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Anotace

Diplomova prace ze zabyva problematikou komprese testovacich vektori. Ci-
lem diplomové prace bylo prozkoumat moZnosti zmén hodnot parametri, které uréuji
poradi kédovani testovacich vektori systémem COMPAS, a také navrhnout kritérium
urcujici toto poradi tak, aby vysledné testovaci sekvence byly pro rlizné obvody co
nejkratsi. Price je zaloZena na software COMPAS — kompresoru testovacich vektor.

Bylo zkoumanoe soucasné pouzivané kritérium a nékolik nové navizenych, nejlepsi
z nich bylo doporuceno pro budoud pouziti v softwaru COMPAS. Pro tyto Gdely byl
také vytvofen program POET, ktery implementuje genetické algoritmy pouzité pro
optimalizaci parametri téchto kritérii.

Efektivita doporuceného kritéria byla ovéfena pomoci henchmarkovych obvodi

ISCASS5 a ISCASS9.

Abstract

The thesis deals with methods and objectives of test pattern compression. The
aim was to explore possibilities of changing parameters’ values which determine the
ordering of test patterns being coded by system COMPAS and also to propose the
optimal formula which would lead to the shortest test sequences generated for ditferent
circuits. The work is based on software COMPAS — test pattern compressor.

The formula currently in use and several new were tested, the best formula was
proposed to future use in software COMPAS. The program POET was created for
this purpose, it implements genetic algorithm used for these optimizations of formulas’
parameters.

Efficiency of the proposed formula was verified using ISCAS85 and ISCAS8Y

benchmark circuits.
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1 UVOD

1 Uvod

Na katedie KES (Katedra elektroniky a zpracovani signald) Technické univerzity v Li-
berci je v rdmci rozsahlého projektu REASON! dlouhodobé zkouman problém vesta-
vénych generatort testovacich vektortit ATPG.

Tato prace se zabyva moznosti zmeén hodnot parametr uréujicich potadi kédo-
vani testovacich vektorl systému COMPAS tak, aby vysledné testovaci sekvence pro
rizné obvody byly co nejkratsi. Dale zkouma moznosti zmeény struktury samotného
kritéria, které na zdkladé hodnot parametrii toto pofadi uréuje.

Prace stavi na jiz funkénim sotwaru COMPAS (COmpressed test PAttern Sekven-
cer), stale vyvijeném ¢leny tymu REASON piisobiciho na Technické univerzité v Li-
berci. Tento software izce spolupracuje se simulidtorem poruch HOPE. Vypracovani
fegeni si vyzadalo sezndmeni s vysledky prace tymu zabyvajiho se vivojem softwaru
COMPAS.

Piinosem prace je jednak hlubsi analyza problematiky volby parametri a struk-
tury kritéria uréujictho poradi kédovani testovacich vektori a dale také navrh konkrét-
niho kritéria a jeho piipadngch parametri pro pouZiti v softwaru COMPAS.

Prvnich t¥i kapitoly se zabyvaji ivodem do problematiky testovani ¢islicovych
obvodi, popisem softwaru COMPAS a ivodem do genetickych algoritmi.

Kapitola ¢tvitd popisuje program POET (Parametric Optimization using Evo-
lutionary Techniques), ktery byl vytvoien pro Gcely optimalizace dvouparametrovych
kritérii pomodi genetickych algoritmm.

Nasledujici ¢tyfi kapitoly se vénuji navrhu a zkoumani jednotlivych kritérii a pro-
blematice volby jejich parametri.

V dalsi kapitole je doporuéeno konkrétni kritérium pro pouZiti v softwaru COM-
PAS.

Visledky této prace budou vyuzity v soucasnych a budoucich verzich tohoto

thttp: / /www.fm.vslib.cz/ reason
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1 UVOD

softwaru. Ty jsou vyvijeny dalsimi ¢leny tymu, v soucasné dohé je Ing. Jifim Zahrad-
kou provadén vyzkum metod interni reprezentace testovacich vektortl, komprimacnich
algoritmli a jejich vlivu na rychlost komprese a Ing. Jifi Jenicek se zabyva integraci

simuldtoru poruch do softwaru COMPAS.
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2 TESTOVANI CISLICOVYCH OBVODU

Cast I

Uvod do problematiky

2 Testovani cislicovych obvodu

2.1 Zakladni pojmy

V dnesni dobé zakaznik, ktery kupuje jakykoliv produkt, chece mit jistotu, Ze tento pro-
dukt fuguje tak, jak ma. Vyrobce tedy musi zajistit, aby jeho produkt byl bezchybngy.
Nejinak je tomu i v piipadé ¢islicovich obvod. Kazdy vyrobeny obvod (testovany ob-
vod, Circuit Under Test, CUT), musi projit diagnostickym testem, ktery prokéze,
ze obvod je v pofadku, pracuje spravne. Jedna z moznosti, jak test provést, je, ze v jed-
nom kroku testu jsou na primdarni® vstupy ¢islicového obvodu privedeny hodnoty
tvofici vstupni vektor, odezva obvodu na jeho primarnich vystupech potom tvoii
vystupni vektor, ten pfitom musime znét pfedem, abychom mohli Fici, zda tento krok
testu probéhl v pofadku (Takto lze provést test kombinaéniho obvodu, pro sekvenéni
obvody viz. kapitoly 2.2 a 2.3). Vhodné zvolen4 skupina vstupnich testovacich vektori
{a jim odpovidajicich vektorii v§stupnich) potom tvoii test obvodu.

Nejjednodussi by bylo vytvofit test, ktery proveéfl véechny funkee obvodu, tzv.
trividlni test (v pfipadé kombina¢niho &islicového obvodu testovaci vektory obsa-
hujici vSechny moZné kombinace vstupil), ten by ale v piipadé sloZitych obvoda byl
piilis ¢asové narocny a také objem dat (vstupni a v{stupni testovaci vektory) potfebny
k protestovani obvodu by byl netinosny.

Lepsi zptisob je vytvolit test, ktery proveil véechny potencidlni poruchy ob-
vodu, které by mohly mit za nasledek chybu obvodu. Z toho uz naptiklad plyne, ze

poruchn, ktera se neprojevi chybou, nebude mozné zjistit. Je tieba tedy nalézt takovou

Zprimarni jsou ty vstupy & vystupy, které jsou vyvedené z pouzdra obvodu

13



2 TESTOVANI CISLICOVYCH OBVODU 2.2 Kombinac¢ni a sekvenéni obvody

sadu testovacich vektorii, pomoci niz dosidhneme maximalni pokryti poruch; pokud
pokryti bude 100%, dokazali jsme vytvofit Gplny test. Vzhledem k tomu, Ze jeden
testovaci vektor miZe otestovat vice poruch, bude mit tento test rozhodné mensi podet

testovacich vektori nez test trivialni. [5]

2.2 Kombinaéni a sekvenéni obvody

Cislicové obvody Ize podle chovani klasifikovat na obvody kombina&ni a obvody sek-
vendni.

Obvody, u nich? je odezva v ur¢itém casovém okamziku podminéna pouze hod-
notami, které jsou v uvaZovaném okamziku na vstupech tohoto obvodu, se nazyvaji
obvody kombinaénimi.

Sekvenéni obvod je takovy, ktery kromé kombina¢ni logiky obsahuje také vnitini
pamét (tvofenou zpravidla klopnymi obvody). Znamend to tedy, Ze hodnoty na v{-
stupech tohoto obvodu v uréitém ¢asovém okamziku nezdvisi pouze na hodnotach na
vstupech, ale také na hodnotach pamétovych prvki, neboli jinak fedeno na vnitfnim
stavu tohoto obvodu. To velmi komplikuje testovani, nebot projev poruchy se mize
na vystupu opozdit o celou fadu takti.

Proto se pfi testovani sekvencénich obvodd pouZiva diagnosticky sériovy piistup,
ktery zahrnuje i skanovaci smycku — skanovaci Fetézec, testovaci smycka (Scan
Chain, SC), pomoci niz je v diagnostickém rezimu umoznén zapis testovacich dat do
viech klopnych obvodi testovaného obvodu. Tim dosdhneme toho, ze obvod se v dia-

gnostickém rezimu chova jako obvod kombinacni, a je mozné jej tedy otestovat.

2.3 Metody aplikace testu

Pti pouziti skanovaci smycky dale zaleZi na zptsobu aplikace testu. Metody aplikace
testu mohou byt rozdéleny bud na test-per-scan (TPS), nebo test-per-clock (TPC).

Pfi pouziti metod TPS jsou testovaci vektory z paméti testeru (Automatic Test

14



2 TESTOVANI CISLICOVYCH OBVODU 24 Problémy testii

Equipment, ATE) postupné naé¢teny do skanovaci smycky testovaného obvodu, déle je
proveden funkéni cyklus (po kaZdém taktu hodin je nadten jeden bit), pii kterém je
testovaci vektor prfiveden na primarni vstupy obvodu. Odezva obvodu se ulozi do klop-
nych obvodi a pak je za pomoci skanovaci smycky z obvodu vyétena. Tento pEistup
vyzaduje provedeni stejného podétu takti hodin pro vlozeni kazdého testovaciho vek-
toru do testovaného obvodu, jako je dlouha skanovaci smycka, a obvykle stejny pocet
taktd hodin pro pfecteni odezvy testovaného obvodu. To znamend, Ze ¢as potiebny
k protestovani velmi roste, zvlast kdyzZ je skanovaci smycka dlouha.

Pfi pouZiti metod TPC je jeden testovaci vektor vloZen do testovaného obvodu
po jednom taktu hodin. Tyto metody vyZaduji dalsi logiku, kterda zarudi, Ze viechny

odezvy testovaného obvodu jsou béhem testu zachyceny. [10]

2.4 Problémy testi

Diky nariistajici komplexnosti integrovanych obvodii, lepsi vyrobni technologii a vét-
simu podtu jader na jeden ¢ip rostou i naroky na testovani, zveétguji se objemy testo-
vacich dat a prodluzuji se ¢asy potifebné k otestovani obvodu. Proto je potieba hledat
nové techniky pro sniZeni objemu testovacich dat a zkraceni ¢asu potfebného k vyko-
nani testu. Konkrétné se jedna o tyto problémy:

Omezena velikost paméti testeru: Paméf testeru musi byt velmi rychla,
a proto je i drah4. Cim vice mame testovacich vektori, tim se zvySuji naroky na pa-
meét. PEH pouziti testeru, ktery nema dostatecné velkou pamét, viak dojde k tomu, Ze
provedeny test bude nedplny (neodhali véechny poruchy) a tim nemiZeme mit jistotu,
ze testovany obvod je v pofadku.

Cas presunu dat do testeru: Cim je objem dat potiebnych k protestovani
obvodu vétsi, tim déle trva pfesun téchto dat do testeru (fadové i minuty az hodiny).
Je ziejmé, ze pokud se podari tento ¢as virazné zkratit, sniZi se i cena celého testu.

Uzky testovaci mechanismus: I kdy? mame tester s dostateéné velkou paméti

pro ulozeni testovacich dat, ¢as pienosu téchto dat do testovaného obvodu je stale



2 TESTOVANI CISLICOVYCH OBVODU 2.5 Vestavéné diagnostické prostredky

dlouhy kviili tzkému testovacimu mechanismu (Test Access Mechanism, TAM). Také

tento ¢as je mozné zkratit zmensenim objemu testovacich dat kompresi. [9], [11]

2.5 Vestavéné diagnostické prostiedky

Pro fegeni zminénych problémi externiho testovani lze pouZit BIST (Built-In self Test)
neboli vestavéné diagnostické prostiedky. Ty jsou pouzivany pro testovani paméti (diky
jejich pravidelné struktuie), pro testovani islicovych obvodi jsou véak pouZitelné jen
s obtiZemi. Jsou zaloZeny na tom, Ze test generujeme v redlném case, tedy v dobé testo-
vani, a to bud nedeterministicky (pseudonihodné), nebo pormoci pedpisu (algoritmu),
podle néhoZ bude test generovan (v piipadé paméti se pouziva deterministicky BIST).

Pfi pouziti nedeterministického generovani testovacich vektor vznika problém,
Ze nékteré poruchy jsou timto zplisobem obtiZné detekovatelné (poruchy obtizné dete-
kovatelné nahodnym testem), pokryti poruch je tudiz nedostatecné. Proto je potieba
navic pouzit tester s deterministickymi testovacimi vektory. Jako nejvhodnéjsi pseu-
dondhodné generdtory testovaci posloupnosti se pouzivaji linearni zpétnovazehné
posuvné registry (Linear Feedback Shift Register, LFSR).

Dalsi moZnosti je pouZit techniky zalozené na reinicializaci zpétnovazebnich po-
suvnych registrii (Linear Feedback Shift Register Reseeding), ty pfedpokladaji, ze velka
¢ast bitll v testovacich vektorech je neurdita (tzv. don’t care bhity, to jsou bity testo-
vactho vektoru, na kterych nezavisi odhaleni konkrétni poruchy). Vestavény LESR je
potom inicializovan tak, aby jim generovana vysledna bitova sekvence souhlasila s de-
terministickymi vektory na urc¢enych pozicich. Podet biti uloZenych v paméti testeru
je pak relativné maly, ale pocet ¢ykli hodin potfebnych k protestovani mize byt velky.

[11]
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2 TESTOVANI CISLICOVYCH OBVODU 2.6 Komprese a kompakce

2.6 Komprese a kompakce

Vzhledem k tomu, Zze generovani testl pomoci automatickych generatorn testi
(Automatic Test Pattern Generator, ATPG) stale dokaZe drzet krok se vzrlstajici
slozitosti obvodi, testovani pomoc! deterministickych testovacich vektori je stale ak-
tualni. Setii testovaci ¢as a také v obvodu vestavény hardware je neni piflis slozity.
Problémem vgak je objem testu dat, ktery se slozitosti obvodi roste (viz kapitolu 2.4).
Proto pro zmengeni objemu dat, kter{y je potifeba prenést z ATE pomoci TAM, se
pouZivaji kompakece nebo komprese testovacich vektorf.

Pri kompakei testovacich vektori se vyuZiva toho, Ze ptivodni testovaci vektor
detekujici jednu nebo vice poruch obsahuje don’t care bity. Slouéime-li nékolik takovych
vektori do jednoho, vysledny vektor potom neobsahuje don't care bity, ale detekuje
viechny poruchy plvodnich testovacich vektori, ze kterych byl slozen.

Komprese testovacich vektorii je metoda, pil niz testovacd vektory tvoiicl test
jsou zakddovany do zna¢né mensiho objemu dat, ktera jsou uloZena v paméti testeru.
Pilivodni test je potom z téchto dat generovan dekédovacim zafizenim v obvodu. Bylo
publikovano mnoho rtiznych metod komprese, neni vsak jednoduché je porovnavat,
protoZe néktefi autofi ukazuji efektivitu komprese na kompresi vektori detekujicich
poruchy obtizné detekovatelné nahodnym testem a dalsi autofi na celych determinis-
tickych testech generovanych pomoci ATPG. Navic pouzitelnost riznych kompresnich
metod navic neni ovlivnéna pouze vyslednym kompresnim pomeérem, ale také slozi-
tosti dekompresniho mechanismu, ¢asem potiebnym k testu a vypodetni naroénosti
algoritmu pro kompresi testi. [11]

Jednou z novych metod komprese testovacich vektorti je originlni metoda kom-
prese, kterd je implementovana v software COMPAS (viz. kapitola 3).

Pro provedeni testu je potieba mit také k dispozici kompletni odezvy na vsechny
vstupni vektory, tedy véechny vystupni vektory. Aby véak nebylo nutné tato data ucho-
vavat, je mozné pouzit pilznakovy analyzator (Signature Analyzer, SA), ktery prak-

ticky provadi kompresi odezvy na test. Je zaloZen na metodé déleni dvou bindrnich
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2 TESTOVANI CISLICOVYCH OBVODU 2.6 Komprese a kompakce

polynomil, realizované v posuvném registru se zpétngmi vazbami. Tento zptisob déleni
polynomil je znamy z teorie kédovani, kde se ho pouZiva pfi generovani systematic-
kych cyklickych kddii. Komprese spodiva v tom, Ze analyzator redukuje posloupnost
vystupnich vektorii testu na komprimovany tvar, ktery ¢lovék dokaze snadno porovnat

s tvarem predepsanym, ktery odpovida obvodu bezporuchovému. [5]
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3 SOFTWARE COMPAS

3 Software COMPAS

COMPAS - Compressed Test Pattern Sequencer je software pro kompresi testovacich
vektori pro obvody se sériovym diagnostickym pfistupem.

Tento software je stale vyvijen na KES (Katedra elektroniky a zpracovani signali)
pod vedenim Prof. Ing. Ondreje Novéka, CSc. Ve sv{ch pracich se jim v posledni dohé
zabyvali Ing. Miroslav Holubec (diplomova price, viz [6]), Ing. Jifi Jeni¢ek (diplomova
prace, viz [9]) a Ing. Jifi Zahridka (diplomova prace, viz [14]). Dalsi prace viz [10],
[11], [15]. SW COMPAS je napsan v jazyce C tak, aby jej bylo mozné zkompilovat jak
pro platformy Windows, tak i platformy typu UNIX.

3.1 Popis metody komprese

Metoda komprese spocdiva v postupném hledani testovaci posloupnosti po jednom bitu
z predem piipravené sady testovacich vektoril — aplného testu. Tato posloupnost pii
vlastnim testu vstupuje do skanovaci smycky, jejiz velikost je stejnd jako pocet vstupt
obvodu.

Na zadatku algoritinu mame seznam zatim nedetekovanych poruch obvodu (Un-
detected Fault List, UFL}, seznam vdech testovacich vektori tvoiicich tuplny test (Test
Pattern List, TPL) a ve skanovaci smyéce jsou samé nuly. Krok algoritinu pak probiha
tak, Ze je nalezen dalsi jeden bit posloupnosti, dale je provedena simulace a ze seznarmu
poruch jsou vyskrtnuty ty, které jsou simulaci detekovany. Déle jsou z TPL vyskrtnuty
viechny vektory, které detekuji pouze poruchy uZ detekované. Algoritmus konéi tehdy,
kdyz je TPL prazdny.

Klicovym je rozhodovaci mechanismus (viz kapitolu 3.5), ktery uréi hodnotu
dalgiho bitu posloupnosti, aby ta byla co nejkratsi za stejného pokryti vech poruch.

Dekomprese testu potom probiha tak, Ze posloupnost vstupuje do skanovaci
smycky po jednom bitu, pii posunuti posloupnosti o jeden bit je pfitom vygenero-

van cely testovaci vektor, ¢imZ dochazi ke zna¢né tspofe paméti testeru. Pfi kompresi
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3 SOFTWARE COMPAS 3.2 Schéma testu

se nevyuziva pouze kompakee testovacich vektori, ale zaroven jejich posuv, coZ znacné
zvysuje stuperi komprese.

Co se tyce seznamu testovacich vektori tvoficich uplny test, pifi jeho generovani
nekterym z ATPG je na néj kladen poZadavek, aby testovaci vektory z vygenerovaného
testu obsahovaly co nejvice don't care bitd a aby byl pokud mozno k jedné poruse ve-
generovan jeden testovaci vektor. Nékteré ATPG vsak takové volby vitbee neumoziuji.

Rozdilné proti metodam bézné pouzivanym napi. pii reinicializaci LSFR je i po-
uziti testovaci smycky sloZzené pouze z D klopnych obvodd oproti linedrné zpétnova-
zebnim registriim, dekompresni hardware je tedy o dost jednodussi. Dalsim velkym
rozdilem je to, Ze po kaZdém kroku, kdy do testovaci smycky vstoupi dalsi bit, pro-
vadime simulaci poruch a jejich pokryti, coz vyznamné zjednodusuje generovani testu
a zkracuje délku vysledné testovacl posloupnosti. Jistym omezenim je ale ¢asova na-
ro¢nost simulace poruch a nutna znalost struktury obvodu.

Vihodou této metody jsou predevsim vysokd komprese pouzitych testovacich
vektort, rychlé a snadné testovani a velmi jednoduchy testovacim hardware, obzvlasté
pii testovani kombina¢nich obvodi. Pii pouZiti se sekvenénimi obvody je nutné pouzit

sloZité&jsi dekompresni hardware, jednim z feseni je napf. RESPIN architektura. [9], [11]

3.2 Schéma testu

Na obrazku & 1 je schéma, jak probiha test. Prvni éast je pouze softwarova, generovani
testovacl posloupnosti probiha programoveé. Pomocl automatického generatoru testova-
cich vektori (ATPQG) vygenerujeme jednotlivé testovaci vektory, které jsou vstupem do
kompresniho programu COMPAS. Pro kazdou poruchu by meél byt vygenerovan jeden
testovaci vektor a je vhodné, aby v testovacim vektoru byl maximalni pocet neuréitych
bith (don’t care biti), které umozni prekryti s dal§imi vektory. Vystupem programu je
jiz zkomprimovand bitova testovaci posloupnost, kterd se ulozi do paméti testeru.
Vytvolena bitova posloupnost uloZena v paméti testeru vstupuje sériovym vstu-

pem do skanovaci stycky obvodu, kterd je tvofena fetézcem D-klopnych obvodi. S kaz-

20
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ATPG
Testovaci vektory .
(TPL) D }—o D H D
Testovaci
1xx01x1 l l i vektory
0x111x0 b&hem
D jednotlivych
o ) T cykl( hodin
¢ 1.: 0000000
SW D [» 2.: 1000000
; 3.: 1100000
Gehes * TESTOVANY OBVOD i
E (CUT) 5.:1011000
. 6.:0101100
:{e\’;fvdancéi " 7.0010110
8.:1001011
posloupnost
11010011010111 D |l
0011011101011...
T o] h
A y y r
Pfiznakovy analyzator (SA)
Pamét testeru

(ATE)

Obrazek 1: Schéma testu

dym taktem hodinového signalu dojde k nasunuti jednoho nového bitu, a tim k vygene-
rovani celého testovaciho vektoru. Vysledné testovaci vektory jsou piimo zpracovavany
testovanym obvodem, odezvy tohoto obvodu pak vstupuji do pfiznakového analyza-

toru. [9], [11]

3.3 Srovnani s jinymi metodami komprese

V nisledujici tabulce jsou srovnany vysledky kompakee a komprese testovacich vektort
pomoci jinych metod. Hodnoty jsou uvedeny pro obvody z testovaci sady ISCAS89,

predevsim ty s velkym poc¢tem vnitinich hradel, a tedy s velkymi naroky na generovani
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3 SOFTWARE COMPAS 3.3 Srovnani s jinymi metodami komprese

testu.
V tabulce ¢ 1 jsou uvedeny vysledné podty bitli pro nékteré znamé metody
komprimace testovacich vektord a pro software COMPAS ve verzi Stack (popis verzi

viz kapitolu 3.4).

Stat. Cod- Illinois Linear
MinTest | ing of Test LSFI‘% Scan FDR Decom- RESPIN++ | COMPAS
Reseeding Codes

Cubes Arch. pressors
obvexd pocet pocet podet pocet. pocet poet pocet poet
hit it bit it bitit bit it bit it hiti bt hiti
513207 163100 52741 11285 109772 30880 19608 26004 3968
&815850 58656 49163 12438 32758 26000 12024 32226 6332
838417 113125 172216 34767 96269 93466 54207 20132 20329
538584 161040 128046 29397 96056 77812 28120 (3232 G150

Tabulka 1: Porovnani s jinymi metodami komprese testovacich vektori

Koprese pomoci SW COMPAS dosahuje vétsiho kompresniho poméru neZ ostatni
porovnavané metody.

Druhy sloupec této tabulky obsahuje pocet bitd pro vektory generované ATGP,
které tvoifi Oplny test a progly pouze kompakel. Ve tfetim sloupci je velikost testu
se statistick{m kddovanim vektoril z pfedchoziho sloupce. Ve étvrtém sloupci je po-
uZita metoda kombinujici statistické kédovani z piedchoziho sloupce a reinicializace
LFSR. V nasledujicich sloupcich jsou uvedeny hodnoty odpovidajici metodam kom-
prese s paralelnimi/sériovymi testovacimi smyckami, frekvenéné orientovanymi kédy
a kombinacné linedrni dekomprimace. Predposledni sloupec obsahuje podet potieb-
nych bitd vygenerovanych pro RESPIN++ architekturu. Tyto vysledky jsou dosazeny
s pouzitim smisenych testovacich vektorl, pficemz bylo pouzito 400 pseudonahodngych
testovacich vektorfi generovanych zpétnovazebnimi registry RESPIN++ architektury
a nasledné byly aplikovany dekompresované deterministické vektory detekujici zbyva-
jici poruchy.

Jiné smisené (mixed-mode) metody obvykle pouZivaji vétsi pocet pseudonahod-
nych vektord, vysledky proto nejsou porovnatelné.

Z grafu na obrazku & 2, ktery vychazi z tabulky & 1, vyplyva, ze metody pou-
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1000000
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obvody
M MinTest [ I stat. Coding of Test Ml LSFR Reseeding [ llinois Scan Arch.
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M FDR Codes M Linear [ RESPIN++ M compas
Decompressors

Obrazek 2: Porovnani riiznych metod komprese testovacich vektort

Zivajici reinicializaci LFSR se vyznacuji vysokym kompresnim pomérem, a proto jsou
vhodné k pouZiti. Ze srovnani je vidét vyssi kompresni pomér COMPASu, dosazeny

soucasnym pouzitim kompakce, posunu a okamzitého testovani pokryti poruch. [9], [11]

3.4 Verze softwaru COMPAS

Vzhledem k tomu, ze SW COMPAS je stale ve vyvoji, mél jsem k dispozici nékolik

jeho verzi, uvadim tedy piehled téchto verzi.

e zakladni verze bez optimalizaci

e verze s optimalizaci pouzivajici predikeci budoucich biti posloupnosti a zasob-
nik testovacich vektort s nejvyssi vyuzitelnosti, dale tuto verzi nazyvam verze

Stack, [6]
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3 SOFTWARE COMPAS 3.5 Urceni hodnoty bitu posloupnosti v jednom kroku

o verze Stack.l, kterd je malou modifikaci verze Stack (8lo o drobnou tdpravu,

kterou provedl Ing. Jiff Jenicek)

e verze s daldi optimalizaci, kdy se simulator poruch nespousti v kaZdém kroku
algoritmu, dale tuto verzi nazyvam verze 3.2 (kterou v soucasné dobé& vyviji

Ing. Jifi Zahradka, verze je tedy stale ve v{voji)

e verze 3.2.1, kterd je malou modifikaci verze 3.2 (stejnou jako v piipadé verze

Stack.1)

Cilem vgech téchto optimalizaci bylo kompresi testovacich dat zlepsit a soudasné ji
zrychlit.

Vgechny tyto verze pouzivaji externi simulator poruch synchronnich sekvenénich
¢islicovych obvoda od autortt Hyung K. Lee a Dr. Dong S. Ha z Virginia Polytechnic
Institute & State University, (7]

Dalsi verze, které jsem vsak uz nemél k dispozici {(protoze byly v dohé mé prace

jesté ve stadiu vyvoje, nebylo je tedy moZné pouZit), byly tyto:
e viceprocesorova verze vyuzivajici moZnosti paralelizace algoritmu, [9]

¢ verze s integrovanym simuldtorem poruch (v soudasné dobé vyvijena Ing. Jifim

Jenickem)

V této diplomové pracd jsem pracoval se verzemi Stack, Stack.l, 3.2 a verzi 3.2.1.
S verzi zékladni jsem jiZ nepracoval. Pokud v daldim textu bude zminéna verze Stack,

Stack.l a pod., vzdy se jedna o verze SW COMPAS.

3.5 Urdeni hodnoty bitu posloupnosti v jednom kroku

Jak jiz bylo zminéno v kapitole 3.1, klicovy je mechanismus, ktery v jednom kroku

algoritmu uréi nasledujici bit posloupnosti.
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3 SOFTWARE COMPAS 3.5 Urceni hodnoty bitu posloupnosti v jednom kroku

Predpokladem je, Ze na zac¢atku je hardwarovy dekompresor testovaci posloup-
nosti nulovan, vsechny bity skanovaci smycky jsou nastaveny do nuly. Prvni testovaci
vektor je tedy tvofen samymi nulami a neni jej potfeba vyhledavat, jinak je ale zpra-
covavan stejné jako ostatni. Je spustén simulator poruch, ze seznamu UFL jsou vy-
skrtnuty detekované poruchy a ze seznamu TPL jsou vyskrtnuty vektory, piislusejici
vyskrtnutym porucham.

Kazdy dalsi bit testovaci posloupnosti je vybiran nasledujicim postupem: Algo-
ritmus ohodnoti vSechny zbyvajici vektory v TPL tak, Ze se snaZi kazdy vektor ma-
ximalné prekryt dosud vytvorenou testovaci posloupnosti. Kazdy vektor je posouvan
tak dlouho, dokud jsou nékteré jeho bity v kolizi s aktualnim stavem skanovaci smycky
(respektive ¢asti posloupnosti, kterd je jakoby pravé v této smycce) a dokud bit, ktery
by mél vyt vybran jako dalsi bit posloupnosti neni ,,0“ nebo ,,1*. Piiklad je na obrazku
¢. 3.

aktualni hledany bit SC

budouci bity SC 4 aktualni stav
|x|x|x|x|x ? O|O|O|O|O|O| vychozi hodnoty smycky

posun 1, nesouhlasi
posun 2, nesouhlasi
posun 3, nesouhlasi
posun 4, souhlasi

|1xx

[x[x[1[x|{x]1]o|ofofof[o[o]| finamihodnoty smysky
moZné bity FA moZna finalni posloupnost SC

Obrazek 3: Vybér dalsiho bitu testovaci posloupnosti

Po nalezeni platné pozice vektoru je z posunuti a dalsich pfipadnych parametri
pomoci zvoleného kritéria (viz. kapitola 3.6) vypocitana vhodnost nasazeni vektoru
do testovaci posloupnosti.

Algoritmus pak vybere testovaci vektory s nejmensim ohodnocenim, tedy vek-



3 SOFTWARE COMPAS 3.6 Kritérium ohodnoceni

tory nejvhodnéjsi. Poté algoritmus porovna pocet vybranych vektord s 1 na pravé
vyhledavané pozici s poétem vektort, které na této pozic maji hodnotu ,0%. Je-li vy-
sledny podet vektori s hodnotou 1% vétsi neZ pocet vektord s hodnotou 0%, testovaci
vektory, které maji na tomto misté jednicku, budou preferovany pii hledani budouciho
bitu.

Déle & takto vybranych vektord (obvykle & = 50} algoritmus zjisti, zda tyto
vektory souhlasi s bity, které bude potieba vygenerovat v budoucich krocich kvili
pfedchozim uZ vybranym vektorfim. Tyto bity jsou uloZeny v poli budoucich bitti spolu
s identifikaci vektoru, ke kterému patfi, a jeho hodnotou kritéria. Jestlize nékterd pozice
v poli budoucich bitil je jiZz néjakou logickou hodnotou obsazena, algoritmus porovna
hodnotu kritéria (vhodnost) téchto dvou vektort a bit na piislusnou pozici tohoto pole
je vybran z vektoru vhodnéjsiho.

Z vektori, které souhlasi i s polem budoucich bith, je pak vybrana opét na za-
kladé poctu jednicek a nul hodnota bitu na novou aktualni pozici posloupnosti. Pokud
se stane, Ze neni mozné vybrat Zadny testovaci vektor, do testovaci posloupnosti vstoupi
bit 8 hodnotou ,0¢ (plvodné vstupoval ndhodné zvoleny bit, ale z divodu zachovéani
deterministicity algoritmu od toho bylo prozatim upu$téno — pii dvou riznych spus-
ténich programu by mohla byt po kaZdé vygenerovana vyrazné odlisnéd posloupnost).

[11]

3.6 Kritérium ohodnoceni

Kritérium uréuje vhodnost nasazeni konkrétniho testovaciho vektoru do vysledné tes-
tovaci posloupnosti. Kritérium muze nabyvat celjch hodnot vétgich neZ nula a mengich
ne? 2%2 (dano pouZitim datového typu unsigned int). Cim je hodnota kritéria mens,
tim je dany vektor vhodnéjsi k nasazeni, a je tedy pravdépodobnéjsi, Ze bude nasazen

a jemu odpovidajici bit se v nasledujicim kroku fegeni zvoli.
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3.6.1 Piuvodni kritérium

Na za¢atku bylo zvoleno kritérium s jednou vahovou konstanou €, které mélo teore-
ticky vhodné popisovat parametry testovaného obvodu, mélo by prosazovat vektory
s nejvetsim plekrytim s aktualnim stavem testovaci smycky. Také by meélo preferovat
vektory s velkym podétem urcitych biti, protoze takové vektory se obecné podafi obtiz-
neji prekryt s testovaci posloupnosti do té doby vytvofenou. Je téz pravdépodobné, ze
pfi nasazeni vektoril s vétsim podtem urditych bit budou pokryty i vektory s velkym
podtem neurditych biti.

Vlastni kritérium tedy vypada takto:
crit = (shift + no_dontcare) - C + global_dontcares,

kde jednotlivé slozky znamenaj:

crit hodnota kritéria vypoc¢tena k piislugnému vekotru
shift posunuti vektoru vid¢i stavu, kdy se iplné piekr¢va s SC
no_dontcare podet neurditych bitd v prekryté casti

global_dontcares  celkovy podet neurditych bitd ve vektoru

Vgechny tyto slozky jsou celodiselné, véetneé vahové konstanty C'. Uz od pocatku
bylo kritérinm navrzeno jako celo¢iselné, a to proto, aby v kazdém kroku bylo vektort
s nejmensim ohodnocenim vice nez jeden, a hodnota daldiho bitu posloupnosti tak byla
vybréna na zdkladé vice testovacich vektord (coz zarucovalo, Ze tato hodnota zakéduje
nejvétdl mozny pocet testovacich vektord). [9], [11]

Volba vahové konstanty € ma pfitom vyrazny vliv na vyslednou délku testovaci
posloupnosti. Doposud vsak nebylo ziejmé, jak velikost konstanty volit nebo zda by

nebylo vhodné zvolit kritérium odlisné.

3.6.2 Priklad vypoctu kritéria

Zde je uveden piiklad, jak se vypoditava hodnota kritéria. Podivame-li se znovu na

obrazek, na kterém je vybér nového bitu posloupnosti (pro zopakovani na obrazku &
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4), vidime, Ze pravé ohodnocovany testovaci vektor, ktery mé tvar 1xx1xx0, je mo7né

aktualni hledany bit SC
budouci bity SC ¥ aktudlni stav
[x [ x[x{x|x]2]ofofofo]o]o]| vychozihodnoty smycky

posun 1, nesouhlasi

1 posun 2, nesouhlasi
1] x posun 3, nesouhlasi
[ 1] x|« posun 4, souhlasi

|x|x|1|x|x 1 0|0|0|0|0|0| finalni hodnoty smycky
mozné bity FA mozn4 finaIni posloupnost SC

Obréazek 4: Vybér dalsiho bitu testovaci posloupnosti — vypocet hodnoty kritéria

do vysledné posloupnosti nasadit, pokud ho posuneme o 4 bity vzhledem ke konci
stavajici testovaci posloupnosti. Proménna shift ma tedy hodnotu 4. Dale vidime, 7e
tento vektor ma v ¢asti, ktera je piekryta s testovaci smyckou, dva neurcité bity (don'’t
care bity), tedy proménna no_dontcare ma hodnotu 2. Nakonec spocitidme celkovy
pocet téchto neurcitych bit v celém vektoru, ty jsou ¢tyfi, proménna global_dontcares
ma tedy hodnotu 4. Vyslednou hodnotu kritéria urcujici vhodnost nasazeni tohoto
vektoru vypocitame dosazenim do rovnice tohoto kritéria (uvazujeme pfitom hodnotu

konstanty napiiklad C' = 2):
crit = (shift + no_dontcare) - C + global_dontcares = (4 +2) -2+ 4 =16

Na zakladé této hodnoty je potom rozhodnuto, zda tento vektor bude nasazen do
vysledné posloupnosti.

Nejdiive ohodnotime zbylé vektory v TPL, maji-li ostatni hodnotu kritéria veétsi
nez 16, pak je tento vektor urcen jako nejvhodnéjsi a bude do vysledné posloupnosti

lasazerl.
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3.6.3 Dalsi kritéria

Problém volby kritéria byl jiz ¢astené fesen v roénikovém projektu [8]. Bylo testovano
nékolik dalsich podob kritérii (ne vidy zcela vhodné navrZenych), zejména kritéria
s vice volitelnymi konstantami (parametry). Cilem bylo s pomoci genetickych algo-
ritimi pro jeden zvoleny obvod nalézt optimalni hodnoty parametrd téchto kritérii.
Ukazalo se viak, ze takto nalezené hodnoty parametri nelze pouzit pro jiny obvod se
stejné dobrym vysledkem jako pro obvod vybrany, na kterém probihala optimalizace.
To je zplsobeno rozdilnou vnitini strukturou jednotlivych obvodi, pro kazdy obvod
byly optimélni hodnoty parametrii jiné. Posléze bylo upusténo od hledani optimal-
nich hodnot parametr{i pro kritéria s vice jak dvéma volitelnymi konstantami (kvili

nemoznosti grafického zobrazeni).

3.7 Pouziti softwaru COMPAS

Zde je z pohledu uzZivatele uvedeno, jak se software COMPAS pouZiva.

Nejdifve je tfeba musime zajistit, aby v adresaii, kde je program COMPAS (re-
prezentovany spustitelnym souborem compas.exe v S Windows nebo spustitelnym
souborem compas v OS typu UNIX), byl také simulator poruch Hope, (7] (spustitelny
soubor hope.exe (Windows) nebo hope (UNIX). Dile je potieba datovy soubor se
strukturou zvoleného testovaného obvodu (nazev_obvodu.bench) a dalsi datovy sou-
bor s nekomprimovanymi testovacimi vektory, vygenerovany v programu Atalanta &
v jiném ATPG?.

Potom miizeme program spustit z piikazové fadky, naptiklad timto zakladnim

zplsobem (prvni pitklad pro OS Windows, druhy pro OS typu UNIX):

compas.exe —-f -b nazev_obvodu

./compas -f -b nazev_obvodu

3je viak dilegité, aby soubor mel format, ve kterém testy generuje program Atalanta
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Po parametru -b program odekava nazev obvodu, parametr -f znamena, Ze se
program spusti s optimalizaci pomod predikce budoucich biti a zasobniku vektort
s nejvétsim vyuZitim. Pokud bychom tento parametr nepouZili, spustil by se bez téchto
optimalizaci, tedy prakticky by se spustila zékladni verze programu.

Po svém spugténi program vypige:

Circuit: ¢432

———+ COMPAS & HOPE +-—--

win32 & un*x

Inputs: 36 Patterns: 518 Faults: 524

Crit = ( j + patterns[k].no_dontcare ) * C + patterns(k].global_dontcares
Constant for criterium (C):

Na prvnim fadku je nazev obvodu, ktery uzivatel zadal, na ¢tvrtém fadku potom
pofet vstupll obvodu, dale podet testovacich vektor pfed kompresi a podet poruch
obvodu. Na dalgim Fadku program vypiSe pouzité kritérium (o kritériich a konstantach
viz kapitola 3.6) a &ekd, aZ uZivatel zada konstantu €. Tato konstanta byla doposud
nejéastéji volena €' = 2,5 ¢ 50. Po zadani této konstanty program béZi dal a provadi

kompresi testovacich vektor do hitové posloupnosti.

Konec vypisu programu vypada takto:

QCircuit: ¢432 Inputs: 36 Done: 197 (bits) Remain: 2 (p) € 0.012 8)
Circuit: c432 Inputs: 36 Done: 198 (bits) Remain: 2 (p) ( 0.012 s)
QCircuit: 432 Inputs: 36 Done: 199 (bits) Remain: 2 (p) ( 0.012 s)
QCircuit: ¢432 Inputs: 36 Done: 200 (bits) Remain: 2 (p) € 0.012 8)
Circuit: c432 Inputs: 36 Done: 201 (bits) Remain: 1 (p) ¢ 0.012 s)
QCircuit: 432 Inputs: 36 Done: 202 (bits) Remain: 1 (p) ¢ 0.012 s)
Circuit: c432 Inputs: 36 Done: 203 (bits) Remain: 1 (p) ¢ 0.012 s)
QCircuit: 432 Inputs: 36 Done: 204 (bits) Remain: 1 (p) ¢ 0.012 s)
Circuit: c432 Inputs: 36 Done: 205 (bits) Remain: 1 (p) ¢ 0.012 s)
Circuit: c432 Inputs: 36 Done: 206 (bits) Remain: 1 (p) ¢ 0.012 s)
Circuit: c432 Inputs: 36 Done: 207 (bits) Remain: 1 (p) ¢ 0.012 s)
QCircuit: 432 Inputs: 36 Done: 208 (bits) Remain: 1 (p) ¢ 0.012 s)
Circuit: c432 Inputs: 36 Done: 209 (bits) Remain: 1 (p) ¢ 0.012 s)
Circuit: c432 Inputs: 36 Done: 210 (bits) Remain: 1 (p) ¢ 0.012 s)
Circuit: c432 Inputs: 36 Done: 211 (bits) Remain: 1 (p) ¢ 0.012 s)
Circuit: c432 Inputs: 36 Done: 212 (bits) Remain: 1 (p) ¢ 0.012 s)
Circuit: c432 Inputs: 36 Done: 213 (bits) Remain: 0 (p) € 0.012 8)
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Circuit: c432

Number of bits: 213

Number of random bits: 1

Relative of random bits: 0.000000
Elapsed time: 2.745076 seconds
Number of used future bits: 175
Elapsed NEAR: 0.0108969 seconds
Elapsed HOPE: 2.637283 seconds
Elapsed CROS: 0.014906 seconds

Z tohoto vypisu vidime, Ze v¢sledna posloupnost ma 213 bitfi, nartist této po-
sloupnosti miZeme sledovat ve sloupci Done. Ve sloupci Remain potom vidime, ko-
lik testovacich vektorfi zbyva vyskrtnout. V¢slednou bitovou posloupnost po skon-
¢eni programu nalezneme v souboru ndzev_obvodu.result, v tomto pfipadé tedy
¢432.result, v podobé seznamu testovacich vektorti (komprimovanych, kazdy nasle-
dujici testovaci vektor je tvofen piedchozim vektorem posunutym o jeden bit a dalsim
bitem posloupnosti) odpovidajicim vstupnimu formatu programu Hope.

Dale uZ pouze zminim dal$i parametry, které je moZné pii spusténi programu

pouZit:

-c¢ N — nastaveni konstanty C pfi spusténi programu

-n — program do souboru ndzev_obvodu.no_bits ulozi ¢slo vyjadiujici,
jak je dlouhd v{stupni bitova posloupnost

-s — ulozi do souboru ndzev_souboru.teststream vyslednou bitovon
posloupnost ve formé po sobé jdoucich jednicek a nul

-t — uloZi statistiku ¢asti do souboru ndzev_obvodu. csv

-v N - stupeil vypisi, N = 0 az 6, od nejméné podrobnych k podrobnéjsim

--ver - vypiSe, o kterou verzi programu se jedna

--help - vypiSe popis jednotlivych parametri

Pii pouziti verze 3.2 je tieba misto parametru -c¢ pouZit parametr -cl, navic je zde

i parametr —c2, ktery umoziiuje zadat druhou konstantu (pro viceparametrova kritéria).
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Navic je potfeba pouZit parametr -e, ktery zarudi, Ze se tato verze spusti s pouZitim

optimalizace vyuzivajici pouze ob¢asné spousténi simulatoru poruch.
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4 GENETICKE ALGORITMY

4 Genetické algoritmy

Genetické algoritiny {(GA, nebo také evoluéni techniky) je souhrnny nazev optimalizac-
nich technik, pro které byly inspiraci evolu¢ni dé&je v piirodé: princip pieZiti nejsilnéjgich
jedincti a princip dédi¢nosti jejich vlastnosti na dal3i generace.

Poprvé se tato idea objevila v 60. letech 20. stoleti, nedlouho poté v pracich
zabyvajicich se evoluénim programovanim {Fogel a kolektiv). V roce 1975 svou knihou
Adaptation in Natural and Artificial Systems dava zaklad genetickym algoritmiim John
Holland. Vyznamnou publikaci v roce 1989 vydava David Goldberg, a to knihu Genetic
Algorithms in Search, Optimization and Machine Learning, ve které se zabyva témito
algoritmy jakoZto technikou pro feseni riznorodych tloh.

Tyto algoritmy byvaji naro¢né na vypocetni vykon, jejich pouZiti je vsak dnes

uZz moZné diky stéle vzristajici rychlosti poditaci.

4.1 Charakteristika

Prirovname-li mnozinu moznych feseni (kandindatii na feseni?) daného problému k po-
pulaci jedincu (jeden jedinec piedstavuje jednoho kandidita na feSeni tohoto pro-
blému}, pak pravé nejsilnéjsi (nejkvalitnéjsi) jedinec piedstavuje Fegeni nejlepsi.

Na zadatku algoritmu mame mnozinu {(ur¢ité velikosti) ndhodné zvolenych moz-
nych fegeni problému - poéateéni populaci jedinct (jeji velikost zlstava v pritbéhu
algoritmu konstantni), ve které se postupem generaci vytvaieji lepsi a lepsi jedinci
(v idealnim pripadé&®), ¢imz konvergujeme k nejlepsimu refeni problému.

Prtibéh algoritmu viz obrazek ¢. 5.

Inicializace: Na poc¢atku ndhodné vytvofime N jedinct (individual) tvoiicich popu-

laci (population), kteif budou pfedstavovat podatecni generaci (generation).

‘naptiklad fegime-li v realném oboru rovnici o jedné neznamé, pak kandidatem na feseni je jakékoli

realné éislo
Sbohuzel véak tomu tak vidy neni
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(INICIALIZACE )

OHODNOCENI

NAHRADA

—::_"/l'.l KON (':lT%“"‘;;

TANO

([ KONEC |

Obrazek 5: Prubéh algoritmu
Ohodnoceni: Kazdého jedince ohodnotime ¢islem, které predstavuje jeho kvalitu.

Vybér: Podle kvality jedinctt se budou vybirat ti, ktefi ,,pieziji, ztistanou tedy v po-
pulaci, zbyli méné kvalitni jedinci z procesu evoluce vypadnou, tedy ,zahynou®.

Tento proces se nazyva selekce.

Zména: Nékteré vybrané jedince pozménime (respektive vytvoiime jejich kopie a ty
pozménime), déle vytvoiime jedince nové (potomci) z jedinet existujich (ro-

dice).

Nahrada: 7 jedinci, kteff prosli selekei, a z novych jedineii se jich N vybere do dalsi

generace. Vybér jedinci fidi ndahradova strategie.

4.2 Zakladni podoba algoritmu

Uplné na pocatku je tfeba vyfesit problémy zavislé na konkrétni fesené tiloze:
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4 GENETICKE ALGORITMY 4.2 Zakladni podoba algoritmu

zakddovani kandidata na Feseni — jedince

ohodnoceni jedince
¢ vytvofeni (ziména) nového jedince z jedinch existujicich

Dale musime zvolit

zplisob selekce

nahradovou strategii

podminku ukonéeni alogritmu — zastavovaci pravidlo

parametry algoritmu

4.2.1 Zakédovani jedince

Jedinec je zakédovan do chromozomu ve tvaru fetézee znaki

(81? s ;Sn)

pevné délky, kde znaky ¢; jsou ze zvolené abecedy; nejéastéji je abeceda tvofena pouze
ze dvou znaki {0,1}.

Mame-li napifklad tlohu, kterou fegiime na intervalu celych ¢isel (0, 255), zvo-
lime abecedu {0,1} a délku chromozomu 8 znakil. V tomto pfipadé chromozom bude
predstavovat piimo bindrni podobu jedince — desitkového ¢isla (vzdy tomu tak byt
nemusi, zaleZi na feSeném problému). Konkrétniho jedince tedy dostaneme prevodem

chromozomu z binArni podoby do desitkové {dekédovani jedince).

4.2.2 Ohodnoceni jedince

Déle je nutné umét jedince ohodnotit (uréit jeho kvalitu - fitness). Musi tedy byt
definovina ohodnocovaci funkee (i€elova funkce - objective function}), kterd fegeni

dekédované z chromozomu jedince podle néjakého kritéria ohodnoti (¢slem, nejéastéji
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redlnym). Hledédme-li napfiklad bod g, ve kterém funkce f{x) m4i maximum, miZeme
v nejjednodussim piipadé povazovat za kvalitu i-tého jedince (kazdému jedinci v popu-
laci odpovida jeden kandidat na feseni x,) pfimo hodnotu funkce f(x) v bodé x, (jeho
hodnota je zakédovana v chromozomu ¢-tého jedince populace).

Praveé slozitost vypodétu kvality jedince je rozhodujicl pro ¢asovou naro¢nost ce-

lého algoritmu, pokud vypodet je komplikovangjsi, a tedy vypocetné (potazmo éasové)

nArocnejs.

Podoba ucelové funkce opét zélezi na FeSené tloze.

4.2.3 Vytvofeni nového jedince

Podle déj v piirodé se pouZivaji operace kiizeni (crossover) a mutace (mutation).

Kiizeni je operace, pii které se z existujicich jedinct (rodi¢i) vytvareji jedinci
novi {potomcei).

Nejcasteji se pouziva binarni kfiZeni, kdy rodici jsou dva jedinci. Nejobvyklej-
$im zplsobem binarniho kifZeni je jednobodové kiiZeni: v chromozomech rodici se
provede fez na nahodné zvoleném misté, prvni potomek pak vznikne spojenim prvni
¢asti chromozomu prvniho rodiée a druhé éasti chromozomu druhého rodice, druhy
potomek vznikne spojenim prvni ¢asti chromozomu druhého rodice a druhé ¢asti chro-
mozomu prvniho rodiée (viz obrazek & 6).

Mutace je operace, pii které se provede mala zména v chromozomu jedince. Pii
pouziti bindrni reprezentace jedince je realizovana jako negace nahodné zvoleného bitu
v chromozomu (viz obrazek ¢. 7). Jak je patrné, mize tato mald zména tUplné zménit

vlastnosti toho jedince.

4.2.4 Selekce

Zde se uplatni kvalita jedincti, déale postoupi ti jedinci, ktefi jsou kvalitnéjgi. Obvyklé

metody jsou tyto:

¢ selekee ruletovym kolem (roulette wheel selection)

36



4 GENETICKE ALGORITMY 4.2 Zakladni podoba algoritmu

1101 O 11 ([1]1 Rodi¢ 1

o(f1]1]0f(1]0J0]|]0(0 Rodi¢ 2
J

10|10 ]1J0)]0(0 Potomek 1

of(1]o0f(1]O0Q1]1]|1 Potomek 1

Obrazek 6: KriZeni

1lol1]o 1|'_?frr;|1 1
4

10101@111

Obrazek 7: Mutace

e turnajové selekce (tournament selection)

Selekce ruletovym kolem: Predpokladem je, Ze kvalitnéjsi jedinec ma vétsi prav-
dépodobnost na preziti. Kazdému jedinci je tedy podle jeho kvality pfifazena
pravdépodobnost, se kterou bude vybran do dal§i generace pii jednom zatoceni
ruletovym kolem. Kolem toc¢ime tolikrat, az mame v dalsi generaci potfebny po-
¢et jedinctl. Ruletové kolo je realizovano jednoduchym algoritmem vyuzivajicim

generator nahodnych disel.

Turnajova selekce: Nahodné se vybere k jedinct (nejcastéji 2) a usporada se mezi

e

nimi turnaj. Vyhrava nejkvalitnéjsi jedinec, postoupi tedy dal do dalsi generace.

Opakuje se tolikrat, az v ni mame potfebny pocet jedinet.
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Jak je patrné z téchto dvou metod, nékteri jedinci se budou v dalsi populaci vyskyto-
vat ve vétfim poctu neZ v generaci predeslé. Bez pouZiti operatorii kifizeni a mutace
by rychle doslo k homogenizaci populace, tj. v populaci by bylo ¢im d4l tim vice

stejnych jedinct, co? by mélo za nasledek uviznuti v lokdlnim extrému.

4.2.5 Nahradova strategie

Néhradova strategie (replacement strategy) je postup, kterym se vybiraji jedinc do
dalgl generace z jedinch, ktefi postoupili po seleked, a z jedinel vytvofenych kiiZe-
nim a mutaci. Nevhodné zvolend nihradova strategie mfiZe téz vést k homogenizaci
populace.

MoZné nahradové strategie:

ndhodna (randotn)

nahrada rodi¢ (parent)

nihrada nejhorsich jedincd (worst)

elitismus (elitism)

Nahodna: Novi jedinei (potomei a mutanti) jsou vkladani do populace v§ménou za

nahodné vybrané jedince.

Nahrada rodi¢i: Novi jedinci jsou vkladani do populace vyménou za jedince, ze

ktergch byli vytvofeni.

Nihrada nejhorsich jedincii: Novi jedinci jsou vkladani do populace vyménou za

nejhor#i jedince.

Elitismus: Po vytvofeni novych jedincti mame mnoZinu jedinei, kterd je znacné vétsi
nez zvolena velikost populace, z této ,mezigenerace” je vybran jeden ¢ nékolik
nejlepsich jedinci, ti jsou doplnéni az do pozadovaného poctu zpravidla upfed-

nostnénim potomki a mutanti.
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Nahradové strategie rozlisujeme na (podrobnéji popsino v ¢asti Daldi rozsiteni):
s generadni — do dalsi generace bude celd populace nahrazena populaci nasledujic

s postupné - zmeény podstoupd jen ¢ast populace

4.2.6 Zastavovaci pravidle

Jelikoz algoritmus by mohl béZet do nekoneéna, je tieba zvolit zastavovaci pravi-
dlo, ukoncovaci pravidlo (termination method). Ukonceni algoritmu je mozno volit

riznymi zplisoby:

¢ pii dosazeni postacujici kvality nejlepgiho jedince

e pii dosazeni urditého poétu generaci

¢ pokud se po nékolik generaci neobjevil lep#i jedinec, ne? je dosud nejlepsi
V zavislosti na feseném problému je moZné zvolit i jinou podminku, podle které algo-
ritmus ukonéime. Také kombinace téchto podminek mohou tvofit zastavovaci pravidlo.
4.2.7 Parametry algoritmu
Chovani algoritmu zasadné ovliviji:

¢ velikost populace N — podet jedinei v populaci

s pravdépodobnost kiizeni P, — pravdépodobnost, s jakou bude jedinec vybran pro
kiizeni
s pravdépodobnost mutace F,, — pravdépodobnost, s jakou bude jedinec vybran
pro mutaci
Velikost. populace NV je vhodné volit minimalné v fadu desitek aZ stovek jedinct, zaleZi
na feeném problému. Pokud je kédovani jedince komplikovanejsi, pak jich zpravidla

musi byt v populaci vice.
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Pravdépodobnost. kizeni P, (kazdého jedince) se obvykle voli v rozsahu (0.6, 1),
znamena to tedy, Ze pro kiiZeni s P, = 0.9 bude nahodné vyhriano z populace zhruba
90% jedinc.

Pravdépodobnost mutace (kaZdého jedince) je vhodné volit v rozsahu (0.05,0.15).
P¥i pouziti hodnoty F,, = 0.1 bude tedy vybrana ndhodné asi desetina jedinch (zde se
mohou implementace algoritmi lisit, vybér jedinci pro mutaci mize probihat z celé
populace, nebo pouze z potomki).

Pravé mutace pusobi pfiznivé proti homogenizaci populace, jeji pravdépodobnost.
nesmi byt ale ani prilis velkd, protoze by potom zpomalovala konvergenci k nejlepsimu
Fedeni.

V praxi se tyto hodnoty pouziji tak, ze se pro kifzeni nidhodné vybere tolik
jedinci, kolik pfesné odpovida pravdépodobnosti P,. Stejnym zpisobem se vyberou
i jedinci, ktefi podstoupi mutaci.

Pribeéh algoritmn je velmi zavisly na volbé hodnot téchto parametri, stejné tak
ale na volbé selekéni metody a ndhradové strategie.

Déle je tfeba mit na paméti, ze algoritmus bude mit pokazdé jiny priibéh v di-
sledku pouziti prvku nahody. Je tedy potfeba, aby po zméné jednoho parametru bylo
provedeno statistické vyhodnoceni nekolika pribehi algoritmu, abychom mohli uréit,
jak§ vliv zména tohoto parametru méla. Casto to viak diky vipodetni nirocnosti ne-

musi byt mozné.

4.3 Dalsi rozsifeni

Standardni GA vyuziva jedinou populaci, kterd po kazdou generaci celd podstupuje

ohodnoceni, selekci a zménu. Dalsi moZné varianty algoritmu jsou:
e GA s dasteénou obménou populace — Steady-state GA

¢ GA s paralelnimi populacemi s migraci - Deme GA
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Steady-state GA: Tento algoritmus vyuZiva piekryvajici se populace s volitelnou mi-
rou prekryti. KaZdou generaci algoritmus vytvoii docasnou populaci jedinei, tuto
spojl s plvodni populaci a pak je z visledné populace vylouceno tolik nejhorsich
jedinci, az jejich podet v populaci dosahne pivodniho poétu. Dalsi parametr

oproti standardnimn GA je tedy podet jedinct ¢ procentudlni ¢ast populace,

kterd je kazdou generaci obméiovana.

Deme GA: Tento algoritmus pouziva nékolik nezavislych populaci. V kazdé populaci
probiha evoluce s pouzitim steady-state algoritmu, ale kazdou generaci nékolik
jedinci migruje z jedné populace do dalsi. Z kazdé populace migruje definovany
pocet jedincti do populace sousedni. Dalgimi volitelnymi parametry oproti stan-
dardnimu GA jsou tedy pocet paralelnich populaci a podet jedinct, ktefi budou

kazdou generaci migrovat do vedlejsi populace.

£

Dale jsou mozna rozsifeni operatori mutace a kifZeni. Ty mohou byt nadefino-
vany jinak, nez bylo doposud uvedeno, ptikladem je vicebodové kriZeni, kde fez je
proveden na vice nez jednom misté. Dalsl modifikaci miaze byt kifizeni pouzivajicl vice
nez dva rodice.

Napiiklad je téZ mozné pouZit pro metodu selekce ruletovym kolem transtormaci
pravdépodobnosti vibéru jedince, kterda miize mit pii transformaci vhodné zvolené za
nasledek zvyseni selekéniho tlaku pi vibéru jedinct do dalsi generace.

Existuje mnoho dalgich moznosti jak tyto algoritmy modifikovat, co se tyée re-
prezentace jedinetl nebo rekombinacnich operdtori, jedna se zejména o modifikace vy-

chazejici ze znalosti feseného problému. [1], [12]
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5 CIL DIPLOMOVE PRACE

Cast 11
Reseni

V této ¢asti prace a ¢astech nasledujicih je uveden popis a v{sledky price zamérené na
kritéria. Na za¢atku je popis programu pro optimalizaci parametri uzitim genetickych
algoritmit POET, déle porovnani jednotlivych verzi software COMPAS a pak uZ je
fegena problematika kritérii.

Jednotliva kritéria nejsou zmirtovana chronologicky, jak byla zkoumana, ale syste-
maticky, od pivodniho jednoparametrového pies kritérium bez parametri aZ k dvoupa-
rametrovyin kritériim. Je tomu tak proto, ze néktera kritéria byla zkoumana paralelne
s jinymi a k nékterym se naopak vracelo pozdéji. Proto by se mohlo zdat, Ze jsou

nékteré poznatky uplatiiovany ,na preskacku.

5 Cil diplomové prace

Cilem této diplomové prace bylo nalézt takové kritérium a jeho parametry uréujici
vhodnost nasazeni testovaciho vektoru do vysledné bitové posloupnosti, aby pfi pouziti
tohoto kritéria v SW COMPAS byly v{sledné testovaci sekvekce pro rQzné obvody co
nejkratsi, a piitom aby visledné kritérium s jeho parametry bylo pouzZitelné i pro dalsi
neznameé obvody.

Hlavnim pozadavkem tedy je, aby zvolené kritérium bylo univerzalni, a tudiz
jsme mohli pfedpokladat, Ze vysledky s jeho pouZitim budou stabilni i pro jiné obvody

nez pro obvody trénované.
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6 Program POET

Program POET (Parametric Optimization using Evolutionary Technigues) jsem vytvo-
Fil pravé pro ucely optimalizace riznych dvouparametrovych kritérii pouzitych v SW
COMPAS. POET je napsan v jazyce C++ (v prvni verzi programu byly pouZity pouze
standardni knihovny jazyvka C, dal$i verze uz vyuziva knihovnu GAlib, je moZné jej

zkompilovat pro opera¢ni systém Linux (zde pouZivany kompilator je g++).

6.1 Zakladni ivaha optimalizace

Vzhledem ke zkugenostem s viceparametrovimi kritérii z predchozi prace [8] bylo
ziejmé, Ze je nutné se zaméfit na skupinu ohbvodi, ne se pouze snazit o optimali-
zacl parametri kritéria na jednom obvodu. Ukazalo se také, Ze je obtizné pracovat
s kritérii, které maji vice jak dva parametry, hlavné z divodu nemoznosti znazornéni
vysledkti graficky a také proto, Ze zkonstruovat kritérium s vice jak dvéma parametry
tak, aby bylo prokazatelné i¢inné, se ukazalo jako velice obtiZné.

Dalgim dileZitym poznatkem z predchozi prace je fakt, Ze nesta¢i nalézt jednu
optimalni kombinaci dvou konstant 'y, (5, a to z toho divodu, ze tato kombinace
konstant pil pouziti na dalgich naprosto odlisnych obvodech se zpravidla jako optimalni
nejevi.

Daleko lepsi by mélo byt pokusit se najit vétsi mnozstvi vice méné optimalnich
kombinaci konstant, které pro zvolenou skupinu obvodi vykazuji dobré v{sledky. Proto
byla pozornost zaméfena na hledani kandidati na optimalni kombinace téchto kon-
stant, které je nasledné potfeba ovéfit na co nejvétsim poctu dalsich obvodil. Pfitom
je kladen diraz na to, aby téchto kandidati bylo nalezeno co nejvice.

Genetické algoritiny se v predchozl praci osvéddily, proto bylo jejich pouziti na-

snadée.
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6 PROGRAM POET 6.2 Popis programu

6.2 Popis programu

Po spusténi program pracuje jako klasicky geneticky algoritmus, tzn. po inicializaci (né-
hodném vygenerovani populace) probihd evoluce az do doby, kdy je splnéno ukonéovaci
pravidlo.

Hlavni rozdil oproti [8] je v tom, Ze nyni program musi pracovat se skupinou
né&kolika obvodi, a tedy musi umét ohodnotit kombinaci dvou konstant Cy a C, pro
tuto skupinu obvodi. Byl tedy vytvofen konfiguraéni soubor, ze kterého si program
nacéte nazvy obvodil, které jsme pro optimalizaci zvolili, a dalsi potiebné informace.

Jedinec je predstavovan vektorem konstant (C), Cz) (jejich pocet je dan pouzi-
tym kritériem, v tomto piipadé vidy kritériem dvouparametrovym). Jeho ohodnoceni
probiha tak, Ze pro vsechny obvody, které byly pro optimalizaci vybrany, je auto-
maticky externé spustén SW COMPAS s témito konstantami predanymi pifkazovou
fadkou. Jeho vystup je nasledné analyzovan a jedine je pfifazena kvalita podle do-
saZenych délek vysledngch testovacich posloupnosti. Tato kvalita jedince je pocitana
pomoci adelové funkece (viz kapitolu 6.3). Je tedy zfejmé, Ze pro ohodnoceni jednoho
jedince se SW COMPAS spusti tolikrat, kolik obvodil je ve vybrané skupiné. Aby
algoritmus nespoustél SW COMPAS castéji, neZ je nutné, byla do programu POET
zaflenéna datova struktura (soustava dynamickych poli), kterd uchovava uz jednou
vypodtené vysledné délky posloupnosti.

Vistupem programu je nékolik soubori: statistika pribéhu algoritmu, vypis po-
sledni generace, soubory se viemi kombinacemi konstant (Cy, C»), které byly béhem
programu prozkoumany a seznam kandidéat na optimalni kombinace konstant. Z téchto
souboril jsou skripty pro interpretr bash a skripty pro program Matlab generovany ta-
bulky a grafy.

Pro kazdé dvouparametrové kritérium bylo potfeba upravit SW COMPAS tak,
aby pii vypodtu vhodnosti nasazeni testovactho vektoru pouzival toto zvolené krité-
rinm.

Pro implementaci programu byly vybrany tfi typy genetickych algoritmii:
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6 PROGRAM POET 6.3 Ucelova funkce

¢ standardni jednoduchy algoritmus s jednou populaci (Simple GA)
¢ algoritinus s paralelnimi populacemi (Deme GA)
e algoritmus s ¢aste¢nou obménou populace (Steady-state GA)

Jako metodu selekee byla vybrana selekce turnajova, a to z toho divodu, aby
piipadné nelinearita v ndvrhu uéelové funkee (hodnota tcelové funkce by nebyla zavisla

na kvalité jedince linearné) neméla vliv na provadénou selekci jedinc.

6.3 Ucelova funkce

Zasadni ¢asti genetického algoritmu je ucelova funkce. Pomoci této funkee je poditana
kvalita jedince, od které se odviji cely evoluéni proces. Tato funkce obvykle pfifazuje
jedinci tim vétsi hodnotu, ¢im je jedinec kvalitnejsi; jak bude vsak patrné dale, zvolil
jsemn v tomto piipadé ohodnoceni opadné (¢im lepdf jedinec, tim mensi hodnota téelové
funkce). Toto musi byt dale zohlednéno pii selekei jedinci.

Pokud bychom optimalizovali dlohu pouze pro jeden obvod, navrhli bychom ude-
lovou funkei tak, Ze by hodnota kvality jedince byla pfimo rovna délce vysledné testo-
vaci posloupnosti pro konkrétniho jedince (tedy konkrétni hodnoty parametri Cy, Cy)
a tento obvod, tedy ¢im kratsi délka, tim lepsi jedinec. AvSak vzhledem k tomu, Ze bylo
potieba pracovat s vice obvody najednou, bylo nutno navrhnout tuto funkei znaéne
slozitéji.

Hlavnimi problémy pfi navrhu této funkce byly tyto:

s pii pouziti riznych obvodi jsou vystupem programu COMPAS visledné bitové
délky, které maji radoveé jinou délku {od desitek, pies stovky az k desetitisiciim

a vice) — je tedy tieba tyto délky néjak normalizovat napiic obvody

e jako ucelovou funkci nelze pouzit prosty primér néjakym zpiisobem normali-
zovanych hodnot, stiraji se pfitom maximélni a minimalni hodnoty (pfitom ty

maximAalni jsou pro nés naprosto nezidouci)
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6 PROGRAM POET 6.3 Ucelova funkce

Problém normalizace se povedlo vyfesit po ndvrhu kritéria 0 (viz kapitolu 9.1).
S pouzitim tohoto kritéria, které nema zadny parametr, jsme dostali délky vysledngch
posloupnosti pro jednotlivé obvody, pomoci kterych je bylo uz mozné dale normalizo-
vat. Vysledné délky posloupnosti pro dvouparametrova kritéria se tedy dale pomeiuji
vzdy k vysledkiim s pouzitim kritéria bezparametrového. Snazime se tedy najit takové
kritérium s parametry, aby bylo lepsi nez kritérium 0.

K problému, jakym zpisobem zahrnout do jedné hodnoty vysledky pro vice ob-
vodi, bylo pfistupovano takto: Nejvice nas zajima piipad, kdy dojde ke zlepSeni vy-
sledkil pro v8echny obvody, v tom piipadé miiZeme pouZit prosty primér; pokud viak
pro néktery obvod dostaneme v{sledky horsi, chceme, aby tyto odchylky smérem k hor-
sim vysledkim byly co nejmensi.

Tyto dvé ¢asti piitom od sebe oddélime tak, Ze hodnotu priméru normalizova-
nych délek tranformujeme do zapornych ¢isel (pomoct pievracené hodnoty a znaménka
minus). Hodnoty z vypoditanych odchylek smérem k horsimu piitom budou rfist od
nuly smérem do kladngch ¢isel.

Algoritmus vypodtu ucelové funkce tedy vypada takto:

1. Pro véechny obvody vypoéteme normalizovanon délku vysledné posloupnosti jako

podil délky vysledné posloupnosti ku délce posloupnosti s pouzitim kritéria ¢&. 0

2. Pokud jsou vgechny normalizované délky mensi nez jedna nebo rovny jedné, do-
sahli jsme zlepseni (pfinejhor§im viak stejngch vysledk) proti kritériu ¢. 0. Hod-
notu aéelové funkce vypoditame jako pievracenou hodnoté primeéru normalizo-
vanych délek a pridame znaménko minus. Tim dosidhneme toho, Ze ¢im mensi

bude hodnota ndéelové funkece, tim lepsi vysledky této hodnoté odpovidaji.

3. Pokud jedna & vice normalizovanych délek bude vétsi ne? jedna, znamena to,
Ze pro jeden & vice obvodi jsme dostali vyslednou délku horsi nez pii pouziti
kritéria ¢. 0. Hodnotu Ocelové funkce spocitame jako sumu kvadrati odchylek

normalizované délky od hodnoty jedna (pfitom pro normalizované délky mensi
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6 PROGRAM POET 6.4 Ukondovaci pravidlo

nez jedna pocitame odchylku rovnou nule) délenou pocétem obvodd. Tim dosih-
neme toho, Ze ¢im vétsi budou odchylky normalizovanych délek od hodnoty jedna

smérem nahoru, tim vétsl bude hodnota ic¢elové funkee.

Oznacime-li délky vyslednych posloupnosti s pouzitim zvoleného kritéria L, az
L,, (L, je délka vysledné posloupnosti pro -ty obvod z vybrané skupiny n obvodi),
délky vyslednych posloupnosti s pouzitim kritéria ¢. 0 )y az D, normalizované délky
vyslednych posloupnosti Ny az N, a hodnotu téelové funkce F, pak algoritmus vyjad-

feny pomoci matematickych vztahi vypada takto:

2. Jestlize plati N; < 1,¥i € {l,...,n}, pak F = —Zﬁ.

&

3. Jinak F = Z(I;—W? piicems plati, ze pokud N, < 1, pak polozime N; = 1.

Pro pouZiti v programu uZ byla pouze provedena mald tpravu této funkece tak,
aby hodnota 0¢elové funkee nebyla ziporna (kvalita jedince by zdporna neméla byt),
a to tak, Ze byla k takto vypoditané hodnoté pfipocteno dostateéné velké ¢islo; ukazalo
se, ze stadl pougit ¢islo 10.

Implementaci této funkce v jazyce C++ lze najit v piiloze C.

6.4 Ukoncovaci pravidlo

Dalsi dileZitou ¢asti genetického algoritmu je ukondovaci pravidlo, pfi jehoZ splnéni
algoritmus skondi (jinak by evoluce mohla probihat donekonecna).

Jako prvni se nabizi podminka, ze pokud v poslednich x generacich se nepo-
dafi najit nového kandidata, pak algoritmus ukonéime (je pouze tfeba vhodné zvolit
parametr x). Jako dal$i se ukézalo, Ze vzhledem k éasové narocnosti SW COMPAS
bude nutno omezit podet jeho spusténi. Pokud je zvoleny pocet spusténi piekrocen,

algoritmus se také ukondi.
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6.5 PouZiti programu

Program POET se spousti z prikazové fadky i s potfebnymi parametry. Prehled para-
metril uvadim v piiloze D. Po skon¢eni programu ten vypise dosaZzené vysledky vdéetné
pottu kandidath, které nagel (tentyz vypis je uloZen do souboru poet.statistics).
Nalezeni kandidati jsou pak v souboru poet.candidates. Dalsi dilezité soubory jsou
poet.no_candidates, ve kterém jsou pocty véech kandidati po jednotlivich genera-
cich. V souboru poet.dat je potom vypis, jak probihala evoluce, se viemi dileZitymi

ukazateli.

6.6 Konfiguraéni soubor

Zde je uveden piiklad konfigura¢niho souboru poet.cfg, v ném je definovana skupina

obvodi, na které program POET provadi optimalizaci parametr.

* circuit_name normalizator datafname
c432 199 c432.probe

c880 394 <¢880.probe

s1196_comb 726 s1196_comb.probe
s1238_comb 780 s1238_comb.probe

Prvni fadek je komentak, ktery vysvétluje format souboru. V prvnim sloupci
je nazev obvodu, ve druhém je hodnota, podle které je provedena normalizace, a tfeti
sloupec je nazev souboru, ve kterém se nachazeji kombinace konstant a jim odpovidajici
délky vyslednych posloupnosti, které algoritmus za sviij béh prosel. Tato data program
pil opétovném spusténi nadte, a nemusi se tedy pro tyto kombinace konstant spoustét

SW COMPAS.

7 Srovnani verzi softwaru COMPAS

ProtoZe bylo k dispozici nékolik verzi software COMPAS (software je stale ve vyvoji),
bylo tieba je néjakym zpisobemmn porovnat. Pro porovnani byly vybrany tyto verze (vice

o téchto verzich v kapitole 3.4):
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7 SROVNANI VERZI SOFTWARU COMPAS

e verze Stack — verze s optimalizaci pouZivajici predikeci budoucich bitt posloup-

nosti a zasobnik testovacich vektort s nejvyssi vyuZitelnosti

s verze 3.2 - verze s daldi optimalizaci, kdy se simulator poruch nespousti v kaz-

dém kroku algoritmu

Obé tyto verze byly pozdéji mirné modifikovany® (jedn4 se o tutéz malou modi-
fikaci pro obé verze), v tomto porovnani ale zahrnuty nejsou. Pokud budu tedy dAle
zinifiovat modifikace téchto verzi, budu je nazgyvat verze Stack.l a verze 3.2.1.

Cilem bylo porovnat rychlosti a délky vyslednych bitovych posloupnosti verze 3.2
proti verzi Stack na riznych opera¢nich systémech.

Testovani probihalo na poditadi s procesorem AMD Athlon XP 2500+ (s jadrem
Burton, 1.8 GHz) jak v opera¢nim systému Linux (distribuce Mandrake 9.2), tak v ope-
racnim systému Windows XP na stejném pocitaci. Pouzity byly obvody ¢432, ¢880,
¢2670, ¢7552, 51196 a s5378 a zakladni kritérium (podrobnéjsi informace o kritériich

a jejich pfehled viz kapitolu 3.6):
crit = (shift + no_dontcares) - C + global_dontcares

s pouZitim konstant C' = 1,2, 5, 50, 500, 1500.

Z jednotlivych spusténi pro rizné konstanty byl vypoéten primeérny ¢as a pri-
mérna bitova délka, které byly pouZity pro porovnani jednotlivich verzi. Casy byly
méfeny s pfesnosti na jednu sekundu. Vysledné ¢asy jsou uvedeny v tabulce & 2. Pro
mensi obvody nemélo smysl pil této presnosti méfeni ¢asy mefit.

Porovnani vyslednych délek bitoviych posloupnosti jednotlivych verzi pro nékteré
z konstant najdeme v tabulce ¢. 3.

Pro vétsi nazornost jsou primérné ¢asy porovnany procentualné a vyneseny do
grafu. Na obrazku ¢. 8 vidime porovnani jednotlivich verzi na stejném operacnim
systému. 7 grafu je patrné, Ze u verze 3.2 doslo v OS Windows ke zna¢nému zrychleni

proti verzi Stack, v OS Linux je v8ak tato verze podstatné pomalejsi neZ verze Stack.

%8lo o drobnou upravu, kterou provedl Jiff Jenicek
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7 SROVNANI VERZI SOFTWARU COMPAS

verze 3.2 [min:sek| | verze Stack [min:sek]
obvod || Linux | Windows | Linux | Windows
2670 || 0:37 0:14 0:26 0:41
75562 || 17:44 0:58 1:50 2:16
$5378 0:48 0:11 0:28 0:35

Tabulka 2: Porovnani ¢asti, verze 3.2 a Stack

C=2 C=5
obvod || verze 3.2 | verze Stack | verze 3.2 | verze Stack
c432 302 223 687 190
c880 523 401 48() 477
31196 784 736 1107 725
2670 4291 3743 4265 3759
7552 5697 5518 5754 7312
55378 2058 1757 1957 1933

Tabulka 3: Vysledné délky posloupnosti, verze 3.2 a Stack

Na obrazku ¢. 9 vidime porovnani ¢ast jednotlivych verzi na opera¢nich systé-

mech Linux a Windows. Verze 3.2 je tedy pomalejsi v OS Linux nez v OS Windows,

naopak verze Stack je v OS Linux rychlejsi nez v OS Windows.

Obrazek ¢. 10 ukazuje primérné délky vyslednych posloupnosti, a to opét procen-

tualné pro verzi 3.2 vzhledem k verzi Stack. MuZeme usoudit, ze vyslednd posloupnost

je pri pouziti verze 3.2 deli ne? pii pouZiti verze Stack.

Zavérem tedy mizeme fici, Ze verze 3.2 je pil pouziti v OS Windows rychlejsi
nez verze Stack, za cenu mirného prodlonzeni vysledné bitové posloupnosti. Pii pouziti
v OS Linux v8ak verze 3.2 rychlejdi neni, tam je tato verze pomalej$i nez verze Stack,

dokonce sama verze 3.2 hézi pomaleji v OS Linux nez v OS Windows (u piedchozich

verzi tomu bylo vidy naopak).
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Obréazek 10: Porovnani délek procentuelné, verze 3.2 vzhledem k verzi Stack

Pro pouziti v OS Linux tedy verzi 3.2 nedoporucuji (nicméné vzhledem k tomu,
Ze tato verze je stale ve vivoji, jisté se podafi tyto nedostatky odstranit). S vysledky
a zaveérem tohoto srovnani verzi jsem autora verze 3.2 Ing. Jifiho Zahradku seznamil.
Nejcastéji jsem pracoval s verzemi Stack a Stack.l, vysledky s pouZitim téchto verzi
jsem tedy povazoval za nejvice smérodatné (hlavné z divodu, Ze verze 3.2 jesté byla

ve vyvoji).
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8 Jednoparametrova kritéria

8.1 Kritérium 1

Prvni zkoumané kritérium, standardné pouZivané v software COMPAS, m4 tvar:
crit = (shift + no_dontcares) - C' + no_globaldontcares

V daldim textu je toto kritérium naz¢vano kritérium 1. Konstanta ' pritom byla
volena viceméné nahodné, néjcastéji napiiklad C' = 2, €' = 5 nebo C = 50. Nebylo
viak zfejmé, podle ¢eho ji volit. Proto prvni, co bylo u tohoto kritéria tfeba prozkoumat,
byl prubéh zavislosti délky vysledné posloupnosti na volbé konstanty ', a to
pro rizné obvody. Zavislost bude déle oznacovana L = f(C), kde L je délka vysledné
posloupnosti.

Bylo tedy tieba zvolit rozsah konstanty C', ktery bude prozkoumaén, déle skupinu
obvodii, se nimiZ se bude pracovat, a nakonec vybrat verze programu COMPAS, na
ktergch bude zkoumani provedeno. Rozsah konstanty C byl nejprve zvolen v intervalu
1 aZ 100 (pro obvod ¢7552 bylo tieba zvétsit rozsah konstanty C' na interval 1 az 150).
Déle byla na zakladé nameéfenych ¢asii pro jednotlivé vypocty vybrana tato skupinu
obvodi (aby v§podet dobéhl v rozumném fase): ¢432, ¢880, 2670, ¢7552, s1196, s1238,
85378 a £9234. Obvody zadinajici pismenem ¢ jsou obvody kombina¢ni a obvody za-
¢inajici pismenem s jsou obvody sekvencéni. Vipocet byl proveden na ¢tytech verzich
SW COMPAS, a to na téchto: Stack, Stack.1, 3.2 a 3.2.1.

V tabulkich ¢. 4 a & 5 jsou tyto vysledky uvedeny. V prvnim sloupci je vidy
nazev obvodu, ke kterému se vysledky vztahuji, v druhém a tietim sloupci je délka po-
sloupnosti pro konstanty C' > Cle. Ve ¢tvrtém a patem sloupci jsou hodnoty konstanty
Clyst Pro jednotlivé verze SW COMPAS,

Grafy jednotlivich pribéhi jsou na obrazcich 11 az 14. Na ose x jsou vynheseny
konstanty €', na ose y délky vysledné posloupnosti.

Z téchto zavislosti je patrné, Ze pokusy najit jednu univerzalni konstantu C' (pii
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8.1 Kritérium 1

délky posloupnosti Crust

obvod || verze 3.2 | verze 3.2.1 || verze 3.2 | verze 3.2.1
c432 381 252 9 16
c88() 200 570 14 11
c2670 4848 4238 43 38
c7Ho2 7042 7267 118 118
51196 1167 1167 7 7
51238 1133 1133 8 8
sH378 2102 2103 21 18
59234 11433 10976 39 42

Tabulka 4: Ustaleni priibéhii — verze 3.2 a 3.2.1

délky posloupnosti Ceest
obvod || verze Stack | verze Stack.l || verze Stack | verze Stack.l
c432 235 225 8 9
880 409 474 10 14
2670 3944 3753 35 45
c7552 6405 6306 85 85
51196 725 725 5 5
s1238 807 807 8 8
80378 1967 1915 14 14
§9234 10038 10002 40 35

Tabulka 5: Ustaleni pribéhii — verze Stack a Stack.1
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pouZiti tohoto kritéria), ktera by dévala nejlepsi vysledky pres vdechny obvody, ne-
mohly byt Gspéiné a to z toho divodu, ze tyto zavislosti jsou z pocatku chaotické,
globalni minima se pro kazdy obvod nachézeji v jiném misté zavislosti a navic jsou za-
vislosti rozdilné pro kazdou verzi SW COMPAS. Nend tedy vhodé pouzit toto kritérinm
s pouzitim pevné konstanty rovné malému ¢isla.

Zajimavym zjisténim bylo, Ze pribéh zavislosti se vidy od urdité hodnoty kon-

stanty ¢ ustalil, u kazdého obvodu se tato konstanta C.; lisi.

8.2 Kritérium 1.10

Dale probihaly Gvahy takto: co se stane, zjemnime-li volbu konstanty C' (stdle musime
mit na paméti, ze miZeme volit pouze celd &isla). Byla tedy navrzena tprava kritéria

v

tak, aby byla konstanta C' 10x citlivejsi“. Kritérium potom vypada takto (pracovné

bylo nazvano kritérium 1.10):
crit = (shift + no_dontcares) - C' + 10 - no_globaldontcares

Volime-li pro takto zvolené kritérium konstantu €' = 5, dostaneme vysledky stejné,
jako kdybychom pouzili plvodni kritérium 1 a zvolili konstantu €' = 0.5 {coz viak
neni mozné uéinit). Cilem bylo zjistit, zda se pritbéh zavislosti L = f(C') pro mensi C'
vyhladi, & nikoliv. Vysledné pritbéhy zavislosti pro takto upravené kritérium jsou na
obrazku ¢&. 15 (pritbéhy pouze pro verzi 3.2).

Z téchto pribéhil bylo usouzeno, Ze | zjemnénim"“ moZnosti volby konstanty
se priubéh zavislosti nijak zvlast nezlepsi, co se tyce vyhlazeni této zavislosti. Proto

s timto kritériem nebylo dal pracovano..

o
[da ]
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Obrazek 11: Pribéhy zéavislosti L = f(C'), verze Stack, kritérium 1
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Obrazek 12: Pritbéhy zavislosti L = f(C), verze Stack.1, kritérium 1
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8.2 Kritérium 1.10
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Obrazek 13: Priubéhy zéavislosti L = f(C'), verze 3.2, kritérium 1
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8.2 Kritérium 1.10
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Obrazek 14: Pribéhy zéavislosti L = f(C'), verze 3.2.1, kritérium 1
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8 JEDNOPARAMETROVA KRITERIA 8.3 Kritérium 1, ustdlena oblast

8.3 Kritérium 1, ustalena oblast
8.3.1 Ovéfeni ustilené oblasti

Pozornost tedy byla zaméfena na oblast pribéhu L = f(C), kterd je ustéleni. Tato
oblast je pro nas zajimava, protoZe s pouzitim dostatecné velké konstanty ¢ dostaneme
stabilni vysledky pies vSechny obvody a pritom vysledné délky posloupnosti jsou pro
nas postacujici.

Nejdiive bylo tieba ovéfit, Ze i u vét&ich obvodi se lze dostat do ustalené oblasti
priibéhu. Pro tyto obvody z dasovych diivodd nebylo moZné provést zkoumani celého
intervalu C' € (1,150}, navic by se mohlo stat, Ze dosavadni maximalni hodnota C =
150, nebude dostatecna. Proto byly vybrany dvé konstanty dostatecné velké, pro které
mely byt visledné délky posloupnosti porovnany. Pokud by byly obé délky stejné, lze
s velkou pravdépodobnosti prohlasit, Ze jsem se dostal do ustalené oblasti zavislosti.
Konstanty byly zvoleny takto: C4 = 2500,Cr = 2600. Ovéfeni bylo provedeno pro
skupinu dvaceti dvou obvodi ze sad ISCAS85 a ISCASK9.

Po zpracovani vysledki jsme mohli konstatovat, Ze domnénka se potvrdila: délky
posloupnosti byly pro obé konstanty stejné ptes viechny obvody, a miZzeme tedy tvrdit,
ze s nejvétsi pravdépodobnost] dochézi k ustdleni pribeéht zavislosti L = f(C) i pro
vétsi obvody. Délky posloupnosti nalezneme v tabulce & 6. Z ¢asovych divoed® byla
vynechina verze 3.2.1. Pokud dochézi k ustaleni zavislosti ve verzi 3.2, velmi pravdeé-
podobné je tomu tak i pii pouZiti verze 3.2.1. (viz verzi Stack versus Stack.1).

Prvni otazkou, ktera vzapéti vyvstala, byla tato: Vysledna délka posloupnosti
v ustalené oblasti se zvétiujicim se C neméni, viha ¢asti kritéria s global_dontcares je
tedy mald; neni mozné, Ze tato ¢ast kritéria je zbytecna? Bylo tedy navrhzeno kritérium
0, bez pouziti této ¢asti, které bylo tfeba dale prozkoumat (viz kapitolu 9.1).

Druhou otazkou, kterou byla tfeba zodpovédét, bylo, zda neexistuje zavislost mezi
fyzickymi parametry obvodu a konstantou C', pii které se pribéh zavislosti L = f(C)

ustali.

61



8 JEDNOPARAMETROVA KRITERIA 8.3 Kritérium 1, ustdlena oblast

délky posloupnosti
verze 3.2 | verze stack | verze stack.l
cl? 10 10 10
c432 381 235 225
c499 4566 302 367
c880) 500) 409 474
cl355 7906 1115 1115
1908 2359 1106 940
2670 4848 3944 3753
3540 1061 792 806
ch31H 1284 1204 1204
c6288 648 83 83
cT552 7042 6405 6306
827 29 16 16
51196 1167 725 725
51238 1133 807 807
51494 571 515 443
86378 2102 1967 1915
§9234 11433 10038 10002
813207 4125 4057 4057
515850 7543 6580 6580
835932 1944 1944 1944
838417 22810 21021 20877
538584 7828 6493 6493

Tabulka 6: Délky posloupnosti pro €' = 2500 a C' = 2600 (vychazeji stejné)
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8.3.2 Ustalena oblast versus parametry obvodu

Pro zkoumani potencialni zavislosti byly vybrany informace o téchto fyzickych para-
metrech obvodii: pocet vstupti, pocet vystupi, pocet invertorti a pocet hradel celkem.

Nejprve byly vypracovany grafy potencidlnich zavislosti pro vSechny obvody, pro
které jsme méli k dispozici informaci, kde se zavislost L = f(C') ustaluje. Konkrétné
8lo opét o obvody: ¢432, ¢880, ¢2670, ¢7552, s1196, s1238, s5378 a 89234, viz obrizek
6l Bt

100 T T T T 100
80 80
60 60
L ]
&) o
A0 40
20 20
0 0
0 50 100 150 200 250 0 50 100 150 200 250
pocet vstupu pocet vystupu
100 100
80 80
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0 1000 2000 3000 4000 0 2000 4000 8000
pocet invertoru pocet hradel

Obréazek 16: Potencialni zavislosti, viechny obvody, verze Stack.1l

Na ose x je vzdy fyzicky parametr obvodu a na ose y hodnota parametru C', kdy
se zavislost L = f(C') ustdlila. Byly pouZity hodnoty ziskané s pouZitim verze Stack.l
(hodnoty ziskané s pouZitim verze Stack jsou pritom velmi podobné).

Z téchto grafi vSak Zzadna zavislost nevyplynula, tak byl dalsi postup oddélit od
sebe obvody kombinacni a sekvencni (viz obrazky ¢. 17 a 18). V obou piipadech se

objevily pfiblizné linearni zavislosti. Bylo by tedy mozné navrhnout kritérium, kde by
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Obrazek 17: Potencialni zavislosti, kombinacni obvody, verze Stack.1
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Obréazek 18: Potencialni zavislosti, sekvenéni obvody, verze Stack.1
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8 JEDNOPARAMETROVA KRITERIA 8.4 Kritérium 1.R

se konstanta C' volila podle nékterého z fyzickych parametr obvodu (viz kapitolu 8.4).

8.4 Kritérium 1.R

Nez bylo mozné navrhnout kritériunm, kde by se konstanta C' vypocitala z nékterého
z fyzickych parametrt obvodu, bylo potfeba vybrat konkrétni fyzicky parametr obvodu.
Jako nejvhodnéjsi se jevil pocet hradel, vzhledem k tomu, Ze je piimo ve vztahu se
sloZitosti obvodu. Ddle bylo t¥eba navrhnout zpiisob, jakym bude konstanta C z tohoto
parametru vypocitana.

Nejprve byly nalezené zavislosti pomocd metody nejmensich ¢tverel prolozil piim-
kami zvlast pro kombinacni a zvlast pro sekvencni obvody. Dostali jsme tedy dve
odhadnuté zavislosti, jednu pro kombinaéni a druhou pro sekvenéni obvody. Jelikoz
neni vhodné zatéZovat uzivatele SW COMPAS tim, aby zadéaval, zda zadany obvod
je kombina¢ni & sekvenéni, bylo rozhodnuto pouZit zavislost odpovidajici kombinaé-
nim obvodiim, a to z toho divodu, Ze pokud z poétu hradel libovolného sekvenéniho
obvodu vypoditame dle této zavislosti konstantu €, vidy se s pouZitim této konstanty
dostaneme do ustélené oblasti pribéhu L = f{C'). Navic byly upraveny oba koeficienty
urcujici rovnici pimky tak, aby odhadnuta zavislost byla jegté bezpecnéjsi, abychom
meli vétsl jistotu, Ze jsme se do ustalené oblasti dostali. Koeficient uréujici smeérnici
piimky byl tedy zvétsen o 10% a koeficient uréujici posunuti byl zvétsen o pétindso-
bek nejvétsi odchylky odhadu linedrni zévislosti od skuteénych hodnot (viz obrazek ¢.
19). Takto byl ziskian bezpeény odhad této zévislosti. V{sledné koeficienty jsou tedy
k = 0.025, g = 62. Konstanta C se potom vypodita takto:

C =k - no_gates + q,

kde konstanty & a ¢ majl uvedené hodnoty a parametr no_gates odpovida celkovému
pottu hradel obvodu.

Kritérium s pouZitim téchto koeficient@ ma tedy tvar
crit = (shift + no_dontcares) - (k - no_gates + ¢) + no_globaldontcares
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Obrazek 19: Zavislosti C, na celkovém poctu hradel

Toto kritérium bylo oznaceno jako kritérium 1.R.

Nejprve bylo tfeba ovefit, zda s takto navrzenym kritériem se dostaneme do
ustdlenené oblasti zavislosti L = f(C'). Byl tedy proveden test tohoto kritéria pro
verze Stack, Stack.1l a verzi 3.2.

Vysledky jsou v tabulce ¢. 7. Ve druhém sloupci jsou hodnoty konstanty C' vy-
poditané dle navrzeného odhadu. V dalgich sloupcich jsou vysledné délky posloupnosti.
Srovname-li tyto hodnoty s hodnotami z tabulky ¢. 6, zjistime, Ze vysledné délky jsou
uplné shodné, mizeme tedy prohlésit, Ze jsme se takto zvolenou konstantou C' ve vsech
ptipadech dostali tspésné do ustlené oblasti zavislosti L = f(C').

Dale bylo tfeba jesté navrhnout zptisob, jak bude SW COMPAS zjistovat pocet

hradel obvodu. To se ukéizalo jako velmi jednoduché, protoze soubor, v némz je defi-
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5.4

Kritérium 1.RK

délky posloupnosti
C | verze 3.2 | verze stack | verze stack.l

cl7 62 10 10 10
€432 65 381 235 225
499 66 4566 302 367
830 70 500 409 474
c1355 74 7906 1115 1115
¢1908 81 2359 1106 94()
c2670 88 4848 3944 3753
¢3540 98 1061 792 806
¢h315 | 112 1284 1204 1204
6288 | 115 648 83 83
7552 | 139 7042 6405 6306
s27 62 29 16 16
s1196 73 1167 725 725
s1238 73 1133 807 807
$1494 76 571 515 443
sh378 || 123 2102 1967 1915
£9234 | 185 11433 10038 10002
s13207 || 236 4125 4057 4057
s1b850 || 276 7543 6580 6580
835932 || 415 1944 1944 1944
838417 || Hh49 [ 22810 21021 20877
$38584 || 485 7828 6493 6493

Tabulka 7: Délky posloupnosti pro kritérium 1.R.
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novana struktura obvodu (ndzev_obvodu.bench), ma format textového souboru, kde

napiiklad hradlo AND je definovano takovymto zpisobem:
425 = AND(404, 405)

Stadl tedy spoéitat pocet rovnitek v definiénim souboru a dostaneme pocet hradel
piislusného obvodu. Pro viechny obvody ze sad ISCAS85 a ISCASS9 byl tento postup

ovéfen jako funkéni.
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9 Kritérium bez parametri

Pti zkoumani kritéria 1 se ukazalo, Ze pribeéhy zavislosti délky vysledné posloupnosti
L na konstanté C se od urc¢itych hodnot C ustaluji (plati pro v8echny obvody). Proto

byl diivod se domnivat, Ze druba ¢ast tohoto kritéria by mohla byt zbyte¢na.

9.1 Kritérium 0

Za predpokladu, Ze konstanta C' je velka, tedy viaha éasti kritéria s global dontcares je
mald, vznikla otazka, zda tato ¢ast neni zbyteéna. Proto bylo navrieno kritérim ¢&. 0

tak, Ze byla vypusténa druha ¢ast kritéria ¢. 1, mé tedy tento tvar:
erit = shift + no_donicares

Dale bylo tieba zjistit, jaké budou vysledné délky posloupnosti s pouZitim to-
hoto kritéria. Po zméné kritéria v SW COMPAS byly tyto posloupnosti s jeho pomoci
vytvofeny, visledné délky jsou v tabulce ¢. 8.

Jelikoz vysledky s pouZitim tohoto kritéria byly dobré a zaroven nebylo tieba
volit Zadnou konstantu, bylo rozhodnuto je pouZit pfi normalizaci délek vysledngch
posloupnosti. Tuto normalizaci bylo nutno provést ve chvili, kdy jsme chtéli programové
porovnavat narist ¢ zkraceni délky viysledné posloupnosti napfi¢ obvody, jmenovité

pii vypodétu tcelové funkee v programu POET (viz kapitolu 6.3).

9.2 Srovnani s jednoparametrovymi kritérii

Ve chvili, kdy byly k dispozici vysledky tohoto kritéria, kritéria 1.R a hodnoty pi-
vodnich vyslednych posloupnosti s pouzitim kritéria 1 a konstanty €' = 2 (plivodni
kritériumy}, bylo mozné provést srovnani téchto hodnot (viz tabulku ¢. 9).

Grafické zpracovani téchto hodnot je uvedeno na obrazcich & 20 a 21. Vsechny

vysledné délky posloupnosti jsou vyneseny v poméru ke kritériu 0. Cervené sloupce
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vysledné délky vysledné délky

obvod || verze Stack | verze Stack.l || obvod || verze Stack | verze Stack.1
cl7 13 13 827 16 16
c432 199 210 s1196 726 726
499 311 259 $1238 780 780
880 394 437 51494 563 486
c1355 1115 1115 80378 1956 2047
c1908 1176 1178 59234 10306 10871
c2670 4019 4104 513207 4335 4082
3540 768 703 515850 7037 7037
ch315 1031 1031 835932 1937 1937
6288 84 84 838417 22255 22411
c7H52 6623 6488 538584 6783 6783

Tabulka 8: Vysledné délky, kritérium 0

vyjadiuji vysledky s pouZitim kritéria 1.R a zelené odpovidajl plvodnimu kritériu
(C=2).

Pro obé verze jsme dosli k vysledktim, kdy 13 obvodi mélo kratsi vysledné délky
s pouZitim kritéria 1.R a 7 obvod mélo kratsi vysledné délky s pouZitim kritéria 0
(nebyly to v8ak vidy pro obé verze obvody stejné), zhylé dva obvody mély stejné
vysledné délky posloupnosti pro ohé kritéria.

Pouziti kritéria 1.R je tedy celkové lepsi nez pouZiti kritéria 0, neni tomu tak ale
pro véechny obvody.

Pro srovnani jsou téz uvedeny hodnoty ziskané pomoci plvodniho kritéria 1
s pouzitim konstanty ¢/ = 2.

Srovname-li stejnym zptsobem vysledky kritéria 1.R proti vysledkiim kritéria 1
s konstantou € = 2, dostaneme pomér 9:10 obvodil ve prospéch kritéria 1 (v&imnéme

si véak velmi §patného vysledku pro obvod s38417!). PouZiti kritéria 1.R se tedy zda
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délky posloupnosti

verze Stack verze Stack.l
obvod | krit. ¢. LR | krit. ¢. 0 | piv. krit. | krit. ¢. 1.R | krit. & 0 | phv. krit.
cl7 10 13 10 10 13 10
c432 235 199 223 225 210 213
499 302 311 302 367 259 367
880 409 394 401 474 437 350
c1355 1115 1115 947 1115 1115 947
c1908 1106 1176 1058 94() 1178 970
c2670 3044 4019 3743 3753 4104 3801
c3540 792 768 800 806 703 742
ch315 1204 1031 1241 1204 1031 1241
6288 83 84 64 83 84 64
7552 6405 6623 5518 6306 6488 5211
827 16 16 16 16 16 16
51196 725 726 736 725 726 738
51238 807 78() 723 807 780 723
51494 515 563 520 443 486 447
50378 1967 1956 1757 1915 2047 1757
59234 10038 10306 10366 10002 10871 9371
513207 4057 4335 4209 4057 4082 4101
315850 6580 7037 6791 6580 7037 6791
835932 1944 1937 1955 1944 1937 1955
838417 21021 22255 37290 20877 22411 20752
538584 6493 6783 6410 6493 6783 6811

Tabulka 9: Srovnani délek posloupnosti
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9 KRITERIUM BEZ PARAMETRU 9.2 Srovndni s jednoparametrovymi kritérii

piiblizné stejné vhodné jako pouZiti kritéria 1 a konstanty C' = 2.

Musime vsak vzit v iivahu, Ze pfi pouZiti kritéria 1.R se daji o¢ekavat stabilnéjsi
vysledky, s pouZitim kritéria 1 a konstanty C' = 2 mliZeme ofekavat virazné odchylky
od jeho vysledki, zménime-li obvod, nebo verzi softwaru. Divodem je chaotickd za-
vislost délky vysledné posloupnosti na hodnoté konstanty €' z podatku této zavislosti.
Nemitizeme tedy ffci, Ze s pouZitim kritéria 1 dostaneme stabilni vysledky (viz délku
posloupnosti zminéného obvodu $38417). Z téchto dvou kritérii je tedy lepsi doporudit

kritérium 1.R.
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10 DVOUPARAMETROVA KRITERIA

10 Dvouparametrova kritéria

Pti zkoumani jednoparametrovych kritérii vyvstala otazka, zda by nebylo lepsi prvni
dvé ¢asti zahrnuté do jedné vdhové konstanty (shift a no_dontcare) od sebe oddélit.
Pokud to provedeme, dostaneme kritérium se dvéma konstantami €y a Cs.

Vzhledem k tomu, Ze toto kritérium obsahovalo dvé konstanty (dva volitelné para-
metry), nebylo uZ mozné zkoumat priibéhy zévislosti pfimo jako u jednoparametrovych
kritérii. Byl tedy zvolen zplisob optimalizace téchto parametrii pomoci genetickych al-
goritmi (za tim Gcéelem vznikl program POET). Cilem bylo nalézt hodnoty parametri
C a €, tak, aby byly pouzitelné napii¢ obvody.

Navrzen byl tento postup prace:

1. Vypoditame pomoci SW COMPAS trénovaci data pro nékolik mensich obvodi,

na kterych bude provedeno vyladéni parametri genetického algoritmu.
2. Provedeme optimalizaci parametrii C) a Cs pomoci GA.
3. Ziskané kandidaty na optimalni parametry ovéiime na dalSich vétsich obvodech.

Obvody, pro které byla trénovad data ziskdvina, musely byt vybrany tak, aby
byly co nejvétsl a zaroveii vypodet mohl dobéhnout v rozumném dase. Dale bylo roz-
hodnuto, Ze polovina obvodi bude kombina¢nich a polovina sekvendénich, a to proto,
aby skupina obvodil reprezentovala oba dva typy. Nakonec byly zvoleny tyto obvody:
c432, ¢880, s1196 a s1238. Dale bylo potieba zvolit rozsah konstant €4 a Cs, ten byl
zvolen pro ohé€ konstanty stejny: () aZz 255. Pro kazdy obvod hylo tedy ziskino 65536
riiznych hodnot odpovidajicich vem komhinacim téchto dvou konstant”. Pro vypocet
byla pouZita verze Stack a kritérium 2.B (viz kapitolu ¢ 10.2).

Po ziskani téchto dat bylo pfistoupeno k vyladéni parametri genetického algo-
ritmu. Také bylo tieba zjistit, ktery ze tif zvolenych genetickych algoritmi (Simple,

Deme a Steady-State) bude davat nejlepsi vysledky.

Tvypodet téchto dat trval zhruba tii tydny
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10 DVOUPARAMETROVA KRITERIA

Pro standardni jednoduchy GA byly ladény tyto parametry: velikost populace,
pravdépodobnost kiiZeni, pravdépodobnost mutace, pocet generaci, po kterych se ma
algoritmus ukonéit pii nenalezeni Zadného nového kandidata, a piipdné pouZiti eli-
tismu.

Pro algoritmus s vice populacemi jesté piibyly tyto parametry: pocet paralelnich
populaci, pocet jedinei migrujicich mezi populacemi.

Pro algoritmus s postupnou vymeénou populace byl navie kromeé parametri jedno-
duchého GA jesté navic parametr uréujici, kolik jedincti se ma kazdou generaci obménit,
(respektive jaké procento jedinct).

Byly pfitom sledovany tyto ukazatele: pribéh poétu celkem nalezenych kandi-
dati béhem evoluéniho procesu, vivoj diverzity populace, dosaZend minimalni hodnota
Ucelové funkce a pocet spusténi SW COMPAS. Tento podet byl omezen na 5500 po
piiblizném odhadu ¢asu {(maximalni doba béhu byla urdena piiblizné na dva dny, viz
kapitolu 10.1), jak dlouho algoritmus pobézi. To piiblizné odpovida 8.5% prohledava-
ného prostoru.

Program POET byl navrzen tak, Ze si tato trénovaci data nadetl, a SW COMPAS
se tedy nemusel viitbec spoustét. Proto doba trvani programu byla v fadu sekund. Bylo
mozné tedy jeden ¢ vice parametri GA zménit, program spustit zhovu a sledovat, jaky
mela zména parametri GA vliv na evoludni proces.

Jelikoz genetické algoritmy jsou zaloZeny na nadhodngch déjich, bylo téZ tieba
program POET pii kazdé zméné parameti spustit vicekrat, aby vliv na pribéh evoluce
byl prikazny. Podet spusténi byl zvolen roven deseti.

Jako prvni byly ladény parametry jednoduchého GA (Simple), druhym byl al-
goritmus s paralelnimi populacemi (Deme GA) a jako posledni algoritmus s ¢astecnou
obménou populace (Steady-state GA).®

Piiklad pribéhi evoluce pro Simple GA je na obrazku ¢ 22, pifiklad pribeht

evoluce pro Deme GA na obrazku & 23 a piiklad pribéhi evoluce pro Steaty-state GA

8pro kazdy GA bylo vyzkouseno v priméru pies padesat kombinaci hodnot parametrii



10 DVOUPARAMETROVA KRITERIA 10.1 Kritérium 2.C

na obrazku & 24.

Hlavni sledovanou hodnotou byl minimAlni pocet kandidat, ktery byl program
POET schopen za sviij béh najit (v grafech oznacen jako min(candidates)), dale pri-
béhy naristani poc¢tu kandidath a pribéhy diverzity populace (ta se pohybuje v rozimezi
hodnot 0 a 1, kde 0 znamenA, ze vsichni jedinc v populaci jsou identic¢ti, hodnota 1
zhadl maximalni diverzitu populace}. Na téchto grafech uz jsou pribéhy pro optima-
lizované GA, byly to tedy nejlepsi mozné vysledky, kterych se na testovacich datech
podarilo dosahnout.

Jak je vidét z téchto grafil, nejvice kandidat byl schopen najit Deme GA, pak
srovnatelny podet kandidati dokiazal najit Steady-state GA a nejmensi pocet kandidat
nasel Simple GA (jednd se vidy o minimum z po¢tu kandiditi nalezenych héhern
deseti behii programu POET). Bylo tedy tieba rozhodnout, zda pouzit Deme GA nebo
Steady-state GA. Nakonec na zdkladée pribéhi diverzity populace bylo rozhodnuto ve
prospéch algoritinu s postupnou vyménou populace (Steady-state GA). Ten dokézal
udrZet diverzitu populace na rozumné v{si, coZ pfispivalo k odolnosti proti sklouznuti
do lokélniho extrému.

Pro optimalizaci byl tedy vybran algoritmus s postupnou vyménou populace
8 témito parametry:

Velikost populace (popsize): 170 jedinet

Procento obmény populace (repper): 24%, tedy 40 jedinet (repnum)
Pravdépodobnost kitZzeni (F,): 0.9

Pravdépodobnost mutace (F,): 0.08

10.1 Kritérium 2.C
Kritérium 2.C je odvozeno od kritéria 1 a mé takovyto tvar:
erit = O - shift + O - no_dontcares + no_globaldonteares
Pro vyhledavani kandidati byly zvoleny tyto obvody: ¢1355, ¢3540, s1238 a s1494.
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10.1 Kritérium 2.C

Simple

popsize: 170
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Obréazek 22: Graficky piehled sledovanych hodnot, Simple GA
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10.1 Kritérium 2.C
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Obrazek 23: Graficky prehled sledovanych hodnot, Deme GA
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10.1 Kritérium 2.C

Steady
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Obrazek 24: Graficky prehled sledovanych hodnot, Steady-state GA
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10 DVOUPARAMETROVA KRITERIA 10.1 Kritérium 2.C

Z verzi SW COMPAS byly vybrany Stack a Stack.1. Jak bylo fe¢eno, maximalni pocet.
spusténi SW COMPAS byl stanoven na 5500, aby algoritmus dobéhl priblizné do dvou
dnil. Tato doba byla urdena z primérnych ¢ast jednotlivych spusténi SW COMPAS
pro tyto obvody a byla ponechana dostatetnd rezerva, aby algoritmus do této doby
urditeé skondil.

Pribéh evoluce pro verzi Stack je na obrazku ¢. 25, podafilo se tedy najit 201
kandidatd. PEi pouziti verze Stack.l program nagel 25 kandidat. Rozdily v nalezeném
poctu kandidatd jsou zpisobeny zejména rozdilnymi vysledky jednotlivych verzi SW
COMPAS pii pouZiti kritéria 0, z jehoZ hodnot se pii optimalizaci vychézelo. Pro
optimalizaci parametri kritéria, pouzitého v konkrétni verzi, bylo samoziejmé vyuZito
vysledki kritéria 0, vytvofenych pomoci verze stejné.

Z kombinaci konstant €y a €5, které algoritmus za sviij béh progel, bylo mozné
vytvolit graf, ze kterého bude patrna zavislost hodnot 0céelové funkee na kombinacich
téchto konstant (verze Stack viz obrizek ¢. 26 a verze Stack.l viz obrazek ¢. 27).
Hodnoty, které algoritmus neprosel, jsou interpolovany z hodnot znamych. Grafy tedy
nejsou tolik detailni, jako by byly pfi pouziti viech kombinaci konstant. Pii hodnoceni
téchto vysledkil je tedy nutné mit na paméti, Ze se jedna pouze o priblizné zobrazeni
téchto zavislosti.

Na ose x je vynesen parametr (', na ose y parametr Cs. Barevnou skalou jsou
oznadeny vysledné délky posloupnosti, respektive vyjadieni téchto délek pomodi Géelové
funkece (zde viak bez pouzitého posunuti do kladngch ¢isel). Hodnoty zdporné znadi, ze
viechny vysledné délky pro tuto kombinaci konstant byly mensi ne? délky s pouZitim
kritéria 0, tato hodnota je tedy jejich primérem. Hodnoty kladné potom znadi primérné
odchylky smérem nahoru od délek vyslednych posloupnosti s pouzitim kritéria (0. Jedna
se piitom o vysledné délky normalizované (viz i¢elovou funkei, kapitola 6.3).

Pii pohledu na tyto grafy si miizeme viimnout paprskovitého charakteru zavis-
losti, ktery naznacuje, ze hlavnim faktorem, ktery ovliviluje tuto zavislost, je pomeér

konstant €| a Cl.
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10.1 Kritérium 2.C
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Obrazek 25: Pribéh evoluce, kritérium 2.C, Stack
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Kriterium 2.C: 1355, c3540, 51238, 51494

250

0.05

200

150

cz

100

50 100 150 200 250
1

Obrézek 26: Grafické zndzornéni hodnot tcelové funkce, kritérium 2.C, verze Stack

Kriterium 2.C: c1355, c3540, 51238, 51494
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Obrazek 27: Grafické znazornéni hodnot tcelové funkee, kritérium 2.C, verze Stack.1
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Obréazek 28: Porovnani vysledki kandidati

feni, zda s témito kombinacemi konstant 'y a Cy dostaneme dobré vysledky naptic
obvody. Vysledky s pouZitim tfech vybranych kandidati, tedy kombinaci konstant C
a Cy, jsou uvedeny v tabulce ¢ 10.

Jak je ale patrné z grafu na obrazku ¢. 28, vytvofeného na zékladé téchto vy-
sledkll, pouzitim tohoto kritéria s témito kombinacemi konstant 'y a (5 neziskdme
lepsi vysledky nez s pouzitim kritéria 0 pres viechny obvody. Horsi vysledky nez s po-
uzitim kritéria 0 jsme dostali pro polovina obvodil. Neda se tedy o téchto konstantach
Fici, Ze jsou univerzalni. Navic pro obvod 35932 dostaneme vysledky vyrazné horsi nez
8 pouZitim kritéria 0.

Zhodnoceni tohoto kritéria je uvedeno v kapitole ¢. 10.3.
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10.1  Kritérium 2.C

obvody || kritérium 0 | C; =56, =66 | ) = 235,.C, =92 | ) = 130, = 50
cl7 13 10 13 13
c432 210 165 208 208
c499 259 367 259 259
830 437 410 432 432
c1355 1115 947 1011 1011
c190% 1178 1099 934 934
2670 4104 3907 3860 3860
3540 703 672 692 692
cH315 1031 119% 1134 1134
c6288 84 79 51 51
c7552 6483 5953 6768 6768
827 16 16 15 15
s1196 726 747 735 735
81238 730 758 769 769
81494 486 452 442 442
83378 2047 2006 2153 2153
59234 10871 11448 10491 10491
813207 4082 4305 4285 4285
315850 7037 7688 7326 7326
835932 1937 1929 3458 3458
838417 22411 19256 22039 24871
838584 6783 7997 7013 7013

Tabulka 10: Porovnani vybranych kandidath a vysledk s pouzitim kritéria 0
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10.2 Kritérium 2.B

Trénovaci data byla tedy ziskdna s pouZitim tohoto kritéria, které bylo prvnim dvoupa-
rametrovym kritériem. JelikoZ bylo zkouméano pfiblizné ve stejné dobé jako kritérium

1.10, bylo navrzeno obdobné, a to v tomto tvaru:
erit = O - shift + Co - no_dontcares + 10 - no_globaldonicares

Jedna se opét v podstaté o zjemnéni kritéria 2.C. Pl pouZiti rozsahu konstant 0 az
255 to odpovidad desetkrat jemnéjsi oblasti kritéria 2.C s rozsahem konstant 0 az 25.
Zobrazime-li jeho v{sledky opét graficky, jde o ¢tvercovou vyseé oblasti kritéria 2.C od
pocatku ke konstantam ) = 25 a Cy = 25,

Grafické zobrazeni zavislosti Gcelové funkce na kombinaci konstant ) a Cy (pro
skupinu obvodil ¢432, ¢880, 51196 a 2138 a verzi Stack) vytvoiené z trénovacich dat je
na obrazku ¢. 29 (zde se jedna o detailni obraz této zavislosti). Bil4 mista v grafu odpo-
vidaji kombinacim konstant takovym, pii jejich? pouziti pro jeden ze skupiny obvodi
SW COMPAS vygeneroval posloupnost, kterd byla deldi nez pétinasobek délky po-
sloupnosti s pouZitim kritéria (). Pfi prekrodeni této délky byl SW COMPAS ukondéen.
Toto opatfeni bylo zvoleno z toho divodu, aby algoritmus nebyl | zdriovan® zbyted-
nymi vipolty (v okamziku, kdy je tato posloupnost vyznamné deldi nez posloupnost
s pouzitim kritéria 0, je ziejmé, ze tato kombinace konstant nebude optimalni).

Pro srovnani byla provedena i optimalizace pomoci GA pro stejnou skupinu ob-
vodii a verzi Stack.l. Bylo nalezeno 343 kandidati. Grafické znazornéni piiblizné za-
vislosti néelové funkee na kombinaci konstant €, €5 je na obrazku & 30,

Pro optimalizaci pomoci GA byla zvolena opét tato skupina obvodi: ¢1355,
c3540), 81238 a s1494. Byly pouzity verze Stack a Stack.l.

Zde se podatilo pomoci GA nalézt 249 kandidatd pii pouziti verze Stack a 28
kandidata pfi pouZiti verze Stack.l.

Grafické zobrazeni piiblizné zavislosti Gc¢elové funkee na kombinaci konstant ')

a Ch je na obrazcich & 31 a 32,
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Kriterium 2.B: c432, 880, 51196, s1238

50 100 150 200 250
Cc1

Obrazek 29: Detailni zobrazeni zavislosti, kritérium 2.B, verze Stack, trénovaci obvody

Kriterium 2.B: c432, 880, $1196, 1238

0.05

Obrazek 30: Zobrazeni ptiblizné zavislosti, kritérium 2.B, verze Stack, trénovaci obvody
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Kritetium 2.B: c13565, ¢35640, 21238, 51434
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Obréazek 31: Grafické znazornéni hodnot Gcelové funkee, kritérium 2.B, verze Stack

Kriterium Z.B: ¢1355, ¢3540, 1238, 51434
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Obréazek 32: Grafické znazornéni hodnot ucelové funkce, kritérium 2.B, verze Stack.1
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10.3 Zhodnoceni kritérii 2.C a 2.B

V prvni fadé si musime vsimnout faktu, Ze i kdyz se nam podafilo nalézt kandidaty
na kombinace konstant C) a 3, nedostali jsme s jejich pouZitim vidy kratsi délky
vyslednych testovacich posloupnosti pro véechny obvody, nez jsou délky posloupnosti
s pouzitim kritéria 0. Pro jedenidct z dvaceti dvou obvodi jsme dostali visledné po-
sloupnosti delsi, pfitom v nejhorsim piipade doslo ke zhorseni ptiblizne o 80%.
Dalsim duleZitym poznatkem je, Ze oblasti roviny Cy, Cs, kde se kandidati na-
chézeji, jsou vidy v jinych mistech této roviny, jak pro dvé testované skupiny obvodi,
tak i pro riizné verze SW COMPAS.
Neni tedy mozné pro tato kritéria uréit univerzalni kombinaci konstant C a Cs.
Ptesnéjsi umisténi kandidatt bychom dostali s pouzitim vice obvodi ze sad IS-
CAS85 a ISCASSE9, v tuto dobu viak neni mozné provést vyhledavani kandidati zpi-
sobemn uvedenyn v této praci, protoze doba béhu algoritmu (za pouziti stejnych HW
prostiedki) by byla pfes sto dni (odhadnuto z primérnych délek doby béhu SW COM-
PAS pro viechny obvody pouZité v této praci). Urychlit toto hledani by bylo mozné
s pouzitim verze SW COMPAS s integrovanym simulatorem poruch (ktera vsak jesté
neni v tuto dobu k dispozici), nebo paralelizad genetického algoritmu.
Prohlédneme-li si tedy znovu grafy znizoriujicl zavislosti tcelové funkee na komn-
binacich konstant (| a €5, vdimnéme si paprskovitého charakteru této zavislosti a ba-
revnych gkal v jednotlivych smeérech. Nejcastéji se barvy odpovidajici mensim hodno-
tam ticelové funkce vyskytuji v oblasti diagonaly smérem od podatku k vy3$im hodno-
tam C) a Cs. Relativné dobré vysledky tedy miZeme ziskat pouzitim konstant €7 a Cs,
které maji stejnou hodnotu. Kritériu 2.C se stejnymi hodnotami konstant C a Cs je
viak ekvivalentni kritérium 1 s jednou konstantou C.

Vyhér kritéria je uveden v kapitole ¢. 11.
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11 Vybér kritéria

Cilem této prace bylo nalézt takové kritérium, s jeho? pouzZitim budou vysledné po-
sloupnosti (testovaci sekvence, které jsou vystupemn SW COMPAS) co nejkratsi pro
riizné obvody. Toto kritérium mélo byt sou¢asné pouZitelné i na neznamé obvody, mélo
by byt tedy univerzalni a v{sledky s jeho pouZitim stabilni i pro jiné obvody neZ obvody
trénované.

Dvouparametrova kritéria v té podobé, v jaké byla zkoumana, neni mozné dopo-
rudit (viz kapitolu ¢. 10.3). Mizeme se také domnivat (z poznatki uvedenych v kapitole
¢. 8.4}, Ze optimAlni volba konstant € a C'; by mohla zéviset na fyzickych parametrech
obvodu (v tom piipadé by nebylo moZné najit optimalni kombinaci konstant stejnou
pro viechny obvody).

I kdyZ s pouZitim kritéria 1 a konstanty €' = 2 jsme dostali lepsi vysledky nez
s pouzitim kritéria 1.R, a to v poméru 10 ku 9 obvodiim (z celkem 22 obvodt, pro dva
obvody byly visledky kritérii shodné), neni mozné kritérium 1 s pouzitim konstanty
(' = 2 nebo jinych mensich konstant doporudit z ditvodu nesplnéni podminky stability
(viz kapitolu & 9.2).

Kritérium 0 a kritérium 1.R doporudit lze, s jejich pouzitim jsou vysledky stabilni
a da se predpokladat, Ze tato kritéria budou univerzalné pouZzitelna i pro jiné obvody
nez obvody v této praci pouZivané. Vzhledem k délkam vyslednych posloupnosti, které
s pouzitim téchto dvou kritérii byly dosazeny, se vak jako lepsi jevi kritérium L.R (viz
kapitolu & 9.2).

Jako nejvhodnéjsi kritérium tedy bylo vybrano kritérium 1.R — kritérium s jednou
konstantou, automaticky volenou podle poctu hradel obvodu. Vzhledem k tomu, Ze ne
vZdy je délka posloupnosti s pouZitim tohoto kritéria nejkrat$i mozna, bylo by vhodné

uZivateli umoZnit zménu hodnoty této konstanty, bude-li chtit.
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12 Pouzité prostredky

12.1 Programové prostiedky
12.1.1 COMPAS, Hope, Atalanta

COMPAS - Compressed Test Pattern Segquencer je software pro kompresi testovacich
vektori pro obvody se sériovym diagnostickym pfistupem.

Tento software je stale vyvijen na katedfe KES pod vedenim Prof. Ing. Ondieje
Novaka, CSe. Ve svich pracich se jim v posledni dobé zabyvali Ing. Miroslay Holu-
bee (diplomova prace, viz [6]), Ing. Jiff Jeni¢ek (diplomova prace, viz [9]) a Ing. Jifi
Zahradka (diplomova prace, viz [14]). Dalsi prace viz [10], [11], [L5].

Program Hope je simuldtor poruch synchronnich sekvenénich ¢éislicovych obvoda.
Jeho autory jsou Hyung K. Lee a Dr. Dong S. Ha z Virginia Polytechnic Institute &
State University, (7). Nekomprimované testy hyly generovény programem Atalanta,
coZ je generator testil od stejnych autor. Tyto programy je mozné volné pouzivat pro

nekomeréni Gcely.

12.1.2 GAlib

V programu POET je pouzita knihovna komponent pro genetické algoritmy GAlib, na-
psana v jazyce C++, autorem této knihovny je Matthew Wall z Mechanical Engineering
Department, Messachusetts Institute of Technology. Tuto knihovnu je moZné volné po-
uzivat a modifikovat pro nekomeréni uéely. Také dle jejich licenénich podminek lze jeji
zdrojové kédy véetné dokumentace distribuovat, modifikace této knihovny lze distri-

buovat spolu s plivodni verzi knihovny. [1]

12.1.3 g++4, Matlab, Open Office

Pro pieklad zdrojovych kédi v jazyce C++ byl pouzit kompilator g++, ktery podléha
licenci GNU [2].
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12 POUZITE PROSTREDKY 12.2 Hardwarové prostiedky

Predzpracovani vystupnich dat z programu COMPAS a POET bylo provedeno
pomoci mnou napsanych skripti pro interpretr bash a program Matlab. Grafy byly

vytvofeny pomoci programu Matlab a baliku Open Office.

12.2 Hardwarové prostiedky
Uvedené programy byly spoustény na poditacich s témito konfiguracemi:

e AMD Athlon XP 2500+, 1.8GHz, 768 MB RAM, operacni systémy MS Windows
XP, Linux Fedora Core 3, Linux Mandrake 9.2

e Intel Pentium 4, 2GHz, 256 MB RAM, OS MS Windows XP

e Intel Pentium 4, 3.2GHz, dvouprocesorovy, 512 MB RAM, OS Red Hat Enterprise

Linux
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13 ZAavér

Cilem diplomové prace bylo prozkoumat moznosti zmén hodnot parametri, které ur-
¢uji pofadi kédovani testovacich vektort systémem COMPAS, a dale navrhnout kri-
térium uréujici toto pofadi tak, aby pfi poufiti tohoto kritéria v softwaru COMPAS
byly v¥sledné testovaci sekvence pro rizné obvody co nejkratéi, a pfitom aby vysledné
kritérium s jeho parametry bylo pouZitelné i pro dalsi neznamé obvody.

Byvlo nutné se seznamit s problematikou generovani testovacich sekvenel a vy-
sledky prace tymu, zabyvajiciho se optimalizaci generatoru téchto posloupnosti COM-
PAS. K dispozici bylo nekolik verzi softwaru COMPAS, obsahujicich pivodni kritérinm
s jednou volitelnou konstantou, nebylo viak tplné ziejmé, jakym zplisobem jeji hodnotu
volit. Déle bylo vychazeno z testovacich dat, ktera byla systémem COMPAS kompri-
movana (kompresni pomér byl pfitom ovliviiovan zménami pouzitého kritéria a jeho
parametri ).

Podafilo se prozkoumat navrzend jednoparametrova kritéria a kritérium bez para-
metri. Navizena dvouparametrova kritéria byla prozkoumana ¢asteéné, nebylo mozné
je prozkoumat zcela vycerpavajicim zplsobem, a to z divodu velké vipodetni naroc-
nosti softwaru COMPAS. Bylo doporuceno konkrétni kritérium pro pouZiti v softwaru
COMPAS.

V prvni ¢asti je struény uvod do problematiky testovani ¢islicovych obvodi, déle
popis softwaru COMPAS a Gvod do genetickych algoritmi.

V druhé ¢asti nasleduje struény popis programu POET a nastin implementace
jeho dileZitych ¢asti z pohledu genetickych algoritmi. Dale je v této ¢asti uvedeno
stovnani vybranych verzi softwaru COMPAS, analyza jednotlivich kritérii a navrh
kritéria pro budouci pouziti v tomto softwaru.

Pro optimalizaci parametri kritérii s dvéma konstantami byl vytvofen program
POET, ¢itajici priblizné 1500 tadkdl v jazyce C++, coZ predstavuje asi 90kB kddu.

V praci bylo popsano gest kritérif, z toho pét nové navrzenych bylo prozkoumano
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13 ZAVER

a nejlepsi z nich doporudeno — kritérium s automatickou volbou konstanty. Efektivita
doporudeného kritéria byla ovéfovana na obvodech z benchmarkovych sad ISCAS85
a ISCAS8Y.

Porovnaji-li se vysledky dosazené s pouzitim tohoto doporudeného kritéria s vy-
sledky dosaZenymi s pouzitim plivodniho kritéria a konstanty ¢ = 2, pouziti dopo-
ruceného kritéria ma za nasledek zkraceni vysledngch testovacich sekvenci u deviti
z dvaceti dvou pouzitych obvodi. Prodlouzeni téchto sekvenci nastalo u deseti obvodii.
K nejvétsimu zkraceni testovaci sekvence doglo u obvodu 38417 a to na 56% pivodni
délky (pii pouziti softwaru COMPAS ve verzi Stack). K nejvétsimu prodlouZeni doglo
u obvodu ¢880 a to na 135% délky pivodni testovaci sekvence (pii pouziti softwaru
COMPAS ve verzi Stack.1). Toto kritérium v8ak bylo doporudeno zejména na zékladé
piedpokladu jeho pouzitelnosti pro neznamé obvody. Navic je mozZné, Ze nelze nalézt
kritérium, s jehoz pouzitim by vsechny vysledné testovaci sekvence byly kratsi nez
s pouzitim kritéria pivodniho.

Problém, kterému bylo nutné delit, byla zejména omezena rychlost softwaru
COMPAS, ktera zt&¥ovala mo¥nosti optimalizace. Reeni tohoto problému nebylo pied-
métem této prace, zrychlovanim softwaru COMPAS se zabyvaji dalsi ¢lenové tymu a je
pravdépodobné, Ze v blizké budoucnosti bude v této oblasti dosazeno pokroku, coz by
usnadnilo dalgi optimalizaci kritérii.

Préce pEispiva k lepsimu porozumeéni navrhu kritérii a jejich parametmi pouzitych
v softwaru COMPAS. Zde navrZené kritérium bude téz mozné pouzit v soucasnych
a budoucich verzich software COMPAS. Mimo jiné také prace ukazuje moZnosti pouziti
genetickych algoritmi v problémech optimalizace.

Ukézalo se, ze problematika zkoumdni kritérii je velmi komplexni, je tedy mozné
dale v této praci pokradovat, zejména v oblasti dvouparametrovich kritérii a zavislosti

délek vyslednych posloupnosti na fyzickych parametrech obvodii.
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Cast III
Prilohy
A Piehled vsech kritérii

A.1 Ptvodni kritérium
Bylo nazvano kritérium 1, m4 tento tvar:
erit = (shift + no_dontcares) - C' + no_globaldontcares

Viz kapitoly ¢ 3.6.1, 3.6.2, 8.1 a 9.2

A.2 Kritérium 1.10
Toto kritérinm vypada takto:
crit = (shift + no_dontcares) - C + 10 - no_globaldontcares

Viz kapitolu ¢. 8.2,

A.3 Kritérium 1.R

Toto kritérium ma tvar:
crit = (shift + no_dontcares) - (k - no_gates + ¢) + no_globaldontcares

Viz kapitolu ¢. 8.4 a 9.2.

A4 Kritérium 0O

Ma tento tvar:

crit = shift + no_dontcares

Viz kapitolu ¢. 9.1 a 9.2
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A PREHLED VSECH KRITERII A5 Kritérium 2.B

A5 Kritérium 2.B

M4 tento tvar:
crit = Cy - shift + Cy - no_dontcares + 10 - no_globaldontcares

Viz kapitolu ¢. 10.2 a 10.3.

A6 Kritérium 2.B

Toto kritérium ma tvar:
erit = C'y - shaft + Cy - no_dontcares + no_globaldontcares

Viz kapitolu ¢. 10.1 a 10.3.
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B Doby béhu SW COMPAS

Zde jsou uvedenu orientacni doby béhu SW COMPAS ve verzi Stack s pouzitym kri-
térium 1.R. Casy byly méieny na na poditadi s touto konfiguraci: AMD Athlon XP
2500+, 1.8GHz, 768 MB RAM, OS Linux Fedora Core 3.

obvod | fasy [ HHMM:SS | | obvod | ¢asy [ H-MM:SS |
cl7 0:00:01 827 0:00:01
c432 0:00:01 81196 0:00:03
c499 0:00:01 81238 0:00:03
c830 0:00:02 31494 0:00:03
c1355 0:00:04 85378 0:00:31
c1908 0:00:06 59234 0:06:21
c2670 0:00:31 $13207 0:05:0
¢3540 0:00:06 315850 0:08:53
cH315H 0:00:17 835932 0:08:38
cH288 0:00:01 838417 1:18:25
c7552 0:02:08 338584 0:25:11

Tabulka 11: Orientadni ¢asy, kritérium 1.R, verze Stack
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C Implementace acéelové funkce

Zde je uveden vypis implementace Gcéelové funkce, jeji popis je v kapitole & 6.3.

float objective (GAGenome &g)
{
GABin2DecGenome &genome={GABin2DecGenome &) g;
float score=0.0,suml,sum2,tmp;
int i,ii ,j,lessthanone;
unsigned int 1;
long int r1;
bool isone;
bool savedata;
lessthanone =0;
suml =0.0;
sum2=0.0;

float p[MAX N OF _CIRCUITS];

C_container =cc;

C.TYPE C[C.CNT];

for{ii=0;ii<C.CNT;ii++) C[ii]=(C.TYPE) genome. phenotype(ii);

savedata=false

for{j=0;j<ncircuits;j++)

{

if (!conf.isdataset{j,C[0],C[1]))
{
compasrun4++;
savedata=true;
strepy (circuitname , conf.getname{j });
r=run.compas{C, conf.getmaxlength{(j));
switch{r)
{
case 0:
l=analyze_output {conf. getnobitsfname{j));
conf.setnumber(j ,C[0],C[1],1)};
break ;
case 255:

//NaN
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C IMPLEMENTACE UCELOVE FUNKCE

1=0;
conf.setNaN(j,C[0],C[1]};
break ;
default :
/S Err
1=0;
conf.setErr{(j ,C[0],C[1]};
}

b
else l=getlength(j,C};

if (1==0) l=conf.getmaxlength(j};

pljl=float{l) / float(conf.getnormalizator(j));
isone=false;
if (p[ji] <=1)
{
lessthanone++;
suml4+=p[j];
plil=1.0;
isone=true;
h
if {({(p[ji]==1.0) || isone} tmp=0;
else
{
tmp=(1.0 — p[j]);
tmp=tmpx*tmp;

}

sum2+=tmp;

}

if {lessthanone=—=ncircuits)
score = SHIFT — (float{ncircuits) / suml);
else score = SHIFT + sum2/float{ncircuits);

if (score<SHIFT)

{
if (!isinlist{C))

{

ce=new C_container(C);
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C IMPLEMENTACE UCELOVE FUNKCE

Clist.insert (Clist.begin{) ,xcc);
ngen_inserted=gahelp—>generation {);
candidates++;

}

if ((savedata) && (savetemp)) conf.saveonedata(C[0],C[1]);

return score;
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D Prehled parametri programu POET
Tyto parametry je mozné programmu POET pii jeho spusténi piedat ptikazovou fadkou:

compasmax N — pocet spusténi SW COMPAS, pii jehoz piekrodeni bude program
POET ukonden
savetemp N - pokud N = 1, program uklada kombinace konstant, které progel,

do souboru nazev_obvodu. probe.

ngen N - maximalni pocet generaci

nconv N - potet generaci, po...

pcross N — pravdépodobnost kiizeni

pmut N — pravdépodobnost mutace

popsize N - velikost populace

npop N — pocet populaci

prepl N - procento obmény populace

nrepl N - pocet obménovanych jedinct

el N - pii zadani hodnoty N = 1 je pouzit elitismus
pmig N — procento jedined z populace migrujicich
nmig N - pocet migrujicich jedinet z populace
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E Obsah prilozeného CD

Na CD jsou tyto adresafe: Diplomova prace, Zdrojové kddy, Program POET.

E.1 Adresar Diplomova prace

V tomto adresaii se nachézi elektronicka verze této diplomové prace.

E.2 Adresar Zdrojové kody

V tomto adresaii se nachazeji zdrojové kédy programu POET (adresai POET) a ¢asti
knihovny GAlib (jeho podadresat GA). Celé zdrojové kdédy knihovny GAlb véetné

dokumentace jsou v podadresaii GAlib.

E.3 Adresatr Programm POET

V tomto adresafi se nachazeji spustitelné verze programi pro OS Linux, a to program
POET (verze se Simple GA, Deme GA a Steady-state GA), SW COMPAS ve verzi
Stack s pouzitim kritéria 2.C a simulator poruch Hope. V podadresaii Testdata jsou
soubory se strukturami obvodi pouZitych v této praci (x.bench a soubory s nekompri-
movanyni testy *.test). Pro kazdé spusténi programu POET, COMPAS nebo Hope,

je tfeba mit tyto soubory ve stejném adresari, jako jsou tyto programy.
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Licensing and Copyright Issues

Licensing and Copyright Issues

The GAlib source code is not in the public domain, but it is available at no cost for non-profit purposes.
If you would like to use GAlib for commercial purposes, for-profit single user and distributor licenses
are available. All of GAlib (source and documentation) is protected by the Berne Convention. You may
copy and modify GAlib, but by doing so you agree to the terms of the not-for-profit license.

GAlib For-profit User/Distributor License Agreement

Please contact the MIT Technology Licensing Office at 617.253.6966 or tlo@mit.edu.

GAlib Not-for-profit User License Agreement

1. You may copy and distribute copies of the source code for GAlib in any medium provided that you
consipicuously and appropriately give credit to the author and keep intact all copyright and disclaimer
notices in the library.

2. You may modify your copy (copies) of GAlib or any portion thereof, but you may not distribute
modified versions of GAlib. You may distribute patches to the original GAlib as separate files along
with the original GAlib.

3. You may not charge anything for copies of GAlib beyond a fair estimate of the cost of media and
computer/network time required to make and distribute the copies.

4. Incorporation of GAlib or any portion thereof into commercial software, distribution of GAlib for-
profit, or use of GAlib for other for-profit purposes requires a special agreement with the the MIT
technology licensing office (TLO).

5. Any publications of work based upon experiments that use GAlib must include a suitable
acknowledgement of GAlib. A suggested acknowledgement is: "The software for this work used the
GAlib genetic algorithm package, written by Matthew Wall at the Massachusetts Institute of
Technology."

6. The author of GAlib and MIT assume absolutely no responsibility for the use or misuse of GAlib. In
no event shall the author of GAlib or MIT be liable for any damages resulting from use or performance
of GAlib.

The GNU portions of the GAlib distribution

The portions of GAlib (see below) that contain code from the GNU g++ library are covered under the
terms of the GNU Public License. As such they are freely available and do not fall under the terms of
the GAlib licensing conditions above. The portions of GAlib that are based upon GNU code are all in
the 'gnu' directory in the examples directory (in GAlib release 2.3.2 and later).
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The standard MIT copyright notice and disclaimer

As a work developed using MIT resources and MIT funding, the GAlib source code copyright is owned
by the Massachusetts Institute of Technology. All rights are reserved.

Copyright (c) 1995-1996 Massachusetts Institute of Technology

Permission to use, copy, modify, and distribute this software and its documentation for any non-
commercial purpose and without fee is hereby granted, provided that

¢ the above copyright notice appear in all copies
¢  both the copyright notice and this permission notice appear in supporting documentation

¢ the name of M.I.T. not be used in advertising or publicity pertaining to distribution of the software
without specific, written prior permission.

M.LT. makes no representations about the suitability of this software for any purpose. It is provided "as
is" without express or implied warranty.

M.LT. DISCLAIMS ALL WARRANTIES WITH REGARD TO THIS SOFTWARE, INCLUDING ALL
IMPLIED WARRANTIES OF MERCHANTABILITY AND FITNESS, IN NO EVENT SHALL M.LT. BE
LIABLE FOR ANY SPECIAL, INDIRECT OR CONSEQUENTIAL DAMAGES OR ANY DAMAGES
WHATSOEVER RESULTING FROM LOSS OF USE, DATA OR PROFITS, WHETHER IN AN ACTION
OF CONTRACT, NEGLIGENCE OR OTHER TORTIOUS ACTION, ARISING OUT OF OR IN
CONNECTION WITH THE USE OR PERFORMANCE OF THIS SOFTW ARE.
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Features: General Features

Features

General Features

Many examples are included illustrating the use of various GAlib features, class derivations,
parallelization, deterministic crowding, travelling salesman, DeJong, and Royal Road problems.

The library has been uwsed on various DOS/Windows, Windows NT/95, MacOS, and UNIX
configurations. GAlib compiles without warnings on most major compilers.

Templates are used in some genome classes, but GAlib can be used without templates if your
compiler does not understand them.

Four random number generators are included with the library. You can select the one most
appropriate for your system, or use your own.

Algorithms, Parameters, and Statistics

GAlib can be used with PVM (parallel virtual machine) to evolve populations and/or individuals in
parallel on multiple CPUs.

Genetic algorithm parameters can be configured from file, command-line, and/or code.

Overlapping (steady-state GA) and non-overlapping (simple GA) populations are supported. You
can also specify the amount of overlap (% replacement). The distribution includes examples of other
derived genetic algorithms such as a genetic algorithm with sub-populations and another that uses
deterministic crowding,.

New genetic algorithms can be quickly tested by deriving from the base genetic algorithm classes
in the library. In many cases you need only overide one virtual function,

Built-in termination methods include convergence and number-of-generations. The termination
method can be customized for any existing genetic algorithm class or for new classes you derive.

Speciation can be done with either DeJong-style crowding (using a replacement strategy) or
Goldberg-style sharing (using fitness scaling).

Elitism is optional for non-overlapping genetic algorithms.

Built-in replacement strategies (for overlapping populations) include replace parent, replace
random, replace worst. The replacement operator can be customized.

Built-in selection methods include rank, roulette wheel, tournament, stochastic remainder sampling,
stochastic uniform sampling, and deterministic sampling. The selection operator can be customized.

"on-line" and "off-line" statistics are recorded as well as max, min, mean, standard deviation, and
diversity. You can specify which statistics should be recorded and how often they should be flushed
to file,

Genomes and Operators

Chromosomes can be built from any C++ data type. You can use the types built-in to the library
(bit-string, array, list, tree) or derive a chromosome based on your own objects.
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¢ Built-in chromosome types include real number arrays, list, tree, 1D, 2D, and 3D arrays, 1D, 2D,
and 3D binary string. The binary strings, strings, and arrays can be variable length. The lists and
trees can contain any object in their nodes. The array can contain any object in each element.

¢  All chromosome initialization, mutation, crossover, and comparison methods can be customized.
¢ Built-in initialization operators include uniform random, order-based random, and initialize-to-zero.

¢  Built-in mutation operators include random flip, random swap, Gaussian, destructive, swap subtree,
swap node.

¢  Built-in crossover operators include partial match, ordered, cycle, single point, two point, even, odd,
uniform, node- and subtree-single point.

¢ Dominance and Diploidy are not explicitly built in to the library, but any of the genome classes in
the library can easily be extended to become diploid chromosomes.

¢ Objective function
¢  Objective functions can be population- or individual-based.

¢ If the built-in genomes adequately represent your problem, a user-specified objective function is the
only problem-specific code that must be written.
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Overview: Genomes and Operators

QOverview

This document outlines the contents of the library and presents some of the design philosophy behind
the implementation. Some source code samples are provided at the end of the page to illustrate basic
program structure, operator capabilities, operator customization, and derivation of new genome classes.

When you use the library you will work primarily with two classes: a genome and a genetic algorithm.
Each genome instance represents a single solution to your problem. The genetic algorithm object defines
how the evolution should take place. The genetic algorithm uses an objective function (defined by you)
to determine how 'fit' each genome is for survival. It uses the genome operators (built into the genome)
and selection/replacement strategies (built into the genetic algorithm) to generate new individuals.

There are three things you must do to solve a problem using a genetic algorithm:
1. Define a representation
2. Define the genetic operators
3. Define the objective function

GAlib helps you with the first two items by providing many examples and pieces from which you can
build your representation and operators. In many cases you can use the built-in representations and
operators with little or no modification, The objective function is completely up to you. Once you have a
representation, operators, and objective measure, you can apply any genetic algorithm to find better
solutions to your problem.

When you use a genetic algorithm to solve an optimization problem, you must be able to represent a
single solution to your problem in a single data structure. The genetic algorithm will create a population
of solutions based on a sample data structure that you provide. The genetic algorithm then operates on
the population to evolve the best solution. In GAlib, the sample data structure is called a GAGenome
(some people refer to it as a chromosome). The library contains four types of genomes: GAListGenome,
GATreeGenome, GAArrayGenome, and GABinaryStringGenome. These classes are derived from the
base GAGenome class and a data structure class as indicated by their names. For example, the
GAListGenome is derived from the GAList class as well as the GAGenome class. Use a data structure
that works with your problem definition. For example, if you are trying to optimize a function that
depends on 5 real numbers, then use as your genome a 1-dimensional array of floats with 5 elements.

There are many different types of genetic algorithms. GAlib includes three basic types: 'simple’,
'steady-state’, and 'incremental’. These algorithms differ in the way that they create new individuals and
replace old individuals during the course of an evolution.

GAlib provides two primary mechanisms for extending the capabilities of built-in objects. First of all
(and most preferred, from a C++ point of view), you can derive your own classes and define new
member functions. If you need to make only minor adjustments to the behavior of a GAlib class, in
most cases you can define a single function and tell the existing GAlib class to use it instead of the
default.

Genetic algorithms, when properly implemented, are capable of both exploration (broad search) and
exploitation (local search) of the search space. The type of behavior you'll get depends on how the
operators work and on the 'shape’ of the search space.
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Overview: The Genetic Algorithm

The Genetic Algorithm

The genetic algorithm object determines which individuals
should survive, which should reproduce, and which
should die. It also records statistics and decides how long

the evolution should continue. Typically a genetic *
algorithm has no obvious stopping criterion. You must tell
the algorithm when to stop. Often the number-of-

generations is used as a stopping measure, but you can *
use goodness-of-best-solution, convergence-of-population,
or any problem-specific criterion if you prefer. *

initialize
population

select individuals
for mating

mate individuals
to produce offspring

The library contains four flavors of genetic algorithms. The

i ; ) ; ) mutate offspring
first is the standard 'simple genetic algorithm' described

by Goldberg in his book. This algorithm wuses non- {

overlapping populations and optional elitism. Each insert offspring
generation the algorithm creates an entirely new into population
population of individuals. The second is a 'steady-state

genetic algorithm' that uses overlapping populations. In N are stopping
this variation, you can specify how much of the population “ criteria satisfied?
should be replaced in each generation. The third variation {

is the 'incremental genetic algorithm' in which each o
generation consists of only one or two children. The finish
incremental genetic algorithms allow custom replacement
methods to define how the new generation should be
integrated into the population. So, for example, a newly generated child could replace its parent,
replace a random individual in the population, or replace an individual that is most like it. The fourth
type is the 'deme' genetic algorithm. This algorithm evolves multiple populations in parallel using a
steady-state algorithm. Each generation the algorithm migrates some of the individuals from each
population to one of the other populations.

In addition to the basic built-in types, GAlib defines the components you'll need to derive your own
genetic algorithm classes. The examples include a few of these derivations including (1) a genetic
algorithm that uses multiple populations and 'migration’ between populations on multiple CPUs, and
(2) a genetic algorithm that does 'deterministic crowding' to maintain different species of individuals
during the evolution,

The base genetic algorithm class contains operators and data common to most flavors of genetic
algorithms. When you derive your own genetic algorithm you can use these member data and
functions to keep track of statistics and mondtor performance.

The genetic algorithm contains the statistics, replacement strategy, and parameters for running the
algorithm. the population object, a container for genomes, also contains some statistics as well as
selection and scaling operators. A typical genetic algorithm will run forever. The library has built in
functions for specifying when the algorithm should terminate. These include terminate-upon-
generation, in which you specify a certain number of generations for which the algorithm should run,
and terminate-upon-convergence, in which you specify a value to which the best-of-generation score
should converge. You can customize the termination function to use your own stopping criterion.

The number of function evaluations is a good way to compare different genetic algorithms with various
other search methods. The GAlib genetic algorithms keep track of both the number of genome
evaluations and population evaluations,
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Defining a Representation

Use a data structure that is appropriate for your problem. If you are optimizing a function of real
numbers, use real numbers in your genome. If a solution to your problem can be represented with
some imaginary numbers and some integer values, define a genome with these characteristics.

Defining an appropriate representation is part of the art of using genetic algorithms (and at this pomt, it
is still an art, not a science). Use a representation that is minimal but completely expressive. Your
representation should be able to represent any solution to your problem, but if at all possible you
should design it so that it cannot represent infeasible solutions to your problem. Remember that if the
genome can represent infeasible solutions then the objective function must be designed to give partial
credit to infeasibles.

The representation should not contain information beyond that needed to represent a solution to the
problem. Although there may be merit in using a representation that contains 'extra’ genetic material,
unless properly implemented (in concert with the objective function and in full consideration of the type
and characteristics of the search space), this tends to increase the size of the search space and thus hinder
the performance of the genetic algorithm.

The number of possible representations is endless. You may choose a purely numeric representation
such as an array of real numbers. These could be implemented as real numbers, or, in the Goldberg-
style of a string of bits that map to real numbers (beware that using real numbers directly far out-
performs the binary-to-decimal representation for most problems, especially when you use reasonable
crossover operators). Your problem may depend on a sequence of items, in which case an order-based
representation (either list or array) may be more appropriate. In many of these cases, you must choose
operators that maintain the integrity of the sequence; crossover must generate reordered lists without
duplicating any element in the list. Other problems lend themselves to a tree structure. Here you may
want to represent solutions explicitly as trees and perform the genetic operations on the trees directly.
Alternatively, many people encode trees into an array or parsable string, then operate on the string.
Some problems include a mix of continuous and discrete elements, in which case you may need to
create a new structure to hold the mix of information. In these cases you must define genetic operators
that respect the structure of the solution. For example, a solution with both integer and floating parts
might use a crossover that crosses integer parts with integer parts and floating parts with floating parts,
but never mixes floating parts with integer parts.

Whichever representation you choose, be sure to pick operators that are appropriate for your
representation.

The Genome Operators

Each genome has three primary operators: initialization, mutation, and crossover. With these operators
you can bias an initial population, define a mutation or crossover specific to your problem's
representation, or evolve parts of the genetic algorithm as your population evolves. GAlib comes with
these operators pre-defined for each genome type, but you can customize any of them.

The initialization operator determines how the genome is initialized. It is called when you initialize a
population or the genetic algorithm. This operator does not actually create new genomes, rather it 'stuffs'
the genomes with the primordial genetic material from which all solutions will evolve. The population
object has its own initialization operator. By default this simply calls the initialization operators of the
genomes in the population, but you can customize it to do whatever you want.

The mutation operator defines the procedure for mutating each genome. Mutation means different
things for different data types. For example, a typical mutator for a binary string genome flips the bits
in the string with a given probability. A typical mutator for a tree, on the other hand, would swap
subtrees with a given probability. In general, you should define a mutation that can do both exploration
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and exploitation; mutation should be able to introduce new genetic material as well as modify existing
material. You may want to define multiple types of mutation for a single problem.

The crossover operator defines the procedure for generating a child from two parent genomes. Like the
mutation operator, crossover is specific to the data type. Unlike mutation, however, crossover involves
multiple genomes. In GAlib, each genome 'knows' its preferred method of mating (the default crossover
method} but it is incapable of performing crossover itself. Each genetic algorithm ‘knows' how to get the
default crossover method from its genomes then use that method to peform the mating. With this model
it is possible to derive new genetic algorithm classes that use mating methods other than the defaults
defined for a genome.

Each of these methods can be customized so that it is specific not only to the data type, but also to the
problem type. This is one way you can put some problem-specific 'intelligence' into the genetic
algorithm (I won't go into a discussion about whether or not this is a good thing to do...)

In addition to the three primary operators, each genome must also contain an objective function and
may also contain a comparator. The objective function is used to evaluate the genome, The comparator
(often referred to as a 'distance function') is used to determine how different one genome is from
another, Every genetic algorithm requires that an objective function is defined - this is how the genetic
algorithm determines which individuals are better than others. Some genetic algorithms require a
comparator,

The library has some basic data types built in, but if you already have an array or list object, for
example, then you can quickly build a genome from it by multiply inheriting from your object and the
genome object. You can then use this new object directly in the GAlib genetic algorithm objects.

In general, a genetic algorithm does not need to know about the contents of the data structures on which
it is operating. The library reflects this generality. You can mix and match genome types with genetic
algorithms. The

genetic algorithm knows how to clone genomes in order to create populations, initialize genomes to start
a run, cross genomes to generate children, and mutate genomes. All of these operations are performed
via the genome member functions.

The Population Object

The population object is a container for genomes. Fach population object has its own initializer (the
default simply calls the initializer for each individual in the population) and evaluator (the default
simply calls the evaluator for each individual in the population). It also keeps track of the best, average,
deviation, etc for the population. Diversity can be recorded as well, but since diversity calculations often
require a great deal of additional compuation, the default is to not record diversity.

The selection method is also defined in the population object. This method is used by the genetic
algorithms to choose which individuals should mate.

Each population object has a scaling scheme object associated with it. The scaling scheme object converts
the objective score of each genome to a fitness score that the genetic algorithm uses for selection. It also
caches fimess information for use later on by the selection schemes.

Objective Functions and Fitness Scaling

Genetic algorithms are often more attractive than gradient search methods because they do not require
compilicated differential equations or a smooth search space. The genetic algorithm needs only a single
measure of how good a single individual is compared to the other individuals. The objective function
provides this measure; given a single solution to a problem, how good is it?
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It is important to note the distinction between fitness and objective scores. The objective score is the
value returned by your objective function; it is the raw performance evaluation of a genome. The fitness
score, on the other hand, is a possibly-transformed rating used by the genetic algorithm to determine
the fitness of individuals for mating. The fitness score is typically obtained by a linear scaling of the raw
objective scores (but you can define any mapping you want, or no transformation at all). For example, if
you use linear scaling then the fitness scores are derived from the objective scores using the fitness
proportional scaling technique described in Goldberg's book. The genetic algorithm uses the fitness
scores, not the objective scores, to do selection.

You can evaluate the individuals in a population using an individual-based evaluation function (which
you define), or a population-based evaluator (also which you define). If you use an individual-based
objective, then the function is assigned to each genome. A population-based objective function can make
use of individual objective functions, or it can set the individual scores itself.

So what does it look like in C++?

A typical optimization program has the following form. This example creates a one-dimensional binary
string genome with the default operators then uses a simple genetic algorithm to do the evolution.

float Chiective (GAGenomes) ;

main{){
GAlDBinarvStringGenome genomed{length, Objective); // create a genome
GASimpleGA ga(genome) ; // treate the genetic algorithm
ga.evolvel(}; // do the evolution
coul << ga.statistics(} << endl; //f print out the resules

}

float Objective (GAGenomes) |
// vour cbjective function goes here

}

You can very easily change the behaviour of the genetic algorithm by setting various parameters. Some
of the more common ones are set like this:

ga.populationsize (popsize);
ga.ndenerations (ngen) ;
ga.pMutation{pmut) ;

qga.plrossover (poross) ;
GAgignmaTruncationsScaling sigmaTruncation;
ga.scaling(sigmaTruncation};

Alternatively you can have GAlib read the genetic algorithm options from a file or from the command
line. This snippet creates a genetic algorithm, reads the parameters from a file, reads parameters (if any)
from the command line, performs the evolution, then prints out the statistics from the run.

GASteadyStateGh galgenome) ;
ga.parameters ("settings.txt"};
Jga.parameters (argo, argvi;
ga.evolve();

cout << ga.statistics{) << endl;

A typical (albeit simple} objective function looks like this (this one gives a higher score to a binary
string genome that contains all 1s}):

float
Objective {GAGenome & g) |
GAlDBinaryStringGenome & genome = {(GAlDBinaryStringGenome &)g;
float score=0.0;
for{int i=0; i<genome.length{}; i++)
gcore += genome.gene{i});
return score;
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}

You can define the objective function as a static member of a derived class, or just define a function and
use it with the existing GAlib genome classes.

When you write an objective function, you must first cast the generic genome into the type of genome
that your objective function is expecting. From that point on you can work with the specific genome
type. Each objective function returns a single value that represents the objective score of the genome
that was passed to the objective function.

Please see the examples for more samples of the library in action. And see the programming interface
page for a complete list of member functions and built-in operators.

What can the operators do?

Here are some examples of the types of mutation and crossover that can be done using GAlib.
Traditional crossover generates two children from two parents, and mutation is typically applied to a
single individual. However, many other types of crossover and mutation are possible, such as crossover
using three or more parents, asexual crossover or population-based mutation. The following examples
illustrate some of the standard, sexual crossover and individual mutation methods in GAlib.

N %\ a

tree node swap mutation '] O
i |INEEEEENEEEEEEEN|
I" M \'l
a2 L tree one point crossover

array two point crossover

A

list node swap mutation

list one point crossover list order crossover

000 U Y

list destructive mutation

list generative mutation list sequence swap mutation
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How do | define my own operators?

Defining the operators is only as difficult as figuring out the algorithim you want to implement. As far
as the actual implementation goes, there's not much to it. To assign an operator to a genome, just use the
appropriate member function. For example, the following code snippet assigns 'MylInitializer' as the
initialization function and "MyCrossover' as the crossover function for a binary string genome.

GAIDBinaryStringGenome genoms {20] ;
genome . initializer (MyInicializer);
genome . crogsover (MyCrogsover);

If you do this to the first genome (the one you use to create the genetic algorithm) then all of the ones
that the GA clones will have the same operators defined for them.

When you derive your own genome class you will typically hard-code the operators into the genome
like this:

class MyGenome : public GAGenome {
public:
static void RandomInitializer (GAGenomes) ;
stabkic int JuggleCrossover(conskt GhGenomes, conck GhGenomes, GAhGenomey, GhGenomet);
stabkic int KillerMutate (3AGencomes, floak);
static float ElementComparator (const GRGenomek, const GRGenomek) ;
static float ThresholdObjective (GAGenomek) ;

public:
MyGenome () {
inikializer {RandomInitializer);
crossover (Jugglelrossover) ;
nmutator (KillerMutate} ;
comparator {BElementComparator) ;
evaluator (ThrecholdObhjective)

}

// remainder of class definition here

|

Notice how easy it becomes to change operators. You can very easily define a multitude of operators for
a single representation and experiment with them to see which performs better.

Why are the genome operators GAlib not member functions? The primary reason is so that you do not
have to derive a new class in order to change the behaviour of one of the built-in genome types. In
addition, the use of function pointers rather than member functions lets us change operators at run-time
(unlike member functions or templatized classes). And they are faster than virtual functions (OK, so this
the virtual /non-virtual component is a pretty small fraction of actual execution time compared to most
objective functions...}. On the down side, they permit you to make some ugly mistakes by improperly
casting.

The definition for the List1PtCrossover looks like this:

This crossover picks a single point in the parents then generates one or two children from the
two halves of each parent.

template <class T= int

OnePolntCrossover (const GAGenomes pl, const GAGenome& pz, GAGencome* cl, GAGenome* c2}/
GALigEGenome«<T> smom= (GALizbGenome«<T> &lpl;
GALigeGenome«T> &dad= (GALiztGenome«<T> &}p2;

int ne=0;
unsigned int a = GARandomInt ({0, mom.size(});
unsigned int b = GARandomInt (0, dad.size(}); GAList<T=> * list;
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/f first do the sister...
if{cl}]
GAlLizedenome<Ts> &sis=(GAlLiztGenome<T> &) *el;
gig.GAList«<Ts: :copy (mom} ;
ligt = dad.GAList«T>::clone{b);

if{a <« mom.zsize{)}{
T *gite = sis.warpial;
while(sis.tail() |= site)
sis.destrovi}; /f delete £he rail node
gig.destrovi); // trash the trailing node (list[a])
}
else]
siz.tail{}; // move to the end of the list
}
zgiz.ingsert{list}; /f gtick the clone onto the end
delete lizt;
gig.warpi{o}; /f get iterator teo head of list
ne += 1;
}
// .. .now do the brother
if{e2){

GAlLizedenome<T> &bro=(GAliztGenome<T> &) *e2;
bro.GRList«<T>::copy(dad};
list = mom.GAList<T>::clonef{a)l;
if(b « dad.size()}{
T *gite = bro.warpi{b);

while(bro.tail{) != zite)
bro.descrovi}; /f delete £he rail node
bro.destroyi{); // trash the trailing node {listlal)
!
else]
bro.tail{}; // move to the end of the list
}
bro.insert{list}; /f gtick the clone onto the end
delete list;
bro.warpi{0}; // set iterator to head of list
ne += 1;

}

retburn ndc;

}
The definition for FlipMutator for 1D Array AlleleGenomes looks like this:

This mutator flips the value of a single element of the array to any of the possible allele values.

int
FlipMutator(GAGencme & c, float pmut} {
GAalDArrayhAlleleGenome«<T»> &child={GAlDArrayAlleleGenome<T> &)C;
reqigsker int n, i;
if{pmut <= 0.0} return{o};
float nMut = pmut * {(float) {child.length(}};
ifinMut < 1‘0){ // we have to do a flip test on each bit
nMut = 0;
for{i=child.length{)-1; i»=0; i--}{
if (GAFlipCoin{pmut}){
child.gene (i, child.alleleset({).allele{)};
nMut++;

}
}

else| /f only flip the number of biks we need teo flip
for{n=0; n<nMut; n++){
i = GARandomInt {0, child.length()-1};
child.gene({i, child.alleleset(}.allele{)};
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}
}

return{{ink)nMuc} ;

}
And the definition for a typical initializer looks like this:

This initializer creates a tree of bounded random size and forkiness.

void
Treelnitializer (GAGenome & ¢} |

GATreeGenome<Point> &tree=(GATreeGenome<Points> &)c;

tree.root(};

Eree . destrovi]; /7 degtroy any pre-existing kree

Point pi{0,0,07;
Eree . inserk (p, 3ATresBASE: :ROOT) ;

int n = GARandomInt{0,MAX_CHILDREN}; // limit number of children

for{int i=0; ie<n; 1++)
DoChild(tree, 0};
!

verid

DoChild{GATreeGenome<Point> & tree, int depth} |
if(depth »= MAX_DEPTH) return; // limit depth of the tree
int n = GARandomInt{0,MAX_CHILDREN}; // limit number of children

Point p{GARandomFloak (0, 25), GARandowmFloak (0,257,

tree.insert (p, GATreeBASE: :BELOW} ;
for{int i=0; i<n; i++)
DoChildi{tree, depths+l);

tree.parent(}; // wove the iterator up one level

What about deriving my own genome class?

GaRandomFloat (0,25} ) ;

Here is the definition of a genome that contains an arbitrary number of lists. It could easily be modified
to become a diploid genome. It is used in exactly the same way that the built-in genomes are used. For
a simpler example, see the GNU example which integrates the GNU BitString object with GAlib to form

a new genome class.

class RobotPathGenome : public GAGenome |
public:
GaDefineldentity ("RobotPathGenome", 261} ;
static void Initializer (GAGenome&) ;
static int Mutator (GAGenome&, float):

stakic float Cowmparabor (const GAGenomes, const GAGenomek)

static float Evaluator (GAGenomes) ;
static void PathInitializer ({GAGenomes) ;

public:
RobotPathGenome{int nrobots, int pathlength};
RobotPathGenome {const RobotPathGenome & origl;

RobotPathGenomes operator=(const GAGenome & ardg);

virtual -~RobotPathGenome();

virtual GAGenome *clone (GAGenome::CloneMethod)
virtual wvoid copyi{const GAGenome & c};
virtual int equal {const GAGenome& g) const ;
virtual int read{istream & is};

virtual int write{ostream & os) const ;

GAListGenome<int> & path{int i}{ return *lise[i]; }

int npaths{) const { return n; }
int length{) const { return 1; }

protected:
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int n, 1;
GalistGenome<ints> **list;

¥
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Class Hierarchy

Here is an outline of the GAlib class hierarchy. The first section is a graphic map, the second section
contains an outline of the hierarchy.

GAlib Class Hierarchy - Pictorial

Lidienstiod gomthm Lit=elaction=chema Lfscalingscheme
GASimpleGR GAR arkSelector GioScaling
GAStaadyStateGa Gafoul dtelthesSdector GALinearScaling
GAlncrem entalGa, GATornamentSelector GAPowerLavEcaling
GAUniform Selector GASharing
GASK $5electar
GAList< T G&BinaryString GAYTap.T-
-
GAListGencmecT:» GAID EireryStringSenome GATD yrayGeromec T
| I
GaEinDecGanome GA1D ArraydllelaGenom acT>
GATE s T
— G&2D BiraryStringGenome G20 ArrayGenomee T
GATrecGenomecT» |
G ArrayAlledaGenom & T
GAD BiraryStringGenome Ga20 MrayGeromes:Tx
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GAlib Class Hierarchy - Qutline

GAGeneticAlgorithm
GASteadyStateGA (overlapping populations)
GASimpleGA (non-overlapping populations)
GAlncrementalGA (overlapping with custom replacement)
GADemeGA (parallel populations with migration)

GAStatistics
GAParameterList
GAPopulation

GAScalingScheme
GANoScaling
GALinearScaling
GASigmaTruncationScaling
GAPowerLawScaling
GASharing

GASelectionScheme
GARankSelector
G ARouletteWheelSelector
GATournamentSelector
GAUniformSelector
GASRSSelector
GADSSelector

GAGenome
GA1DBinaryStringGenome
GABin2DecGenome
GA2DBinaryStringGenome
GA3DBinaryStringGenome
GA1DArrayGenome<>
GA1DArray AlleleGenome<>
GAStringGenome (same as GA1DArray AlleleGenome<char>)
GARealGenome (same as GA1DArray AlleleGenome<float>)
GA2DArrayGenome<>
GA2DArray AlleleGenome<>
GA3DArrayGenome<>
GA3DArray AlleleGenome<>
GATreeGenome<>
GAListGenome<>

GAArray<> GAAlleleSetArray<> GAAlleleSet<>
GABinaryString GABin2DecPhenotype

GATree<> GATreelter<>

GAList<> GAListlter<>
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Programming Interface

This document describes the programming interface for the library. The section for each class contains a
description of the object's purpose followed by the creator signature and member functions. There are
also sections for library constants, typedefs, and function signatures.

Global Typedefs and Enumerations

typedef float GAProbabkility, GAProkb

typedef enum _GABoclean {gaFalse, gaTrue} GABoolean, GABool
typedef enum GAStatus {gaSuccess, gaFailure} GAStatus
cvpedef unsigned char GABit

Global Variables and Global Constants

char* gaBrrMsg; // globally defined pointer to current error message
int gaDeffcoreFrequencyl = 1; // for non-overlapping populations
int gabDefScoreFrequency? = 100; // for overlapping populations

float galDefLinearScalingMultiplier = 1.2;

float gaDefSigmaTruncationMuleiplier = 2.0;

float gaDefPowerScalingFactor = 1.0005;

float gaDeffSharingCutoff = 1.0;

Function Prototypes

GABoolean (*GAGeneticAlgorithm::Terminator) (GAGeneticAlgorithms)

GAGenomes (*@GAIncrementalGA: :ReplacementPunction} (GAGenowmesk, GAPopulationk)

void (+*@APopulation::Initializer) (GAPcpulation &}

void (*@GAPopulation::Evaluator) {GAPopulation &)

void (*GAGenome::Initializer) (GAGencome &)

float (*GAGenome::Evaluator) (GAGenome &)

int {*GAGenome::Mutator) (GAGenome &, float)

float (*GAGenome;:Comparator} (const GAGencme &, const GAGenomes)

int {*GAGenome::SexualCrossover) (const GAGenomes, const GRGenome&, GAGenome*, GAGenome*)
int {*GAGenome::AsexualCrossover) {const GAGenome&, GAGenometr)

int {+*GABinaryEncoder} (floats value, GALBik* bits, unsigned int nbits, fleat min, float
mase )

int {*GARBinaryDecoder} (float& value, const GABit* bits, unsigned int nbits, float min,
float max}
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Parameter Names and Command-Line Options

Parameters may be specified using the full name strings (for example in parameter files), short name
strings (for example on the command line), or explicit member functions (such as those of the genetic
algorithm objects). All of the #defined names are simply the full names declared as #defined strings;
you can use either the string (e.g. number_of_generations) or the #defined name (e.g.
gaNnGenerations), but if you use the #defined name then the compiler will be able to catch your
spelling mistakes.

When you specify GAlib arguments on the command line, they must be in name-value pairs. You can
use either the long or short name. For example, if my program is called optimizer, the command line
for running the program with a population size of 150, mutation rate of 10%, and score filename of
evolve.txt would be:

opbimizer popegize 150 pmut 0.1 sfile evolve.txt

full name
short name

data type and
default value

#define name

galminimaxi minimaxi ink

juiid galefMiniMaxi = 1
galnGenerations number of generations ink

ngesn galefHumGen = Z50
galpConvergence convergence_percentage float

poonv gqalefPClonv = 0.8%
galinConvergence generations to_convergence ink

neonv qalefHConv = 20
galplrossover crossover probabiliey floak

poross galefPlross = 0.8
gaNpMutation mutation_probability float

pk galefPMut = 0.01

galpopulationSize

galnPopulations

galpFReplacement

galnReplacemant

gallnBes EGenomes

galascoreFrequency

population size
popeize

number of populations
npop

replacement_percentage
prepl

replacement number
nrepl

number of best
nbest

score_Ifrequency
sfreq

galflushFrequeancy flush frequency
ffreg
GAItb Version 2.4, Document Revision B 18

inte
qalefPopSize = 30

inte
galefNPop = 140

float
galefPRepl = 0.25

inte
galefHRepnl

1}
m

inte
galefNumBeztGenomes = 1

int
gaDefScoreFregquencyl = 1

inte
galefFluchFrequency = 0
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#define name

full name
short name

data type and
default value

galzcoreFi1lenamse

gqalzelectSooreas

gabelitism

gaNnOffspring

galrecordDiversitcy

score_filename
sfile

select scores
sscores

elitism
=l

number_of_offspring
noffspr

record diversity
recdiv

gaNpMigration migration_percentage
pmig

gaNnMigration migration_number
nmiqg
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char*
galefScoreFilename =
"generations.dat"

ink
galeftelecticores =
GAStatistice: :Maximum

GABoolean
galefElitism = gaTrue

int
galDefHumOff = 2

GABoolean
galDefDivFlag = gaFalse

float
galefPMig

L}
o
[

int
galefHMig

1}
n
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Error Handling

Exceptions are not used in GAlib version 2.x. However, some GAlib functions return a status value to
indicate whether or not their operation was successful. If a function returns an error status, it posts its
error message on the global GAlib error pointer, a global string called gaErrMsg.

By default, GAlib error messages are sent immediately to the error stream. You can disable the
immediate printing of error messages by passing gaFalse to the =G AReportErrors function. Passing a
value of gaTrue enables the behavior.

If you would like to redirect the error messages to a different stream, use the :GASetErrorStream
function to assign a new stream. The default stream is the system standard error stream, cerr.

Here are the error control functions and variables:

extern char gaErrMsgl];
void GAReportBrrorsi{GABoolean flag);
virid GASetErrorStream{osbreams) ;
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Random Number Functions

GAlib includes the following functions for generating random numbers:

volid GARandomSeed(unsigned s = 0)

int GARandomInt ()
int GARandomInt {(int low, int high}

double @GARandomDouble}
double @GARandomDouble{double low, double high}

float GARandomFloat ()}
float GARandomFloat{float low, floak highl

int @aRandomBit ()
GABoolean GAFlipCoin(float p}

int GAGausgsianInt (int stddev)

float GAGaussianFleat{float stddev)
double GAGauzsianDouble{double stddev)
double GAUnitGaussiani}

If you call it with no argument, the GARandomSeed function uses the current time multiplied by the
process ID (on systems that have PIDs) as the seed for a psuedo-random number generator. On systems
with no process IDs it uses only the time. You can specify your own random seed if you like by passing
a value to this function. Once a seed has been specified, subsequent calls to GARandomSeed with the
same value have no effect. Subsequent calls to GARandomSeed with a different value will re-initialize
the random number generator using the new value.

The functions that take low and high as argument return a random number from low to high, inclusive.
The functions that take no arguments return a value in the interval [0,1]. GAFlipCoin returns a boolean
value based on a biased coin toss. If you give it a value of 1 it will return a 1, if you give it a value of
0.75 it will return a 1 with a 75% chance.

The GARandomBit function is the most efficient way to do unbiased coin tosses. It uses the random bit
generator described in Numerical Recipes in C.

The Gaussian functions return a random number from a Gaussian distribution with deviation that you
specify. The GAUnitGaussian function returns a number from a unit Gaussian distribution with mean 0
and deviation of 1.

GAlib uses a single random number generator for the entire library. You may not change the random
number generator on the fly - it can be changed only when GAlib is compiled. See the config.h and
random.h header files for details. By default, GAlib uses the ran2 generator described in Numerical
Recipes in C.
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GAGeneticAlgorithm

This is an abstract class that cannot be instantiated. Each genetic algorithm, when instantiated, will have
default operators defined for it. See the documentation for the specific genetic algorithm type for details.

The base genetic algorithm class keeps track of evolution statistics such as number of mutations, number
of crossovers, number of evaluations, best/mean/worst in each generation, and initial/current
population statistics. It also defines the terminator, a member function that specifies the stopping
criterion for the algorithm.

You can maximize or minimize by calling the appropriate member function. If you derive your own
genetic algorithm, remember that users of your algorithm may need either type of optimization.

Statistics can be written to file each generation or periodically by specifying a flush frequency.
Generational scores can be recorded each generation or less frequently by specifying a score frequency.

Parameters such as generations-to-completion, crossover probability and mutation probability can be set
by member functions, command-line, or from file.

The evolve member function first calls initialize then calls the step member function until the done
member function returns gaTrue. It calls the flushScores member as needed when the evolution is
complete. If you evolve the genetic algorithm without using the evolve member function, be sure to call
initialize before stepping through the evolution. You can use the step member function to evolve a
single generation. You should call flushScores when the evolution is finished so that any buffered scores
are flushed.

The names of the individual parameter member functions correspond to the #defined string names. You
may set the parameters on a genetic algorithm one at a time (for example, using the nGenerations
member function), using a parameter list (for example, using the parameters member function with a
GAParameterList), by parsing the command line (for example, using the parameters member function
with argc and argv), by name-value pairs (for example, using the set member function with a
parameter name and value), or by reading a stream or file (for example, using the parameters member
with a filename or stream),

see also: GAParameterList

see also: GAStatistics

see also: Terminators

class hierarc hy
mlass GhGeneticAlgorithm : public GAID

typedefs and constants

G3ABonlean (*GAGensetichlgorithm:
arm { MINIMIZE = -1, MAXIMIZE

e

Terminator) {GAGeneticAlqorithms)
1}

member function index

static GAParameterliszts registerDefaultParameters (GhParameterlLisks)

void * userData()

volid * userData(vold *)

vold initialize(unsigned int seed=90)

vold evelve{unsigned int seed=0} wvold stepl(}

GARoolean done ()}

GAdeneticAlgorithm: : Terminator terminateor ()

GAdeneticAlgorithm: :Terminator terminater (GAGenseticAlgorithm: :Terminator}
congt GAStatistics & statistics{() const

float convergencal() const
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int generation{) const

void flush8coraes(}

int minimaxi{} const

int minimaxi{int}

int minimige({}

int maximiza{}

int nGensrations{) const

int nGenerations{unsigned int)

int nConvergence{] const

int nConvergence {unsigned int)

float pConvergence(} const

float pConvergence(float}

float pMutationi(} const

float pMutation(float} float plrosscver() const

float pCroasover{float)

GAGenome : : Sexual Crossover croggover (FAGenome: : SexualCrossover func)
GAGenome: : SexualCrossover gexual () const

GAGenome: :Asexuallrossover cerosgover {GAGenome::Asexuallrossover func)
GAGenome: :Asexuallrossover agexual(} const

const GAPopulation & population{) const

congt GAFopulation & population{const GAPopulationg)

int populationsSize(} const

int populationSize(unsigned int n}

int nBesztGenomes{) const

int nBesztdenomes{unsigned int n}

GAScalingSchewe & scaling(} const

d3AS5calingScheme & scaling{const GhScalingSchemes)
3ASelectionScheme & selector{)] const

GASelectionScheme & selector{const GASelectionSchemes =)
vold objectivePunction (GAGenome::Evaluator)

vold objectiveData(const GAEvalData&}

int gcoreFraquency(} const

ink secoreFrequency(unsiqned int frequency}

int flushFrequency(} const

int flushFrequency(unsiqned int fregquency}

char* scoreFilename{) const

char* scoreFilenams{const char *filename}

int selaectScoraes{) const

int selectScores {GAStatistics::S5corelD which)

GABoolean recordDiversity(} const

G3ABonlean recordDiveraity (GABoolean flag)

const GAParameterlist & parameters()

const GAParameterlist & parametera(const GAParameterlist &)
const GAParameterlist & parametera(int& arge, char** argv, GABoclean flag = gaFalse)
conak GAParameterlist & parameters (const chart filename, GABoolean flag = gaFalse)
conak GAParameterlist & parameters(istreams, GABoolean flag = gaFalsel
int sget {const char* a2, int v}

int geti{const char* s, unsigned int v)

int geat{const char* =, char v}

int sgeat{const char* gz, const char* v}

int sget {const char* &, const void* v}

int sget {const char+* &, double v} ;

int write {const charv filename)

int write {ostreamé&)

int read(const char* filename)

int read{ostream&)

member function descriptions

convargenca

Returns the current convergence. The convergence is defined as the ratio of the Nth previous best-of-
generation score to the current best-of-generation score.
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crossovelr

Specify the mating method to use for evolution. This can be changed during the course of an evolution.
This genetic algorithm uses only sexual crossover.

done

Returns gaTrue if the termination criteria have been met, returns gaFalse otherwise. This function
simply calls the completion function that was specified using the terminator member function.

evolve

Initialize the genetic algorithm then evolve it until the termination criteria have been satisfied. This
function first calls initialize then calls the step member function until the done member function returns
gaTrue. It calls the flushScores member as needed when the evolution is complete. You may pass a seed
to evolve if you want to specify your own random seed.

flushFregquency

Use this member function to specify how often the scores should be flushed to disk. A value of 0 means
do not write to disk. A value of 100 means to flush the scores every 100 generations.

flushScores

Force the genetic algorithm to flush its generational data to disk. If you have specified a flushFrequency
of 0 or specified a scoreFilename of nil then calling this function has no effect.

generation
Returns the current generation.
initialize

Initialize the genetic algorithm. If you specify a seed, this function calls GARandomSeed with that
value. If you do not specify a seed, GAlib will choose one for you as described in the random functions
section. It then initializes the population and does the first population evaluation.

nBestGencmes

Specify how many 'best’ genomes to record. For example, if you specify 10, the genetic algorithm will
keep the 10 best genomes that it ever encounters. Beware that if you specify a large number here the
algorithm will slow down because it must compare the best of each generation with its current list of
best individuals. The default is 1.

nConvergence

Set/Get the number of generations used for the convergence test.
n@enerations

Set/Get the number of generations.

cbjectiveData

Set the objective data member on all individuals used by the genetic algorithm, This can be changed
during the course of an evolution,

objectiveFunction

Set the objective function on all individuals used by the genetic algorithm. This can be changed during
the course of an evolution.
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parameters

Returns a reference to a parameter list containing the current values of the genetic algorithm
parameters.

parameters (GAParamsterList&)

Set the parameters for the genetic algorithm. To use this member function you must create a parameter
list (an array of name-value pairs) then pass it to the genetic algorithm.

parameters (int& argc, char** argv, GABcolean flag = gaFalae)

Set the parameters for the genetic algorithm, Use this member function to let the genetic algorithm
parse your command line for arguments that GAlib understands. This method decrements argc and
moves the pointers in argv appropriately to remove from the list the arguments that it understands. If
you pass gaTrue as the third argument then the method will complain about any command-line
arguments that are not recognized by this genetic algorithm.

parameters (char* filename, GABoolean flag = gaFalase}
parameters(istreams&, GABcolean flag = gaFalase)

Set the parameters for the genetic algorithm. This version of the parameters member function will parse
the specified file or stream for parameters that the genetic algorithm understands. If you pass gaTrue as
the second argument then the method will complain about any parameters that are not recognized by
this genetic algorithm,

pConvergence

Set/Get the convergence percentage. The convergence is defined as the ratio of the Nth previous best-
of-generation score to the current best-of-generation score. N is defined by the nConvergence member
function.

PC rogsovear

Set/Get the crossover probability.

pMutation

Set/Get the mutation probability.

population

Set/Get the population. Returns a reference to the current population.
populationg8ize

Set/Get the population size. This can be changed during the course of an evolution.
recordDilversity

Convenience function for specifying whether or not to calculate diversity. Since diversity calculations
require comparison of each individual with every other, recording this statistic can be expensive. The
default is gaFalse (diversity is not recorded).

reglsterDefaul tParameters

Each genetic algorithm defines this member function to declare the parameters that work with it. Pass a
parameter list to this function and this function will configure the list with the default parameter list and
values for the genetic algorithm class from which you called it. This is a statically defined function, so
invoke it using the class name of the genetic algorithm whose parameters you want to use, for example,
GASimpleGA::registerDefaultParameters(list). The default parameters for the base genetic algorithm
class are:
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flushFrequency plonvergencs sooreFilenams
minimazxi plrogsover sooreFragquency
nBestGenomes pMutation selacbScores
nGensrations populationsize
nlonvergence recordDiversity

gcaling

Set/Get the scaling scheme. The specified scaling scheme must be derived from the GAScalingScheme
class. This can be changed during the course of an evolution.

scoreFilename
Specify the name of the file to which the scores should be recorded.
gcoreFregquency

Specify how often the generational scores should be recorded. The default depends on the type of
genetic algorithm that you are using. You can record mean, max, min, stddev, and diversity for every
n generations.

gelector

Set/Get the selection scheme for the genetic algorithm. The selector is used to pick individuals from a
population before mating and mutation occur. This can be changed during the course of an evolution.

gelectScores

This function is used to specify which scores should be saved to disk. The argument is the logical OR of
the following values: Mean, Maximum, Minimum, Deviation, Diversity (all defined in the scope of the
GAStatistics object). To record all of the scores, pass GAStatistics:: AllScores. When written to file, the
format is as follows:

generation TAE mean TAEB max TAB win TABR deviation TAEBR diversity NEWLINE

set
Set individual parameters for the genetic algorithm. The

first argument should be the full- or short-name of the parameter you wish to set. The second argument
is the value to which you would like to set the parameter.

statistics

Returns a reference to the statistics object in the genetic algorithm. The statistics object maintains
information such as best, worst, mean, and standard deviation, and diversity of each generation as well
as a separate population with the best individuals ever encountered by the genetic algorithm.

step
Evolve the genetic algorithm for one generation.
terminator

Set/Get the termination function. The genetic algorithm is complete when the completion function
returns gaTrue. The function must have the proper signature.

userbData

Set/Get the userData member of the genetic algorithm. This member is a generic poiter to any
information that needs to be stored with the genetic algorithm.
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GADemeGA
{parallel populations with migration)

This genetic algorithm has multiple, independent populations. It creates the populations by cloning the
genome or population that you pass when you create it.

Each population evolves using a steady-state genetic algorithm, but each generation some individuals
migrate from one population to another. The migration algorithm is deterministic stepping-stone; each
population migrates a fixed number of its best individuals to its neighbor. The master population is
updated each generation with best individual from each population.

If you want to experiment with other migration methods, derive a new class from this one and define a
new migration operator. You can change the evolution behavior by defining a new step method in a
derived class.

see also: GAGeneticAlgorithm

class hierarchy
class GhDemeGa : public GAGeneticAlgorithm

typedefs and constants
enum | ALL= -1 };

constructors

GADemaGA (const GAGenomes)
GAaDemeGA (const GAPopulaticon&}
GADemaGA (const GADemeGA&)

member function index

static GAParameterlList& registerDefaultParametersz (GAParameterlLists);
void migrate(}

GADemeGA & operator++(}

conak GAPopulationg population{unsigned int i} const
const GARPopulation& populatien(int i, const GAPopulaticn&}
int population$ize(unsigned int 1} const

int population$ize(int i, unsigned int n}

int nReplacement {unsigned int i} const

int nReplacement{int i, unsigned int n}

int nMigration{) const

int nMigration{unsigned int i)

int nPopulations{) const

int nPopulations{unsigned int i}

const GAStatisticss statilstics() const

const GAStatisticssa statistics{unsigned int i} const

member function descriptions

nMigration

Specify the number of individuals to migrate each generation. Each population will migrate this many
of its best individuals to the next population (the stepping-stone migration model}. The individuals
replace the worst individuals in the receiving population.

nReplacement

Specify a number of individuals to replace each generation. When you specify a number of individuals
to replace, the pReplacement value is set to 0. The first argument specifies which population should be
modified. Use GADemeGA:ALL to apply to all populations.
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opearator++

The increment operator evolves the genetic algorithm's population by one generation by calling the
step member function.

pReplacement

Specify a percentage of the population to replace each generation. When you specify a replacement
percentage, the nReplacement value is set to 0. The first argument specifies which population should be
modified. Use GADemeGA:ALL to apply to all populations.

registerDefaultParameters

This function adds parameters to the specified list that are of interest to this genetic algorithm. The
default parameters for the deme genetic algorithm are the parameters for the base genetic algorithm
class plus the following:

nMigraticon
nPopulations
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GAlncrementalGA
{overiapping populations with 1 or 2 children per generation)

This genetic algorithm is similar to those based on the GENITOR model. It uses overlapping
populations, but very little overlap (only one or two individuals get replaced each generation). The
default replacement scheme is WORST. A replacement function is required only if you use CUSTOM or
CROWDING as the replacement scheme. You can do DeJong-style crowding by specifying a distance
function with the CROWDING option. (for best DeJong-style results, derive your own genetic
algorithm)

You can specify the number of children that are generated in each "generation’ by using the nOffspring
member function. Since this genetic algorithm is based on a two-parent crossover model, the number of
offspring must be either 1 or 2. The default is 2.

Use the replacement method to specify which type of replacement the genetic algorithm should use.
The replacement strategy determines how the new children will be inserted into the population. If you
want the new child to replace one of its parents, use the Parent strategy. If you want the child to replace
a random population member, use the Random strategy. If you want the child to replace the worst
population member, use the Worst strategy.

If you specify CUSTOM or CROWDING you must also specify a replacement function with the proper
signature. This function is used to pick which genome will be replaced. The first arcument passed to the
replacement function is the individual that is supposed to go into the population. The second argument
is the population into which the individual is supposed to go. The replacement function should return a
reference to the genome that the individual should replace. If no replacement should take place, the
replacement function should return a reference to the individual.

The score frequency for this genetic algorithm defaults to 100 (it records the best-of-generation every
100th generation). The default scaling is Linear, the default selection is RouletteWheel.

see also: GAGeneticAlgorithm

class hierarc hy
mlazss GAIncrementalGd : public GAGenetichlgorithm

typedefs and constants

GAdenomes (*GAIncrementalGh::ReplacementFunction} (GAGenome &, GAPopulation &)
enum ReplacementScheme {

RANDOM = GAPopulation: :RANDOM,

BEST = GAPopulation::BEST,

WORET = GAPopulation::WORST,

CUSTOM = -30,
CROWDING = -30,
PARENT = -10
|
constructors

GalncrementalGA (const GAGenomesk!}
GAaIncrementalGa (const GAPopulationé)
GAIncrementalGA (const GAIncrementalGAk)

member function index

static GAParameterlist& registerDefaultParameterz (GAParameterlists)
GASteadyStateGA & operator++{}

ReplacementScheme replacement ()

ReplacementScheme replacement (ReplacementScheme, ReplacementFunction £ = HULL})
int nOffspring() const
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int nOffspring{unsigned int n)
member function descriptions

nOffspring

The incremental genetic algorithm can produce either one or two individuals each generation. Use this
member function to specify how many individuals you would like.

operator++

The increment operator evolves the genetic algorithm's population by one generation by calling the
step member function.

reglsterDefaul tParameters

This function adds to the specified list parameters that are of interest to this genetic algorithm. The
default parameters for the incremental genetic algorithm are the parameters for the base genetic
algorithm class plus the following: noffspring

replacement

Specify a replacement method. The scheme can be one of:

GAIncremental Gh: : BANDOM GAIncrementalGd: :BEST GAIncrementaldd . : CUSTOM
GAIncremental Gh: : PARENT GAIncremental G : :WORST GAIncrementaldd . : CROWDING

If you specify custom or crowding replacement then you must also specify a function. The replacement
function takes two arguments: the individual to insert and the population into which it will be inserted.
The replacement function should return a reference to the genome that should be replaced. If no
replacement should take place, the replacement function should return a reference to the individual
passed to it.
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GASimpleGA
{non-overlapping populations)

This genetic algorithm is the 'simple’ genetic algorithm that Goldberg describes in his book. It uses non-
overlapping populations. When you create a simple genetic algorithm, you must specify either an
individual or a population of individuals. The new genetic algorithm will clone the individual(s) that
you specify to make its own population. You can change most of the genetic algorithm behaviors after
creation and during the course of the evolution.

The simple genetic algorithm creates an initial population by cloning the individual or population you
pass when you create it. Each generation the algorithm creates an entirely new population of
individuals by selecting from the previous population then mating to produce the new offspring for the
new population. This process continues until the stopping criteria are met (determined by the
terminator).

Elitism is optional. By default, elitism is on, meaning that the best individual from each generation is
carried over to the next generation. To turn off elitism, pass gaFalse to the elitist member function.

The score frequency for this genetic algorithm defaults to 1 (it records the best-of-generation every
generation). The default scaling is Linear, the default selection is RouletteWheel.

class hierarc hy
mlass GASimpleGd : public GAGeneticAlgorichm

constructors

GASimpleGA (comst GAGenomes})
GASimpleGh (const GAPopulationg)
GagimpleGA (const GASimpleGAL})

member function index

static GAParameterlist& registerDefaultParameterz (GAParameterlists)
GASimpleGh & operator++{}

GABcolean elitist() const

d3ABonlean elitiat (GABoolean flaq)

member function descriptions

alitist

Set/Get the elitism flag. If you specify gaTrue, the genetic algorithm will copy the best individual from
the previous population into the current population if no individual in the current population is any
better.

opearator++

The increment operator evolves the genetic algorithm's population by one generation by calling the
step member function.

registerDefaultParameters

This function adds to the specified list parameters that are of interest to this genetic algorithm. The
default parameters for the simple genetic algorithm are the parameters for the base genetic algorithm
class plus the following: elitiem
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GASteadyStateGA
{overiapping populations)

This genetic algorithm is similar to the algorithms described by DeJong. It uses overlapping populations
with a user-specifiable amount of overlap. The algorithm creates a population of individuals by cloning
the genome or population that you pass when you create it. Each generation the algorithm creates a
temporary population of individuals, adds these to the previous population, then removes the worst
individuals in order to return the population to its original size.

You can select the amount of overlap between generations by specifying the pReplacement parameter.
This is the percentage of the population that should be replaced each generation. Newly generated
offspring are added to the population, then the worst individuals are destroyed (so the new offspring
may or may not make it into the population, depending on whether they are better than the worst in
the population).

If you specify a replacement percentage, then that percentage of the population will be replaced each
generation. Alternatively, you can specify a number of individuals (less than the number in the
population) to replace each generation. You cannot specify both - in a parameter list containing both
parameters, the latter is used.

The score frequency for this genetic algorithm defaults to 100 (it records the best-of-generation every
100th generation). The default scaling is Linear, the default selection is RouletteWheel.
see also: GAGeneticAlgorithm

class hierarchy
class GhSteadyEtateGA : public GAGenetichlgorithm

constructors

GhSteadystateBa (const GAGenomek}
GASteadyStateGh (const GAPopulationé)
GASteadyStateGh (const GASteadvitateGhs)

member function index

static GAParameterliszts registerDefaultParameters (GhParameterlLisks)
GASteadyStateGA & operator++{}

float pReplacement(} const

float pReplacement (float percentage)

int nReplacemsent{) const

int nReplacement {unsigned ink)

member function descriptions

nReplacement

Specify a number of individuals to replace each generation. When you specify a number of individuals
to replace, the pReplacement value is set to 0.

opearator++

The increment operator evolves the genetic algorithm's population by one generation by calling the
step member function.

pReplacement

Specify a percentage of the population to replace each generation. When you specify a replacement
percentage, the nReplacement value is set to 0.
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reglsterDefaul tParameters

This function adds to the specified list parameters that are of interest to this genetic algorithm. The
default parameters for the steady-state genetic algorithm are the parameters for the base genetic
algorithm class plus the following;:

pREeplacement
nEeplacement
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Terminators

Completion functions are used to determine whether or not a genetic algorithm is finished. The done
member function simply calls the completion function to determine whether or not the genetic
algorithm should continue. The predefined completion functions use generation and convergence to
determine whether or not the genetic algorithm is finished.

The completion function returns gaTrue when the genetic algorithm should finish, and gaFalse when
the genetic algorithm should continue.

In this context, convergence refers to the the similarity of the objective scores, not similarity of
underlying genetic structure. The built-in convergence measures use the best-of-generation scores to
determine whether or not the genetic algorithm has plateaued.

GABoolean GAGenetichlgorithm: :TerminatelUponGenerabion{GhGenetichlgorithm &)
GABoolean GAGeneticAlgorithm: :TerminateUponConvergence{GhGeneticalgorithm &)
GARBoolean GAGeneticAlgorithm: :TerminateUponPoplonvergence (GAGeneticAlgorithm &}

TerminateUponGeneration

This function compares the current generation to the specified number of generations. If the current
generation is less than the requested number of generations, it returns gaFalse. Otherwise, it returns
galrue,

TerminateUponCeonvergence

This function compares the current convergence to the specified convergence value. If the current
convergence is less than the requested convergence, it returns gaFalse. Otherwise, it returns gaTrue.

Convergence is a number between 0 and 1. A convergence of 1 means that the nth previous best-of-
generation is equal to the current best-of-generation. When you use convergence as a stopping criterion
you must specify the convergence percentage and you may specify the number of previous generations
against which to compare. The genetic algorithm will always run at least this many generations.

TerminateUponPopConvergenca

This function compares the population average to the score of the best individual in the population. If
the population average is within pConvergence of the best individual's score, it returns gaTrue.
Otherwise, it returns gaFalse,

For details about how to write your own termination function, see the customizations section.
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Replacement Schemes

The replacement scheme is used by the incremental genetic algorithm to determine how a new
individual should be inserted into a population. Valid replacement schemes include:

GAIncremental Gh: : BANDOM GAIncrementaldd:  CUSTOM
GAaIncrementalGh: :BEST GhlncrementalGa: : CROWDING
GAaIncrementalGh: :WORST GAhIncrementalGa: : PARENT

In general, replace worst produces the best results. Replace parent is useful for basic speciation, and
custom replacement can be used when you want to do your own type of speciation.

If you specify CUSTOM or CROWDING replacement then you must also specify a replacement function.
The replacement function takes as arguments an individual and the population inte which the
individual should be placed. It returns a reference to the genome that the individual should replace. If
the individual should not be inserted into the population, the function should return a reference to the
individual.

Any replacement function must have the following function prototype:
cvpedef GhGenomes (*GAIncrementalGih::ReplacementFunction) {GAGenome &, GAPopulation &)

The first argument is the genome that will be inserted into the population, the second argument is the
population into which the genome should be inserted. The function should return a reference to the
genome that will be replaced. If no replacement occurs, the function should return a reference to the
original genome.

For details about how to write your own replacement function, see the customizations section.
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GAGenome

The genome is a virtual base class and cannot be instantiated. It defines a number of constants and
function prototypes specific to the genome and its derived classes.

The dimension is used to specify which dimension is being referred to in multi-dimensional genomes.
The clone method specifies whether to clone the entire genome (a new genome with contents identical to
the original will be created) or just the attributes of the genome (a new genome with identcal
characteristics will be created). In both cases the caller is responsible for deleting the memory allocated
by the clone member function. The resize constants are used when specifying a resizable genome's
resize behavior.

The genetic operators for genomes are functions that take generic genomes as their arguments. This
makes it possible to define new behaviors for existing genome classes without deriving a new class.

class hierarchy
class GhGenome : public GAID

typedefs and constants

enum GAGencme: :Dimension | LENGTH, WIDTH, HEIGHT, DEPTH |}

enum GAGencome: :CloneMethod | CONTENTS, ATTRIBUTES }

enum { FIXED SIZE = -1, ANY SIZE = -10 }

float (*GAGenome::Evaluator) (GAGenome &)

void (*GAGenome::Initializer) (GAGencome &)

int {*GAGenome::Mutator) {GAGenome &%, float)

float (*GAGenome;:Comparator} (const GAGencme &, const GAGenomes)

int {*GAGenome::S8Sexuallrossover) (const GRAGenome&, const GAGencome&, GAGenomer, GAGenome*);
int {*GAGenome::AsexualCrogsover) (const GAGenomes, GAdZenomevr) ;

member function index

virtual void copy (const GAGenome & o}

virtual GAGenome * e¢lone {CloneMethod flag = CONTENTS)

float score {} const

float score (float s}

int nevals()

float evaluate{GABoolean flag = gaFalse) const

GAGenoms: :Evaluator evaluator() const

GAGenoms: :Evaluator evaluator (GAGenome: :Evaluator func)
void initialize()

GAGenomelInitializer initializer() const
GhGenomeInitializer initializer {GAGenome::Initializer func)
int mutate(flocat pmutation)

GAGenome: :Mutator mutator ()} const

GAGenome : :Mutator matator (GAGenome: :Mutator func)

floabk compare (const GAGenomes: g} const

GAGenome: :Comparator comparatori{) const

GAGenome: :Comparator comparator {GAGenome::Comparator <)
GAGenome: : SexualCrossover crogsovar (GAGencme: :SexuallCrossover )
GAGenoms : : Sexuallrossover sexual()
GAGenome : : Asexuallrogssover crosgsover (GAGenome: :AsexuallCroscsover f}
GAGenoms : : Asexuallrossover aszexual ()

GAGeneticAlgorithm * geneticAlgorithm(} const
GhGenetichlgorithm * geneticAlgorithm{GAGenetichlgorithm &)
void * userData(} const

void * userData(void * data)

3AEvalData * evalData{) const

GAEvalData * evalData{void * data)

virtual int read{istream &}

virtual int write (ostream &) const
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virtual int equal (const GAGencome &) const
virtual int notequal (const GAGencme &) const

These operators call the corresponding virtual members so that they will work on any properly
derived genome class.

int operator=={const GAGenowek, const GAGenomek)
int operator!={const GAGenowek, const GAGenomek)
oebream & operator<« (osbreams, const GAGenomes)
izbkream & operators:>(istreams, GAGenomes)

member function descriptions

¢lone

This method allocates space for a new genome whereas the copy method uses the space of the genome
to which it belongs.

compara

Compare two genomes. The comparison can be genotype- or phenotype-based. The comparison returns
a value greater than or equal to 0. 0 means the two genomes are identical {no diversity). The exact
meaning of the comparison is up to you.

comparater

Set/Get the comparison method. The comparator must have the correct signature.

COPY

The copy member function is called by the base class' operator= and clone members. You can use it to
copy the contents of a genome into an existing genome,

crossovelr

Each genome class can define its preferred mating method. Use this method to assign the preferred
crossover for a genome instance.

agqual
notegqual

‘equal’ and 'notequal’ are genome-specific. See the documentation for each genome class for specific
details about what 'equal' means. For example, genomes that have identical contents but different allele
sets may or may not be considered equal. By default, notequal just calls the equal function, but you can
override this in derived classes if you need to optimize the comparison.

avalData

Set/Get the object used to store genome-specific evaluation data. Each genome owns its own evaluation
data object; cloning a genome clones the evaluation data as well.

evaluate

Invoke the genome's evaluation function. If you call this member with gaTrue, the evaluation function
is called no matter what (assuming one has been assigned to the genome). By default, the argument to
this function is gaFalse, so the genome's evaluation function is called only if the state of the genome has
not changed since the last time the evaluator was invoked.

evaluator

Set/Get the function used to evaluate the genome.
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geneticAlgorithm

The member function returns a pointer to the genetic algorithm that 'owns' the genome. If this function
returns nil then the genome has no genetic algorithm owner.

initialize

Calls the initialization function for the genome.

initializer

Set/Get the initialization method. The initializer must have the correct signature.
matate

Calls the mutation method for the genome. The value is typically the mutation likliehood, but the exact
interpretation of this value is up to the designer of the mutation method.

mutator

Set/Get the mutation method. The mutator must have the correct signature.

nevals

Returns the number of objective function evaluations since the genome was indtialized.

cperator== cperatorl=
operator«<< operators>>

These methods call the associated virtual member functions. They can be used on any generic genome.
If the derived class was properly defined, the appropriate derived functions will be called and the
functions will operate on the derived classes rather than the base class.

read
Fill the genome with the data read from the specified stream. sexual
asexual

Returns a pointer to the preferred mating method for this genome. If this function returns nil, no mating
method has been defined for the genome. The genetic algorithm object has ultimate control over the
mating method that is actually used in the evolution.

sacora

Returns the objective score of the genome using the objective function assigned to the genome. If no
objective function has been assigned and no score has been set, a score of 0 will be returned. If the score
function is called with an argument, the genome's objective score is set to that value (useful for
population-based objective functions in which the population object does the evaluations).

userbData

Each genome contains a generic pointer to user-specifiable data. Use this member function to set/ get
that pointer. Notice that cloning a genome will cause the cloned genome to refer to the same user data
pointer as the original; the user data is not cloned as well. So all genomes in a population refer to the
same user data.

write

Send the contents of the genome to the specified stream.
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GA1DArrayGenome<T>

The 1D array genome is a generic, resizable array of objects. It is a template class derived from the
GAGenome class as well as the GA Array<> class.

Each element in the array is a gene. The values of the genes are determines by the type of the genome.
For example, an array of ints may have integer values whereas an array of doubles may have floating
point values.

see also: GAArray, GAGenome

class hierarc hy
mlass GAlDArrayGencme<Ts= : public GALrray<T=, public GAGenome

constructors

GAlDArrayGenome (Uunsigned int length, GAGenome: :Evaluabtor objective = NULL, void * uzerData
= NULL;
GalDArrayQdenoma (const GARLDArrayGenome<Ts> &)

member function index

const T & gene (unsigned int x=0} const

T & gene (unsigned int x=0)

T & gene (unsigned int X, const T& value) const

T & operator[] {(unzigned inkt 2} const

T & operator[] {(unzigned ink )

int length{} const

int lengthi{int 1}

int resizal{int x}

int resizeBehaviour{) const

ink resigzeBehaviour {unsigned int minx, unsigned ink maxx)

void copy {consk GAlDArrayGenome<T»& original, unsigned int dest, unsigned int sre,
unsigned int length}

vold swap{unsigned int xl1, unsigned int x2)
member function descriptions

copy

Copy the specified bits from the designated genome.
gene

Set/Get the specified element.

length

Set/Get the length.

reglze

Set the length.

reglzeBehaviour

Set/Get the resize behavior. The min value specifies the minimum allowable length, the max value
specifies the maximum allowable length. If min and max are equal, the genome is not resizable.

Use the resizeBehaviour and resize member functions to control the size of the genome. The default
behavior is fixed size. Using the resizeBehaviour method you can specify minimum and maximum
values for the size of the genome. If you specify minimum and maximum as the same values then fixed
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size 1s assumed. If you use the resize method to specify a size that is outside the bounds set earlier using
resizeBehaviour, the bounds will be 'stretched’ to accommodate the value you specify with resize,
Conversely, if the values you specify with resizeBehaviour conflict with the genome's current size, the
genome will be resized to accommodate the new values.

When resizeBehaviour is called with no arguments, it returns the maximum size if the genome is
resizable, or GAGenome::FIXED_SIZE if the size is fixed.

swap

Swap the specified elements.

genetic operators for this class

GAlDArrayGenome<>: : SwapMutator
GA1DArrayGenomess: :ElementComparator
GAlDArrayGenome<s: :UniformCrogsover
GAlDArrayGenome<s: : EventddCrossover
GRLDATTayGenome«»: :OnebPointCrossover
GRLDATrTayGenome«»: : TwoPointCrossover
GARLDATTaYGenome« »: : PartialMatchCrossover
GAlDArrayGencme«:s: : OrderCrossover
GAlDArrayGenome«:s: : Cyclelrossover

default genetic operators for this class

initialization: GAGenome: :NoInitizlizer
connpaﬁson: GAlDArrayGenomess: :ElementComparator
mutation: GARI1DArrayGenome<s>: : SwapMutator
Crossover: GA1DAYrayGenome«»: s dnePolntlrogssover
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GA1DArrayAlleleGenome<T>

The one-dimensional array allele genome is derived from the one-dimensional array genome class. It
shares the same behaviors, but adds the features of allele sets. The value assumed by each element in
an array allele genome depends upon the allele set specified for that element. In the simplest case, you
can create a single allele set which defines the possible values for any element in the array. More
complicated examples can have a different allele set for each element in the array.

If you create the genome with a single allele set, the genome will have a length that you specify and
the allele set will be used for the mapping of each element. If you create the genome using an array of
allele sets, the genome will have a length equal to the number of allele sets in the array and each
element of the array will be mapped using the corresponding allele set.

When you define an allele set for an array genome, the genome makes its own copy. Subsequent clones
of this genome will refer to the original genome's allele set (allele sets do reference counting).

see also: GAArray, GA1DArrayGenome, GAAlleleSet, GAAlleleSetArray

class hierarchy
mlass GAlDArrayihlleleGenome«zT> : public GAArrayGencome<T:

constructors

GAlDArrayilleleGenome {unsigned int length, const GAAlleleSet«Tr& alleleset,
GAGencome: :Bvaluator objective = NULL, wold * userData = NULL}

GAlDArrayAllelaGanome {const GARllelefetArray<T>& allelesets, GAGenome::BEvaluator objective
= NULL, wvoid * userData = NULL)

GAlDArrayilleleGenome {const GAlDArrayAlleleGenome<T>&)

member function index

congt GAAlleleSet«T»& alleleset{unsigned int i = 0} const
member function descriptions

alleleset

Returns a reference to the allele set for the specified gene. If the genome was created using a single
allele set, the allele set will be the same for every gene. If the genome was created using an allele set
array, each gene may have a different allele set.

genetic operators for this class

G3A1DArravAllel eGenome<s: :UniformInitializer
G3A1DArravAllel eGenome<s: : OrderedInitializer
GA1DArravAllel eGenome<s: : FlipMutabor

default genetic operators for this class

initialization: GARlDArrayvAlleleGenome<s: :UniformInitializer
CO]l‘Lparison; GA1DArray@enome«=: :ElementComparator
mutation: GAlDArTrayalleleGenome==:: FlipMutator
Crossover: GA1DArrayGenome«:>: : OnePointCrossover
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GA2DArrayGenome<T>

The two-dimensional array genome is a generic, resizable array of objects. It is a template class derived
from the GAGenome class as well as the GAArray<> class.

Each element in the array is a gene. The values of the genes are determines by the type of the genome.
For example, an array of ints may have integer values whereas an array of doubles may have floating
point values.

see also: GAArray, GAGenome

class hierarc hy
mlass GAZDArrayGencme«<Ts= : public GALrray<T=, public GAGenome

constructors

GA2DArrayGenome (Uunsigned int width, unsigned int height, GAGenome: :Evaluator objecbkive =
NULL, wvoid * userData = NULL}

GAa2DArrayQdenoma (const GAZDArrayGenome<Ts> &)

member function index

const T & gene{unsigned int x, unsigned int y} const

T & gene (unsigned int X, unsigned int ¥)

T & gena (unsigned int x, unsigned int ¥, const T& value)

int width{} const

int width{int w)

int height{} const

int height{int h}

int resizel{int x, int v}

int resizeBehaviour {GADimension which) const

ink resigzeBehaviour {GhDimension which, unsigned int min, unsigned int max)

int resigzeBehaviour {unsigned int minx, unsigned int maxx, unsigned int miny, unsigned int
maxy}

void copy{const GR2DArrayGenome«<T=& original, unsigned int xdest, unsigned int ydest,
unsigned ink xsreo, unsigned int vsre, unsigned int width, unsigned int height}

void swap (unsigned int 21, unsigned int y1, unsigned ink 22, unsigned int y2)
member function descriptions

COPY

Copy the specified bits from the designated genome.
gene

Set/Get the specified element.

height

Set/Get the height.

resize

Change the size to the specified dimensions.
resizeBehaviour

Set/Get the resize behavior. The min value specifies the minimum allowable length, the max value
specifies the maximum allowable length. If min and max are equal, the genome is not resizable.
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Use the resizeBehaviour and resize member functions to control the size of the genome. The default
behavior is fixed size. Using the resizeBehaviour method you can specify minimum and maximum
values for the size of the genome. If you specify minimum and maximum as the same values then fixed
size is assumed. If you use the resize method to specify a size that is outside the bounds set earlier using
resizeBehaviour, the bounds will be 'stretched' to accommodate the value you specify with resize.
Conversely, if the values you specify with resizeBehaviour conflict with the genome's current size, the
genome will be resized to accommodate the new values.

When resizeBehaviour is called with no arguments, it returns the maximum size if the genome is
resizable, or GAGenome::FIXED_SIZE if the size is fixed.

The resizeBehaviour function works similarly to that of the 1D array genome. In this case, however, you
must also specify for which dimension you are setting the resize behavior. When resizeBehaviour is
called with no arguments, it returns the maximum size if the genome is resizable, or gaNoResize if the
size is fixed.

swap
Swap the specified elements.
width

Set/Get the width.

genetic operators for this class

GAZDArrayGenome<>: : SwapMutator
GAZDArrayGenome«»>: : ElementComparator
GAZDArrayGenome«»: :Uniformirossover
GAZDArravGenomes s : : BvendddCrosaover
GAZDArrayGenomess: :CnePoinkCrossover

default genetic operators for this class

initialization: GAGenome::Nolnitializer
CO]l‘Lparison; GA2DArray@enome«=: :ElementComparator
mutation: GAZDArrayGenome«>: : SwapMutator
CrOSSOVer: GAZDArrayGenome«:>: : OnePointCrossover
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GA2DArrayAlleleGenome<T>

The two-dimensional array allele genome is derived from the two-dimensional array genome class. It
shares the same behaviors, but adds the features of allele sets. The value assumed by each element in
an array allele genome depends upon the allele set specified for that element. In the simplest case, you
can create a single allele set which defines the possible values for any element in the array. More
complicated examples can have a different allele set for each element in the array.

The genome will have width and height that you specify and the allele set will be used for the
mapping of each element. When you define an allele set for an array genome, the genome makes its
own copy. Subsequent clones of this genome will refer to the original genome's allele set (allele sets do
reference counting).

If you create a genome using an allele set array, the array of alleles will be mapped to the bwo
dimensions in the order width-then-height.

see also: GAArray, GA2ZDArrayGenome, GAAlleleSet, GAAlleleSetArray

class hierarchy
mlass GAlDArrayihlleleGenome«zT> : public GAArrayGencome<T:

constructors

GA2DArrayilleleGenome {unsigned ink width, unsigned ink height, GAAlleleSet«T»& alleles,
GAGencome: :Bvaluator objective = NULL, wold * userData = NULL}

GAa2DArrayAlleleGanome {unsigned int width, unsigned int height, GRAlleleSethArray«T»&
allelecats, GAGenome::Evaluakor objective = HULL, woid * userData = NULL}

GA2DArrayilleleGenome {const GA2DArrayAlleleGenome«<T:> &)

member function index

congt GAAlleleSetb«T»& alleleset{unsigned ink i = 0, unsigned int 3 = 0) const
member function descriptions

alleleset

Returns a reference to the allele set for the specified gene. If the genome was created using a single
allele set, the allele set will be the same for every gene. If the genome was created using an allele set
array, each gene may have a different allele set.

genetic operators for this class

GAZDArravAllel eGenome<s: :UniformInitializer
GAZDArravAllel eGenome<s: : FlipMutabor

default genetic operators for this class

initialization: GAR2DArrayvAlleleGenome<s: :UniformInitializer
CO]l‘Lparison; GA2DArray@enome«=: :ElementComparator
mutation: GAZDArYrayiAlleledenomess: :FlipMutator
CrOSSOVer: GAZDArrayGenome«:>: : OnePointCrossover
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GA3DArrayGenome<T>

The three-dimensional array genome is a generic, resizable array of objects. It is a template class
derived from the GAGenome class as well as the GA Array<> class.

Each element in the array is a gene. The values of the genes are determines by the type of the genome.
For example, an array of ints may have integer values whereas an array of doubles may have floating
point values.

see also: GAArray, GAGenome

class hierarc hy
mlass GAIDArrayGencme<Ts= : public GALrray<T=, public GAGenome

constructors
GA3DArrayGenome (Uunsigned int width, unsigned int height, unsigned int depth,
GAdenoms : : Evaluator objective = NULL, wvoid * userData = HULL}
GAa3DArray@denoma (const GA3DArrayGencome<Ts&}

member function index

const T & gene(unsigned int x, unsigned int vy, unsigned int z) const

T & gena (unsigned int x, unsigned int ¥, unsigned int z}

T & gena (unsigned int =, unsigned int y, unsigned int z, const T& value)
int width{} const

int width{int w)

int height{} const

int height{int h}

int depthi{) const

int depthi{int 4}

ink resize{int =, int vy, int z}

int resizeBehaviour (GADimension which) const

ink resigzeBehaviour {GhDimension which, unsigned int min, unsigned int max)

int resizeBashaviour {unsigned int minx, unsigned int maxx, unsigned int winy, unsigned int
maxy, unsigned int minz, unsigned int maxz)

void copy {consk GA3DArrayGenome<T=& original, unsigned int xdest, unsgigned int ydest,
unsigned ink zdest, unsigned ink xere, unsigned ink ysre, unsigned inke zZsre,
unsigned int width, unsigned int height, unsigned int depth)

vold swap{unsigned int xl1, unsigned int ¥l, unsigned int zl, unsigned int x2, unsigned int
v2, unsigned int z2}

member function descriptions

copY

Copy the specified bits from the designated genome.
depth

Set/Get the depth.

gene

Set/Get the specified element.

height

Set/Get the height.

resize

Change the size to the specified dimensions.
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reglzeBehaviocur

Set/Get the resize behavior. The min value specifies the minimum allowable length, the max value
specifies the maximum allowable length. If min and max are equal, the genome is not resizable.

Use the resizeBehaviour and resize member functions to control the size of the genome. The default
behavior is fixed size. Using the resizeBehaviour method you can specify minimum and maximum
values for the size of the genome. If you specify minimum and maximum as the same values then fixed
size is assumed. If you use the resize method to specify a size that is outside the bounds set earlier using
resizeBehaviour, the bounds will be 'stretched' to accommodate the value you specify with resize.
Conversely, if the values you specify with resizeBehaviour conflict with the genome's current size, the
genome will be resized to accommodate the new values.

When resizeBehaviour is called with no arguments, it returns the maximum size if the genome is
resizable, or GAGenome::FIXED_SIZE if the size is fixed.

The resizeBehaviour function works similarly to that of the 1D array genome. In this case, however, you
must also specify for which dimension you are setting the resize behavior. When resizeBehaviour is
called with no arguments, it returns the maximum size if the genome is resizable, or gaNoResize if the
size is fixed.

swap
Swap the specified elements.
width

Set/Get the width.

genetic operators for this class

GAIDArrayGencmess: : SwapMutator

GAIDArrayGenomess: :ElementComparator
GA3DArrayGenome«»: :Uniformirossover
GA3IDArrayGenome«»: : BEvendddCrossover
GA3DArrayGenome«»: :dnePolntlrossover

default genetic operators

initialization: GAGenome: :NoInitializer

Coquaﬁson: GA3IDArrayGenome«s: : ElemencComparator
mutation: GA3DArrayGenome<:: : SwapMutator
CrOSSOVer: GA3IDArrayGencme«»: :OnePolntCrossover

GAIib Version 2.4, Document Revision B 46 19-Aug-96



Programming Interface: GA3DArray AlleleGenome<T>

GA3DArrayAlleleGenome<T>

The three-dimensional array allele genome is derived from the three-dimensional array genome class. It
shares the same behaviors, but adds the features of allele sets. The value assumed by each element in
an array allele genome depends upon the allele set specified for that element. In the simplest case, you
can create a single allele set which defines the possible values for any element in the array. More
complicated examples can have a different allele set for each element in the array.

The genome will have width, height, and depth that you specify and the allele set will be used for the
mapping of each element. When you define an allele set for an array genome, the genome makes its
own copy. Subsequent clones of this genome will refer to the original genome's allele set (allele sets do
reference counting).

If you create a genome using an allele set array, the array of alleles will be mapped to the three
dimensions in the order width-then-height-then-depth.

see also: GAArray, GA3DArrayGenome, GAAlleleSet, GAAlleleSetArray

class hierarchy
mlass GAlDArrayihlleleGenome«zT> : public GAArrayGencome<T:

constructors

GA3DArrayilleleGenome {unsigned int width, unsigned ink height, unsigned int depth,
GARlleleSet<T=& alleleg, GRGenome::BEwvaluator objective = NULL, wvoid * userData =
NULL}

GA3DArrayilleleGenome {unsigned int width, unsigned ink height, unsigned int depth,
GARlleleSet<T=& alleleg, GRGenome::BEwvaluator objective = NULL, wvoid * userData =
NULL}

GA3DArrayilleleGenome {const GA3DArrayAlleleGenome«<T:> &)

member function index

congt GAAlleleSet«T»& alleleset{unsigned int i = 0, unsigned int 3 = 0, unsigned int k =
0) const

member function descriptions

alleleset

Returns a reference to the allele set for the specified gene. If the genome was created using a single
allele set, the allele set will be the same for every gene. If the genome was created using an allele set
array, each gene may have a different allele set.

genetic operators for this class
GA3DArravAllel eGenome<s: :UniformInitializer

GA3DArravAllel eGenome<s: : FlipMutabor

default genetic operators for this class

initialization: GA3DArrayAlleleGenome<s: :UniformInitializer
CO]l‘Lparison; GA3DArrayGenome«=: :ElementComparator
mutation: GA3DAYravaAlleledGenomess: :FlipMutator
CrOSSOVer: GA3DArrayGenome«:>: : OnePointCrossover
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GA1DBinaryStringGenome

The binary string genome is derived from the GABinaryString and GAGenome classes. It is a string of
1s and 0s whose length may be fixed or variable. The genes in this genomes are bits. The alleles for
each bit are 0 and 1.

see also: GABinaryString
see also: GAGenomte

class hierarchy
=lass GAlDBinarvStringGenome : publie GABinaryString, public GAGenome

constructors

GAlDEinarysStringGenome (unsigned int 2, GhGenowme::Evaluator objective = HULL, woid *
userData = NULL)

GalDBinarystringdenoma (const GRIDBinaryStringGenomesk)

member function index

short gene (unsigned int x = 0} const
short gene (unsigned int, short valus}
int length{} const

{

int length{int 1}

int resizelint =x}

int resizeBehaviouri{) const

int resizeBahaviour {unsigned int minx, unsigned int maxx)

void copy {consk GAIDBinaryStringGenome &, ungigned int xdest, unsigned int xegre, unsigned
int length;

vold set (unsigned int x, unsigned int length)
vold unset (unsigned int x, unsigned int length)

member function descriptions

copy
Copy the specified bits from the designated genome.
gene

Set/Get the specified bit.

length

Set/Get the length of the bit string.

resize

Set the length of the bit string.

resizeBehaviour

Set/Get the resize behavior. The min value specifies the minimum allowable length, the max value
specifies the maximum allowable length. If min and max are equal, the genome is not resizable.

Use the resizeBehaviour and resize member functions to control the size of the genome. The default
behavior is fixed size. Using the resizeBehaviour method you can specify minimum and maximum
values for the size of the genome. If you specify minimum and maximum as the same values then fixed
size is assumed. If you use the resize method to specify a size that is outside the bounds set earlier using
resizeBehaviour, the bounds will be 'stretched' to accommodate the value you specify with resize.
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Conversely, if the values you specify with resizeBehaviour conflict with the genome's current size, the
genome will be resized to accommodate the new values.

When resizeBehaviour is called with no arguments, it returns the maximum size if the genome is
resizable, or GAGenome::FIXED_SIZE if the size is fixed.

set
unsget

Set/Unset the bits in the specified range. If you specify a range that is not represented by the genome,
the range that you specified will be clipped to fit the genome.

genetic operators for this class

GAlDBinaryStringGenome: :UniformInitializer
GAlDBinaryStringGenome:::Setlnitializer
GAlDBinaryStringGenome: :Unsetlnitializer
GAI1DBinaryStringGenome: :FlipMutator
GAI1DBinarysStringGenome: :BieComparator
GAI1DBinarysSeringGenomes : :UniformCrogssovear
GAlDBinaryStringGenome: : EvendddCrogsover
GAlDBinaryStringGenome: :OnePointlrossover
GAlDBinaryStringGenome: : TwoPointlrogsover

default genetic operators for this class

initialization: GAlDBinaryStringGenome: :UniformInitializer

COHHQ&HSOH: GA1DBinarySeringGenome: : BitComparator
mutation: GA1DBinarySeringGenome: : FlipMukaktor
CrOSSOVer: GAlDBinaryStringGenome: :OnePointCrossover
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GA2DBinaryStringGenome

The binary string genome is derived from the GABinaryString and GAGenome classes. It is a matrix of
1s and 0s whose width and height may be fixed or variable. The genes in this genomes are bits. The
alleles for each bit are 0 and 1.

see also: GABinaryString
see also: GAGenomte

class hierarchy
mlass GAZDBinarvStringGenome : publie GABinaryString, public GAGenome

constructors

GA2DBinarystringGenome (unsigned int 2, unsigned int vy, GAGenome::Evaluator ocbjective =
HULL, woid * userData = NULL}

GAa2DBinarystringdenoma (const GAZDBinaryStringGenome &}

member function index

short gene (unsigned int x, unsigned int ¥y} const

short gene (unsigned int 2, unsigned int vy, const short value)

int width{} const

int width{int w)

int height(} const

int height{int h}

int resizel{int x, int v}

int resizeBehaviour (GADimension which) const

ink resigzeBehaviour {GhDimension which, unsigned int min, unsigned int max)

int resigzeBehaviour {unsigned int minx, unsigned int maxx, unsigned int miny, unsigned int
maxy}

vold copy{const GAZ2DBinaryStringGenome &, unsigned int xdest, unsigned int ydest, unsigned
ink xzre, unsigned ink ysre, unsigned ine wideh, unsgiqned ink heightk)

vorid set (unsigned int, unsigned int, unsigned int, unsigqned ink;
void unset (unsigned int, unsigned int, unsigned int, unsigned int}

member function descriptions

COPY

Copy the specified bits from the designated genome. If you specify a range that is not represented by
the genome, the range that you specified will be clipped to fit the genome.

gene
Set/Get the specified bit.

height

Set/Get the height of the bit string.

reglze

Set the size of the genome to the specified dimensions.
resizeBehaviour

Set/Get the resize behavior. The min value specifies the minimum allowable length, the max value
specifies the maximum allowable length. If min and max are equal, the genome is not resizable.

Use the resizeBehaviour and resize member functions to control the size of the genome. The default
behavior is fixed size. Using the resizeBehaviour method you can specify minimum and maximum
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values for the size of the genome. If you specify minimum and maximum as the same values then fixed
size is assumed. If you use the resize method to specify a size that is outside the bounds set earlier using
resizeBehaviour, the bounds will be 'stretched' to accommodate the value you specify with resize.
Conversely, if the values you specify with resizeBehaviour conflict with the genome's current size, the
genome will be resized to accommodate the new values.

When resizeBehaviour is called with no arguments, it returns the maximum size if the genome is
resizable, or GAGenome::FIXED_SIZE if the size is fixed.

set
unsget

Set/Unset the bits in the specified range. If you specify a range that is not represented by the genome,
the range that you specified will be clipped to fit the genome.

width

Set/Get the width of the bit string.

genetic operators for this class

GAZDBinarysStringGenome: :niformInitializer
GAZDBinaryStringGenome: :Seclnitializer
GAZDBinaryStringGenome: :Unsetlnitializer
GAZDBinaryStringGenowe: : FlipMutator
GAZDBinaryStringGenome: :BitComparator
GAZDBinarysStringGenoms : :UniformCrogssovear
GAZDBinarysStringGenoms : :EvenCtddCrozssovear
GAZDBinarysStringGenoms: :CnePoinkCrogsover

default genetic operators for this class

initialization: GAZDBinaryStringGenome: :UniformInitializer

COHHQ&HSOH: GAZDBinaryStringGencome: :BitComparator
mutation: GAZDBinaryStringGenome: :FlipMutator
Crossover: GAZDBinarySeringGenome: : CnePointCrossover
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GA3DBinaryStringGenome

The binary string genome is derived from the GABinaryString and GAGenome classes. It is a three-
dimensional block of 1s and 0s whose width, height, and depth can be fixed or variable. The genes in
this genomes are bits. The alleles for each bit are 0 and 1.

see also: GABinaryString
see also: GAGenomte

class hierarchy
=lass GAIDBinarvStringGenome : publie GABinaryString, public GAGenome

constructors
GA3DBinarystringGenome (unsigned int 2, unsigned int vy, unsigned int =z, GAGenome: :Evaluator
objective = NULL, void * userData = NULL}
GAa3DBinarystringdenoma (const GAIDBinaryStringGenomesk)

member function index

short gene (unsigned int x, unsigned int ¥, unsigned int z} const

short gene (unsigned int 2, unsigned int v, unsigned int =z, short wvalue}
int width{} const

int width{int w)

int height(} const

int height{int h}

int depthi{) const

int depth{inkt )

ink resize{int =, int vy, int z}

int resizeBehaviour (GADimension which) const

int resizeBehaviour {GADimensiocn which, unsigned int min, unsigned int max)

int resizeBahaviour {unsigned int minx, unsigned int maxx, unsigned int winy, unsigned int
maxy, ungigned int minz, unsgigqned ink maxz)

void copy {const GA3DBinaryStringGenome &, unsgigned int xdest, unsigned int ydest, unsigned
int zdest, unsigned int xsrc, unsigned int ysrc, unsigned int zsre, unsigned int
width, unsigned int height, unsigned int depth);

void set (unsigned int, unsigned int, unsigned ink, unsigqned ink, unsigned int, unsigned
ink};

vold unset (unsigned int, unsigned int, unsigned int, unsigned int, unsigned int, unsigned
int};

member function descriptions

copy

Copy the specified bits from the designated genome. If you specify a range that is not represented by
the genome, the range that you specified will be clipped to fit the genome.

depth

Set/Get the depth of the bit string,
gene

Set/Get the specified bit.

height

Set/Get the height of the bit string.
resize

Set the size of the genome to the specified dimensions.
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reglzeBehaviocur

Set/Get the resize behavior. The min value specifies the minimum allowable length, the max value
specifies the maximum allowable length. If min and max are equal, the genome is not resizable.

Use the resizeBehaviour and resize member functions to control the size of the genome. The default
behavior is fixed size. Using the resizeBehaviour method you can specify minimum and maximum
values for the size of the genome. If you specify minimum and maximum as the same values then fixed
size is assumed. If you use the resize method to specify a size that is outside the bounds set earlier using
resizeBehaviour, the bounds will be 'stretched' to accommodate the value you specify with resize.
Conversely, if the values you specify with resizeBehaviour conflict with the genome's current size, the
genome will be resized to accommodate the new values.

When resizeBehaviour is called with no arguments, it returns the maximum size if the genome is
resizable, or GAGenome::FIXED_SIZE if the size is fixed.

set
unset

Set/Unset the bits in the specified range. If you specify a range that is not represented by the genome,
the range that you specified will be clipped to fit the genome.

width

Set/Get the width of the bit string.

genetic operators for this class

GAIDBinarysStringGenome: :niformInitializer
GAIDBinaryStringGenome: :SetInitializer
GAIDBinaryStringGenoms: :UnsetInitializer
GA3DBinaryStringGenowe:: FlipMutator
GA3DBinaryStringGenome: :BitComparator
GA3DBinaryStringGenome: :UniformCrogsover
GAIDBinarysStringGenomns : :EvenCtddCrozssovear
GAIDBinarysStringGenomes : :CnePoinkCrogsover

default genetic operators for this class

initialization: GA3IDBinarysStringGenome: :UniformInitializer

Coquaﬁson: GA3DBinaryStringGencome: :BitComparator
mutation: GA3IDBinarySeringGenome: : FlipMukaktor
CrOSSOVer: GAIDBinarySeringGenome: : CnePointCrossover
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GABin2DecGenome

This genome is an implementation of the traditional method for converting binary strings to decimal
values. It contains a mechanism for customized encoding of the bit string; binary-to-decimal and one
form of Gray coding are built in to the library. The default is binary-to-decimal mapping (counting in
base 2). To use this genome, you must create a mapping of bits to decimal values by specifying how
many bits will be used to represent what bounded numbers. The binary-to-decimal genome is derived
from the 1DBinaryStringGenome class.

You must create a phenotype before you can instantiate this genome. The phenotype defines how bits
should map into decimal values and vice versa. A single binary-to-decimal phenotype contains the
number of bits used to represent the decimal value and the minimum and maximum decimal values to
which the set of bits will map.

see also: GAIDBinaryStringGenome

see also: GABin2DecPhenotype

see also: GACrossover

class hierarchy

=lass GABiIinZDecGencmse : public GAIDBinaryStringGencoms

constructors

GABin2DecGenome (const GABinZDecPhenobype &, GAGenome: :Evaluator objective = NULL, wvoid +
userData = NULL)

GABin2Daec@enoma (const GABinZDecGenomek)

member function index

const GRBinzDecPhenotype& phenotypesi{const GABinzDecPhencotype &)
congt GABin2DecPhencotypes phenotypes{] const

int nPhenotypes(} const

floatk phenotype (unsigned int n} conse

float phenctype(unsigned int n, flocat value}

vold encoder {GABinaryEncoder}

vold decoder {GABinaryDecoder}

member function descriptions

ancoder
decoder

Use these member functions to set the encoder/decoder for the genome. These functions determine
what method will be used for converting the binary bits to decimal numbers. The functions that you
specify here must have the proper signature.

nPhenotype

Returns the number of phenotypes (i.e. the number of decimal values represented) in the genome.
phenctypes

Set/ Get the mapping from binary to decimal numbers.

Fhenotype

Set/Get the specified phenotype.
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default genetic operators for this class

initialization: GALDBinaryStringGenome: :UniformInitializer
Coquaﬁson: GAlDBinaryvStringGencome: :BitComparator
mutation: GAL1DBinaryStringGenome: :FlipMutator
Crossover: GA1DBinarySeringGenome: : CnePointCrossover
de/encoding: GABinarvEncode /GARBinaryDecode

additional information

Conversion functions are defined for transforming strings of bits to decimal values and vice versa. The

function prototypes for the encoding (decimal-to-binary) and decoding (binary-to-decimal) are defined as
follows:

cvpedef int {*GABinaryEncoder) (floabs wvalus, GABit* bits, unsiqned ink nbics, float min,
float max});

typedef int {(*@ABinaryDecoder) (float& value, const GABit* bhits, unsigned int nbits, float
min, fleat max);

The library includes the following binary-to-decimal/decimal-to-binary converters:
GABinaryEncode/GABinaryDeccode

Convert using a binary coding scheme.

GAGrayEncode/GAGrayDeccode

Convert using a Gray coding scheme.
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GAListGenome<T>

The list genome is a template class. It is derived from the GAGenome class as well as the GAList<>
class. It can be used for order-based representations or variable length sequences as well as traditional
applications of lists.

You must define an indtialization operator for this class. The default indtializer is Nolndtializer - if you do
not assign an initialization operator then you'll get errors about no initializer defined when you try to
initialize the genome.

see glso: GAList
see also: GAGenome

class hierarchy
class GAListGenome<T> : public GAList<T>, public GAGencome

constructors

GALiztGenome {GRGenome : : Evaluator objective = NULL, void * userData = NULL)
GALiztGenome{const GAListGenome«T> &}

genetic operators for this class

GAListGenome«s: :DegtructiveMutator
GAListGenome«s: : SwapMutator
GAListGenome«s: :OnePointCrossover
GAListGenome«s: :ParctialMatchCrosaover
GAListGenome«s: :OrderCrossover
GAListGenome«s: :CycleCrossover

default genetic operators for this class

initialization: GAGenome: :NoInitializer
comparison: GAGenome: :NoComparator
mutation: GALlstGenome«>: : SwapMutator
CTOSSOVer: GAListGencome=>: :OnePointlrossover
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GARealGenome

The real number genome was designed to be used for applications whose representation requires an
array of (possibly bounded) real number parameters. The elements of the array can assume bounded
values, discretized bounded values, or enumerated values, depending on the type of allele set that is
used to create the genome. You can mix the bounding within the genome by specifying an appropriate
array of allele sets. The allele set defines the possible values that each element in the genome may
assume,

The real number genome is a specialization of the array genome with alleles. The specialization is of
type float. You must create an allele set or array of allele sets before you can instantiate this genome. If
you create a real number genome using a single allele set, each element in the genome will use that
allele set to determine its value. If you create a real number genome using an allele set array, the
genome will have a length equal to the number of elements in the array and each element of the real
number will be governed by the allele set corresponding to its location in the genome.

To use the real genome in your code, you must include the real genome header file in each of your files
that uses the real genome. You must also include the real genome source file (it contains template
specialization code} in one {(and only one) of your source files. Including the real genome source file will
force the compiler to use the real specializations. If you do not include the real genome source file you
will get the generic array routines instead (and some of the allele methods will not work as expected).

see also: GA1DArrayAlleleGenome, GAAlleleSet, GAAlleleSetArray

class hierarchy

cvpedef GhAlleleSet<float: 3ARealdllelaSat

typedef GhAllelefetlore<floats GARealallelesfetlore

typedef GhAllelefethrray<floats GARealallelesfetarray

typedef GRlIDArrayilleleGenome«floats GARealGenome
constructors

GARealGenome{unsigned int length, const GARealAllelefet &, GAGenome::Evaluator objective =
NULL, wvoid * userData = NULL}

GARealGenome {const 3AResalflleleSstArray &, GAGenome::Evaluator objective = HULL, wvoid *
userData = NULL)

GARealGaenome{const GARealGenome&)

genetic operators for this class

GARealGenome: :UniformInitializer
d3ARealGenome: :OrderedInicializer
3AResalGencome: :FlipMutator
GARealGenome: : SwapMutator
GARealGauszlanMutator
GARealGenome: :UniformCrossover
GARealGenome: : EventddCrossover
G3AResalGenome: :OneFoinkCrossover
d3ARealGenome: : TwoFoinkCrossover
G3AResalGencome: :PartialMatchCrosaover
GARealGenome: : OrderCrossover
GARealGenome: : Cyclelrossover

default genetic operators for this class

initialization: GhRealGenome: :UniformInitializer
COHHQ&HSOHI GARealGenome : : Elementlomparabor
mutation: GhRealGaussianMutator
CTOSSOVer: GARealGenome: :UniformCrossover
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GAStringGenome

The string genome can be used for order-based applications, variable length string applications, or non-
binary allele set alphabets. The allele set defines the possible values that each element in the string
may assume.

The string genome is a specialization of the array genome with alleles. The specialization is of type
char. You must create an allele set or array of allele sets before you can instantiate this genome.

If you create a string genome using a single allele set, each element in the genome will use that allele
set to determine its value. If you create a string genome using an allele set array, the string will have a
length equal to the number of elements in the array and each element of the string will be governed by
the allele set corresponding to its location in the string.

To use the string genome in your code, you must include the string genome header file in each of your
files that uses the string genome. You must also include the string genome source file (it contains
template specialization code) in one (and only one) of your source files. Including the string genome
source file will force the compiler to use the string specializations. If you do not include the string
genome source file you will get the generic array routines instead (and some of the allele methods will
not work as expected).

see also: GA1DArrayAlleleGenome, GAAlleleSet, GAAlleleSetArray

class hierarchy

typedef GhAllelefet«=char= GAStringalleleset

typedef GhAllelefetloreschars GAZtringallelefetCore

evpedef GhAlleleSetArrayv<chars G3AStringAlleleSetirray

evpedef GR1DArrayAlleleGenome<chars GAStringGencoms
constructors

GAStringGenome {(unsigned int length, const GAStringAlleleSet &, GAGenome::Evaluator
objective = NULL, void * userData = NULL}

GagStringGenome {const GAStringdlleleSetArray &, GAGenome::Evaluator objective = NULL, void
* ygerData = NULL)

GAStringGenome {const GASEringGenomes)

genetic operators for this class

GAStringGencme: :UniformInicializer
GAStringGencme: :Orderedinitializer
GAStringGenome: :FlipMutator
GAStringGenome: : SwapMutator
GAStringGenome : :UniformCrossover
GAStringGencmes: :Evenlddlrossover
GAStringGencms: :OnePointCrossover
GAStringGencms: : TwoPointCrossover
GAStringGenome: :PartialMatchlCrossover
GAStringGenome : :OrderCrossover
GAStringGenome: : CycleCrossover

default genetic operators for this class

initialization: GhSeringGenome: :UniformInitializer

Coquaﬁson: GAStringGenome : : ElementComparator
mutation: GASEringGenome: :FlipMutator
CrOSSOVer: GAStringGenome: :UniformCrossover
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GATreeGenome<T>

The tree genome is a template class. It is derived from the GAGenome class as well as the GATree<>
class. The tree genome can be used for direct manipulation of tree objects. It can be used to represent
binary trees as well as non-binary trees.

You must define an indtialization operator for this class. The default indtializer is Nolndtializer - if you do
not assign an initialization operator then you'll get errors about no initializer defined when you try to
initialize the genome.

see also: GATree
see also: GAGenome

class hierarchy

class GATreeGenome<T> : public GATree<T>, public GAGencome

constructors

GATreeGanome {GRGenome : : Evaluator objective = NULL, void * userData = NULL)
GATreeGenome {const GATreeGenome«T> &)

genetic operators for this class

GATreeGenome«<»: : DegtructiveMutator
GATreeGenome«s: : SwapSubtreeMutator
GATreeGenome«:s»: : SwapliodeMutator
GATreeGenome«»: :OnePointCrossover

default genetic operators for this class

initialization: GAGenome::Nolnitializer
COHHQ&HSOH: GAGenome : :NoConparator
mutation: GATreeGenome«x>: :SwapSubtreeMutator
Crossover: GATreeGenome«s: :OnePointCrossover
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GAEvalData

The evaluation data object is a generic base class for genome- and/ or population-specific data. Whereas
the userData member of the genome is shared by all genomes in a population, the evalData member is
unique to each genome, The base class defines the copy/clone interface for the evaluation data object.
Your derived classes should use this mechanism. Any derived class must define a clone and copy
member function. These will be called by the base class when the evaluation data is cloned/copied by
the genomes/ populations.

class hierarchy
=lass GAEvalData : public GAID

constructors

GAEvalData()
GAEvalData (const GAEvalDatas)

member functions

GAEvalData* elone () const
void copy{const GAEvalDatas)
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GABin2DecPhenotype

The binary-to-decimal phenotype defines the mapping from binary string to decimal values. A
mapping for a single binary-to-decimal conversion consists of a range of decimal values and a number
of bits. For example, a map of 8 bits and range of [0,255] would use 8 bits to represent the numbers
from 0 to 255, inclusive. This object does reference counting in order to minimize the memory overhead
imposed by instantiating binary-to-decimal mappings.

constructors

GABinZ2DecPhenotype ()
GABin2DecPhenotype (consk GABiIin2DecFhenotypek)

member function index

viaid add (unsigned int nbits, fleoat min, float max)
void remove {unsigned int which)

int size(} const

int nPhenotypes{} const

float min {unsigned int which} const

float max (unsigned int which}) const

int length{unsigned int which} const

int offset {unsigned int which} const

vold link {GABin2DecPhenotype&!

void unlink(}

member function descriptions

add

Create a mapping that tells the phenotype that nbits should be used to represent a floating point
number from min to max, inclusive.

link
unlink

The phenotype object does reference counting to reduce the number of instantiated objects. Use the link
member to make a phenotype object refer to another, Use the unlink member to remove the connection,
When you unlink, the phenotype makes its own copy of the mapping information.

length
Returns the number of bits required for the specified mapping.

max
min

Returns the maximum/minimum decimal value for the specified mapping.
offsat

Returns the offset (in bits) for the specified mapping.

remove

Removes a single binary-to-decimal from the phenotype.

size

Returns the number of bits that the set of mappings requires for converting a decimal value to binary
and back again,
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GAAlleleSet<T>

The allele set class is a container for the different values that a gene may assume. It can contain objects
of any type as long as the object has the =, ==, and != operators defined.

Allele sets may be enumerated, bounded, or bounded with discretization. For example, an integer
allele set may be defined as {1,3,5,2,99,-53} (an enumerated set). A bounded float set may be defined
such as [2,743) (the set of numbers from 2, inclusive, to 743, exclusive). A bounded, discretized set may
defined such as [4.5,7.05](0.05) (the set of numbers from 4.5 to 7.5, inclusive, with increment of 0.05).

If you call the allele member function with no argument, the allele set picks randomly from the alleles it
contains and returns one of them.

constructors

GaAllelagSat i}
GaAlleleSat{unsigned int n, const T all)

GAAlleleSet {const T& lower, const T& upper, GhAllele::BoundType
lowerbound=GAA11els: : INCLUSIVE, GAZllele::BoundType upperbound=Gaillele:: TNCLUSIVE}

GhaAllela8at {conzt T& lower, const Ti upper, const Ti& increment, GhAllele::BoundType
lowerbound=GAallele: : INCLUZIVE, GAAllele::BoundType upperbound=Galllele: : INCLUSIVE}
GAAlleleSet {const GAAlleleSet«T»& aekb)

member function index

3AAlleleSet«T> * c¢lone ()} const
T add {const Ta allele)
T remove (T& allele)

T allele(} const
T allele{unsigned int 1}
int size(} const
T lower {] const
T upper {} const

T ine () const

GARllele: :BoundType lowaerBoundTypae(} const
GARllele: :BoundType upperBoundTypal(} const
Gakllele::Type typei) const

veid link (GhZlleleSet«<Tsg) void unlink()

member function descriptions

add
remove

Add/Remove the indicated allele from the set. This method works only for enumerated allele sets. Both
functions return zero if the operation was successful, non-zero status otherwise.

lower
upper

Returns the lower/upper bounds on the allele set. If the allele set is enumerated, lower returns the first
element of the set and upper returns the last element of the set.

ine

Returns the increment of the allele set. If the set is not discretized, the first element or lower bounds of
the set is returned.
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lowerBoundType
upperBoundType

Returns GAAllele::INCLUSIVE or GAAllele::EXCLUSIVE to indicate the type of bound on the limits of
the allele set. If no bounds have been defined, these method return GA Allele::NONE.

link
unlink

The alleleset object does reference counting to reduce the number of instantiated objects. Use the link
member to make an alleleset object refer to the data in another. Use the unlink member to remove the
connection. When you unlink, the alleleset makes its own copy of the set data.

glze

Returns the number of elements in the allele set. This member is meaningful only for the enumerated
allele set.
type

Returns GA Allele::ENUMERATED, GAAllele::BOUNDED, or GAAllele::DISCRETIZED to indicate the
type of allele set that has been defined. The type of the allele set is specified by the creator used to
instantiate the allele set.
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GAAlleleSetArray<T>
The GAAlleleSetArray is a container object with an array of allele sets.

constructors

GAAlleleSetArray(}
GARlleleSetArray{const GAAlleleSeb<Tx&})
GAAlleleSetArray{const GhAAlleleSetArray<Tsi}

member function index

int size(} const

const GRAllelefet«T=& set (unsigned int 1} const
int add{const GAARllelelSet<Tx>& 8)

int addiunsigned int n, const T all)

int add{const T& lower, const T& upper, GAAllele: :BoundType lb=GAAllele::INCLUSIVE,
d3A81lele: :BoundType ub=GAAllels: : INCLUSIVE)

int addi{const T& lower, const T& upper, const T& increment, GaAllele::BoundType
1b=GARllele: : INCLUSIVE, GAARllele::BoundType ub=GRAllele::INCLUSIVE)
int remove (unsigned int)

member function descriptions

add

Use the add members to append an allele set to the end of the array. Each of the overloaded add
members invokes a corresponding allele set creator, so you can use the appropriate add member for
your particular allele set application.

remove
Remove the indicated allele set from the array. Returns zero if successful, non-zero otherwise.
size

Returns the number of allele sets in the array.
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GAParameter and GAParameterList

The parameter list object contains information about how genetic algorithms should behave. Each
parameter list contains an array of parameters. Each parameter is a name-value pair, where the name is
a string (e.g. "number_of_generations") and the value is an int, float, double, char, string, boolean, or
pointer,

Each parameter is uniquely identified by a pair of names: the full name and the short name. Associated
with the names is a value. Each parameter also has a type from the enumerated list of types shown
above. The GAParameter object automatically does type coercion of the pointer that is passed to it based
upon the type that is passed to it upon its creation. The type carmot be changed once the parameter has
been created.

typedefs and constants
enum GAParameter: :Type {BOOLEAN, CHAR, STRING, INT, FLOAT, DOUBLE, POINTER};

constructors

GAParameter {consk char* fn, const chart sn, Type tp, consk voldy )
GAParametar {const GAParameter& orig)

member function index

vold copy{const GAParameterk)

char* fullname{) const

char* shrtname{) const

const volid* value () conste

congt void* walue (const void* v} Type type(} const

constructors

GAParameterList ()
GAParameterList (const GAParameterLisbs)

member function index

int size(} const

int get{const char*, woid*} const
int geti{const char*, const wvoid*)
int sgat{const char* gz, int v}
ink set{const charv 2, unsigned int v}

int sget {const char+* =, char v}

int sget {const char* a, charv wv)

int sgeat{const char* z, double v}

int addi{const char*, const char*, GAParameter::Type, const void*)
int remove();

GAParameters operator[] {unsigned int i} const

GAParameters next ()

GAParameters prev()

GAParameteré& current(} const

GAParameter& first ()

GAParameters& last ()

dAParametert operator{) {const char* name}

int parse {int& arge, char **argv, GABoolean flag = gaFalcse)

int write {const charv filename) const

int write {ostreami& o2} const

int read(const char* filename)

int read(istream& is)

pabreans operator<<{ostreams osg, const GhParameterLists plisk)
igstream& operator»»{istreamsi is, GAParameterLists plist)
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member function descriptions

add

Add a parameter with specified name, type, and default value to the parameter list. This becomes the
Ccurrent parameter,

curreant

Return a reference to the current parameter in the list.

first

Return a reference to the first parameter in the list. This becomes the current parameter.
get

Fills the contents of the space pointed to by ptr with the current value of the named parameter. Returns
0 if the parameter was found, non-zero otherwise,

last

Return a reference to the last parameter in the list. This becomes the current parameter.
next

Return a reference to the next parameter in the list. This becomes the current parameter.
parse

Parse an argument list (in command-line format} for recognized name-value pairs. If you pass gaTrue as
the third argument then this method will post warnings about names that it does not recognize.

prev

Return a reference to the next parameter in the list. This becomes the current parameter.
read

Read a parameter list from the specified file or stream. set

Set the named parameter to the specified value. Returns 0 if the paramter was found and successfully
set, non-zero otherwise. You can use either the full or short name to specify a parameter.

size

Returns the number of parameters in the parameter list.
remove

Remove the current parameter from the parameter list.
write

Write the parameter list to the specified file or stream.
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GAStatistics

The statistics object contains information about the current state of the genetic algorithm objects. Every
genetic algorithm contains a statistics object.

The statistics object defines the following enumerated constants for use by the selectScores member.
They can be bitwise-ORed to specify desired combinations of components. Use the class name to refer to
the values, for example GAStatistics:Mean | GAStatistics::Deviation

typedefs and constants

arm { HoScores, Mean, Maximum, Minimum, Deviation, Diversity, AllScores }

constructors

GAStatiztics()
GAStatizticesiconst GAStatistics&)

member function index

vold copy{const GAStatistics &) ;

float onlinai) const

float offline{} const

float initial (ScorelD w=Maximum) const

float current (ScorelD w=Maximum) const

float worztEver () const

float bastBver{) const

int generation{) const

float convergencal() const

int gelections{) const

int erossgovers () const

int mutations(} const

int replacements{) const

int ndonvergence{unsigned int)

int nonvergence{) const

ink nBeztGenomes {const GAGenomes, unsiqned ink)
int nPestGenomes{) const

ink secoreFrequency(unsiqned int =}

int gcoreFraquency(} const

int flushPraquency(unsigned int =x)}

int flughPFraquency(} const

chart scoreFllename {conskt char *filename}

chart* sgcoreFilename{) const

int sgelectSeores{int whichScores)

int selaectScoraes{) const

GABoolean recordDiverszity (GABoolean flag)
GABoolean racordDiversity(} const

void fluahScores ()

void update{const GAPopulations pop)

void reset (const GAPopulationgd pop)

conast GAPopulationk bestPopulation(} const
const GRGenome& bestIndividual (unsigned int n=0} const
int gcoresi{const char* filename, ScorelD which=NoScores)
int zcores(ostreams o5, ScorelD which=NoScores)
int write {const charv filename) const

int write {ostreamé& osg) const;

ogtream& operator<<{ostreamk, const GAStatistics&)
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member function descriptions

bestEver

Returns the score of the best individual ever encountered.

bestIndividual

This function returns a reference to the best individual encountered by the genetic algorithm.
bestPopulation

This function returns a reference to a population containing the best individuals encountered by the
genetic algorithim. The size of this population is specified using the nBestGenomes member function.

CoOnvergence

Returns the current convergence. Here convergence means the ratio of the nth previous best-of-
generation to the current best-of-generation.

croagovera

Returns the number of crossovers that have occurred since initialization,
current

Returns the specified score from the current population.
flushFrequency

Set/Get the frequency at which the generational scores should be flushed to disk. A score frequency of
100 means that at every 100th recorded score the scores buffer will be appended to the scores file.

flush8cores

Force a flush of the scores buffer to the score file,
generation

Returns the current generation number,

initial

Returns the specified score from the initial population.
mutations

Returns the number of mutations that have occurred since initialization.
nBesatGencmes

Set/ Get the number of unique best genomes to keep.
nceonvargence

Set/Get the number of generations to use for the convergence measure. A value of 10 means the best-of-
generation from 10 generations previous will be used for the convergence test.

offline
Returns the average of the best-of-generation scores.
online

Returns the average of all scores.
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recordDilversity

This boolean option determines whether or not the diversity of the population will be calculated each
generation. By default, this option is set to false.

replacements

Returns the number of replacements that have occurred since initialization.

reset

Reset the contents of the statistics object using the contents of the specified population.
scoreFilename

Set the name of the file to which the scores should be output. If the filename is set to nil, the scores will
not be written to disk. The default filename is "generations.dat".

gcoraFregquancy

Set/Get the frequency at which the generational scores should be recorded. A score frequency of 1
means the scores will be recorded each generation. The default depends on the type of genetic
algorithm that is being used.

acores

Print the generational scores to the specified stream. Output is tab-delimited with each line containing
the generation number and the specified scores. You can specify which score you would like by
logically ORing one of the score identifiers listed above. The order of the tab-delimited scores is as
follows:

generation TAE mean TAB max TAE wmin TAEB deviation TAB diversity NEWLINE

gelections
Returns the number of selections that have occurred since initialization.
gelectB8cores

This function is used to specify which scores should be saved to disk. The argument is the logical OR of
the following values: Mean, Maximum, Minimum, Deviation, Diversity (all defined in the scope of the
GAStatistics object). To record all of the scores, pass GAStatistics:: AllScores.

update
Update the contents of the statistics object to reflect the state of the specified population.
worstEver

Returns the score of the worst individual ever encountered.
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GAPopulation

The population object is a container for the genomes. It also contains population statistics such as
average, maximum, and minimum genome objective scores. Each population contains a scaling object
that is used to determine the fitness of its genomes. The population also contains a function used for
selecting individuals from the population,

Whenever possible, the population caches the statistics. This means that the first call to one of the
statistics members will be slower than subsequent calls.

You can customize the initialization, evaluation, and sort methods. Use the appropriate member
function. Your customized functions must have the appropriate signature.

The default scaling scheme is linear scaling. The default evaluator invokes the objective function for
each genome. The default selector is roulette wheel and uses the scaled (fitness) scores for its selections.

typedefs and constants

void (*GAPopulation::Initializer) (GAPopulation &}

void (*GAPopulation::Evaluator) (GAPopulation &)

enum SortBasis { RAW, SCALED };

enum SortOrder | LOW_IS_BEST, HIGH_IS_BEST };

enum Replacement | BEST = -1, WORST = -2, RANDOM = -3 };

constructors

GAPopulationi}
GaPopulationi{const GAGenomek, unsigned int popsize = galefPopSize)
GAPopulatieon{const GAPopulationg)

member function index

GAPopulation * c¢lone ()} comst
void copy {const GAPopulationg)
ink zize (unsigned int popsize}
int egize(} const

float sum{) const
float avei{) const
float wvar{) const
float dev{] const
float max{] const
float min{} const

float divi{) const
float diviunsigned int i, unsigned int j} const
float fitsum{) const

float fitave{) conszt
float fitmax{) const
float fitmini{) const
float fitvari) const

float fitdev{) const

floak psum (unsigned int i) consk

int nevals(} const

void touch ()

vold statistics (GABoolean flag = gaFalse} const
vold diversity{GABoolean flag = gaFalse) const
vold prepselact (GABoolean flag = gaFalse} const
GAGenomes select ()

3ASelectionSchemes gelector () const
GASelectionSchemes zelector (const GASelectionSchemeas)
vold scale (GABoolean flag = gaFalse) const
GAScalingSchewes scalingi() const
GAScalingScheme& scalingiconst GAScalingSchemed)
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vold sort {GABoolean flag = gaFalse, SortBasis basis = RAW) const
SortOrder order ()} const

SortoOrder order (SoreCrder flag)

virid evaluate (GABoolean flag = gaFalsel const

GAPopulation: :Evaluator evaluator {GAPopulation::Evaluator func)
GAPopulation::Evaluator evaluator {GAPopulation::Evaluator func}
void initializael()
GAPopulaticn::Initializer initializer
GAPopulation: :Initializer initializer
GAdeneticAlgorithm * geneticAlgorithm
GAdeneticAlgorithm * geneticAlgorithm
void * userData(} const

void * ugerData(volid * u}

GAEvalData * evalData{) const
GAEvalData * evalData{const GAEvalDatak)

GAdenomes individual (unsigned int x, SortBasis basisz = RAW) consk
dAdenomes best {unsigned ink i = 0, SoreBasis basisz = RAW) concst
GAGenome& worst (unsigned int 1 = ¢, SortBasis basis = RAW) const

GAPopulation::Initializer func)
GAPopulation: :Inikializer fune)
} const

GA&)

GAGenome * add{GAGenome *)

GAGenome * add{const GAGenomesk)

GAGenome * remove (unsigned int i, SortBasis basis = RAW)

GAGenome * remove (GAGenome *)

GAdenome * replace (3AGencome *, intk which = gaPopReplaceRandom, SortBasis basgis = RAW}
GAGenome * replace(GAGenome *, GAGenoms *}

void deastroyiint w = WORST, SortBasis basis = RAW)
virtual vold read(istream &)

virtual veoid write (oskream &) const

pabreans operator<<{ostream &, concgkt GhFPopulabtion &)
igtreams operators»»{istream &, GAPopulation &}

member function descriptions

add

Add the specified individual to the population. If you call this method with a reference to a genome,
the population will clone the genome. If you call this method with a pointer to a genome, the population
will use the genome pointed to by the pointer. From then on the population is responsible for deleting
the genome.

ava
Returns the average of the objective scores.
best

Returns a reference to the best individual in the population. Use the SortBasis flag to specify whether
you want the best in terms of raw objective score or scaled (fitness) score.

destroy

Remove the specified individual from the population and free the memory used by that individual. Use
the SortBasis flag to specify whether to use raw objective score or scaled (fitness) score when determining
which genome to destroy.

dev
Returns the standard deviation of the objective scores.
div

Returns the diversity of the population. Diversity is a number between 0 and 1 where 0 indicates that
each individual is completely different than every other individual. If you specify two indices, this
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member function returns the diversity of the specified individuals (it invokes the comparison function
for those individuals),

evalData

Set/Get the evaluation data for the population. This object is unrelated to any evaluation data objects
used by the genomes in the population.

evaluate

Evaluate the population using the method set by the evaluator function. The default evaluator simply
calls the evaluate member of each genome in the population. If you call this function with gaTrue then
the population performs the evaluation even if it has already cached the evaluation results.

avaluator

Specifies which function to use to evaluate the population. The specified function must have the proper
sigmature,

fitave

Returns the average of the fitness scores.
fitdev

Returns the standard deviation of the fitness scores.
fitmax

Returns the maximum fitness score.
fitmin

Returns the minimum fitness score.
fitsum

Returns the sum of the fithess scores.
fitvar

Returns the variance of the fitness scores,
geneticAlgerithm

Set/Get the genetic algorithm that 'owns' this population. A return value of nil indicates that the
population is owned by no genetic algorithm.

individual

Returns a reference to the specified individual. Indices for individuals in the population start at 0 and go
to size()-1. the Oth individual is the best individual when the population has been sorted. Use the
SortBasis flag to specify whether you want the ith individual based upon the raw objective score or
scaled (fitness) score.

initialize

Initialize the population using the method set by initializer. The default initializer simply calls the
initialize method of each genome in the population.
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initializer

Specifies which function to use to initialize the population. The specified function must have the proper
sigmature,

max

Returns the maximum objective score in the population.
min

Returns the minimum objective score in the population.
order

Set/Get the sort order. A population may be sorted in two ways, highest-score-is-best or lowest-score-is-
best,

prapselect

The function calls the selector's update method. It is typically called by the population before it does a
selection.

psum
Returns the partial sum of the ith fitness score in the array of (sorted) fitness scores.
remove

Remove the specified individual from the population. The genome to be replaced can be specified by
either an index or by pointer. This function returns a pointer to the genome that was removed from the
population. The caller is responsible for the memory used by the returned genome. Use the SortBasis
flag to specify whether to use raw objective score or scaled (fitness) score when determining which
genome to remove,

replace

Replace the specified individual with the first argument. The genome to be replaced can be specified by
either an index or by pointer. This function returns a pointer to the genome that was replaced. If no
genome was replaced or the specified index or pointer is bogus, it returns nil. Use the SortBasis flag to
specify whether to use raw objective score or scaled (fitness) score when determining which genome to
replace.

gcale

Scale the raw (objective)} scores in the population using the scaling method. If you call this function with
gaTrue then the scaled scores are recalculated even if the population has already cached them.

gcaling
Set/Get the scaling method for this population.
select

Returns a reference to a genome from the population using the selection scheme associated with the
population,

selector

Set/Get the selection method for this population.

GAIib Version 2.4, Document Revision B 73 19-Aug-96



Programming Interface: GAPopulation

glze

Set/Get the number of individuals in the population. If you resize to a larger size, the new individuals
will be initialized but not evaluated. If you resize to a smaller size, the best individuals will be kept.

gort
Sort the individuals in the population. Individuals may be sorted based upon their raw or scaled scores.
statistica

Calculate the population statistics. This method is automatically invoked whenever any of the
population statistics are requested. If you call this function with gaTrue then the statistics are
recalculated even if the population has already cached them.

Sum
Returns the sum of the objective scores.
touch

The population object remembers its state so that it does not execute the evaluate or sort methods unless
its state has been changed. If you want to force the population to execute any of its methods the next
time they are invoked, invoke this method.

userbData

Set/Get the user data pointer for the population. You can use the user data member to store a pointer to
any object.

var
Returns the variance of the objective scores.
worst

Returns a reference to the worst individual in the population. Use the SortBasis flag to specify whether
you want the worst in terms of raw objective score or scaled (fitness) score.
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GAScalingScheme

The scaling object is embedded in the population object. The base scaling object is not instantiable. This
object keeps track of the fitness scores (not the objective scores) of each individual in the population. The
genomes that it returns are the genomes in the population to which it is linked; it does not make its own
copies,

For details about how to write your own scaling scheme, see the customizations section.

constructors

GAScalingScheme ()
GagcalingSchema (const GAScalingSchemesi =)

member function index

virtual GAScalingScheme * cloma{) const
virtual vold copy (const GAScalingScheme &}
virtual vold evaluatei{const GAPopulation & p)

built-in scaling schemes

GAlib contains a number of instantiable scaling objects derived from the base class. Here are the
constructors for these scaling schemes:

GANo8caling({)
The fitness scores are identical to the objective scores. No scaling takes place.
GALinearScaling{flocat ¢ = gaDefLinearsScalingMultiplier)

The fitness scores are derived from the objective scores using the linear scaling method described in
Goldberg's book. You can specify the scaling coefficient. Negative objective scores are not allowed with
this method. Objective scores are converted to fitness scores using the relation

f=a~obji+tb

where gand b are calculated based upon the objective scores of the individuals in the population as
described in Goldberg's book.

GA8igmaTruncationfcaling(float ¢ = gaDef8igmaTruncationMultiplier}

Use this scaling method if your objective scores will be negative. It scales based on the variation from
the population average and truncates arbitrarily at 0. The mapping from objective to fitness score for
each individual is given by

f= obj- (obj_ave - ¢ » obj_dev)
GAPowerLawS8caling{int k = gaDefPower8calingFactor}
Power law scaling maps objective scores to fitness scores using an exponential relationship defined as
f= obj"

GABharing{GAGenome: :Comparater fune = 0,
flecat cutoff = gaDefSharingCuteff, float alpha = 1)

This scaling method is used to do speciation. The fitness score is derived from its objective score by
comparing the individual against the other individuals in the population. If there are other similar
individuals then the fitness is derated. The distance function is used to specify how similar to each other
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two individuals are. A distance function must return a value of 0 or higher, where 0 means that the two
individuals are identical (no diversity). For a given individual,

obj
f=m—

2.%d)

( EAY
o) = <dj<c—>1 (;}

ld;'ZG_’O

d; = distance between current individual and individual j
n = number of individuals in the population

The default sharing object uses the triangular sharing function described in Goldberg's book. You can
specify the cutoff value (sigma in Goldberg's book) using the sigma member function, The curvature of
the sharing function is controlled by the alpha value. When alpha is 1.0 the sharing function is a
straight line (triangular sharing). If you specify a comparator, that function will be used as the distance
function for all comparisons. If you do not specify a comparator, the sharing object will use the default
comparator of each genome.

Notice that the sharing scaling differs depending on whether the objective is to maximized or
minimized. If the goal is to maximize the objective score, the raw scores will be divided by the sharing
factor. If the goal is to minimize the objective score, the raw scores will be multiplied by the sharing
factor. You can explicitly tell the sharing object to do minimize- or maximize-based scaling by using the
minimaxi member function. By default, it uses the min/max settings of the genetic algorithm that is
using it (based on information in the population with which the sharing object is associated). If the
scaling object is associated with a population that has been created independently of any genetic
algorithm object, the sharing object will use the population's order to decide whether to multiply or
divide to do its scaling.
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GASelectionScheme

Selection schemes are used to pick genomes from a population for mating. The GASelectionScheme
object defines the basic selector behavior. It is an abstract class and cannot be instantiated. Each selector
object may be linked to a population from which it will make its selections. The select member returns a
reference to a single genome. A selector may operate on the scaled objective scores or the raw objective
scores. Default behavior is to operate on the scaled (fitness) scores.

For details about how to write your own selection scheme, see the customizations section.

typedefs and constants
enum { RAW, SCALED };

constructors

GASelectionScheme (int which = FITHESS)
GASelectiondSchama (const GASelectionsSchemes)

member function index

virtual GAZelectionSchemse+* clone () const;
virtual vold <opy (const GASelectionScheme& orig)
virtual void assigmni{GAPopulation& pop)

virtual veoid update(}

virtual GAGenomes select{) consk;

built-in selection schemes

GAlib contains a number of instantiable scaling objects derived from the base class. Here are the
constructors for these scaling schemes:

GARank8elector (int w=GASelection8cheme: ; SCALED)
The rank selector picks the best member of the population every time.
GARouletteWheelSelector{int w=GAS8electionsScheme: : 3CALED)

This selection method picks an individual based on the magnitude of the fitness score relative to the rest
of the population. The higher the score, the more likely an individual will be selected. Any individual
has a probability p of being chosen where p is equal to the fitness of the individual divided by the sum
of the fitnesses of each individual in the population,

GATournamentSelector(int w=@GASalactlionScheme: : SCALED)

The tournament selector uses the roulette wheel method to select two individuals then picks the one
with the higher score. The tournament selector typically chooses higher valued individuals more often
than the RouletteWheelSelector.

GADSSelector (int w=GASelectlionsScheme: :SCALED)

The deterministic sampling selector (DS} uses a two-staged selection procedure. In the first stage, each
individual's expected representation is calculated. A temporary population is filled using the
individuals with the highest expected numbers. Any remaining positions are filled by first sorting the
original individuals according to the decimal part of their expected representation, then selecting those
highest in the list. The second stage of selection is uniform random selection from the temporary
population.
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GASRSSaleactor{int w=GASelectionSchema::SCALED)}

The stochastic remainder sampling selector (SRS) uses a two-staged selection procedure. In the first
stage, each individual's expected representation is calculated. A temporary population is filled using the
individuals with the highest expected numbers. Any fractional expected representations are used to
give the individual more likeliehood of filling a space. For example, an individual with e of 1.4 will
have 1 position then a 40% chance of a second position. The second stage of selection is uniform random

selection from the temporary population.
GAUniformSelector {(int w=GASelectionScheme: :SCALED}

The stochastic uniform sampling selector picks randomly from the population. Any individual in the
population has a probability p of being chosen where p is equal to 1 divided by the population size.
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GAArray<T>

The GAArray<T> object is defined for your convenience so that you do not have to create your own
array object. It is a template-ized container class whose elements can contain objects of any type. The 1-,
2-, and 3-dimensional arrays used in GAlib are all based upon this single-dimensional array object. This
object is defined in the file arraytmplLh,

The squares are elements in the array. Arrays are 1
dimensional, but derived classes can have 2 or more
dimensions. Each element contains a user-specified object.

.

Any object in the array must have the following methods defined and publicly available:

copy constructor operator ==
operator = operator =

The elements in an array are indexed starting with ( (the first element in the array is element number
0). The last element in array with n elements is element n-1.

constructors

GAArray {ungigned ink)
GAArray{const GAArray<T>&)

member function index

GRATYray«<T> & operators={const GARArray«<Ts& orig)
GAArrav<T> & operators={const T array [])
GAArray<T> * clone ()

const T & operator(] (unsigned int i}

const T & operator(] (unsigned int i}

void copy {conskt GAArray<Ts& orig)

void copy {consk GAArray<T=& orig, unsigned int dest, unsigned int sre, unsigned int
length)

void move {unsigned int dest, unsigned int src, unsigned int length)
void swap{unsigned int i, unsigned int j}

int size(} const

int size (unsigned int n)

int equal {consk GAArray«<T:=& b, unsigned int dest, unsigned int sre, unsigned int length)
const

int operator==i{const GARArray<T=& a, const GRArray<T>& b}
int operatorl={const GAArray<T=& a, const GRArray<T=& b}

member function descriptions

¢lone

Return a pointer to an exact duplicate of the original array. The caller is responsible for the memory
allocated by the call to this function.

copy

Duplicate the specified array or part of the specified array. If duplicating a part of the specified array,
length elements starting at position src in the original are copied into position dest in the copy. If there
is not enough space in the copy, the extra elements are not copied.

equal

Return 1 if the specified portion of the two arrays is identical, return 0 otherwise.
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move

Move the number of elements specified with length from position src to position dest.
operator|[]

Return a reference to the contents of the ith element of the array.

size

Return the number of elements in the array.

swap

Swap the contents of element i with the contents of element j.
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GABinaryString

The binary string object is a simple implementation of a string of bits. Each bit is represented by a
single word of memory (no fancy bit-munging happens here). The binary string class defines the
following member functions. Binary strings are resizable.

constructors

GABinaryString {unsigned int length)
GABinaryString{const GABinaryStrings)

member function index

void copy {consk GABinaryStringésl

int resize{unsigned int)

int size(} const

short bit (unsigned int a} const
short bhit {unsigned int a, short wval)

int equal {conskt GABinaryStrings b, unsigned int dest, unsigned int sre, unsigned int
length; const

vold copy{const GABinaryStringik orig, unsigned int dest, unsigned int sre, unsigned int
length)

void move {unsigned int desk, unsigned int sre, unsigned int length)

viorid set (unsigned int a, unsigned int length;

vorid unset (unsigned int a, unsigned int length;

vold randomize{unsigned int a, unsigned int length)

member function descriptions

COPY

Makes an exact copy of the specified string. If invoked with a range of bits then copies the specified
range of bits.

bit

Set/Get the specified bit.

agqual

Returns 1 if the specified range of bits are equal, 0 otherwise.
move

Move length bits starting at src to dest.

set/unset

Set/Unset length bits starting at a

size
resize

Set/Get the length of the bit string.
randomize

Set to random values length bits starting at a
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GAList<T> and GAListlter<T>

The GAList<T> object is defined for your convenience so that you do not have to create your own list
object. It is a template-ized container class whose nodes can contain objects of any type. The GAList<T>
object is circular and doubly-linked. A list iterator object is also defined to be used when moving around
the list to keep track of the current, next, previous, or whichever node. Iterators do not change the state
of the list.

The circles are nodes in the list. Each node contains C i

a user-specified object; the initialization method OO OIS c'ﬁl
determines the size of the list and the contents of

each node. The list is circular and doubly linked.

The template-ized GAList<T> is derived from a generic list base class called GAListBASE. The template
list is defined in listtmpl.h, the list base class is defined in listbase.h

Any object used in the nodes must have the following methods defined and publicly available:

copy constructor operator ==
operator = operator =

Each list object contains an iterator. The list's traversal member functions (next, prev, etc) simply call the
member functions on the internal iterator. You can also instantiate iterators external to the list object so
that you can traverse the list without modifying its state.

The list base class defines constants for specifying where insertions should take place (these are relative
to the node to which the iterator is currently pointing).

Nodes in the list are numbered from O to 1 less than the list size. The head node is node 0.

When you do an insertion, the list makes a copy of the specified object (allocating space for it in the
process). The internal iterator is left pointing to the node which was just inserted. The insertion function
uses the copy constructor member to do this, so the objects in your list must have a copy constructor
defined. The new node is inserted relative to the current location of the list's internal iterator. Use the
where flag to determine whether the new node will be inserted before or after the current node, or if
the new node should become the head node of the list.

The remove member returns a pointer to the object that was in the specified node. You are responsible
for deallocating the memory for this object! The destroy member deallocates the memory used by the
object in the current node. In both cases the iterator is left pointing to the node previous to the one that
was deleted.

All of the list traversal functions (prev, next, current, etc) return a pointer to the contents of the node on
which they are operating. You should test the pointer to see if it is NULL before you dereference it.
When you call any of the traversal functions, the list's internal iterator is left pointing to the node to
which traversal function moved. You can create additional iterators (external to the list) to keep track of
multiple positions in the list.

typedefs and constants

GAListBASE: : HEAD
GAListBASE: :TAIL
GAListBASE: :BEFORE
GAListBASE: :AFTER

constructors
GALigtIter (const GAList«T= &%)

GAIib Version 2.4, Document Revision B 82 19-Aug-96



Programming Interface: GAList<T> and GAListlter<T>

member function index

T * current{}
* head ()
tail ()
next ()
previ)
warp (const Ghlist«<T=& E)
warp (const GAListIter<Ts& i}
warp (unsigned int 1}

L
E I TR )

constructors

GALizt ()
GaLisgt (const T& t)
GALigst (conet GRList«T=& orig)

member function index

GaList<T> * clona ()

void copy {consk GAList«<T»& origl

void destroy(}

void swap {unsigned int, unsigned int}

T * removel()

volid ingert{GALlist<T> * t, GAListBASE::Location where=AFTEER)
void ingerti{const T& t, GALLIstBASE::Locaticon where=AFTER)

T * current{}

T * head()

tail ()
next ()
prev ()
warp (unsigned int 1}

warp (const GAListIter<Ts& i}
operator[] {unsiqned ink i)
int size(} const

HHEAa94

LI B B L

member function descriptions

These functions change the state of the list.

¢lone

Return a pointer to an exact duplicate of the original list. The caller is responsible for the memory
allocated by the call to this function.

copy
Duplicate the specified list.
destroy

Destroy the current node in the list. This function uses the location of the internal iterator to determine
which node should be destroyed. If the head node is destroyed, the next node in the list becomes the
head node.

insert

Add a node or list to the list. The insertion is made relative to the location of the internal iterator. The
where flag specifies whether the insertion should be made before or after the current node.

remove

Returns a pointer to the contents of the current node and removes the current node from the list. The
iterator moves to the previous node. The caller is responsible for the memory used by the contents.
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awap

Swap the positions of the two specified nodes. The internal iterator is not affected. If the iterator was
pointing to one of the nodes before the swap it will still point to that node after the swap, even if that
node was swapped.

These functions do not change the contents of the list, buf they change the state of the list's
internal iterator (when invoked on a list object).

current

Returns a pointer to the contents of the current node.

head

Returns a pointer to the contents of the first node in the list.

next

Returns a pointer to the contents of the next node.

operator|[]

Returns a pointer to the contents of the ith node in the list (same as warp).

prev

Returns a pointer to the contents of the previous node.

tail

Returns a pointer to the contents of the last node in the list.

warp

Returns a pointer to the contents of the ith node in the list, or a pointer to the element in the list pointed
to by the specified iterator. The head node is number 0.
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GATree<T> and GATreelter<T>

The GATree<T> object is defined for your convenience so that you do not have to create your own tree
object. It is a template-ized container class whose nodes can contain objects of any type. Each level in the
GATree<T> object is a circular and doubly-linked list. The eldest child of a level is the head of the
linked list, each child in a level points to its parent, and the parent of those children points to the eldest
child. Any tree can have only one root node. Any node can have any number of children. A tree
iterator is also defined to be used when moving around the list to keep track of the current, next,
parent, or whichever node. Iterators do not change the state of the tree,

rd The circles are nodes in the tree. Each node contains a user-
8 specified object; the initialization method determines the tree
H\‘i\\ topology and the contents of each node. Each tree contains one
O 3=03=0 (and only one) root node. Each level in the tree is a circular,
ﬂ}g !ﬁhﬂ doubly linked list. The head of each list is called the 'eldest’
H' * child, each node in a level has a link to its parent, and each
LA parent has a link to the eldest of its children (if it has any

children).

The template-ized GATree<T> is derived from a generic tree base class called GATreeBASE. The
template tree is defined in treetmpl.h, the tree base class is defined in treebase.h

Any object used in the nodes have the following methods defined and publicly available:

copy constructor operator ==
operator = operator =

Each tree object contains an iterator. The tree's traversal member functions (next, prev, etc) simply call
the member functions on the internal iterator. You can also instantiate iterators external to the tree object
so that you can traverse the tree without modifying its contents.

The tree base class defines constants for specifying where insertions should occur.

Nodes in a tree are numbered starting at 0 then increasing in a depth-first traversal of the tree. The root
node is node 0. A tree can have only one root node, but any node in the tree can have any number of
children.

When you do an insertion, the tree makes a copy of the specified object (allocating space for it in the
process). The internal iterator is left pointing to the node which was just inserted. The insertion function
uses the copy constructor member to do this, so the objects in your tree must have a copy constructor
defined. The new node is inserted relative to the current location of the tree's internal iterator. Use the
where flag to determine whether the new node will be inserted before, after, or below the current node,
or if the new node should become the root node of the tree.

The remove member returns a pointer to a tree. The root node of this tree is the node at which the
iterator was pointing. You are responsible for deallocating the memory for this tree! The destroy
member deallocates the memory used by the object in the current node and completely destroys any
subtree hanging on that node. In both cases, the iterator is left pointing to the elder child or parent of
the node that was removed/ destroyed.

All of the tree traversal functions (prev, next, current, etc) return a pointer to the contents of the node on
which they are operating. You should test the pointer to see if it is NULL before you dereference it.
Also, the iterator is left pointing to the node to which you traverse with each traversal function. You can
create additional iterators {(external to the tree) to keep track of multiple positions in the tree.
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typedefs and constants

GATreeBASE : : ROOT

GATreeBRSE: :BEFORE
GATreeBASE: :AFTER
GATreeBASE: :BELOW

constructors
GATreelter (const GATree«T=& L}

member function index

T * current{}

T * root ()

next ()

prev ()

parant ()

child{}

aldest ()

youngest {}

warp (const GhTree«<Ts&k E)
warp (const GATreelter<Ts& i)
warp (unsigned int 1}

int gize ()

int depthi}

int nchildren()

inkt naiblings{)

L EEEELE
* W W W R E E N W

constructors

GATreea()
GATree(const T& E)
GATree(const GARTree«<T=& oOrig)

member function index

GATree<T> * clona ()

vold copy{const GATree<T>& orig}

void deatroyi})

vorid swaptree (GATree«<T= * k)

viorid swaptree {unsigned int, unsigned int}
void swap {unsigned int, unsigned int}
GATree«<T> * removal)

vold ingert {GATree<T> * t, GATreeBASE::Location where=BELOW)
void ingerti{const T& t, GATreeBRSE::Locaticon where=BELOW)

* ecurrent{}

root ()

next ()

prev ()

parant ()

child{}

eldesat ()

youngest {}

warp (unsigned int i}

warp (const GATreelter<Ts=& 1}

HMHHEASS A

F IR I R

int ancesgtral{unsigned int 1, unsigned int j)

int gize ()

int depth {}

int nchildren()
inkt naiblings{)

member function descriptions

These functions change the state of the tree.
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¢lone

Return a pointer to an exact duplicate of the original tree. The caller is responsible for the memory
allocated by the call to this function.

copy
Duplicate the specified tree.
destroy

Destroy the current node in the tree. If the node has children, the entire sub-tree connected to the node
is destroyed as well. This function uses the location of the internal iterator to determine which node
should be destroyed. If the root node is destroyed, the entire contents of the tree will be destroyed, but
the tree object itself will not be deleted.

insert

Add a node or tree to the tree. The insertion is made relative to the location of the internal iterator. The
where flag specifies whether the insertion should be made before, after, or below the current node.

remove

Returns a pointer to a new tree object whose root node is the (formerly) current node of the original tree.
Any subtree connected to the node stays with the node. The iterator moves to the previous node in the
current generation, or the parent node if no elder sibling exists. The caller is responsible for the
memory used by the new tree.

awap

Swap the contents of the two specified nodes. Sub-trees connected to either node are not affected; only
the specified nodes are swapped.

swaptree

Swap the contents of the two specified nodes as well as any sub-trees connected to the specified nodes.
These functions do not change the contents of the tree, but they change the state of the tree's
internal iterator (when invoked on a tree object).

ancesgtral

Returns 1 if one of the two specified nodes is the ancestor of the other, returns 0 otherwise.

child

Returns a pointer to the contents of the eldest child of the current node. If the current node has no
children, this function returns NULL.

current
Returns a pointer to the contents of the current node.
depth

Returns the number of generations (the depth) of the tree. When called as the member function of a tree
iterator, this function returns the depth of the subtree connected to the iterator's current node.

aldest

Returns a pointer to the contents of the eldest node in the current generation. The eldest node is the
node pointed to by the 'child' function in the node's parent.
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nchildren

Returns the number of children of the node to which the iterator is pointing,.

next

Returns a pointer to the contents of the next node in the current generation.

nsiklings

Returns the number of nodes in the level of the tree as the node to which the iterator is pointing.
parent

Returns a pointer to the contents of the parent of the current node. If the current node is the root node,
this function returns NULL.

prav
Returns a pointer to the contents of the previous node in the current generation.
roct

Returns a pointer to the contents of the root node of the tree.

size

Returns the number of nodes in the tree. When called as the member function of a tree iterator, this
function returns the size of the subtree connected to the iterator's current node,

warp

Returns a pointer to the contents of the ith node in the tree, or a pointer to the element in the tree
pointed to by the specified iterator. The head node is number 0 then the count increases as a depth-first
traversal of the tree,

youngest

Returns a pointer to the contents of the youngest node in the current generation.
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Customizing GAlib

This document describes how to extend GAlib's capabilities by defining your own genomes and genetic
operators. The best way to customize the behavior of an object is to derive a new class. If you do not
want to do that much work, GAlib is designed to let you replace behaviors of existing objects by

defining new functions.

Deriving your own genome class

You can create your own genome class by multiply-inheriting from the base genome class and your
own data type. For example, if you have already have an object defined, say MyObject, then you would

derive a new genome class called MyGenome, whose class definition looks like this:

// Class definition for the new genome cbject, including statically
// defined declarations for default evaluation, initialization,
// mutation, and compariscon methods for this genome class.

class MyGenome : public MyObject, public GAdencme |
public:
GADefineldentity ("MyGenome", 201};
static void Init (GAGenomek) ;
static int Mutate(GAGenome&, float};
stakic float Cowmpare{const GhGenomes, const GhGenomes) ;
stabkic float Evaluate (GAGencomes}) ;
stabkic int Cross(const GAGenomek, const GAGenomes, GAGenomey, GAGenomet) ;

public:
MyGenome () : GARGencme (Init, Mutate, Compare} |
evaluator (Evaluate} ;
croscsover (Cross);

}

MyGenome (const MyGenomes orig) { copylorig); |

virtual ~MyGenome{) {|
MyGenomes& operator={const GRGenome& orig) |
if (&orig != this) copyi{orig};

return *this;
}
virtual GAGenome* clone (CloneMethod) const
[return new MyGenome{*this) ;|
virtual veoid copy{const GAGenome& orig) |
GAGenome: :copy (orig);  // this copies all of the base genome parks
ff copy any parts of MyObject here
ff copy any parts of MyGenome here

// any data/member functions specific to this new class

|

verid
MyGenome : : Init {GAGenomes} {
// vour initializer here

ink
My3enome : :Mutate { GAGenomes, float}{
// your mutator here

}

float
MyGenome : : Compare (const GAGenomes, const (GAGenomes)
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// yvour compariscon here

}

floak
MyGenome::Evaluate(GAGenome&}{
// vour evaluation here

}

ink
Mydenome : : Jrogs (const GAGenomes mom, <oonst GhGenomes dad, GAGenomey zis, GAGenomet bro}{
/f your crosgsover here

}

By convention, one of the arguments to a derived genome constructor is the objective funchon.
Alternatively (as illustrated in this example), you can hard code a default objective function into your
genome - just call the evaluator member somewhere in your constructor and pass the function you want
used as the default.

Once you have defined your genome class, you should define the intialization, mutation, comparison,
and crossover operators for it. The comparison operator is optional, but if you do not define it you will
not be able to use the diversity measures in the genetic algorithms and/or populations.

Note that the genetic comparator is not necessarily the same as the boolean operator== and operator!=
comparators. The genetic comparator returns 0 if the two individuals are the same, -1 if the comparison
fails for some reason, and a real number greater than 0 indicating the degree of difference if the
individuals are not identical but can be compared. It may be based on genotype or phenotype. The
boolean comparators, on the other hand, indicate only whether or not two individuals are identical. In
most cases, the boolean comparator can simply call the genetic comparator, but in some cases it is more
efficient to define different operators (the boolean comparators are called much more often than the
genetic comparators, especially if no diversity is being measured).

To work properly with the GAlib, you must define the following:

MyGenome { -default-arge-for-your-genome-constructor )
MyGenome (const MyGenomesk!}
virtual GAGenome* clone (GAGenome::CloneMethod) const

If your genome adds any non-trivial member data, you must define these:

virtual ~MyGenome ()
virtual copy{const GAGenomes}
virtual int egqual {const GAGenomes} const

To enable streams-based reading and writing of your genome, you should define these:

virtual int read{istream&)
virtual int write {ostream&) const

When you derive a genome, don't forget to use the _evaluated flag to indicate when the state of the
genome has changed and an evaluation is needed. If a member function changes the state of your
genome, that member function should set the _evaluated flag to gaFalse. GAlib uses the _evaluated
flag to control its caching of the genome scores, so setting and unsetting the flag is critical. If your
member functions do not unset the flag when they modify the contents of the genome, then the genome
will not be (re)evaluated.

Assign a default crossover, mutation, initialization, and comparison method so that users don't have to
assign one unless they want to.

It is a good idea to define an identity for your genome (especially if you will be using it in an
environment with multiple genome types running around). Use the Defineldentity macro (defined in
id.h) to do this in your class definition. The Defineldentity macro sets a class ID number and the name
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that will be used in error messages for the class. You can use any number above 200 for the ID, but be
sure to use a different number for each of your classes.

When run-time type information (RTTI} has stabilized across compilers, GAlib will probably use that
instead of the Define/Declare identity macros.

Genome Initialization

The initializer takes a single argument: the genome to be initialized. The genome has already been
allocated; the intializer only needs to populate it with appropriate contents.

Here is the implementation of an initializer for the GATreeGenome<int> class.

verid
Treelnitializer (GAGenome & ¢} |

GATreeGenome<int > &childs= (GATreelencme<«ints &) c;
// destroy any pre-existing tree

child. root{);

child.destroy(};
/f Create a new kree with depth of 'depth' and each eldecst node
// containing 'n' children (the other siblings have none).

int depth=2, n=3, count=0;

child.insert{count++, GATreeBASE: :ROOT) ;

for{int i=0; i<depth; i++){ child.eldest(};

child.insert (count++} ;
for{int j=0; j<n; j++) child.insertc{count++,3ATreeBASE: :LFTER} ;

}

Genome Mutation

The genome mutator takes two arguments: the genome that will receive the mutation(s} and a mutation
probability. The exact meaning of the mutation probability is up to the designer of the mulation
operator. The mutator should return the number of mutations that occured.

Most genetic algorithms invoke the mutation method on each newly generated offspring. So your
mutation operator should base its actions on the value of the mutation probability. For example, an
array of floats could flip a pmut-biased coin for each element in the array. If the coin toss returns true,
the element gets a Gaussian mutation. If it returns false, the element is left unchanged. Alternatively, a
single biased coin toss could be used to determine whether or not the entire genome should be mutated.

Here is an implementation of the flip mutator for the GA1DBinaryString class. This mutator flips a
biased coin for each bit in the string,

int
GAIDEinStrFlipMutator {GAGenome & o, floak pmukb) {
GA1DBinaryStringGenome &child=(GAlDBinarvStringGenome &)o;
if{pmut <= 0.0} return{o};
int nMut=90;
for{int i=child.length{)-1; 1i>=0; i--){
if (GAFlipCoin(pmut}) {
child.gene{i, {({child.gene{i} == 0} 7 1 : 0};};
nMut++;
t
}

return nMut;
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Genome Crossover

The crossover method is used by the genetic algorithm to mate individuals from the population to form
new offspring. Each genome should define a default crossover method for the genetic algorithms to use.
The sexual and asexual member functions return a pointer to the preferred sexual and asexual mating
methods, respectively. The crossover member function is used to change the preferred mating method.
The genome does not have a member function to invoke the crossover; only the genetic algorithm can
actually perform the crossover.

Some genetic algorithms use sexual mating, others use asexual mating. If possible, define both so that
your genome will work with either kind of genetic algorithm. If your derived class does not define a
cross method, an error message will be posted whenever crossover is attempted.

Sexual crossover takes four arguments: two parents and two children. If one child is nil, the operator
should be able to generate a single child. The genomes have already been allocated, so the crossover
operator should simply modify the contents of the child genome as appropriate. The crossover function
should return the number of crossovers that occurred. Your crossover function should be able to operate
on one or two children, so be sure to test the child pointers to see if the genetic algorithm is asking you
to create one or two children.

Here is an implementation of the two-parent/ one-or-two-child single point crossover operator for fixed-
length genomes of the GA1DBinaryStringGenome class.

ink

SinglePointlrossover (const GhGenomes pl, consk GAGenomes: p2, GAGenome® ¢l, GAGenome¥ c2){

GAIDBinaryStringGenome &mom={GA1DEinarysStringGenome &lpl;
GA1DBinaryStringGenome &dads={GR1DBinaryStringGenome &lpZ;

int n=9;

unsigned int site = GARandomInti{0¢, mom.length(});
unsigned int len = mom.length{} - site;

if{el}{

GA1DEBinaryStringGenome &ziz=(GAlDBinarvStringGenome &) *ol;
gig.copy{mom, 0, 0, site);

gis.copvidad, site, site, len);

n++;

}
if{e2){
GA1DEinaryStringGenome &hro=(GAlDBinarvStringGenome &) o2,
bro.copyidad, 0, 0, site);
bro.copyimom, gite, site, len);
n++;

}

return n;

Genome Comparison

The comparison method is used for diversity calculations. It compares two genomes and returns a
number that is greater than or equal to zero. A value of 0 means that the two genomes are identical (no
diversity). There is no maximum value for the return value from the comparator. A value of -1 indicates
that the diversity could not be calculated.

Here is the comparator for the binary string genomes. It simply counts up the number of bits that both
genomes share. In this example, we return a -1 if the genomes are not the same length.

float
GAIDRinStrComparator (const GhGenomes a, const GAGenomesx b} GAI1DBinaryStringGenome
&eis=(GRlDBinaryStringGenome &)aj; GAlDBinaryStringGenome
Ehro=(GAlDBinarvStringGenome &)b;
if{sis.length{} != bro.length{})} return -1;
float counk = 0.0;
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fori{int i=sis.lengthi)-1;
count += ({sis.gene(i)
return count/eis.length(};

}

1»=0; i--)
= bro.gene{i)} ? 0 : 1};

Genome Evaluation

The genome evaluator is the objective function for your problem. It takes a single genome as its
argument. The evaluator returns a number that indicates how good or bad the genome is. You must
cast the generic genome to the genome type that you are using. If your objective function works with
different genome types, then use the genome object's className and/or classID member functions to
determine the genome class before you do the casts.

Here is a simple evaluation function for a real number genome with a single element. The function tries
to maximize a sinusoidal.

float

Objective (GhGenomes g} {
GARealGenomes: gencome = [(GARealGenome &)9;
return 1 + sin{genome.gene(0) *2+*M PI};

}

Population Initialization

This method is invoked when the population is initialized.

Here is an implemenation that invokes the initializer for each genome in the population.

verid
Poplnitializer{GRPopulation & pl}{
for{int i=0; i<p.size(}; i++)

p.individual (i) .initialize(};

Population Evaluation

This method is invoked when the population is evaluated. If your objective is population-based, you can
use this method to set the score for each genome rather than invoking an evaluator for each genome.

Here is an implementation that invokes the evaluation method for each genome in the population.

vold
PopEvaluator (GRPopulaticn & plf
for{int i=0; i<p.size(}; i++)

p.individual (i) .evaluare(};

Scaling Scheme

The scaling object does the transformation from raw (objective) scores to scaled (fitness) scores. The most
important member function you will have to define for a new scaling object is the evaluate member
function. This function calculates the fitness scores based on the objective scores in the population that is
passed to it.

The GAScalingScheme class is a pure virtual (abstract) class and cannot be instantiated. To make your
derived class non-virtual, you must define the clone and evaluate functions. You should also define the
copy method if your derived class introduces any additional data members that require non-trivial

copy.
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The scaling class is polymorphic, so you should define the object's identity using the GADefineldentity
macro. This macro sets a class ID number and the name that will be used in error messages for the class.
You can use any number above 200 for the ID, but be sure to use a different number for each of your
objects.

Here is an implementation of sigma truncation scaling.

class SigmaTruncationScaling : publie GAScalingScheme {
public:
GaDefineldentity ("SigmaTruncationScaling®, 2861} ;
gigmaTruncationfScaling{flcat m=gaDeffigmaTruncaticnMultiplier}
cim} {}
SigmaTruncationScaling{const SigmaTruncationScaling & arg)
{copy{arg);}
gigmaTruncationScaling & operator={const GAScalingicheme & arg)
| copyiarg}; return *this; }

virtual ~SigmaTruncationScalingi(} {}
virtual GAScalingScheme * clone{} const
{ return new SigmaTruncationScaling{+*this}; }

viretual wvoid evaluate (const GAPopulation & pl;
virtual void copy{const GAScalingScheme & arg) {
if(sarg != this && sameClass(arg}){
GRScalingScheme: :copylarg});
c={(SigmaTruncationsScaling&)arg;) .c;
}
}

float multiplier (float fm) { return c=fm; |
float multiplier{} const | return c; |}

protected:
float o; /f etd deviation multiplier
Vi
wold
SigmaTruncationScaling::evaluate (const GAPopulation & p! {
float f£;
for{int i=0; i<p.size(}; i++){
f = p.individual (i} .score{) - p.ave{} + ¢ * p.dev{};

if(f = 0}y £ = 0;
p.individual (i) .fitness{f};

}
}

Selection Scheme

The selection object is used to pick individuals from the population. Beforea  selection occurs, the
update method is called. You can use this method te do any pre-selection data transformations for your
selection scheme. When a selection is requested, the select method is called. The select method should
return a reference to a single individual from the population.

A selector may make its selections based either on the scaled (fitness) scores or on the raw (objective)
scores of the individuals in the population. Note also that a population may be sorted either low-to-high
or high-to-low, depending on which sort order was chosen. Your selector should be able to handle either
order (this way it will work with genetic algorithms that maximize or minimize).

The selection scheme class is polymorphic, so you should define the object's identity using the
GADefineldentity macro. This macro sets a class ID number and the name that will be used in error
messages for the class. You can use any number above 200 for the ID, but be sure to use a different
number for each of your objects.
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Here is an implementation of a tournament selector. It is based on the roulette wheel selector and shares
some of the roulette wheel selector's functionality. In particular, this tournament selector uses the
roulette wheel selector's update method, so it does not define its own. The select method does two
fitness-proportionate selections then returns the individual with better score.

class TournamentSelector : public GARouletteWheelSelector |
public:
GADafineldentity ("TournamentSeleactaor", 255);
TournamentSelector (int w=GASelectionscheme: :FITNESS)
GARouletteWheelSelectori{w} {}

Tournament&elector {const Tournament3electors orig) { copylorig);: }
TournamentSelectors operator={const GASelectionSchemes orig)

{ if({gorig != this) copy{orig); return *this; }
virtual -TournamentSelectord{) {}

virtual GASelectionfcheme* clone{) const
[ return new TournamentSelector; |}
virtual GAGenomeik selecti{) const;

¥

GAGenome &
Tournamentfelector: :select{) const |
int picked=0d;
float cutoff;
int i, upper, lower;
cuteff = GARandomFloat () ;
lowar = 0; upper = pop-»size()-1;
while (upper »= lower}|
1 = lower + (upper-lower)/2;
if (psumlil]l > cutoff)
upper = i-1;
elege
lower = i+1;
}

lower Min{pop-=size(}-1, lower});
lower Max (0, lower);
picked = lower;
cuteff = GARandomFloat () ;
lowar = 0; upper = pop-»size()-1;
while (upper »= lower}|
1 = lower + (upper-lower)/2;
if (pruml[i] > cutoff)
upper = i-1;
elege
lower = i+1;
}

lower = Min{pocp-»size(}-1, lower});
lower = Max (0, lower};
G3APopulation: :SoreBasis baziz =
{which == FITHESS 7 GAPopulation::SCALED : GAPopulation: :RAW) ;
if {pop-=»order(} == GAPopulation::LOW_IS_BEST}{
if (pop->individual{lower ,basis}.score{] <
pop->individual (picked,basis} .score(})
picked = lower;

}

else|
if{pop-=individual {lower basiz} .score{] =
pop->individual (picked,basis} .score(})
picked = lower;

}

return pop->individual {picked, basis);
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Genetic Algorithm

Here is a sample derived class that does restricted mating. In this example, one of the parents is selected
as usual. The second individual is select as the first, but it is used only if it is similar to the first
individual. If not, we make another selection. If enough selections fail, we take what we can get.

class RestrictedMatingGA : public GASteadyStateGa |

public:
GADafineldentity ("RestrictedMating3a", 288);
RestrictedMatingGh (const GAGenomes& g) : GRSteadyStateGaig) [}
virtual ~RestrictedMatingGa{) [}
virtual void stepi);
RestrictedMatingGh & operator++{} { step(}; return *this; }
Vi
wold
RestrictedMatingGh: :step() |
int i, k;
for{i=0; i<tmpPop->size(}; i++){
momn = &(pop-»select(});
k=0;
do |

k++; dad = &(pop-sselect(}};
| while (mom->compare{*dad} < THRESHOLD && k<pop->sizel});
gkaks . .numeel += 2;
if (GAFlipCoin{pCrossover(})}

gkats . .numere += {*scorogs) {(*mom, *dad, stwpPop-sindividual{i}, 0O};
elae

tmpPop->individual (1) .copy{*mom) ;
gtats.nummut += tmpPop->individual{i) .mutate{pMutation{)};

}

for{i=0; i«<tmpPop-=»size(}; i++)
pop-=add{tmpPop->individual (i)} ;
pop-revaluate(}; // get info about current pop for next
time pop-»scalef(); // remind the population to do its scaling
for{i=0; i<tmpPop->size(}l; I++)
pop-sdesbroy (GAPopulation: :WORST, GhFPopulakbtion::SCALED) ;
states.update {*pop}; // update the statistics by one generation

Termination Function

The termination function determines when the genetic algorithm should stop evolving. It takes a
genetic algorithm as its argument and returns gaTrue if the genetic algorithm should stop or gaFalse if
the algorithm should continue.

Here are three examples of termination functions. The first compares the current generation to the
desired number of generations. If the current generation is less than the desired number of generations,
it returns gaFalse to signify that the GA is not yet complete.

GABoolean
GATerminateUponGeneration (GAGeneticAlgorithm & ga) |
return{ga.generation{) <« ga.nGeneraticns(} ? gaFalse : gaTrue};

}

The second example compares the average score in the current population with the score of the best
individual in the current population, If the ratio of these exceeds a specified threshhold, it returns
gaTrue to signify that the GA should stop. Basically this means that the entire population has converged
to a 'good’ score.

// stop when pop average 1s 95% of best
congt float desiredRatio = 0.%5;
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GABoolean
GATerminateUponScorelonvergence (GAGeneticAlgorithm & gal{

if{ga.gratictics(} . .current (GAStatistice: :Mean) /
ga.gbtatiskice () .current {(GAStatistics: :Maximum} » degiredRatio)

return gaTrue;
else
return gaFalse;

The third uses the population diversity as the criterion for stopping. If the diversity drops below a
specified threshhold, the genetic algorithm will stop.

/f gtop when population diversiey ig below this
const float thresh = 0.01;

GABoolean
StopWhenNoDiversity(GAGenetichRlgorithm & ga) |
if{ga.statisties(}.current (GAStatistics::Diversity) <« thresh)
return gaTrue;
else
raeturn gaFalsze;
}

A faster method of doing a nearly equivalent termination is to use the population's standard deviation
as the stopping criterion (this method does not require comparisons of each individual). Notice that this
judges diversity based upon the genome scores rather than their actual genetic diversity.

// stop when population dewviation is bhelow this
congst float thresh = 0.01;

G3ABonlean
StopWhenNoDeviation(GAGeneticAlgorithm & gal{
if{ga.gratictics(} . .current (GAStatistice: :Deviation) <« thresh}

return gaTrue;
else
return gaFalse;
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Descriptions of the Examples

Each of the examples contains comments in the source files with complete description about what is
going on. Here is a short summary of what each one of the examples does:

exl
Fill a 2DBinaryStringGenome with alternating 0s and 1s using a SimpleGA.
ax2

Generate a sequence of random numbers, then use a Bin2DecChromosome and SimpleGA to try and
match the sequence. This example shows how to use the user-data member of genomes in objective
functions.

ax3

Read a 2D pattern from a data file then try to match the pattern using a 2DBinaryStringGenome and a
SimpleGA. This example also shows how to use the GAParametes object for setting genetic algorithm
parameters and reading command-line arguments.

exd

Fill a 3DBinaryStringChromosome with alternating 0s and 1s using a SteadyStateGA. This example uses
many member functions of the genetic algorithm to control which statistics are recorded and dumped to
file.

exs

This example shows how to build a composite genome (a cell?} using a 2DBinaryStringGenome and a
Bin2DecGenome. The composite genome uses behaviors that are defined in each of the genomes that it
contains. The objective is to match a pattern and sequence of numbers.

axe6

Grow a GATreeGenome using a SteadyStateGA. This example illustrates the use of specialized methods
to override the default initialization method and to specialize the output from a tree. It also shows how
to use templatized genome classes. Finally, it shows the use of the parameters object to set default
values then allow these to be modified from the command line. The objective function in this example
tries to grow the tree as large as possible.

ax7

Identical in function to example 3, this example shows how to use the increment operator (++),
completion measure, and other member functions of the GA. It uses a GA with overlapping populations
rather than the non-overlapping GA in example 3 and illustrates the use of many of the GA member
functions. It also illustrates the use of the parameter list for reading settings from a file, and shows how
to stuff a genome with data from an input stream.,

exd

Grow a GAListGenome using a GA with overlapping populations. This shows how to randomly
initialize a list of integers, how to use the sigma truncation scaling object to handle objective scores that
may be positive or negative, and the 'set’ member of the genetic algorithm for controlling statistics and
other genetic algorithm parameters.
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axe

Find the maximum wvalue of a continuous function in two variables. This example uses a
GABin2DecGenome and simple GA. It also illustrates how to use the GASigmaTruncationScaling object
(rather than the default linear scaling}). Sigma truncation is particularly useful for objective functions that
return negative values.

axl0

Find the maximum value of a continuous, periodic function. This example illustrates the use of sharing
te do speciation. It defines a sample distance function (one that does the distance measure based on the
genotype, the other based on phenotype). It uses a binary- to-decimal genome to represent the function
values.

exll

Generate a sequence of descending numbers using an order-based list. This example illustrates the use
of a GAListGenome as an order-based chromosome. It contains a custom initializer and shows how to
use this custom initializer in the List genome.

exl2

Alphabetize a sequence of characters. Similar to example 11, this example illustrates the use of the
GAStringGenome (rather than a list) as an order-based chromosome.

axl3

This program runs a GA-within-GA. The outer level GA tries to match the pattern read in from a file.
The inner GA tries to match a sequence of randomly generated numbers (the sequence is generated at
the beginning of the program's execution). The inner level GA is run only when the outer GA reaches a
threshhold objective score.

axld

Another illustration of how to use composite chromosomes. In this example, the composite chromosome
contains a user-specifiable number of lists. Each list behaves differently and is not affected by mutations,
crossovers, or initializations of the other lists.

exl5

The completion function of a GA determines when it is "done". This example uses the convergence to
tell when the GA has reached the optimum (the default completion measure is number-of-generations).
It uses a binary-to-decimal genome and tries to match a sequence of randomly generated numbers.

exls

Tree chromosomes can contain any kind of object in the nodes. This example shows how to put a point
object into the nodes of a tree to represent a 3D plant. The objective function tries to maximize the size of
the plant.

axl7

Array chromsomes can be used when you need tri-valued alleles. This example uses a 2D array with
trinary alleles.

axls

This example compares the performance of three different genetic algorithms. The genome and
objective function are those used in example 3, but this example lets you specify which type of GA you
want to use to solve the problem. You can use steady state, simple, or incremental just by specifying
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one of them on the command line. The example saves the generational data to file so that you can then
plot the convergence data to see how the performance of each genetic algorithm compares to the others.

exl9
The 5 DeJong test problems.
ex20

Holland's royal road function. This example computes Holland's 1993 ICGA version of the Royal Road
problem. Holland posed this problem as a challenge to test the performance of genetic algorithms and
challenged other GA users to match or beat his performance.

ax2l

This example illustrates various uses of the allele set in array genomes. The allele set may be an
enumerated list of items or a bounded range of continuous values, or a bounded set of discrete values.
This example shows how each of these may be used in combination with a real number genome.

ax22

This example shows how to derive a new genetic algorithm class in order to customize the replacement
method. Here we derive a new type of steady-state genetic algorithm in which speciation is done more
effectively by not only scaling fitness values but also by controlling the way new individuals are
inserted into the population,

ex23

The genetic algorithm object can either maximize or minimize your objective function. This example
shows how to use the minimize abilities of the genetic algorithm. It uses a real number genome with
one element to find the maximum or minimum of a sinusoid.

ex24

This example shows how to restricted mating using a custom genetic algorithm and custom selection
scheme. The restricted mating in the genetic algorithm tries to pick individuals that are similar (based
upon their comparator). The selector chooses only the upper half of the population (so it cannot choose
very bad individuals, unlike the roulette wheel selector, for example).

ax25

Multiple populations on a single CPU. This example uses the genetic algorithm class called a
'DemeGA'. The genetic algorithm controls the migration behavior for moving individuals between
populations. In this example, the island model is used with a stepping-stone migration behavior in
which the best individuals from each population migrate to their nearest neighboring population. You
can easily modify both the migration algorithm and the population behaviors by deriving a new class
from the DemeGA.

ax2s

Travelling Salesperson Problem. Although genetic algorithms are not the best way to solve the TSP, we
include an example of how it can be done. This example uses an order-based list as the genome to
figure out the shortest path that connects a bunch of towns such that each town is visited exactly once. It
uses the edge recombination crossover operator (you can try it with the partial match crossover as well
to see how poorly PMX does on this particular problem).

ex27

Deterministic crowding. Although the algorithms built-in to GAlib allow you to do quite a bit of
customization, sometimes you'll want to derive your own class so that you can really tweak the way the
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algorithm works. This example shows one way of implementing the deterministic crowding method by
deriving an entirely new genetic algorithm class.

graphic?

You can learn a great deal by watching the genetic algorithm evolve. This example has a simple X
windows interface that lets you start, stop, restart, and incrementally evolve a population of indivdiuals.
You can see the evolution in action, so it becomes very obvious if your operators are not working
correctly or if the algorithm is converging prematurely.

The directory contains two different examples. In the first you can choose between 3 different genetic
algorithms, 2 different genomes (real or binary-to-decimal), and 4 different functions. In the second you
can watch a population of routes evolve for the travelling salesman problem. Both programs use X
rescurces as well as command-line arguments to control their behavior. You can also use a standard
GAlib settings file. These programs will compile using either the Motif or the athena widget set.

gnu'

This directory contains the code for an example that uses the BitString object from the GNU class library.
The example illustrates how to incorporate an existing object (in this case the BitString) into a GAlib
Genome type. The gnu directory contains the source code needed for the BitString object (taken from the
GNU library) plus the two files (bitstr.h and bitstr.C) needed to define the new genome type and the
example file that runs the GA (gnuex.C).

pvmind?

This directory contains code that illustrates how to use GAlib with PVM in a master-slave configuration
wherein the master process is the genetic algorithm with a single population and each slave process is a
genome evaluator. The master sends individual genomes to the slave processes to be evaluated then the
slaves return the evaluations,

pvupop’

This directory contains code that illustrates a PVYM implementation of parallel populations. The master
process initiates a cluster of slaves each of which contains a single population. The master process
harvests individuals from all of the distributed populations. With a few modifications you can also use
this example with the deme GA from example 25 (it uses migration to distribute diversity between

pops).
randtest

Use this program to verify that the random number generator is generating suitably random numbers
on your machine. This is by no means a comprehensive random number testor, but it will give you
some idea of how well GAlib's random number generator is working.

! These examples are included only in the UNIX distribution.
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