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ClIG (Computational Intelligence Group)

e Umélé neuronoveé sité (rekurentni, THSOM, GAME,..)

Prirodou inspirovane algoritmy

- Geneticke algoritmy

www.cig.felk.cvut.cz

- Mravenci a jiné optimalizace (JCOOQOL)
— hybridni evoluce

e Data Mining & Knowledge Discovery (FAKE-GAME)

* Automaticke predzpracovani dat (ca)

 Hardwarové akcelerace védeckych vypodctu (ps)
Projekty spojené s Iékarstvim, pfirodovedou, HW, ...
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Uvod do problematiky

* Proces ziskavani znalosti — Knowledge Discovery

Interpretation /
Fvaluation .

Transformation
Preprocessing |_,|q
( Selection y .
- o

Transformed POIG plOJSObnOSU
Target T}atf_/

Preprocessed Data

Data
metod pro
Feature Ranking
a
Feature Selection

Normalizace, chybgjici Redukce dat (v poCtu  Hledani vzora v datech
hodnotys,... instanci i atribut(), ... (klasifikace, regrese,
clustering...)
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Uvod do problematiky II

Redukce dat z pohledu poctu atributu:
Feature Ranking

- ohodnocovani atributu
Feature Selection

- vybrani podmnoziny atributu

Feature = attribute = factor = ... pfiznak, atribut, faktor, fieura, wts, ...

- INTELLIGENCE A0l
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Uvod do problematiky |lI
- Feature Ranking / Selection

Jak jsou atributy vyznamne / které”?
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Uvod do problematiky Il

Wrappers — vyhodnoceni kazde
podmnoziny atributu napfic€ stav.
prostorem atributt na daném modelu
- harocne, nachylné na preuceni

FS metody » Filters — obdoba Wrapper metod
+ misto modelu jednodussi filtr —
zohlednuje jen vlastnosti dat

'Embedded — metody zabudované
v alg. pro tvorbu modelu
Feature

+ - V é &4 ’
Ranking(FR) selekce dle informaci z vytvareni

Feature \mOdelu %
Selection(FS)
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Stavajici metody - Feature Ranking

ReliefF metoda

- Varianty pro klasifikaci i regresi (RReliefF)

- Prubézné ohodnocovani dle vzdalenosti mezi
blizkymi instancemi (weighting — near Hit & Miss)

AMIFS metoda (klasifikace)
- Vyber k-nejlepsich ( = selekce. If k = N ranking)
— Mutual Information kriterium vybéru (rozdil entropii)

 ,Vybirej postupne atributy, které maji nejvice spolecné
iInformace s vystupni tridou, ale nejmené se zbyvajicimi
nevybranymi atributy”.
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Stavajici metody - Feature Selection

CFS metoda - klasifikace

- Ohodnocuje podmnoziny atributu dle hodnoty
korelacne-heuristickeé funkce

AY Podmnozina atribut(
4 k7 R k Pocet atributd podmnoziny S
M = < — |
\/k + k (k —1 )r_ﬁf ¢/ Prumérna korelace mezi
atributem a vystupni tfidou
A / —— L |
¥ #  Pramérna korelace mezi
3 atributy
Citatel — predikovatelnost tfidy podmnozinou atribut(

Jmenovatel — hodnota redundance mezi atributy
Vysledkem je S maximalizujici M g
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Metody zalozene na
Induktivnich modelech |

* FeRaNGA
- Ohodnocovani atributu béhem stavby sité GAME

* CBFR (Correlation Based Feature Ranking
methods)

* MIFR (Mutual Information Based Feature
Ranking methods)

CBFR a MIFR - ohodnocovani atributu na hotoveée siti GAME
dle zpracovani vzajemné korelace Ci Mutual Information
sousednich neuronu
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Preheld

CES, AMIFS...

FeRaNGA P CBFR, MIFR

Transformed
Preprocessed Data Data

Target Date/

Normalizace, chybgjici Redukce dat (v poCtu  Hledani vzora v datech
hodnotys,... instanci i atribut(), ... (klasifikace, regrese,
clustering...)

Pole pusobnosti
metod pro
Feature Ranking
a
Feature Selection
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Metody zalozene na
Induktivnich modelech |l

GMDH

(- )

L+MIA GMDH
GAME
. J
-~ »FAKE-GAME

GMDH ... Group Method of Data Handling
MIA GMDH ... Multilayered lterative Algortithm GMDH
GAME ... Group of Adaptive Methods Evolution

FAKE-GAME ... Fully Automated Knowledge Extraction - GAME

| INTELLIGENCE A0l
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Metody zalozene na
induktivnich modelech |II

MIAGMDH  =—P» GAME

input variables input variables

o010 A NP
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,,f xF,s search \ A~/ search
n\,.f'( \ fﬁlvhf'
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(P) S N mTP/ >/ max
& diversified A ,
unified % units A Different
units () (p) 2 inputs === <\ ML 3 inputs S number of
y / 'x.kif' \C) max inputs
LA
7N interlayer AL .
'“-IF'” connections ::_Lj' hpiEmax
output variable output variable
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Metody zalozene na
induktivnich modelech |II

Xq_ ____ Linear (LinearNeuron) X1 ~ Sin(SinusNeuron)
xz.____::l?'/-/\ " xz.____.x:'_‘rr \
|_
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Metody zalozene na
induktivnich modelech |V

F -------------------------
277k !
% %g | Classification, Prediction, '

7 ol b dari ldentification and Regression |
7 / 7 | asses boundaries, _ 'y
// ///4 l relationship of variables . - e . |
/ AASATIIA I | / [
7 , / —>| MODEL }—
/// 1 / — ) ‘ '
I | @@= 2re) :g MO DEL \ Credibility |
AUTOMATED estimation |
INPUT DATA GAME ENGINE ‘
DATA PREPROCESSING — J |
— —2| MODEL ) / |
W - \ =2 MOD - /: |
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é \ 3 7| MODEL J=7 / Math equations |
|
|
|
|
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FeRaNGA, FeRaNGA-n |

- FeRaNGA - Kiasifikace i regrese

- Behem stavby siteé GAME (pomoci NGA) aktualizujeme
vahy (vyznamnosti) atributu dle jejich procentualniho
vyuziti

e vyuziti - z monitorovani genu v populaci

- Pri stavbe se model snazi nevyuzit redundantni a
irelevantni atributy — uceni s ucitelem (trénovaci, testovaci,
validacni mnoziny dat)

=> Feature Selection atributt jako vedlejsi efekt stavby
modelu (site GAME)

NejlepSi vysledky z prvni vrstvy sité GAME - paradoxné kvuli NGA
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FeRaNGA, FeRaNGA-n I

Experiment s umelymi daty:

Uniform Hypercube Data Set

50 atributu, 2 tridy bodu ze dvou ruznych 10 D
normalnich gaussovskych rozlozeni

Od 1 do 10 klesajici relevance, 11-20 irrelevantni, 21-
50 redundantni
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FeRaNGA, FeRaNGA-n Il

FR na Hypercube Data setu z Weky a FeRaNGA metody
Method 1123 | 4 b Redundant 15l] and Irrelevantﬂ-.‘i_"l]
ChiSquare[1[2[3 | 4 5 : 46 31 42 17 18 14
GainRatio [1[2 |35 | 4 5 _h 6 5 2 '.1 45 :.:. 1* 1.. 14
InfoGain [1[2 |3 4 5 : 3 3 514
OneR 1[2]3]4 5 .4:. 5|_| 4|:| :.|:| ::. 44 39 45 22 49 :3::5: :3:4 EIEi 714
ReliefF  [1[2[3] 4 7 : i ..-||441h 41 1*
SVM 12 EEN = RS 37 19 1h. n—ﬂ;: 420 )13 40 28
su 1[2]3]4 .._...||4h 492932 21 31 46 :41*1._.14
GAME1 |1[2[4]3 1E :1 ::714 28 40
GAMEZ [1[2|3]4 -

GAME3 [1]2]3 157 It _-7-4 EE o6 :.|:|4 4h. 13
GAME4 [1]2]3 Jekl 4 EERN 7 ERENeEl-in E-E
GAMES |1(6 |3 |2 prlls | 2 2528 39 4"ﬂ1E 29 30 :.1 11 13 40 46 45

Defaultni konfigurace GAME i Weka

* FeRaNGA ma horsi vysleky
* Nestabilni

Nevybrané
atributy
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FeRaNGA, FeRaNGA-n IV

Znacny vliv konfigurace NGA na vysledek Ize
ovlivnit nastavenim parametru GA (epochy,
individualove,..)

—— > nestabilita stale pretrva

Nastaveni NGA konfigurace muzeme doplnit
vypoctem ranku/vyznamnosti z ensemble n

GAME modelt jako MEDIANU 2z hodnot
vyznamnosti jednotlivych atributu z téchto

modelu. = FeFaNGA-n
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FeRaNGA-n

e Uniform Hypercube data set, FeERaNGA-5
 NGA: # epoch = 150 a pocatecni populace = 150 jedincu

* UNC = # unikatnich chromozomu, od nejlepSich po vSechny

UNC [(1[2[|3[|4|5]|6|F|8G|910
2 1121345 ]b|7 a9 10
3 1123|4667 a9 [10
1/4 [1]2]3]d4]|5]|b])7|a|d[10
1/3 [1]2]3|4]|5]|b])7|a|d[10
1/2 [1]2]3]4]|5]|B)7)a|d[10
2/3 [1T[2]3]4|a|B]7 a9 |10
All 1121345k 7a[4d[10

e S rostoucim UNC klesa
trend restrikce metody

FeRaNGA v poctu
selektovanych atributu

* \/Sechny ranky jsou
korektni (diky FeRaNGA-5)
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Influence of NGA configuration on
FeRaNGA-7 results

Gaussian multivariate data set

two clusters of points generated from two different 10th-
dimensional normal Gaussian distributions

1-10 are equally relevant, 11-20 are irrelevant, 21-50 are
highly redundant with the first ten features

- INTELLIGENCE A0l
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Influence of NGA configuration on
FeRaNGA-7 results (on Gaussian Data Set)

Default configuration of NGA: 30 individuals and 15 epochs

Layer Important part of ranks of features
0 D ¥ 20 3 4 (e TN ETOTH T T TN TR TR B
1 G |48 | > & | 7 £ |1 (23 (B[00 | 8|8 | 0| 0| D 8 088
p 097 |13 (3| 10(4 |6 (2|1 31| 8|28 38 46 |20 (37 |26 (20 |41 12| 39
Overall] [ 9| 3 | & |7 |03 | 4|1 ]2 @ [0 ||| 0|00 060060

Ranks computed as a medians over all layers of medians.
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Influence of NGA configuration on
FeRaNGA-7 results (on Gaussian Data Set)

Default configuration of NGA: 30 individuals and 15 epochs

Layer Important part of ranks of features
0 O ¥ 20 & o4 | S e 7 100 8 9 I -
correct ranks in first two layers
1 0 105 )6]7 |41 |23 | NS ¥ ¥ ~ - v ¥ ¥ y (0
p 0| 7 [3|5|10|4|6|2] 1 [31)8]|28]38]46 k2!}) 37 |26 | 29 | 41 { 12} 39
Overall] | 9 | 5 |6 (7|10 (3[4 |1]| 2 [|W[|0]|O0]| 0] 0[O 0 W 0

Incorrect features!

Ranks computed as a medians over all layers of medians
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Influence of NGA configuration on
FeRaNGA-7 results (on Gaussian Data Set)

Default configuration of NGA: 30 individuals and 15 epochs

Layer Important part of ranks of features
0 O ¥ 20 & o4 | S e 7 100 8 9 I -
correct ranks in first two layers
1 010 |3 | 6] 7 (4(1 ]2 3 | i — ¥ ¥ ~ - v » » y C
2 0| 7 [3|5|10|4|6|2] 1 [31)8]|28]38]46 k2!}) 37 |26 | 29 | 41 { 12} 39
Overall | 9 5 (6 (7 |10 |3 |4 |1] 2 W0 INRE R 0 W 0

Incorrect features!

Configuration of NGA: 75 individuals and 75 epochs

Layer Important part of ranks of features I/
0 [9]6[1[10][3]7[2][5][8[4][0][0]J0]0 10 correct ranks
1 3 (¥r| 2| 6 16| T |5 3 | BV 4 (3F (4524|2529 |30 # 40 | 41 | 49| O
2 3(2|6|9 |5 |10|8¢45(28 33DI1 7 |47 | 26|49 |50 (13) 4 | 37 | 41 | 25
Overall | 9 |6 | 2| 1 | 10| 3 | 7] 5[ 3[4 [45]|25 |33 |41 49|24 |™ 30 4| |

- INTELLIGENCE A0l
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Influence of NGA configuration on
FeRaNGA-7 results (on Gaussian Data Set)

Default configuration of NGA: 30 individuals and 15 epochs

Layer Important part of ranks of features
0 O ¥ 20 & o4 | S e 7 100 8 9 I -
correct ranks in first two layers
1 0 105 )6]7 |41 |23 | NS ¥ ¥ ~ - v » » y C
2 0| 7 [3|5|10|4|6|2] 1 [31)8]|28]38]46 k2!}) 37 |26 | 29 | 41 { 12} 39
Overall | 9| 5 |6 (7|10 (3[4 ]|1 ]2 [|W[|0]|O0]| 0] 0[O 0 W 0

Incorrect features!

Configuration of NGA: 75 individuals and 75 epochs

Layer Important part of ranks of features I/
0 [9]6[1[10][3]7[2][5][8[4][0][0]J0]0 10 correct ranks
1 3 (¥r| 2| 6 16| T |5 3 | BV 4 (3F (4524|2529 |30 # 40 | 41 | 49| O
2 3(2|6|9 |5 |10|8¢45(28 33DI1 7 |47 | 26|49 |50 (13) 4 | 37 | 41 | 25
Overall | 9 |6 | 2| 1 | 10| 3 | 7] 5[ 3[4 [45]|25 |33 |41 49|24 |™ 30 4| |

Configuration of NGA: 150 individuals and 150 epochs

Layer Important part of ranks of features |
0 7110121963 |8|5]1]4]/0]0]70]07]0)]071]0 AJl features have
1 27 (1086|3931 |4 |25(22 (28 (37 (44 (450 k
Gverall |7 2 |10 |9 6 3|8 |5 14|25 | 22|28 |37 | a4 | 45 [ o correctranks.
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Dependency of accuracy on Nr. of models for
FeRaNGA-n method (on Hypercube Data set)

First ten ranks from first layers of FeERaNGA-7 on the Hypercube Data Set.

Model NGA configuration
Default 73
1 11241346 |8 (26|39 (4|01 (4253|6710 8|9
2 114|2(26|34|3 |56 |8 |10|1(2|4|3|5|6|7|8 |10(9
3 114|356 26|44 |0 68 |0 |L1L|2 4|35 6|7 8|00
4 L1243 |3 |6 |48 20| 012 4| 3|5 &«(T|8& %[0
5 11234 |5 | 6|8 |4 4@ |02 |3|4&]|5 6|78 ]0[0
6 114|123 |5 | e | 44|38 3|9 |F|2 3|45 6|T7T| 8|9 0
7 114|123 |5 |6 |8 40 |0 1]|2|3|4(5|,6|7 8920

* Ranks computed from a higher Nr. of models depend on
significance of features from previous models.

/ L %\ COMPUTATIONAL

GROUP Ales Pilny, pilnyale@fel.cvut.cz, http://cig.felk.cvut.cz




Dependency of accuracy on Nr. of models for
FeRaNGA-n method (on Hypercube Data set)

First ten ranks from first layers of FeERaNGA-7 on the Hypercube Data Set.

Model NGA configuration
~ Default ~ —~ 73
1 1124 A | 8 \26 @ 4) 0|1 |14]2|513]6|7 |10 8|9
2 1142 (26)(34) Alal6 |8 1012435 6|78 1079
3 1[4(3]5 |6 (26 44) 00 |01 [2]4][3]|5][6[7[8[0]0
4 NEAEAEIE- 2R 1 2%3/3\(26) 0j|1(2|4|3|5|6|7(8 |90
5 1] 2|3 |4 |5 | 6 X 44);( 0 j112|3|4 |5 6|78 |0][0
6 I[4]2]3 5|6 (M) AR37) 0 [1[2[3[4]5]6[7|8]9 |0
7 L dl2]l @& &% Ur-l) Hlallelzlalds|s(7]| & 8]0
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Dependency of accuracy on Nr. of models for
FeRaNGA-n method (on Hypercube Data set)

First ten ranks from first layers of FeERaNGA-7 on the Hypercube Data Set.

Model NGA configuration
~ Default ~ —~ 73
1 1124 A | 8 \26 @ 4) 0|1 |14]2|513]6|7 |10 8|9
2 1142 (26)(34) Alal6 |8 1012435 6|78 1079
3 1[4(3]5 |6 (26 44) 00 |01 [2]4][3]|5][6[7[8[0]0
4 NEAEAEIE- 2R 1 2%3/3\(26) 0j|1/2]4|3|5 6|78 ]9 |0
5 1] 2|3 |4 |5 | 6 X 44);( 0 |fE[2|3| & 3|67 & | 00
6 I[4]2]3 5|6 (M) AR37) 0 1[2[3[4]5]6[7|8]9 |0
7 TEARAERE A Ur-l) o0|o|(af2f3]4 5|67 8 |0 0

* For NGA configuration 75 are correct ranks from 5, 6 and 7
models.
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Dependency of accuracy on Nr. of models for
FeRaNGA-n method (on Hypercube Data set)

First ten ranks from first layers of FeERaNGA-7 on the Hypercube Data Set.

Model NGA configuration
~ Default ~ —~ 73

1 1124 A | 8 \26 @ 4) 0|1 |14]2|513]6|7 |10 8|9

2 1142 (26)(34) Alal6 |8 1012435 6|78 1079

3 1[4(3]5 |6 (26 44) 00 |01 [2]4][3]|5][6[7[8[0]0

4 NEAEAEIE- 2R 1 2%3/3\(26) 0j|1/2]4|3|5 6|78 ]9 |0

5 1] 2|3 |4 |5 | 6 X 44);( 0 |fE[2|3| & 3|67 & | 00

6 I[4]2]3 5|6 (M) AR37) 0 1[2[3[4]5]6[7|8]9 |0

7 TEARAERE A Ur-l) o0|o|(af2f3]4 5|67 8 |0 0
o A

* For NGA configuration 75 are correct ranks from 5, 6 and 7
models.

* Growing Nr. of models and stronger NGA config. cause
improving of accuracy.

/ ., COMPUTATIONAL
| INTELLIGENCE 2010
” J GROUP Ales Pilny, pilnyale@fel.cvut.cz, http://cig.felk.cvut.cz




Dependency of accuracy on Nr. of models for
FeRaNGA-n method (on Hypercube Data set)

First ten ranks from first layers of FeERaNGA-7 on the Hypercube Data Set.

Model NGA configuration
~ Default ~ —~ 73
1 1124 A | 8 \26 @ 4) 0|1 |14]2|513]6|7 |10 8|9
2 1142 (26)(34) Alal6 |8 1012435 6|78 1079
3 1[4(3]5 |6 (26 44) 00 |01 [2]4][3]|5][6[7[8[0]0
4 NEAEAEIE- 2R 1 2%3/3\(26) 0j|1/2]4|3|5 6|78 ]9 |0
5 1] 2|3 |4 |5 | 6 X 44);( 0 |fE[2|3| & 3|67 & | 00
6 I[4]2]3 5|6 (M) AR37) 0 1[2[3[4]5]6[7|8]9 |0
7 L dl2]l @& &% Ur-l) LFRERC AR RN RE AR

* For NGA configuration 75 are correct ranks from 5, 6 and 7
models.

* Growing Nr. of models and stronger NGA config. cause
improving of accuracy.

* With NGA config. 150 are all ranks of features correct.
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CBFR a MIFR

Input features Inter-relation

LT — Output neuron
~ QIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIQ
LS ”//,/// r_a3 /

2 , S & b1
~ “u,
] —

~
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CBFR a MIFR metody

e Kalkul
. : * Fuzzy logika
- KIaS|f|kaCe | regrese ° Certa%ntygFactorS
- Ohodnoceni atributu dle zpracovani vzajemného

vztahu vystupu sousednich jednotek

Inplnpetsares
_'."‘ r_a1 r_a2
"“ﬂ¢m|mu|mm""' |||||||||||||| I Cpak B euron i’ ACNAIST N .
<) O - / Nejusp&sné&jsi pristupy:

__,.\ ~ . r_b1 FL-FR metoda (fuzzy logic)
Q e r—bz%’O—> output a
@ =-- CCF-FR metoda
—’.\O / (combine certainty factors )

Two hidden layers 2010
ut.cz, http://cig.felk.cvut.cz




CBFR metody

Zpracovava KORELACI: e

1 _’.w r_ai
"“H&pmmmmumm r_a2 Qutput neuron
- Ommmm||||||||||||||||||||||O
~y “, r_ad /

e FL-FR ~ Fuzzy Logic (sets) ? ".\E)“r-'-b e O ouput
- std. sjednoceni/ pranik *°\©>< ~

S; = max(min(riy, ....71x, ), ..., N(" N1, oo, TNK N ) V

path 'a
S path 'b
Two hidden layers
e CCF-FR - combine Certainty Factors
= CFeopmi(rNj. TNj+1) = TN + (1 —rNj) * TNj41
Si = 111&}{((._'}_7 combils - C'F, c&mbih")
Si ... vyznamnost i-tého atributu
'NKy ... korelace vystupu neuronut na N-té cesté

/ (r COMPUTATIONAL
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MIFR metody

Zpra COVéVé: Input features

1 _,.w r 31
" O r_a2 O Output neuron
LI LN LN
y ”0,,,’ r_ a3 /

e MI-FL-FR - Fuzzy Logic (sets)* “‘.\ rbz

- std. sjednoceni / prinik ~ \@X /
/J /p ¢

S; = maX(min(riq, ... 1K, )y - MIN(FNL, ooy TNE ) V w—__ path ‘a’
= path 'b'

Two hidden layer

e MI-CCF-FR -~ combine Certainty Factors

- (_TFcab-mi("ﬂ"j- "'Nj—l—l) =TNj T (l — -F'Nj) FTUNj+1

output

Si = max(C'Frompits s CFeombiN)

Si ... vyznamnost i-tého atributu
"NKy ... | Mljvystupu neuront na N-té cesté
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MI-CCF-FR method

IF E is observed THEN H is true (with cetainty factor, CF = n)

E .. evidence, H ... hypOthESiS Input features
. : _,."" r_a1,,, r_a2 Output neuron
CF is a number from 0.0 to , :

1.0 b2’
CCF... Combine CF j _’:ﬁ<o/

CF's combined along the paths

Two hidden layers

CFmbmi(T'Nj- "'Nj—H) =TNj T (1 — "Nj) *TNj+1

Rank a.SSIQHEd to the i = 1113&}{((?5‘&0?71{11'1- CTFcambiN)
maximal conclusion
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CB-FR and MI-FR Experiments

Housing real-word data set

= Regression problem / data from ML UCI repository (/:tp://www.ics.uci.edu))

Comparison of proposed on RMS error among our proposed
methods and ICA-FX method

ICA-FX - N. Kwak, C. Kim, and H. Kim. Dimensionality
reduction based on ica for regression problems. Neurocomputing,
71:2596 2603, 2008
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Comparison on Housing real-word data set

FL-FR and CCF-FR — correlation based methods
MI-FL-FR and MI-CCF-FR — MI based methods

ICA-FX ... averages of five regresion methods (MLP,SVM, 1-NN, 3-
NN and 5-NN).

Better results
than the rest

Average RMS error
from ten runs

Average of standard
deviations from
ten experiments

" The best preformance
of five regression
methods or of ten
runs of our proposed

4

of methods < \methods'
method', # of att. 2 3 s | —7 | o | 11
FLFR 378 (0.08) | 3.93(041) | 3.15(023) | 39(032)
3.65 3.64 291 3.55 -
MI-FL-FR 287 (0.10) | 3.54(0.12) | 3.15(0.09) | 3.83(0.16) | 3.55(0.11) | 3.96 (0.25) | 3.24(0.17)
275 344 3.03 364 335 3.66 3.04
CCE-FR 579 (0.05) | 3.98(0.08) | 408(041) | 348(028) | 451(052) -
5.71 39 3.79 32 3761
MI-CCE-FR 384 (0.08) | 3.63(0.12) | 348(008) | 3.01(0.09) | 325(01) | 322(009) | 324(017)
3.71 3.52 3.35 2.85 3.11 3.08 3.04
ICA-FX 4.09(053) | 3.74(0.51) | 3.37(0.55) 348 (0.63) | 3.61(0.72)
335 (MLP) | 3.43 (5-NN) | 3.25 (3-NN) 320 (MLP) | 3.27 (SVM)
COMPUTATIONAL

|
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Zaver

FR a FS metody zalozené na

- realtime vyuziti stavby induktivniho modelu

FeRaNGA-n
- post-processingu struktury hotového modelu

CB-FR metody vyuzivajici korelaci vystupu neuronu
FL-FR
CCF-FR

MI-FR metody vyuzivajici Ml vystupu neuronu
MI-FL-FR
MI-CCF-FR
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Dotazy

Dekuji za pozornost

pilnyale@fel.cvut.cz

Dotazy?
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