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1 Piedmét habilitacni prace

PiedloZend habilitaéni pridce se zabyva navrhem, analyzou a vyuZitim Bayesovskych
evolunich algoritm®i pro feSeni slozZitych, vesmés NP-uplnych optimaliza¢nich
kombinatorickych probléma zejména z oblasti dekompozice a alokace grafovych struktur,
které lze v kontextu fyzického navrhu c&islicovych obvodl interpretovat jako ¢&lenéni a
rozmistovani &islicovych obvodi. Jde o pokrocilé evolucéni algoritmy =zaloZzené na
pravdépodobnostnich modelech, které odstraiuji nevyhody klasickych evoluénich algoritmi
spojené s volbou genetickych operdtori a nastavovanim c&etnych fidicich parametrt.
Souhrnnym oznacenim pro tuto tfidu algoritmt je zkratka EDA (Estimation Distribution
Algorithm) - volné pieloZeno algoritmy zaloZené na odhadu pravdépodobnostniho rozloZeni
slibnych feSeni. [Larra99], [Muel98], [Pel99¢c]. Vroce 1999 byl poprvé publikovan
sofistikovany EDA algoritmus BOA (Bayesian optimization algorithm) [Pel99a], [Pel99b],
ktery vyuzivad pravdépodobnostni model reprezentovany Bayesovskou siti. Z uvedenych
publikaci vyplyva, Ze tento algoritmus byl testovan jen na umélych ulohach s binarnim
zakodovanim a tzv. klamnych tlohéch.

V této praci je rozpracovana a zobecnéna idea Bayesovského evoluéniho optimalizaéniho
algoritmu ve ¢tyfech oblastech:

e Kombinatorické optimaliza¢ni ilohy

e Vyuziti dodatecnych znalosti o feSeném problému

e Multikriteridlni optimalizace

e Obecnéjsi vyuZiti binarnich rozhodovacich grafi (BDD).

Vybér aplikaci, pifevazn€é zoblasti fyzického navrhu Ccislicovych obvodi, vyplyva
zodborného a pedagogického zaméfeni autora, ktery se dlouhodob& zabyvd néavrhem
¢islicovych obvodt, mikropocitacovych podsystéml a navrhem evoluénich algoritmii.

Duraz kladeny na feSeni uloh dekompozice a alokace vyplyva jednak z obtiznosti feSeni
téchto uloh pro vétSinu pouzivanych heuristik (jde vesmés o NP-uplné ulohy vhodné pro
testovani), ale také proto, Ze obé tlohy jsou dostatecné obecné a pokryvaji Sirsi Skéalu uloh
véetné syntézy a testovani &islicovych obvoda.

Soucasti habilitaéni prace jsou také experimentalni vysledky ziskané vybranymi heuristickymi
metodami a klasickymi genetickymi algoritmy, které jsou pouZity pro komparaci s EDA
algoritmy.

2 Obsah a rozsah habilita¢ni price

Obsahem habilitaéni prace jsou vysledky vyzkumné prace autora v oblasti vyuZiti pokroéilych
evoluénich algoritmi EDA (Estimation Distribution Algorithm) a ¢aste¢né heuristickych
metod a klasickych genetickych algoritmi pii feSeni zejmeéna dekompozi¢nich a alokaénich
problémia. Habilitani prace je podana formou souboru deviti €lankl, publikovanych
v mezinarodnich Casopisech a mezindrodnich konferencich s naro€nym vybé&rovym fizenim.
Text prace je strukturovan do deseti kapitol. Tteti kapitola je ivodem do problematiky
kombinatorickych optimalizaénich dloh a jejich feSeni pomoci heuristickych metod,
klasickych a pokrocilych evolugnich algoritml. Ve &tvrté kapitole je priivodni komentaf
k deviti vybranym ¢Elanktim A-1 aZ A-9, jejichZ xerokopie jsou v piiloze A. V paté kapitole je
uveden piehled vyzkumnych tkolti na kterych se autor prace podilel. Sesta kapitola je
vénovana souhrnnému hodnoceni dosaZenych vysledkil, v sedmé kapitole je seznam




vybranych praci, na které se autor odkazuje zejména v ivodni tfeti kapitole. V osmé kapitole
je seznam praci tvoficich pifedlozenou habilitani praci. V devaté kapitole je seznam dalSich
praci autora souvisejicich sfe¥enou problematikou. Desatou kapitolu tvoifi piiloha A
obsahujici xerokopie pfedloZenych ¢lankd A-1 az A-9.

Pro snadnéj3i orientaci je uveden piehled kapitol, které koresponduji s €lanky v pfiloze A.

411 Al 424 A6
412 A2 425 A7
421 A3 426 A8
422 A 4 427 A9
423 AS

3 Metody FeSeni kombinatorickych tdloh

Lze definovat dvé zdkladni ulohy kombinatorické optimalizace [Kvas00]:

A. Permutalni uloha, kde optimalizaéni Uloha hleddni globalniho extrému funkce f je
definovana nad symetrickou grupou G, sloZenou ze viech permutaci » parametrii

J: Gy —R (1)
pii ¢emZ permutace je definovand n-tici celych riznych &isel
P=601' D2 - pfl) (2)
Optimaliza¢ni/minimaliza¢ni problém lze formalizovat vyrazem
Pop = argmin f(P) €)
PeGy

Prostor feSeni s n!/ permutacemi je velmi velky, takze pro velkd » muZe ¢as CPU nariistat
faktorialné ( n/). Typickou permutaéni ulohou je uloha obchodniho cestujiciho (TSP).

B. Uloha s exponencidlni mohutnosti prohledavaného prostoru. Necht R,={I, 2...,r} je
mnoZina obsahujici prvnich r pfirozenych &isel, karteziansky sou€in R, obsahuje n-tice

T=(T}, N2,..., Ty) € RN, =Ry X Ryyx...x Ry, pii CemZ parametr m; nabyva celodiselnych
hodnot z uzavieného intervalu /1, r]. Funkce

"
£ RL SR @)
zobrazuje n-nasobny karteziansky soudin R” na redlna ¢isla. Optimalizaéni problém ma tvar

7 ope = argmin f(rr) &)

h
mTeRy,

ProtoZe kardinalita mnoZiny R?, je r", miZe éas CPU pro velkd n naristat exponencialné.
Typickou tlohou je problém rozkladu &isla NPP (Number Partitioning Problem).

Pro tlohy malého rozsahu lze pouZit enumerativni techniku nebo metodu vétvi a mezi.
V' nékterych piipadech lze pouZitim restrikce plvodniho zadani feSit problém
v polynomialnim ¢ase. Dalsi moZnosti je pouZiti aproximativniho algoritmu, ktery produkuje

fe§e§1i s predepsanou chybou. Casova slozitost miize byt redukovéna v piipadé TSP tlohy na
O(n’) nebo O(n), podle velikosti stanovené chyby. Casto pouZivané jsou heuristické metody,




které poskytuji pfiblizna feSeni. Stdle vice se prosazuji stochastické evolu¢ni techniky razné
slozitosti. Typickym piedstavitelem této tfidy algoritmii jsou klasické genetickée algoritmy a
pokro&ilé evoludni algoritmy vyuZivajici pravdépodobnostni modely rizné sloZitosti.

3.1 Klasické optimalizaéni metody vs. evolucni algoritmy

V soudasné dob& jsme svédky stile Sir§iho vyuZivani evolu¢nich algoritmd pro feSeni
teoretickych uloh a rozmanitych tloh praxe. Lze dokonce hovofit o stle v&tSi popularité této
tiidy algoritmil. Je ocefiovana jejich robustnost - schopnost nalézt globdlni optimum i pro
multimodélni multikriteridlni dlohy s ostrymi zlomy povrchu ucelové funkce (function/fitness
landscape). Je viak zndmo, Ze konkrétni verzi evoluéniho algoritmu lze pouZit efektivné jen
pro jisty okruh problémt (no free lunch theorem). Neni tedy ucelné pouzivat evolucni
algoritmy pro jakykoliv typ feSeného problému. Existuje fada klasickych propracovanych
metod, které jsou schopny uspokojivé Fesit fadu optimalizaénich Gloh s relativné nizkou
vypocetni naro¢nosti.

Prvni vyznamnou skupinu klasickych metod tvoii algoritmy pouZivané pro feSeni klasickych
grafovych tloh: hledani souvislych komponent, miniméln{ cesty, minimélnich stromovych
struktur, maximalniho toku, optimélniho parovan{ hran, obarveni grafu.

Dalgi vyznamnou skupinu tvofi metody operaéniho vyzkumu. Ke zndmym ulohdch patii
linearni a celoéiselné programovéni, nelinedmni (kvadratické) programovéni a dynamicke
programovani. Pro feSeni linearnich tiloh se Casto pouziva simplexova metoda, pro ulohy
nelinedrniho programovénf s hladkou funkei (smooth function) napf. gradientni metody GPM
(Gradient-projection Method) a GRG (Generalized Reduced Gradient). Pro NP-iplné
problémy lze pouZit metodu vétvi a hranic (Branch and Bound) a simulované Zihani.

Pii rozhodovéni o volb& metody je tedy vhodné klasifikovat pfedloZeny problém, zda jej nelze
pfevést na nékterou ulohu z teorie graflii nebo operaéniho vyzkumu. Napf. je znamo, Ze
dekompozici grafu bez omezujicich podminek na velikost vzniklych subgrafii 1ze prevést na
tlohu hleddni maximalniho toku v siti. Ulohu rozmistovani obvodovych uzli do pravidelnych
pozic lze definovat jako kvadraticky piifazovaci problém a fesit jej pomoci metody vétvi a
mez{ anebo po zjednoduseni jako kvadratickou ilohu kvadratického programovan{ [Lenga90].

Tento trend je respektovdn v profesiondlnich optimalizacnich systémech, které agreguji
klasické metody, rizné heuristické pristupy a evolutni algoritmy (napf. systém Premium
Solver V3.5, [Solv35]).

3.2 Heuristické metody

Heuristické metody patii k nejrozifendjsim metodédm. Jsou vesmés zaloZeny na iterativnich
technikch (deterministickych nebo nahodnych) postupného zlepSovani feSeni. Je mozné
nalézt globélni optimum, ale v procesu hledéni nelze specifikovat ani vzdélenost aktudlng
dosazeného feseni od globalniho optima, ani s jakou pravdépodobnosti miize byt globdlniho
optima dosazeno. Nejzndm&j3im pistupem napt. v aloka¢nich tlohach je uplatnéni sckvenci
parovych nebo vicendsobnych zdmén objektl pro vylepSeni konfigurace téchto objektil.
Vybér dvojic je bud’ ndhodny nebo systematicky a akceptuje se kazda rekonfigurace vedouci
ke zlep3eni Gi&elové funkce.




3.3 Klasické genetické algoritmy (SGA)

Klasické genetické algoritmy SGA (Simple Genetic Algorithms), jako samostatna podtfida
evoluénich algoritmi, patii mezi stochastické optimaliza¢ni algoritmy zaloZené na analogii s
evoluénimi procesy probihajicimi v biologickych systémech [Holl75], [Gold86], [Back96],
[Kvas00], [Foge00], [MariO1].

Biologickd evoluce (podle Darwinovy evolu¢ni teorie a Mendlovy teorie dédi¢nosti) je
progresivni zmé&na genetické informace jedincli populace béhem mnoha generaci v ramci
evoluéni epochy. Lze ji charakterizovat tfemi zakladnimi fenomény:

v

e Pfirozenym vybé&rem, kdy schopngjsi jedinci (s vét§i silou, vyhodnosti) maji vice
potomkii, neZ jedinci slab§i, méné adaptovani na prostiedi,

e Procesem reprodukce, kdy novy jedinec vznikd rekombinaci/kfiZenim genetické
informace rodiél, pfi¢emz mtze dochazet k poruchdm vlivem mutace,

e Néhodnym genetickym driftem, kterym muZe byt exitus schopného jedince pted
realizaci reprodukce, ptipadn& jeho néhodnd mutace. Uplatiiuje se u malych
populaci.

Tato teorie evoluce mnohdy nazyvand syntetickou teorii evoluce nebo také neodarwinismem,
je zaloZena na genech jako nositelich dédi¢nosti. Individuum je charakterizovano retézcem
genti — chromozémem (charakterizujicim jeho genetickou vybavu - genotyp). Fenotyp
individua je dan interakci jeho genotypu s prostfedim. Vyhodnost jedince (fitness) je dana
mirou jeho schopnosti pfezit v daném prostfedi. Jednotkou vyvoje je populace jedinci, ktera
se skldd4 z genofondu daného genotypem vSech jedincil.

V soutasné dobé existuje celd paleta evoluénich algoritmti zaloZenych na rlzné interpretaci
evoluéni teorie [Back96]. K nejznamé&j$im patii Evoluéni strategie (ES), Evolucni
programovéni (EP) a Genetické programovani (GP).

Objevuji se také nové expanze pivodniho Darwinovského paradigmatu, obohacujici jedince o
adaptabilni kognitivni orgédn (Baldwiniv efekt), popfipad€é o socialni zkuSenost
reprezentovanou mémy, které zavedl R. Dawkinson ve své knize ,,The Selfish Gene®
[Kva00a].

Evoluéni algoritmy (EA) jsou typické svoji robustnosti, schopnosti feit obtizné optimalizacni
a rozhodovaci tlohy, které lIze charakterizovat vlastnostmi jako je multimodalnost,
multikriteridlnost a riiznymi typy omezujicich podminek. Jejich nasazeni je efektivni
v ulohéch, které 1ze definovat nasledovné:

e Prostor fefeni je piili§ rozsahly a chybi expertni znalost, kterd by umoZznila ztzit
prostor slibnych feeni, '

e Nelze provést matematickou analyzu problému,

e Tradi¢ni metody selhavaji,

¢ Jde o tlohy s mnohadetnymi extrémy, kriterii a omezujicimi podminkami.

EA se pouZivaji pro numerickou i kombinatorickou optimalizaci, pfi navrhu obvodi,
planovani vyroby, strojovém udeni, v tvorb& ekonomickych, socidlnich a ekologickych
modela atd.

Je v3ak tfeba poukazat na jisté nevyhody evoluénich algoritmi:

e  Kvalitu feSeni lze ohodnotit pouze relativng. Nelze otestovat, zda se jednd o globdlni
optimum,
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e Pro mnohé tlohy je typicka velka ¢asova naroCnost,

e  Pro piili3 rozs4hlé tlohy poskytuje feSent piili§ vzdalend od optima,

e  Ukon&eni optimalizace je explicitni na zdkladé ¢asového limitu nebo stagnace
kritéridlni funkce.

Pro navrh evoluénich algoritmii existuje fada komer&nich produktii, které umoziuji rychly
navrh aplikaci. Kli¢ovym krokem je volba zakodovani problému, kterd by méla respektovat
pouzité genetické operatory a naro¢nost vypoctu ucelové funkce.

3.3.1 Formalizace ¢innosti SGA

Navrh genetického algoritmu pro feseni optimalizaéniho problému je uréen vzdy konkrétni
specifikaci evolu¢nich principd a jejich algoritmizaci. Nejdtive definujme zakladni pojmy,
které budeme dile pouzivat. Chromozém (jedinec/individuum) koédujici feSeni je
reprezentovan binarnim vektorem (fetézcem) konstantni délky n :

X =Xy X1,...Xn.1), kde X; je i - tou proménnou fetézce

x = (xg, X1,..,%n.) je fetézec konkrétnich instanci proménnych X;=x; x;€ (0,1}

b o=, XX X € D jemnozina N fetézcl, ktera specifikuje populaci D

D c {0,1}". .
Necht fje uéelova/cenova funkce definovana nad mnoZinou binérnich vektori délky n

f {01} —R (6)

kterd ohodnoti kazdy bindmi vektor x redlnym &islem. Cilem je nalézt globalni extrém
funkce f. V ptipad® minimaliza¢ni ulohy jde o nalezeni vektoru

Xopt = argmin f(x) (7
xe{0,}"
Funkce f se zpravidla transformuje na funkci vyhodnosti F (fitness funkei) tak, aby pivodni
optimaliza&ni tloha byla pfevedena vZdy na maximaliza&ni tlohu a bylo dosazeno vhodného

méfitka fitness funkce. UZiti této transformace usnadiiuje také zménu selekéniho tlaku, ktery
vyrazné ovliviiuje konvergenci evoluéniho procesu.

Cinnost klasického GA algoritmu lze popsat nasledujicim pseudokédem:

(1) Nastav 7=0, ndhodné generuj podateéni populaci D(0) s mohutnosti N,

(2) Proved’ ohodnocent jedincii populace D(z) funkei vyhodnosti F(X),

(3) Generuj populaci potomki O(z) s mohutnosti M < N pouzitim operéatordt kiiZeni a
mutace,

(4) Vytvor novou populaci D(z+1) nahrazenim &asti populace D(?) jedinci z O(t),

(5) Nastav te—1+1,

(6) Pokud neni splnéna podminka pro ukon&eni algoritmu, jdi na (2).

Schématické znédzornéni genetického algoritmu je na obr.l. V prvnim kroku je generovana
pocatecni populace vektort fedeni/jedincil. KaZdy jedinec je ohodnocen pomoci fitness funkce
F (X): V procesu kiiZeni (uplatiiovaném s &etnosti kiiZeni p.) vznikaji rekombinaci vybranych
dvojic individui/rodi&t dva potomci/tetézce, které jsou s Cetnosti p, néhodné mutovany a
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zatazovany do populace potomkt. V procesu tvorby nové rodi¢ovské populace st jedincii
z populace potomkil vyt&siiuje jedince piedchozi rodi¢ovské populace. Cely proces se opakuje
vramei evoludni epochy, kterd je specifikovana maximalnim poltem generaci nebo na
zéklad& stupné saturace aktudlni populace identickymi jedinci. Pred aktivaci GA je nutné
specifikovat typy genetickych operatortt a hodnoty parametri - Cetnost selekce, kfiZeni a

mutace.
D(1)

Ind. Xo X,' Xg X_g F(X) ’

1 11ol1l111 3 reprodukce

2 1 2

M [0]1]0[1] 2

N |0]1]0]0] 1 kiizeni mutace
Ind. Xg X} Xg X3 F(X)
1 1{0]1]1 5

1]1]0{1 3
Vytvoreni populace D(z+1) M 1 0 0 1 2 Populace potomkd O(t)

Obr. 1 Schéma klasického genetického algoritmu

3.3.2 Teorie schémat

Evoluéni proces reprodukce populace feSeni, specifikovany operatory selekce, kfiZeni a
mutace vedouci k nalezeni optima nebo suboptima, byl formalizovéin J. Hollandem [Holl75],
s pouZitim teorie schémat, ktera byla pozd¢ji rozpracovana dal$imi autory [Gold86]. Z teorie
1 praxe genetickych algoritmi je zndm stale aktudlni problém vhodného zakdédovani feSeni a
volby vhodného sortimentu genetickych operatori, které vyrazné ovliviluji konvergenci
feSeni. VétSina modell GA se opird o zminénou teorii schémat — schéma je podobnostn{
Sablona definovand nad abecedou {0,1%}. Volny symbol “*” znamend, Ze se na pfisluiné
pozici binarniho Fetézce, odpovidajici danému schématu mtZe vyskytovat libovolna hodnota
0 nebo 1. Rikdme, Ze fetdzec ref0,1", je piikladem/vzorem schématu re{0,1,*}", pokud
v kazdé pozici schématu s jinym znakem neZ “*” je hodnota znaku v fetézci stejnd jako ve
schématu. Po&et pevn& stanovenych pozic ve schématu H se nazyva fadem schématu o(H),
vzdélenost mezi prvni a posledni pevnou pozici se nazyvéd délkou schématu &H). Schéma
(0**1) m4 tedy tad 2 a délku 3. Misto sledovani 3ifeni jednotlivych jedincil je eln&jsi
sledovat $ifeni schémat, ktera reprezentuji pfisluinou podmnoZinu jedinci.

Necht' v &ase ¢ obsahuje populace D(z) poéet m chromozomi vyhovujicich podobnostnfmu
schématu H, tedy

m=m(H,t)
Vyskyt schématu v populaci po realizaci reprodukénich operétorti je d4n vztahem [Gold86]
m(H,t+])2m(H,t)-$[]—pc-@}—O(H)'Pm] (®)
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Vztah (8) je dileZzitou formuli pro vysvétleni ¢innosti SGA. Slovné se vyjadiuje jako teorém o
schématech: Pocet krdtkych nadprimérnych schémat nizkého Fadu v jednotlivych generacich
exponencidlné roste. Z teorému bezprostiednd vyplyva hypotéza o stavebnich blocich:
Geneticky algoritmus upFednostiuje a preskupuje nadprimérnd schémata nizkého Fadu
nazyvand stavebni bloky (Cdstecnd FeSeni daného problému). Deldi schémata vySSich Fadi
jsou operatory poskozovana, a to imérng své definujici délce a svému fadu. Tento fenomén
rozbijeni stavebnich blokii je hlavni pii€inou pomalé konvergence klasickych genetickych
algoritm@i hlavn& v pfipadé nelinearnich multimodalnich GZelovych funkci a klamnych
problémii (deceptive problems). Pfi feSeni klamnych tloh vykazuji SGA anomalni chovani.
Stavebni bloky obsahuji komponenty, které mohou smérovat feSeni do lokélniho optima.
Existuji totiz suboptimélni schémata, kterd maji vy3si ohodnoceni nez optimalni schémata
stejného fadu a délky.

Dodejme, Ze vztah (8) je Casto citovan, ale jde jen o jednu z moZnych verzi popisu Sifeni
schémat v populaci, kterd predpokladd proporcionalni vybér rodiovskych jedinci pro
rekombinaci a dostateénd velkou populaci jedinc. V uvedeném vztahu dominuje fenomén
rozbijeni schémat, obecné viak plati, Ze kifZenim rodi¢li schémata nejen zanikaji, ale také
vznikaji. Jednou z moZnosti jak sniZit pravd&podobnost rozbijeni ¢asteCnych fedent, je pouZiti
genetického operdtoru inverze, ktery zrcadlové pfeskupuje proménné fetézce v nahodné
vybraném segmentu fetézce. Nase vysledky experimentl s timto operétorem, realizované v
[D14] byly nejednoznadné a znadn& zévisely na feSeném problému. V soucasné dobé je
klasickd teorie schémat podrobovana kritické analyze a hledaji se nové obecngjsi modely
¢innosti SGA.

Ukinnost evoluéniho procesu zavisi na detekci, spojovani, filtraci a expanzi stavebnich blok,
které jsou &asti optimélniho feseni. Pfedpoklada to identifikovat zavislosti a nezavislosti mezi
proménnymi (linkage learning). Klasické genetické algoritmy zachycuji tyto vztahy
implicitng selekci slibnych rodifovskych jedinci a jejich rekombinaci. V genetickém
algoritmu neni uchovévéna zadné explicitni informace, kterd skupina promé&nnych piispiva, a
jak vyznamné, k Gidelové funkci slibnych FeSeni. Proces rekombinace realizovany kiiZenim je
nahodny a mize porudit mnohé z vazeb mezi proménnymi. Hlavni problém je v tom, Ze
rekombinadni proces je odstingn od znalosti feSeného problému a jeho potencialni
dekompozice.

Dilgi pifekondni téchto problémii umoZnilo zavedeni messy-genetickych algoritmi
(messy-GA) [Gold99] s proménnou délkou chromozémii a explicitni indexaci gend. Pro
klasické i messy-GA viak zfistiva nevyfesen problém nastaveni Getnosti aktivace jednotlivych
genetickych operdtori — predpoklada znalost experta pro dany problém. Expertni znalost je
dasto vyuzivana pii ndvrhu fuzzy regulatoru pro nastavovani vy$e uvedenych parametri na
zékladg statistik odvozenych z aktudlni populace. Vysledky ziskané genetickymi algoritmy
s timto typem Fizeni parametr(i v§ak nejsou jednoznacné.

Jak uz bylo zmingno v prvni kapitole, principidlnim feSenim uvedenych problemi pri
konstrukei a ladéni SGA je nova koncepce pokrogilych evoluénich algoritmil oznacovanych
jako EDA (Estimation Distribution Algorithm) algoritmy nebo jako PMBGA algoritmy
(Probabilistic Model Building Genetic Algorithms) [Pel99c], [Larra02].

3.4 EDA algoritmy

Jejich Ginnost je zaloZend na teorii pravdépodobnosti - pouZivaji statistickou informaci
?bvsazenou v populaci nad&jnych feSeni/jedincit k detekci (ne)zdvislosti mezi proménnymi
feSeni. Novym znakem tohoto piistupu je globdlni pohled na celou populaci pfi tvorbé

9

—




pravdépodobnostniho modelu pro dany problém. Novi jedinci jsou generovani podle
odhadnutého pravdépodobnostniho rozdéleni. Na rozdil od klasickych genetickych algoritmi
jsou EDA algoritmy schopny explicitng vyjadfit jednoduché i vicendsobné zévislosti mezi
proménnymi a tedy detekovat stavebni bloky optimélniho feSeni, coZ umoZiluje efektivné
optimalizovat sloZité nelinedrni a klamné tlohy.

Cinnost EDA algoritmu Ize popsat nésledujicim pseudokdédem:

(1) Nastav =0, nahodné& generuj poc¢atecni popula.ci D(0) s mohutnosti N,

(2) Vyber mnoZinu D(¢) slibnych jedinct z populace D(z) s mohutnosti M<N,

(3) Proved’ odhad pravdépodobnostniho rozloZeni vybranych jedincti p(X | D'(2)),

(4) Generuj mnoZinu potomkd O(7) s mohutnost{ M (vzorkovanim ziskaného rozloZeni),
(5) Vytvof novou populaci D(z+1) nahrazenim ¢asti populace D(z) jedinci z O(2),

(6) Nastav t—t+1,

(7) Pokud neni splnéna podminka pro ukonéeni algoritmu, jdi na (2).

Fundamentalnim problémem je odhad pravd&podobnostniho rozloZeni p(X|D’(z)). Z teorie je
znam vztah pro sdruZené rozlozeni pravdépodobnosti ndhodného vektoru pomoci lokalnich
pravdépodobnostnich rozloZeni s vyuZitim podminénych pravdépodobnosti i

n—1I
p(X) = T p(X; | Xg, X1 Xiop) ©)

1=
SloZitost pravdépodobnostniho modelu zavisi na pfedpokladané interakci mezi proménnymi.
Tyto zdvislosti/nezdvislosti jsou modelovény grafovymi strukturami. Uzly grafu odpovidajf
proménnym vektoru X, orientované hrany modeluji zivislost/kauzalitu mezi proménou a
rodi¢ovskymi prom&nnymi. Na obr. 2 jsou grafové modely pouZivané pro EDA algoritmy
rizné slozitosti s pfisluSnym typem fakiorizace.

SO O4 30—>O4 3 4 30——> 4

o .f o o
O O zd/—ol : o n
b)

a) c) _ d)
a) p(X) = p(X3) p(Xo) p(X2) p(Xs) p(X1),

b) p(X) = p(Xs) p(X+|Xs) p(Xo|Xs) p(X2 | Xo) p(X11Xz)

c) p(X) =p(Xs) p(Xo|X3) p(X2|X3) p(Xs) p(X; |X4)

d) p(X) =p(X3) p(Xo|X3) p(X4|X3,X0 ) p(Xi |Xo) p(X2 | X1, X0 )

Obr. 2 Grafické modely a sdruZené rozloZeni pravdépodobnosti pro algoritmy:
a) UMDA, b) MIMIC, c) BMDA, d) BOA, EBNA

Pr\fni evoluéni algoritmy zaloZené na jednoduchych pravdépodobnostnich modelech
znazornénych na obr. 2a, 2b, 2¢ vznikly asi pied péti lety. Nejjednodudsi model predpoklada,
Z¢ vSechny proménné jsou vzijemné nezavislé a sdruzené pravdépodobnostni rozloZeni je
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dano soudinem marginalnich pravd&podobnosti. S timto modelem pracuje algoritmus PBIL
(Population Based Incremental Learning) [Balu94], UMDA (Univariate Marginal Distribution
Algorithm) [Mueh96]. Algoritmus MIMIC (Mutual Information Maximizing for Input
Clustering) [Etxe99], [Larr99], [Balu97] a BMDA (Bivariate Marginal Distribution
Algorithm) [Pel98a] pracujf s grafem zavislosti (dependency graphs) a umoZziiuji modelovat
podvojné zéavislosti. FDA algoritmus (Factorized Distribution Algorithm) vyuziva grafovy
pravdépodobnostni model specifikovany expertem [Mueh98] - je hlavné uréen pro aditivné
rozloZitelné problémy.

Nejobecn&jéim pravdépodobnostnim modelem je Bayesovska sit’ (B, By), kde B je struktura
sit¢ (obr. 2d) a B, parametry sité specifikujici sdruZené pravdépodobnostni rozlozeni.
Bayesovské sit' je obecné pouZivana pro modelovani multinomickych dat s diskrétnimi i
spojitymi proménnymi [Brad00], [Gelm98], [Gott98], [Gott99]. UmoZiluje reprezentovat
vicendsobné pravdépodobnostni interakce mezi promé&nnymi. Necht' pro kazdou proménnou
X; je Iy, c{Xo,Xy,...Xi.;) podmnoZina (rodiovskych) proménnych, které ji ovliviiuji a

pfitom promé&nné Xp,Xj,...X;; jsou podminéné nezavislé, pak sdruZené pravdépodobnostni
rozlozeni ndhodného vektoru X lze vyjadfit vztahem

n-1
p(X) = _HOP(XEIHX,-) (10)
l:
Vztah (10) lze interpretovat jako zakddovani struktury Bayesovské sit& B reprezentujici
podmin&né nezévislosti mezi proménnymi. Bayesovsk4 sit na obr. 2d representuje napf.
nezavislost proménné X; na proménnych X;, X> (11) nebo nezavislost proménné X; na
proménnych X, X3, Xy (12).

p(Xs | Xo, X1, X2, X3) = p(X4|X3,X0 ) (11)
p(X; | Xo, X2, X3, X4) = p(X 11X0) (12)

Tlustrace &innosti Bayesovského evoluéniho optimaliza&niho algoritmu je na obr. 3. Klicovou
operac je konstrukce/indukce grafu Bayesovské sité z populace slibnych jedinct/fedeni D'(z)
a vypotet parametrii B,. Jde o proces ueni Bayesovské sit&, ktery se opakuje kazdou generaci
evoluéniho procesu. V prvni fazi uéeni jde o urCeni struktury Bayesovské sit&, ktera reflektuje
(ne)zavislosti uzli/proménnych. Ve druhé fizi navazuje proces uceni parametrt - hodnot
podmin&nych pravdépodobnosti s ohledem na strukturu sité B. Parametry jsou reprezentovany
mno¥inou tabulek CPTy-CPT,i, specifikujicich podmin&né pravdépodobnosti pro kazdou
promé&nnou X;=x; (uzel sit&) pro vechny instance 7 y, jejich rodi€ovskych proménnych.

Pro nalezeni struktury B lze pouZit stochastické metody, geneticke algoritmy a rychle
heuristiky. K ohodnocenf kvality B lze pouZit metriky s riiznou slozitosti. K nejpouZivangjsim
patti MDL metrika (Minimal Length Description) a BD metrika (. Bayes-Dirichletova metrika)
[Larr99], [Heck95], [Frid02]. V EBNA algoritmu (Estimation of Bayes Network Algorithm)
[Etxe99] je pouzita BIC metrika (Bayesian Information Criterion).

Pouziti MDL metriky vychazi z filozofického pfistupu nazyvaného Occamova bfitva/pravidlo
(Occam razor), které preferuje ze soupeficich teorii nejjednodussi z nich. V kontextu teorie
kédovini jde o nalezeni optimalniho modelu (kodéru) pro kompresi dat D (D=D’). Optimaln{
model minimalizuje celkovou délku kédu slozeného z kédu dat a kodu modelu. Celkovou
délku kodu (v bitech) lze vyjadiit celkovou sumou

L(B, B,,D)=L(B)+L(B,)+L(D/B), (13)

Pfiéemi'L(B) je délka zakédovéni struktury grafu, L(B,) je délka zakédovani CPT tabulek a
L(D/JVB) je zakédovéni dat pro danou strukturu grafu B. Vypotet délky kodu prvnich dvou
poloZek je jednoduché. Zakédovani dat D pro znamou sit’ B vychdzi z Huffmanova kédovént.
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n—1
L(D|B) =M %H(Xf ITLy,), (14)

kde H (X i |y, ) je podmin&n4 entropie, M je podet jedincii populace. Vyhodou této metriky

je, % neni tfeba explicitng stanovit horni mez sloZitosti modelu. Nevyhodou je, Ze nelze
pouZit apriorni informace o feSeném probléemu.

D(1) D'(t)

Ind X() X1 Xz X3 F(X)

11|01 ]|1] 3 ‘ Ind | Xo | Xi [ X2 | X5 | FX)

211(1]/0]0]f 2 1 {1fo]1]1 3
—— 1 0| 2

M|O]1]|0]1] 2
0f1f{0]0] 1 *

M{O|[1]O0Of1] 2
N

A

Obnova D(t+1) l Indukce (B,B;)

O(1) B B,
Ind [ X, [ X, [ X [ X5 [FCX) @ }@ ggl: p((xj))
11111(1]0 3 20 p(x2
211]1lo]1]| 3 < CPTs: p(x3|xs, x2)
S @ plxs|~xxz)
Mlolof|1]1].,2 p(xs|x1, =x2)

p(x3 |_'xb ﬂxZ)

(% ) CPTo: p(xolxs)

Pozn.: p(x; |x;, ~xi)=p(Xi=1|X=1, X;=0) i P(xo|=%5) 3
Sdruzené pravdépodobnostni rozloZeni: ;)stzétm pﬁl;agletry pro X;=0
p(X) = p(X1) p(X2) p(X31X1,X2) p(Xo|X3) ze copoetiat

P(Xi=0)x;x1)=1-p(X;=1|x;x)

Obr. 3 Tlustrace Bayesovského evoluéniho algoritmu

Pfi pouziti Bayes-Dirichletovy (BD) metriky (odvozené z metod Bayesovské statistiky) lze
zahrnout do procesu konstrukce B sité apriomi informace o pravdépodobnostnim rozloZeni
struktury a parametri sit¥. Aposteriorni pravdépodobnost Bayesovské sit€ B pro data D (zde
interpretujeme D = D°) lze stanovit pouZitim Bayesova teorému

p(B| D)= p(D,B) _ p(D|B)p(B) (15)
p(D) p(D)

kde p(B|D ) je aposteriorni pravdépodobnost sit€¢ B podminéna daty D,

p(B)  je apriorni pravdépodobnost sité B,

p(D|B ) je pravdépodobnost dat D pro sit B (marginalni vérohodnostni funkce),

p(D)  ptedstavuje normativni koeficient.
Cim vatsi je hodnota p(B|D), tim je sit B vérohodn&j§im modelem dat D. Pii srovnavani
riznych siti pro stejnou datovou strukturu (populaci) lze vypustit jmenovatele p(D)
Vv rovnici (15)

P(B|D ) =< p(D|B ) p(B) (16)

V ptipadg, e viechny sité jsou stejn& pravdpodobné (neni k dispozici znalost experta) platf
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p(B|D ) =< p(D|B ) (17)

Nalezenf sit€ B s maximalni aposteriorni pravdépodobnosti (vérohodnosti) je pak ekvivalentni
nalezeni sit€ B, kterd maximalizuje pravdépodobnost dat D. Obecng, vypodet
pravdépodobnosti p(D,B) je velmi nesnadny. D. Heckerman [Heck95] odvodil metriku, kterd
vychédzi kromée jiného z pfedpokladu, Ze rozloZeni lokalnich podminénych pravdépodobnosti
ma charakter Dirichletova rozde€leni. BD metrika je pak ddna vztahem

n—1
p(D,B)=p(B)TL T1 ML(p(X;|7y,)) (18) .

i=0 Tx;
kde ML je marginlni vérohodnostni funkce (7 x;Je mnoZina instanci I7 X; ). Podrobné;si

vztah je uveden v ¢lanku A_4 a A_3. Nevyhodou klasického pfistupu konstrukce Bayesovské
sité je nutnost specifikace maximalni sloZitosti sité — vé&t§inou dané maximalnim podtem
rodi¢ovskych proménnych k (jinak feceno k urcuje maximalni pocet vstupnich hran kazdého
uzlu sit€ B). MoZnym feSenim tohoto problému je vyuZit p(B) pro penalizaci sloZitosti sité.
Ve vech navrZenych verzich BOA algoritmt je pro nalezeni sit¢ B pouZit jednoduchy
konstruktivni algoritmus, ktery vyuziva elementarni grafovou operaci — opakované pfiddvani
jedné hrany v aktuéln{ siti B s maximélni hodnotou BD metriky. Hrany, které vytvafeji cyklus
nejsou akceptovény.

Po nalezeni Bayesovské sit€ B lze z populace D’ stanovit mnoZinu parametri B,. Podminé&né
pravdépodobnosti pro jednotlivé proménné lze stanovit podle definice podminéné

pravdépodobnosti
p(Xt ’ HX;' )

P(Xi IHX,-)= P,
i

Ptiklad stanoveni polozky CPT je uveden v ¢lanku A-7.
Populace potomkit O(z) se ziskdvd PLS vzorkovdnim (Probabilistic Logic Sampling).
PLS produkuje hodnotu proménné kvazindhodnég:

Xi=1 pokud r < pXi=I|11 x;=T;) jinak X;=0 (r je nahodné &islo s rovnom&mym

(19)

rozloZzenim v intervalu [0,1]). Proces vzorkovani za¢inid uzly s marginilnim rozdélenim
(v obr. 3 jsou to uzly X;, X») a pokraduje uzly, pro které jsou jiz definovany rodidovské
proménné. Z takto ziskané populace potomkd O(z) a pfedchozi rodiovské populace P(t) je
vytvofena populace P(t+1) s pfihlédnutim k fitness funkei jedincfi z obou populaci. Celkova
Casovd sloZitost konstrukce sité B a nové populace jedinct je déna vztahem O(n°N+n’).

Konvergence BOA algoritmu a obecn& EDA algoritmti zavisi na globalnim selek&nim tlaku a
Vyvazenosti pravdépodobnostniho modelu. Model by mé&l byt dostateén& piesny a pitom
dostateZn& obecny, aby v procesu inference byla také generovana nové slibna fedeni mimo
rémec aktudlni populace. '

Ovéfovani G&innosti jednotlivych variant EDA algoritmi je tedy stale aktudlni. Je maélo
eXpt?rimentélnfch studii, které porovnivaji EDA algoritmy s klasickymi SGA algoritmy a
tradinimi metodami. Letos se k nim ptifadila kniha: Pedro Larrafiaga a Jose Lozano:
,_,Estimation of Distribution Algorithms®, [Larra02]. Cést testl porovnavd TUdéinnost
Jejiqotlivych EDA algoritml mezi sebou, ostatni testy porovnavaji vybrané EDA algoritmy
VUCi klasickym SGA algoritmiim a heuristickym metodam. Za zminku stoji dvé& ulohy:
1) Uloha nalezeni podmnoZiny vyb&rovych charakteristik/ryst pro klasifikaéni systém,
kde algoritmus EBNA (patfici do tfidy Bayesovskych algoritmti) [Larra02]
Produkoval nejlepsi primémé feSeni ve srovnani s klasickymi SGA algoritmy
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s jednobodovym a uniformnim kiiZenim a dvéma sekven¢nimi heuristikami. EBNA
algoritmus byl rychlejii nez SGA algoritmy a pomalejsi nez heuristické metody,

2) TSP problém, na kterém byla testovdna uéinnost EBNA se dvéma klasickymi GA
algoritmy se specifickymi operéatory kiiZeni. Jeden z SGA algoritmii produkoval lepsi
teseni nez EBNA. Pokud byl EBNA rozsifen o lokalné-optimalizatni proceduru,
vysledky byly shodné.

4 Ulohy dekompozice a alokace

S tilohou dekompozice se lze setkat pfi feSeni rozmanitych tlloh inZenyrské praxe. Jde o
znamou koncepci “divide et impera”, kdy sloZitd rozsahld tuloha je rozdélena na nékolik
poddloh smensi velikosti a sloZitosti. Tyto ulohy nejsou nezévislé a je snahou nalézt
dekompozici s minimem vzijemnych interakci. Jako piiklad lze uvést dekompozici
rozsahlych telekomunikaénich siti, programovych produktil, databdzovych systémi a
rozsahlych &islicovych integrovanych obvodii.

Uloha alokace je zmifiovéna &asto v kontextu alokace zdroji (finan¢nich), planovani vyroby
apod., které jsou fefeny &asto metodami operaéniho vyzkumu. V této prici je analyzovina
alokadni tiloha, kterd je charakterizovéana hledédnim vhodnych pozic pro objekty s definovanou
interakci ve dvou nebo trojrozmé&mém prostoru v kontextu fyzického névrhu &islicovych
obvodi.

Navrh &islicovych integrovanych obvodii lze charakterizovat péti zakladnimi etapami:
specifikaci, logickych névrhem (zahrnuje navrh architektury, funkénich boki a obvodovou
realizaci), fyzickym navrhem, vyrobou a testovanim. Fyzicky navrh se standardné Cleni na 3
zékladni etapy: Glenéni/dekompozici, rozmistovani/alokaci a propojovani. Charakter téchto
etap zavisi na pouZitém navrhovém stylu: desky s ploSnymi spoji (PCB), VLSI Ccipy,
multi&ipové moduly (MCM) a hybridni integrované obvody (v dnesni dobé se jiZ prili§
nepouzivaji).

Na obr. 4 jsou schématicky zobrazeny dva nejéast&jsi navrhové styly (layouts) VLSI ¢ipu -
standardni buiiky (standard cells) a funké&ni bloky (macrocells) s globdlnim propojeni.

&= =

I R 0 &

- L & sz

externi vyvod, standardni buiika, priichozi buitka  externi vyvod

Obr. 4 Navrhové styly VLSI &ipu v&etné topologie globalniho propojeni
a) standardni buiiky, b) funkéni bloky.
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4.1 Uloha alokace/rozmisténi obvodovych uzli

Uloha rozmistovéani je determinovana pouZitym navrhovym stylem; zékladni typy jsou
schématicky zobrazeny na obr. 5. V pfipadé platformy standardnich bunék, hradlovych poli a
PCB jde o pravidelné pozice (¥ed® oznafené pravotihelniky), do kterych jsou obvodove
komponenty (buiiky) umistovany. Kriteriem optimality v pfipadé PCB a hradlovych poli je
realizace propojeni komponent zabezpedujici plnou funk&nost obvodu.

snnhmn

Obr. 5 Navrhové styly pro alokaci a) hradlové pole a PCB, b) standardni buiiky,
¢) funkéni bloky.

V ptipadé standardnich bungk jde o minimalizaci plochy &ipu, které se dosahuje minimalizaci
sumarni délky propojeni. Rozmistovéani funk&nich blokd je sloZit&jsi, protoze bloky jsou
riiznych rozmért a tvardi [Drec98]. Pokud navic neni tvar a rozmer fixni (floorplanning
problem), jde o velmi obtiZng fesitelny problém. Kriterium optimality zahrnuje plochu ¢ipu,
pomérovy koeficient tvaru (aspect ratio) a kritické zpoZdéni signald na spojich.

Existuje fada metod, jak dosdhnout stanovenych cili. Univerzalni grafové orientovanou
metodou je metoda minimalnich fezii (min-cut algorithm) [Breu77]. PouZitim sekvence
horizontalnich a vertikéalnich fezi jsou obvodové komponenty &lenény tak, aby pocet spoji
viezu byl minimalni. V soucasné dob& se pouZivaji sofistikovan&jsi varianty s linearni
slozitost{ [Fidu82], [Alpe96]. V piipadé hradlovych poli, PCB desek a standardnich bunck
s pravidelnymi pozicemi obvodovych komponent, je moZné pouZit kanonickou mnozinu
radkovych a sloupcovych fezii (v piipadé standardnich bunék a sloupcovych fezil je nutné
odetiit piipadné piekryti bungk). V piipadé funkénich bloki neni poloha fezu pfedem
specifikovana — je nutné splnit omezujici podminku pipustnosti fezu tak, aby podmnoZiny
komponent vymezené fezem bylo moZné umistit do vymezené oblasti €ipu. ObtiZnost tohoto
rozmistovani shora dolé vedla ke vzniku dudlni metody rozmist'ovani zdola nahoru, ktera
umoziiuje uplatnit rotace agregovanych funké&nich blokii a vzdjemné propojeni, musi vSak
navic ofetiit mozné piekroteni pomérového koeficientu tvaru (aspect ratio) [Esbe92],
[Sch96]. V ramci diplomové prace D-20 jsme experimentalné ovéfili u¢innost tohoto piistupu.

Velmi popularni aloka¢ni metodou (pouZivanou napf. v navrhovém systému FPGA Xilinx) je
simulované Zihani D-8, které je zaloZeno na analogii s procesem postupného ochlazovanim
taveniny. Jde o stochastickou optimalizaéni metodu, kdy nahodné generovana rekonfigurace
obvodovych komponent je akceptovana kvazi-ndhodné na zékladé kvality nové konfigurace.
Tento pfistup zabratiuje uviznuti v lokdlnim optimu tuéelové funkce. Dalsi oblibenou a
nazornou metodou je metoda zaloZen4 na analogii s mechanickym systémem t&les vzdjemné
propojenych pruzinami (forced-directed placement). Tato metoda je dvoufdzova - v prvni fazi
S¢ nalezne relativni pozice komponent na volné plose a v druhé fazi je nutné oSetfit jejich
VZé]_emné prekryti. V p¥ipad® reguldrni struktury pozic je nutna normalizace jejich relativnich
pozic. Tato metoda byla pouZivand hlavné pro rozmistovani diskrétnich soutastek na PCB
deskdch nebo pro nalezeni polateniho rozmisténi funkénich blokti VLSI &ipu.
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Z pedagogického hlediska jde o velmi nédzornou metodu, ktera byla podrobné zkoumana
v rimci diplomové price D-4.

Moderni metodiky rozmistovani jsou vesmé&s zaloZeny na sofistikovanych iterativnich
heuristickych metodich n&kdy v kombinaci s genetickymi algoritmy [Drec98], [Mazu99],
[Alpe96]. Pro rozmistovani standardnich bunék jsou pouZivany algoritmy s permutacnim
zak6dovéanim, podobné jako pii feSeni uloh obchodniho cestujiciho (TSP). V piipadé alokace
funk&nich blokd je pouZivéno sofistikované zakddovani podle sloZitosti zvolenych cili.
V navrhovém systému SAGA [Mazu99] je pouzito bindrniho grafu uréujiciho absolutni pozici
pevnych bloki.

Kritériem je minimalizace €ipu s garantovanym propojenim. Systém SAGA je kombinaci
genetického algoritmu a simulovaného Zihéni. SA algoritmus fidi velikost populace GA a
Getnost mutace bshem evoluéni epochy. Komplexngj§i navrhovy systém EXPLORER
umoziuje fyzicky navrh ipu s flexibilnim tvarem funkénich bloki (floorplaning) [Drec98] se
tyfmi optimaliza¢nimi kritérii zahrnujicimi plochu &ipu, jeho pomérovy koeficient tvaru,
maximalni zpozd&ni propojovacich cest a nahudténi spoji. Reseni je zakédovano pomoci
stromové struktury fezti (slicing tree) specifikujicich rozvrZeni funkénich bloki, jejich
implementaci, orientaci a kritické zpoZd&ni siti (spojti).

4.1.1 Heuristicka metoda limitovanych fezi

V &lanku A-1 je popsana originalni heuristickd metoda rozmistovani obvodovych uzlt do
pravidelnych pozic, kterd je zamétena zejmena na platformu desek s plosnymi spoji (PCB) a
hradlové pole dle obr. 5a. Pro tento styl lze rozmist'ovaci problém formalizovat nasledovné:
Je zadén hypergraf H=(V,E) reprezentujici obvod s n=|V] uzly a m=|E| hranami odpovidajic
signalovym sitim a pozi¢ni reguldmi graf G=(P,D) reprezentujici p= |P| pozic ad = |D|
hran s jednotkovou délkou spojujici sousedni pozice. Cilem je nalezeni jednoznacného
zobrazen( f, : V—P které minimalizuje ti¢elovou funke, jez je koncipovana tak, Ze umoziuje
nejen minimalizaci celkové délky spojii, ale soucasné rovnomérné rozloZeni spoji. Metoda
vyuziva koncept dynamicky generované posloupnosti kanonickych fezt, pfiCemz hodnota
kanonickych fezii (podet spojit v fezu) je limitovana zdola. MinimalizaCni proces se zastavi,
pokud horizontilni fezy dosdhnou hranice L, a vertikalni fezy hranice L,. Nastaveni téchto
parametri vyrazné ovliviiuje optimaliza¢ni proces. Pfi pfili§ nizké hodnoté se algoritmus
méni na standardni algoritmus minimélnich fezd, ktery minimalizuje pouze sumérni délku
spoji. Pfi nastaveni obou parametrii na hodnoty vy3si neZ je stfedni hodnota horizontélnich
respektive vertikalnich fezt algoritmus produkuje rozmisténi sice s rovnomérnym rozloZenim
spojil, ale sumarni délka spojli nardsta.

DosaZené experimentalni vysledky potvrzuji teoretické predpoklady, pokud jsou hodnoty
limitfi na trovni 80-ti aZ 90-ti procent stfedni hodnoty fezii pocateCniho rozmisténi. Problém
volby hodnot limith je feSen v diplomové prici D-10. Uloha experta je zde nahrazena
posloupnosti ndkolika optimalizaénich b&hi (s testovaci rutinou) pro postupné snizované
hodnoty limiti. Pfednosti nové heuristické metody je mald Sasové sloZitost, nelze vSak
zaruCit dosaZeni globalniho optima.

4.1.2 Paralelni klasicky geneticky algoritmus

Cléf}ek A-2, navazujici na diiv&jsi praci autora B-5 a B-6, je experimentalni studii vyuziti
Klasického genetického algoritmu pro feSeni rozmistovaciho problému pro platformu PCB a
hradlovych poli. Pro zlep3eni konvergence evoluéniho procesu byl algoritmus obohacen o
dva fenomény — fenomén hybridizace a paralelizace.
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Utelova funkce je standardni - miniméalni sumarni délky spojii. Délka spojti se aproximuje
minimélnim poloobvodem MSP (Minimal Semi-Perimeter - polovina obvodu minimélniho
obdélnika obepinajiciho obvodové uzly spoje). Tato aproximace se hojn€ pouziva, protoze je
dostateCné pfesnd a vypocetni sloZitost je podstatné nizsi, nez v piipadé pouZiti minimdlni
kostry MST (Minimal Spanning Tree).

Paralelizace byla realizovana na platformé transputeru T800 a T9000 s kruhovou topologii
procesorit (ring topology), umozZiujici soucasny b&h aZ osmi procesit — izolovanych
genetickych algoritmfi se vzdjemnou kooperaci pouze na bazi migraéniho operétoru.
Hybridizace genetického algoritmu byla realizovana pfidanim rychlé heuristiky zaloZené na
parovych zaménach pozic obvodovych uzld, kterd je aktivovana s nastavitelnou Cetnosti a
intenzitou.

V ¢lanku jsou prezentovany experimenty testujici citlivost FeSeni na fidicich parametrech
hybridniho algoritmu zahrnujicich Eetnost migrace, Cetnost mutace, &etnost a intenzitu
piidavné heuristiky a vliv po¢tu procest. Se zvySujicim se potem procesi/subpopulaci roste
rychlost konvergence algoritmu, ale také reZijni ¢as komunikace mezi procesy. Byl potvrzen
piedpoklad o nutnosti udrZzovani dostate¢né irovné izolace vyvoje jednotlivych subpopulaci-
migrace byla aktivovéna v optimalnim pfipadeé jedenkrat za epochu trvajici 50 generaci.

Prokéazalo se také, Ze pouziti rychlé heuristiky vyrazné prispélo k nalezeni kvalitnéj$iho
feSeni. Nutno vSak dodat, Ze pouZiti pfidavné heuristiky mlze zplisobit uvaznuti
optimalizaéniho procesu v lokalnim optimu. Vliv mutace byl v souladu s o¢ekavanim, i kdyz
byly nalezeny dva oddélené intervaly optimalnich hodnot etnosti mutace. Pro dynamické
nastavovani Cetnosti mutace byl také testovan fuzzy fidici modul navrzeny systémem FIDE
[Fide92], D-17.

Nutnost nastavovani velkého podtu parametrii a vybéru vhodnych typl genetickych operatort
je velkou nevyhodou tohoto typu klasickych genetickych algoritmf. Jak bylo feleno
v kap. 3.3.1 principidlnim feSenim t&chto problémi je pouziti EDA algoritm. V ndsledujicich
kapitolach jsou prezentovany Bayesovské evoludni algoritmy navrzené pro tlohy
dekompozice.

4.2 Bayesovské algoritmy v tiloze dekompozice hypergrafii

Dekompozice systémti, napf. telekomunikadnich systémt, databazovych systémfi a VLSI
obvodt, patii k astym tilohdm &lenéni rozsahlych systémi na mensi celky. Jde o systémy
charakterizované mnoZinou entit a vicetlennymi relacemi mezi nimi. Takové systémy lze
reprezentovat hypergrafy a problém ¢lenéni lze prevést na ¢lenéni hypergrafil.

Zékladni tilohu &lené&ni hypergrafu lze formalizovat nasledovné: Je dan hypergraf H=(V,E) s
n=|V| uzly a m=|E| hyperhranami, d4le jen hranami. Cilem je nalezeni &len&ni mnoZiny uzld
V do disjunktnich podmnoZin (modultt) VI, V2 (V=VIUV2), které minimalizuje podet
extern_ich hran (20) pfi spln&ni omezujici podminky na mohutnost obou podmnozin (21).
MnoZina externich hran je oznalena E.,, (VI,V2) a jejich pocet C.

Ucelové/cenova funkce (metrika) C; je definovéna vztahem:
$ omezujici podminkou

(I-0)n/2<|V)|, |Vo| < (I+an/2, ae(0,1) (21)




Balanéni koeficient a uréuje charakter dekompozice. V piipadé, Ze koeficient ma nulovou
hodnotu, jde o bisekei/piileni (bisection) produkujici subgrafy/moduly se stejnym poctem
uzlf, viz obr. 6a, nebo &lenéni s nenulovym koeficientem, viz obr. 6b. Je ziejmé, Ze nenulovy
balanéni koeficient poskytuje &lenéni s mensi hodnotou fezu.

Jinou formou vyjadfeni rozdilné velikosti podgrafi je prosty rozdil jejich velikosti
C=11 ;1 -1 72l Pro realizaci dekompozice hypergrafu na k &asti je moZné pouzit dva
piistupy. Rekurzivni pfistup je zaloZen na opakované dekompozici vznikajicich
modult/subgrafii na dvé &asti. Nerekurzivni pfistup pfedpoklada konstrukci pogateéniho
rozdéleni hypergrafu na k &asti, které je iterativné je vylepSovano.

Rekurzivni algoritmy se pouZivaji Castéji. Ucelova funkce je definovéana vztahem
Cr(ViVaro Vi )= | Eeww Vi, Varoow Vi)l =lfe€ E 131, ], i #j enlV; # 3, enVy = 2| (22)
s omezujici podminkou
(I-a) Wk<|VI< (1+a) Wk ae(0 1), i,j=1 ..k (23)

Obr.6 Ptiklad dekompozice hypergrafu a) pileni (s nulovym balanénim koeficientem) a=0,
C;=2, b) ¢lenéni na dv¢& nestejné Casti, a=1/4, C;=1

Z hlediska rychlosti dekompozice je nejvyhodnéjsi pouZzit bisekci. Tento piistup vSak
neumoZiiuje detekovat pfirozené shluky v hypergrafu. ReSenim je zavedeni sloZené ucelové
funkce

Rc = C]/FR (V;, Vg joiny Vk), (24)

kde C; je pocet externich hran, jmenovatel je funkei velikosti moduldi ¥; az V. Jednou z
moZnosti je pouzit soutinovou funkei Fg (¥, Vz,..., Vi) =| Vil * [Val%..,* | V4 . Dalsi varianty
R. jsou uvedeny v Elanku [Alpe95].

Ulohu dekompozice hypergrafu lze také ilustrovat v kontextu dekompozice obvodu napf.
takto: je dan obvod O = (B, S), kde B={b;, b;..,b,} je mnoZina obvodovych uzld,
S ={s1, 53...,5»} je mnoZina signdlovych siti. Cilem je rozdélit obvod O do k moduli
{M:, M;,...,M;) podle zvoleného kritéria. Kromé kritéria C; reprezentujici pocet externich
signélovych siti Ize pouZit dalsi dvé kritéria — celkovy podet vyvodi moduld P. a celkovy
podet spojek ., které bez redundance propoji obvodové uzly jednotlivych siti. Pocet vyvodi
P. lze vyjadtit vztahem:

Pe= 3 |{i| 0<|snM| <|s|}|, i=L... k (25)
ses
We= % (|{i] 0<|snM)| <|s|}-1), i=1..k (26)

seS. .




Mezi uvedenymi uelovymi funkcemi plati vztah:
P.= W.+C; 27

Na obr. 7 je ptiklad dekompozice obvodu s deviti obvodovymi uzly a deseti sitémi na tii
gasti. K externim sitim patfi podmnoZina siti {s;, s2, 53/, poCet externich spoji C; = 3, pocet
vyvodi P, =7, poCet spojek W, = 4.

Obr. 7 Dekompozice obvodu do t¥f moduli se zobrazenim vyvodi a spojek externich siti

V piipadg, Ze obvod obsahuje pouze dvouclenné spoje plati:
C;=W, anasledné P. =2 W, (28)

Existujf i dal$§{ metriky (napt. koeficient hustoty shlukii, koeficient absorpce siti ve shlucich
apod.), které jsou pouZivany k vyhledavani shlukti v hypergrafu/obvodu v ptipadg, kdy & je
velké vzhledem k velikosti hypergafu/obvodu. Dekompozice hypergrafu (obvodid) se
specifikovanym koeficientem balance je NP-lplnym problémem. Proto jsou pro feSeni této
tlohy velmi &asto pouZivané &etné heuristiky zaloZené na F-M algoritmu (Fiduccia-
Matheyses) [Fidu82], ktery ma ¢asovou sloZitost O(n logn).

4.2.1 Srovnani eveluénich algoritm i SGA, BMDA a BOA

V &lanku A-3 jsou prezentovéany vysledky ziskané tfemi variantami klasického genetického
algoritmu a dvéma verzemi EDA algoritmi na tiloze &lenéni hypergrafii na dve a Etyfi Casti.
(bisekce a kvadrisekce). Prvni dvé varianty klasického genetického algoritmu SGA a SGAN
vychézeji z verze publikované v &lanku B-5. Tieti varianta SGAH obsahuje navic rychlou
heuristickou proceduru publikovanou v &lanku A-2. Byla pouzita Gi¢elova funkce We, ktera je
V Clanku reprezentovéna symbolem L (tedy L= W ).

B_yly navrzeny a implementovany dva algoritmy EDA: a) BMDA (Bivariate marginal
d1st_ribution algorithm) na zakladé publikovaného &lanku v [Pel98a], b) BOA (Bayesian
Optimization algorithm) na zdkladé zékladni programové verze publikované v [Pel99a],
[Pel99c]. BMDA algoritmus pracuje s jednodusSim pravdépodobnostnim modelem,
Ieprezentovany lesem, ktery umoZfiuje detekovat pouze podvojné zavislosti mezi
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proménnymi. Piivodni BMDA algoritmus [Pel98a] byl modifikovan tak, aby mohl pracovat
nad konenou abecedou, coZ umoznilo realizovat nerekurzivni ¢lenéni hypergrafu na vice
Sasti (k-way partitioning). Byla pouzita modifikace piivodni metriky, vyuZivajici Pearsonovu
(chi-kvadrat) statistiku a pro srovnani modifikovana K2 metrika tak, aby umozilovaly detekei
zavislosti mezi dvojicemi proménnych i v pfipadé pouZiti celoiselné abecedy.

Pavodni algoritmus BOA [Pel99a] umoziioval fesit jednoduché umélé problémy nad binarni
abecedou pro omezeny podet prom&nnych. Nové navrZend koncepce ma stavebnicovou
strukturu a umoZiiuje explicitni specifikaci FeSeného problému na trovni fenotypu a
globalnich dat. Pro ohodnoceni kvality konstruované Bayesovské sité byla pouzita metrika
K2, kterou lze odvodit jednoduchou tpravou z metriky BD (uvedeno napt. v A-4).

Byly realizovény t¥i typy experimenti pro zjisténi celkového poctu evaluaci (a tedy rychlosti
konvergence) pro nalezeni pfedem znidmého globélniho optima:

1. Srovnani BMDA a BOA algoritmu s riiznym stupném sloZitosti pravdépodobnostniho
modelu BOA (pro k=1 aZ k=5, v tomto kontextu ma k vyznam maximalniho poctu
vstupnich hran uzlu Bayesovské sité). Minimalni velikost populace a minimdlni poget
evaluaci vyZadoval algoritmus BOA pro sloZitost modelu £=3. Potvrdil se pfedpoklad,
e sloZitost modelu ma byt v relaci se sloZitosti feSeného problému.

2. Srovnéani algoritmi BMDA, BOA (k=3), SGA a SGAH. Minimaélni pocet evaluaci
potieboval algoritmus BOA.

-

3. Srovnani BMDA, SGAN a SGAH pro nerekurzivni dekompozice na dva, Ctyfi a Sest
moduld. Minimalni podet evaluaci vyZadoval SGAH algoritmus, druhé nejlepsi
vysledky produkoval BMDA algoritmus.

Z experimentd je zfejmé, Ze v uloze bisekce hypergrafii poskytuje algoritmus BOA nejlepsi
vysledky snejniz§im podtem evaluaci (Casovou sloZitosti). Nerekurzivni  dekompozice
hypergrafu na kmoduld je obtiZnou tulohou pro v3echny testované algoritmy, nejmensi
tasovou sloZitost dosahuje SGAH algoritmus nasledovan BMDA algoritmem.

V publikaci [Mazu99] je provedeno srovnidni U&innosti F-M algoritmu s klasickym
genetickym algoritmem a hybridnim genetickym algoritmem na zndmych testovacich ulohach
dekompozice &islicovych obvodil. Pro vétsinu dloh produkuji oba genetické algoritmy
kvalitngj§i feseni neZ F-M algoritmus, nutno viak dodat, Ze s vét§i vypoletni dobou. V
piipadé &lenéni s definovanym balanénim koeficientem je rozdil vysledki jesté vyrazn&jsi v
neprospéch F-M algoritmu.

4.2.2 Algoritmus KBOA vyuZivajici apriorni informaci

V &lanku A-4 je popsana origindlni aplikace vyuZivajici pii konstrukei sité B dodatecnych
znalosti o fefeném problému, tzv. apriorni informaci, viz vztah (15). V&si apriorni
pravd&podobnost ma sit, ktera reflektuje znalost experta. Podle Heckermana [Heck95] lze
apriorni pravd&podobnost sit¢ vyjadfit vztahem:

p(B)=cx?, (29)

kde ¢ je normalizatni konstanta, xe(0,1] je penalizani koeficient a ¢ je symetrickd
diference mezi siti B a apriorni siti specifikované expertem. V naSem piipad€ se vychazi
z pozadavku podobnosti Bayesovske sité B a struktury hypergrafu (¥, E), jehoz dekompozice
je cilem optimaliza&niho procesu. JestliZe existuje hrana mezi uzly hypergrafu a tedy existuje
zavislost mezi ob&ma uzly, lze predpoklddat, Ze by méla existovat také hrana mezi
pislugnymi uzly Bayesovské sité. Pii porovnavani dvou variant Bayesovské sité B lze tedy




vyuzit informaci o po¢tu neparovych hran vaci &lenénému hypergrafu. Preferuje se sit’ B
s minimalnim po&tem nepéarovych hran. P¥i konstrukei sité B postupnym pfiddvanim jedné
hrany plati volba &= 0, pokud se pfidana hrana (plnd &ara) vyskytuje i v hypergrafu.
V opaéném piipadé (Sarkovana hrana) je pouZito nastaveni S = 1 (viz obr. 8a).

hypergraf B sit’
a) b)

Obr. 8 Uplatnéni apriorni informace a) pro sit’ B, b) pro pocatecni populaci D(0)

Byl realizovén také dalsi experiment s vyuZitim apriorni informace o struktufe hypergrafu.
V hypergrafu byly vyhledany shluky uzli (vyznacené $edym odstinem v obr. 8b) zvolené
velikosti, které byly injektovany do po&atecni populace feSeni. Timto postupem se vyznamneé
ovlivnila po&atedni struktura sitd B. Optimélni velikost shlukt &inila 5-10% z celkového poctu
uzlt hypergrafu. Pouziti obou typll apriornich informaci vedlo ke zrychleni konvergence
feSeni.

4.2.3 BOA algoritmus pro rozmist’ovani

Techniku dekompozice hypergrafu lze také pouZit pro FeSeni rozmistovaciho problému.
V &lanku A-5 je popsdn rozmistovaci algoritmus pro PCB platformu (popiipadé pro
standardni butiky), zaloZeny na hierarchickém rekurzivnim algoritmu bisekce hypergrafu. Ve
srovnani s klasickym GA pracujici s permutaénim zakédovanim feSeni poskytuje
rozmistovaci algoritmus BOA kvalitn&jsi feSeni.

Je zajimavé, Ze v pripadé dvou grafii (1C67, IC151) algoritmus FORCE pracujici se silovym
modelem [Breu82] produkuje kvalitnéjsi feSeni nez BOA. P¥{¢inou je pravdépodobné pouZzity
typ dekompozice s nulovym balan¢nim koeficientem — bisekce. ReSenim je pouZiti ¢lenéni
s nenulovou hodnotou balan¢niho koeficientu. BOA algoritmus tohoto typu je popsan v
¢lancich A-8, A-9 (viz kap.4.2.6).

4.2.4 Multikriteriilni BOA algoritmus pro dekompozici hypergrafi

V ptedchozich uvedenych ¢lancich bylo vzdy pouzito jediné kriterium optimality
dekompozice hypergrafti (minimalizace spoji v fezu - hodnoty fezu). V ¢&lanku B-12 byl
poprvé publikovan BOA algoritmus pro multikriterialni optimalizaci, ktery byl testovan na
znamé uloze batohu (knapsack problem).

Vysledky ziskané v ¢lanku B-12 byl pro autora inspiraci pro navrh bi-kriteridlniho BOA
algoritmu pro &lenéni hypergrafi, ktery je popsan v &lanku A-6. Jednim kriteriem je
minimalni hodnota fezu, druhym je rozdil velikosti (balance) obou &asti hypergrafu. Pro
detekei a ohodnoceni nedominantnich a dominantnich fedeni byl pouZita metoda publikovana
V praci [Zitz99].
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Clanek A-6 je obsahlou studii, ktera porovnava G&tyfi navr¥ené varianty BOA algoritmu:

® Algoritmus Pareto- BOA s vektorovou tucelovou funkci,
e Algoritmus WSO1 BOA se skalarizovanou tcelovou funkei 1.typu,
e Algoritmus WSO2 BOA se skalarizovanou ti¢elovou funkei 2.typu,

® Algoritmus SOP BOA s jednoduchou tcelovou funkeci, reprezentujici prvni kritérium.
Druhé kritérium je transformovano do omezujici podminky. '

Z vysledki feSeni je zfejmé, Ze WSO BOA (weighted sum optimization BOA) algoritmy
maji nizkou vypoCetni sloZitost, ale jsou velmi citlivé na pouZité hodnoty vahovych
koeficientt: a typ €lenénych grafii. Algoritmus SOP (simple optimization process) produkuje
feSeni na jednom okraji Paretovské hranice, coZz odrazi vliv omezujici podminky. Testy
prokéazaly, Ze navrzeny multikriteridlni algoritmus Pareto-BOA produkuje kvalitni feeni
rovnomeme rozloZena v Paretovské hranici. Na zékladé znalosti &i rozhodnuti experta lze po
skonleni optimalizace vybrat feSeni s nizkou hodnotou fezu a v&t$i hodnotou balance nebo
s v&tsi hodnotou fezu a malou hodnotou balance.

4.2.5 Teorie a praxe multikritérialnich BOA algoritmi

ZkuSenosti publikované v pfedchozich dvou Clancich A-6 a B-12 byly pro autora inspiraci
pro systematické zpracovini problematiky multikriteridlni optimalizace kombinatorickych
problémi v Clanku A-7. Jsou zde popsany Easto pouZivané metody multikriteridlni
optimalizace, které nejsou zaloZeny na koncepci Pareto-optimality a je specifikovéna
propracovan¢j8i verze algoritmu Pareto-BOA. Jsou uvedeny zékladni pravd&podobnostni
modely pouZivané v algoritmech EDA a prezentovédna Bayesovsk4 statistika pracujici nad
fragmentem populace feSeni a fragmentem Bayesovskeé sité pro stanoveni hodnot podminé&né
pravdépodobnosti (polozky CPT tabulky) pro jeden uzel Bayesovské sité&.

Algoritmus Pareto-BOA je testovan na tfech bi-kriteridlnich kombinatorickych tlohéch:

1. Teoretické tiloze Onemax/Xor se zndmym globalnim extrémem, kdy jednim kritériem
Je pocet jedni¢ek v bindrnim fetdzci a druhym pocet dvojic sousednich znaki/bith
sriznou hodnotou. Pareto-BOA algoritmus nalezl vSechna existujici FeSeni
Paretovské hranice (fronty), komparaéni algoritmus [Horn94] nenalezl fedeni na
jednom jejim okraji. Vysledky jsou doplnény grafem zavislosti pokryti pfedem
zndmé Pareto hranice na velikosti populace.

2. Uloze &len&ni redlnych Cislicovych obvodi. Jde o pozménénou variantou twlohy
publikované v ¢lanku A-6. Vysledné Pareto hranice byly konstruovany agregaci
lokédlnich hranic zfskanych v opakovanych nezavislych optimalizatnich b&zich.
Zvysledkl je evidentni, Ze Pareto-BOA algoritmus umoZfiuje generovat bohatsi
sortiment feSeni neZz WSO algoritmy se skalarizovanou uéelovou funkc.

3. Uloze batohu, kterd navazuje na vysledky publikované v B-12. Byl analyzovin vliv
velikosti populace a nalezena velikost populace pii které Pareto-BOA algoritmus
produkuje Paretovskou hranici pln& pokryvajici Paretovskou hranici produkovanou
algoritmy [Horn94] a [Zitz99] a navic poskytuje dalsi feseni na jejich okrajich.

N‘;la Obr. 9 je ukdzka formovan{ Paretovské hranice bi-kriteri4lni tlohy batohu publikované
8:12 v riznych fazich evolugniho procesu.
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Jde o maximalizaéni bi-kriteridlni problém, zvySeni poétu kriterii lze v3ak snadno
implementovat.
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Obr. 9 Ukéazka rozloZeni feeni tlohy batohu po pfislu§ném pod&tu generaci a) g=1, b) g=25,
¢) g=50, d)g=100.

Otevienym problémem zfistdva asova sloZitost rozséhlejsich tloh. Resenim je paralelizace
nejen konstrukce Bayesovské sité, ale i paralelizace detekce feSeni Paretovské hranice.

4.2.6 MBOA dekompozi¢ni algoritmus s pomérovym Fezem

Jistou nevyhodou optimalizadnich Paretovskych metod je jejich algoritmickd a vypocetni
sloZitost. Je vzdy na zvaZeni experta, zda zvolf tuto metodu nebo zjednodusené metodiky
(skalarizaci welové funkce, prioritni sekvence udelovych funkci apod.).Ve vybranych
aplikacich je moZné a G&elné agregovat dvé, popiipads vice kriterif do jedné tgelové funkee.
To je i ptipad stale aktualni ulohy hierarchické dekompozice rozsahlych obvodovych struktur
respektujici pfirozené shluky obvodovych uzl@. Lze vyzvednout dva stejné vyznamné
PoZadavky - nalezeni subgraft/modul@ s minimalni interakci (hodnotou fezll) a minimalnim
balannim koeficientem reflektujici rozdilnou velikost modulfi. ReSenim je zavedeni sloZené
UCelové funkce R, (ratio-cut partitioning), definované podilem hodnoty minimalnich fezi a
Soucinu velikosti modult, viz kap. 4.2.

VétSinou pouZivané heuristické metody zaloZené na lokalnich rekonfiguracich [Weic91]
H€Zarucuji nalezeni optimalntho feSeni. Piizniv&jsi vysledky produkuji klasické genetické
algoritmy, kters viak, jak uz bylo fe€eno vyse, vyZaduji specifikaci genetickych operitorti a
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kvalitni nastaveni fdicich parametrd. Tento stav véci byl pro autora inspiraci pro ndvrh
specializovaného MBOA algoritmu. V ¢lanku A-8 jsou presentovény tfi varianty algoritmu:

1. Rekurzivni algoritmus RRC, ktery realizuje hierarchickou dekompozici graf
s vyuzitim opakovaného &lenéni na dvé ¢asti minimalizujici u¢elovou funkci R,

2. Nerekurzivni algoritmus MRC, ktery realizuje (paralelni) dekompozici grafu na
zvoleny podet modull, minimalizujici hodnotu R, v jenom optimalizaénim b&hu,

3. Rekurzivni algoritmus RB, kiery se od RRC algoritmu li8i tim, Ze pouZivd pro
dekompozici bisekci, tedy plileni grafit. Tato omezujici podminka je implementovana
na urovni genotypu populace feSeni.

Byly pouZity &tyfi skupiny testovacich grafii. Reguldrni grafy riizné velikosti a sloZitosti: graf
typu housenka, nahodné& generovany graf s pfedem definovanym stupném uzli grafu a dva
realné grafy reprezentujici &islicové obvody (ndhodna logika). V piipadé regulérnich grafi a
grafu typu housenka, Sasto pouZivanych jako obtiZné testovaci tlohy, bylo globalni optimum
znamo. Tabelované vysledky dokladaji, Ze oba algoritmy RRC a MRC produkuji feSeni
srovnatelné kvality a oba nalezly globalni optimum pro regularni grafy a graf typu housenka.
Nevyhodou MRC algoritmu je jeho velkd Casovd sloZitost, vi€i RRC algoritmu az
desetinasobna. Algoritmus RB produkoval podstatné horsi vysledky vi€i RRC i MRC,
protoZe pouZiti bisekce omezuje detekci pfirozenych shiukii grafovych struktur. Je vsak
vhodné poznamenat, Ze v pfipadé grafi s maly podilem vyznamnych shlukii mohou v3echny
zmin&né algoritmy poskytnout srovnatelna feSeni.

RRC a RB algoritmy pracuji s bindrnim zakédovanim feSeni, MRC algoritmus pracuje
s fetézci nad celymi &isly. To vyZadovalo vyraznou modifikaci ptivodniho BOA algoritmu
pracujiciho nad binarnimi fetézci na pokroéilejsi verzi MBOA, kterd také akceptuje fetézce s
celotiselnou abecedou.

Pro konstrukei grafové struktury pravdépodobnostniho modelu byl pouZit koncept bindrnich
rozhodovacich grafi (BDD), které reprezentuji (ne)zavislosti proménnych a podminé€né
pravdépodobnosti tispornéji, viz obr. 10. CPT tabulka pro i-tou proménnou Bayesovské sit€
obsahuje v pfipadé krodiGoyskych proménnych ¥ parametrii pro stanoveni podminéné
pravdépodobnosti p|X; | IT Xj pti¢emz k =|I1y, [. BDD koduje pravdépodobnostni model
Usporngji a pritom detailn&ji — umoZiluje reprezentovat nezdvislost proménnych pro
konkrétni kontext/instance. Na obr.10 je hvézdi¢kou vyznacena nezévislost proménné X na
proménné X pro konkrétni instanci proménné Xy=1.

Pro kazdou proménnou je konstruovan jeden BDD graf, jehoZ listy specifikuji podminéné
pravdépodobnosti této proménné. BD metrika pro BDD graf je publikovana v ¢lanku
[Pel00a].

V algoritmu MBOA je konstrukce BDD stromu fizena inkrementalni metrikou

N s Lo+ D) | Clm, g +1
[re{O,l}se%),]}(m ’ ’ )Jrel{—{JJ:,I}sel{g,l} (m s )

ERERSD ERER)

POlﬁ_)iky m,s vyjadfuji podet vyskytd jedinci v piislusné subpopulaci pro které plati X;=r
() je prom&nna/uzel rozkladu BDD grafu), X;=s (X je cilova proménna rozkladu BDD). Pro
Omezeni sloZitosti BDD grafli je pouZita penalizaini funkce, jejiZz argumentem je podet listh
BDD grafu, Uvedeny vztah (30) je soulasné korekturou vztahu uvedeného v ¢lancich

(30)
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A-8 a A-9, kde doslo nedopatienim k &4stedné zdméng operétorti nasobeni za operatory
sumace. V provadénych experimentech byla pouZita bezchybn4 metrika, takZe vysledky jsou
platné.

Xo
0 1

) ) © T p(Xi[1%)=02

p(X,|00)=0.8 p(X,/01)=0.3
CPT, CPT;
Xo Xz D(X1=1/£Q:X2) XO XZ p(X]= 1/ XO:XZ)
0 o0 0.8 0 0 0.8
0 1 0.3 0 1 0.3
1 0 0.2 1 * 0.2
11 0.2
a) b)

Obr. 10 Zakédovani pravdépodobnostniho rozloZeni p(X)=p(X; | Xy,X2) PXo) p(X3) a
piislusné CPT tabulky: a) Bayesovska sit, b) BDD graf.

V MBOA algoritmu je pouzit zobecnény BDD model umoZiiujici pracovat s hybridnim
genotypem fetézcl zahrnujici bindrni, celodiselné i spojité parametry — bliz8i popis je
v publikaci B-16 a B-14.

4.2.7 MBOA dekompozi¢ni algoritmus s volitelnou metrikou

Vilanku A-9 je detailngji propracovédna problematika volby typu kritérii optimality
dekompozice hypergrafu, coZ je vyznamné hlavng v kontextu &lenéni Cislicovych obvodd.
Aktudlnost pouZiti kritérii C, (zde C.=C)), W,, P, zavisi na kontextu Fefeného problému - zda
jde o dekompozici obvodu pro vicevrstvé propojovani, minimalizaci prumérného zpozdéni
sit€ nebo minimalizaci podtu siti mezi subgrafy/moduly pro Glely snadné testovatelnosti. Na
obr.11 je ukézka dvou piipadti dekompozice obvodu se stejnou hodnotou metriky P,

- varianta mé pouze 3 externi sit, ale délka propojeni je rovna hodnoté W, = 12 . B-varianta
ma 7 externich siti, ale délka propojent je dina hodnotou ¥,=8. B-varianta je tedy vyhodné&jsi
v kontextu délky spojti nebo primérmého zpozdéni sité.

5 o 'E = = A-varianta
P. =15
52 {H N, O | c, =3
§3 (i, {1 . O ‘l‘_‘| We =12
I I O I B O
M; Mz Mj MJ M5
T ] ] ] 1
LYl E} ] () m! Sg o P‘- = 15
s; |3 & sy C. =17
G {
§3 | O 0 m! 0 W,=8
(I O .
| RN L1057 L] B-varianta

Obr. 11 Ukazky odlisné dekompozice obvodu se stejnou hodnotou metriky P,
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Otevienou otazkou zfistava jak ovlivni vybér dekompoziéniho kritéria hodnoty zbyvajicich
dvou metrik. Byly testovany dva rekurzivni algoritmy — ARC (shodny s RRC v &lanku A-8) a
AMB (shodny s RB v ¢&lanku A-8) na dvou vybranych obvodovych strukturach ze souboru
pouzivanych testovacich tloh stfedni sloZitosti [Benc98].

Byly realizovany 3 typy experimenti:

1. Dekompozice obvodové struktury byla realizovana podle vSech tfi minimalizaénich
kritérii a pro kazdé z nich byly vyhodnoceny dosaZené hodnoty metrik C,, We, Pe.
Z vysledki napf. vyplyvé, Ze v pfipadé obvodu IC67 pro dosaZeni co nejmensi
hodnoty W, je moZné pouzit minimalizalni kritérium W, nebo P, , kritérium C, dava
horsi vysledky. Pro dosaZeni co nejmensi hodnoty P. plati tentyZ zavér. V pfipadé
dekompozice obvodu IC116 je pouZiti jednotlivych kritérii pfiblizn€ stejn€ vyhodné.
Souvisi to se strukturou obvodu - sloZitost/délka jednotlivych siti se piili§ nelidi.
V piipadg, Ze obvod obsahuje pouze dvoubodové sitg, je vysledek dekompozice stejny
pro kazdé uvedené kritérium. Pro zobecnéni ziskanych vysledkt je nutny Sifsi
sortiment testovacich tloh se specifikovanym rozloZenim shluki.

2. Srovnani algoritmi ARC a AMB pro stejné minimalizatni kritérium. Podle
predpokladi algoritmus AMB pouZivajici striktn€ bisekci produkuje horsi vysledky.

3. Srovnani stiedni doby zpoZdéni sit&/signalu pro oba pouZité algoritmy. Z vysledku je
evidentni, Ze nejkratsi zpoZdéni je dosaZeno pii pouZiti minimaliza¢niho kritéria W, a
algoritmu ARC,

Lze konstatovat, Z¢ minimaliza&ni kritérium W, je univerzalngjsi a je vhodné jej pouZit pfi
minimalizaci primérného zpoZdéni vsiti a pii dekompozici obvodu do subobvodi
realizovanych  vicevrstvou technologii. Hodnotu W, lze tak interpretovat jako pocet
prichozich otvort. Pro realizaci experimentii byl pouzit MBOA algoritmus popsany v €lanku
A-8 sBDD pravdépodobnostnim modelem a byla navrZena koncepce paralelizace
konstruovani BDD stromd.

V &lanku A-9 je také prezentovana idea vyuziti BDD grafu s BD metrikou nejen jako
pravdépodobnostniho modelu MBOA algoritmu, ale také pro konstrukci BDD grafa pro
reprezentaci jedno a vice-vystupovych booleovskych funkei. Vychazi se z analogie pouzitych
datovych struktur. V piipadé booleovské funkce je populaci pravdivostni tabulka funkce a
rozklad se realizuje v jednom b&hu vi&i hodnotam vystupni funkce.

Dosud pouZivané heuristiky a klasické genetické algoritmy pro konstrukci BDD pro
reprezentaci logickych funkci jsou orientovany zejména na klicovy problém urCeni pofadi
proménnych pro rozklad booleovské funkce s vyuZitim Shannonova teorému [Sasa96].
Autorem prezentovany algoritmus je dvoufizovy. V prvé fazi je konstruovan binarni
rozhodovaci strom (BDT) s implicitnim pofadim promé&nnych podle BD metriky. Ve druhé
fizi je BDT minimalizovan rychlou heuristikou na zékladé dvou redukcnich pravidel:
;% redukce uzld se stejnym naslednikem a 2) sdilenim vSech ekvivalentnich subgrafii
asa%6].

Navrzeny algoritmus byl testovin na &asto pouzivané funkci multiplexoru az 20ti
proménnych — bylo vZdy dosaZeno globalniho optima. Nevyhodou pouZité metody je nutnost
specifikace funkce pravdivostni tabulkou. Obecné také nelze zarutit, Ze vysledny BDD
diagram je orientovanym diagramem (OBDD). Re¥eni tohoto problému je piedmétem
dalsiho vyzkumu.
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5 Prehled vyzkumné ¢innosti a ohlasy
Vyzkum je povaZovan za integralni soucast pedagogické Cinnosti. Vyzkumnd Cinnost byla
podporovand v rdmci grantd:

1. Paralelizace Bayesovského evoluéniho algoritmu, UIVT FEI VUT, FR0171/2001/G1,
2001 :

Vyzkum informacnich a fidicich systéma, CEZ MSMT, MSM 262200012, 1999-2003
Vyzkum a aplikace heterogennich systémi, GACR, GA102/98/0552, 1999-2000

Vyvoj flexibilnich &islicovych architektur, GACR, GA102/95/1334, 1995-1997

Modely vypoéti a jejich paralelni implementace, GACR, GA102/94/1096, 1994-1996
Paralelni vypoéty a architektury, FVU VUT, C32/94-95, 1994-1995

Sit’ pro rozvoj pokro¢ilého vzdélavani v informatice, EU Tempus, JEN 0449, 1994-1995
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V diivéj$im obdobi byl vyzkum realizovan v ramci statnich akold:

9, III-2-1/8: Navrh prvkd a podsystémi poéitate pomoci po¢itate, VUT Brno, 1975
10. I1-2-1/5: Pogitagovy navrh logickych systémi, VUT Brno, 1980 .

Vyzkumné ¢innost byla také podpofena fadou diplomovych praci D-1 aZz D-24. Vysledky
nékterych praci se pfimo vyuZivaji ve vyuce - ndvrhovy systém FREG2/M2 (D-17) pro navrh
fuzzy alikaci, GaDesign (D-21) pro ndvrh klasickych genetickych algoritm a DEBOA (B-17)
pro rychlé prototypovani Bayesovskych optimaliza¢nich algoritmi.

Ziskané poznatky byly zaglefiovany do pivodnich pfedmétii Navrhovéani prvkd pocitaci a
Konstrukce poéitadti. V soulasné dob& jsou vyuZivany v novém pfedmétu Aplikované
evolugni algoritmy, poprvé ve $kolnim roce 2001/2002. Dal3i vyuZiti se naskytne v horizontu
dvou let pii vyuce novych pfedméta “Soft Computing” a Pocitatovy ndvrh.

Vybrané citace ¢lanku:

A3

e Larraiiaga, P., Lozano, J., A, editors: Estimation of Distribution Algorithms. Kluwer
Academic Publishers, London 2002, ISBN 0-7923-7466-5

o Pelikan, M., Goldberg, D., E.: Genetic Algorithms, Clustering, and the Breaking of
Symmetry. The 6" International Conference PPSN VI, Paris, France, 2000,
pp. 385-394

e Pelikan, M., Goldberg, D., E., Sastry, K.: Bayesian Optimization Algorithm, Decision
Graphs, and Occam’s Razor, Vyzkumna zprava No. 2000020, geneticka laboratof
university v Illinoa, USA

® Pelikan, M., Sastry, K., Goldberg, D., E.: Evolutionary Algorithms + Graphical
Models = Scalable Black-Box Optimization, IIliGAL Report No. 2001029, University
of Illinois at Urbana-Champaign, Illinois Genetic Algorithms Laboratory, Urbana,
linois, 2001




6 Zavér

Cilem predkladané habilitaéni prace bylo prezentovat novou tfidu evolu¢nich algoritmii
zaloZenych na pravd&podobnostnich modelech, které by odstratiovaly problémy klasickych
teoretické zaklady nového evolugniho paradigmatu a navrZzeny nové varianty Bayesovského
evoluéniho algoritmu umoZiujici fedit sloZité kombinatorické optimalizacni tlohy s jednim a
vice kriterii s vyuzitim apriornich informaci o feSeném problému. Utinnost téchto algoritmi
byla testovana na vybrané skupiné kombinatorickych tiloh dekompozice a alokace systémtl,
které je mozné reprezentovat hypergrafy, popfipadé ohodnocenymi hypergrafy. Obé tlohy
byly feSeny také v kontextu fyzického navrhu &islicovych obvodd, kam nesporné patfi (loha
¢lenéni a rozmistovani. Experimentdlni vysledky potvrzuji schopnost algoritmii BOA,
KBOA, Pareto-BOA a MBOA fesit sloZité nelinearni Glohy a nalézt globalni optimum
znamych testovanych tloh [Benc98], [Merz00], [Buim96].

Je nespornym faktem, Ze vyznam evoluénich algoritmi stile roste, rovnéZ v souvislosti
s prudce se rozvijejici oblasti inteligentnich vypocth (Soft Computing). Evolu¢ni algoritmy
(EA), fuzzy systémy (FS) a neuronové sité¢ (NS) samostatné, ale stile vice ve vzéjemné
kooperaci, se stavaji efektivnim ndstrojem pii feSeni sloZitych problémf z oblasti
informaénich technologii (IT). Klasické vypocetni metody vcetné distribuovanych systémi
asto nestadi v redlném &ase produkovat pfijatelné feSeni pro tento typ tloh. Tato skute¢nost
vedla ke vzniku klasickych kooperaénich dvojic algoritmii: EA/FS pro nastavovéani parametri
fuzzy regulatorti a EA/NS pro nastavovani parametrii a struktury neuronovych siti. Obracena
kooperace FS/EA, vyuZivajici fuzzy reguldtoru pro nastaveni parametrii genetickych
operatorti je stalé vice pouZivana i kdyz vysledky do zna¢né miry zavisi na znalostech
experta. Totdlni kooperace EA/FS/NS principidlné poskytuje velkou vypocetni silu, vyvéZeni
viech komponent viak neni snadné. Jestlize pouZijeme EDA variantu evolu¢niho algoritmu
EA v ngkteré z vySe zminénych kooperacich, ziskdme robustngjsi vypocetni prostfedek a
celkovy podet nastavovanych parametril bude vyznamné redukovan.

Pro rychlé prototypovani aplikaci EA na bazi Bayesovského optimalizaniho algoritmu byl
implementovan vyvojovy systém DEBOA B-17, ktery byl navrzen na zakladé zkuSenosti
prezentovanych v &lancich A-3 a A-4. Jeho aplikaéni moznosti budou dale rozvijeny,
zejména v oblasti multikriterialni optimalizace a paralelniho zpracovani, viz B-14 az B-16.

Otevienym problémem Bayesovskych evolu¢nich algoritmil ziistava feSeni velmi rozsahlych
optimaliza¢nich uloh. Kromé& paralelizace jednotlivych etap BOA algoritmu je moZna
kooperace BOA a SGA algoritmu, coZ by umoznilo vyuzit pfednosti obou algoritmi. Dalsi
moznosti je ndvrh BOA algoritmu, ktery optimalizuje systém produkénich pravidel, nasledné
pouzitych pro vlastni optimalizaéni proces. Dal§im zdmérem autora je navrh kooperujiciho
algoritmu na bazi BOA a PBIL algoritmu (Population Based Incremental Learning
Algorithm). Uveden4 témata budou pfedmétem dalsiho vyzkumu v ramci grantovych projekta
a diplomovych praci.
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THE OPTIMUM PLACEMENT BASED ON A METHOD
OF LIMITED CUIS '

Josef SCHWARZ _
Department of Computer Science, Electrotechnical

 Faculty, Technical University in Brno, BoZetéchova 2
612 66 Brno, Czechoslovakia -~ - -~ ’

Abstract. The paper deals with an optimum placement of integrated circuits to discrete locations
of printed circuit board with a goal to simplify the following routing phase. A method of limited
cuts is suggested which results in optimization of wire density distribution as well as in
minimization of the total wire length. : :

OnTAME3ANEA pa3MelleHAd HHTEIPAILHBIX CXeM H2 medaTROH mnaTe
_Ha OCHOBE MeTOd NEMHTHLIX CeveHEH '

ﬁ- lﬂnapu PR -‘. . ‘ .

e 1

TR

PestoMe. B craThe ONHCBIBAETCS METO[ ONTHMH3AUWH DpasMeLlEHHA HHTErPaibHBIX CXEM
B INCKPETHBIX NMO3HLUAX NEYATHON NAATHI C UENBIO ROCTHXKEHHA BO3MOKHO MPOCTOM peanu3a-
LMK NOC/IENYIOLLEro 3Tana coeguHe HHA. npegnarac'rca METOJ NUMHTHBIX CEY€HHil, NPUBOAALUHH
K ONTHMH3aLMH PA3MELLIEHHS MLIOTHOCTH COEHHEHHI H OHOBPEMEHHO K MHHHMH3ALMH obuwei
IMHHBI COeHHEHHH. ' = 3

1. INTRODUCTION o

The placement problem consists in finding optimal locations for the set of interconnected
objects and often appears in solutions of many technical tasks. -

This paper deals with the component placement (e.g. integrated circuits) into discrete
locations on a printed circuit board (PCB). Note that the PCB design incorporates three
stages — partitioning, placement and routing.

The automation level of individual stages in the PCB design is different at present.
Whereas in Czechoslovakia several program systems [1, 2, 3] for the routing of two- or

_ multilayer PCB are available, little attention has been paid to the automation of partitioning
. and placement. * -~ Cf Tt 0 _

As the complex system of an automated physical design has not yet been realized, all tasks
0; partitioning and placement of integrated circuits have been solved intuitively in majority
OL cases. L I .. . o

-
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1.1. Placement pl.'oblem definition

The placement problem solved in this paper is based on the following assumptions:
A logic schemie of a board (E,S) is given, characterized by a set of elements
E={e, e, ..., e} and a set of nets $={§,, S,, ..., S;} such that S P(E), where P(E) is
a power set. Further, a set of locations is given P={p,, p,, ..., p.} where m=n.

Then by the placement problem we mean finding a one-to-one mapping fz: E— P such
that some objective is optimized. S

The most frequent objective used is to place the elements so as to minimize the total wire
length. To determine the total wire length various approximations of the net length are used
— usually the minimum tree length or one half-perimeter of the minimal rectangle enclosing
elements of the net (the so-called minimal half-perimeter method). However, the used
criterium of the minimal total wire length does not seem to be satisfying in a PCB design with
great density of elements and wires. In general, the minimal total wire length does not
exclude the existence of the so-called critical board areas with excessive wire density (e.g. in
the middle of the board or in the connector area) [4, 5]. ' : :

v T - - L 2 = o %
. connector sections

|
| . . .

o | o ° T : “sa
L LEY ¢ ; \
—— horizontal cuts
g A / .(Y-cuts}
- 3 : ..
o | e ) oy |
element "location
1 2

vertical cuts
ot (X -cuts)

. Fig. 1. Board model with canonical cuts.

i

1.2. Cut methods A

Application of methods of canonical cuts is an efficient tool for detection and limitation of
wire congestion in local board areas. A simple board model is used with regular structure of
point locations — a system of r rows and z columns is produced with a unit distance between
adjacent locations (Fig. 1). o . o
. The set of canonical cuts C is topologically defined as a collection of cut lines between
adjacent rows and columns of locations. The set of cuts C can be subdivided into a subset of
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vertical cuts C, — so-called X cuts, passing between adjacent columns of locations, and into
a subset of horizontal ‘cuts C, — so-called Y cuts, passing between adjacent rows of
locations. The number of vertical and horizontal cuts is denoted by z' and r’, respectively,
~where r'=r—1 and z’=z-1, respectively. Let us analyse a vertical or horizontal cut
dividing the interconnecting board area into two parts. With respect to the fact that these
cuts do not cross any element, it is obvious that the considered cut divides the set of elements
E into two disjunct subsets E’, E". Any net which contains elements in both E' and E” .
requires one. wire to connect its elements in E’ to its elements in E”. '

A basic attribute of the cut is the cut value v(c)|ceC given by the number of nets crossing
this cut. Another attribute is the cut throughput W, determining maximal number of wires
crossing the cut that can be realized with a given technology and board parameters.

It is clear that when v(c)>W, the interconnection of elements on a board cannot be
realized. Therefore, we shall try to find such a decomposition of E into two subsets that
would minimize the total wire number between these subsets. '

_
: -
B

&

ol
51

OFOH+0 |0

O/

-

~ Fig. 2, Illustration of the quadrature placement,

A key problem, i.e. in what order and how to minimize the value of cuts, has been solved
in the paper of M. A. BREUER [6]. The author suggested three fixed sequential min-cut
placement algorithms, differing from"each other in a cut sequence type. The most used
algorithm is the quadrature placement illustrated for a 16-element task in Fig. 2. '
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The interconnecting board area is first bisected by a vertical cut ¢,, producing two new
blocks B, and B,. Elements from E are assigned to the blocks B, and B, so that the cut value
v(c,) is minimal. Then a horizontal cut c, follows, bisecting the block B, into blocks Bi1, Bz
as well as B, into blocks By, B,,. Elements from the block B, are assigned to blocks B,,, B,
whereas elements from B, are asstgned to blocks Bz,, B, and again with the minimal cut
value v(c,). Cs

These four blocks are further blsected by vertical and horizontal cuts alternattvely The
whole process is finished as soon as none of the blocks contains more than one element. The
use of this block structure offers the posmbilxty to keep the values of previously minimized
cuts unchanged. Although the above method of minimal cuts offers the possibility of
decreasing the absolute wire density, it has no direct relation to the uniformity of wire
density distribution. In the following chapter, the problem of moré¢ uniformly distributed

- wires on a board is solved by means of a new objective function of a total excess value of
cuts. : e : . Y ®, . y A .

. 2. APPLICATION OF A NEW OBJECTIVE FUNCTION CF [7]

A newly suggested objecti\;e function CF of a total excess value of cuts is given by the sum
of nets crossing the cuts exceeding a-predetermined limit:

,iGEd&@' . W

o R=30O-L) : @
v(c)>L

=3 (L) ©

- . " . w(c)>L,, where

- CF, is a componeﬁt of the objectivé lflunction for X cuts,
' CF, is a component of the objective function for Y-cuts,
L, and L are limits for X and Y cuts respectlvely

The value of llmlts is a]ways smaller than the cut throughput W. The advantage of the
above objective function lies in its close relation to the total wire length and wire distribution
on a board charactenzed by an average cut deviation.

AN
2.1. CF relatton to the total mre length

For a classical board model\(th 1) with a unit dlstancc between adjacent element
locations it holds that the total wire length H, determined by the minimal half-perimeter
method equa]s the sum of canorucai qut vaIues R [6]:

ceC

_H=R zv@) - [
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The sum of canonical cut values, and hence the total wire length, can also be expressed by an
average value of X and Y cuts designated by

Ty Uy (ﬁ,=-zl—, Y. vie); ﬁ,=l, o v(c)):

qu r ceCy
' H=R=R,+R,=4,.2'+0,<r, (5)
where R, and R, are sums of the values of X and Y cuts, respectively.

Now, let us assume that we are given an initial placement characterized by values
(CF,, CF,, 1, 9,,L,, L,, H) and an optimized placement characterized by values (CF;, CF,,
., 1, Ly, Ly, H'). Our goal is to state conditions for decreasing the total wire length of an
optimized placement in dependence on the value of the objective function CF'. Knowing the
value of the objective function CF’, one can derive from (1) (2) (3) (4) the upper bound of
the total wire length: ;

 Hi=CF +L, .2’ +L, . ¢ (6)
. . - 'H;=H'. (7
From equations (5) (6) and inequality (7) it is obvious that a sufficient condition for

decreasing the total wire length is the validity of the inequality Hi<H.
One can distinguish between two basic cases: 5

a) (L.=0)A(L,=7,) .

With zero value, which is the minirﬁal value of the'_objective function CF’, from (5) (6) it
follows that . ; : I :

o , Hj=L,.z'+L,.r'=H. o o ®
With the, mentioned values of limits the decrease of the total wire length cannot be

guaranteed even with zero value of the objective function CF'.
b) (L. <3)A(L, <3,) a ¢, m
In this case the total wire length decreases with ze;ro value of the objective function
‘ o Hj=L,.z'+L,.F’<H. | )

However, the wire length also decreases with a certain non-zero value of the objective
function. If it is to hold that H;<H, we use (5) (6) to get

: L,.z’+L,.-r'+CF’<ﬁ€_-.z'+ﬁ,.r'. ' (10)
The condition for CF' follows from (10) ‘
- CF<(i.~L).7+@~L).r (11a)
or alternatively - i _
' (CF.<(#,—LJ) . 2)A(CF,<(3,—L,) . r'). (11b)

22. CF relaﬁ_on to the wire distributién

Anideal element placement can be chiaracterized by equal values of canonical cuts close to
the value of limits L, or L,. The goal of real placement optimization lies in minimizing the
: ' “ /
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value differences of individual cuts and thereby in achieving a more uniform wire
' distribution on a board. A standard indicator of a cut value dispersion is an average
. deviation of cuts or a standard deviation of cuts.
i We are going to show that the objective function CF is in a close relation to the average
deviation of cuts. The components of the average deviation of cuts D are expressed by means
of the positive deviations of cuts .

D,== E [v(c) ¥, |-— Z (v(c)—1,) | (12)‘

" (>,
=-— ¢§ IU(C) =27 “2 (v(c)—1,) - (13)
U(C):’Uy | N N |
D=(D, +D,)/2. (19

; Co
From equations (12), (13), (2), (3) it follows that with the choice of limits L, =7, and
L, =1,, the components of the average deviation D,, D, are proportlonal to components of
the objective functlon E:- : o :

| o D.=CE.2 (15)
D,=CF, .2/r _ : (16)
D=CF,/z'+CF,/r'. & S 17 .

LI\{'_
Minimization of components of the objective function CF is thus a; prerequisite of
minimization of the average deviation of cuts D. The values of limits are usually chosen so
that (L, <v,)A(L,<%,), which is a suffxc:ent condition for the decrease of the total wire

length, too. . > : - 5
In this case, for Optxmlzed placement it holds . 5
D!<CF..2/z" . : (18)
D,<CF,.2/r' (19)

prov:ded that (9,=L, )A(U,BL ).

In case that the decrease of the average deviation of cuts should itake place and
consequently D; <D, AD, <D, should hold, a sufficient condition is the validity of the
following relations:

1 ' | , CF,.2/2'<D, f_ (20)

! b L ' CF,.2/r'<D,, ' (21)
: that is -
‘ CF.<D, .z'/2 | - (22)
1 CF,<D, . r'/2. o (23)

Conditions for sunultaneous minimization of the total wire lcngth H, and the average
deviation D follow from equatlons (11b), (22), (23):

CF.<min[(3,~L,).2,D,.2"/2] - | (24)'

D S — -
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CF,<min [(3,~L,).r', D, . r'/2). | @25)

3. METHOD OF LIMITED CUTS

For minimization of the objective function CF an iterative method of limited cuts is
proposed. This method is characterized by a controlled optimization of a cut sequence
— only those cuts are minimized the value of which exceeds a predetermined limit L, or L,.
Minimization of a cut is interrupted as soon as the cut value lies in the given tolerance
interval of the limits. During one optimizing cycle the i-th cut sequence is optimized
(ci, € ..., €}), where cj is the first cut of the i-th sequence selected for optimization. The cut
order in the sequence is always determined dynamically on the basis of actual values of cuts.

First the cut ¢! is optimized with maximal cut value exceeding the value of the limit. The
optlmlzatxon being finished, the cut c} is selected for optimization from all remammg cuts,
and again with maximal cut value. This process is repeated for all remaining cuts ¢+ cl. It is
important that in optimizing an actual cut the results of optimization of previous cuts are
maintained. The mentioned dependency of cut optimization is represented by a block
structure in the same way as in [6]. b :

3.1. ALKAR prbgram

The ALKAR' program. allows a cyclic placement optimization of integrated circuits on
a board with regular structure of Iocanons, using the method of limited canonical cuts. It
consists of five basic steps: :

1. Initialization i

a) pseudorandom generation of initial placement,

b) setting the values of limits L,, L,, ‘

c) determination of the strategy for .alternation of vertical and horizontal cuts,

d) spec:flcatlon of the cut fixation and number N, of optlmxzatlon cycles,

e) setting the cycle optimization variable (i :=1). '

2, Optimization of the i-th cut sequerce .
Dynamic selection of the i-th cut sequence and its minimization towards the value of limits
L, and L, is performed. For cut minimization the modification of Kernighan-Lin algorithm
of pair interchanges with selectable efficiency grade and minimization process rate is used.

3. Cut fixation
After finishing 0pt1mxzat10n of the i-th sequence, the cuts are determmed for fixation the
value of which lies in the given tolerance interval of limigs L, and L,.
All values of fixed cuts remain maintained during the following optimization cycle. Fixation
may be realized either immediately, after the first optimization cycle, or with a delay, after
the k*-th cycle: 1<k*<N..

4. Block structure actualization
Actualization of the block structure of a board, given by fixed cuts, takes place before every

e s et B a1 i VA 0 e e L 8 8 2t
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new optimization cycle; the block ‘structure for the i-th cycles (i<k*) is trivial — it is
represented by the whole board. .

Steps 2 — 4 are repeated for all N, éycles

3, Resu]tmg pIacement

The program output is the placement with a mm:mal value of objectlon function CF gamed
in the k-th cycle such that 1 <k<N

TASK IL25
'-y;"" . 'y - ;
R 1CF ‘ o . - |
R 15 S .
Rl gy :
DY
160" LO" 2‘ “.pﬂ.\. ,
. e Y |
12030154 * : \
; R \h__‘
80- i Ym .,
201 1 S
40410405 ’\
1 000 12345 7234 8
cycle number ' cycle number . cycle number
Fig. 3. Graphs of functions CF, R, D and their components.
TASK: IL25 :
. L=13 _ :
sy :
y - o
Q
2 ' | '
8 X-cuts 2 g Y -cuts
= IR initial placement b
¢ !” \ - il a
1 Y Ay w]
/ )
S - \\ ’ initial plccement
. % o PP it ¥ TN
30- \\‘...' 30 °"' ‘_l o
"’_A. ~
J5 st cycle
20f, 7 ™
1719,
% 10 ¥
i 2 3 L .5 12 3 4 5
cut number | ¢ cut number

Fig. 4. Diagram of cut values.
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32, Experimental results

The first version of the ALKAR program was verified on the set of ten test tasks, differing
in the number of elements (7 =16 = 106), in the number of nets (¢ =16 --286) and in the
complexity of relationships between elements. One half of test tasks belongs to the so-called
classical test problems, used for effectivity comparison of different placement methods.

The results of experiments contain:

a) resulting placement with pseudointerconnection

b) graphs of CF, D, R functions and their components

c) diagram of cut values

TASK: IC 108M
Ty
g y 85
"5 -
© X-cuts
1001
50+

5 6 7 8 9 10 M 7 cutnumber

cut .value .
o
-
nN
W
F ol

100 4 21 .
SB-slice/bisection
Q -quadrature
" © L ~limitation
504

T T T T T T T T

0' 1 2 3 4 5 6 7 8 cutnumber

Fig. 5. Comparison of wire distribution graphs produced by the standard min-cut placement procedur:e
(SB, Q) and program ALKAR (L).
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d) mean time of the cycle.

Figs. 3 and 4 illustrate intermediate results (graphs of functions and wire distribution) for
the task IL25 with 25 elements and 65 wires.

Fig. 5 shows the comparison between efficiency of the ALKAR program and standard
min-cut placement procedure [6].

From the analysis of results given in [7] it follows that the ALKAR program makes
possible effective solving of the problem of wire congestion on a board simultaneously with
minimization of the total wire length. _

The computation complexity is not greater than O(n*?). The mean time of an optimization
cycle is 3 min. for the task IC67 and 4.5 min. for the task IC 108M (n =67 and 106,
respectively). The ALKAR program is written in PASCAL and runs on the EC 1025
computer under the operation system DOS IV, occupying cca 200 kbytes of the main
memory.

AR

4. CONCLUSION

In the paper a new objective function of the total excess value of cuts was discussed that
has close relation to both the total wire length and wire distribution on a board. '

Optimization of the mentioned objective function leads to such a placement of elements
that makes the following interconnection task easier.

The algorithm of limited cuts, ALKAR, was proposed for optimization of the objective
function. At present, this algorithm handles up to 200 elements. There is a real assumption
that the range of soluble tasks will increase using the published procedures [8].

The ALKAR program is part of the AKR system [7] that was designed to solve both the
‘component placement and partition problem. The algorithms used in the system are based
on the modified methods of pair exchanges, relaxation methods, and the method using linear
programming techniques.
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Abstract: This paper is an experimental study on a course-grain parallel genetic algorithm for solving
the placement problem on the level of the printed circuit board (PCB) design. It can be proved that this
is NP problem. The placement problem is defined as a mapping of the hypergraph nodes into the regular
structure of locations. A CPGEN program was created in C language, which enables wide class
experiments via extensive menu for setting main parameters of genetic optimization. The main attention
was paid to the adaptation of main genetic operators including the migration operator, mutation and
heuristic procedure. To test CPGEN algorithm the variety of experiments was done.
ey,

Key words: placement, optifna!ization, genetic operators, parallel genetic algorithm, transputers
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INTRODUCTION

Placement is a crucial task in the layout of VLSI circuits and PCBs. It has a great impact on the cost
and routability [1]. It can be characterizied by an assignment of circuit elements(nodes) to locations on a
chip or PCB. Let E={ei,....e,} be aset of circuit elements and set of nets, S={s;, ....,s.}, where a net
is a set of elements to be interconnect. A set of locations L={1,,...1,} is given. The locations (slots) are
organized upon the layout styles. To simplify the problem the set of slots forms a regular structure of
locations with ¢ columns and » rows with unit distance of neighbour location. The objective function is
minimal total sum of wires, which realize the nets. To precise the problem the hypergraph is used for
the representation of the circuit and the position graph is used for the slots representation.

TRANSPUTER PLATFORM

The genetic algorithms have been implemented on transputer station T800 and T9000 [2].
The transputer is nowadays a well known microcomputer subsystem with its own local memory and
with links for connecting one transputer to another. It is possible to execute unlimited number of parallel
Processes on one transputer because of its internal architecture (in this case we will obtain a
pseudoparallel structure). A transputer network can be built by interconnecting  four transputers
(processor nodes) via links. Processes executed on different nodes of this network run in parallel and can
Communicate mutually through channels.

The Microsoft C programming language is used for programming the transputers. The language C in
Comparison to OCCAM allows user to write program core easily but resides a weakness in
Parallelization and greater communication costs.

—
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CPGEN IMPLEMENTATION

A genetic algorithm in general has three main parts: initialization (creation of initial subpopulation - this
step is made only once at the beginning of the algorithm), reproduction and evaluation (these two steps
are repeated in a loop). There can be more approaches to parallelization of such algorithm.

We have used the coarse - granularity approach which brings a new aspect to the decomposition of the
genetic algorithms. The main idea lies in dividing the population into more subpopulations which
exchange genetic material in certain intervals. :

The distributed placement algorithm/procedure is in fact a standard sequential genetic algorithm. This
algorithm evaluates and reproduces certain amount of individuals in sequential way. These procedures -
are mapped onto a transputer network and executed in parallel. The procedures form a ring topology
which is deadlock free. A new genetic operator migration is introduced. Migration transfers genetic
individuals from one environment to another that improves the convergence of the optimization process.
In the following section the main featires of the parallel genetic procedure(3] will be described:

CPGEN procedure

{KEY SYMBOLS:

p, - subpopulation, N, - size of subpopulation

p - number of processes .

P, - offspring , N, - size of offspring

L - local best idividual/placement

G - global best individual/placement

R mps Rmoy Remig - mutation rate of parents, offspring and migration rate}

Initialize; setting the parameters Ny, No, Rimo, Rinp, Ruig
Generate(P,); initial subpopulation P, randomly generated
While stopping criterion is false do

begin

Evaluate(P,); fitness function

Offspring generation and mutation;

Parents mutation;

Evaluate(P,); fitness function

Selection of the new subpopulation:

Heuristic procedure for the local optimization;
Migration;among subpopulatins

end :

Final local optimization(G);

Output(G);

Subpopulation and offspring size

The subpopulation size N, and offspring size No determines processing time and resulting quality. The
both parameters are provided by the user. The parameter N, and N, are considered to be from 5 to
240 according to number of processes to be used. The suitable number of generated offspring N, is
about 30% of subpopulation size [4]. ‘

" Fitness function

'n_‘e_ﬁmess function used in the procedure Evaluation is based on the classical objective function of the

Minima total wire length. The length of wires is estimated by the minimal semiperimeter of rectangle

. enclosing elements of each net (MSP). 1t is easy to compute and it is often used as standard measure of
‘_ ;he net complexity. In Fig. 1 is shown the MSP and MSP (the minimal spanning tree) model as well. It
ISclear that the MSP is mostly lower than the MST.

g
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Fig.l Estimation of the wire iength using the MSP and MST model.

It can be proved that the sum of semiperimeters equals the sum of cut values (number of nets crossing
the regular strucure of horizontal and vertical cuts that are placed between neighbouring columns and
rows) used as a criterion in decomposition algorithms (Breuer mincut algorithm). In case of standard
cell placement problem it would be necessary to extend the simple objective function with penalty
subfunction to effect the overlapping of standard cells.

The fitness function is based on the objective function represented by the MSP model. The total MSP
wire length (cost) of each individual is computed first. The fitness function of*each individual is then
_ computed as the division of the global cost value of the whole subpopulation by the cost of the
individual. The smaller the. individual cost is the higher is its fitness function.

Offspring generation

The traditional crossover operator which is used typically for the bit string is not suitable for the
placement problem because it produces irregular configuration (conflict crossing) very often. Instead,
the powerful conflictless operator called PMX (Partially Map Crossover) [3] is used.

Mutation Lt

It is possible to use two mutation operators together or separately. Both of them are based upon the
classical random exchange of nodes. The number of nodes to be exchanged is fixed to two, but it can be
expanded to five. The first mutation operator is used for parents mutation. The mutation rate Rep is
defined as percentage of the total number of symbols/nodes in the subpopulation, that are mutated in
each generation. For the n - node/element placement problem and for the size N, of the subpopulation
nN,R.,/2 pairwise interchanges are performed. Typically average value R,= 0.02. The mutation rate
can be set dynamically using some special procedure called AMR which allows to scan saturation level
of the fitness function of the whole population. The saturation of a subpopulation means the
degradation of individual diversity. The second mutation operator is used to a group of offspring.

It has been also implemented a special fuzzy program module which enables to control the mutation rate
on its actual value, saturation level of the current subpopulation and the cost difference for the near-by
generations. This module was developed on the Borland C language platform using the fuzzy inference
design environment (FIDE)(6] and tested in an extra sequential genetic algorithm. It cannot be
implemented on the transputer platform because the target C code is not compatible with the C version
used in transputer station.

The block diagram of the fuzzy module is in Fig. 2. The operational unit includes a procedure with
optional delay added to FIU output. '

current mutation rate

Fuzzy inference Operational

saturation level new mutation rate

= unit = unit =

cost difference

Fig.2. Block diagram of the fuzzy module.
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Heuristic procedure

Some heuristic approach is used to improve the convergence speed of the optimization process. It can be
_understood as a hybrid optimization. It is based on the reconfiguration of some individuals of the
current subpopulation using the pairwise interchange of nodes with cost decrement. The procedure is
activated seldom only during an epoch formed by 2 number of generations. It is possible to set the death
and rate of the reconfiguration.

Migration

The migration operator enables to combine the algorithms running on different processors into a single
distributed genetic algorithm. The migration rate Ramig specifies the epoch length that starts the
transmission of best individuals from each subpopulation into ring topology of processes. We used
elitism concept so as the only such a individual is accepted from the other process that is better than the
current one. The effectiveness of the migration depends namely on the migration rate. An additional
optional approach can be activated which allows the acceptance of the better or worse individual in each
generation.

Selection

After generating offspring the procedure Selection is activated to choose the new subpopulation from
joined set of parents and offspring. In the CPGEN algorithm a competetive strategy is implemented - all
the parents and offspring compete each other and the N, fittest individuals survive and are moved into
the next generation. '

EXPERIMENTAL RESULTS

Numerous experiments were done to demonstrate the behaviour and the efficiency of the CPGEN
algorithm. The presented experiments runnig on the T9000 station are intented on the placement task
1C67 which is specified by 67 nodes, 136 nets and PCB with 73 locations (15 columns and 5 rows).

In the first experiment (see Fig.3) the optimalization curves of the resulted minimal value of the cost
with different number of processesfsubpopulation is shown. In a) case the total population size is fixed
5o that the size of each subpopulation depends indirectly on the number p of processes being used. In

case b) the subpopulation size is fixed.
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Fig.3. The optimization curves for different number of parallel processes a) fixed total population size
Ny= 240, b) fixed size of subpopulations, Np = 30.
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Both types of experiments demonstrate benefits of parallel approach to the genetic algorithms. If eight
logical processes are used the optimalization procedure converges faster than in case when one logical
process is used. Obviously, the solution for more processes is equal or even better than for one logical
process (which in fact represents the simple GA).

The most important advantage is the considerable speedup of computations when more processors are
available. In the above mentioned case the speedup coefficient for four processes can be theoretically
almost equal to four but in our case is lowered due the 17% communication losses in the used ring
topology (see Fig. 4).
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PR ES number of processes | ' nigration rate = Y
Fig.4 Communication costs in the ring topology. ~ Fig.5 The effect of the migration rate.

The influence of processes number on the communication costs to total computational time ratio for
T9000 and T800 station as well is shown. The relatively large communication costs is probably due to
the features of C language used. The OCCAM platform provides lower costs [7].

Fig. 5 shows the effect of the migration rate on the cost. The proper range of the migration rate is from
0.01 to 0.03. The mutation rate does influence the convergence of the optimization process. In Fig. 6
the test of a placement problem with 25 nodes/elements is presented. The proper values of the mutation
rate is problem size dependent an lies mostly in the range from 0.02 to 0.05.
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Fig.6 The influence of the migration rate on the cost. ~ Fig.7 The effect of the heuristic procedure.

Fig. 7 shows the influence of the heuristic procedure used to the cost minimization. The technique of the
pairwise interchange of symbols/nodes is used. It can be seen that with the increasing number of pairs
the cost is decreasing. The rate of the procedure activation is specified by an epoch length lasting 3,

»
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10 or 20 generations. The higher rate leads to lower cost. On the other hand it is evident that this
process wastes the computational time.

CONCLUSION

This paper describes a new parallel placement algorithm for the PCB layout with set of the discrete
slots. The CPGEN program was developed in C language and implemented on the transputer station
7300 and T9000. The set of experimental works were done to demonstrate the ability and efficiency of
the parallel genetic algorithm. The migration operator and heuristic approach for a local optimization
seems to be the main tool for the speedup and better convergence. The mutation strategy plays a great
role. It was interesting to examine a dynamic setting the migration rate using fuzzy inference module.
However, the results obtained were unambiguous and were too much problem sensitive. Therefore the
AMR procedure for automatic setting the migration rate was used. Nevertheless the research in fuzzy
logic domain is getting on and the fuzzy rule model is further developed.

A slightly modified version of the single genetic algorithm for the partitioning problem was developed.
The results are very hopeful and the algorithm could be used for the k-partitioning of hypergraphs
which can represent €.8. the decomposition of a large logic design (logic scheme) into subsystems
(smaller replaceable units/modules).
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Abstract: This paper s an experimental study on hypegraph partitioning using the simple genetic algorithm
(GA) based on the schema theorem and the advanced algorithms based on the estimation of distribution of
promising solution. Primarily we have implemented a simple GA based on the Galib library[Gal94] and some
hybrid variant included a fast heuristics to speed up the convergence of the optimization process. Secondly we
have implemented the Univariate Marginal Distribution algorithm (UMDA) and the Bivariate Marginal
Distribution algorithm (BMDA), both have been published even recently[Pel98] and used a share version of a
superior new program BOA based on the Bayesian Optimization Algorithm [Pel99]. We have also extended the
BMDA algorithm to a new version with finite alphabet encoding of chromozomes and new metric that enables
the m-way partitioning graphs. The aim of our paper is to test the efficiency of new approaches for discrete
combinatorial problems represented by hypergraph partitioning,

l.s N o
Key words: decomposition, hypergraph ;t)arﬁﬁoning, simple and hybrid G4, estimation of distribution algorithm,
Bayesian network.

1 Intx:oducﬁon

Hypergraph partitioning is a well known problem of graph theory. In case of so called 2-way partitioning the
bisection term is used. The graph representation can be used for many application problem e.g. for the system
segmentation, network partitioning and VLSI layout.

More formal, the particular partitioning problem can be defined as follows: Let us assume a hypergraph
G=(V,E), with n = |V] nodes and ¢ = |E] edges. Let m be a natural number. A m-way partition is specified by
disjoint partitions of nodes Ag Aj,....4m; With equal or predefined cardinality. The cost of the partition is
defined as a function of the hyperedges having nonempty intersection with at least two partitions from the
partitions 4y, Ay, ...,An... We call these hyperedges external ones. From the previous premises it follows that an
unconstraint balanced partitioning problem is solved.

Many heuristics are used to solve this NP-complete problem. We can refer to the recent paper [Oom96] where a
good overview of the known local search techniques is done and automaton-based algorithm is described in
more detail. The hybrid genetic algorithm is described in [Pat95],[Bui96]. The mentioned simple genetic
algorithms are based on the schema theory [Gol86]. It is known that during evolving a new population standard
genetic operators often cause disruption of schemata mainly of large defining length. To prevent the problem a
techniques of reordering of graph nodes in chromosomes was proposed by [Bui96]. We focus in this paper on
another promising approach based on an estimation of the joint distribution of promising solutions proposed in

[Pel9g], [PGC98], [MUESS].

2 Problem formulation

th_le hypergraph is often modelled by bigraph (see Fig 1), where a bigraf G(¥,S) with the set of nodes V and set
0

Nets S is presented This is an example of 3-way partitioning problem with a 9 nodes and a 10 nets. Each
Partition/assembly 4,.4;, 4, contains 3 nodes. The cost/objective function L is based on external nets that
Cennect nodes from different assemblies:
L= Z[D(s)-1] (1
si € Se :
Where Dfs;) is the degree of the external nets S, =(s}, s, sk
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The incidence of external nets to each assembly is represented by dashed lines. The minimal set {L1, L2, L3, L4}
of external connections is represented by full lines produced by the spanning tree technique. Irf the following 3-
way partitioning the cost L equals to 4.

Another way how to calculate the external connection is based on the number of nets that incident with i-th

assembly. The S; items can be simply stated : Sp=5, S; =35, S; =+ for the known total number of nets (=10 we
get L=4.

L= o : @)

i=0

Fig.1 The 3- way partitioning case of a hypergraph.

Incase that each net connects only 2 nodes the hypergraph can be reduced to a simple graph G(V.E, W), where
the connection matrix W=[wij] represents the weight of edge/connection between node i and /.

3 Genetic algorithms

To solve the partitioning problem we have implemented 2 types of genetic algorithms- simple genetic algorithm
SGA and its heuristic versions, advanced BMDA algorithm and used the BOA program. For all of them the
following ordinary string/chromosome encoding is used:

Meaning

Gene value /Assembly number

012345678 Locus/Node number
Table 1. The ordinary string encoding for bisection and trisection of hypergraph.

The gene value represents the assembly number, the index of locus specifies the node number. The efficiency of
the BMDA and BOA algoritim is determined by the level of gene dependency. That is why it is useful to
express the cost function using the string encoding. For the simplest case of 2 - way partitioning/bisection of a
simple graph G(V,E, %) we derived on the binary string X=(%5, X},.., X.1) the following quadratic cost function:

n-1
L= 3 wij(xi+xj = 2x0) @)
i '
: n=1 n-1
with the balance condition ¥ xi =3 (1-xi,
i=0 i=0

where the coefficient wy=1 in case the net/edge exists between node /i and J, else w;=0. In case of m-way
partitioning of a single graph the function is not binary because the string is alphabetic:

L=Ew,jf;,(xs.xj); Se(xix)=1 for xi#x; Se(xi.x)=0 for xi=xj (4)
i=0
I>i

In case of m-way partitioning of hypergraphs the useful term for cost is quite complex and is beyond the scope
of this paper.

3.1 Simple genetic algorithm

We have implemented a simple genetic algorithm SGA described in [Gol86] using the well known GaLib library
[Gal94]. The fitness function is based on the cost L: Fitness = 1/(L+1). The selection scheme is roulette wheel
With the linear-scaled fitness. Offspring are generated by the one-point crossover operator. To implement

T LB T i e AMCNTET 00 Brma Crach Donnhlia Tuaa 017 1000 19z
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mutation the values of several genes are changed to any of the possible allele values (flip mutator). The genetic
operators described do not guarantee the equal size of all assemblies. After crossover or mutation completion,
strings should be balanced/normalized randomly to keep equal or predefined number of different alleles. In the
replacement stage the principle of elitism is used. We designed also SGAN version with advanced/positive
normalization of string contributed to cost decrease. To improve the convergence speed of the optimization
process for more complex problems a heuristic procedure was added to the SGA algorithm to get a hybrid
genetic algorithm SGAH. It is based on the reconfiguration of some offspring in the current population using the
pairwise interchange of genes with cost decrement. The procedure is activated seldom only during an epoch A,
formed by a number of generations. It is possible to set the intensity /;and the range /7, of the reconfiguration.

3.2 UMDA and BMDA algorithm

The following methods are based on probability theory and statistics. They use statistical information contained
in the set of selected parents to detect gene dependencies. The estimated probability model is used to generate
new promising solutions according to this distribution. Generally, UMDA, BMDA and BQA, belong to an EDA
class of algorithm (Estimation of Distribution Algorithm) [Mue98], which can be described as follows:

Generate initial population of size N (randomly);
While termination criteria is false do
begin

Select parent population P of M individuals according to a selection method (M<N);

Estimate the distribution of the selected parents;

Generate new offspring (according to the estimated model);

Replace some individuals in current population by generated offspring;
end - ’
UMDA [ Pel98 ] (Univariate Ma:g‘inﬁf“‘bism'bution Algorithm) assumes that genes are mutually independent.
Let us denote a chromosome length by ». For each gene position i €{0..n-1} and each possible value of this gene
x;€{0,1}, the univariate marginal frequency pi(x) is defined as the frequency of strings that have x; on i-th
position in the parent population P: p; (x;) =n;(x;)/N , where n;(x;)) is a number of appearances of the allele x;
on i-th position. Each new individual X = (Xo,Xy...,X.1 ) is generated by UMDA according to the distribution

n=1

X)) =T1p:i(x), (5)

=0

so the value of i-th gene is set to value a with the probability equal to p;(@). UMDA is able to cover linear
problems only. )

BMDA [ Pel98], [Oce99 ] (Bivariate Marginal Distribution Algorithm) is an extension of UMDA. In addition,
the pair dependencies are allowed. The bivariate marginal frequency p;;(x.x;) is defined as the frequency of
individuals in parent population P, that have values x; and x; on positions i and j at the same time:
Pij(x;,x;)=n; ;(x;,x;)/N . Conditional probability of occurrence of the value x;on i-th position in the case of
occurrence of x; on j-th position is determined
pi,j(xi’xj)

We extended the concept of UMDA and BMDA for the alphabet encoding, so that x; € (0,...,7-1} and

%€{0,...,r-1}. For each pair of positions i, j the count of each combination of values can be summarized into
following contingency table:

pij(x|x;)= (6)

0 n; ;(0,0) n;,;(0.]) n;, i (0,7 =1) ,(0)
n -1 n,-'j(}',- ""I,O) n,-'j(r, —l,l) "i,j("':‘ -.]_,rj _l) ﬂi(f‘- __1)
z n;(0) ;) n,(ry =) N




Gene dependencies are discovered by Pearson’s chi-square statistics [Pel98], we use the followingform of
equation [Oce99]:

s n-by -l 2 (k.0
X7=N( o M
" Z;‘,E)m(f’c) G

2

This metric is symmetrical, Xﬁj =X ;;, so for each couple of positions it has to be computed only once. Genes

are considered to be independent if the result does not meet certain threshold. For example binary genes are
independent for 95% if X,-?: ; <3.84.

The dependency information is used to build up the acyclic dependency graph, which can be seen as the set of
trees. The root nodes correspond to the positions where the values are generated using the univariate distribution,
the values of positions connected to already generated positions in the graph are subsequently generated using
the conditional probability. After chromosome generation the balancing procedure is used.

We have also implemented the following (non-symmetrical) metric giving as good results as Pearson’s statistics:

= DR 3 -l
K2, ; =[I‘[l-u--ﬂ—i’](1+n,._j(1,:r))!}/(——(fL i‘[(1+nj(z))!} (8)

I=0(rj +”;(I))!:=0 (rj +M)! =
This equation is derived from K2 metrics used in BOA algorithm discussed in the next chapter.

3.3 BOA program

BOA [PGC98] (Bayesian Optimization Algorithm) uses Bayesian network to encede the structure of a problem.
It is an analogy of BMDA dependency graph, but the higher order gene dependencies can be covered too. For
each variable X; a set of variables ITy, is defined it depends on, so the distribution of individuals is encoded as

LX) = :'rjp(xf Iy) ©

Generally, the existence of directed edge from X; to X; in the network implies the belonging of the variable X to
the set IT . To reduce the space of networks, number of incoming edges into each node is limited to %.

The Bayesian Dirichlet (BD) metric is used to measure the quality of the network [PGC98]. A special case of
BD metric, so-called K2 metric, is used when no prior information about the problem is available. Actually, the
equation (8) is derived from K2 metrics for k=] and alphabet encoding. It determines the relative metric
improvement for one edge addition.

In the shared implementation of BOA [Pel99] a simple greedy algorithm is used to search for a good network. In
each step the best edge is added. By the term ‘best edge’ we mean the edge giving the highest K2 metric for the
network B’ that can be constructed from the actual network B by adding this edge. It must also keep the network
acyclic and meet the limit of incoming edges. )
After network construction new instances are generated using the univariate and conditional probability in a

similar way as for BMDA algorithm.

1

4 Experimental results

Numerous experiments were done to demonstrate the behaviour and the efficiency of the individual algorithms,
The two types of graph structures are used:

I, Regular graphs RLXB with grid structure [Schw98], where the notion X specifies the number of nodes, B
specifies the existence of bottle-neck in the graph structure; the global optimum is known. As an example a
bisection of graph RL64B is represented in Fig.2a having a 2-edge bottle-neck in the dashed cut line. The
regular graphs with bottleneck appear to be a proper test benchmark with many local optima.

Hypergraphs representing real circuits labelled by ICX [Schw86]. The global optima is not known. The
structure of circuits can be characterized as a random logic. The hypergraph IC67 consists of 67 nodes and
134 edges/nets, the IC151 consists of 151 nodes and 286 edges/nets. ‘




The main experimental results are listed in.Table 2. In case of
regular graphs (see part A) the items in the table represent the

A2 average number of fitness for 5 successful runs with different
initial random population. The parameters of the algorithms are set

----- - to the minimal possible values to get global optimum in all 5
,‘.,.,' runs. In case of graphs IC67 and IC151 (see part B) trials are
Cr—Or—a— O — @ focused on the goal to get a local minimum; the number of fitness

Al I 4’.&.%.4’3 evaluations is limited. The BOA and BMDA algorithms perform

well, the SGA and SGAN converge slowly, the SGAH is the best
of all algorithms, R

RL36B 2 1970 60942 56350 4242 2
RL36B 4 3161 421827 28055 - 8
RL36B 6 12133 1214150 293000 - 14
RL48B 2 12850 *177933 20700 6036 2
RL48B 4 138500 -] 250320 - 8
RL64B 2 8200 808571 64500 79035 2
RL64B 4 306300 -| 283200 - 10
RL100B 2 680000 19550 2

IC67 2 41/22950 | 45/37900| 41/15290| 40/12375| unknown
IC67 4 65/16530| 86/42460| 103/39780| 72/25850 - | unknown
IC151 2 58/19990| 73/44220| 110/46500| 66/25465| 67/22000| unknown
IC151 4 126/40760| 218/43550| 256/41510] 208/26895 - | unknown

Tab.2. Experimental results for SGA variants, BMDA and BOA algorithms,

InFig.2 a comparison of BOA and BMDA algorithms is done for the case of bisection of graphs RL36B, RL48B
and RL64B. The BOA algorithm for k=3 performs very well. In a) part the dependency of the minimal
population size on the problem size and in b) part the dependency of number of fitness evaluations on the
problem size are shown.

In Fig.3a the performance of BMDA, BOA for k=3, SGA and SGAH is presented for the bisection of graphs
mentioned above and for RL100B graph. It is evident that the BOA algorithm gains on all the algorithms used
for bisection. BMDA converges much slower namely for RL100B graph. The SGAH algorithm is good enough,
better than BMDA and worse than BOA. The SGA algorithm performs very purely with great number of fitness
evaluations; in case of graph RL100B the global optimum was not reached during five independent trials. In case
of graph RL48B the global optimum was reached only in three of five trials (the item in Table 2 was signed by
asterisk),

In Fig3b the results of multi-way partitioning of graph RL36B are presented for m=2,4 and 6. The SGAN
algorithm with positive normalization performs quite well, the SGA performs purely. BMDA and SGAH
algorithms perform good enough for quadrisection but for 6-way partition the number of fitness evaluations
rapidly increases. The relatively good results are due to the small size graph used for partitioning. The multi-way
Partiioning for m>+ seems to be a hard problem for great size of problems.

During all the experiments the following range of parameters was used: for BOA and BMDA the 50% truncation
Selection (a subset of population for estimation of distribution), for BOA the parameter k=/-5 of Bayesian
Tetwork. In case of SGA and SGAN algorithms the crossover rate R.=0.5, mutation rate R,=0.05 is used. In
iC:SG odf SGAH algorithm crossover rate Rc=0.5, mutation rate R,,=0.01- 0.05, H,=5 -10, H;= 10-30, H, = 10-30
used,

Generally, for SGA variants, the problems with proper setting of various heuristic parameters to prevent the
Premature convergence occur. ,

. Case of partitioning of the hypergraphs IC67, IC151 (see Table 2, part B), the population size is set to a
Wnimum valye N=550 for BOA and BMDA as well; the number of evaluations is limited to 27500. For SGAH




algorithm R= 0.01, H,=5, H;= 20, H, = 20, for SGA and SGAN Ry= 0.05, R.= 0.5, the population size N=100,
the number of evaluations is limited to 50000 for all the SGA variants.

-

Bisection of graphs RL36B, RL4EB, RLB4B Bisection of graphs RL368, RL488B, RL64B
using BMDA and BOA for various K using BMCA and BOA for various k
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Fig2 a) The minimum size of population found to reach the global optimum for regular graphs RL36B, RL48B,
RL64B, b) Number of fitness evaluations for bisection of regular graphs RL36B, RL48B, RL64B to reach the
global optimum. The range of used population size was 500-3000 for BMDA and 430-3200 for BOA.

* Bisection of graphs RLSGB, RL48B, RLE4B Multi-w ay partitioning of graph RL36B
for SGA, SGAH, BMDA and BOA for k=3 for m=2, 4, 6
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Fig3 a) Number of fitness evaluations for bisection of regular graphs RL36B, RL48B, RL64B, RL100B to
reach the global optimum, using algorithms SGA, SGAH, BMDA and BOA for k=3,. The range of used
Population size was 200-700 for SGA, 100-200 for SGAH, ‘500-20000 for BMDA(3000 for RL36B) and 335-
850 for BOA, b) Number of fitness evaluation as a function of number of assemblies m for graph RL36B, (for
¥ axs log-scaling is used).
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5 Conclusions

The paper describes shortly three types of genetic algorithms.. The first one (SGA) is based on the schemata
theory, the second one (BMDA) on an estimation of the distribution of promising solution, the last one BOA
uses the extra techniques to model data by Bayesian network.

We have focused on the implementation of SGA and BMDA version of genetic algorithm and adaptation of
BOA program with the aim to compare their performance and efficiency. From the experiments it is evident
that for bisection of regular test graphs the best performance offers the BOA algorithm with small amount of
evaluations and size dependency. BMDA algorithm works well on the bisection of graphs up to 64 nedes; for
'RL100B graphs the number of evaluations increases dramatically. The SGA algorithm performs very purely, the
number of evaluations is very high and it failed for the RL100B graph. The SGAH version with heuristics seems
to be a good tool but it is very sensitive on setting various parameters and it often gets stuck in local optima. The
bad performance of SGA seems to be caused by phenomenon of building block disruption.

The multi-way partitioning is a hard problem for all the algorithms. The BMDA algorithm works well enough
but only for relatively small problems. The SGAN with positive normalization of partitions works best of all but
for small problem and with the tendency to get stuck in local optima.

Our contribution can be seen in the extension of BMDA algorithm to the finitg alphabet encoding of
chromosomes to be able to solve the task of multi-way partitioning graphs. We have also proved the efficiency
of the modified BMDA algorithm using the same heuristic procedure as in the SGAH algoritim. The
performance of this version of BMDA is very similar to the original one. We have also implemented the
modified K2 metric for BMDA instead of Pearson’s statistics without remarkable influence. ;

The future work will be focused namely on an exploration of the BOA version with finite alphabet encoding for

multiple partitioning graphs and placement problem. Other activities will be directed towards the usage of EDA
algorithms with problem knowledge.
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Abstract. This paper is an experimental study on an utilization of additional
knowledge about the decomposition problem to be solved. We have demonstrated
this approach on the hypergraph bisectioning that can serve as a model of system
decomposition in common, data base decomposition etc. We have focused on the
extension of the Bayesian Optimization Algorithm BOA. The extension of the
original BOA algorithm is based on the usage of a prior information about the
hypergraph structure. This knowledge is used for both setting initial Bayesian
network and the initial ,population using injection of clusters to improve ‘the
convergence of the decomposition process. The behaviour of our version KBOA is
tested on the set of benchmarks, such as grid and random geometric graphs as well
as real hypergraphs. '

1 Introduction

The decomposition of the system such as communication networks, complex data base
system and VLSI layout are usual tasks to be solved. These tasks can be oftén formalized as
a hypergraph partitioning into k partitions — it is a well known problem of graph theory.
This paper deals with the case of 2-way partitioning called bisectioning. If necessary the
k-way partitioning can be realized by a series of the hypegraph bisectioning.

Many heuristics are used to solve this NP-complete problem. We can refer to the well
known paper [1], where a good overview of the efficiency of known local search techniques
as well as simulated annealing is presented. A very good survey about netlist partitioning
techniques was done in [2], where the geometric representation, combinatorial
formulations, move-based and clustering approaches are discussed. The interesting hybrid
genetic algorithm is described in [3]. The authors have used a simple genetic algorithm

(GA) [4], with reordering of graph nodes to receive shorter schemata/building blocks so

as to prevent the disruption of schemata mainly of large defining length.

The problem of schemata disruption has been intensively studied in GA community
during few last years. As a result a new class of promising approaches based on an
estimation of the joint distribution of promising solutions (EDA) was proposed in [5], [6]
and recently new ideas in [7], [8].
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We focus in this paper on an extension of Bayesian Optimization Algorithm BOA [5],
[9], [10] based on the problem knowledge to speed up the convergence of optimization
process during hypergraph bisectioning. '

The paper is organized as follows. In chapter 2 and 3 the problem formulation is
declared and cost function is defined. Chapter 4 presents the original BOA algorithm which
allows to understand the ideas of knowledge based approach presented in chapter 5. In
chapter 6 benchmark tests are specified and experimental results are discussed. In chapter 7
the conclusions and research activities for the future are summarized.

2 Problem formulation

More formal, the particular bisectioning problem can be defined as follows: Let us assume
a hypergraph H=(V,E), with n = |V] nodes and m = |E] edges. We are supposed to find
such a bisection (V1,¥2) of ¥ into equal sized parts (/¥ /=/V2/, V= ViU V2 ) that
minimizes the number of hyperedges which have nodes in different set V1, V2. The set of
external hyperedges can be labelled as Ec., (V1,V2). The primary objective function/cost of
the hypergraph bisectioning is the number of external hyperedges, shortly called cut size:

c(ViV2)= lEca ViV | = [ fec El enV; %0, enV; %0} | (1)
This is the case of strongly balanced bisectioning. Next, we define the set M(v) of
hyperedges incident to node v and the set N(v) of nodes that are neighbours of node v:

My)={ecEvee} ' (2)
Using the previous equation the cost can be expressed as '

c(VL,V2)= [uM) [+ [oMp) ] -m ()
veV; vel,;
The immediate/first neighbours of a node v:
Nv) = {u [Fe v,uce v=u} 4)

The degree of node v is defined as D(¥) = INW) /.

An example of the hypergraph with
8 nodes and 5 hyperedges is shown in
Fig.1. The bisection of the hypergraph
resulted in  Vi={v, va vy v,

Vo = {vs, vs v; vs). The extemnal
hyperedges  Ecu(V1,V2) = {es e, cut
size c(V},V3) = 2. ' :

!
Fig.1 The bisection of a hypergraph
3 Solution encoding

For the BOA algorithm the following ordinary encoding of the solution is used:

Table 1. The ordinary solution encoding for bisection of hypergraph.

Chromosome/String | Meaning
| gente value* ¥|ine171:001° 0 09170 150 Partition number
locus value 12345678 Hypergraph nodes
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Each solution of the bisection is represented by a chromosome, which is a binary string
X=(x), X2, ..., X, ). The gene value x, represents the partition number, the index of locus
specifies the node in the hypergraph. It is possible to express the cost function using the
string encoding. In case of hypergraph bisectioning the cost function can be expressed
using the equation (3):

c(V1,V2) = t//u_f\;f(i) [+ V/L_/gf(v [-m, fori=l,..n (5)

In case we define a dummy node v, with M(vg)=£&7, we can transform the last equation
into: “

c(VLV2) = UM x) [+ [UMG (1<) ] -m, ~ fori=l..n, - (6
where M(i) is a set of hyperedges incident of node i.

ALY

4 BOA algorithm

~ In the simple genetic algorithms the standard crossover and mutation operators for

offspring generation are used. In the last few years there has been a growing interest in the
field of Estimation of Distribution Algorithms (EDAs) also called probabilistic model-
building genetic algorithms, where crossover and mutation operators are replaced by
probability estimation and sampling techniques. They use statistical information contained
in the set of selected parents to detect gene dependencies. The estimated probability model
is used to generate new promisj g solutions according to this distribution. The process can
be described as follows:

Generate initial population of size N (randomly);
While termination criteria is false do
begin
Select parent population of S individuals according to a selection method (SSN);
Estimate the distribution of the selected parents; :
Generate new offspring (according to the estimated model);
Replace some individuals in current population by generated offspring;
end

There are various probability distribution models with different complexity.

In BOA (Bayesian Optimization Algorithm) [5] Bayesian network (BN) is used to
encode the structure of a problem. Each gene in the chromosome is treated as a variable and
represented by a node in the dependency graph. For each variable JX; it is defined a set of
variables Iy, called parents it depends on, so the distribution of individuals is encoded as

n-1 :
P =TT o, 111, ) | (7)
Generally, the existence of oriented edge from Xj to X; in the network implies that the
variable ; belongs to the set IT, . To reduce the space of possible networks, the number of

incoming edges into each node is limited to k. According to results in [10] we have limited
the parameter & in our experiments to be three.




54 J. Schwarz and J. Odendiek / Evolutionary Algorithm KBOA

Example of Bayesian network for 5 variables: '

(e —
)
6

The corresponding joint probability distribution is
p(X) = p(X;) p(Xo | X3) - p(X3 | Ko, X)) p(X, | X, X)) p(X, | X3) (8)

The Bayesian Dirichlet metric (BD) [11] is used to measure the quality of the network:
a1’ m'(zy )! (r' (xjyx)) + mlx;, 7y )
D,B|&)=p(B : ' , ©)
2D B1)=pPBION Ty + mig s i Garrg)!
where £ is the prior information about the problem, D is the population of parents and
p(B| &) is the prior probability of the network B. The product over x; runs over all instances

of the variable X; and the product over T x, Tuns over all instances of the set of its parents

My, . The term m(xy,) stands for the number of occurrences of the tuple 7, in the
population D and m(x;, 7y, ) stands for the number of individuals in D having both X; set to

_ x; as well as Ily, setto 7, . The prior knowledge on the probability distribution is
represented by numbers m'(7 y ) and m'(x;,7 x,) representing the expected m(z,) and
m(x;, 7 x,) values. The detailed description of the prior parameters is in the next section.

If no prior information is available, the simpler K2 metrics can be used. It is a special
~ case of BD metrics having all prior counts m'(x;,7 x, ) set to 1 and all prior counts of parent

configurations m'(7y ) set to number of possible values on i-th position (equal to 2 for

binary chromosome). ,

Many algorithms can be used to build up the network. The optimal search is NP-hard,
thus in the implementation a simple greedy algorithm was used with only one edge addition
in each step. The algorithm starts with an empty network B and the edge giving the highest
increase of metric value is then added to the network B. This process is repeated until no
more addition is possible.

Afer network is constructed, new instances/solutions are generated. First, the
variables/nodes of BN are ordered in the topological order and each iteration, the nodes
whose parents are already calculated are generated using the conditional probabilities. This
is repeated until all the variables are generated.

5 Knowledge based KBOA algorithm

For many combinatorial problems the information about the structure of the problem is
available. If the information is complete, the dependence graph can be constructed in-hand
by the expert. This method is used in the FDA (Factorized Distribution Algorithm) [6]. In
our case, the structure of the problem is given by the list of edges between hypergraph
nodes but the decomposition of the problem in the sense of FDA is not simple because the
variables of the cost functions are overlapping. We can only expect that adjacent nodes in
the hypergraph are dependent but we have no exact knowledge about the degree of
independence between non-adjacent nodes. o
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The goal of our approach is to use modified BOA algorithm to investigate the structure
of the problem together with the partial (local) information about the linkage to improve the
performance of that algorithm. Three possible approaches were tested:

o The first one was based on the prior information about the problem in the BD metric.
The term p(B| &) represents the prior probability of the network B. We use a simple

assignment p(B|¢&) = cx% , where c is a normalization constant, x € (O,I] is a penalty
constant factor and & is the number of edges in the final Bayesian network having no
match in the hypergraph to be bisected. The greedy algorithm that constructs the
dependency graph using only one edge addition in each step, prefers edges existing
- between adjacent nodes of hypergraph (local information about the problem) with the
setting & to be zero. When no such edge exists, a penalization is used by setting & =1.

e The prior knowledge about the bptimized problem is also represented by numbers
m'(xx,) and m'(x;,7x,) . It can be shown, that the values of m'(zy,) and m'(x;,7x,)
express our belief in the accuracy of the values m(7zy,) and m(x;,7y,)- When these

values increase, the BD .metric will tend more towards the prior assignment of
distribution, when those numbers decrease the influence of sampled values m(zy,) and

m(x ,7x,) becomes more significant. Our experiments with this type of information
were not too promising, so we used the original uniform assignment.

e The standard BOA uses the random set of solutions in the initial population. We have
tested the usage of the initit population based upon the knowledge of the hypergraph

structure. Initial solutions are affected by injection of clusters of predefined size. The
detection of such a cluster in a hypergraph is shown in the Fig. 2:
: o

~ Fig.2. Clustering technique

First, a random node is selected to be the seed of the cluster. Then the effect of addition
of each neighbouring node is expressed by the number of external and internal hyperedges
incident of this node. Each step the node having minimal ratio external/internal edges is
selected. When maximum size of cluster is reached or all neighbours are selected, next
cluster is created. The cluster injection serves as a source of low-order building blocks.

6 Experimental results
6.1  Test graphs

The four types of graph structures are used:

1. Regular graphs Gridn.c with grid structure [3], [10] where the notion n specifies the
number of nodes, ¢ specifies the minimal cut size. As an example a bisection of graph
Grid100.2 is represented in Fig.3a having a 2-edge bottle-neck in the dashed cut line.

2. Random geometric graphs Un.d [1], [3]. Random geometr'ic graph on n vertices is
placed in the unit square and coordinates of its nodes are chosen uniformly.
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There exists an edge between two vertices if their Euclidean distance is / or less, where
the expected vertex degree is specified by d = nz P,

3. Caterpillar graphs CATk n [31, with k articulations, six legs for each articulation, and n
nodes, see Fig. 3¢ with k=3 and n=21. This type of graph serves as a hard benchmark.

i L L &L L4 J
S SE4 b EEd
------- e e R
s s L L L L L L
il el il
e daadd Ll
ool e il i ol ol ol

Fig.3a Grid graph ‘A Fig.3b Geometric random graph Fig.3c Caterpillar graph

4. Hypergraphs representing real circuits labelled by ICn [12]. The global optima is not
known. The hypergraphs can be also specified by pair nodes/edges: IC67/138;
IC151/419, IC116/329, Fractl49/147. The structure of these circuits can be
characterized as a random logic.

6.2  Results of the hypergraph and graph bisectioning

We have performed various experiments to demonstrate the efficiency of the developed
| algorithm KBOA comparing to the original BOA algorithm.

80 350
70 @ best_known = best_known —
; g [ lmxBoa & 3001 KBoA |
; # 50 e @ 250 4— =
1 3 ﬁ 1 g 200 {—10BOA - 4
] g & 150 ||
ﬁ e £ 100 ]
3 2 20 - 2
i < 40 < 50 —
4 - , E 5 | = |
: IC116 IC151 Fract149 U250.10 U250.20 U500.10 U500.20
E N=500 N=600 N=600 N=1000 N=1000 N=2000 N=2000
a) b)
40 @ best_known 4,5 — B best known
35 HKBOA - — 4 11mKBOA 1
-] @ 4] | —]
XL 0BOA — — 5 3-: 0BOA u
525 | 3 —
o 20 HE 2,5 —
& & 2 —
e 15 — —iC 45 ||
210 L S
< T 19 ]
5 e 4 -
0 | Em— .o | - : ;
Grid100.2, N=500 Grid196.2, N=800 Grid256.2, N=1000 Cati4_98, N=500 Cat20_140, N=600 Cat26_182, N=750| *
c) d)

Fig.4 Average and best known cut size for BOA and KBOA a) on real hypergraphs, b) on geometric random
graphs c) on grid graphs, d) on caterpillar graphs
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Fig. 5 Cluster size versus average cut size for IC151 Fig. 6 Evolution of building blocks

In Fig. 4 the comparison of BOA and KBOA is shown for four groups of graphs. The
best known solutions are determined by KBOA itself or well known hMetis program[13].
We performed ten independent runs for KBOA and BOA on each of the 14 test graphs of
various type and size. The population size is the same for BOA and KBOA and it is set to
the value for which the KBOA was successful for all ten runs for the case of grid graphs.
Generally, for other types of graphs the population size was increased linearly with the size
of the problem (as suggested in [8]). The KBOA outperforms BOA in all tests of
hypergraph bisectioning. The time consumption for both algorithms is comparable due to
equal population size. Let us note that BOA algorithm is theoretically capable to reach the
similar cut size as KBOA but with about five times greater population size (for our test
graphs) and thus with a rapid increase of computation time. |

In Fig. 5 the performance of KBOA algorithm on the hypergraph IC151 for different

~ sizes of injected clusters is showit: The size of clusters is expressed as a percentage of the

number of hypergraph nodes. The proper value about 5% is used in all our trials. In the case
of the smaller cluster injection, the growth of proper building blocks is weak and the
opposite case of the injection of too large clusters leads into local optima.

In Fig.6 the growth of average value of building blocks order (ABB) in the population
is depicted. This experiment is done for grid graph Grid100.2 with cluster size as a
parameter. For the experiment the population size is set to N=300-2400 for KBOA and to
N=2400 for BOA to get the global optimum for all sizes of cluster. Because two
symmetrical optimal solutions exist, we separate all the chromozomes into two groups
according to their similarity to each of the possible solution and the calculation of ABB
based on the Hamming distance is summarized. It is clear that for small cluster size and
BOA the average order of BBs in the first generation is about 50% which is typical for
initial random population. A strong influence of the cluster size on the speed up of the
evolution is evident. Let us note that in the 1% KBOA the cluster injection is not used and
it is affected only by the phenomenon of prior probability (penalization) of the Bayesian
network (see chapter 5) and only this phenomenon differentiates 1% KBOA from the BOA.

7 Conclusions and future works

In this paper we presented KBOA algorithm as a promising enhancement of the original
version of probabilistic model-building genetic algorithm BOA [8], [9], [10]. The both
algorithms use Bayesian network to model multivariate data as a mean of estimation of
distribution of promising solutions. Although the BOA is powerful tool for solving hard
optimization problems inclusive class of deceptive problems there are open questions to be
solved e. g. the time complexity for very large problems, the setting of population size and
parameter k (the complexity parameter of BN) for current problem, etc.
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Our goal was to incorporate a problem knowledge into the whole process of BN
construction. Firstly we applied the prior probability of the Bayesian network expressed by

~ the term p(B|¢)= cx? . The essence of this approach lies in the penalization of edges of

BN having no match in the hypergraph. The influence of this phenomenon can be
recognized in Fig.6 on the comparison of 1%KBOA and BOA as a slight increase of
convergence speed for 1% KBOA. The concept of cluster injection into the initial
population detected on the hypergraph structure seems to be a really promising tool for
enhancement of the population genotype. This phenomenon leads to the meaningful
reduction of cost function and population size. This approach can be used for another
optimization problems but with particular problem knowledge.

. Future activities will be directed towards an efficient construction of the dependency
graphs using the techniques of parallel processing and on a hybridizing of KBOA algorithm
using local improvement to enhance genotype not only in the initial population but also
during the evolution. '
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Abstract: This paper deals with an adaptation of the genetic partitioning algorithm BOA, based on the
estimation of distribution of promising solution, for the placement of the hypergraph nodes into the regular
structure of allocations. This task is a simplification of the placement problem encountered in PCB design or
more complex case of physical layout of gate array on VLSI chip level. We present top-down placer based on
the recursive bisectioning of the hypergraph/circuits. The hypergraph is repeatedly divided into densely
connected subgraphs so the number of nets among them is minimized. We compare performance of our placer
with the one based on the hybrid GA algorithm and Breuer's force-directed algorithm on artificial and real
hypergraphs.

Key words: placement problem, hypergraph bisectioning, simple and advanced G4, estimation of distribution,
BOA algorithm, Bayesian network, top-down placer.

L (\
1 Imtroduction

With modern technology the circuits used nowadays become more and more complex and their design must be
based on sophisticated methods. In the printed circuit boards PCB and VLSI design process five steps are
offered: specification, logic design, physical design, fabrication and testing. The physical design phase is an
important part of this process. It can be formulated as a mapping of circuit description into a physical layout in a
target technology. The circuit is often represented in the form of a netlist. The resulted layout describes the
geometric representation of all components of the circuit and shapes of the interconnection wires. Multiple,
competing criteria have to be optimized with a large number of non-trivial constraints. The main concem is to
find a layout with routable nets and fulfil constraints on the timing delay of critical nets/signals. The important
phase of physical design is the placement of circuit elements/cells into the layout area.

1.1 Survey of heuristics

Many different techniques are used to solve the placement problem. Min-cut placement methods use the known
strategy of divide and conquer, recursively applying min-cut bisection to embed the circuit into layout carrier
(1], (2], [3]. Numerous other placement methods have been proposed including force-directed [4] as well as
simulated annealing [5]. Recently a new enhancement of min-cut partitioning(useful for placement) was
published which validates the multilevel partitioning paradigma for hypergraphs with efficient implementation
[6]. A renewed bisection and quadrisection method for standard cell placement is described in [7); [8]. Each of
the methods can be adapted for many layout styles-PCB, standard cells, sea of gates, gate arrays and macro-cells.

L2 Fuzzy logic for VLSI CAD

Fuzzy set theory has been applied in many areas of engineering and science. Application of fuzzy controllers in
control system and commercial applications are well known. Computer-Aided VLSI design represents a complex
hierarchical structure of design phases with multiple competing objectives and various constraints. The majority
0f algorithms used are heuristics that are based on the human knowledge about the problems. To express such a
knowledge we can use fuzzy logic with its linguistic terms. One of the typical application is the multiobjective
decision making [9). In the process of cell allocation a set of rules is investigated resulting in deciding whether
the placement including the cell is acceptable. Fuzzy logic is also able to transform the multiobjective function
Which is naturally a vector function toa scalar function that serves as a simple knowledge for making decision
10 iterative placement procedures. '

3 \—‘_-_;
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Another contribution to VLSI design is in [10] where a Fuzzy partitioning system FPS is described. The
partitioning system employs two basic data structures, cells and net array. To each cell the set of associated net is
specified and for each net a set of its cells is declared. To each net four parameters are specified: cell-cell
connectivity Ce, cell net connectivity C,, net-assoctativity N, as number of cells associated to the net and N,
representing the weight of the net. These four parameters enter in the inference engine which computes the two
outputs - cell and net index. This crisp values enter into the classical non-fuzzy procedure which forms initial
clusters and then coalesces them into bigger cluster. The FPS system was tested on the benchmark circuits of the
[SCASS89 suite. The FPS is comparable to well known Fiduccia-Mattheyses iterative-improvement techniques
but only for smaller problem size up to 500 nodes. Because of very low time complexity of FPS algorithm it can
serve as a quick procedure producing a good initial solution for another iterative algorithms e.g. for a placer
based on the partitioning techniques.

1.3 Genetic algorithms

Genetic algorithms are often used to solve hard discrete optimization problems due to their robustness and ability
to find a few suboptimal solutions concurrently what allows to choose a proper solution under additional
criterion. The VLSI macrocell placement problem which lies in allocation of macrocells of different shapes and
size on the chip carrier minimizing its area appears often in chip layout. To solve this hard problem, placement
of objects on the free plane a hybrid genetic algorithms were developed [11], (12] using binary and/or binary
slicing tree for encoding of the solution. A simpler problem seems to be the placement of objects into discrete
positions of the PCB or gate array. In the past we designed and tested simple [13], [14], and parallel [15] genetic
algorithm for PCB layout style with path type chromozome for problem size up to 150 circuits elements. For
larger problems we found that it is useful to accept the recursive decomposition of circuit to reduce the problem
size. Instead of often used heuristic we attempted to investigate a new approach of bisectioning-oriented placer
based on the genetic partitioner BOA published recently in [16].

2 The placement problem

The placement problem solved in this paper is focused namely on PCB layout style which allows to compare
performance of our placer with the placer based on the hybrid genetic algorithm [13] and older but very
interesting force-directed placement algerithm [4]. Let us note, that the proposed algorithm is adequate for gate
array layout too. The problem of circuit placement can be formalized as follows: Let us assume a hypergraph
=(V.E), representing a circuit with n=|¥] nodes coresponding to a n netlist elements (cells, gates), and m = |E]
edges corresponding to signal nets and a position graph G=(P,D) representing) p= [P| locations and d = |D|
edges connecting the adjacency positions with unit distance. The positions (slots) are organized upon the layout
styles. We consider the layout style of PCB and gate array, see Fig.1. The set of slots forms a regular structure
of locations for circuit elements (represented by circles) with ¢ columns and » rows. The external signals are
connected to the connector (represented by rectangles). In case of gate array one segment of connector is
assigned to each row and column of locations. In case of PCB only one row of connector segments is used.
The placement problem can be defined as a placement of hypergraph nodes ¥ into a regular structure of
discrete locations P in two-dimensional plane called carrier. The goal is to find one-to-one mapping Jp i VP
such that the objective function is optimized. The placement is legal if elements are not overlapped and are
Placed to prescribed locations.

PR ——:E—g_‘ T
ZO OO0 Ol=z |Wc:~,\rc*f“» [ G—e—e—a ]
# O OO0 0|z B &{f:zf's G———0
#Z 0O OO0 O= ]’—é ::EMI | C——5—a |
#0000 O|= zr:cr:cpﬁ%l | 959 |
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Fig.1 Layout style a) for gate array; the associated position graph b) for gate array, c) for PCB.

I our case the goal is to minimize the total net length. The length of nets is estimated by the half perimeter (HP)
Of the minimum enclosing bounding box of the placed elements of each net. It is easy to compute and it is

;ﬂeﬂ used as standard measure of the net complexity. A better model of the net length is the minimal spanning
te MST.
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3 The BOA partitioner

The BOA partitioner [16] for hypergraph bisectioning is based on the BOA implementation published in [17].

The particular bisectioning problem is defined as follows: Let us assume a hypergraph H=(V.E), with n =]

nodes and m = |E] edges. We are supposed to find such a bisection (¥,V2) of ¥ into equal sized parts (/1 /
=/v2/, v=viLz J that minimizes the number of hyperedges that have nodes in different set V1, V2. The set
of external hyperedges can be labelled as E.. (V1,V2). The objective function is the number of external
hyperedges, shortly called cut size:

cViVa)= [EcaViV) [ = | fecEl erlvy =0, ervy =0} | (D

It can be proven that the sum of half perimeters equals the sum of cut size (canonical set of horizontal_gnd
vertical cuts placed between neighbouring columns and rows) which is often used as a criterion in decomposition
algorithms [1]. : .
The BOA pertains into the field of Estimation of Distribution Algorithms (EDAs){18] often called probabilistic
model-building genetic algorithm, where crossover and mutation operators are replaced by probability estimation
and sampling techniques. It uses statistical information contained in the set of selected parents to detect gene
dependencies. The estimated probability model is then used to generate new promising solutions according to
this distribution. The process can be described as follows:

Generate initial population of size N (randomly);

While termination criteria is false do

begin
Select parent population of M individuals according to fimess function (M<N);
Estimate the distribution of the selected parents and construct the Bayesian network BN:
Generate new offspring according to the estimated model and BN network;

Replace some individuals in current population by generated offspring;
end

»

In BOA the Bayesian graph/network encodes the structure of a problem. The bisection of the hypergraph is
encoded as a binary string X=¢X,, X; ..., ). Variable X; be equal to zero or one according to assigning of
i-th node of hypergrah to one or second partition. The variables are not independent due the phenomem{l _of
epistasis. For each variable X; it is defined a set of variables IT, called parents it depends on, so the probability

distribution of individuals is encoded as
n-1 )
pX)= _I'ngY.- IH.r,-) (2

As an illustration the six-nodes elementary hypergraph is considered for the bisectioning and one associated BN
network is shown in Fig. 2. Using a contingency table (including bivariate marginal probability of variables in
current population) each variable using conditional probability can be generated sequentially beginning from X;
to .Yg.

1 (2) 3 (%2) (x1) (xe)

O—®) 5 x
Fig.2. A simple bisectioning problem (left) and one of its Bayesian network (rights).

Notice, the existence of oriented edge from X; to X; in the network implies that the variable X; belongs to the set
x, -To reduce the space of possible networks, the number of incoming edges into each node is limited to k=3.

B The top-down recursive placer

- The ideg of top-down recursive bisectioning-oriented placement is based on repeated division of a given
- SUWhypergraph into subhypergraphs to optimize a given bisectioning objective e.g. cut size ¢ (V,¥z). With
Each bisectioning of the circuit, the given layout area/carrier is bisected in either the horizontal or the vertical
has tion. Each subhypergraph is assigned to a partition. This process is repeated recursiYely until thfa sut?gn?ph

. Only one node/elements - the element can be mapped to an unique position on the carrier. When bisectioning
:s"thDergmph it is necessary to account internal nets in the current subhypergraph as well as the external
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connector segments and other elements in another higher-level bisection. This concept called terminal
propagation was involved by Dunlop and Kernighan [19] that adds to the current netlist dummy elements that are
fixed in the currently processed bisection. In our approach these elements remains in the centre of their higher-
level block and are included in the caiculation of half perimeter of all nets associated to current element. The
top-down recursive bisectioning algorithm is described as follows:

Push the basic block representing original placement problem onto the queue;
While gueue of blocks is not emply do
begin
Pull the block from queue;
if Block is trivial (includes only one element) then
Map the element to unique position else
begin
Specify internal netlist and dummy elements;
Apply BOA bisectioner for block bisectioning into two subblocks;
Push each block onto the queue;

end
end
InFig.3 the process of recursive bisectioning of layout area is shown. The original block is divided by vertical
cut into two blocks B1, B2. In the blocks two free elements V and W are shown. The block B1 is divided into
block B11 and B12 by horizontal cut. During the cutting the element W is taken as dummy element and placed
in the centre of B2. When block B2 is divided by horizontal cut into blocks B21 and B22, the element V in the
centre of B11 serves as dummy element that influences the shift of the element W into block B21. Finally the
division of block B11 into B111 and B112 is shown resulting in the shift of the element V into block B112
closer to element W. The effect of dummy modules in our implementation is replaced by minimization of HP
associated to elements Vand W.

B1 1 B2 B1;L B2 B11 B21 B111)8112{ B21
' \ i % W VLW
.-———:—-—t --------------- =
v o+ W w
[}
E B12 B12 | B22 B12 | B22

Fig.3 Example of cut sequence and dummy elements phenomenon.

5. Experimental results

5.1 Test graphs

The two types of graph structures are used:

1. Grid graphs Rn, Rn.B with grid structure [2], (16] where the notion n specifies the number of nodes and B
the existence of bottleneck in graph structure. As an example a grid graph RLI0O is represented in Fig.4a
and RL100B in Fig.4b having a 2-edge bottle-neck in the edge structure.

2. Hypergraphs representing real circuits labelled by ICn [4], [16], [20]. The global optima is not known. The
hypergraphs can be also specified by 1/419.

Fig.4 Grid graphs a) RL100 with full grid structure, b) RL100B with the bottleneck

The parameters of the placement problem solved are in the Table 1. The fixed elements are placed into the

-
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connector segments. The number of the rows includes one row of the connector segments.

Parameters
Circuit | Elements Free Nets | Connector Rows Columns -
elements segments
RL64 64 56 112 8 3 8
RL64B 64 56 106 8 8 3
RL100 100 90 180 10 10 10
RL100B 100 90 172 10 10 10
I1C67 67 52 138 15 5 15
IC151 151 136 419 15 11 15

Table. 1. Parameters of placement problems.

5.2 Performance of the placer

To test the BOA placer some experiments were done. Six circuits was used to compare the performance, see
Table 2, of our BOA placer with a classical but sofisticated genetic algorithm GPLACE [13] and force-oriented
placement algorithm [4]. The results of FORCE algorithm are relevant to parameter epsilon=0.001 which
specifies very small final level of the force system equilibrium leading to very good results. The time complexity
is expressed only by number of cycles; each cycle represents one step of the numerical solution of a system of n
nonlinear equations that models the shift of 7 nodes along the free plane. For each benchmark five independent
trials were done and the average values are presented.

The GPLACE genetic algorithm was performed with best known parameter values: in case of graphs IC67 and
IC151 the number of population N,=30, offspring rate R,=0.3, mutation rate R,, =0.02 are used and inversion
operator was switched off. Each tenth generation ten pairwise exchanges of genes leading to cost improvement
are done. The stopping criterion is activated when during the epoch of 500 generation the total length of nets
represented by HP is not changed. In case of regular graphs the inversion operator an dynamical setting of
mutation must be activated. The BOA partitioner as the genetic core of BOA placer is set in the following way:
the population size N is taken from the interval <650, 1500> as a minimal successful value with respect to the
conclusion done in [16], the 50% selection truncation is used (M/N= 0.5), the maximal degree of BN nodes
k= 3. The experiments were done on the 100MHz PC computer.

Table 2 Comparison of the placers : n - number of nodes (size of problem), N; - number of generations,
N-population size for BOA algorithm, HP - half perimeter (cost), MST- minimal spanning tree, TIME -
computational time in minutes, cycles - number of steps of the numerical optimization process.

6 Conclusions

We have developed a top-down placer based on the BOA recursive partitioner. From Table 2 it is evident that
the BOA placer produces global optimum for grid graphs that serve as hard benchmarks. For the hybrid genetic
algorithm GPLACE it is difficult to find the global optimum for the grid graphs and all the sofisticated tools of
algorithm have to be activated, namely the dynamical setting of the mutation and the inversion operator. In case
of random logic - hypergraphs IC67 and IC151 the results are comparable in MST value for all the methods. The
time consumption of BOA placer depends namely on the problem size and is mainly influenced by the first
bisectioning of the original hypergraph. The time complexity of the BOA placer can be estimated as O(n*?) for
0<100. Let us notice that the only minimization of MST value can cause wire congestion in some local area of
the layout - it holds namely for the GPLACE and FORCE algorithm. From the nature of BOA placer follows that
the probability of the congestion is minimized due to minimization of cut size between each pair of currently
divided blocks. Our contribution can be seen namely in the extension of the BOA application and
dcknowledgement of BOA robustness in optimization of discrete combinatorial problems. The main problem
Still lies in proper choice of cut lines - we used a slightly modified standard approach based on the periodical
Change of vertical and horizontal cuts. The future work will be focused namely on an exploration of the BOA or

MDA placer to a quadrisection version which can solve cut ordering problem. Other activities will be directed
'Owards the usage of BOA placer for the other layout styles.

p—
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Abstract: This paper deals with the utilizing of the Bayesian optimization algorithm (BOA)
for multiobjective optimization of hypergraph partitioning. The main attention is focused on
the incorporation of the Pareto optimality concept. We have modified the standard
algorithm BOA for one criterion optimization according to well known niching techniques
o find the Pareto optimal set. This approach was compared with standard weighting -
techniques and the single optimization approach with the constraint. The experiments are
focused mainly on the bi-objective optimization because of the visualization simplicity.
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1 Introduction

Many real-world problems have multiple often competing objectives. While in the case of
single-objective optimization the optimal solution is simply distinguishable, this is not true for
multiobjective optimization. Historically, multiple objectives have been combined to form a
scalar objective function through weighted sum of individual objectives or by turning
objectives into constraints. But setting of weights and specification of penalty functions is not
a simple task and these values can be found only experimentally. The better approach lies in
finding all possible trade-offs among the multiple, competing objectives. These solutions are
optimal, nondominated, in that there are no other solutions superior in all objectives. These so
called Pareto optimal solutions lie on the Pareto optimal front. There are many papers that
present various approaches to find of Pareto optimal front almost based on the evolutionary
algorithms. Let us mention here the well known niched Pareto genetic algorithm NPGA [1]..
A wide review of basic approaches and the specification of original Pareto evolutionary -
algorithms includes the dissertation [2], [3], [4] where the last one describes the original
Strength Pareto optimization algorithm SPEA. From the last period let us mention an
interesting Pareto-Envelope based Selection Algorithm PESA [5] which might outperform the
very good algorithm SPEA,

A_ll of these capable algorithms based on evolutionary algorithms (EA) have the common
disadvantage - the necessity of ad hoc setting of parameters like crossover, mutatic 1 and
selection rate. That is why we have analyzed and used one of the Estimation of Distribution
Algorithms (EDAs). These algorithms also called probabilistic model-building genetic
algorithms have attached a growing interest during the last few years because crossover and
Mutation operators used in standard GA are replaced by probability estimation and sampling
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techniques to avoid the necessity to specify the set of GA parameters. We will focus on one
of them - the Bayesian optimization algorithm [6], [7]. Recently we have published our
~ experience with this algorithm in [8] where single criterion optimization of hypergraph
bisectioning was described. In this paper we have focused on the bi-objective optimization of
hypergraph bisectioning. .

2 Préblem specification

Hypergraph partitioning is a well known problem of graph theory. We have investigated a
- special case of k-way partitioning for k=2 called bisectioning. If necessary the k-way partition
can be found by recursive 2-way bisectioning. The hypergraph model can be used for many
- application problems e.g. for systcm segmentation, network partitioning and VLSI layout.
The particular bisectioning problem is defined as follows: Let us assume a hypergraph
" H=(V,E), with n =|V] nodes and m = |E| edges. The goal is to find such a bisection (V1,V2) of
¥ that minimizes the number of hyperedges that have nodes in different set V1, ¥2 (1) and
the difference/balance of the partition sizes (2). The set of external hyperedges can be labelled
as Eqy (v1,V2) and the following cost functions are defined:

Cl (VL Va)= [Eai VV) | = | fec El eV # D, eV; 22} | 0]
2V Yy = 1 IV-VH S @)
For more formal specification of the problem, the following notation is used:
PP = (j{,_ X»..Xy) withX; e P, isthe population of the solutions/string/individuals
X is a string/individual of the population P the" length of whichisn
X = (xo X1..%n1) is a string/individual with x; €{0,1)}
. C(X) is the cost function of the string X" _
. ‘Each solution of the bisection is represented by a binary string X=(x X/, ..., X»s ). The
‘variable x; represents the partition number, the index specifies the node in the hypergraph. For

. the case of simple graph’ G(V.E.R) bisectioning we have derived the following two cost
‘functions on the bina:y string X- =_(xa, X/ ,er Xnt) to be minimized:

n=I
Cl= Zrl_‘i(Xi'ij"zx.ij) ) ‘ ) (3)
. =0 - .
T S .
' 5-C'2=|"§“',Ix:-"fjl(l—oxn[, : S : @
; ’ i=0 =0

_ where the coefficient r;eR equals to one in case the net/edge of the graph G exists between
node i and j, else r;=0. The cost CI represents the cut value of the bisection and the cost C2
expresses the balance/difference of the partition sizes. There are three approaches how to
solve this-2-objective optimization problem that will be described in the next chapters.

3 The BOA algorithm

The BOA algorithm is a population based evolutionary algorithm but the reproduction process
of individuals is replaced by probability estimation and sampling techniques. It uses statistical

. information contained in. the.. current . population to detect multivariate parameter
dependencies. The learned Bayesian network BN encodes a joint probability distribution
based on the conditional probabilities; the BN quality is estimated by Bayesian-Dirichlet
metrics. The estimated probability model is then used to generate new promising solutions
according to this distribution using the sampling process. The BOA algorithm can be
described as follows [7]:
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Generate initial population of size N (randomly);

While termination criteria is false do

begin T

Select parent population of M individuals according to fitness function fiX) (M<N);
Estimate the distribution of the selected parents and construct the Bayesian network BN; - -

" Generate new offspring according to the estimated model and BN network; '
Replace some individuals in current population by generated offspring; .

end 5

4 Multiobjective BOA algorithm

A general multiobjective optimization/maximization problém' MOP can be described as a

vector function f that maps a tuple of n parameters to a tuple of m objectives [4]: '
max y =f()=(i(%), o0 ful®)) ‘ S & e
subject to x = (xp, Xp.oiiXnt) € X " PR TR, g o i

oy =nyaeym) € X, o Tt e
where x is called decision vector, X is the parameter space, y is the objective vector, and Y is

the objective space. : B T

The set of solution of MOP includes all decision vectors for which the corresponding
objective vectors cannot be improved in any dimension without degradation in another - these
vectors are called Pareto optimal set. The idea of Pareto optimality is based on the Pareto -
dominance. A decision vector @ dominates decision vector b 'iff” fita )2 fi(b) for i=1.2,., m
with fit@ )> fi(b) for at least one i. The vector a is called Pareto optimal if there is no vector b
which dominates vector a in parameter space X. . T g e S d

In objective space the set of nondominated solutions lie on a surface known as Pareto optimal
front. The goal of the optimization is to find a representative sampling of solutions along the
Pareto optimal front. From the theory of Pareto optimal set it is-evident that the optimization
algorithms should be able to find - as many Pareto optimal _solutions as possible. The
techniques how to do it lies in keeping the diversity using some of the niching techniques.
Standard BOA is able to find mostly one optimal solution at the end of the optimization
process, when the whole population is saturated by phenotype-identical individuals. . :
We have implemented one variant of Pareto BOA algorithms (Pareto BOA), one variant of
non-Pareto weighted sum BOA (WSO) and non-Pareto single BOA (SOP). .

4.1 Single BOA with the normalization (SOP) -

In this approach only one objective function f;(X)=1/(CI(X)+1) is used and the second
objective function f2(X)=1/(C2(X)+1 is replaced by normalization operator which modifies
each individual to keep its balance in the considered bound. This operation can naturally
change a partly the objective function /7 of each individual. This effect may cause an extra
genetic drift of the population. :

42 Weighted-sum BOA (WSO)

In this approach the original vector-valued objective function is replaced by a scalar-valued
objective function. The objective function of the individual .X is computed as a weighted sum
of all objective functions:

| JO) =wi filX)+ w2 f(X), . . @
] Where w, w, are weight coefficients. It is well known the sensitivity of the optimization
,: Process to these values. We have tested two sets of these coefficients. In WSO1 variant we
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_have chosen w;=0.5, w;=0.5, in WSO2 couple of w;=0.005, w;=0.995 was used. These
algorithms do not preserve Pareto-optimal solutions but provide mostly solutions from
extremes of the Pareto front.

" 43 Pareto optimal BOA . . |

" . The multiobjective optimization represents the difficult multimodal optimization problem
which is mostly solved ‘with niching methods that allow to preserve the diversity in the
population of individuals/solutions. Our Pareto BOA algorithm is a modification of single
'BOA where we applied a promising niching techniques published in [4].

Although we solved bi-objective optimization, our algorithm is able to solve m-objective
optimization problems. Our Pareto BOA algorithm can be described by the following steps: -

Step 1: Initialization: Generate an initial population Po of size N randomly.

Step 2: Fitness assignmeﬁt: Evaluate the initial population.

Step 3: Selection: Select the parent population as  the best part of current population by 50%
truncation selection. : ,

Step 4: Model construction: Estimate the distribution of the selected parents using Bayesian
network construction. ' :

Step 5: Offspring generation} Generate new offspring (according to the distribution
. associated to the Bayesian network). _

Step 6: Nondominated set detection and fitness assignment: Current population and
offspring are joined, nondominated solutions are found, evaluated and stored at the top
of the new population. Then dominated offspring and parents are evaluated separately.

Step 7: Replacement: The new population is completed by offspring and the best part of
" - current population, so the worst individuals from current population are canceled to
- keep the size of the population constant :

Step 8: Termination: If maximum number of generations N, is reached or stopping criterion
" is satisfied then the last Pareto front is presented, else go to Step 3. -

The mwost important part of our Pareto algorithm is the procedure for detection of
nondominated solution (current Pareto front) and sophisticated fitness calculation. The
* procedure for current nondominated and dominated set detection is described in following

steps: » ,
_ 1. For each individual X in the population P compute vector of the objective functions
T =S S (XD S ™
2. Detect subset of nondominated solutions
| P={x, | X, €P,3X, eP:Viefl..m}: £,(X,)> [,(X)) (8)
Note: If two or more individuals have the same fitness vector f(X), then only one
of them is accepted. '

3. For each nondominated solution X; compute its strength value as

: |{)rJlr | X, €P, ws{l...m}:f,(x,):-ﬁ(x,)]
s(Xp)= |A+1

&)

The fitness for nondominated solutions is equal to the reverse of the strength value
f'(X,)=1/S(X,)-‘




4. For each dominated solution Y; determine the fitness as -

f'(X,-)=/(1+XZS(Xj)], _ . o SN0 I
where X, eP,Vie{l...m}: f,(X,;)> f,(X,). In the original approach [4] all individuals
dominated by the same nondominated individuals have equal fitness. We proposed an
extension by adding a term c.r(X,) / ((P|+1) into the denominator (10), where r(X,) is the.
number of individuals from P (not only from nondominated solutions) which "g!o'minate X
and coefficient c is set to very small number, for example 0.0001. This term is used to
distinguish the importance of individuals in the same “niche” (being dominated by the
same nondominated solutions). ' '
This type of fitness evaluation has the following advantages:. _

e For all nondominated individuals £'(X,)21, for dominated individuals holds

f'(x,)<1.1f we use the replace-worst strategy, implicit Pareto elitism is included.

e Individuals from Pareto front dominated smaller set of individuals receive higher -
fitness, so the evolution is guided towards the less-explored search space.

e Individuals having more neighbours in their ,,niche* are more penalised due to the
higher s(X,) value of associated nondominated solution. -

¢ Individuals dominated by smaller number of nondominated individuals are more
preferred. wo

5 Experimental results

5.1 Test graphs
The three types of graph structures are used [8]:

1. Hypergraphs representing real circuits labelled by /Cn. The global optima is not
known. The structure of circuits can be characterized as a random logic. The
‘hypergraph IC67 consists of 67 nodes and 134 edges/nets, the IC116 consists of 116 .
nodes and 329 edges/nets.

2. Random geometric graph Un.d. on n vertices is placed in the unit square and its nodes
coordinates are chosen uniformly. An edge exists between two vertices if their
Euclidean distance is / or less, where the expected vertex degree is specified by
d = nxl’. We have chosen n=120, d=5, see Fig.1a. : _

3. Caterpillar graphs CATk_n, with k articulations, (n-k)/k legs for each articulation and n
nodes, see Fig. 1b with k=3 and n=21. _

Fig.1a Geometric random graph Fig.1b Caterpillar graph
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5.2 Results of expertments ;.

- Let us notice that the objcchve space is visualized usmg the ongmal cost function Cl, 2
instead of the objective functions f}, /2 (let us notice the cost functions C1, C2 are minimized).
Fig.2 shows the dynamics of the JC67 bisection optimization For the case of weighted sum
algorithm the result fetched in 17-th generation of one run is shown. Population size is set to
N=2500, the first population is gencrated randomly to keep the balance uniformly distributed

in the range from 0 to 20% of n, where n is number of hypergraph nodes. The size of each
point in the graph is proportional to the number of phenotypic equal solutions found in the
current population. The current Pareto front are enlarged and pointed up.

30‘. . . N i _- SRS W - i

' : ']ONon optimal O Non optimal
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i ST 30 .

! . ' ,

; 0 : " . Cutsize ¢ ' j » . Cut size

a4 30 61 - L P T T
Fig.2a WSOI a]gonthm - ' Fig 2b WSO2 algorithm

In F ig. 2a weighted sum algorithm WSOI w1th w;—O 5, w=0. 5 is used, population is -
distributed with slight variability of balance. In Fig. 2b weighted sum algorithm WSO2 with -
w,=0.995, w;=0.005 is used, high balance of individuals is evident, the algorithm prefers more
trivial solutions with minimum cut size and large balance. We used such values of w; and w;,
because even for w;=0.99 and w;=0.01 the algorithm still provides solution shown in Fig. 2a.

~ In Fig. 3 the performance of Pareto, SOP and WSO algorithms for 3 types of graphs is shown.
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The five independent runs of each algorithm were performed and five Pareto fronts from final
populations are shown. For better visualization of the fronts from each run the points are
connected by lines. Balance of the individuals in the initial population was uniformly
distributed between zero and 0.2*n, population size N was set proportional to 1, the limit of
the balance for normalization in SOP was set to maximum value 20% of n. Maximum number
 of generations is set to N; =200, . S _
From Fig. 3a it is evident that Pareto algorithm usually produces the largest Pareto set with
good quality solutions, whereas SOP and WSO2 produce only solutions with low cut size but
high balance and WSO1 produces solutions with low balance and higher cut value. From
Fig. 3b the difficulty with WSO2 is evident - WSO2 produces trivial solutions with high
balance. The SOP algorithm provides solution with small cut but high balance only. For
example, solution with the cut-size=35 and balance=23 was obtained even if solution with
lower balance for the same cut-size exists. The geometric graph U/20.5 seems to have many
local optima. It is a hard benchmark as it is seen in Fig. 3c. Both WSO1 and WSO2 provide
solutions far from optima in 4 runs from five runs. Only in one run the Pareto optimal solution
was found. The SOP algorithm and Pareto BOA provide optimal fronts in most runs. The
- CAT7_105 graph is an artificial graph known as a hard benchmark, the results are shown in
Fig. 3d. The WSO2 produces mostly a trivial solution with high balance, the WSO1 only one
Solution with minimal balance and maximal cut. The Pareto BOA provides the whole Pareto
front, SOP produces only individuals from the upper part of this front. - R -

6 Pafallel P;.lreto BOA

The establishment of current Pareto front in each generation for bi-criterial optimization takes
O(N* log N) comparisons. The asymptotic time complexity of the proposed Pareto algorithm
does not exceed the complexity of conventional BOA. The execution time of one generation
or Pareto algorithm is nearly the same as for SOP or WSO, but the difference is in the
- Umber of generations used. In SOP and WSO algorithm there is an implicit detector of
) B°Pl-llation saturation used to stop the evolution. In Pareto BOA the population is implicitly
SPlit” into several niches and each of them converges to different solution which results in
E '-:IWCer Convergence. Because it is not simple to specify the stopping criterion, we often must
pec'fy maximum number of generations. The Pareto BOA wasted . in our experiments
Ve-times more generations than SOP and WSO. To decrease the wasting time, we suggest a
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parallel construction of Bayesian network as described in [9] for single criterion optimization.
. The next approach for the future work is the decomposition of the Pareto front into segments
- which can be constructed in separate but cooperating subpopulations.

7 Concluswns :

We have implemented multiobjective Pareto BOA algorithm for the hypergraph bisectioning.
‘The Pareto BOA performance was compared to single BOA with relaxed balance and
* weighted sum algorithms WSO, The WSO is very sensitive to type of problem see fig. 3a, 3b.
The SOP algorithm provides mostly an upper part of Pareto front towards higher balance
values. In the case of real hypergraphs 1C67, IC116, the Pareto set is uniformly distributed
along the Pareto front only in case of Pareto BOA. The main problem which remains to be
solved is the large computation complexity and large population size. The parallelization of
the Pareto BOA is necessary. The next possible improvement lies in more sophisticated
niching technique, modification of replacement phase of the algorithm and introduction of
problem knowledge into optimization process. The future work will be mainly directed
towards the parallelization of BOA algorithm on the platform of SUN workstations, which
‘will include the parallelization of Bayesian network construction and the decomposition of
the Pareto front detecnon Separatc but cooperatmg subpopulatlons using the migration
: operator wxll be used S

Thts research has been carned out under the financial support of the Czech thstry of
Education — FRVS No. 0171/2001 “The parallelization of Bayesian Optimization Algorithm”
and the Research mtennon No CEZ J22/98 262200012 — "Research in information and
conirol syslems ¥ :
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MULTIOBJECTIVE BAYESIAN
OPTIMIZATION ALGORITHM
FOR COMBINATORIAL PROBLEMS:
THEORY AND PRACTICE

Josef Schwarz* -
Jir{ Oéendsek!

Abstract: This paper deals with the utilizing of the Bayesian optimization algo-
rithm (BOA) for the multiobjective optimization of combinatorial problems. Three
probabilistic models used in the Estimation Distribution Algorithms (EDA), such
as UMDA, BMDA and BOA which allow one to search effectively an the promising
areas of the combinatorial search space, are discussed. The main attention is fo-
cused on the incorporation of Pareto optimality concept into classical structure of
the BOA algorithm. We have modified the standard algorithm BOA for one crite-
rion optimization utilizing the known niching techniques to find the Pareto optimal
set. The experiments are focused on tree classes of the combinatorial problems:
artificial problem with known Pareto set, multiple 0/1 knapsack problem and the
bisectioning of hypergraphs as well.

Key words: Multiobjective optimization, Pareto and non Pareto algorithms,
evolutionary algorithms, probabilistic model, estimation distribution
algorithms, Bayesian optimization algorithm, niching technigues.
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1. Introduction

Combinatorial optimization problems, such as the placement problem, number
partitioning problem (NPP), decomposition problem, traveling salesman problem
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(TSP), job-shop scheduling, bin packing problem, facility layout problem, knap-
sack problem, etc., belong to the class of NP hard problems [1]. The search space
is often very large and it is not possible to use enumerative techniques because the
complexity of the problems is expressed by O(n!) or O(r™), where n is the size
of the problem and r < n is the cardinality of the alphabet used. To avoid the
problem with a finite alphabet string it is possible to replace the original string
by kn bit string where k = log(r). In case of r = 2, the problem is reduced to a
binary optimization problem with 2" complexity. Let us note that we will focus
on this type of encoding. Generally, the solution can be represented by a vector of
parameters with unknown inter-parameter dependencies. However, many combi-
natorial optimization algorithms have no mechanism for capturing inter-parameter
dependencies. But it is only this approach that allows concentrating the sampling
more effectively on regions of the search space which have appeared to be promising
in the past. Most optimization algorithms do this only by searching around the lo-
cation of the best previous solution or by using various types of genetic algorithms
(GA). The classical genetic algorithms (GA) have a common disadvantage - the
necessity of setting the parameters as crossover, mutation and selection rate and
the choice of a suitable type of genetic operators. That is why we have analyzed
and also used some of the Estimation of Distribution Algorithms (EDAs) called
probabilistic model-building genetic algorithms. The crossover and mutation ope-
rators used in standard GA are replaced in EDAs by probability estimation and
sampling techniques. .- . - - .. . :

In case of probabilistic methods, statistics about the search space is explic-
itly maintained by creating models of the good solutions found. The efficiency of
such techniques depends naturally on the complexity of model used and on the
complexity of problems. * " -

Next we will discuss population based evolutionary algorithms using probabilis-
tic models with various complexity. Let us denote:

D= (X1,X2,...,X") with X7 € D, is the populatioxi of the solutions/ siring/ in-
* dividuals : ‘ : '

X = (Xo,X1,...,Xn-1) is a string/individual of length n with X; as a variable

T = (0,21,...,%n-1) is a string/individual with z; as a possible instantiation
of variable X;,z; € {0,1}

P = (p(z0),p(21),...,p(zn-1)), with p(z;) € [0,1] is the vector of univariate
marginal probabilities

P(Z0,Z1,...Tn1) = p(Xo = 20, X1 = Z1,...,Xp_y = Zn—1) denotes the n
dimensional distribution

2. Probabilistic models

The performance of EDA algorithms that work on the basis of probabilistic models
can be specified in the following common framework:
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Generate initial population of individuals of size M (randomly);
‘While termination criteria is false do
begin
Select the parent population of N individuals according to a selection method;
Estimate the probability distribution of the selected parents;
Generate new offspring according to the estimated probabilistic model;
Replace some individuals in current population with generated offspring;
end

Next, we will describe three main types of the probabilistic models used in EDA -‘
algorithms according to their complexity — models without inter-dependency, with
pairwise dependencies and multivariate dependencies.

2.1 Models without dependencies

The probability vector P of univariate probabilities is used to model simple prob-
ability distribution. In Univariate Marginal Distribution Algorithm UMDA [2] it
is assumed that variables are mutually independent, see Fig. 1la. For each variable
position 7 € {0...n —1} and each possible value of this variable z; € {0,1}, the
univariate marginal frequency p;(z;) is defined as the frequency of strings that have
z; on the i-th position in'the parent population D :

pi(z;) = ni(z:)/N, '

where n;(z;) is a number of appearances of the allele z; on the i-th position.
Each new individual X = (zg,z;,...,%Zn—1) is generated by UMDA according to
the distribution:

i=0

n—1
p(X) = [] piles), (1)

so the value of the i-th variable is set to value a with probability equal to p;(a).
UMDA is able to cover efficiently only linear problems.

2.2 Models with pairwise dependencies

The univariate probability is used as in UMDA. In addition, pair dependencies
are allowed [3]. The bivariate marginal frequency p; ;(z;,z;) used in Bivariate
Marginal Distribution Algorithm BMDA is defined as frequency of individuals in
parent population D that have values z; and z; on positions ¢ and j at the same
time: p;;(zi,z;) = nij(zi;z;)/N. Conditional probability of occurrence of the
value z; on the i-th position in the case of occurrence of z; on the j-th position is
determined

pi,j(zilz;) = pij(zi,25) /pi(T;)- (2)

We extended the concept of UMDA and BMDA for alphabet encoding, so that
z; € {0,...,r; — 1} and z; € {0,...,7; — 1} [4]. For each pair of positions %, j the
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count of each combination of values can be summarized into a contingency table.
Variable dependencies are discovered by Pearson’s chi-square statistics we used in
(4] the following form of equation:

el added)
x5, =N3> v ]'c) 2D ~1). (3)

k=0 =0

Variables are considered to be independent if the result does not meet a certain
threshold. For example, binary variables are independent for 95% if X2, 2 < 3.84.
The dependency information is used to build up the acyclic dependency graph-
probabilistic graphical model, which can be taken as a set of trees. Each new

individual X = (zg,21,...,Zn-1) is generated according to the distribution
: \
p(X) = H ps(wzlzm(a)) (4)
=0

where m(i) is any number between zero and n — 1 or nothing (in the case of root
nodes of the tree). The root nodes correspond to the positions where the values
are generated using the univariate marginal distribution; the values of the positions
connected to already generated positions in the graph are subsequently generated
using the conditional probability. An example of the tree dependency graph is
_ shown in Fig. 1b.

“8

5,

2.3 Models with multivariate dependencies

The complex model using the Bayesian network to encode the structure of a prob-
lem was implemented in the Bayesian Optimization Algorithm BOA [5], [6], [7],
~ [8]. It is an analogy of BMDA dependency graph, but the higher order variable
dependencies can be covered too. For each variable X; a set of parent variables
Ilx,; is defined which it depends on, so the distribution of individuals is expressed
by the conditional probabilities:

n-—1

= HP(X:'IHX.')- (5)

i=0

Generally, the existence of the directed edge from X; to X; in the network
implies the belonging of variable X; to set ILx,. To reduce the space of networks,
the number of incoming edges into each node is limited to k. The key step is thus the
estimation of probability p(X) via finding the Bayesian network with the maximum
score measure. As is known, the probability of Bayesian network B given data D
is done by Bayes theorems [9],[10]:

p(B|D) = p(D|B)p(B)/p(D) (6)
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p(B/D) is posterior probability of B given D '
p(B)  is the prior probability of the Bayesian network specxﬁed by an expert
p(D/B) is the probability of data D given B :

The Bayesian Dirichlet (BD) metric is used to calculate p(D|B) as a measure
of the network quality [12], [6]. To construct a good network quickly, the greedy
algorithm is used in such a way that in each step the best edge is added according
- to the BD metric.

After the network construction new instances are generated using the univariate _
and conditional probability. An example of the Bayesian network is in Fig. lc.

30 O4 3 4 _ 3 )4
aO ¢ 0

a) b) c)

a)p(X) = p(Xs)p(Xo)p(Xz)?(Xax)p(Xx),
b) p(X) = p(X3)p(Xo/X3)p(X2/ Xa)p(Xa)p(X1/X4s)
c) p(X_) =p(Xa)p(Xo/Xs)p(X4/Xs,Xo)p(X1/Xo)p(Xz/X1,Xo)

Fig. 1 Graphical models and joint probability distribution
for a) UMDA, b) BMDA, c¢) BOA

3. Presentation of Bayesian statistics used in the
BOA

The Bayesian network models the n — dimensional probability by product of condi-
tional probabilities. The conditional probability can be stated for the current po-
pulation using the Bayesian statistics. Let us consider the fragment of the Bayesian
network where node/variable X7 depends on the variables X, X5. From the cur-
rent population shown in Tab. I the number of particular combinations of X3, X5
for each value of X7 can be found. For example there exists one occurrence of the
combination X»Xs = 11 for X7 = 1 and the equal one for X7 = 0. Consequently
we get the conditional probability for X; =1 :

p(X7]X2=1,X5=1) =0.50
Similarly, the probability for other combinations of entry variables X5, X is stated:
p(X7]X; =1, X5 = 0) = 1.00
p(Xﬂ.Xz = 0, Xs = 0) = 0.25 .
p(X7]X2 =0,X5 = 1) =0.00 ...no occurrence of (X3, X5, X7) = (0,1,1)
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X
2 X, -

O

Fig. 2 Ezample of a fragment of the Bayesian network.

These particular conditional probabilities are used for generating new values
for binary variable X7 having X» and X5 in the frame of offspring generation using
sampling procedure.

X X X

51 T T T eyl % ‘

= 5 = 3 wx; | =i | m(zi,mx;) | m(nx;)

= - . ; 00 | 0 3 14
1 1

S4 1 1 1

= - : g 0L | 0 2 }2

< 5 : = 1 0 (none)

= - : : 10 | 0 | O (none) }2
1 2

S8 1 1 0

= ; : ; 11 [ 0 1 }2

S10 0 1 0 . -

Y _

Tab. I Presentation of the Bayesian statistics on the population with ten strings
for a fragment of the elementary Bayesian network shown in Fig. 2.

Knowing this particular conditional probablhty for X7 the n-dimensional prob-
ability can be expressed as

p(X) =p(Xo|...)"p(Xa]...)..." p(X7]| X2, X5). ... (7)
The quality of the Bayesian network is expressed by the BD metrics:

oD, = p(Ble) [T [ )]

142 T o vt

(m/(z;,7x,) + m(zi, 7x;))!
H m’ fB;,Tl'X )l (8)

where the meaning of items wx,, m(z;, 7x,), m(rx;) flows from Tab I. The prime
version of these terms express prior knowledge of network topology.

3.1 Complexity and prior information in the original BOA

The computational complexity of the network construction and scoring the metric
calculation is done by term O(k.n®) + O(k.28.n2.N) [11]. The complexity of the
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new population generation is negligible. We have proposed two approaches to
decrease the time complexity. In [12] we solved the problem of graph bisectioning.
Our goal was to incorporate the problem knowledge into the whole process of
the Bayesian network construction. First we applied the prior probability p(B)
of the Bayesian network expressed by term p(B|£) = cx®. The essence of this
approach lies in the penalization of the edges of the Bayesian network having no
match in the graph to be decomposed. Variable § is the number of edges in the
final Bayesian network having no match in the hypergraph to be bisected; ¢ and
k are normalization constants. Second, we used the concept of cluster injection
into the initial population detected on the hypergraph structure that seems to be
really a promising tool for enhancement of the population genotype. Both of these
phenomena used lead to the meaningful reduction of population size and to better
convergence.

4. Multiobjective optimization

Practical problems are often characterized by several, often competing, objectives.
While in the case of single-objective optimization the optimal solution is simply
distinguishable, this is not true for multiobjective optimization. The standard
approach to solve this difficulty lies in finding all possible trade-offs among the
multiple competing objectives. These solutions are optimal, nondominated, in
that there are no other solutions superior in all objectives. These so called Pareto
optimal solutions lie on the Pareto optimal front. A general multiobjective opti-
mization/maximization problem (MOP) can be described as a vector function f
that maps a tuple of n parameters to a tuple of m objectives [13]:

maxy = f(z) = (fi(2), f2(2),-.., fm(2)) (9)
subject to - h(z) = (hi(z), h2(),. .., () <=0
subject to "= (x1,%2,...,%a) € X '

Y=Y Um) €Y,

where z is called a decision vector, X is the parameter space, y is the objective
vector, Y is the objective space and the constraint vector h(z)<= 0 determines
the set of feasible solutions/set Xj.

The set of solutions of MOP includes all decision vectors for which the corre-
sponding objective vectors cannot be improved in any dimension without degrada-
tion in another one — these vectors are called the Pareto optimal set. The idea of
Pareto optimality is based on the Pareto dominance.

For any two decision vectors u, v it holds

u>v (u dominates v) iff f(w) > f(v),
u>=v (u weakly dominates v) iff f(u) >= f(v),
U~ v (u is indifferent to v) iff u,v are not comparable.

Decision vector u dominates decision vector v(u »=.v) iff fi(u) > fi(v) for
i=1,2,...,m with fi(u) > fi(v) for at least one 7. Vector u is called Pareto
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optimal if there is no vector v which dominates vector u in parameter space X.
In the objective space the set of nondominated solutions lies on a surface known
as Pareto optimal front. The goal of the optimization is to find a representative
sampling of solutions along the Pareto optimal front. An example of the concept
of the Pareto dominance and the Pareto-optimal front are presented in a graphical
form in Fig. 3.

g & 54
®
[ ]
P o
V is dominated
o R e
U
indifferent ®
v
V dominates * ®
] T indifferent
o o
' o P
fl. f1

Fig. 3 Ezample of Pareto front and Pareto dominance.

It can be stated that solutions V dominates solutions § and T, solution V is
dominated by U, solution U is nondominated and Pareto optimal, solution S is
dominated by V and T.

4

5. Optimization methods

5.1 Pareto methods

There are many papers that present various approaches to find the Pareto optimal
front almost based on the classical evolutionary algorithms. All of them must solve
the problem of adequate solutions evaluation and population diversity. Pareto-
based fitness assignment was developed using the concept of dominance in order to
determine the reproduction probability of each solution. It is evident that unlike
the case of single optimization, fitness is related to the whole population.

The multiobjective optimization is a typical multimodal search for finding mul-
tiple different solutions in a single run. To reach this goal various niching techniques
are used. Well known is fitness sharing — the more individuals are located in the
neighborhood (defined by niche radius) of a solution the more is the fitness de-
creased. Less frequently nonniching techniques are used, e.g. such as restricted
mating (only similar parents are mated) and crowding (offspring replace similar
parents). We will shortly mention the main representatives of the Pareto opti-
mization algorithms: The Niched Pareto Genetic Algorithm (NPGA) combines
tournament selection and the concept of Pareto dominance [14]. A wide review
of the basic approaches and the specification of original Pareto evolutionary al-
gorithms include dissertations [15], [13] where the last one describes the original
Strength Pareto Evolutionary Algorithm (SPEA). An interesting approach using,
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nondominated sorting in genetic algorithm (NSGA), is published in [1.6].' An inter-
esting extension of the SPEA algorithm resulting in PESA algorithm is described
in [17].

Pareto optimal methods have more preferences than disadvantages. Belong-
ing to the advantages is the fact that Pareto approaches take all objectives into
consideration simultaneously - every point/solution of the Pareto front is a good
solution — and maintains the diversity of solutions. Naturally we can list two main
disadvantages — this approach is computationally expensive and not very intuitive
if the number of objectives is large. All these algorithms mentioned above progress °
towards the Pareto optimal set with a good distribution of solutions but none of
them guarantees convergence to a true Pareto optimal set. The promising ap-
proach of archive-based Pareto optimization algorithms is published in [18] where
the concept of e-approximate Pareto set and e-Pareto set is introduced. A class of
algorithms is suggested with guaranteeing convergence to a diverse set of e-Pareto
optimal solutions.

5.2 Non-Pareto methods

There are many methods for the multi-criteria optimization, mostly based on the
scalarization of the objective function or other non-Pareto approaches. In this way
the MOP problem can be easily transformed into a more simpler SOP problem.

Weighted - sum approach

The well known aggregation method is based on the weighted sum approach. This
method transforms the objective function vector into a higher scalar function using
the weighted sum of particular objectives. Let us note that in the single objective
optimization, the feasible set is completely ordered according to the single objective
function. For two solutions u, veXy either f(u) >= f(v) or f(v) >= f(u). In
case of multiobjective optimization, the feasible set is only partially ordered. In
case of maximization we get:

magimize y = f(2) = w1 fi(z) + w2 f2(2) + -+« + W fm (2). (10)

This equation can be modified to the following form which can be understood
as a sector equation of line with slope —w; /we and intercept y/ws [13] (see Fig.
4) :

f2(z) = (—wi/w2) fi(z) + y/wa (11)
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Fig. 4 Ezample of an exploration of the search space by
a) weighted sum approach, b) constrained methods>

The set of parallel lines represents the successive search in the objegtive space.
This approach is able to find Pareto optimal solutions but the search process is very
sensitive to weight coefficients and this technique is not able to reach solutions in
a local non-convex region, see point C. '

Constraint method

This technique is quite «simple: only one function is optimized, the others are
transformed into constraints. Then the penalty function can be used to fulfil the
constraints. For the case of bi-objective optimization we get

y=fil) | (12)

h(‘T') = fg(l') >=c,

where c is chosen repeatedly (see Fig 4.b) but remark that the ¢’ is not an available
choice of bound. Another principle is used in the priority (lexicographic) method -
the objective with the highest priority is minimized first, then the next with lower
priority, etc. The problem appears how to state the importance of objectives.

Fuzzy-control approach

Fuzzy controllers are often used in the control system and generally in soft com-
puting. In [19] there is an interesting approach for scalarization of a bi-objective
problem. Each generation the centre of the current population is detected and ac-
cording to this knowledge the fuzzy controller decides what transformation of the
cost components into a one-dimensional fitness function is taken.

Let us note that the attraction of the SOP methods described above is sup-
ported by many useful and well-studied heuristic methods like dynamic program-
ming, branch and bound method, random search algorithm, stochastic local search
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algorithms and simulated annealing. In common they require several runs to obtain
approximation of the Pareto-optimal set.

6. Pareto optimal BOA

In our Pareto BOA algorithm we replaced the original fitness assignment and re-
placement step of standard BOA by the Pareto niching technique utilizing a new _
strength criterion for the evaluation process [13]. The following specification de-
scribes the whole reproduction process of our algorithm. Let us note that although
we have solved bi-objective optimization; our algorithm is able to solve m-objective
optimization problems. The flowchart of our Pareto BOA algorithm is in Fig. 5.

It follows from the flowchart that the algorithm is archive-oriented. In an
external archive the nondominated solutions during all the optimization history are
archived and enter regularly into the selection and replacement phase. The most
important part of our Pareto algorithm [20], [21] is the procedure for detection of
nondominated (current Pareto front) and dominated solutions and sophisticated
fitness calculation. The procedure for current nondominated and dominated set
detection is described in the following steps: '

Population 0 "~ Archive #¥

1. For each individual X in population D com-
pute the vector of the objective functions

?(X)-_—(fl(X),fz(X),...,fm(X)) (13)

2. Detect the subset of nondominated solu-
tions :

D= {x,-[x,- eDA IX; eD:x,->xJ-} (14)

3. For each nondominated solution X; from D
compute its strength value as

Pareto identification al) = {X:|Xi € DA X; = Xi}| (15)
5 =
|D|+1
4. The fitness for nondominated solutions is
equal to the reverse of the strength value

£1(X5) =1/s(X5) - (18)

5. For each dominated solution X; from D
determine the fitness as

fl(X:)=1/ (1 + ZS(XJ)) ) (17)
x.

Population © Archive © i

- where XjEﬁ/\ X; = Xi.
Fig. 5 The flowchart of the Pareto '
BOA algorithm
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7. - Problem specification

7.1 Bi-objective Onemax/Xor binary problem

We start to test our algorithm by an artificial problem with an easily determined
Pareto optimal front. We call this problem a Onemax/Xor problem (unitation
versus pairs in [16]). It is defined on the binary string. Onemax function fp is
simply stated by the number of ones in the n bit string X, e.g. f2(X) = f2(0110) =
4. X or function denoted as f; is specified by the number of pairs of adjacent
complementary bits, either 10 or 01, thus f1(X) = f1(0110) =1+ 0+ 1 = 2. The
goal is to maximize both functions. _

7.2  Multiple 0/ 1 knapsack problem

Generally, the 0/1 knapsack problem consists of a set of items, weight and profit
associated with each item, and an upper bound of the capacity of the knapsack.
The task is to find a subset of items which maximizes the sum of the profits in
the subset, yet all selected items fit into the knapsack so as the total weight does
not exceed the given capacity. This single objective problem can be extended to
a multiobjective multiple problem by allowing more than one knapsack. Formally,
the multiobjective 0/1 knapsack problem is defined in the following way: Given a
set of n items and a set of m knapsacks, with the following parameters:

pi,j profit of item j according to knapsack i
w;,; weight of item“§ according to knapsack 7
Ci capacity of knapsack %,

find vector ¢ = (z1,2,...;2,) € {0,1}", such that z; = 1 iff item j is selected
and ,

fz) = (fi(x), f2(2), ..., fm(x)) is the maximum, where (18)

fil@ =D pij*zs (19)
i=1 -

and for which the constraint is fulfilled

n
ViE{1;2...,m}:zwi,j*mj5c,-. (20)
i=1

The complexity of the problem solved depends on the values of the knapsack
capacity. According to [13] we used the knapsack capacities stated by the equation:

C; = 0.52‘0),"3'. - . (21)
i=1
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The encoding of the solution into chromosome is realized by a binary string of
length n. To satisfy the constraints (21) it is necessary to use repair mechanism on
the generated offspring to be feasible one.

7.3 Hypergraph bisectioning

’I‘he bxsectmnmg problem can be defined as follows: Let us assume a hypergraph

= (V, E), with n = |V| nodes and e = |E| edges. We look for such a bisec-
t1on (V1,V2) of V that minimizes the number of hyperedges that have nodes in
a different set V'1,V2 and balance b of the partition sizes. The set of external
hyperedges can be labelled as E.;(V1,V2). The cost function is the number of
external hyperedges, shortly called cut size.

Each solution of the bisection is encoded as a binary string X = (zo, z2,...,%n-1).
The variable z; represents the partition number, the index specifies the node in
the hypergraph. For the case of simple graph G(V, E, R) bisectioning we have de-
rived on the binary string X = (29, 21,...,Zn—1) the following two functions to be
minimized [18]:

n-—1

fi = Be(V1,V2) = Y 145(z: + x5 — 23:35) - (22)

i=0
i>i

—b—IZm, Z—:l—xi)| (23) .

i=0 =0

where the coefficient 7;; = 1 in case the net/edge of graph G exists between node
i and j, else r;; = 0. Function f; represents the cut value of the bisection and
function f, expresses the balance/difference of the partition sizes. We have tested
two approaches for solving this 2-objective optimization problems: the weighted
sum approach and the Pareto optimal method. The first approach transforms the
original vector-valued objective function into a scalar-valued objective function.
The objective function of solution X is computed as a weighted sum of all objective
functions:

F(X) = w1 f1(X) + w2 f2(X), (24)

where w;,ws are weight coefficients. The sensitivity of the optimization process
to these values is well known. We have tested two sets of these coefficients. In
the WSO1 variant we have chosen w; = 0.5,wp = 0.5, in the WSO2 couple of
- wy = 0.005,wy = 0.995 was used. This values were found experimentally.

8. Experimental results

8.1 Test benchmarks

We used three types of benchmarks:
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1. The 64 bit Onemax/Xor function with the known Pareto set including 32
indifferent solutions.

2. Two knapsack benchmarks specified by 100 (Kn100) and 250 items (Kn250)
published on the web site
(http://www.tik.ee.ethz.ch/~zitzler/testdata.html#fileformat].

We have compared our results with the results obtained by two evolutionary
algorithms SPEA [13] and NSGA [16]. These two algorithms represent the
well working evolutionary multiobjective algorithms.

3. Two hypergraphs IC67, IC116 representing real circuits. The global optimum
is not known. The structure of the circuits can be characterized as a random
logic. Hypergraph IC67 consists of 67 nodes and 134 edges/nets, the IC116
consists of 116 nodes and 329 edges/nets. '

1S3

8.2 Experiments and results

All experiments were performed on the Sun Enterprise 450 machine (4 CPUs, 4 GB
RAM), in the future we consider utilizing the cluster of Sun Ultra 5 workstations.

The Oﬁemax/ Xor binary problem
In Fig. 6 the population distributions in the 1% generation and 10" generation

are shown.
s

f, €

80

. 40

30

20

10 10
0 T T T 0 ; : .
o 2 4 hoeo 0 20 40 h 60

a.) b)

Fig. 6 Population distributions for Onemaz/Xor benchmark
plotted in the a) 1°* generation, b) 10" generation.

In Fig. 7a we plot the final Pareto front (N=2000) after 100 generations. Qur
algorithm was succesful completely in finding the known Pareto set; in the NPGA
algorithm [14] the Pareto set was not found entirely. In Fig. 7b the relation
between the population size and covering the known Pareto set are shown. It is
evident that for the 64 bit-string problem the population size N=2000 is sufficient.
The computation time is about 3 minutes. Let us note that for a smaller population
size up to N=300 we get solutions from the Pareto front but not completely all.
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Covering of pareto set versus population size ~

1007 /
90
80

7

/
7

&
Number of correct solutions [%]

0 5;0 1&0 16:00 202;0 N 2511}0
a) b)

Fig. Ta Pareto optimal front for the Onemaz/Xor problem,
Fig. Tb Covering of the known Pareto set versus population size.

Knapsack problem

In Fig. 8a there is a comparison of the final Pareto front produced by our Pareto
BOA algorithm and by the SPEA [13] and NSGA [16] algorithms for the case of
Kn100 benchmark and in Fig. 8b for the case of Kn250 benchmark. We performed
5 independent runs and constructed the final Pareto front from 5 particular Pareto
fronts. We used the following setting for our algorithm: for Kn100 we set the
population size IV to 2000, for the case of Kn250 the population size N equals
to 3000 and alternatively to 1000. The number of generations used is 150. The
computation time is presented in Tab IL. In the context of the algorithm comparison
an important question arises: What measure should be used to express the quality
of the results so that the various evolutionary algorithms can be compared in a

meaningful way. We preferred the topology/shape of the Pareto fronts in our
comparison.

From a it is evident that for Kn100 the Pareto solutions produced by our Pareto
BOA in the middle part of the Pareto front are slightly better than the Pareto
solutions produced by SPEA and NSGA. What is more important — our Pareto
BOA produces more solutions in the Pareto front margins.

—o— NSGA
8500 +— SPEA
8300 +— =—o— BOA N=3000
== BOA N=1000

3300 - 3800 3700 3800 4100 fl 4300 7700 8200 8700 9200 9700 M

a) . . b)
Fig. 8 Comparison of final Pareto fronts for a) Kn100, N=2000,
b) Kn250, N=3000 and N=1000.
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In Fig. 8b we see that for Kn250 the difference between the Pareto fronts is
more expressive — our Pareto BOA for N=3000 outperforms the SPEA and NSGA.
In case of limited size N=1000 the Pareto BOA is slightly worse than SPEA, but
the Pareto front is longer.

Problem size n | Population size N, Number of generations | Computational time
Knl00 N=1000, 150 gen. 2 min 40 s
Knl00 N=2000, 150 gen. 5 min
Kn250 N=1000, 150 gen. 25 min
Kn250 N=3000, 150 gen. 45 min

Tab. II Computational time for knapsack problems

Hypergraph bisectioning

The five independent runs of each algorithm were performed and the final Pareto front

from the final populations is shown. For better visualization of the fronts from each run
the points are connected by lines.

5707 T 28 A
g “CB\ - 0 12 q@ « o = Parelo [~
G % o 10 e —wso1
© 5 & 16 8 H —o—wWs02 |
86— —&—WS02 ',\‘ 10 6 S
= {F = Parelo 0 4 o,
60 T —— WSO 1 0 5 .El
iy 2 5
45 , . G 0 0 — -
] 16 30 f 45 -2 33 38 f,
Fig. 9a Bisection of IC67, N=2500. Fig. 9b Bisection of IC116, N=4000.

From Fig. 9 it is evident that the Pareto algorithm usually produces a better Pareto
set with good quality solutions, whereas WSO2 produces only solutions with a low cut
size but a high balance and WSO1 produces solutions with a low balance and a higher
cut value — only the margins of the Pareto front are covered.

9. Parallel Pareto BOA

In [11], [22] we proposed a Distributed Bayesian Optimization Algorithm. It uses a cluster
of workstations as a computing platform to speed up the evolution process. Let’s note
that in the distributed environment the whole population D is split into several parts,
-each part D being generated and evaluated by a different processor. This approach can
be extended to the Pareto BOA. We propose the following modification of the procedure
for Pareto detection and fitness assignment:

First, each processor will compute the vector of objective functions for all individuals
from part Dy of population D. Then, each processor detects its local set of nondominated
solutions Dy as
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ﬁk = {'XJIXJ € Dy A -E—lX‘ € Dy : X; » XJ} (25)

and the master processor creates the global nondominated set D from the union of
local nondominated sets Dy as

5={XJIX5EU5,§A §Xi€U-D‘];ZXi>-XJ‘}. (26)
k k

The strength values for nondominated solutions from D can be obtained as a sum of
local strength values computed in parallel by all processors: :

EHXJX; € Dy A Xj » Xi}|
s(X;) = =

27
|D|+1 =)

After that all nondominated solutions and their strength values are known, so each
processor is able to compute the Pareto fitness for all individuals from its part of popu-
lation according to equations (16) and (17).

10. -Conclusions

‘We have implemented the multi-objective Pareto BOA algorithm as a modification of
the original single-objective BOA algorithm [6], [7], [8] using the concept of a strength
criterion applied in the SPEA algorithm [13] for the Pareto oriented fitness. Let us note
that the SPEA is a modern multiobjective optimization algorithm which outperforms a
wide range of classical methods on many problems.

We have tested the performance of our algorithm on three types of benchmarks. In
the case of artificial Onemax/Xor benchmark, we got the known Pareto optimal set com-
pletely. In the case of multiple 0/1 knapsack problems Kn100 and Kn250, we got a better
result than in [13], [16]. The Pareto solutions produced by our algorithm are uniformly
distributed along the Pareto front which is more global than the Pareto fronts obtained
by the NSGA and SPEA algorithms.

We also implemented the weighted sum method for the case of hypergraph bisection-
ing. It is evident that the Pareto BOA algorithm produces a Pareto set with greater
cardinality and better solution distribution than both variants of the weighted sum meth-
ods. Both algorithms WSO1 and WSO2 were very sensitive to weight coefficients - in
accordance with the theory. ‘ _

But many problems remain to be solved, namely the relatively larger computational
complexity. The next possible improvement lies also in a more sophisticated niching
technique, modification of replacement phase of the algorithm.

To reduce the computational complexity we proposed the idea of parallelization of
the Pareto BOA including the decomposition and detection of the Pareto front. This
approach is an extension of the Distributed Bayesian Optimization Algorithm [22], [11]
based on the parallelization of the Bayesian network construction. From this point of
view the future work will be oriented on the implementation of the Parallel Pareto BOA
algorithm for multiobjective optimization problems.
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Abstract. This paper deals with the k-way ratio cut hypergraph partitioning
utilizing the Mixed discrete continuous variant of the Bayesian Optimization
Algorithm (mBOA). We have tested our algorithm on three partitioning
taxonomies: recursive minimum ratio cut, multi-way minimum ratio cut and
recursive minimum cut bisection. We have also derived a new approach for
modeling of Boolean functions using binary decision diagrams (BDDs) which
are primarily used as a probabilistic model of the mBOA algorithm.

1 Introduction

Partitioning problem is investigated in many research papers. A general survey of
partitioning methodologies is presented in [1] and a comparison of several partitioning
approaches was presented in [2] and [3]. Their common conclusion pointed out that the
ratio cut partitioning gives the best results. The frequently mentioned reference involving
the ratio cut criterion is that by Wei and Cheng [4]. They used move-based heuristic
algorithm where graph node movement from one partition to the other is controlled by
current ratio cut. .

Recently, a generalization of the ratio cut implementation was published in [5] where
the pin count estimated by Rent’s rule was used. Problems of recursive balanced bisection
are solved in [6]. A new enhancement of min-cut partitioning (useful for placement) was
published in [7]. It validates the multilevel partitioning paradigm for hypergraphs with
efficient implementation using benchmarks published in [8].

A separate class of optimizers involves genetic algorithms (GAs). An interesting study
on graph partitioning using hard theoretical benchmarks was published in [9]. The newest
research based on memetic algorithms and analysis of the fitness landscape was presented
in [10]. Estimation distribution algorithms (EDAs) represent a new class of efficient
optimizers. Unlike the standard GAs the crossover and mutation operators are replaced by
probability estimation and sampling techniques. In other words, statistics about the search
space is explicitly maintained by creating probabilistic models of the good solutions found.
We have focused especially on the Bayesian Optimization Algorithm (BOA). Our first
© experience with these techniques was presented in [11] and [12] where minimum-cut
bisection was tested and the ability to find global optima was presented. The multi-
objective partitioning problem was published in [13] and [14]. The appllcatlon of recursive
Partitioning for placement problem was presented in [15].

During our research we have implemented and tested a new Mixed discrete continuous
variant of the Bayesian Optimization Algorithm (mBOA) to test its ability for multi-way
- Partitioning. It follows the basic theory and implementation of the BOA initially published
: in [16], [17] and [18]. We used the concept of binary decision diagrams (BDDs) [19] as




graphical probabilistic model approach, including our reformulated standard formulae of
the Bayes - Dirichlet metric [20]. In addition, we extended the concept of BDDs to be able
to process discrete and continuous domain, that is necessary for the direct (parallel) multi-
way hypergraph partitioning.

The remainder of our paper is organized as follows. The specification of partitioning
problem is done in the next section. Probabilistic model and mBOA algorithm are described
in the third and fourth sections. An extra application of binary decision diagram for
Boolean function modeling is presented in the fifth section. The experimental results for

hypergraph partitioning are presented in the sixth section.

2 Problem specification

Hypergraph partitioning is a well known problem of graph theory. It means dividing
hypergraph into disjoints subhypergraphs/modules each containing a subset of nodes. The
partitioning is done using various criterions. Generally, the criterion is to minimize the
number of hyperedges that have nodes in different partitions or alternatively the
minimization of pin count is used.

The particular bi-partitioning problem can be defined as follows: Let us assume a
hypergraph’ H=(V,E), with n=1V1 nodes and m=IEl edges. The goal is to find such a
partition (V1,V2) of V that minimizes the number of hyperedges that have nodes in
different set VI, V2 (see (1)) under the defined constraint of the partition size. It can be also
expressed by the balance/unbalance of the partition size (see (2)). The set of external
hyperedges can be labeled as E., (V1,V2) and the following cost function is defined
(- symbol represents the multiplication operation):

C1 (Vi,V2) = [Ecu (V,V2) [ = | {ec El enV; %D, enV2#2) / ()
with constraint

CAV,Va )=/ /V;/-/Vy/ <=0V, ae <0,1) ‘ (2)
Another form of balance used in ratio cut metric is expressed in product form:

C3(Vi,Va ) = ViV = IVIISV-V/ 3)
Therefore the ratio cut partitioning that can be specified by the criterion (4) was introduced:

RC= C1/(/V1//V2/) = Cl/C3 ' ()]

The ratio cut formulation allows the tradeoff between nets cut and the balance value during
the partitioning. The numerator represents the minimum-cut criterion while denominator
favours near-bisection. Our goal is to test the performance of the newly designed
advanced mBOA algorithm for three main partition taxonomies: recursive minimum ratio
cut, multi-way (parallel) minimum ratio cut and recursive minimum cut bisection. We used
mainly hard artificial benchmarks with known global optimum and high
nonlinearity/epistasis of instances.

3 Solution encoding in evolutionary algorithms

Using the population based evolution algorithm the solution of bi-partitioning is
represented by binary string:

X =(Xo, X1,-,X.1) is a string/solution of length n with X; as a variable,
X =(Xg, X}y...»Xn-1) 1S a string/solution with x;€ {0, 1} as a possible instantiation of variable X;.




-

In case of direct k—way partitioning the encoding of solution uses an aIphabcnc string. Each
variable can acquire k distinct alleles. For the simplest case of 2 - way partitioning/bisection
of a simple graph G(V,E, W) we derived on the binary string X=(xp; X;,.., Xs.7) the followmg

quadratic cost function:
n-1

Cl=Eeut (V1,V2) = Y wy(x; +x; = 2%;x ;) (5)
=0 ,

J>i
n-1 n-1
Zx: - E(I—x,-) ;

where the coefficient wy=1 in case that net/edge exists between node 7 and j, eIse wy=0.
The balance C3 can be exprcssed by term:

with the balance value C2 = (6)

n-1 ’
C3=Y'x; .2(1 -x;) @)
i=0 i=0

4 Standard Bayesian optimization algorithm (BOA)

The principle of BOA algorithms that work on the basis of probabilistic models can be
specified on the following framework:

Ly
Generate initial population of individuals of size M (randomly);
While termination criteria is false do {
begin
Select parent population of N individuals according to a selection method;
Estimate the probability distribution of the selected parents;
Generate new offspring according to the estimated probabilistic model;
Replace some individuals in current population with generated offspring; -
end

4.1 Bayesian network (BN)

The original Bayesian Optimization Algorithm [17] operates on the population of
strings/chromozomes of n binary variables/genes. The Bayesian Network is learned in each
generation how to encode the structure of promising solutions. The following step includes
a sampling process to discover the promising areas of the search space. In BN for each
variable X; a set of parent variables IT, is defined which it depends on, so the distribution

of individuals is expressed by the conditional probabilities:

n-1
p0) =[] px; 111y,) ®)
i=0
Generally, the existence of a directed edge from X} to X; in the network implies the
belonging of the variable X; to the set I, I

| ()
@ ()

Figure 1: Example of BN with 3 nodes, where X; and X; are independent and X; depends on X, and X;
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' 4.2 Binary decision diagram (BDD)

Additional accuracy and efficiency can be achieved by utilizing decision trees or diagrams
in Bayesian network, see [19]. For the BN in Fig. 1, the corresponding contingency table
for X; would have 4 rows, one row for each possible instance of the substring (Xo,X2). Now

~ let us suppose that in some case p(X;110) = p(X;|11) and p(X;100) #ZX ,101). 1t is evident,

that if Xp=1 the value of X; does not depend on X,. This allows to reduce the number of
table rows (* is a don’t-care symbol).

Table 1. Simplified contingency table by don’t-care symbols.

Xo X; | consequent p(X;)
0 0 p(X,100)
0 1 p(X,101)
L _* p(Xyl1*)

This situation can be expressed by a decision tree (see Fig. 2). Each variable, which
determines the X; value corresponds to one or more split nodes in the tree. Each row in the
Tab.1 corresponds to one leaf of the tree and each leaf determines p(X;) among the
individuals fulfilling the split conditions on the path from the root:

0¥ 1

0 X2 1 p(Xil1*)

puio0) | - p(X,i01)

Figure 2: Binary decision tree for the determination of X;

Next advantage of decision trees lies in low complexity of their building — the step of
adding new split node is easy to evaluate by the metric (9) — it splits only one row in the
contingency table. From the Bayes-Dirichlet metrics (BD) we derived the incremental
equation for adding one new binary split:

Z‘ _Zr(m,,s+1) ~ 1K z Z(mr,s"'l))

s e e R refo,i}se{0,} - : re{o,1}se{0,1}
Gain(X;, X J) 2 T( Z(mr,s ) - Z I( Z(mr,s'i'])), (&)
re{0,]} sef0,1} re{0,l} se{0,1}

where X; is the child variable, X; is the parent variable - possible split, and my; is the
number of individuals having X;=r and X;=s. Note that the splitting is performed
recursively, so m,, is determined only from the subpopulation being split.

Table 2. Notation of symbols m,, .

[X,=0 X;=1
X;=0 Mmoo mp,1
X=1 my mp,

Moreover, the gain of each split operation can be penalized by the model complexity (e.g.
the depth of the tree), which removes the need of the limitation of the number of parents.




The algorithm for building the binary decision tree from the population can be illustrated in
the following figure:

Population: .
Xo X1 X2 X3 . .
Split on xg : Splitonx; : Split on x3 :
0jojofo P
olololo Xj"-'o X3=1 X3=0 X3=1 X3=0 X;":l
ol1lol xX=0 2 2 =0 2 1 x=0[ 2 5
oliloh X=1 1 3 x=1 1 4 =1 1 0
| 1{o[o]1 gain = 1.40 gain = 1,92 gain = 1,65
l 1{1{of1
111{0]1
1j1]1jo Sub-population x;=1:
X0 X1 X2X3
J Sub-population x;=0: ol*lol
| Xo X; X2 X3 0|*|0]1
| 0|*lo]o 1{*|1]0
o[*[o]o Hefo1 f°
1{*[0]1 1(*|0(1
Split on xp : Split onxz : Spliton xp : Split on x3 :
%=0|x3=1 || - [x=0|x5=1 x3=0] x5=1 %3=0| x5=1
X=0 2 0 x2=0] 0 3 =0 0 2 | ;=0 4 0
%=1 0 1 |[x=1 0] 0 %=1 1] 2 [ x=1] 0 1
gain = 1.54 gain=1.07 gain=1.07 gain =2.22

Figure 3: Building binary decision tree for x;

p(x3)=0.0 p(x3)=1.0 p(x3)=1.0 p(x3)=0.0
Figure 4: Final binary decision tree for x,

4.3 BDD for mixed continuous discrete mBOA algorithm

The idea of the utilizing BDD in BOA algorithm was mentioned for the first time in [19]. In
our Mixed Bayesian Optimization Algorithm (mBOA) we extended the idea of decision
diagram to continuous and integer domains. Our mBOA is the only one EDA which is able
to solve problems with mixed real-discrete parameters (alleles) without conversion to
binary representation. In Fig. 5 an example with continuous child variable X; and
continuous parent variable X;is shown. Our algorithm tries to find a X; and X; boundaries
such that the numbers of individuals in each quadrant maximize (9). In the case of integer
domain (see Fig. 6) we use hill-climbing algorithm to split the set of possible X; values into
left and right subset. The variable s in (9) goes through all possible X; values instead of only
two values {0,1).
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? I-)amﬂl X
mye=1 my,=3
splitboundaiy +T:!:.~+-l- IX[=0 X=1X=2 X=3
e _ + X;e{0,2}| mop Moy Moz Mo}
++ ; - X;e{1,3})] mo my; M2 M3
+4 el
- mge=6
estimated bbundary child X,
>
Figure 5: An example of real domain split Figure 6: An example of integer domain split

4.4 Probabilistic model sampling

As a result of probabilistic model construction we obtain a set of decision trees, one tree for
each variable. This set of trees is used for generation of the offspring (new population)
during the Probabilistic Logic Sampling (PLS). During this PLS process the variables
(whose parents are already determined) are generated by traversing their decision trees.

This is repeated for each offspring until all its variables are generated.
In our example in Fig. 1 the variables X and X are generated as first. Then the concrete

value of p(X;) is determined according to concrete values of Xp and X; - using decision tree
from Fig. 2. ' :

4.5 Parallel BDD construction

The probabilistic model construction is the most time consuming task in mBOA. We are
currently working on the distributed mBOA using Message Passing Interface (MPI). The
goal is to utilize more processors when searching for a good model. Our consolation is that
the BD metric is separable and can be written as a product of n factors, where i-th factor
expresses the quality of decision tree for variable X;. It is possible to use up to n processors,

“each processor has its own local copy of parent population and it builds tree for different

variable. The addition of splits/parents to the trees is parallel, so we need an additional
mechanism to keep the mutual dependencies acyclic. In [21] we proposed the concept of
restricted set of parents in BN. We are going to extend this concept for BDD in mBOA. In
each generation, variables will be ordered in advance, according to a random permutation
vector g = (go, q1..qns). Each decision tree of variable X; may contain only such parental
splits X; having g; < ;. This approach ensures linear scalability, because no communication
overhead is required. In addition, scalable methods for overlapping the communication
latency during generation, evaluation and broadcasting of new population among the

processes will be implemented using the farmer-workers architecture. '

5 BDD diagram as a model of Boolean function

Binary Decision Diagrams are commonly used for representation of Boolean functions
because of their efficiency in terms of time and space. The BDDs are capable to improve
many conventional algorithms significantly. Besides Boolean function, BDDs can be also
used for representation of other types of discrete functions, such as multi-valued functions,
cube sets and arithmetic formulas [22]. BDDs or oriented BDDs (OBDDs) can be
constructed from Binary Decision Tree (BDT) using two basic reduction rules: 1) reduction
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of nodes with unique ancestor nodes and 2) sharing all equivalent sub-graphs. The previous
two-phase approach suffers from the necessity of a specification of the node ordering in the
first phase. The node ordering is often provided by genetic algorithms [23]. In another
approaches the ordering is found dynamically during the process of BDD building. We
suggest a new approach to build BDDs for a Boolean function (see Fig. 7 and Fig. 8). This
approach using BD metric is similar to the previous one presented in Fig. 4 in case that we
interpret the variable x; as a Boolean function. The function must be represented by truth
table. But this can be considered as a bottleneck of the method. The advantage of suggested
approach lies in the implicit ordering of BDD nodes and lower BDT complexity.

X0 v

X1

X2

X3

0 1 ‘ 0 1

Figure 7: BDT-model of Boolean function F=xgx,+x,x;  Figure 8: BDD after removing duplicate subgraphs

6 Experimental results

6.1 Test benchmarks

The complexity of the partitioning problem is determined by the type and complexity of the
instances — benchmark graphs. We used four types of benchmarks - three artificial ones
(like in the excellent experimental studies [9], [10] and in [11]) with known global optimum
(see Fig. 9) and one benchmark consisting of two real circuits (random logic) from
benchmark package [8]:

1. Regular graphs Grid_n with square grid structure, where the notion n specifies the
number of nodes. Graphs GridH_n have a 2-edge asymmetrical horizontal bottle-
neck and GridHV_n have an extra 2-edge asymmetrical vertical bottle-neck. As an
example a quadrisection of asymetric graph GridH_100 is represented in Fig. 9.

2. Random geometric graph U_n.d with n vertices placed in the unit square. The
coordinates of vertices are chosen randomly with uniform distribution. An edge
exists between two vertices if their Euclidean distance is ! or less, where the
expected vertex degree is specified by d = nm 2. We have chosen n=120, d=5.

3. Caterpillar graphs CAT_n.k, with k articulations, (n-k)/k legs for each articulation
and n nodes. _ :

4. Real circuits labeled by IC_n. The hypergraph IC_67 consists of 67 nodes and 138
edges/nets, the IC_116 consists of 116 nodes and 329 edges/nets.




Figure 9: Graph structure of GridH_100, U_120.5 and a segment of the CAT_2/.3 graph.

6.2 Summary of experimental results

Experimental results are summarized in Tab. 3 and partly in Fig. 10. Our algorithm is
capable to solve the top-down k-way hypergraph partitioning but for the better preview we
present results for 4-way partitioning only. We have arranged 3 types of experiments:

*  Ratio cut partitioning by recursive bi-partitioning RRC

¢ Ratio cut partitioning by non recursive multi-way partitioning MRC

e Partitioning by recursive bisection RB
The ratio cut value is presented in the inverse mode, because this mode for fitness
representation is used. The 1/RC values printed in bold represent the global optimum.

Table 3. Partitioning results for four types of graphs and three algorithms. The population size was set to
" N=40*n for RRC and RB, N=100*n for MRC, computation time is expressed in seconds. ’

e ok asns MRCa e |Faatir RB (s
Benchmark | n | 1/RC 1/RC | Time 1/RC | Time | 1/RC | Time
optimum | cutsize | Eval. | cutsize | Eval. | cutsize | Eval.
3855.1 I%%S;Sgl g : 61| 2574 1138551 479
52364 '{%

10125.0 |- 1
a0
18601.2

27692.3 |:27

663552 | 6635:




)
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Figure 10: Relation between criterion CI and c2? during the RRC minimization of the /C67 -hypergraph.

7 Conclusions

We have implemented a new advanced evolutionary algorithm mBOA for multi-way
partitioning of hypergraphs. Its main advantage against the mostly used move-based
heuristic methods lies in the ability to discover and determine the amount of epistasis in a
! given problem instance and to find the optimal solution. The Bayesian statistics and BDD
' diagrams used in probabilistic model cause high performance of mBOA. It is evident from
Tab. 3 that the recursive ratio cut algorithm RRC is always able to find the known global
optimum in case of artificial graphs. The non recursive multi-way ratio cut algorithm MRC
provides almost comparable results to the RRC but the time complexity is very high -
approximately 14 times greater than for the RRC. The recursive bisection algorithm RB is
worse in more cases in comparison with the previous two algorithms. An example of the
optimization process for RRC algorithm is shown in Fig. 10. The white nodes on the
optimization curve represent the best solution in each generation. It can be recognized how
the algorithm gradually searches for the minimum cut size value resulting in greater balance
value C2. The future activity will be focused on the sophisticated RRC algorithm including
the external pin count, Rent’s rule and the massive parallelization of the mBOA algorithm.
The research will be also directed towards the enhancement of the suggested approach to
the modeling of Boolean functions using BDDs with BD metric.
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Abstract: This paper deals with the utilizing of Binary Decision Diagrams built on the Bayes-Dirichlet metric for
representation of logic functions. In the first phase the Binary Decision Tree is built followed by a reduction process
resulted in binary decision diagram (BDD). The BDDs are also used as a probabilistic model for advanced Bayesian
decomposer for digital circuit partitioning. It is shown that this approach is more efficient than the utilizing of Bayesian
networks (BN) and in addition the concept of BDDs parallelization is simple to implement.
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1 Introduction

Many “decision” procedures use a branching process which consists of testing some property with the branch -
depending on the test outcome (typical exdmples are identification of objects or classification). Concrete application
include also simulation or modeling of digital circuits [1]. This branching process can be represented usually by graph
structure called decision diagram (DD). A decision diagram is a directed acyclic graph in which each decision node is
labelled by a variable/attribute tested in this node (control variable/attribute). The edges coming out from the decision
node leading to the nodes in subsequent levels correspond to the values of the control variable. The number of the edges
relates to the values of the control variable. Besides decision nodes there are leaves (terminal nodes) labelled by the
value of the function that is being evaluated by the diagram. Important parameter of a given DD is the size of the DD
(the number of decision nodes). The construction of minimum-sized DDs belongs to NP-hard problems. The survey of
optimization algorithm for binary DD (BDD) based on top-down as well as bottom-up techniques is published in [2]
and [3]. Let it be noted that DD can be seen also as a reduction of decision tree built by the known Shannon’s
expansion. The key problem is the finding a proper ordering of the DD variables. In this paper we applied a new
approach for DD construction based on the Bayes- Dirichlet metric.

2 Bayes- Dirichlet metric for BDD building

This technique is based on the construction of binary decision tree (BDT) using Bayes-Dirichlet metric[4] followed by
a fast heuristic for reducing of BDT to BDD. We specify its main feature on the case of classification and prediction.
BDT is expressed by: '

O aleaf (terminal) node - indicates the value of the target attribute (class) of examples
Q a decision node (split) - specifies a test to be carried out on a single attribute-value, with one branch and sub-
tree for each possible outcome of the test.

A binary decision tree can be used to classify an example by starting at the root of the tree and moving through it
towards a leaf node, which provides the classification of the instance. Most algorithms that have been developed for
learning decision trees employ a top-down, greedy search through the space of possible decision trees. Our algorithm’
searches through the attributes of the training instances and extracts the attribute that best separates the given examples.
If the attribute perfectly classifies the training sets then it stops, otherwise it recursively operates on the two partitioned
subsets to get their "best" attribute. The algorithm uses a greedy search, that is, it picks the best attribute and never

looks back to reconsider earlier choices.
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The central focus of the binary decision tree growing algorithm is selecting which attribute to test at each decision node
in the tree. From the Bayes-Dirichlet metrics (BD) we derived the incremental equation for adding one new binary split.
This measure is used to select among the candidate attributes at each step while growing the tree: -

x Z T(m, ,+1) - IY Z (m, +1)
ref{0,l}se(0,1} re{0,l}se{0,1)

T IS (ms+D) - )E I( % (m,+1)°
re{0]} sefo) re{0,l} se{0,1)

Galn(JY’,XJ)L' (l)

where X; is the target attribute, Xj is the investigated split attribute, and m,, is the number of individuals having X;=r
and X;=s. For practical purposes we use logarithm of this metric, which avoids multiplication operations. The splitting
is performed recursively, so m,, is determined only from the subpopulation being split. To avoid over-fitting the data,
the gain of each split operation can be penalized by the model complexity (e.g. the depth of the tree).

Xi=0 X;=1
Xj =0 m().o mm
Xj =1 ; mi,o ml.l ¥

Table 1 Notation of symbols m,, '

Note that we also deal with continuous and categorial (integer) variables. If the investigated split attribute X is
continuous, we use fast heuristics to find the optimal split point E;. The training cases are split according to condition
“X/<E,” into two parts, where the value of target attribute is more determined.

2.1 BDD for representation of Boolean function

;. 4
Binary Decision Diagrams are commonly used for representation of Boolean functions because of their efficiency in
terms of time and space. Besides Boolean function, BDDs can be also used for representation of other types of discrete
functions, such as multi-valued functions, cube sets and arithmetic formulas [2]. BDD is a rooted acyclic graph

G=(V.E) with node set V containing nonterminal/decision and terminal nodes. A decision node x represents the
Shannon’s expansion of the Boolean function:

f=(x,- 1+.;[fg) @)

where / is the index of the decision node, fo and f; are the functions of the nodes pointed to by 0- and I- edges,
respectively. The terminal nodes represent the logic values (1/0).

The previous approaches suffer from the necessity of a specification of the node ordering. It is often provided by
genetic algorithms [3]. In another approaches the ordering is found dynamically during the process of BDD building,

X0
X0

X2 X1

0 1 0 1

Fig. 1 Representation of multiplexor function =x,x;+tx3x; by a) BDT b) BDD/OBDD

As mentioned above our algorithm constructs decision tree (BDT) from a set of training cases. The logic function truth
table is used as the training set — the input variables are candidates for splits/decision nodes and the function value is the
target attribute. Then, BDD is constructed from BDT using two basic reduction rules: 1) reduction of nodes with unique
ancestor nodes and 2) sharing all equivalent sub-graphs. In Fig. 1 an example of BDT and the final OBDD for

multiplexor function is shown. Our approach for building the binary decision tree from truth table is illustrated in the
Fig.2 for logic function F =x;x;+x;.
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Truth table:

X1 X2 %3 F ” .
Split on x; : pliton x; : Split on x5 -
0|00 ] 3
g 111 F=0 F=1 F=0 F=1 =0 | F=1
ojtfolo]| X=0 212 %=0Z2[7Z (x=d 3] 1
Ol] 1 Xl""l l 3 x2=1 1 3 x3=1| 0 4
Ljofojo gain = 1.40 gain = 1.40 gain = 3.14
10|11 ‘
1{1]0[1
{1111
Final sub-table x=1:
Sub-table x;=0: : X1X2x3 F
X1 X253 F 0(0(*(1
0f{0|*|0 Split on x, : Spliton x, : of1L(*
o(1{*|0 F=0| F=1 F=0|F=1 1{0]* |1
1{0|*|0 =0 2 0 X2=0] 2 0 L{1]*[1
*|1 =1 1 1 x2=1 1 1
gain = 1.22 gain=1.22

"

Final sub-table x,=0: Sub-table x;=1:

X1 X'JX,3F X1 X'J)(]F
*0* *0*
#]](# *L*

Final sub-table X;=0: Final sub-table x,=1:

X X2x3 F X1 X2 %3 F
3 [[+]]o ] LEL

Fig. 2 Building binary decision tree for F- =xx+x;

Fig. 3a Binary decision tree for F = X1 x3+x;3 Fig. 3b Binary decision diagram for 7 =x,x,+x;

The function must be represented by truth table. The advantage of suggested approach lies in the implicit ordering of
BDD nodes and lower BDT complexity. The worst case time complexity of our BDT construction is O(n*2"). Time
complexity of classical simple greedy BDD construction is O(n!2") and time complexity of advanced classical
algorithm based on dynamic programming is O(n®3?). In [1] the suboptimal bottom-up approach for every ordering of
variable with time complexity O(n*2") is described. _

The maximal structure complexity of the BDD (the size of BDD) is given by the number of nonterminal nodes. As
mentioned before the structure complexity of BDD is determined by variable ordering. In case of simple Boolean
function F,= XX tX3X s |+ Xan X2, the upper bound of structure complexity is O(2"-1).

We have applied our BDT constructor on the function 7, for increasing number of variables from 4 to 20 with
folowing results: :

n - number of variables 4 6 3 10 12 14 20
*{m - number of BDT decision nodes 6 14 30 62 126 254 | 2046
Number of reduced BDD decision nodes 4 6 8 10 12 14 20

Table 2 Resulting size of BDT/BDD representing the function F,,
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From this experiment the size complexity of BDT was derived as 0O(2"*""), The BDD (OBDD) was derived from BDT
by reduction heuristic with time complexity O(m’log m) where m is the size of BDT. The BDD size complexity is O(n).

-

2.2 BDD for multi-valued Boolean function

We extended the idea of decision diagram to integer domains for multi-valued logic function (see Fig. 4). If the target
variable X; is categorial, we use in (1) symbols my; from the following contingency table with multiple columns (each of
them representing the possible value of X;) to evaluate the gain of possible split/decision nodes:

Xi=0 X;=1 1 X=2 X;=3
X;=0 mgyq My} Mo,2 Mo 3
Xj=1 myg my, my i m;

Table 3 An exémple of my; coefficients for target variable X;e {0,1,2,3}

.

7~
=)

e el Gl el (=3 (=2 (=1
——lolo|—|—~|lo|o|®
—=o|—lo|—lo|~|c|x
(V10 BN NG NG N TR0 DO [ [

Fig.4 Anexample 'D'.f:mu-lti—valued Boolean function a) truth -table, b) BDD

3 BDD based Bayesian decomposer

BDD based Bayesian decomposer was developed for general problem of system decomposition. We demonstrate its
performance on the partitioning of digital circuits, see chapter 4. The decomposer is based on the Bayesian
Optimization Algorithm (BOA)[5] and [6] that belongs to the probabilistic model building genetic algorithms where
crossover and mutation operators are replaced by probability estimation and sampling techniques. The skeleton of
common EDA algorithm (Estimation Distribution Algorithm) can be specified as follows:

Generate initial population of individuals of size M (randomly);
While termination criteria is false do
begin
Select parent population of N individuals according to a selection method:
Estimate the probability distribution of the selected parents;
Generate new offspring according to the estimated probabilistic model:
Replace some individuals in current population with generated offspring;
end

Individuals in the population are treated as vectors of instantiations of » random variables Xj, each random variable
(gene) represents one parameter of a solution

X=[Xe X} o Xr)

Most methods for automated learning of parameter dependencies in EDAs have been adopted from the area of data
mining. We proposed the mBOA algorithm based on our BDT construction. The idea of the utilizing DBT (resp. BDD)
in BOA algorithm was mentioned for the first time in [7]. We extended the idea of BDT (BDD) decision trees to
continuous and integer domains. This way we were allowed to extend the standard BOA algorithm to Mixed Bayesian
Optimization Algorithm (mBOA). Our mBOA is the only one EDA which is able to solve problems with mixed real-
discrete parameters (alleles) without conversion to binary representation. ’

The estimated probability model encodes the probability of whole chromosome X as the product of local conditional
probabilities. In mBOA the probability model is composed of n decision trees. An ordering permutation of variables
(09,01,...,04.1) exists such that the variables {Xoy,Xo,... Xo.;} can serve as splits in the binary decision tree of target
variable .Xo;. Each leaf determines p(Xo,) among the individuals fulfilling the split conditions on the path from the root.

120 8" International Conference on Soft Computing MENDEL 2002, Brno, Czech Republic, June 5-7, 2002




As a result of probabilistic model construction we obtain a set of decision trees, one tree for each variable. This set of
trees is used for generation of the offspring (new population) during the Probabilistic Logic Sampling (PLS). During
this PLS process the variables of each offspring are generated by traversing decision trees in (00,045 -,0n.y) Order.

0 Xo

0 A& pCiI1%)

p(X,]00) p(X,01)

Fig. 5 An example of binary decision tree for the determination of X,

In the example in Fig. 5 the concrete value of variable X, is generated according to concrete values of X and X; using
P(X}) value from corresponding leaf of decision tree,

3.1 Parallel construction of BDD

The probabilistic model construction is the most time consuming task in mBOA. We are currently working on the
distributed mBOA using Message Passing Interface (MPI). The goal is to utilize more processors when searching for a
good model. Our consolation is that the BD metric is separable and can be written as a product of # factors, where i-th
factor expresses the quality of decision tree for variable ;. It is possible to use up to n processors, each processor has its
own local copy of parent population and it builds tree for different variable. The addition of splits to the trees is parallel,
so we need an additional mechanism to keep the mutual dependencies acyclic. In [8] we proposed the concept of
restricted set of parents in Bayesian network. We are going to implement this concept for BDD in mBOA. In each
generation, variables_ will be ordered in advance, according to a random permutation vector (o ,0,,..,0,;). Each
decision tree of variable X; may contain only such parental splits Xy having i < j. This approach ensures linear
scalability because no communication overhead is required.

The following algorithm specifies the para]lel construction of BDTs and their sampling:

Gererate random permutation vector (0y,0,,..,0,.1);
For i:=0 to problem_size-1 do in parallel
begin -

Model estimation: Build BDT for target variable X,; (in each processor independently);

Model sampling:  Receive from other processors values of predecessor variables X,p, X, v, Xow1 ;
Generate X,,; according to BDT and received variables;
Broadcast X; ;
end -
The time for BDT construction increases with / (as more variables are allowed to be used as splits). In addition,
scalable methods for overlapping the communication latency during generation, evaluation and broadcasting of new
population among the processes will be implemented using the farmer-workers architecture. For example the
communication latency during receiving X5, X;), ..., X,.; from the other processors can be overlapped by starting the
next construction of BDT from the queue of tasks.

4 Decomposition of large digital circuits

Decomposition/partitioning a large circuit into k subcircuits/modules is frequently solved problem that has several
applications in VLSI circuit design ranging from circuit layout to logic minimization, simulation and testing. The k-way
partitioning can be defined as follows: Let us assume a circuits (E,S) with a set of circuit elements E={e,....e,} that are
connected by the set of nets S={s,, ....,5,,}, where a net is a subset of elements to be interconnected. The goal is to find
such a partition of the set of elements into k modules {M), Ms,..., M} so as to minimize the amount of interaction among
modules under the size constraint :

apl R
“A o SM S+ B), i=12.k 3)

B is user-specified parameter to express the measure of the size imbalance of individual modules in equi-partitioning
process.
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To minimize the number of interactions among modules various criteria/cost functions have been used depending on the
specific application context in which the partitioning is performed. Three main cost functions can be used:

e net-cut value Ce (cut-value, cut-size) — number of external nets
e wire-cut ¥, - number of external wires
s pin-count P, — number of external pins

A relation among these cost criteria exists: P, = C, + W,. In case of two point nets it holds: C,= W, and P, = 2C,

The choice of a proper criterion is provided by the application context (average delay of net, via-count, test generation
etc.) In Fig. 6 there are two cases of J-way partitioning with constant pin-cut value P.=15. In the first case cut-value is
very small, C, =3 but ¥,=/2 unlike the second case with C, =7 and W,=8.

Sy {3 E 3 a P =15
s; | O O , {F 8| C =3
§3 | O T O O O W.=12
Mf M2 MJ M-J Mj
s e s —
s fo—ma| [1_[o] s [ P.=15
$32 & £] Sy Ce =7
G |
53 | O {1 m! a w,=8
G ;| ’
ot (T

Fig. 6 Comparison of two cases of 5-way partitioning in the layout context. .

In the lay0ut context, ¥, represents the number of printed wires so the first partitioning is more adequate.
In the context of the net average delay D, = W./C, we get for the first partitioning D,=12/3=4 and for the next one
D, =8/7=1,14 so the first partition has to be preferred too.

4.1 Ratio-cut partitioning

To realize the multi-way ;:u'irtitioninﬂr the recursive minimum-cut bisection is mostly used producing modules with the
evenly size or with a small size imbalance according to constraint (3). But this approach in common is not capable to
identify a natural cluster in logic design which is crucial for the successful hierarchical design of the large digital
circuits. Therefore a new approach was developed in [9] and [10] based on the ratio-cut metric. It is a variant of
minimum-cut metric where the constraint (3) has been moved into the cost function. The ratio-cut cost function is
given by

Re= C/fsize(M ) *size(My)*... *size(M) ] 4

where C represents one of the three cost functions C,, ¥, and P,.
We have compared the standard recursive minimum-cut bisection technique (with zero imbalance of module size) with
the recursive ratio-metric for each of the three cost functions.

5 Experimental results

5.1 Test benchmarks

The complexity of the partitioning problem is determined by the type and complexity of the instances — benchmark
graphs. We used two benchmarks consisting of two real circuits (random logic) from benchmark package [11] with
following parameters: circuit IC_67 consists of 67 elements and 138 nets, the IC_116 consists of 116 elements and 329
nets.
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5.2 Summary of experimental results

We have arranged 8-way partitioning experiments (ten runs for each one) for three type of cost criteria (see Fig. 7-9):

® net-cut C, (cut-value, cut-size) — number of external nets

®  wire-cut ¥, - number of external wires

*  pin-count P. — number of external pins
We have implemented and compared two algorithms — AMB based on standard recursive minimum-cut bisection
technique (with zero size imbalance) and ARC based on the recursive minimum ratio-cut partitioning.

250 ~ ARC algorithm - IC 67— 300 - ARC algorithm - IC 116 o
505 ‘J d Criterion: Ce 250 4 O Criterion: Ce
' & Criterion: We @ Criterion: We

Criterion: Pc

® Crterion: Pc

c
Cost function

Pc
Cost function

Fig. 7 Efficiency of each criteria expressed by values of other cost functions: a) for IC 67, b)forIC 116

200 ——ARC versus AMB

180 +— IC 67

160

140 1
5120 +
£100 -

350 T——ARC versus AMB:
300 +——

IC 116

- We Pc
Cost function

Ce Ce

We Pc
Cost function

Fig. 8 Comparison of performance of algorithm ARC and AMB for W, criterion: a) for IC 67, b) for IC 116
|
6 2.5 3 Average signal delay— %“ 1.25 - Average signal delay—
3 o IC 67 S 4. 4 IC 116
S 2l s ER
/ © o, s
B 2 1.15 - -
l g 1.5 '\’___,_.;3 =2 11 - I LON
I [ T
i % s 1.05 “ /
8 1 a : v
1 d
0.5 —e—ARC —o—ARC
.--@-- AMB 0.95 .ee@ .. AMB/
0 : 0.9 -
Ce We Pe Ce We Pc
i Criteria Criteria
Fig. 9 Dependence of average signal/net delay on the type of optimization criteria: a) for IC 67, b) forIC 116
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6 Conclusions

We have developed and implemented a new two phase algorithm for BDD construction which removes the problem of
variable ordering. In the first phase the minimized BDT was found using Bayes-Dirichlet metric. In the second phase
fast heuristics was used based on the reduction of decision nodes with equal ancestor nodes and sharing all equivalent
sub-graphs. We have tested our approach on the well known benchmark representing multiplexor- Boolean function F,
up to 20 variables - the known global optimum is found in all cases. But it is desirable to test the BDD constructor on
the larger number of benchmarks. We also have implemented a circuit decomposer based on BDD mBOA algorithm for
multi-way partitioning of digital circuits. Its main advantage against the mostly used move-based heuristic methods lies
in the ability to discover and determine the amount of epistasis in a given problem instance and to find the optimal
solution. The Bayesian statistics and BDD diagrams used in probabilistic model cause its high performance. In Fig. 7
the efficiency of each criterion is shown. It is evident that criteria ¥, and P, performed quite well and can be used
alternatively. From Fig. 8 it follows that the recursive ratio-cut algorithm ARC produces better results than the recursive
min-cut bisection algorithm AMB. The difference is not too high, it is caused by the nature of applied benchmarks that
probably do not include strong clusters. In Fig. 9 the average delay of nets D, is represented as a function of
optimization criterion — it is evident that the criterion C, provides the best value of D,.

The future activity will be focused on the sophisticated ARC algorithm including Rent’s rule and the implementation of
parallelization of the BDD mBOA algorithm. Another task to be solved is the deeper explontanon of the concept of
OBDD construction usmg the Bayes-Dirichlets metric.
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