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Abstract

We presenta new incrementaknowledgeacquisi-
tion approactthatincrementallyimprovesthe per

formanceof a probabilisticsearchalgorithm. The
approachaddressethe known dif culty of tuning

probabilisticsearchalgorithms,suchasgenetical-

gorithmsor simulatedannealingfor agivensearch
problemby theintroductionof domainknowledge.
We shaw thatour approachs effective for develop-

ing heuristicalgorithmsfor dif cult combinatorial
problemsby solvingbenchmark$érom theindustri-

ally relevantdomainof VLSI detailedrouting.

In this paperwe presentadvancedtechniquesor
improving our knowledge acquisition approach.
We also presenta novel methodthat usesdomain
knowledgefor the prioritisationof mutationopera-
tors,increasinghe GA's ef ciency noticeably

1 Intr oduction

Searchingfor good or even optimal solutionsfor comple
combinatorialproblemshasbeena challengen Arti cial In-
telligenceresearchever sinceAl' s earliestdays.

While it hasbeenlong recognizedthat the effectiveness
of a particularsearchapproachdependson the chosenrep-
resentatioraswell as certaincharacteristicef the problem
to be solved, to datethereis no systematicapproachavail-
ablethatallows oneto ef ciently engineeta special-purpose
searclstratgy for agivensearctproblem.

In this paperwe presentan approachthat allows humans
to articulatetheir intuition abouthow to searcteffectively for
a given searchproblem. This appeargo be a promisingap-
proachas humansoften have good intuitions abouthow to
nd acceptable@r goodsolutionsto searchproblemsiif they
hadto searchmanually

We embeddedour approachin the probabilistic search
framework of GeneticAlgorithms (GA). While GAs have a
reputationas being generalpurpose,in practiceit requires
usually substantialadaptationeffort to the searchproblem
at hand. For comple problemsthis procesanay well take
monthsin orderto allow the GA to nd anacceptablesolu-
tion within reasonabléme.

We chosea probabilisticsearchalgorithmin whichto em-
bed the problemspeci ¢ knowvledge about effective search

strat@ies asthis allows oneto stopthe knowledgeacquisi-
tion processat ary time. A smallerknowledge base(KB)

resultsin a lesseffective searchprocesshut maystill nd a
satishctoryor nearsatistctorysolutionfor lesschallenging
probleminstancesincrementakdditionsto the KB improve
the effectivenes®f thesearch.

As part of our discussionwe presenta novel technique
of varying GA mutationstratey basedon executionhistory;
having implicationsbeyond our work for GAsin general.

For theknowledgeacquisitionprocesave build ontheidea
of Ripple Down Rules[3], which allows usto incrementally
re ne the given (initially empty) knowledge base. Ripple
Down Rules (RDR) ensurethat a knowledge baseis only
amendedn a way that doesnot deteriorateits accurag on
previously seeninstances.

Our variantof RDR is a signi cant extensionof the RDR
approach.We alsointroducean expandedknowledgeacqui-
sition processn which we help the expert nd examplesin
pastsearchhistory wherethe quality of the KB needsatten-
tion. Thiswork is basedon [1].

In section2 we provide a shortoverview of geneticalgo-
rithmsandRDR. This s followed by section3 wherewe de-
scribeour framewvork HeurEAKA!. Section4 introducesa
casestudyof how HeurEAKA! wasappliedto detailedrout-
ing, anindustriallyrelevantproblemin VLSI design.We dis-
cussour experimentsandresultsto thesen section5, demon-
stratingthatour approachis successfulThe conclusiondol-
low in section6.

2 Background

Before we discussour approachto combining GAs and
Knowledge Acquisition, we start with a brief summaryof
thesetwo areas:

2.1 Probabilistic Search with Genetic Algorithms

A numberof evolutionaryalgorithmsexist; we baseour ap-

proachon geneticalgorithmswhich is one suchalgorithm.
BasicGAsarerelatively easytoimplement.A solutioncandi-
datefor thegivenprobleminstancds encodednto agenome.
A setof genomesnakes up a populationof potentialsolu-

tions. The GA performsa searchthroughthe solutionspace
by modifying a populationof genomesguidedby an evolu-

tionary heuristic. When a suitablesolution hasbeenidenti-

ed, thesearchterminates.



GAs usually startwith a randomlyinitialized population
of individuals,andguidetheir searchby a tnessfunctionof
theindividuals.In a probabilisticfashionusingoperatorgor
selection,mutationandcrosseer, the GA attemptsto direct
thesearcho promisingareasl.e. the GA maintainsacertain
populationsizeby replacindesst individualsby nenly gen-
eratedones. The new individualsare generatedy mutation
or cross-oer basedn parentindividualsof high tness.

Dueto their generalityand e xibility, GAs have beenap-
plied in mary domains,demonstratingheir effectiveneson
hardproblemd4; 6]. In very complex domaingtherearesig-
ni cant challengesvheregenericGA techniquesionotscale
well. Thisincludeshigh sensitvity to problemencodingand
operatoformulation,selectiorstratgies,aswell asselection
of operatorweightings,populationsize and runningtime[7;
13;6]. Thusin practicesubstantiatuning of the GA is nec-
essaryto augmenthe genericalgorithms.

In our approachwe do not usean encodingof our prob-
leminto abinarycodeasis oftenseerwith corventionalGAs.
Instead,our encodingis a directrepresentationf a solution
(seebelow for a betterdescription). Our crosseer operator
is designedor this representatiomndthusis very effective
in maintainingsub-solutioncoherencean the genome,and
alsoidentifying which areasof the genomeappeartter than
others. We have a simple yet effective cross@er operatoy
andchoseto concentrateur work on the mutationoperator
- mainly becausat was bettersuitedto our the knowvledge
acquisitionapproach.

Our approachintegrateswith the GA a knowledge base
wherehumanscancodify their intuition aboutusefulsearch
stepsandstratgiesfor the giventype of problem.

In addition, we presenta novel methodthat usesdomain
knowledge for the prioritisation of mutation operators,in-
creasingthe GA's efciency noticeably Becausewe have
sufcient domainknowledgein our tness function, we can
identify partsof the genomethataredesirableor undesirable
and usethat knowledgeto in uence mutationstratgy. We
alsoshov how usingthe mutationhistory of theseidenti ed
characteristico changamutationselectionstratey.

2.2 KnowledgeAcquisition using Ripple Down
Rules

RDR [3] allows oneto add rulesto a knowledge basein-
crementallywithoutcompromisinghe previously shavn sat-
isfactory performanceof the KB. An extension of RDR
allows hierarchical structuring of RDRs - “nested RDR”
(NRDR)[2]. NRDR allows there-useof de nitions in aKB,
aswell asthe abstractiorof conceptswhich allows for more
compactKBs.

SingleClassi cation Ripple Down Rules(SCRDR)usea
binarytreewheretherootnodeis alsocalledthedefaultnode.
To eachnodein thetreearule is associatedyith a condition
partanda conclusionwhich is usuallya class- in our case
it is an operatorapplicationthough. A nodecanhave up to
two children,oneis attachedo an exceptlink andthe other
oneis attachedo the so-calledif-not link. The conditionof
thedefaultrulein thedefault nodeis alwaystrueandthecon-
clusionis the default conclusion.Whenevaluatinga treeon
a case(the objectto beclassi ed), a currentconclusionvari-

ableis maintainedandinitialisedwith thedefault conclusion.
If anodesrule conditionis satis ed, thenits conclusiorover-

writesthe currentconclusionandthe except-link, if it exists,

is followed and the correspondingchild nodeis evaluated.
Otherwisetheif-not link is followed,if it exists,andthecor

respondingchild nodeis evaluated. Oncea nodeis reached
suchthatthereis no link to follow the current conclusionis

returnedasaresult.

If <true> then ..
except

‘ If a thenV }—»‘ If dthenW }e—X;LIf g thenY ‘
ept

except false ¢ false

| 1 hijthen Z |

‘ If ef then X ‘

Figure 1: A simple RDR structure. The dashedine
indicatesthe path taken & rule executed(V) for ade,
thebold box indicateshow actionZ would beaddedfor
adghij .

Figure2.2 shavs a simpleRDR treesstructure.In bold is
a rule that a usermight have addedfor the casewherecon-
ditionsadghij hold, causingactionZ to be executedjnstead
of W.

For the purposeof integratingwith the GeneticAlgorithm,
in ourapproacleachcasdas agenomeandconclusionsareac-
tually asequencef actionghatcanbeappliedto thegenome.

In typical RDR implementations,ary KB modi cation
would be by addingexceptionrules, usingconditionswhich
only apply to the currentcasefor which the currentknowl-
edgebaseis inappropriate.By doing this, it is ensuredhat
proper performanceof the KB on previous casesis main-
tained.

NestingRDRsallows the userto de ne multiple RDRsin
a knowledge base,where one RDR rule may use anothey
nestedRDR treein its condition,(andin HeurEAKA! aspart
of anaction,seesection3). l.e. the nestedRDR treeis eval-
uatedin orderto determinenvhetherthe conditionis satis ed.
A stricthierarcly of rulesis requiredto avoid circularde ni-
tions.

3 HeurEAKA! - Our Framework for
Impr oving Search with Domain Knowledge

The HeurEAKA! (Heuristic Evolutionary Algorithm with
KnowledgeAcquisition)framewnork is composef ageneral
GA schemaandaknowledgeacquisition(KA) component.

Eachgenomein the GA populationrepresents potential
solutionto the problemto be solved. While searchingthe
GA needsto performa tness evaluationandthe mutation
of a genome.For this it usesthe two knowledgebasesthe
Mutation KB andFitnesskB. The GA presentsa genometo
therelevantKB, which responddy suggesting mutationor
tness score. (The crossw@er functionis handleddifferently
moredetailsbelow).

The KA modulehandlesmaintenancef the KBs, which
containcollectionsof NRDRs. The NRDRs areincremen-
tally developedby the expert throughthe addition of rules



(the next sectioncontainsa detaileddescriptionof this pro-
cess).

The Fitness KB containsrules basedon past examples
given by the expert aboutdesirableand undesirabldraits of
genomes.The GA requiresa tness value,sotherulescon-
tainvariouscalculationghe expertaddsto re ect theseraits.

The Mutation KB similarly containsrules accumulated
from expertrecommendationsEachrule containsan action
to be executedundercertainconditions. Eachactionis one
or morecommandsavhich canmodify the genome.The KB
containsa setof NRDRswhich containtheserules. When
a genomeis presentedo the Mutation KB, it is evaluated
acainsttheseNRDRs. In accordanceo the RDR algorithm,
actionswhich satisfythe relevant conditionsare selectedor
execution. A non-deterministi@lements introducedby let-
ting the expert attachprobabilisticweightsto selected\R-
DRsandletting a randomprocedurepick which oneto exe-
cute. This allows the expertleevay to speculateaboutwhat
the bestactionsmight be, effectively letting the GAs heuris-
tics “decide” the mostappropriateaction.

As opposedo othermethodgelatedto case-baserkason-
ing and GAs (e.g.[12] or [11]), the expert usespastcases
to formulaterulesto explainimprovementsratherthanusing
pastexamplesor similar solutionsinjectedinto the evolution-
ary processgr trying to extracttherulesautomatically

Theoverall architectureof HeurEAKA! is domainneutral.
TheimplementatiorcontainsKB managemennodulesGA,
agraphicaluserinterfaceaswell asrangeof utilities support-
ing the expert evaluatepastsearchesThis is complemented
with a smallercomponenthat needsto be implementedor
eachproblemdomain containinga relevant solution repre-
sentation The userinterfacealsorequiresa smalladditionto
translatethis representatiofor visualisation.

A generapurposdanguagés extendedwith primitivesto
male it suitablefor describingthe domainspeci c represen-
tation. Rulesenteredby the expert are speci ed using this
simplelanguagewhich is looselybasedon “C” syntax.The
rule conditionsuselogical expressionsvhile actionsinclude
a rangeof commandsjncluding variables,loops and refer
encesto other NRDRs which are evaluatedanalogouslyto
functioncalls. Section5 givesexamplesof rule speci cation.

3.1 The KnowledgeAcquisition processn
HeurEAKA!

The overall approachallows the userto run the GeneticAl-

gorithm with the currentKBs and monitor or inspectafter

wardswhetherthe tness function computedfor anindivid-

ual aswell asthe appliedmutationoperatorwhereappropri-
ate/promisingstepsto do.

To do that, the geneticalgorithm can be started,stopped
andresetvia agraphicaluserinterface.A snapshoof the GA
populationis presentedisually, from whichtheusercanpick
anindividual for closerinspection.

Figure 2 shavs anindividual genomebeinginspected.A
usercanstepthroughthe procesof mutationandevaluation
of thatgenomeasif the solutionwas part of the GA popu-
lation. Given non-deterministieclementsof operatorselec-
tion, the interactve dehuggermaintainscompletestatede-
scriptionsallowing theuserto stepforwardandbackwardsin

executionhistory andalsorecreatingconditionsfor repeated
testing.

The expert canreview actionsappliedto the genomeand
make modi cationsto theKB if he/shefeelsthey areneeded.
Themodi cationsaretypically doneby addingexceptiongo
theNRDR (in accordancevith RDR methodologydescribed
above), but may alsobe an edit of anexisting rule or the ad-
dition of anew NRDR.

In the traditional Ripple Down Rulesapproachit is as-
sumedevery rule enteredis correctand hasits reasonto be
there, modi cation of a rule may have undesirableside ef-
fectswhichareoftendif cult to control. While thesearevalid
reasongor notmodifying rules,our experimentssuggesthat
it is sensibleto modify rules at the beginning of building a
knowledgebase.In particular for the de nition of mutation
operatorst provedusefulto have this optionto modify rules.

5 gmal | CANCEL (X)

Figure?2: Theinteractie screerallows the userto inspectthe
individual genome,stepthroughrule application,and amend
theKB asneeded.

3.2 Advancedfeaturesfor supporting Knowledge
Acquisition

Onceasufciently largeKB hasbeencreateasednsmall-
scaleevaluation,moreautomatednethodsareneededo sup-
portausersinteraction:

GenomeVisualisation: Oneof thestrength®f usingRDR
is that the approachis successfuiin eliciting tacit knowl-
edge[3], sincerules are formulatedwhile the systemis in
useandwith the justi cation of an example. With complex
problems(suchasis describedn sectiord), thevisualisation
of a solutionis very importantin allowing the userto form
anintuitive understandingln the evaluationmodule thereis
immidiatevisualfeedbackwvhenrulesareapplied.

Trigger functions: Duringthe executionof the GA, thou-
sandor evenhundredof thousandsf ruleapplicationdo all
mannernf genomesremade.lt is not possiblefor theexpert
to superviseeachcase. The usercande ne a trigger func-
tion which is appliedto eachgenomeduring the execution
of the GA. If the function's conditionis met, anexceptionis



thrown, haltingthe GA's execution,providing a pointerto the
individual alongwith an executiontraceof recentlyapplied
rules.
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Figure 3: NRDR usagein
genome. The legendshaws the
numberof con icts (lessis bet-
ter). Arrow: an NRDR which
is muchlessuseful after an er
ror wasintroducedby theexpert
(thetopgraphis beforetheerror,
thelower oneafter).

Figure 4: The “minimal” KB
and “small” KB are unableto
solveproblem.Themoremature
KB cansolhe it effectively.

NRDR usagepro le : Executionstatisticarekeptfor each
NRDR execution,recordingthe frequeng of useover mary
GA runs. Comparingthe pro le of aggregate use of NR-
DRs by successfuls less successfubenomegjudging by
their tnessfunctionandhow soonthey wereeliminatedfrom
the GA population) providessomeimpressiorof anNRDRs
“usefulness”androle in GAs lifetime. Figure 3 shavs the
frequeny of afew selectedNRDRsrelative to the genomes
age(the examplesarefrom the VLSI casestudydiscussedn
thenext section).

In theless t genomessomeoperatorshave a high count
comparedo the tter genomes.Theseoperatordurn out to
be*“high churn”operators they canaffectlarge sectionsof a
genome.In the earlierstagesof a GA theseNRDRssupport
high entropy andthusallow the searchto cover moresearch
space.Whenthe genomeis closerto the ideal solution,i.e.
hasmoredesirablecharacteristictn place theseNRDRsdis-
rupt establishedgood” con gurations. Their relative usage
frequeny in tter populationss thuslower.

Thecharacterisationf NRDR utility canonly provide the
expertwith a roughideaof its “usefulness”.In that context
it did contribute somevhatto the intuition the expert devel-
opedwhendoing KA. Whereit wasfoundto be quite useful
though,waswhenthe expert introducedsomemaodi cation
to the NRDR which inhibited it from functioningaswell as
previously - meaningthatit wasmuchlessusedin arriving
at t genomes.This helpedcatchat leasta few of errors. In
gure 3thearraw indicatessuchanNRDR.

Tuning probabilistic weighting of NRDRs: In section3
we mentionedhe notion of usingprobabilisticweightingsto
affect the GA's selectionof NRDRs. This allows the expert
to “tune” the KB whenhe/shenasa goodintuition asto what
actionmight be useful,but is notentirely sure.

In our experimentswe identi ed a setof NRDRswhich
would probablybe usefulfor varioustypesof problems.For

thesewe createdveightingsgiving preferenceo therelevant
NRDRs. This wasin the nal stagesof re ning our KB,
wherewe allowed 1/4 of all modi cationsto be decidedran-
domly, and 3/4 basedon the probabilisticweightingsbased
on problemclassi cations. With this we sav a measurable
improvementin our searclresults.

In theexperimentonductedn ourtestdomain,we sav a
measurablénprovementin our search.

Identifying genome modi cations of interest Some-
timesagenomanutationplaysarolein thelongtermsuccess
of thatgenome put the immediateresultof the mutationis a
reductionor no changein its tness. In general,GAs cope
with this by having a large enoughpopulationpool andpre-
ventingprematuretness corvergence soasnotto throw out
suchgenomegoo soon. In traditional GAs it is hardto oth-
erwiseaccountfor thesecases Giventhatwe have anexpert
who canmalke judgmenton individual examplesusingintu-
ition andhindsight,the tness function canbe augmentedo
bridgethe interval neededo seea promisingmutationcome
to fruition.

Theproblemcomeswith identifying thesecandidatamuta-
tionsin orderto presentthemto the expert. We identi ed
all the mutationsfalling into a window size of 10 actions
prior to a tness improvementexceedinga given threshold.
Thesewere collectedfor review for the expert's considera-
tion. In practicewe found therewastoo muchdatato effec-
tively judgethe casedy hand.

Wethentried usingadiscountedewardschemeandsome
othermethodsto help reducethe candidatespace but have
not yet beenable to improve matters. This aspectof the
projectarecurrentlybeingworkedon.

3.3 Advancedfeaturesfor usein Knowledge
Acquisition

Preferencesin choosingparts of the genometo mutate:
As hintedatin the geneticalgorithmssection(2.1), we have
introduceda novel methodof choosingpartsof agenomeor
mutation.In our tness functionwe areableto identify parts
of thegenomehatareundesirable.

We keeptrackof themodi cation of thosepartsovertime,
andgive ahigherpreferencaveightingto newly arisingprob-
lem areas.Thisis doneby keepinga list of existing problem
areasand discountingtheir preferenceweighting after each

tness evaluation. Whenit comesto choosinga part of the
genometo mutate,we normalisetheseweightsand make a
probabilisticchoiceof theidenti ed problems.Thisresultsin

newer problemareashaving a higherchanceof beingpicked.
With this schemewe allow somecontinuity in searchdirec-
tion, potentiallyovercomingocalminimain thesearctspace.

In the contet of our experimentaldomain,we empirically
founda 65%discountfactorgave the bestresults.Compared
with no discountschemg(giving all identi ed problemareas
equalchance)the numberof successfulGA trials was 85%
higher andthe successfutrials took on averagehalf thetime
to complete.

Mutation look-ahead We addeda featurethatallows the
expert to make useof a “mutation look-ahead"function in



therule speci cation. This function allows for the compari-
sonof agenomebeforeandaftera mutationhasbheenmade.
This effectively allows a local searchin the mutationNRDR
(similarto aLamarckianearningmechanisnin evolutionary
algorithms).

Our knowledge baseincorporatediocal searchby com-
paringthe tness of a genomebeforeand after a candidate
mutation. This can be usedin an RDR at ary point, but
wasmostsuccessfullyjusedfor a generalisednutationlook-
ahead Here,for eachmutationa seriesof 10 stepsgachrec-
ommendediy the mutationKB was used,while the tness
valueswererecorded. The point of highest thess valuein
thesequencevaspickedasthe nal mutation.

When using the look-aheadmechanismGA trials hada
signi cantly highersuccesgate. Eachsuccessfutrial was
alsofasterto corverge on a solution(asmeasuredn overall
executiontime).

4 CaseStudy - Detailed VLSI Routing

In orderto demonstratéhatgeneticalgorithmsenhancedvith
knowledgeacquisitioncanbe usedto develop algorithmsfor
solving complex combinatorialproblems, detailed channel
routing aswell as switchboxrouting, both industrially rele-
vantproblemswithin therealmof VLSI designwerechosen
to demonstratéheapproach.

4.1 Domain Speci cs

A channelrouting problem(CRP)is given by a channelof a
certainwidth. On both sidesof the channelare connection
points. Eachconnectionpoint belongsto a certainelectrical
netandall connectiorpointsof thesamenetneedto bephys-
ically connectedwith eachotherby routing a wire through
the channeland, of course,without two netscrossing. The
width of the channeldetermineshowv mary wirescanrunin
parallelthroughthe channel. The length of the channelde-
termineshow mary connectionpoints on both sidesof the
channeltheremay be. Furthermore the layoutis doneon
a small numberof differentlayers(e.g. 2 to 4 layers),to
malke a connectiorof all netswithout crossingpossibleatall.
Two adjacentlayerscan be connectedat ary point using a
so-calledvia.

Theswitchboxroutingproblem(SRP)is similarto the CRP
but usuallymoredif cult, asit dealswith connectionson all
four sidesratherthanonly two. A solutionto the CRPand
SRPwill bereferredto asalayout

GenomeEncoding: A genomedescribeghe layout of a
CRPor SRPsolution. This takestheform of alist of straight
wire sggments.

Initially, a genomewill usuallynot represent valid solu-
tion assomewiresareusuallycrossing.Only whenall those
crossingshave beeneliminatedand not more thanthe pre-
scribednumberof layersare usedwould the tness valueof
agenomeeacha satishctorylevel.

GenomeOperations. Individualsin the GA areinitialised
with a randomwire layout without regard to con icts. The
GA operaten a genomeby crosseer, mutationand eval-
uation. However, the GA's cross@er operationis currently
not controlledby a knowledgebase. The crosseer for our

layout problemsgroupswires into mutually exclusive sets,
oneof thosesetsis exchangedetweenparentg(i.e. the cor
respondingwires are exchanged).The crosseer operatoris
thushighly sensitve to the structureof the problem,aswell
asinteractionbetweenits elements.The formulation of the
crossweroperatoris domainspeci ¢, andwe planto malke it
partof theknowledgeacquisitioncycle in future versions.

Evaluationis doneusingthe evaluationKB. Typically the
userusesasa tness criteriathe numberof layersandcon-
icts in alayout. The length of wires, numberof vias and
possiblecross-talk(electronicinterferenceoccurringin par
allel wires) arealsouseful tness criteria.

ThemutationKB containgulesdesignedo manipulatehe
layout,typically they would describetheresolutionof a con-
ict identi ed usingthe . ndconict command(a primitive
functionreturningacon ict foundin thelayout).

Example of rules applied to the Switchbox Routing
problem: Initially, a KB is built up de ning operatorsus-
ing primitivesbasedon nodeandwire manipulation. These
form the foundationfor morehigh-level conceptsavhich can
beusedintuitively by anexpert.

Assumingwe startwith a KB with relatively high-level
actionsde ned, e.g. Move\érticalSgmentRightand Move-
HorizontalSgmentUp Whenappliedto the examplein g-
ure5, it seemghatthe action Move\érticalSgmentRighis
unlikely to lead to a promising solution. The expert can
amendthe KB to suggestan alternatve action. (seenodes
labeledN1andN2in gure 5). In this casetheuserwill nd
thatMove\érticalSgmentRights undesirableandformulate
a rule with conditionis_Vertical(N1) && is_Horizontal(N2)
&& right_of(N2.net,N1) and action MoveHorizontalSg-
mentUp(N1.pav). Thisrule would be addedasan exception
in theKB. Theoperatorseferencedherearede nedasRDRs
elsavherein the KB. is_\ertical(N1) returnstrueif the seg-
mentbetweerN1 andits succeedingnodeis vertical (change
in row), is_Horizontal(N2) returnstrue if the sggmentbe-
tweenN2 andits successois horizontal(changen column).
right_of(N2.ne&t,N1) will returntrueif the nodesucceeding
N2 liesto theright of N1.

Figure5: An exceptionis createdby the expert, replacingthe ac-
tion Move\érticalSgmentRighsuggestedby the KB, with the ac-
tion MoveHorizontalSgmentUp(N1.pv). (ThetagsN1 andN2 are
referencedn thetext).

5 Experimentsand Results

Experiments: In orderto testour approachandthe imple-
mentedool, a KB wascreatedInitial testsweredonewith a
KB containing2 RDRsand10rules,latertestswererunwith
50RDRsand167rulesand53 RDRsand182rules.



In orderto shav thattheintroductionof domainknowledge
improvedthe searchwe testedthreedifferentKBs: A “mini-
mal” KB with 5 rules,a“small” KB containingl0rules,and
a “large” KB containing167 rules. Using the rst two, the
GA wasunableto solve the given problem,while usingthe
third, it was. Fig.4 shawvs progressie improvementin search
with KB size.

A KB containingb3 RDRsand182ruleswascreated Ini-
tial ruleswerelow-level in nature dealingwith manipulation
of nodesandwires. This technicalwork requiredfrequent
editinganddehugging. Usingthevalidationmodulewith trig-
gerfunctions(describedabore) washelpful at this stage.

After the low level ruleswerede ned, rulescould be de-
ned atahigherlevel of abstractionBecauséhiswasamore
intuitive abstractiorevel, it waseasietto formulaterulesand
requiredlessrevision. The high level NRDRswereusedby
themutationKB, for whatthe probabilisticalgorithmwasin-
tended:choosingrom thedifferenthigh level stratgiesin an
attemptto resole con icts.

Results We were able to solve well recognisedbench-
marksfrom the domainof switchboxand channelrouting.
TheseincludedBursteins dif cult channelrouting problem,
Bursteins switchboxroutingproblem the DENSEswitchbox
andthe JOQ6_16 problem,amongstothers. The solutions
found were comparabléeo others'attempts,including those
Ff t]heWEAVER, Silk, Packer andMonrealerouters[9], [5],

10].

Figure7:
Figure6: Solutionto Bursteins A samplechannerouting
switchboxproblem. solution.

We foundit initially dif cult to completesomeof themore
challengingbenchmarksauntil we usedthe techniquedisted
in sections3.2and3.3

On averagerulestook approximatelylO minuteseachto
formulate, taking about 30 hoursfor the formulation of a
viable knowledge base. The formulation of effective CRP
and SRPalgorithmshasbeenthe subjectof muchstudyand
industry-standardlgorithmstook mary yearsto develop[8].
In our caseKA wasdoneby a novice, usingmainly intuition
andbeingableto incrementallyspecifyrulesin anaturalway
ontheknowledgelevel. Thustheeffort andexpertiserequired
wassigni cantly lessthancommerciakouting solutions.

6 Conclusion

We have presente@napproacho solvingcomplex combina-
torial problemsby usingagenericsearctalgorithmandincre-

mentallyintroducingdomainknowledgein orderto make the

searchractable We useknowledgeacquisitionthatsupports
the exploratorydevelopmentof solutionswhich, whencom-

binedwith a GA, malesit easierto tackledif cult problems
thanhaving to designa corventionalalgorithm.

While GAs have beensuccessfullyusedin mary domains,
in practicethey often require considerableaugmentatiorto
malke the genericarchitecturesffective in complex domains.
The uncorventional KA techniqueof RDR formalisesthis
adaptatiorprocessallowing anexpertto intuitively developa
domain-speci csolution.In orderto useRDR for integration
with GAs, we have introducednen methodsto make them
work with probabilisticsearch.

We have alsopresentecg numberof advancedtechniques
thatenhancehe KA process.Theseincludethe useof trig-
gerfunctions NRDRusagepro les andweightings mutation
look-aheadsindautomaticcaseidenti cation.

As part of our mutation operators,we have identied a
promisingtechniqueor improving probabilisticsearchby us-
ing the mutationhistory of a genometo biasthe searchinto
morerecentareasof exploration. We have foundthis heuris-
tic to returnpromisingresults.

The applicationof our framevork in the well understood
domainof detailedchannelrouting and switchboxrouting,
enablesus to compareour resultsagainstindustrially used
algorithms.We have shavn thatwe areableto solve accepted
benchmarksompetitively, usingfar lesseffort thanneeded
for thedevelopmentof corventionalalgorithms.

In future work we will investigate the applicationof our
techniquedo a differentdomain. Anotherworthwhile direc-
tion would beto exploretheapplicabilityof ouradvancedKA
techniguego moretraditionalKA domainsoutsideof search.
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