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Strojové ucenie - Machine Learning
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Ktoré zvierata mam rad?

bazant, kuna, rys, datel, vk, jazvec, bobor, vydra, los,
sob, zralok, pavuk, dazdovka, had, tiger, lev, leopard,
orol, sliepka, hus, macka, sova, netopier, moriak, kon,
mlok, slimak, rys, puma, slon, antilopa, nosorozec,
hroch, krokodil, gorila, komar, mucha




Ktoré zvierata mam rad?

* pes

e delfin

* lastovicka
e jasterica

* jelen

* prasa

e sokol

* medved
 kapor

e liska



Co je strojové ucenie?

Machine learning algorithms build
a mathematical model of sample data,
known as "training data",
in order to make
predictions or decisions
without being
explicitly programmed to perform the task.

Arthur L. Samuel, 1959



Kedy pouzit ML?

 "Tradicné" algoritmy vs. u€enie z dat

. ) . v ] \"4 A_
 Nieje torieSenie na vsetko ’D

e Ak sa danie€o vyriesit bez ML, tak netreba ML

* Vhodné v situaciach:
* ak nevieme definovat pravidla (pocasie)

* ak nevieme Skalovat (spam)

‘ INSTINCT i .‘ LEARNING
Rule-based Al Humans Machine learning Al

IBM’s Deep Blue, Babies learn by trial and With few programmed
which bested error. But developmental rules, DeepMind's
chess champion cognitive scientists say we AlphaZero today
Garry Kasparov in also begin life with basic can beat IBM’s Deep
1997, relied on instincts that help us gain a Blue at chess. But it
rules and logic. flexible common sense. doesn't generalize.

N. DESAI/SCIENCE



Typy problémov

e Klasifikacia (diskrétny vystup) oy
e Binarna alebo multi-class ) i
e Kupisi zdkaznik tento produkt?, Je tento email spam? N
« Co robi pouzivatel smartfénu? . : ) +
* Regresia (spojity vystup) :
« Aka je vyika ¢loveka podla jeho vahy? esstiester
e Akajecenadomu?
* Zhlukovanie o
« Ucenie bez utitela Ll ..,.--'2.
0 ®

Regression



Vytvarame ML riesenie

* Definovat problém

e Zozbierat data (oznacené)
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* Analyzovat data (pripadne upravit)
* \lybudovat model - dodat vstupy/features

* Pouzit model na predikciu
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"Ak mam hodinu na vyriesenie problému, stravim
55 minut premyslanim o probléme a
5 minut premyslanim o rieseni."




Uprava dat

* Nahradit chybajtice alebo nevyhovujice hodnoty
* N/Avs. 0, alebo doplnit priemerom/medianom

 Kartézsky sucin

 produkty, farby - biele_tricko, zelene_tricko, zelene_nohavice
* Nelinearne transformacie

» priradit ¢iselné hodnoty do kategérii (napr. vek zakaznikov)
 Domain-specific features

 dizka, Sirka, vyika - pridat sucin; vaha, vyska - BMI
* Variable-specific features

* parsovanie stringov

* Normalizacia vstupov
e Skalovanie a normalizacia podla strednej hodnoty



Rozdelenie datasetu

» (Ciel - oznacit nezndme data (predikcia)

 Typicky 70:30 (predvolené v AWS), niekedy az po 80:20

* Trénovacia vzorka - ucenie (aké su medzi datami vztahy, zavislosti)
e Testovaciavzorka - evaluacia (aky dobry je model)

* Nahodné poradie

v V4 7 Vv
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Linearny model

Model — SVM, neurdnova siet, bayesovska siet, rozhodovaci strom

Linedrny model - linearna kombinacia vstupov (features)

Uciaci proces nastavuje jednu vahu pre kazdy vstup

v = w[0] * x[0] + w[l] * x[1] + ... + w[p] * x[p] + b

Hyperparametre
Uciaci pomer
Velkost modelu
Pocet prechodov datami
Poradie vstupnych dat RS
L1 a L2 regularization - vhodné ak su korelacie vo vstupoch -

L1 sposobuje redsi model a redukuje Sum
L2 znizuje hodnoty vah a stabilizuje ich tam kde koreluju




Evaluacia - priklad

e Vzorka ludi - chorobu ma 0.5%

Al algoritmus odhaduje ¢i ma ¢lovek chorobu
 Chyba algoritmu Al je 1%

A2 algoritmus o kazdom pacientovi tvrdi, ze chorobu nema
* Chyba algoritmu A2 je 0.5%




Evaluacia — F1 skore

/ 2 *P *R relevant elements
o F, skore = - .
P +R false negatives true negatives
° o . o o
How many selected How many relevant
items are relevant? items are selected?

true positives false positives

Recall = —

Precision =

selected elements



Binarna klasifikacia (cut-off)

Any records below the Any records above the
cut-off number will be cut-off number will be
predicted as "0". predicted as "1",
‘ ....................................................
All the true (known/real)
answer “0" from your
Evaluation Datasource. S
g .
All the true (known/real) 3 J
answer “1" from your
Evaluation Datasource.
Striped areas indicate .
records for which the | -,
answer was predicted T —— - = W WUNNNNNG S |
incorrectly based on “0" Score "1"I
the selected cutoff. |
True False False True
Negative Negative Positive Positive



Evaluacia multiclass klasifikacie

Predicted Values

s}
5,
&
o,
i & ~
T A €
Romance ?Iggfﬁ 0.78
) .
o
: 21.23%
=
2 Thriller (18.0K) 033
Z 20.85%
[+}] .
E Adventure (17.7K) 032

77.56%  933%  13.12%  100.00%
Total | ey (Fo10) (110K (a4sk 047

Correct Prediction | | m
0 20 40 60 a0  100%

Incorrect Prediction | | m
0 20 40 60 a0  100%



ACIVEWENENENE

Residual - rozdiel medzi cielovou a
predikOVanOU hodnotou Select Bin Width: \ 50 ‘ 20 | 10 | 5 ‘ 2 |

e Positive residual 590
* model podhodnocuje .
450

* Negative residual =
* model nadhodnocuje 350

300
250
200

Error — stredna hodnota populacie -

100

Residual - stredna hodnota vzorky

5

1
R6zna metrika i = AR

Prediction < Target ! Prediction > Target

]




/lepsenie presnosti modelu

* Pridat nové data do trénovacej vzorky

* Pridat viac premennych a zlepsit spracovanie vstupov

e \lyladit parametre modelu (napr. uciaci pomer, pocet prechodov datami)




Underfitting & Overfitting

 Underfitting
* pridat domain-specific vstupy, kartézske suciny ...
e pouzit menej regularizacie
* Overfitting
* menej kombinacii vstupov
* viac regularizacie

A A A
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Underfitting Optimal Overfitting




Neuronove siete

* Playground - https://playground.tensorflow.org

 Perceptron, Backpropagation, FeedForward NN, aktivacna funkcia, online vs. batch

Weights
Constant

Weighted
Sum

%‘Fidden layers
RO

output layer

input layer

inputs — )
Step Function

7




TensorFlow

* https://colab.research.google.com/github/tensorflow/docs/blob/master/site/en
/tutorials/eager/custom_training_walkthrough.ipynb




Dakujem za pozornost




