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Vytézovani dat — prednaska 11
RBFN a nove trendy vytézovani




Osnova prednasky

m Radial Basis Function Network (RBFN)
= Architektura sité
= UCeni
m Regrese a klasifikace s RBFN

m Automatickeé tézeni znalosti z dat
= Trendy
m Automatizace predzpracovani dat
= Automatizace vytézovani dat
m Automatizace extrakce znalosti
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RBFN

m Radial Basis Function Network
m 1988, Bromhead, Lowe

= Neuronova sit’

m Uceni s ucCitelem

= Pouziti:

m Klasifikace
m Regrese

= Hlavni rozdil oproti MLP — lokalni jednotky
(vysvetlime dale)
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Architektura RBF site

neurony

neurony
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Jak vypada ,sféra vlivu"

m Vétsinou gaussovska funkce (kernel)

posuv
[(xxg)/g(yyg )2J
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Lokalni jednotky

= Co to znamena?

m pokryvaji jen Cast definicniho oboru

= jsou nenulove jen v j

= Globalni versus loka

m gausovska funkce —
= sigmoida — globalni

OOOOOOOOOOOOOO

istém useku
ni jednotky:
okalni

m linearni funkce — globalni

= polynom — globalni, ale ve specialnich
vfipadech mize fungovat jako lokalni
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Klasifikace pomoci globalnich
jednotek
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Klasifikace pomoci lokalnich
jednotek

soucet gausovskych funkci (RBFN)
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RBFN jako klasifikator

¥1
Kategorie 1

Y2 Vstup 2
Kartegorie 2

Kazdy neuron ve vnitrni vrstve ma ,sféru vlivu®

Ty se ve vystupni vrstve vazeni scCitaji pro kazdou tridu zviast
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RBFN pro aproximaci (regrese)
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RBF sit’ jako univerzalni aproximator

Diata Points

-
Basis Functions

20%%%%6%9:% %% %N

mMumber af Centers: 12 Standard Deviation: | 0.5

http://diwww.epfl.ch/mantra/tutorial/english/rbf/ntml/
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Neurony RBF sité

= Skryta vrstva,
= vnitrni potencial

¢=\/i<xi —¢,)’

= lokalni nelinearni aktivacni funkce
y = I(¢), napf. gaussovska

= vystupni vrstva,
m linearni prenosova funkce
(vazeny soucet)

OOOOOOOOOOOOO
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Diskuse architektury

= RBF neurony:

= vnitrni potencial je mirou vzdalenost
vstupniho vektoru a stredu
(reprezentovaného vahami neuronu),

m aktivacni funkce vymezuje sféru vlivu.
= Vystupni neurony:

m nascitavaji prirtstky, tak aby pozadovana
aproximace byla co nejpresnejsi.

Intelligent Dota Analysis



Sféra vlivu

m Hyperkoule se sttedem Ca polomérem R,

m RBFN pouziva pro jeji urceni Eukleidovskou
metriku,

m prototyp reprezentuje jistou podmnozinu
vstupnich dat ve tvaru shluku,

OOOOOOOOOOOOO o 1DA
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Sféra vlivu - urceni

= NejCasteji se pouziva Gaussova funkce znama
ze statistiky.

mPokud je vstupni vektor totozny
s prototypem (fj. ¢ = 0), nabyva tato
funkce maxima, které dosahuje hodnoty
jedna. To je také maximalni hodnota
aktivity neuronu.

m Se zvétsujici se vzdalenosti od prototypu
aktivita neuronu klesa. Parametr o, jenz je
analogii rozptylu normalniho rozdeéleni, urcuje
strmost aktivacni funkce.
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Sféra vlivu - geometricka predstava
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Diskuse

m Gaussova funkce vyjadruje miru
prislusnosti vzoru ke stredu.
= Je-li vystup neuronu blizky jednicce, pak je
také vzor velmi podobny stredu.

m Podobnost  vyhodnocujeme  pomoci
metrik, které uz ddvérné zndme

OOOOOOOOOOOOO IDA
INTELLIGENCE Y336VD Vytézovani dat

Intelligent Dota Analysis



MLP vs RBFN

Globalni plocha Lokalni oblasti

Ménée neurondl Veétsinou vice neurond

Rychla vybavovaci faze |Pomalejsi vybavovani

Pomala ucici faze Rychlé uceni

Vhodna data pro MLP a RBFN?
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Uceni RBF neuronovych siti

= Pripomenuti:
= jedna se o uceni s ucitelem, existuji tedy
dvojice
m vzor x kategorie (klasifikator),
= argument funkce x funkcni hodnota (aproximator).

m Dve faze uceni:
= uceni prototypd,
m uceni vystupnich neurond.

COMPUTATIONAL 1 QA
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Uceni stredt I
m Predem odhadneme pocet shlukl ve

vstupnich datech,

m definujeme funkci prislusnosti /77 vzoru ke
shluku,

» odhadneme souradnice vSech p vektorl
C, ktere jsou stredy shlukd.

OOOOOOOOOOOOO IDA
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Uceni prototypd I - pokraCovani

Kroky K-means algoritmu:

OOOOOOOOOOOOO

. Nahodné€ inicializuj sttedy RBF neuronu C.
. Vypocite] m() pro vSechny vzory z trénovaci
mnoziny.
. Vypocite] nove stredy C jako prumér vSech
vzora, které nalezely ke stiedu k podle funkce
prisluSnosti.

Ukon¢i, jestlize se m() neméni, jinak
pokracCuj bodem 2

Y336VD Vytézovani dat E QA
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Uceni prototypd II -
pokracovani

Kroky adaptivniho K-means algoritmu:
. Nahodné 1nicializuj sttedy RBF neuronu C.
. Ptect1 vzor X.
. Uréi k nému nejbliz§i nejblizsi stred a zmén jeho
polohu podle pravidia:

CHY =Cl+n(X"Y -C})

kde 7 je rychlost adaptace, ktera se postupné snizuje
s poCtem iteraci.

. UkonC1, pokud 77 = 0 nebo po urcitém poctu kroku.
Jinak pokraCuj bodem 2
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Uceni prototypu III

* Pokud neumime odhadnout pocet shluku v datech, vychazime
z jejich nulového poctu. Postup v tomto pripadé:

e PieCt1 vzor

* Vyhledej nejblizsi shluk k. Pokud je vzdalenost mensSi nez r,
modifikuyj stfed shluku podle S — ) =

Co =C+n(X" -C,)
» Pokud je vzdalenost vétsi nez r, zaloz novy stied na pozici
vzoru X, j. . C_:ktH —X®

» Ukonci, pokud 77 =0, nebo po ur¢itém poctu krokt. Jinak
pokracuj bodem 2.
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Urceni parametru o

m Parametr o je mozno urcit jako stredni

kvadratickou vzdalenost vzorll od stredu
shluku.

Q.
o= 36 K. [

= kde X; je g-ty vzor nalezejici ke shluku se
stredem C.

OOOOOOOOOOOOO o 1DA
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Uceni vah vystupnich neurond

mVahy ve vystupni vrstvé budeme
opakované upravovat tak, abychom
minimalizovali energetickou funkci:

AW(t) _ —UVE(t) _ U(D(t) Y (t))Y *(t)
= Vzpominate si? Co vam to pripomina?

Y336VD Vytézovani dat II,,UDSA



Energetickou funkci
je v tomto pripadée

Pro odvozeni vztahu pro upravu vah jsme pouzili gradientni
algoritmus.

P - IDA
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Lze RBFN ucit i jinak?

m Genetika!

mJak na to?

Y336VD Vytézovani dat
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Implementace sité RBF — neurocCip
ZISC 36

m NeurocCip ZISC (Zero Instruction Set
Computer) vyrabi firma IBM.

= Jedna se o jednoucelovy procesor s pevne
danou funkci, ktery Ize omezené
konfigurovat, ale nikoliv programovat.

m Cislo 36 v nazvu udava pocet neuronl
implementovanych v jednom pouzdre.
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Neurocip pres WEB

m http://axon.felk.cvut.cz/zisc/zisc.php

ZISC PCI CARD
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Automaticke tézeni znalosti z dat

Trendy:

m Je tézkeé se stat DM specialistou (a drahé si
takoveho specialistu najmout)

m Presto hodné firem potrebuje analyzovat data
a vytezit znalosti

= ReSenim je specializovany software, ktery
uzivatele odstini od miliéont konfiguracnich
nastaveni, kterym nerozumi, a presto
poskytne pouzitelny vysledek.

m Co musi takovy software umeéet?
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Automatizace predzpracovani dat

= Znalost nasledujicich slajdii nebude
predmeétem zkousky

s Pamatujete si na ,zluty diamant" z minulé
prednasky SPSS?

m Predzpracovani dat jde obecné automatizovat
velmi tézko — velka opatrnost nutna

m Ukazka, jak se o to snazime v nasi vyzkumné
skupiné:

OOOOOOOOOOOOO o IDA
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FAKE GAME sofware

KNOWLEDGE
EXTRACTION
and
INFORMATION
VISUALIZATION

INPUT

DATA )

AUTOMATED
DATA
PREPROCESSING

AUTOMATED
DATA MINING
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Automated data preprocessing

m Pro kazdy vstupni atribut vyslechtime
genetickym algoritmem posloupnost
predzpracovacich metod:

- =~

! Genetic Algorlthm evolving Error of models, ":

3 preprocessing sequences fitness function |

Preprocessing ( AME )
’ Sequences

[ Raw data ] ! Ensemble /

! T\ of models
Q{ Selected ]

representative :J/ Automated data
da b . /
ta subset preprocessing
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Metody které mame implementovany

Preprocessing methods

=3

Examples
Example preprocessor
Moize Adder
Imports
— Load RaW Data
— Load GAME Data
— Test stiribute types
— Decode nominals to 1-of-M
— Mark Mizzing Values
Mizzing values
— constant Missing Value Imputer
— Median Missing Yalue Imputer
— Mearest Meighbour Missing Value Imputer
— Mizzing instances remover
= Another instance value data imputer
Marmalization
— Example normalizer
— Linear normalizer
— SoftMax normalizer
— Mean value normalizer
— Z-zcore normalizer
— Custam JS normalizer
— Custam Octave normalizer
Data reduction
— Random data reducer
— Qutlayer remover
— Leave-out neighbours
— KMeans data replacer
— Principal Component Analysis
— HKD-Tree cell replacer
Discretization
L Adaptive hinning
Clustering
H-Means Clustering
H-Means Clustering with Radius
H-Means Clustering Auto

W-Means Clustering

zepal_lendgth | sepal_width | petal_length | petal_wicth Fiz-zetosa | Iriz-wersico... | Fs-vikginics | |
IInput.l'Output... =lnput attrib... [=input attrib... |<input sttrib. [=inpot attribe. . |=Output st (=Output st =Outpot st | =
IManuaIIy zel.. |=Mumeric ty... [=Mumeric ty... |=Mumeric ty... [=Mumeric ty... |=Mumeric ty.. [=Mumeric ty... |=Mumeric ty..
IInstanu:e 1] =R 3.5 1.4 0.2 1.0 0.0 0.0
IInstanu:e 1 4.9 3.0 1.4 0.2 1.0 0.0 0.0
IInstanu:e 2 4.7 3.2 1.3 0.2 1.0 0.0 0.0
IInstanu:e 3 4 5 31 1.5 0.2 1.0 0.0 0.0
IInstanu:e 4 5.0 3.6 1.4 0.2 1.0 0.0 0.0
IInstanu:e 5 5.4 3.9 1.7 0.4 1.0 0.0 0.0
IInstanu:e g 4 5 3.4 1.4 0.3 1.0 0.0 0.0
IInstanu:e 7 5.0 3.4 1.5 0.2 1.0 0.0 0.0
IInstanu:e g 4.4 249 1.4 0.2 1.0 0.0 0.0
IInstanu:e 9 4.9 31 1.5 01 1.0 0.0 0.0
IInstanu:e 10 |54 3.7 1.5 0.2 1.0 0.0 0.0
IInstanu:e 11 |48 3.4 1.6 0.2 1.0 0.0 0.0
IInstanu:e 12 |48 3.0 1.4 01 1.0 0.0 0.0
IInstanu:e 13 |43 3.0 1.1 01 1.0 0.0 0.0
IInstanu:e 14 |58 4.0 1.2 0.2 1.0 0.0 0.0
IInstanu:e 15 |57 4.4 1.5 0.4 1.0 0.0 0.0
IInstanu:e 16 |54 3.9 1.3 0.4 1.0 0.0 0.0
IInstanu:e 17 |51 3.5 1.4 0.3 1.0 0.0 0.0
IInstanu:e 18 |57 3.8 1.7 0.3 1.0 0.0 0.0
IInstanu:e 19 |51 3.8 1.5 0.3 1.0 0.0 0.0
IInstanu:e 20 |54 3.4 1.7 0.2 1.0 0.0 0.0
IInstanu:e 251 3.7 1.5 0.4 1.0 0.0 0.0
IInstanu:e 22 |4E 3.6 1.0 0.2 1.0 0.0 0.0
IInstanu:e 23 |51 3.3 1.7 0.5 1.0 0.0 0.0
IInstanu:e 24 |48 3.4 1.9 0.2 1.0 0.0 0.0
IInstanu:e 25 50 3.0 1.6 0.2 1.0 0.0 0.0
IInstanu:e 26 |50 3.4 1.6 0.4 1.0 0.0 0.0
IInstanu:e 27 |52 3.5 1.5 0.2 1.0 0.0 0.0
IInstanu:e 25 |52 3.4 1.4 0.2 1.0 0.0 0.0
IInstanu:e 29 |47 3.2 1.6 0.2 1.0 0.0 0.0
IInstanu:e 30 |48 31 1.6 0.2 1.0 0.0 0.0 A
IInstanu:e M54 3.4 1.5 0.4 1.0 0.0 0.0 e
|Instanu:e 32 52 4.1 1.5 01 1.0 0.0 0.0 ur




Vystup genetickeho algoritmu

-
| £ Autoratic preprocessing X
Load Data Configure (¥ Autarange (¥ Dizplay hints | Snapshot Znapshot all
Start Stop Step Cancel Generation 5 m 00:20:52

[ chart | Log
fut A hul | A
IEI - I : I
CHHDMOSOME B3, ftness 11.535949492529551 =
E X0 CRIM
B Constant Missing value lmplter
Impute constant = 53.6876797 0342555307
B w1 ZIn
Median Mizzing Yalue Imputer
Bl X3 MOX [dizakled)
Mearest Meighbour Mizsing Yalue Imputer
B x5 AGE (dizakled)
Mizzing instances remover
B ¥EDI=
E Linear normalizer
Input Lowy =00
Input High = 0.0
Output Love = 0.0
Cutput High =1.0
B Example preprocessor
213 12 65 Add value = 7 389447171 49711 11.90 1237 11.02 1063
&1 g2 E’ Mearest Meighbour Missing Yalue Imputer | £8 £9 70 71
q| B xaTax 1|- b
. Computing ... SAVE z BA

Intelligent Dota Analysis
RESEARCH GROUP



Automatizace vytézovani dat

m Algoritmy se museji adaptovat na data

REGRESSION

e

Q CLASSIFICATION
R

O

Q IDENTIFICATION
S
PREDICTION

PREPROCESSED Q

DATA

COMPUTATIONAL
ROLINCE Y336VD Vytézovani dat I BA

Intelligent Data Analysis
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Priklad: Housing data

Input variables

CRIM ZN INDUS NOX RM AGE DIS RAD TAX PTRATIO B LSTA

Weighted distances to five

Per capita crime rate by town Boston employment centers

Proportion of owner-occupied
units built prior to 1940

Median value of owner-occupied |
homes in $1000's
MEDV

Output variable
( (_ INTELUGENCE Y336VD Vyt&zovani dat 1 QA

7/ GROUP

Intelligent Dota Analysis



Housing data — records

Input variables Output variable

CRIM ZN INDUS NOX RM AGE DIS RAD TAX PTRATIO B LSTA MEDV

24 0.00632 18 2.31 53.8 6.575 65.2 4.09 1 296 15.3 396.9 4.98
108 21.6 0.02731 O 7.07 469 6.421 789 4.9671 2 242 17.8 396.9 9.14

N~
B J A = Training set ... to adjust weights and coefficients of neurons

= B = Validation set ... to select neurons with the best generalization
G C = Test set ... not used during training

I , COMPUTATIONAL 1 QA
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Housing data — inductive model

Input variables

CRIM ZN INDUS NOX RM AGE DIS RAD TAX PTRATIO B LSTA

! ! ool Lo

MEDV=1/(1-exp(-a,*CRIM+ a,)) .l MEDV=a,*PTRATIO+ a,

MEDV

Output variable

COMPUTATIONAL

(AR s2musme Y336VD Vyt&zovani dat IBA
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Housing data — inductive model

Input variables

CRIM ZN INDUS NOX RM AGE DIS RAD TAX PTRATIO B LSTA

oo I

Validation error: 0.13 Validation error: 0.21

MEDV=1/(1-exp(-5.724*CRIM+ 1.126))

MEDV=1/(1-exp(-5.861*AGE+ 2.111))

MEDV

Output variable
L COMPUTATIONAL
(¢ (7 WTELUIGENCE Y336VD Vytézovani dat EEA
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Housing data — inductive model

Input variables

CRIM ZN INDUS NOX RM AGE DIS RAD TAX PTRATIO B LSTA

A & il Voo
Error: 0.26

Error: 0.24

Error: 0.13  Error: 0.21

MEDV=0.747*(1/(1-exp(-5.724*CRIM+ 1.126)))
+0.582*(1/(1-exp(-5.861*AGE+ 2.111)))2+0.016

Error: 0.10
MEDV

Output variable

7T\, COMPUTATIONAL

[ €] ) NreLLGENCE Y336VD Vytézovani dat I ﬂ'ﬁ
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Housing data — inductive model

Input variables

CRIM ZN INDUS NOX RM AGE DIS RAD TAX PTRATIO B LSTA

! oo oo

T,

SN,

Validation error: 0.08 MEDV

Output variable

(’ T\, COMPUTATIONAL L I ﬂ A
\ |7, BEELLSENCE Y336VD Vytézovani dat =k 2.
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Modely jsou Slechtény specialnim
genetickym algoritmem

Niching )| / Linear transfer unit \
GA | |
an Optimization method | |
—— () '[1001000] [Ftimpmened] | [caco
. « _In_puls_ Iraﬂsfgrfgnc_tio_n _ _\_ o
. / Polynomial trasfer unit \ \
| |
@ C‘7 Opt. m. |
) '[0000110][2115130 1203211 \U
: « _In_plﬁs_ L '_ﬁ’aﬂsfgrfgnc_tio_n _____ /’

. 3 2
\__* y = alxlxz + 8.2X1 X2 + aO
Fitness of unit: inverse of its error on the validation data set

( L\ COMPUTATIONAL o I ﬁ A
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Naroste model a co s nim?

petal_length . sepal_length

satal width sepal_width

-0.65"EXP(- .512)+0.468

0.0080*EXP(-0 [09& sepal_width+6.627)-4.812

-0.674"EXP(-3.646™petal_width+0.281)+0.462

432 EXP(-1.356"pétal_length+1.512)+11.514*petal_width+19.755))+0.0

0.228"EXP(-20.986"EXP(-3.646"petal _width+0.281)-0.837"petal_length+5.062)-0.063

( L\, COMPUTATIONAL v sy I QA
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Automaticky extrahovanée
informace

m Co vSechno muze byt uzite¢né?
= Jak to udélat automaticky?

( L\, COMPUTATIONAL o
j INTELUGENCE Y336VD Vyt&zovani dat
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Hiztogram b

T neuts Histogram
zepal_length
zepal_width | 14 -
r:uet:al_lnzugﬂ'u 13 |
petal _width
3 Cutputs L
11 -
10 -
g -
E d
? -
E .
5 -
.q_-
3 -
| IR a1 e e g
1.0 1.5 2,0 2.5 a0 3.5 4.0 4.5 5.0 55 &.0 &85 7.0

B Iris-setosa B Iris-versicolor © Iris-virginica

'Il‘ﬂ 'IIH :Ilﬂ -'IIH .'Illﬂ .'IIH .ﬂ.llﬂ .ﬂ.lﬂ Hlﬂ

==

(BErsse Y336VD Vytezovani dat 1DA

Intelligent Dota Analysis
RESEARCH GROUP




sepal_length sepal_width

10,0 o5 -
75 - 20
15 -
50 -
10 -
2.5 -
5 -
0.0 . 0
45 a0 5.8 &,0 8.8 7.0 TA 200 225 250 275 300 325 350 375 400 4725
P Iris-setosa B Iris-versicolor © Iris-virginica P Iris-setosa B Iris-versicolor © Iris-virginica
petal_length petal_width
12,5 1 25 1
10,0 - 20 -
7.5 - 16 -
5,0 - 10 -
25 - 5
0.0 0

10 15 20 25 30 35 40 45 50 55 60 65 025 050 075 100 125 150 1,75 200 225 25

|I Iris-setosa W Iris-versicolor Iris-virginica| |I Iris-setosa W Iris-versicolor Iris-virginica|

5E||—Ij ImpoLit hlim 25% S0% 5% Y Ay Erage Wariance
-EM sepal_length |43 51 58 6.4 74 5 84333333, 063112222,
Outpts sepal_width (2.0 28 3.0 3.3 44 3.05399999... |0.18675066. .
petal_length 1.0 15 43 5 1 X 375366666, |3.09242485 .
petal_width 0.1 03 13 18 25 11986E666... [0.57853155. .
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Probability Plot w
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Covariance matriz

Covariance:
zepal_lendgth zepal_width petal_lencth petal _width

sepal_lendath 065811 222222222222 -0.03900666666666667  (1.26591911111111114 Qo1 34a7rr 7 rriyg
sepal_width -0.0390066E66E666EEY  |0.1867 S0BEEEE6EEE6T -0.31956300000000013  |-0.1171946666E666661
petal_length 1.2651911111111114 -0.31956300000000013  [3.092424585388555554 1.287 7448855555592
petal_width 05134577777 Iyvya -0.11719466666666661 1.287744535858555592 0.57585315555555559

IFiz-zetosa IFiz-versicalor IFiz-virginica
Iris-setosa 02222220 222222 011 11111111111092 011111111111111098
[tis-versicolor -11111111111111092 0. 2222222222222 -011111111111111098
[Fis-virginica -011111111111111098 -011111111111111088 (222222222222 22168
zepal_lendgth -0.2791111111111111 0.0305555558555555896 (. 24522222222222218

Corelation:
zepal_length zepal_width petal_lencth petal _width

sepal_lendath 0.89333333333335 0086401 M EB1762108  |0.8659424629228616 0.81 20006091 467 221
sepal_width 0056401 M EB17ES105  |0.893535333333335353974 -0.A41771262575549487  |-0.35416712901 639156
petal_length 086594 24629228616 -0.41771265575840487  |0893533533333353375 0856535871 64039631
petal_wwidth 0,81 25006091 467 221 035416712901 639186  |0.956353357 16403539631 0.893533533333335333335

IFiz-zetosa IFiz-versicalor IFiz-virginica
Iris-setosa 0.993533333333333 -0 4966EG6666666659 -0 4966666666E66661 5
[tis-versicolor -0 49666EEEEE666E659 0.8935335333333353333 -0 4966EEEEEEE66E6E615
[Fis-+wirginica -0 49666EEEEE666E6E615 -0 4966EEEEEEE66E6E615 0.89353353333333335335311
zepal_lendgth -0.7126328975615359 0.07856622035115759 0EB337EEE7F21035813
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Vyznamnost vstupnich atributt

( [ 1%, COMPUTATIONAL
= INTELLIGENCE
7/ GROUP

Y336VD Vytézovani dat

112[3|4]5|6]7|8[9[10/11]12]13]14/15(16|17|18[19|20|21|22|- |28 - | 33|34|35|-|40|41|42|43
ChiSquare |7 |6 |9 |10/ 8|2 |1 |3 |5 4|38/47|28|26|21|48|50(33|29/40/49|27| (22| |42|32|34| |30/17|16|20
GainRatio [10/6 5|97 13|24 8|38/502149(27(47(29|36|33|22|37|48| |24| |39]43/28| |34/18 20 19
InfoGain |7 |6|8|9|2[10[ 1|3 |5]|4|38/47|28/26|29|48|50|40|21|33|46|27| (24| |22|31|32] [43/17(16/20
OneR 71910/ 8231|864 5|38/4748|26(25|40|29|28|50|21|24|33| |35 |43|30|34| |27
ReliefF 6|9|7|4(10/3|5|2|1]|8|26|37|24|36|27|50|2146|30|49|28|31| (23| |45|41|47| |48
SVM 2]4]6|3|7]|9]1]10]8]23]a7|24|26 34 5] 2820 45|
SU 10/6|7/9|5|1|3|2|4]|8|38/50/21 36 24| |44/39/40| |30/18]20/19
GAME 1 7/8|2|6(26/23/ 93528 4| 13225 15| |21/22|24| |34/36/37|39
GAME 2 |10|7|3|9(37|27|24|50| 8 | 5|23|26|32 19| |28/29/30 |36/38|39 40
GAME3 |10/2|5|8|7|6|3|29|26| 4 |37|42|44 18| |23|24|25 3233|3538
GAME4 |3 |9/(10/41/6|7 |58 |27/25/31|38/49 14| |21|22|23| 32|33|36|37
GAME 5 963102850438298!3235 14] |22|24|25| |34/37|39|40

Nr.Ggroups |Most — least Ranked Features

All 112/3|4|5|6 46.24 37 48-21 28(29|30|41|43|45(49(|50| 7 | 8 | 9 |10(11|12(14|16

1/2 1123|426 35|46| 5|6 |7|8|9|10(11/13|14|15|16|17|18|19(20|21|22|23|24 25|27 |28

1/3 112|37|21/3 |4 5|6 |7|8|9|10(11|12(13|14|15/16|17|18|19|20|22|23|24|25|26|27|28|29

1/4 1124113456 |7[8]9[10{11|12(13[14]/15]16|17|18[19|20(21|22|23|24|25|26|27|28|29

3 11234 |5|6|7(8|9|10{11{12|13(14(15|16|17|18|19|20|21|22|23|24|25|26|27|28|29|30

2 1123|456 |7|8]|9|10|1112|13|14|15/16|17|18|19|20|21|22|23|24|25|26|27 |28|29|30

1 1123|456 |7|8|9|10(11]12|13]|14|15|16|1718|19|20|21|22|23|24|25|26|27 |28]|29|30
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Feceiver aperating characteristic
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Iris-virginica 1 ==Iris-virginica 2 = Iris-virginica 3 ==Iris-virginica 4



struktura modelu,
chovani jednotek




Play FAKE GAME with your data

COMPUTATIONAL
WWWWWW Y336VD Vytézovani dat I BA

Intelligent Data Analysis
lllllllllll



Log messages

m Evolving preprocessing sequences ...
m Evolving ensemble of inductive models ...
m Evolving “interesting” visualizations ...

= Generating report ...

= Done ...In 2009 ©
RIELLGENGE Y336VD Vytézovéni dat 1DA
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Toto uz umime generovat
automaticky:

Modeling output attribute: WBHW Modeling output attribute:

Miche 1 - Fitness: 2.0

Modeling output attribute: WBCW

Miche 1 - Fitness: 3.0 Miche 1 - Fitness: 2.0

Ingict Mame mommalie=d Input Value  bnput Signflcance
Inpt Mame W Normasiess Input Vale  inpin Signficance

TEMF Ingut Mame Mcrmalzsd Input Vaiue  Inpui Signlcance
TEMP 3 wsad K =% HUMID =47E 357 3 TEMF wsed a5 Xz
uzed a3 Y-auis ;A% SOLAR 43
Oue5E3 130% WND
2136 0%




Co to znamena?

= Part of the FAKE GAME project (fully automated
knowledge extraction from data)

= Ensemble of models is generated on a data set —
in this case Building data [proben1]

m "Interesting and credible” areas of model
behavior are located in multidimensional input
space by means of the niching genetic algorithm.

m These areas are visualized in the 3D graph and
the report is produced.

= More:
http://neuron.felk.cvut.cz/game/doc/fake-game.pdf

Y336VD Vytézovani dat I QA

Intelligent Data Analysis



Chcete se na projektu podilet?

= Computational Intelligence Group, Dept. of
Computer Science, FEE, Czech Technical
University in Prague, Czech Republic

= logo: @
10

m website: http://cig.felk.cvut.cz/

= FAKE GAME project:
http://sourceforge.net/projects/fakegame

= Contact:
m Pavel Kordik, kordikp@fel.cvut.cz
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