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“A field of study that * “A computer program is
gives computers the said to learn from

ability to learn without experience E with

being explicitly respect to some class of
programmed” tasks T and performance
1959, Arthur Samuel measure P, ifits

performance at tasks in
T, as measured by P,
improves with
experience E”

1997, Tom M. Mitchell
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Rere. “n: Glass

No. | TR Na Mg Al 5i K Ca Ba Fe Type ‘

Mumeric MNumeric | Mumeric | Mumeric | Bumeric | Mumeric | Humeric | Bumeric | Numeric Mominal

1 1.51793 12.79 3.5 1.12 73.03 0.64 877 0.0 0.0 build wind float
P 1.51643 12.16 3.52 1.35 72.89 0.57 8.53 0.0 0.0 vehic wind float
3 1.51793 13.21 3.48 1.41 72.64 .59 2.43 0.0 0.0 build wind float

& 1.51299 14.4 1.74 1.54 7455 0.0 7.59 0.0 0.0 tableware

5 1.53393 12.3 0.0 1.0 70.16 0.12 16.19 0.0 0.24 build wind non-fla_
b 1.51655 12.75 2.85 1.44 73.27 0.57 8.79 0.11 0.2 2 build wind non—ﬂuatﬁ
7 151779 13.64 3.65 0.65 73.0 0.06 8.93 0.0 0.0 vehic wind float T
8 1.51837 13.14 2.84 1.28 72.85 0.55 9.07 0.0 0.0 build wind float”

9 1.51545 14.14 0.0 2.68 T3.39 0.08 9.07 0.61 0.05 headlamps

10 1.51789 13.19 3.9 1.3 72.33 0.55 8.44 0.0 0.2 8 build wind non-float
11 1.51625% 13.36 3.58 1.49 72.72 0.45 821 0.0 0.0 build wind non-float
12 1.51743 12.2 3.25 1.16  73.55 0.62 8.9 0.0 0.24 build wind non-float
13 1.52223 13.21 377 0.79 71.99 0.13 10.02 0.0 0.0 build wind float

14 1.52121 14.03 3.76 0.8 7L.79 0.11 9.65 0.0 0.0 vehic wind float

15 1.51665 13.14 3.45 1.76 72.48 0.6 &2.38 0.0 0.17 vehic wind float

16 1.51707 13.48 3.48 1.71 72.52 0.62 7.99 0.0 0.0 build wind non-float
17 1.5171% 14.75 0.0 2.0 F3.02 0.0 8.53 1.59 0.08 headlamps

18 1.51629 12.71 3.33 1.49 7328 0.67 8.24 0.0 0.0 build wind non-float
19 1.51994 13.27 0.0 1.76 73.03 047 11.32 0.0 0.0 containers

20 1.51811 12.96 2.96 1.43 72.92 0.6 8.79 0.14 0.0 build wind non-float
21 1.52152 13.05 3.65 087 7T2.22 0.19 9.85 0.0 0.17 build wind float

22 1.52475 11.45 0.0 1.88 72.19 081 13.24 0.0 0.34 build wind non-float
23 1.51841 12.93 3.74 1.11 72.28 0.64 8.96 0.0 0.22 build wind non-float
24 1.51754 13.39 3.66 1.19 72.79 0.57 8.27 0.0 0.11 build wind float

25 152058 1285 1.61 217 7218 0.76 9.7 0.24 0.51 containers

26 1.5156% 13.24 3.49 1.47 73.25 .38 &.03 0.0 0.0 build wind non-float
27 1.5159 12.82 3.52 1.9 72.8B6 0.69 7.97 0.0 0.0 build wind non-float
28 1.51683 14.56 0.0 1.98 73.29 0.0 8.52 1.57 0.07 headlamps

29 1.51687 13.23 3.54 1.48 72.84 0.56 g.1 0.0 0.0 build wind non-float
30 1.5161 13.33 3.53 1.34 72.67 0.56 8.33 0.0 0.0 vehic wind float
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® 00 Viewer
Relation: weather.symbolic
MNo. ‘ outlook | temperature ‘ humidity | windy | play
Mominal Mominal Mominal | Mominal | Nominal
1 sunny  hot high FALSE no
2 sunny  hot high TRUE no
3 overcast hot high FALSE  yes
“ rainy mild high FALSE  yes
5 rainy cool normal  FALSE  yes
B rainy cool normal TRUE no
i overcast cool normal TRUE  yes
8 sunny  mild high FALSE no
9 sunny  cool normal  FALSE  yes
10 rainy mild normal  FALSE  yes
11 sunny  mild normal TRUE  yes
12 owvercast mild high TRUE  yes
13 overcast hot normal  FALSE  yes
14 rainy mild high TRUE no

O Cancel



‘Evvolec

MovTteAo (Model, Concept)

2TIyMioTuTro (Instance, Aciyua, Example)

XapaktnploTiko (Feature, MetaBANTN)

KAaon (Class)
ETiBAsewn (Supervision)
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Viewer

Relation: weather.symbolic

ﬂ

0O =] N W ods ) Pl e

outlook | temperature | humidity | windy play
Mominal | Nominal

Nominal Mominal

sunny  hot
sunny  hot
overcast hot
rainy mild
rainy cool
rainy cool
oVercast cool
sunmy  mild
sunny  cool
rainy mild
sunny  mild
overcast mild
overcast hot
rainy mild

MNominal

high
high
high
high
normal
normal
normal
high
normal
normal
normal
high
normal
high

Ok

FALSE
TRUE
FALSE
FALSE
FALSE
TRUE
TRUE
FALSE
FALSE
FALSE
TRUE
TRUE
FALSE
TRUE

no
no

yes
yes
yes
no

Ves
no

Ves
Ves
yes
yes
yes
no

Cancel
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» Katnyopieg (Classification)
* Opadecg (Clustering)

o 2UOXeTioeIC (Association)



8 00

Select attributes Visualize |

Classify

Preprocess

Open file... Open URL... Open DB... Cenerate... Undo Edit... Save...
Filter
Choose NonSparseToSparse Apply
Current relation Selected attribute
Relation: weather.symbolic Name: outlook Type: Nominal
Instances: 14 Attributes: 5 Missing: O (0%) Distinct: 3 Unigue: 0 (0%)
Attributes No. Label Count
1 sunny 5
All None Invert Pattern £ overcast 4
3 rainy 5
Mo. Mame
. 1@outioock
2 |temperature
31 Thumidity
4| |windy Class: play (Nom) = Visualize All
50 play

5 5
4
e .
Status

0K Log u& ® 0



AAyoOpI0uol ML

1. Supervised learning
AODE
Artificial neural network
Backpropagation
Bayesian statistics
Naive Bayes classifier
Bayesian network
Bayesian knowledge base
Case-based reasoning
Decision trees
Inductive logic programming
Gaussian process regression
Gene expression programming
Group method of data handling (GMDH)
Learning Automata
Learning Vector Quantization
Logistic Model Tree
Minimum message length
(decision trees, decision graphs, etc.)
Lazy learning
Instance-based learning
Nearest Neighbor Algorithm
Analogical modeling
Probably approximately correct learning (PAC) learning
Ripple down rules, a knowledge acquisition methodology
Symbolic machine learning algorithms
Subsymbolic machine learning algorithms
Support vector machines
Random Forests
Ensembles of classifiers
Rnotstrap aggregating (bagging)
osting (meta-algorithm)
al classification
:ssion analysis
nuunination fuzzy networks (IFN)

1.1 Statistical classification
AODE
Linear classifiers
Fisher's linear discriminant
Logistic regression
Naive Bayes classifier
Perceptron
Support vector machines
Quadratic classifiers
k-nearest neighbor
Boosting
Decision trees
C4.5
Random forests
Bayesian networks
Hidden Markov models

2. Unsupervised learning
Artificial neural network

Data clustering
Expectation-maximization algorithm
Self-organizing map

Radial basis function network
Vector Quantization

Generative topographic map
Information bottleneck method
IBSEAD

2.1 Association rule learning
Apriori algorithm

Eclat algorithm

FP-growth algorithm

2.2 Hierarchical clustering
Single-linkage clustering
Conceptual clustering

2.3 Partitional clustering
K-means algorithm
Fuzzy clustering

3. Reinforcement learning
Temporal difference learning
Q-learning

Learning Automata




O 00 Weka Explorer

[Frepmcess WA Cluster | Associate | Select attributes | "u"isualizE]

~Classifier
ii weka
| v @l classifiers
| » @l bayes juiput
» [ functions d tree
N 1 | E.
> meta SUNTLY
ﬁ ) ity = high: no (3.0}
> [l mi ity = normal: yes (2.0)
: overcast: yes (4.0)
» &l misc rainy
» [ rulas = TRUE: no (2.0}
FALSE: 3.0
¥ [ trees | yes (3.0
5 ADTree Leaves 5
' BFTree he tree : 8
" DecisionStump
SFT n to build model: 0.01 seconds
L
- Id3 aticn on training set ===
| g 48 ry ===
L
I 7 J48graft Classified Instances 14 100 %
~ LADTree ly Classified Instances ] ] £
- tistic 1
O LMT lute error ]
L squared error 0
— solute error ] %
© NBTree iwve sguared error 0 %
ber of Instances 14
| Filter... | | Remove filter | | Close |
. S 'k ' led Accuracy By Class ===
i
i
" us

|. Log | #x[}
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Neupwvika AIKTud

= Num Of Epochs 500 ]
{ Accept ) Error per Epoch = 0 Momentum = 0.2



AAyOpIBuoc K-Means




Instance-Based Learning

(=]
¢ ©
®
<
® C\-
® o © ®
X o . | o
® © 0o
[ ] -1 o
® e o ®
...
x ® o
®
@ ¢ o
Py ®
.. - =
w

__________
o ¢ ® & = o T o © T 0



AAyOp1Buoc kNN
(k Nearest Neighbour)
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AAyOpIBuoc C4.5 / J48

8 00 Viewer
Relation: WEEHth.S‘p’mb-CI'IE — - Weka Classifier Tree Visualizer: 23:21:13 - trees.J48 (weather.symbolic)
No. | outlook | temperature | humidity | windy | play Tree View
Mominal Mominal Mominal | Mominal | Mominal

1 sunny  hot high FALSE no

2 sunny  hot high TRUE no

3 overcast hot high FALSE vyes

4 rainy mild high FALSE vyes

5 rainy cool normal  FALSE  vyes x

& rainy cool normal TRUE  no '= sunny '= mr:lircast' '= rainy'

7 overcast cool normal TRUE  yes

8 sunny  mild high FALSE no é - >

9  sunny  cool normal  FALSE vyes - high '~ normal’ ‘- TRUE' ‘= FALSE

10 rainy mild normal  FALSE  yes Vs . L .

11 sunny  mild normal TRUE  vyes - - - -
12 overcast mild high TRUE  vyes

13 owvercast hot normal  FALSE  yes

14 rainy mild high TRUE no

Undo Ok Cancel



AAyOpIOuOC Apriori

RULES:

1. outl ook=overcast 4 ==> pl ay=yes 4 conf: (1)

2. tenperature=cool 4 ==> hum dity=normal 4 conf: (1)

3. hum di ty=normal w ndy=FALSE 4 ==> pl ay=yes 4 conf: (1)
4. outl ook=sunny play=no 3 ==> hum dity=high 3 conf: (1)
5. outl ook=sunny hum dity=high 3 ==> play=no 3 conf: (1)
6. outl ook=rainy play=yes 3 ==> wi ndy=FALSE 3 conf: (1)

7. outl ook=rai ny w ndy=FALSE 3 ==> pl ay=yes 3 conf: (1)

8. tenperature=cool play=yes 3 ==> hum dity=normal 3 conf: (1)
9. outl ook=sunny tenperature=hot 2 ==> hum di ty=hi gh 2 conf: (1)
10. t enper at ur e= hot bl av=no 2 ==> outl ook=sunny 2 conf: (1)
Relation: weather.symbolic

M. |r:-ut|tn:-|-: temperature | humidity | windy play

Mominal Nominal Nominal | Mominal | Nominal

1 sunny hot high FALSE no

2 sUnny hot high TRUE no

3 overcast hot high FALSE  wes

& rainy mild high FALSE  wes

5 rainy cool normal FALSE wes

i rainy cool normal TRUE no

K overcast cool normal TRUE Ves

8 sLnny mild high FALSE no

9 sUnmny cool normal FALSE  wes

10 rainy mild normal FALSE wes

11 sunny mild normal TRUE Vs

12  overcast mild high TRUE yes

overcast hot normal FALSE  wes

rainy mild high TRUE (f[v]}



Naive Bayes

P(Feature 1|Class A) - P(Feature 2| Class A) - P(Class A)
P| Feature j’} . P(Feature E}

FP(Class A| Feature 1, Feature E} =

) N
VRN
Relation: weather.symbolic lu"f =
Mo. | outlook | temperature | humidity | windy play plav |
Mominal Mominal Mominal | Neminal | Hominal [”’33‘ 0367
1 SLINAY hot high FALSE no
2 SLNMY hot high TRUE no
3 overcast hot high FALSE  wes
4 rainy mild high FALSE  ves d
5 rainy  cool normal  FALSE  ves / sutlook f "'-.\ / iy \
B rainy cool normal TRUE no '.I ,f \ \
7  overcast cool normal TRUE  vyes PRY | oy oosk i | |/ \‘ play | windy ,
8 sunny  mild high FALSE  no \|=* [02 o One j" s 0350 oesol
9 SLINMY cool normal FALSE  wes \ / \ /
10 rainy mild normal  FALSE  yes ~— -
11 sunny  mild normal  TRUE  yes i —F B _
12 overcast mild high TRUE  vyes / \ / h
13 overcast hot normal FALSE  wes / temperature -/ humidity \
. . . _ |
14 rainy il high TRUE (([s]} : Ty - “‘“r';ffjm - III| |, = i ltlumii"‘;r’mal ,|
ves | 0238 0429 (.333 ), 'ax ves | 0350 0.650 /

‘,< 0385 (0385 0231 no 0.750 0250



AAyoOpIOuoc PageRank

g

Website PageRank

twitter.com 10

programmingzen.com

facebook.com 9
reddit.com 3
stackoverflow.com 7
tumblr.com ]
crucial.com 5

4

5

dearhlngger.nrg




Kavévag

AEvOpa ATToPACEWV
Decision Trees

MeAQTEG;

Mepikoi [MAApES

Nai

ExTipnonAvapovnig;

>60

30-60

10-30

EvaAAOKTIKO;

'OV Nai

KpdTtnon;

N/z;

OWGI OWal

MTrap;

Nai

’O)Nm

Nai

‘Evag vEéog TTEAATNG Ba TTEPIPEVEI

yia TpaTtreédl ) OxI;

0-10
Mewvaouévog; Nai
Oxi Nai
Nai EvaAAakTIKO;

Nai

OWGI

Nai

Bpéxer;

OWGI

Nai




[Tivakac Aedopevwy EKTTaidsuong

# Eva | Mmra | /2 | NMeivaop | MNMeAhateg | Tip | Bpéxe | Kpatno | Tomog | EkTipy | Oallepipével
A o n l n
X, | Nai | Ox1 | Oxi Nai Mepikoi | $$$ | Oxi Nai FaAiké | 0-10 Nai
X, | Nai | Ox1 | Oxi Nai MAAPES $ Oxi Oxi TaOA | 30-60 Oxi
X, | Ox Nai | Ox Oxi Mepikoi $ Oxi Oxi Tayxue. | 0-10 Nai
X, | Nair | Ox1 | Nai Nai MARpES $ Nai Oxi TalOA 10-30 Nai
X, | Nar | Ox1 | Nai Oxi MNAApec | $$$ | Oxi Nai FaAik6é | >60 Oxi
Xs | Oxi Nar | Oxi Nai Mepikoi | $$ Nai Nai ITaAiké | 0-10 Nai
X, | Oxi Nai | Oxi Oxi Kavévag | $ Nai Oxi Taxue. | 0-10 Oxi
X | Oxt | Ox1 | Oxi Nai Mepikoi | $$ Nai Nai TaoA 0-10 Nai
X, | Oxi Nai Nai Oxi MARpEg $ Nai Oxi Tayue. >60 Oxi
X,, | Nai Nai | Nai Nai MAApes | $$% | Oxi Nai ItTaAiké | 10-30 Oxi
X,; | Oxi Ox1 | Oxi Oxi Kavévag | $ Oxi Oxi TaUA 0-10 Oxi
X,, | Nai Nai Nai Nai MARpEG $ Oxi Oxi Tayxue. | 30-60 Nai




raAAIkO

EtiAoyn XapakTnpioTiKoU

1

1250709 N1of11

3 4 6 8 12

ITaAikd

TuTTOG;

JaUAQVOEQIK

(@)

Taxuoayeio

1

3 4 6 8 12

MAnpeg

HEHEHEOIDI
[MeAareg;
Kavévag Mepikoi
1 3 6 8
7 j11
m Nai

(B)

4 12

Mevaopévog;

OXANGI

4 12




KEpoOoc INAnpogopiac

Information Gain

P n y__ P p \ _n n
](p+n’p+n)_ p+n10g2<p+n) p+n10g2<p+n)
4 +n. . .
Yadiomo(4)= Y P DL D)

=1 ptn p,tn, p+n,

: _ p o\ oo
Képdog(A) = ]<p+ i n) Yrélowwo( A)




| =1 | =1
1 (8 [4 [el [8] 12 1.3 4 6 8 12
2050709 N10011 2050709 H10f11
TuTrOG; [MeAATEG;
raAAIKG ITaAiké JAUAaVOEQIK Taxuepayegio  Kavévag Mepikoi MARpeg
ﬂ 48 mEeE [@mE | _,o
i HIE 11 BEBEEN
| = 1 | =1 | =1 | =1 - Mevaopévog;
“2/12 212 412 *4/12 1=0 1=0 'Ox/\Nou
, Y=6/12%0,92=0,46
Y(TUtmog) = 1 K=1-0,46=0,54 - i
K(Tutrog) = 0 BE B
(a) (B) |=0 | =1
Y=2/6"0+4/6*1=0,67
K=0,92-0,67=0,25
P n y\___P P \__ N h
L ) = P tog, () og, ()

. p+n,
Yréloimo (A) = Z P I(

P; n,

=1 ptn p;tn;, ptn,

n

Képdog(4) = 1(—L—,
ptrn p

+n

)—YméAoimo (A4)



TeAIKG

[MeAQTEC;
Kavévag Mepikoi [TAf\pEg
Nai [MeivaouEévog;
'O)Nal
TuTtrog;
MaAAIKO ITaAIKG [ TauAavOEQIKO Taxupayeio
Nai M/z; Nai

OWQI

Nai




play?

No  outlook tempfratur hun\jidit windy  play

1 sunny ht high FALSE no

2 sunny hot high TRUE no

<) overcast hot high FALSE | vyes

4 rainy mild high FALSE | vyes

) rainy cool normal | FALSE | yes

6 rainy cool normal | TRUE no

7 overcast cool normal | TRUE yes

8 sunny mild high FALSE no

9 sunny cool normal | FALSE | yes

10 rainy mild normal | FALSE | yes

11 sunny mild normal | TRUE yes

12 overcast mild high TRUE yes

13 overcast hot normal | FALSE | vyes

14 rainy mild high TRUE no
]( E . ") =- 10g2< E )_ . logz(

p+tn p+n p+n ptn’ p+n
! <1%’ %) 194 log, 194 154 log. 154) 094




No outlook temperatur  humidit  \jindy play outlook temperatur
: \/ 2]

1 |isumny | hot high | FALSE | no 4 | rainy || mild high | FALSE | yes

2 : sunny i hot high TRUE no 5 : rainy : cool normal | FALSE | yes

8 : sunny | mild high FALSE no 6 : rainy : cool normal TRUE no

9 : sunny 1| cool normal | FALSE | yes 10 : rainy || mild normal | FALSE | yes

11 : sunny : mild normal | TRUE | vyes 14 : rainy : mild high TRUE no
TV E—— 7 I e

outlook temperatur  humidit 4 0

a v I — =)=
3 iovercast! hot high | FALSE | yes (4 4)
: .
7 | overcast! cool normal | TRUE yes Ry N S N
. | —4~ 43y 0 0 W
12 || overcasti|  mild high | TRUE | yes *}ng(g)F\z_fogz(_zl’- 0
13 : overcasti hot normal | FALSE | vyes =0 =
R 7
, S pitn D n, 5 234 405 32
YroA tlook ) = I , = I(=,=)+—I(—,—)+—1(=,=)=0.69
méloimo (outlook) ; D+ (pl.+nl. pi+ni) 14 (5 5) 14 (4 4) 14 <5 )

Képdoc (outlook) = I ( p_ " )— Yréloimo (outlook ) = 0.94—0.69 = 0.25
p+n p+n



\[¢}

outlook

humidit
\Vi

windy

outlook

temperatur

1 sunny hot - high FALSE no 5) rainy | cool I normal | FALSE | vyes
| I I
2 sunny hot : high TRUE no 6 rainy I cool | | normal | TRUE no
] | '
3 overcast hot | high FALSE | vyes 7 overcast | | cool : normal | TRUE yes
! I |
13 | overcast hot ! | normal | FALSE | yes 9 sunny | cool ’ normal | FALSE | yes
_____ 7
outlook temperatur  humidit
) AVA
: |
4 rainy | mild high FALSE | vyes
!
8 sunny I mid ! high FALSE | no 4 2
| I(=,2)=0.92
10 rainy : mild : | normal | FALSE | vyes 6 6
! =
11 sunny : mild : normal | TRUE | vyes
|
12 | overcast | | mid | | high | TRUE | yes
14 rainy | mid ! | high | TRUE | no
\ J
, Pi "'” Pi n, 4 22y 6 4 2, 4 31
YréAoimo (temperature) = Z ’ L — ) == I(=, 5+ —=I(=,2)+—1I(=,-)=0.90
Py p+n p.+n. p;+n, 14 474" 14 '6°6" 14 4
1 i i I i
, p n ,
Képdoc (temperature) = I ( )— Ynérowro (temperature) = 0.94—0.90 = 0.04

p+n’p+n



3. humidity

~_

No outlook temperatur | humidit windy outlook temperatur
3 v e

1 sunny hot high FALSE no 5 rainy cool ' normal | FALSE yes
2 sunny hot high TRUE no 6 rainy cool normal | TRUE no
3 overcast hot high FALSE | vyes 7 overcast cool normal | TRUE yes
4 rainy mild high FALSE | vyes o sunny cool | normal | FALSE | yes
8 sunny mild high FALSE no 10 rainy mild normal | FALSE | yes
12 overcast mild high TRUE yes 11 sunny mild | normal | TRUE yes
14 rainy mild high TRUE no 1)) overcast hot | normal | FALSE | yes

v

Yrédomo ( humidity) = Z P I( i % ) = / ](éi)+ l](ﬁ l) = 0.79
= p+n p+n p+n 14 77" 14 7

Képdoc (humidity) = I ( P

n

p+n’p+n

)—Yrédowrwo (humidity) = 0.94—0.79 = 0.15




No outlook temperatur  humidit i temperatur  humidit — windy
\/

e v e
2 sunny hot high TRUE : no 1 sunny hot high FALSE ' no
6 rainy cool normal | TRUE | no 8 overcast hot high FALSE i yes
7 overcast cool normal | TRUE i yes 4 rainy mild high FALSE | yes
11 sunny mild normal | TRUE : yes 5 rainy cool normal | FALSE : yes
12 overcast mild high TRUE : yes 8 sunny mild high FALSE : no
14 rainy mild high TRUE : no 9 sunny cool normal | FALSE : yes
T ' 10 rainy mild normal | FALSE : yes

13 overcast hot normal | FALSE : yes

_____ /
Yrédoumo (windy) = Z P Pi , " ) = 0 I(éé) 8 1(6 2) = 0.89
=1 ptn p,-+ n, p,+n, 14 66" 14 8’8

1(—2— )\~ Yxéioimo (windy) = 0.94—0.89 = 0.05

Képdoc (windy) =
épdog (windy ) otn phn



9 5
4 I(—,—)=0.94
[EAIKO e
- outlook
humidi
1 | sunny ' hot high | FALSE | no 4 |i rainy || mild high | FALSE | yes
|
2 : sunny : hot high TRUE no S5 |l rainy : cool normal | FALSE | yes
. | |
8 || sunny |  mild high | FALSE | no 6 || rainy . cool normal | TRUE | no
| | | _ _
9 . sunny | cool normal | FALSE | yes 10 | rainy : mild normal | FALSE | yes
11 : sunny : mild normal | TRUE | yes 14 : rainy : mild high | TRUE | no
outlook temperatur humidi ](4 0)
3 iovercast! hot high | FALSE | yes 4’ 4
, |
| R e
7 Eovercast! cool normal | TRUE | yes . /log ( i )}_9 1Og (z_)\)/_ 0
12 || overcasti mild high | TRUE | yes 492404 40
| ] :../ -\:___-
13 |: overcast. hot normal | FALSE | yes =0 -
I\ _____ /
v
, p;tn D n, 2 3, 4,40, 5,32
Yrolowro (outlook ) = 1 , (=, =)+ —I(—,—)+—=1I(=,=)=0.69
( ) ; ptn (pl.+nl. pi+ni) 14 (5 5) 14 <4 4) 14 <5 )

Képdog (outlook) = I (

n

p+n’ p+n

)— Yréloimo (outlook ) = 0.94—0.69 = 0.25



1(3, i) = 0.97 P
55

windy  play
1 hot high FALSE | no
2 hot high | TRUE | no
8 mild high | FALSE | no
9 cool normal | FALSE | yes
11 mild normal | TRUE | yes

=overcast

yes

5

—)=0.94

14

=rainy 3 2
I1(=,2)=0.97

55

4 mild high | FALSE | yes

5 cool normal | FALSE | yes

6 cool normal | TRUE no

10 mild normal | FALSE | yes

14 mild high TRUE no




No temperatur hu:nidi windy  play \l | tempaeratur
1 ot high | FALSE | no | 1 : 4 mild high | FALSE | yes
2 hot high | TRUE | no : yes : 5 cool normal | FALSE | yes
8 mild high | FALSE | no i : 6 cool normal | TRUE no
9 cool normal | FALSE | yes : | 10 mild normal | FALSE | yes
11 mild normal | TRUE | yes | ! I\ 14 mild high | TRUE | no

Kal ettTavaAappavouue

VIO KAOE UTTOOEVTPO




1(3, é) = 0.97 P
> O

windy  play
1 hot high FALSE | no
2 : hot high TRUE no
8 | mid high | FALSE | no
9 : cool normal | FALSE | yes
11 : mild normal | TRUE | yes
No temperatur hu[nidi windy  play
1 ht hih FALSE | no
2 hot high | TRUE | no
No temperatur hu:nidi windy  play
8 md hih FALSE | no
11 mild normal | TRUE | yes

No temperatur humidi
Jay fv/

cool

normal

windy
FALSE

play

yes

9 5
I(—,—)=0.94
R \(14 14)
outlook
_ =rainy 3 2
=overcast
temperatur windy  play
h 4 mild high | FALSE | yes
yes
5 cool normal | FALSE | yes
6 cool normal | TRUE no
10 mild normal | FALSE | yes
14 mild high TRUE no

2

1

Yroloiro = %O+ —1+=0=04

5

Képooc =097-04 =

5

0.57



1 hot high | FALSE | no
2 hot high i TRUE no
8 mild high | FALSE | no
9 cool normal : FALSE | yes
11 mild normal : TRUE | yes
No temperatur hu:nidi windy  play
1 ht hih FALSE | no
2 hot high TRUE no
8 mild high | FALSE | no

No temperatur

humidi

. windy  play
9 cool normal | FALSE | yes
11 mild normal | TRUE | yes

yes

tempaeratur windy  play
) 4 mild high | FALSE | yes
5 cool normal | FALSE | yes
6 cool normal | TRUE no
10 mild normal | FALSE | yes
14 mild high TRUE | no

Yroloimo = 0

Képoog = 0.97




. '14714
outlook

—sun ny — —_ =ra | ny 3 2
> - =overcast

v/

"///

© humidity

- d ) 4 mild high | FALSE | yes

yes
L ) 5 cool normal | FALSE | yes
=high =normal 6 cool normal | TRUE | no
10 mild normal | FALSE | yes
14 mild high TRUE no

.
no yes




=sunny
2 3, _
1(5,5)_0.97
© humidty
=high =normal
no ( yes 1

~

=overcast

yes

temperatur

humidi

windy

play

) 4 mild high | FALSE | yes
) 5 cool normal | FALSE I yes
6 cool normal | TRUE no
10 mild normal { FALSE I yes
14 mild high | TRUE | no
No temperatur hu:nidi windy  play
6 cool normal | TRUE no
14 mild high | TRUE | no
No temperatur hu:nidi windy  play
4 mild high | FALSE | yes
5 cool normal | FALSE | yes
10 mild normal | FALSE | yes




9 5

— —1)=0.94
- 1(14’14) 09
| outlook |
=sunny - =rainy 32
5’5 o =overcast S
humidity AT

v
=high =normal =TRU =FALSE

no yes




2 2 =0.94

. M (ﬁ’ 14

¢ outlook D

/
=sunny —_ =rainy 3 2
5°5 o =overcast I f—\\
< humldlty D wmdy

/

yes
=high =normal

-

=TRU =FALSE
'= sunny' '= overcast' '= rainy'

e

'= high' '= normal’ '= TRUE' '= FALSE'

- . ~ .
no 3.07| ves 2.07| no 2.07| ves (.07



KEpoOoc INAnpogopiac

(Auadikn KAaon)
P n y__ P p \ _n n
](p+n’p+n)_ p+n10g2<p+n) p+n10g2<p+n)

, _ - pt+ o, Pi n;
Yréioimo(A) = ; P I(pi_l_ n o+ ”i)




KEpoOoc INAnpogopiac

(I'evikn lNepitrrwaon)
(= =2, =)=
(Zci Zci Ci>
—__ & log, Ly S log, C) L C, log, c,
Zci g(zci> Zci g(zci) Zci g(zci)

T ; chi logz( chi>

2. ¢,

C;

Yréioimo(A) = Z I,

Képdoc(A) = I —Ymnbroimo( A)



Ek@paoTikOTNTa AEVOPWV
ATTOQPAOCEWV

* |ooduUvapa ue kavoveg if-then-else
e locodUvVapa YE TNV TTPOTACIAKI AOYIKN.

* YTTEPPOAIKA HEYAAQ OEVOPA OE KATTOIEC
TTEPITITWOEIC.
- KAQOEpa OEVOPOU



AIKTUO Bayes

@ Smoke
“ (o N e
o e

Pr(d) = Z Pr(d | a,b)Pr(a|t,l)Pr(b|s)Pr(l| s)Pr(s) Pr(x|a)Pr(¢ | v) Pr(v)

ABLTS XV




1.

2.

AIKTUO Bayes

‘Eva ouvoAo Tuxaiwyv JETaBANTWY (JIaKPITWV )

OUVEXWYV) oxnuaTtiel TOUC KOUBOoUC Tou ypa@pnuaToc.

‘Eva oUvoAOo KaTeuBUVOPEVWY OUVOEONWYV N BEAWV

ouvoEel (euyapia KOUPwv. Av uttapxel BEAOC aTTo
TOV KOUPBOo X oTov KOUBO Y, TOTE Afue OTI 0 X gival
yovéag Tou Y.

. O kdBe KOPPOG X £XEl YA UTTO CUVONKN KATAVOWUN

molavoTtnTag P(X | oveig(.X)).

. To ypapnua dcv trepiexel KukAoug (DAG = Directed

Acyclic Graph)



RAIMN

SPRINKLER

T -
SPRINKLER
0.4 06

0.01 0.99

RAIN

GRASS WET
SPRIMKLER BAIN| T F
F F 0.0 1.0
F T 0.8 0.2
T F 0.9 0.1
T T 0.99 0.01

0.2

0.8
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P(A*A)=PAVvA)=P(A)

[1IBavoTNTEC

P(AM ~A) =0
P(Av ~A) =1

P(~A) = 1 -

D(A vV B) =
P(A"B) =
P(A"B) =

P(A)

P(A) + P(B) - P(A"B)
P(A|IB)"P(B) = P(B|A)*P(A)  (Bayes)

P(A)"P(B)

(A,B avetdpTtnTta - independent)



AvecapTnoia Uutto ouvlnkn

Ta evdexopeva A kai B gival aveg¢aptnta utro
ouvOnkn (conditionally independent) wc¢ 1Tpocg 10
C, av Kal yoévo av:

P(A|B,C)=PA|C)
P(B|AC)=P(B|C)

KOl TOTE:

PA*B|C)=PA|C)*PB|C)



2. UAN\oyiouoc ue Aiktuo Bayes

Inspector Smith is waiting for Holmes and Watson, who are
driving (separately) to meet him. It is winter. His secretary
tells him that Watson has had an accident. He says, "It must
be that the roads are icy. I bet that Holmes will have an
accident too. I should go to lunch.” But, his secretary says,
"No, the roads are not icy, look at the window.” So, he says,

"I guess I better wait for Holmes.” (lcy Roads)
P(1)=0.7
P(H| I) s
I y I 0.8




e P(1)=0.7
P(H| I) P(W| I)
I 0.8 I 0.8
I 04 01

P(W)=P(W|[D)*P(l)+P(W|~1)*"P(~I) = 0.8*0.7+0.1*0.3 = 0.59
emrionc P(H)

P(|W) = P(W|l)*P(l)/P(W) = 0.8%0.7/0.59 = 0.95
LUaAAov Icy

P(HIW) = P(H|W,1)"P(I|W)+P(H|W,~1)*P(~I|W) =
= P(R[I)*PU[W)+P(R|~1)"P(~I]W) =
= 0.8*0.95+0.1*0.05 = 0.765 (>0.59) paAhov H-Crash

P(H|W,~1) = P(H|~I) = 0.1 10 H-Crash €ival Aiyotepo mmbavo



AiKTUua Bayes
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002
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2. UAN\oyiouoc ue Aiktuo Bayes

Inspector Smith is waiting for Holmes and Watson, who are
driving (separately) to meet him. It is winter. His secretary
tells him that Watson has had an accident. He says, "It must
be that the roads are icy. I bet that Holmes will have an
accident too. I should go to lunch.” But, his secretary says,
"No, the roads are not icy, look at the window.” So, he says,

"I guess I better wait for Holmes.” (lcy Roads)
P(1)=0.7
P(H| I) s
I y I 0.8




play?

No  outlook tempgratur th\T)idit windy  play
1 sunny ht high FALSE no
2 sunny hot high TRUE no
3 overcast hot high FALSE | yes
4 rainy mild high FALSE | vyes
S rainy cool normal | FALSE | yes
6 rainy cool normal | TRUE no
7 overcast cool normal | TRUE yes
8 sunny mild high FALSE no
9 sunny cool normal | FALSE | yes

10 rainy mild normal | FALSE | yes

11 sunny mild normal | TRUE yes

12 overcast mild high TRUE yes

13 overcast hot normal | FALSE | yes

14 rainy mild high TRUE no




e
— S

C temperatu re>

_—

R

Weka Classifier Graph Visualizer: 21:47:11 - bayes.BayesMNet

EIEYETENEE]

outlook

< outlook >



No outlook temperatur  humidit windy EW P

1 sunny ht hih FALSE | no M \\temp erature - )
hot mild  cool
2 sunny hot high TRUE no hot 3/4 1/4
3 overcast hot high FALSE yes mild 4/6 2/6
4 rainy mild high FALSE yes cool 0/4 4/4 S
5) rainy cool normal | FALSE | yes ( humidity \>
6 rainy cool normal | TRUE no I el
7 overcast cool normal | TRUE yes
8 sunny mild high FALSE no
9 sunny cool normal | FALSE yes
10 rainy mild normal | FALSE yes
11 sunny mild normal | TRUE yes \
12 overcast mild high TRUE yes P
13 overcast hot normal | FALSE yes
14 rainy mild high TRUE no




No outlook temperatur  humidit
\/

(=]

1 hot high FALSE
sunny © 9 no ten-1pe windy | play | -l | ek 1111

2 sunny hot high TRUE no

hot TRUE yes - - -
£ overcast hot high FALSE | yes

hot TRUE no 1M 0/1 0/1
4 rainy mild high FALSE yes

hot FALSE | yes 0/2 2/2 0/2
5 rainy cool normal | FALSE yes

hot FALSE no 11 0N 0N
6 rainy cool normal | TRUE no

mild TRUE yes 1/2 1/2 0/2
7 overcast cool normal | TRUE yes

mild TRUE no 0N 0N 1/1
8 sunny mild high FALSE no

mild FALSE | yes 0/2 0/2 2/2
9 sunny cool normal | FALSE | yes

mild FALSE no 11 0/1 0/1
10 rainy mild normal | FALSE yes

cool TRUE yes 0N 1/1 0N
11 sunny mild normal | TRUE yes

cool TRUE no 0/1 0/1 11
12 overcast mild high TRUE yes

cool | FALSE | vyes 1/2 0/2 1/2
13 overcast hot normal | FALSE yes

cool FALSE no - - -
14 rainy mild high TRUE no




humidity

mild 4/6 2/6
cool 0/4 4/4
\'////
\\\
a
p
humi-
ddity
high 3/7 a4/7
normal 6/7 1/7

N
g

 temperature

hot

mild

cool

tempe

) windy | play | Ul | el ek rainy
hot TRUE | vyes - - -
hot TRUE no 11 0/1 0/1
hot FALSE | vyes 0/2 2/2 0/2
hot FALSE no 171 0/1 0/1

mild TRUE | vyes 1/2 1/2 0/2
mild TRUE no 0/1 0/1 1/1
mild | FALSE | vyes 0/2 0/2 2/2
| mild FALSE no 11 0/1 0/1
ool | TRUE | yes | o/ 11 0/1
cool TRUE no 0/1 0/1 1/1
cool | FALSE | yes 1/2 0/2 1/2
cool | FALSE no - - -




(=, =)= 00
S 17 [0
| outlook ‘
—suhny =T =rain
I(D—D)=D[E y ](—D’_D)=D[E
o [ [
A =overcast -
humidity ) | windy
yes
=high =normal “TRU CFALSE
no yes o -~

P(play=yes | outlook=overcast) = 1



temper
-ature

hot 3/4 1/4
mild 4/6 2/6
cool 0/4 4/4

ten_lpe windy | play | =l | el rainy

hot TRUE yes

hot TRUE no 1/1 0/1 0/1
hot FALSE | vyes 0/2 2/2 0/2
hot FALSE no 171 0/1 0/1
mild TRUE | vyes 1/2 1/2 0/2
mild TRUE no 0/1 0/1 11
mild | FALSE | vyes 0/2 0/2 2/2
mild | FALSE no 171 0/1 0/1
cool TRUE yes 0/1 11 0/1
cool TRUE no 0/1 0/1 1M
cool FALSE | vyes 1/2 0/2 1/2
cool | FALSE no

Probability Dist..

temperature high

hot

cool

0.7
D.643
0.1

normal
0.3

0.357

0.9

Probability Distribution Table For ou..

temperature windy play sunny

hot

hot

rmild

mild

cool

cool

TRUE

FALSE

TRUE

FALSE

TRUE

FALSE

Ves

Ves

VES

Ves

Ves

VES

0.333
0.6
0.143
0.6
0.429
0.2
0.143
0.6
0.2
0.2
0.429
0.333

overcast rainy

0.333
0.2
0.714
0.2
0.429
0.2
0.143
0.2
0.6
0.2
0.143
0.333

Laplace Smoothing

0.333
0.2
0.143
0.2
0.143
0.6
0.714
0.2
0.2
0.6
0.429
0.333



D-Separation

Active / Dependent Inactive / Independent
(Evepyn / Ecaptnuéveg) (Avevepyn / Mn-e€apTnUEVEQ)

causal chain Y Y & . a
(aAugida aITIdTNTAG) o = & < F’ -

common cause / | \ A
(Kolvr) aitia) o — P —
common effect N4 )/ ! . 4
(KoIvé aTToTEAEOQ) v \ ) /
\

R




Y

[Tapaodeiyua

V |I_Z
V_ |LZI|T
U |_V
U |_VIW
U |_VIX
U |_VI]Y
U ||_V|Z
W _|[_X
X |_T|V

X |_W]U
Y ||_Z

Y |I_Z]|T
Y _ |ILZ]|X
Y |I_LZ|V
W |_Z]|V
U |_Z

U |_Z]Y

htt ps://ww. yout ube. coni wat ch?v=yDs g6 KHbO



Markov Blanket

e Parents
e Children

e Other Parents of
Children




MovTteAo Markov
(Markov Model)

0,4 0.8

0,6 0,2









P(Rl) = P(R1|R0)P(Ro)+P<R1|SO)P<S0) = 0,6

P(R,) = P(R,|R,)P(R,)+ P(R,|S,)P(S,) =
= 0,6x0,6+ 0,.2%0.4 = 0,44



P(Rl) = P(R1|R0)P(Ro)+P<R1|SO)P<S0) = 0,6

P(R,) = P(R,|R,)P(R,)+ P(R,|S,)P(S,) =
= 0,6x0,6+ 0,.2%0.4 = 0,44

P(R3) = P(R3|R2)P(R2)+P<R3|52)P(S2) =
= 0,6%0,44+ 0,2%(1—-0,44) = 0,376






P(R,)=P(R,|R,_,)P(R,_ )+ P(R]|S,,)P(S,_)
=0,6P(R,_,)+02P(S,_,)

P(R)=P(R_)=X
X=0,6X+02(1-X)

1
X =—=P(R
L= p(r,)



? ”

? ?



P(R,) =1
P(S|R)=1
P(R|R)=0
P(S|S)=0,5

RSSSRSR



0,25 0.5
_1+1
PR =137 =
P(S|R) = 2+ 1
2+ 2
P(R|R) = 0+ 1
2+ 2
2+ 1

P =
<S|S) 4+ 2
P(R|S)=2+1

RSSSRSR

Laplacian
Smoothing



Kpuppevo MovteAo Markov
(Hidden Markov Model = HMM)

0,4
O’M
Rainy - 0.2 Sunny
04, .08 09 . 0,1
» 4 » 4

~Happy  Grumpy Happy Grumpy



0,4 0.8

0,6
Rainy = 0.2 Sunny
04, .06 0,9, . 01
» 4 » 4
~Happy  Grumpy  Happy  Grumpy

P<R1|H1>= ?



0,4 0.8

O,M
Rainy = 0.2 Sunny

1
P(Ry) =7
04 .06 0,9~ .0,
» R\ » R\
~Happy  Grumpy  Happy  Grumpy
P H, |R,)P(R
P(R,|H,)= ULIRP(R) = 04%04 _ 0,2286

P(H,) 0,7
P<R1) = P<R1|R0)P<Ro)+P(R1|S0)P(So) =04

P<H1|R1)=O>4
P(H1>=P(H1|R1>P(R1)+P(H1|S1>P(Sl)=
= 0,4%0,4+ 0,9%(1-0,4) = 0,7



E¢eTaoTE "YAN

Mnxavikn¢c Mabnonc

ATT0 Russell-Norvig: ATTO BAaxaa KATT:

13.2-13.6 BavoTnTeEC e 13.1-13.2 MiBavoTtNnTEC
14.1-14.2 Aiktua Bayes
15.1-15.3 Markov

18.1-18.4 AEvOpa aTTOPACEWV
20 Bayes, KNN, K-Means

13.4.1 Aiktua Bayes

18.1.2 AEvOpa ATToPATEWYV
18.1.5 MdBnon Bayes
18.2.2 K-Means

(OAa 1a TTapatrdvw aAAd ue Eupaon o€ 6oa eitTaue otnv aiBouoa)
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Xpnuatodotnon

To TTapOV eKTTAIOEUTIKO UAIKO £XEI AvaTITUXOEI 0TO TTAQiCI0 TOU
EKTTAIOEUTIKOU £pYyou TOU OIOACKOVTA

To €pyo «AvolkTd AKadnuaika Madriuarta oto MNavemTioTAuIo
ABnvwv» £xel xpnuaTodoThoEl HOVO TNV avadiauopPwaorn Tou
EKTTAIOEUTIKOU UAIKOU

To €pyo uAoTroleiTal 0To TTAQicIO Tou ETTixeipnolakou MNpoypdupaTtog
«EkTtTaideuon kai Aia Biou M&bnon» kai cuyxpnuatodoTeiTal atrd TNV
Eupwtraikn 'Evwon (EvpwTtraikd Koivwviké Tapeio) Kar atro €Bvikoug
TTOPOUG.

* * x

EMIXEIPHLIAKO NMPOTPAMMA
EKI'IAIAEYZH KAI AIA BIOY MABHZH —" Ez "A

* *
* *
* *

* ok

v
YNOYPTEIO MAIAEIAL KAl GPHLKEYMATON

E KO Ki 6 Tapei
Vpumatico Hotvuve Taueto Me tn ovyypnuarodotnon e EAAadag kai tng Evpwnaikng Evwong
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2 NUELWHLOTOL
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>NUelwpa lotoplkovu Ekdooewv Epyou

To Tapov £pyo atroteAei Tnv €kdoon 1.0.
‘Exouv 1TponynOei o1 Katwb1 eKOOTEIC:

« ‘Exkdoon 1.0 diabéoiun c0w.

84


https://eclass.upatras.gr/modules/course_metadata/opencourses.php?fc=15

>NUElwpa Avodopac

Copyright NavemotAulo Natpwy, 2yapuroc Kuplakoc. «Texvntr) Nonuoaouvn I,
Mnyxovikny Mabnon». Ekdoon: 1.0. Matpa 2014. AtaBEoipo armo tn SIKTUAKNA
SdtevBuvon:

https://eclass.upatras.gr/modules/course metadata/opencourses.php?fc=15
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https://eclass.upatras.gr/modules/course_metadata/opencourses.php?fc=15

s ’
2NUELwpa AdeLodotnonc
To TTapdv UAIKO diaTiBeTal pe Toug Opouc TNG adeiag xpriong Creative Commons
Avapopd, Mn Eptropikiy Xprion Mapouoia Aiavour 4.0 [1] | eTayevEéoTepn, AIEBVAGC
‘Ekdoon. ECaipouvtal Ta auTOTEAN £pYQ TPITWV TT.X. PUTOYPAPIEC, dIayPAUMATA K.A.TT.,

TA OTTOIA EUTTEPIEXOVTAI € QUTO KAl T OTToia avagEpovTal Hadi Je TOUG OPOUG XPNong
TOUG OTO «2nueEiwpa Xprnons Epywv Tpitwv».

[1] http://creativecommons.org/licen‘ @ ®@@P/

Q¢ Mn Eptropikni opistal n xpnon:

e TTOU O&V TTEPIAAMPBAVEI AUETO 1] EJUETO OIKOVOMIKO OQPEANOC ATTO TNV XPHon Tou
EPYOuU, YIa TO dIaVOPEQ TOU £pyou Kal adeIodox0o
* Trou Ogv TTEPIAAUBAVEI OIKOVOMIKY) ouvaAAayny wg TTPoUTToBeon yia Tn Xpnon n
TTpOdoBaon oT1o £pyo
*  TTOU OgV TIPOCTIOPIEl OTO DIAVOUEQ TOU £PYOU Kal AdEI0OOX0 EUMETO OIKOVOUIKO
O@eAOC (T1.X. dlapnUicEIC) aTTd TNV TTPOPBOAN Tou £pyou o€ dIAdIKTUOKO TOTTO

O AIKAIOUX0G JTTOPEI VA TTAPEXEI OTOV AOEIODOX0 EXWPIOTH AdEIA VA XPNOIUOTIOIEI TO
£PYO VIO EUTTOPIKI XPNon, €EpOcov auto Tou {nTnokEi.
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Alatnpnon ZNUELWHATWY

OtroiadnTrote avatrapaywyn n d1aoKeurn Tou UAIKOU Ba TTpETTel va
OUMTTEPIAQUBAVEI:

* TO 2nueiwpa Avagpopdc

* TO 2nueiwpa AdeI0dOTNONG

e TN ONAwon Alatipnong ZNUEIWPATWY

e TO 2nueiwpa Xprnons Epywv Tpitwyv (EQOCOV UTTAPXEI)

uadli uE TOUG CUVOOEUONEVOUC UTTEPOUVOEDOUG.
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>NUelwpa Xpnong Epywv Tpltwv

To 'Epyo auTtd KAvel Xprion Twv akOAouBwv Epywv:
Eikéveg/Zxnuata/Aiaypaupara/Owroypagisg

Alagaveia 11: Eikéva amd Weka Explorer
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