKG a inych
fyziologickych signalov (PPG, PCG, EEG, ...)
odbornikmi.

« Na zistovanie suvislosti vo fyziologickych
signaloch, ktoré mézu byt narocnejsie
rozpoznatel'né 'udskym okom.

« Monitorovanie dat zo senzorov na dial’ku.




lekrokard ” P~ TR S T 1T
Elekrokardiogratia 4 : .

5 L : SN
Rozne pocty zvodov (signalov) " - g & |
v elektrokardiografii(ECG): R e e e
e Klasické zariadenie TLbdapiegece il I BN [ EE L R e e

V nemocnici:
12 zvodov (signalov) sucasne
(z r6znych uhlov).

Procordial (Chwest ) Leads

e Holter ECG (dlhodobé):

VI VIV VA VS and Ve
[ Augmented unipolar Limb |
Bipolar Limb Leads ‘ o

1.1 and 101 VR aVLsada\T

2,5,60r12leads

e Smart hodinky
1 alebo 2 zvody (signaly)

(b)

Su dva zvody dostatoCné na
predpovedanie srdcovych
abnormalit?

(a)

a Electrode placement in 12 lead system, b 12 Lead ECG, ¢ Einthoven's triangle describing lead |, I, and 1l
(Goldberger et al, 2018)



NS

software

NasSe rieSenie
Systém pre automatické vyhodnocovanie dlhodobych EKG zaznamov:
https://cordelia.vsl.sk/

cordelia

s -

~

High Quality ECG

SCAN ME Diagnostics

&——__f Trained on more than 120,000 ECG recordings
Opinions of several specialists

Thousands of hours of learning
Automatic diagnostics in seconds

~ —
—_— UPLOAD YOUR ECG

Y- cordelia@uvsl.sk



https://cordelia.vsl.sk/

NS

software

NasSe riesenie

Upload next ECG

Patient identification: Example 17, Male, 75+ years § 10 =000 cHO)

v ECG findings

Hunst rate (bpnil- T35 Somgeeet fiythm The model prediction is only indicative and the

finding cannot be considered equivalent to a

Sinus rhythm Premature atrial complex AV block 1st degree professional physician evaluation.
99.87% 98.78% 92.14% C f range of predicied findings (1
Show more predicted findings ©

Premature ventricular complex: 25.40%
T wave abnormality: 19.41%

Sinus arrhythmia: 15.17%

Q wave abnormality: 0.28%

Sinus tachycardia: 0.23% 1
Sinus bradycardia: 0.18% }
Atrial fibriflation: 0.09% M v —‘;T,vv O L S - - L A
Right bundle branch block: 0.05%

is is s 3 32 14 e i L] L E) e " " 49 a2 4 “ “n L] LR] e e e ‘0 . L} . L) 0w r2 Ta L] .
Pacemaker: 0.05%

Switch to raw sig

Low QRS voltage: 0.03% —_——— T B B e T R T R R R
Left axis deviation: 0.01%
Complete left bundle branch block: 0.01% ‘
Normal ECG: 0.01%
' Right axis deviation: 0.00% J
Left anterior hemiblock: 0.009% ot Ny — \_1 ~/ N o N
.

Atrial flutter: 0.00%

O e T A N A Ao v v\ v v v v A

e Zdravotnicka pomédcka (nastroj) pri vyucbe vysokoskolakov mediciny.




I11.
Umela inteligencia pri analyze textu

e Natural Language Processing (NLP), Text Corpus

e Word2Vec (Mikolov et al., 2013):
© model neuréonovej siete
O vektorova reprezentacia (word embedding)
kazdého slova v jazyku
O pouzité v Google Translator
© cca40.000 citacii clanku

e Applications:

Klasifikacia textov (spam, sentiment, text jazyka, autor)
Generovanie textu ChatGPT
(sumarizacia, preklady)

Spracovanie znakovej reci

Detekcia a oprava gramatickych chyb

A
1 Wolf x
x Tiger
Dog x
x Cat
0 X I
0 1

Text Data
Mining




Dr. Tomas Mikolov - Google prekladac

e Tomas Mikolov je ¢esky vedec, ktory vo svojej diplomovej praci pracoval na
jazykovom modelovani pomocou neurénovych sieti.

e Navrhol novd metdédu prekladu jazyka transformaciou slov na ciselné vektory
pomocou rekurentnych neurénovych sieti, ¢im sa mu mnohonasobne podarilo zvysit
vykonnost prekladacov.

e Absolvoval staz v Microsoft Research a nasledne bol prijaty do skupiny Google Brain,
kde svoju metdodu Word2Vec vyznamne zlepsil a urychlil tak pracu prekladaca Google
Translate.

e Google jeho program vydal ako prvy open-source program strojového ucenia.

e Dve zjeho konferencnych prispevkov spoloCnosti Google (prvoautor) maju pribliZne:
- 42 tisic citacii (2024): Distributed Representations of Words and Phrases and their
Compositionality (konferencia NIPS 2013 — Neural Information Processing Systems)

- 40 tisic citacii (2024): Efficient estimation of word representations in vector space
(konferencia ICLR 2013 - International Conference on Learning Representation).
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Word Word embedding Dimensionality Visualization of word
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Example in Embedding Projector (https://projector.tensorflow.org/)



https://projector.tensorflow.org/

ChatGPT (jazykovy model)

e ChatGPT-3 je model na generovania textu so 175 miliardami parametrov
trénovany startupom OpenAl na vel’kom textovom korpuse, vratane:
- vacSiny digitalne dostupnych knih,
- Wikipedia a vel'ka Cast textov z celého internetu.

e Proces generovania textu slovo po slove:

Probability
distribution over Sampled next
Initial text Initial text next word word

Language Sampling
The cat sat on the [ model ]—~ Iul [ strategy J—jﬂt

The cat sat on the mat — Language — Sampling which
model ] I strategy J




Situacia ¢. 1:
Na ktoré z pismen A, B, C by sme umiestnili slovo ,,apple®?

, Serrano.Academy Word Numbers
e i

Gé " Banana 6 5

Strawberry 5 4

* (: éé Cherry 6 4

Soccer 0 6

’ A ‘ .”0 Basketball 1 6

Tennis 1 5

3 Castle 1 2

2 _w_% House 2 2

Building 2 1

1 M B W Bicycle 5 1

Truck 6 1

1 2 3 4 5 6 — 6 0




Situacia C. 2:

Na ktoru poziciu by sme umiestnili slovo ,,apple“?

‘13

"\

Y,

“

W Serrano.Academy



Situacia €. 2:
Na ktoru poziciu by sme umiestnili slovo ,,apple“?
Idealne do stredu (zavisi od kontextu)

o0
7

0\

> Y Serrano.Academy



Situacia €. 2:
Kontext slova ,,apple® uréi jeho posunutie v priestore

-- -
-----
-

" please buy an apple and an[o}'ange

-----
.......
- i

o
apple unveiled the neM phone

> Y Serrano.Academy



Attention mechanism for texts:
Word station has various contexts: radio or TV station, International Space Station, train station.

stumel % IS operator But isolated word (token) station has only one vector in vector space.
We need to compute context-aware vector for word station from input sequence (sentence).

_“i’fc". o :a:' ty 5 4 Inpul
i, pcampus ™ # Iope <0 Sy ¥ vehicle sequence
__ 'Ash*gé.siatioﬁ 'the', 'train', 'left', 'the', 'station', 'on', 'time’
: > & < _“ A
‘ v :_z ;QJ‘ ,‘ 5: ”’7 '\\\\\\ ‘
» A "; - \ Token
‘ X 29 g theatre e vectors
) ¥
Jazykovy model ChatGPT E o _—
= = o 5 £ o & ¢ E "fs?:;ﬁgn?r toke?wlgectors
Generative Pre-trained < = ® = & § =
the 0.2 the
Transformers Sofmon
] train m scaling, and Con Le;ét-g:uare
Vaswani et al., 2017: multiplication
.. left 0.6
Attention is all you need :
the 03 - Ny -
station m station
on 0.2 on_}~ /Sum
time 0.2 " tme |

Attention scores



PoolParty tool in education

€« —> C @& poolparty.biz/concept-tagging

-,
poolparty

e Pool party extractor: https://ner-demo.poolparty.biz/
INPUT: Text (document)
OUTPUT: Keywords (Important Terms)

Named Entities Concepts Important Terms Document Classification

Term o Score Frequency

—
—

thermodynamics
heat
relation
statistical
physicist
engines
formulation
law
microscopic
quantities
efficiency
mechanics
description

R R R R R R W W R W o

chemical



https://ner-demo.poolparty.biz/

IV.
Analyza tabul'kovych dat

e Tabul'kové udaje mozno extrahovat z dokumentov, obrazkov, signalov.

Raw data Feature matrix (X)  Target

n_features —> (y)

«— N_samples
«— n_samples




klient

| prijem |konto pohlavie |[nezamestnany |dGver
1 vysoky |vysoké Zena nie ano
2 vysoky |vysoké muz nie ano
3 nizky nizke muz nie nie
4 nizky  |vysoké iena ano ano
5 nizky vysoké muZ ano ano
6 nizky nizke Zena ano nie
7 vysoky |nizke muz nie ano
8 vysoky |nizke Zena ano ano
9 nizky stredné |muz ano nie
10 vysoky |stredné |Zena nie ano
11 nizky stredné |Zena ano nie
12 nizky stredné |muz nie ano

= nizke

= stredne

Metoda rozhodovacich stromov

(vt

= nizky

= vysoicy




Nastroj RapidMiner Studio

Retrieve Titanic Tra... Split Data Decision Tree
inp c out e v E:: - ] nij B ~ :: (
¥ par wei ) Ty
o o ) J—---_l
RapidMiner Studio je softvérovy nastroj Apply Model Performance ‘
pre analyzu udajov, strojové ucCenie a L e p b gy e '
umelu inteligenciu, ktory umozniuje: I e o
V. v var P o v
- ziakom, Studentom, ucitel'om,
- vyskumnikom, ¢i datovym analytikom
vykonavat:
- inteligentné analyzy udajov,
- vytvarat prediktivne modely
strojového ucenia a umelej inteligencie,
- vyhodnotit vytvorené modely
strojového ucenia a umelej inteligencie. https://my.rapidminer.com/nexus/account/index.html#d



https://my.rapidminer.com/nexus/account/index.html#d

Vyznam inovacii vo vzdelavani

Piliere univerzity:

¢ Vyskum Generativna Al moze pomoct:

e Vzdelavaniel > « Utitelom pri priprave hodin

o Sluzby » Studentom, ktori si vhodne usmerneni
ucitel'mi

/

Co m6zu nasi $tudenti robit a umela inteligencia to nedokaze?

Namiesto ulohy pre studentov:

» Napiste text o histérii termodynamiky Ask ChatGPT to summarize.

Ask ChatGPT to exemplify.

Ask ChatGPT to suggest experiment.
Ask ChatGPT to define.

Ask ChatGPT to solve an exercise.

Mézeme od studentov pozadovat’.

« Vyuzi ChatGPT na napisanie textu o
historii termodynamiky a dvakrat si over
pravdivost’ generovaného textu.

Source: Michael Lobet, Beyond ChatGPT



ways to use
ChatGPT in the
classroom

@ Or 0=

Sp.

0. Q-

Use it asa more Use it to provide Use it to remix Ask it for Ask it for
complex source of students access to student work. definitions(on a feedback for
information than lots of good variety of student wark.
Google. examples. levels).
L)

=4 - N a

—_ =
Ask it to do some Add it to the Grade the bot. Debate the bot. Ask the bot for
teacher tasks for "think pair share" advice.
you. thinking routine.

(o)
IIE; :g% li!ih %)
MM
Useit to Use it for insight Ask ChatGPT to Anticipate the Take several
summarize texts. into big, write your lesson response you'd responses and
difficult-to-solve plans. expect from Al make a better
problems. product.
iid & | T |

Create Provide tutoring Generate prompts Provide Supplement
personalized or coaching. and questions to information and in-persan
learning facilitate answer guestions. instruction.
experiences. discussions.

Getan overview of ChatGPT in the classroom at ditchthattextbook.com/ai.
Infographic by Matt Miller (@jmattmiller / DitchThatTextbook.com)

ﬁ- DITCH THAT
il TExTROOK

\ U DeepMind
CL?hd stability.oi

Model Infrastructure

‘Reach
P ‘ Q Smartwriter ai
2 brosdn ™ mirage o Crestent
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You.
~ Mintlify R run;‘my °Fliki
. hy Application | Editing, Hour
Stenograp _gulder |

Web APP A Landscape

= Debuild "
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Limitacie

Failure of an image-captioning system Failure of an image-generating system

Prompt: Salmon in river

The boy|is holding a baseball bat.

Inteligentné systémy mozu byt napomocné pri rozvoji kritického myslenia studentov.
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\ , SECOND EDITION

Frangois Chollet

Part 1 Part 2

Introduction to Al Building Al

An Introduction to AT is a free online course for everyone interested in Building Alis a free online course where you'll learn about the actual
learning what Al is, what is possible (and not possible) with AL and how it algorithms that make creating Al methods possible. Seme basic Python -

affects our lives - with no complicated math or programming required. programming skills are recommended to get the most out of the course.

Start the course —

Stuart Artificial Intelligence

Russell
A Modern Approach e

Norvig Third Edition
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