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EDA

" Pravdepodobnostny model
" pravdepodobnostna distribucia zloziek
" ucenie
" parametrov modelu
* Struktury modelu (ak nie je pevne dana)
" Populacny algoritmus: populacia vs. model
" populacia
* nahodné generovanie na zaklade modelu
* vzorkovanie priestoru kandidatov

" pouzitie populacie ako uciace] mnoziny
* tvorba / vylepSenie modelu
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Struktura EDA

"input: T
"output: re S
k=0
M = init()
P, = {b,(k),....b,(k)} = {URP), ..., URP()} / {M(), ..., M()}
a(Py) = {g(b,(k)),....9(b,(k));
repeat
D’ = vyber(P,, g(P,))
M = odhadni/uprav(M,D’)
D” = generuj(M)
g(D”)
Py.r = Vyber(P, + D”)
k=k+1
until term()

return r = best
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Typy modelov

" NemoOze byt priamo zdruzena pravdepodob-
nostna distribucia

" Typy

" univariantné
* Zladne vzajomne zavislosti medzi premennymi
"P(Xy. X)) = [ 0 P(X)

" bivariantné
" vzajomneé zavislosti existuju iba medzi dvojicami
premennych

" multivariantne

" vzajomne zavislosti existuju medzi skupinami
premennych
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UMDA

" Univariate Marginal Distribution Algorithm

" Model
" v kazdej generacia sa vytvara novy model
" Inicialny model sa nevytvara

" marginalne pravdepodobnosti odhadovane z
frekvencii

" Populacia
" generacna nahrada
* D’ vyberana metodami z evolucnych algoritmov
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Struktara UMDA

« input: T
« output: re S
k=0
M= inite
P, = {b(K),...,bi(k)} = {URPY), ..., URP()} H{MO+—MO3

g(P) = {9(b4(k)),...,a(bs(k))}
repeat
D’ = vyber(Py, g(Py))
M = odhadni/aprav(M,D’)
D” = generuj(M)
g(D")
P = wyperP+ D%
k=k+1
until term()
return r = best
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PBIL

" Population-Based Incremental Learning

" Model

" inicializovany na neutralne hodnoty (0.5)

" Uprava modelu voci najlepsiemu kandidatovi X
"M, =M, (1-a) +aX

" mutacia modelu
*M; =M, (1-) + B rand()

* Populacia
* kandidat ma tvar binarneho retazca
" populacia sluzi iba na vyber jedného kandidata

" generacna nahrada
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Struktara PBIL

« Input:
« output: re S
k=0
M = init(0.5)
P, = {b,(k),...,b(K)} = {HRPO—FLUREPOH {M(), ..., M()}
g(P) = {g(b4(k)),...,a(bs(k))}
repeat
D’ = vyber_best(P,, g(P,))
M = edhadni/uprav(M,D’)
iIf rand() < p,,: then M = mutuj(M)
D” = generuj(M)
g(D")
P = wyberP+ D%
k=k+1
until term()
return r = best -

.......
S
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Bivariantne modely

" Specialne tvary zavislosti
" rOzne urovne vseobecnosti
" retazec je Specialnym pripadom stromu
* strom je specialnym pripadom lesa stromov
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MIMIC E

/7
* Mutual Inform. Maximizing Input Glusteting /
* Model o

" zdruzena distribucia p(X;  X,) =P(X) [z P(XIX:1)

" ucenie struktury — greedy pristup
* koren: premenna s minimalnou entropiou

" predlzovanie retaze: premenna minimalizujuca
podmienenu entropiu

" Populacia
" generovanie premennych v poradi podla retaze
" pre ucenie sa pouziva zvysujuci sa percentil
" novi kandidati sa pridavaju k uz generovanym
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Struktara MIMIC

« input: T
« output: re S
k=0
M= inite
P, = {b(K),...,bi(k)} = {URPY), ..., URP()} H{MO+—MO3

g(Py) = {g(d;(k)),...,g(bs(k))}
repeat
D’ = vyber(Py, g(Py)
M = odhadni/aprav(M,D’)
D” = generuj(M)
g(D”)
P =wyperP, + D%
k=k+ 1
until term()
return r = best
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BMDA

" Bivariate Marginal Distribution Algoirithm /
* Model s

* zdruzena distribucia
"p(x; X)) = [leinrP(X) I_ljin VIR p(lexr(/))
" uCenie struktury {V, E, R} — greedy pristup
* na zaklade univariantnych a bivariantnych frekvencii
" ucenie parametrov
* Populacia
" generovanie premennych v poradi podla zavislosti
" pre ucenie sa pouziva lepsia cast populacie

" novi kandidati nahradzaju cast populacie
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Struktara BMDA

« input: T
« output: re S
k=0
M= inite
P, = {b(K),...,bi(k)} = {URPY), ..., URP()} H{MO+—MO3

g(P) = {9(b4(k)),...,a(bs(k))}
repeat
D’ = vyber(Py, g(Py))
M = odhadni/aprav(M,D’)
D” = generuj(M)
g(D")
Py = vyber(Py+ D"
k=k+1
until term()
return r = best
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BMDA — zavislostny graf

= Zavislost a nezavislost
" detekcia nezavislosti
" p(x|x) = p(x, x)/p(x) = p(x)p(x)/p(x) = p(x)
" kriterium
" X? = 2 (pozorovane — ocakavane)? / oCakavané
" pozorovane = N p(x, X)) ocakavane = N p(x,)p(x)
" Tvorba zavislostneho grafu
1.urcenie kriteria a nezavislosti dvojic premennych
2.nahodny vyber korena stromu
3.iteracné vybudovanie stromu

4.ak este nespracovana premenna, krok 2
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