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Laborator 1

Cuprins:

= Introducere in algoritmi de clasificare
= Introducere Weka

s Evaluarea performantei de clasificare
m Exercitii
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l. Introducere

Ce este Machine learning?

e Exemplu aplicatie: Este foarte greu de scris un algoritm care
recunoaste un set de gesturi statice / dinamice sau care sa rezolve
problema de recunoastere a fetei:

— Nu stim cum functioneaza creierul uman pentru a clasifica
gesturile;

— Chiar daca am sti nu am avea idee cum sa programam
deoarece ar fi foarte complicat;

— Ar trebui sa scriem o functie diferita pentru fiecare gest.

e Tn loc s3 scriem programe foarte multe, putem colecta exemple
care specifica fiecare gest;

e Un algoritm de invatare va prelua aceste exemple si va “creea” un
program care va face aceasta clasificare in mod automat;
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l. Introducere

Ce este Machine learning?

e Exista mii de algoritmi de invatare / sute dintre ei apar anual;
e Exista mai multe tipuri de invatare:

invatare supervizata
* datele de antrenare contin si iesirea dorita;

invatare nesupervizat3

» datele de antrenare nu contin iesirea dorita (clusterizare);

* ideea de baza este de a se gasi sabloane si pattern-uri in date care
sa fie evidentiate in mod automat.

fnvatare semi-supervizata
* doar o parte din datele de antrenare contin iesirea dorita;
Reinforcement Learning

* seinvata in functie de feedback-ul primit dupa ce o decizie este
luata.
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l. Introducere

Invatare supervizat3

y = f(x)
N

_ Functia de Trasatura
lesire predictie extrasa

Antrenare: fiind data o multime de antrenare impreuna cu raspunsul dorit
{(x,yq), -, (XyYn)) se estimeaza predictia functiei f prin minimizarea
erorii de predictie pe multimea de antrenare;

Testare: se aplica functia f pe un exemplu de test x(care nu a fost folosit in
procesul de antrenare) si prezinta iesirea functiei y = f(x).
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l. Introducere

Invatare supervizata

Model de baza

Antrenare
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l. Introducere

Invatare supervizata

Model de baza

Testare
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l. Introducere
Invatare supervizat3

Ce sunt trasaturile?

pixeli muchii
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l. Introducere

Invatare supervizata

Invatare supervizatd — schema de baza

Variabile de intrare:

Variabile ascunse:

Variabile de iesire:
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l. Introducere

Invatare supervizata

Algoritmi existenti

Etc.

Support vector machines (SVM),
Retele neurale,

Naive Bayes,

Retele bayesiene,

Arbori aleatorii,

K-nearest neighbor (k-NN),

Care este cel mai bun algoritm?
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l. Introducere
Invatare supervizat3

Teorema “No free lunch”

© Original Artist
Repraduction rights obtainable from I ,

VW, Ca rtoonStock: com___,_‘__,f

MR T
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Il. Weka

Informatii generale

 Reprezinta o colectie de algoritmi de Machine Learning pentru
diferite probleme de data-mining;

 Dezvoltat de catre Universitea din Waikato, Noua Zeelanda;
* Open-Source dezvoltat in JAVA (GNU General Public License);

* Trasaturi principale:
* intrumente de preprocesare,

* algoritmi de invatare,

e algoritmi de clusterizare,
* reguli de asociere,

*  metode de evaluare,

* interfata grafica,

* instrumente pentru comparatia clasificatorilor.
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Il. Weka

Documentatie

e Site-ul Weka:

http://www.cs.waikato.ac.nz/~ml/weka/

Documentatie Weka:
http://transact.dl.sourceforge.net/sourceforge/weka/WekaManual

-3.6.0.pdf

http://www.cs.waikato.ac.nz/ml/weka/documentation.html

*  Tutoriale video:

https://weka.waikato.ac.nz/explorer
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http://www.cs.waikato.ac.nz/~ml/weka/
http://transact.dl.sourceforge.net/sourceforge/weka/WekaManual-3.6.0.pdf
http://transact.dl.sourceforge.net/sourceforge/weka/WekaManual-3.6.0.pdf
http://transact.dl.sourceforge.net/sourceforge/weka/WekaManual-3.6.0.pdf
http://www.cs.waikato.ac.nz/ml/weka/documentation.html
https://weka.waikato.ac.nz/explorer

Il. Weka

Interfata

Exporer:

- reprezinta componenta principala vizuala

Weka. Contine mai multe componente:
* Preprocess: optiuni de incarcare a bazelor
de date (format arff / csv) / conectare Sql /
procesari atasate datelor.

Clasiffy: algoritmi de clasificare;

L Weka GUI Chooser

e Associate: algoritmi de asociere;

Prograrn Visualization Tools Help

The University
of Waikato

Cluster: algoritmi de Tnvatare nesupervizata
Select attributes: algoritmi de detectie a
Explorer atributelor
* Visualize modalitati de vizualizare a datelor.
Experimenter o

Applications

KnowledgeFlow

\ Experimenter:

Whaikato Environment for Knowledge Anahysis
Version 3.6.12

(c} 1553 - 2014
The University of Waikato
Hamitton, Mew Zealand

- permite configurarea unui sistem ce asigura
Simple CLI \

comparatia sistematica a perfomantelor

algorimilor de clasificare pe diferite colectii de
baze de date.

KnowledgeFlow:
- permite configurarea de fluxuri automate.

SimpleCLI:
- consola de apelare a functiilor de clasificare.

09.03.2015
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Il. Weka
CLI vs GUI

% SimpleCLl &5

> cls

> help

Command must be cne of
java <classnamed> <args> [ > file]
break
kill
cls
history
exit
help <command>

* Recomandat pentru utilizarea in
profunzime a algoritmilor;

» Ofera functionalitati indisponibile in

interfata grafica.

* Mai usor de utilizat;

[+) 0 Wohs b rometge Lapaiw
| Mepecers ' o . ewcr e twy P
- e Ogen 4 —
-
[ Nere o
b - -
L ’ Mo sepaiengh 0 Tape Numenw
LA - ~ - -
Ao we ™ -
i Mves
M »
058 oG -
- Mea-
petatengts v o L
el
.

e Ofera functionalitati intuitive: Explorer,

Experimenter si KnowledgeFlow.
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Il. Weka

Explorer: Preprocess

incarcare fisiere Open File

EPrEPrOCESS”CESS:'{ ICM.S:E-' udate I"’&s atiributes I suEl _-El
| Cpen file.,. | Open URL. .. | | Cpen DB... | | Generate... Undo Edit... Save...
Filter
| Choose ||Hune Apply
Current relation Selected attribute
Relation: Mone Mame: Mone Type: Mone
Instances: Mone Attributes: None Missing: Mone Distinct: Mone Unique: Mone
Attributes
All None Invert Pattern
] ” Visualize All
Remave
Status

Welcome to the Weka Explorer

<
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Il. Weka

Explorer: Preprocess
incarcare fisiere

G Weka Explorer = =

Preprocess |C assify I-C uster I Associate | Select a

CriDutes I visualize |

Open file. .. Open URL... Open DEB... Generate... Undo Edit... Save...

Filter

Look in Apply

Current relation
Relation: Mo R % : Naone
Instances: Mo m:_r} : Mone

Attributes Recent Items o iris_2d.arff
& iris2D2.arff
All o segment.arff

a weather.arff
o weather.nominal.arff

Visualize Al

File name: |iris.arF’F

Files of type: |Arﬂ’daia files (*.arff) £and Open selected file

Status

weka.core.converters. C5Vloaderfailed to load datasets ‘, x0

Open:

Selectie fisier

(arff / csv)

09.03.2015 TACAI — dr.ing. lonut Mironica
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Il. Weka

Explorer: Preprocess

incarcare fisiere

Preprocess | Classify | Cluster

Assodiate | Select attributes | Visualize

Open URL... Open DE... Generate... Undo

Edit... Save...
Filter
Choose | |Mone Apply
Current relation Selected attribute
Relation: iris Mame: sepallength Type: Mumeric
Instances: 150 Attributes: 5 Missing: 0 (0%&) Distinct: 35 Unigque: 9 (6%:)
Attributes Statistic Value
All Mone Invert Pattern Minimum 4.3
Maximum 7.9
Mean 5.843
S s StdDev 0.828
2| ]sepalwidth
3| Jpetallength
4(|petalwidth
5| |class

Class: dass (Mom)

Remove

W Visualize All

09.03.2015
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Il. Weka

Explorer: Preprocess
Structura fisier arff

% This is a toy example, the UCI weather dataset.
% Any relation to real weather is purely coincidental

@relation weather h Dataset name

@attribute outlook {sunny, overcast, rainy}
@attribute temperature real
Comment P

@Gattribute humidity real
@attribute windy {TRUE, FALSE}
@attribute play {ves, no}

edata Attributes
sunny, 85,85, FALSE, no

sunny, 80, 90, TRUE, no

overcast, 83,86, FALSE, yes

rainy, 70,96, FALSE, yes I
Y L a0 taor s Target / Class variable
rainy, 65,70, TRUE, no

overcast, 64, 65, TRUE, yes

sunny, 72,95, FALSE, no

sunny, 69,70, FALSE, yes _ Data Values
rainy, 75,80, FALSE, yes

sunny, 75,70, TRUE, yes

overcast, 72,90, TRUE, yes

overcast, 81,75, FALSE, yes

rainy,71,91, TRUE, no
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Il. Weka

Explorer: Preprocess
Atribute fisier arff

Atribute nominale: valorile sunt selectate dintr-o lista predefinita;

e Atribute numerice: valorile sunt intregi sau reale;

* Siruri de caractere (string): sunt incadrate intre ghilimele;

* Relationale: pentru date care apartin in mai multe tipuri de
instante.
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Open URL: incarcare fisiere aflate la un link;

"' We ka Open DB: conectare la o baza de date
Explorer: Preprocess relationala (SQL) prin driver JBDC;

Incarcare fisiere Generate: generare baze de date.

PI’EIJFOGESS Classify | Cluste
Cpen file... Opeff URL. .. Cpen DB.Y. Generate... Undo Edit... Save...
Filter
Choose  |None Apply
Current relation Selected attribute
Relation: Mone Mame: Mone Type: Mone
Instances: Mone Attributes: None Missing: Mone Distinct: Mone Unique: Mone
Attributes
All None Invert Pattern
v || Visualize All
Remave
Status

Welcome to the Weka Explorer

Log #.xﬂ
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Il. Weka

Utilizare algoritmi de clasificare

| Preprocessl Classify | Cluster I Assocate I Select ath"ibutesl Visualize

Classifier

| Choose | ZeroR

Test options Classifier output
() Use training set

() Supplied test set Set...

(@) Cross-validation  Folds ICI
Opercentage ol

| More options... |

{Mom) class "

| Start | Stop

Result list {right-dick for options)

Status

= - <°
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Il. Weka

Explorer: Preprocess

incarcare fisiere

1. Deschide weka GUI 7. Click 'Start’

2. Click 'Explorer! 8. Wait...

3.'Open file...' 9. Vizualizeaza rezultate

4. Selecteaza tabul 'Classify' Alege a. ‘Salveaza rezultat’
un clasificator b. 'Salveaz3 clasificator'
5. Selecteaza parametrii de

clasificar

09.03.2015 TACAI — dr.ing. lonut Mironica
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Il. Weka

Utilizare algoritmi de clasificare

Optiuni de impartire a bazei de date (Test Options)

L]

Weka Explorer = =

Preprocess Classify | Cluster | Associate | Select attributes | Visualize

(@) Cross-validation  Folds |10
(_) Percentage split

Maore oplions...

(Mom) dass

Start
Result list {right-dick for options)

(") Supplied test set e

Status
QK

Log wxu

Use training set: utilizarea
setului de antrenare si pentru
testare;

Supplied testset: baza de date
de test incarcata separat;

Cross-validation: impartirea
setului de antrenare in mai
multe seturi succesive de
antrenare / testare;

Percentage split: impartirea
setului de antrenare intr-un
set de de antrenare si
testare.

09.03.2015
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lll. Evaluarea performantei de clasificare

Parametri de evaluare Acuratete de clasificare

Procent clasificari incorecte

Preprocess | Classify | Cluster | Assodate | Select attributes | Visualize
Classifier

Classifier output

Test options

() Use training set

ZercR predicts class wvalue: Iris-setosa

Precizie

() Supplied test set Set...

Time taken to build model:

(®) Crossvalidation  Folds |10 0 seconds

() Percentage split % |66
=== Stratified cross-validation ===
More options...

Reamintire

(Nom) dass orrectly Classified Instances 33.3333 %
Mncorrectly Classified Instances 66.6667 %
Stop appa statistic
ean absclute error

Start

Result list (right-dlick for options) c 4
e — Foot mean sguared error

A s Felative abzsolute error F-measu re

oot relative squared error

[[otal Number of Instances

Detailed Rccuracy By Class ===

TP Rate FP Rate  Precision Recall F-MeasuTe ROC Area Class

1 1 0.333 0.5 0.5 Iris-setosa

1] 1] 0.5 Iris-versicoler
a a 0.5 Iris-wvirginica
eighted Awvg. 0.333 0.333 0.5

Confusion Matrix === Matricea de corl

<-- classified as
| & = Iris-setosa

uzie

| b = Iris-versicolor
| © = Iris-virginica

Log #..xo
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lll. Evaluarea performantei de clasificare

Acuratetea de clasificare

Dat fiind un sistem de clasificare, fiecare document este
clasificat ca relevant / nerelevant.

Acuratetea de clasificare: procentul de documentele care
sunt clasificate corect:

TP+TN
Acuratetea =
g TP+TN+FN+FP
AV FN+FP
Procentul de clasificari incorecte =
TP+TN+FN+FP

=1 —acuratete

Regasit True positive (TP) False pozitive (FP)
Neregasit False negative (FN)  True negative (TN)

09.03.2015 TACAI — dr.ing. lonut Mironica
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lll. Evaluarea performantei de clasificare

Matricea de confuzie

Predicted Class
Class 1 Class 2 Class 3
Class 1 2 1 1
Actual
Class 2 1 2 1
Class
Class 3 1 2 3
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lll. Evaluarea performantei de clasificare

Matricea de confuzie

Confusion Matrix ===

LOOOOOONO
s jolelelelels -
COOoOOOoOOoOOoOOO
slejaleielelsle -
COOoOOoOoOoOoqOO
EOCOOCOOoCOoOOoOOry
—tNOOOoO OO OO

e jelelelelele -

OO0 O0O0OOoO0Og

HOOODOoOOOoOOoOOoOO0O0 0O

je=jelelelelelele]lels]s)

je=jelelelelelele]le)s]s)

imlalelololelele]ls)s]s)

je=jeleleleleloele]le)s]e)

OO0 O0OO0000

OO NOOOOO0O0O

Total Correct
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IV. Exercitii

= Incdrcati rand pe rand bazele de date:
Weather.arff, Iris.arff si Glass.arff;

s Utilizati ca si clasificatori: ZeroR, OneR, arbori de decizie
(J48), Nearest Neighbor (IBK) si Naive Bayes. Verificati care
este cel mai bun clasificator. Retineti acuratetea de
clasificare a fiecarui clasificator in parte;

= Eliminati rand pe rand cate o coloana din bazele de date si
comparati acuratetea cu cea obtinuta ulterior;
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IV. Exercitii

s Adaugati zgomot un filtru de preprocesare (Swap Values /

Add noise) si verificati efectul acestora asupra acuratetei de
preprocesare.

s Modificati optiunea “Cross-Validation Folds” cu “Percentage
split”. Care este diferenta dintre cele doua optiuni?

09.03.2015 TACAI — dr.ing. lonut Mironica



