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Abstract. This paperdiscussesa promisingnew researchdirection, the auto-
matic learningof algorithm componentsfor problemclasses.We focus on the
methodologyof this researchdirection.As an illustration, a mutationoperator
for a specialclassof subsetsumprobleminstancesis learned.Themostimpor-
tant methodologicalissueis the emphasison the generalisabilityof the results.
Not only a methodologybut alsoa tool is proposed.This tool is calledDRM
(distributedresourcemachine),developedaspartof theDREAM project,andis
capableof runningdistributedexperimentsontheInternetmakingahugeamount
of resourcesavailableto the researcherin a robust manner. It is arguedthat the
DRM is ideally suitedfor algorithmlearning.

1 Introduction

This paperdiscussesa promisingnew researchdirection,theautomaticlearningof al-
gorithmcomponentsfor problemclasses.Themaincontribution of this paperis three-
fold. First, we emphasizethe importanceof an appropriatemethodologythat allows
researchersto producegeneralizableknowledgeoveraproblemclassratherthanaprob-
lem instance.Second,we proposea tool that might be ideally suitablefor generating
suchknowledgeautomatically. Finally, boththemethodologyandourproposedtool are
illustratedvia anexample:a searchoperatorfor a specialclassof subsetsumproblem
instancesis learned.

In therecentyearsmuchresearcheffort hasbeendevotedto methodsthattry to im-
proveheuristicsearchthroughsomeform of learning.To motivateour approach,let us
elaborateonits relationshipwith thesemethods.Thewaydifferentapproachesgenerate
knowledgecanbecategorizedalongat leasttwo dimensions.Thefirst is definedby the
distinctionbetweenresearchperformedmanuallyandautomaticlearning.Thesecond
is definedby thescopeof theknowledge.This scopecanbea singleprobleminstance
or a wholeclassof problems.We will call thelater typeof knowledgedurableknowl-
edgereferringto its generalityandlong term relevance.As it shouldbe clearalready
wewill focusonautomaticallygeneratingdurableknowledgehere.It is usefulhowever
to examinethethreeotherclassesgeneratedby thetwo dimensionsdescribedabove.�
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Probleminstancespecificknowledgegeneratedmanuallyis theunfamousfine tun-
ing processof a given algorithm on a specificproblem.Besidesof being time con-
suming,thescientificrelevanceof suchknowledgeis questionabledueto its restricted
scope.

The idea of automaticallylearningprobleminstancespecificknowledgeis very
common.It includesall approachesthat apply someform of adaptationor learning
during theoptimizationprocess.Thegeneratedknowledgeis normallynot considered
scientificallyimportantandis discardedafterthecompletionof thealgorithm.Thelarge
field of self-calibratingalgorithms(which includethe meta-GAapproach)belongsto
this class[7, 3]. Themain ideais that thevaluesof differentalgorithmparametersare
automaticallytunedonthefly to achieveoptimalperformancewhile solvingaproblem.
Another successfulidea is building probabilistic representationsof the fitnessland-
scapebasedon thesolutionsevaluatedduringthesearchandgeneratingnew candidate
solutionsbasedonthisknowledge[13]. If appliedasheuristicoptimizers,culturalalgo-
rithmscanbeclassifiedinto this category aswell. They do not fix any knowledgerep-
resentationoffering a moreabstractframework for learningbasedon theperformance
of thedevelopingpopulation[14].

Durableknowledgeis often not generatedautomatically, partly due to the large
computationalrequirements.Oneexampleis [5], wheredifferentoperatorsweretested
on many randominstancesof an infinite problemclass(NK-landscapes).Using these
resultsit is possibleto predict the behavior of theseoperatorson unseeninstancesof
the problemclass.Beforeoptimizingan instanceof this class,onecandirectly chose
thebestoperator.

This paperwill argue for the usefulnessand feasibility of automaticallygenerat-
ing durableknowledge.Usefulnessdoesnot needtoo muchexplanation:in the case
of (practicallyor theoretically)interestingproblemclassesthis learningcanprovideus
with betteralgorithmsovera wholeproblemclassandcanalsohelpusunderstandthis
problemclassbetterthroughtheanalysisof the collectedknowledge.The importance
of durableknowledgewasemphasizedalso in [9]. The questionof feasibility is not
soevident.Producingdurableknowledgecanbeanexpensiveandslow process.How-
ever, distributedsystemson widearenetworksoffer a naturalsolutionto problemsthat
requirea hugeamountof resources.

With theoverallsuccessof theInternetdistributedcomputationis gettingmoreand
moreattention[6, 16]. Systemsexist thatcanutilize resourcesavailablein theform of
e.g.theidle time of computerson theInternet[15,17]. As partof theDREAM project
([12]) suchacomputationalenvironmentwasdeveloped,theDRM (distributedresource
machine).TheDRM—unlikee.g.SETI@home—isbasedoncutting-edgepeer-to-peer
(P2P)andJava technology. This allows it to bescalable,robustandflexible [10].

If weconsiderthatmany researchandengineeringinstitutionssolve instancesfrom
thesameproblemclassroutinelyon a largescaleanyway, with anadditionallayeron
top of their network (in the form of a distributedcomputationalenvironmentlike the
DRM) durableknowledgecanbegeneratedevenmoreefficiently.

Theoutlineof thepaperis asfollows.In Section2 weelaborateonthemethodology
that allows us to learndurableknowledge.Section3 is devotedto the DRM, the tool
we will useto learnan operatorfor our exampleproblemclass.We alsodescribeour
empiricalresultson theexamplelearningproblem.Section4 concludesthepaper.



2 Methodology

In thissectionweoutlineamethodologythatsupportsthegenerationof durableknowl-
edge.We interpretknowledgeas algorithmic knowledge,i.e. we want to learn what
type of algorithm is optimal on (or at leastwell-tailored to) a given problemclass.
More specifically, we areafter a goodevolutionaryalgorithmfor a problemclass,so
thesearchspaceof our learningtask– which we call thealgorithmspace– consistsof
all EAs. Herewe canmake furtherchoicesandreducethe taskto finding goodvaria-
tion operators,recombinationand/ormutation.In caseof mutation,thealgorithmspace
would bethespaceof all possibleunaryoperatorsactingaspartof theevolutionaryal-
gorithmsolvingproblemsof thegivenclass.Thesizeandcomplexity of thealgorithm
spacedependsonhow thepossiblemutationoperatorsarerepresented.In general,there
areno restrictionson this representation.It is possibleto definethespacesimply by a
single parameter, e.g. 
�� of a fixed bit-flip operator, but usingarbitraryexpressions
from a suitablesyntax,e.g.LISPknown from geneticprogramming,is alsopossible.

Oncethealgorithmspaceis definedthelearningalgorithmcooperateswith thebasic
EA. In general,thereareno restrictionson thelearningalgorithm.In this paperwe use
anevolutionaryalgorithmfor this purpose,soourmethodworksroughlyasfollows.A
numberof probleminstancesareprovided(e.g.,by a randominstancegenerator)and
differentvariantsof thebasicEA is run on theseinstances.Thevariantsaredefinedby
themutationoperatorit usesandthesemutationoperatorsform thepointsof thelearn-
ing space.ThelearningEA performsevolutionarysearchover thesepoints.Evaluating
sucha point amountsto evaluatingthe mutationoperatorit representsby performing
independentrunswith thegivenoperatoron many probleminstances.Thevalueof the
operatoris obtainedby the quality of solutionsof the basicEA usingit. Clearly, this
impliesveryextensivecomputationswhich motivatesour usageof DRM, cf. section3.

2.1 An Example Problem Class

An importantpreconditionof gaininggeneralizableknowledgeis a well definedprob-
lem classon which algorithmscanbecompared[4]. For thepurposeof this paperwe
usethesubsetsumproblemasanexample.It is anNP-hardcombinatorialoptimization
problem.Besides,it is known wherethehardinstanceslie [1].

In thesubsetsumproblemwe aregivena set ������ ��� � ����������� ����� of � positive
integersanda positive integer  . The taskis to find a !#"$ suchthat the sumof
theelementsin ! is closestto, withoutexceeding, . For thisproblemit is possibleto
defineaprobleminstancegenerator. Let usassumethata triple %&� �(')�+*-, is givenwhere
� is thesetsizeasaboveand */.10 23��4�5 is calledthedensityof theproblem.Theset 
is createdby drawing ��6 randomlyfrom theinterval 0 23��798�5 with a uniform distribution
for :;� 49��������� � andlet  bethesumof a randomsubsetof  of size 0 � *<5 . We will
denotethe generatedproblemclassby SubSum%=� �('��(*>, . Our runningexamplein the
paperwill beSubSum% 4�2923��4�2�23�+2?�@4A, .

It is essentialthattheproblemsin aproblemclassexhibit somecommonstructurein
somesense,somesimilarity thatcanbeexploitedandconvertedto durableknowledge.
Note that structureas meantherearisesfrom a combinationof an algorithm and a
problemclass.For afixedalgorithmspacetheproblemclassis structured(non-random)
if the behavior (performance)of the differentalgorithmsshows someregularitieson
differentinstancesfrom theproblemclass.Thelackof suchregularitieswould indicate
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that the algorithm spacein questionand the problemclassare not related:there is
nothingto belearned.

Thegraphin Figure1 shows suchregularitiesherewith respectto a simple(1+1)
EA. The EA usesa binary representationwith every bit representingthe presenceof
a given setelementin the candidatesubset,anda a bit-flip mutation.DifferentEAs
correspondto differentmutations,definedby themutationrate.Figure1 plotstheper-
formanceof suchmutationrates,definedasthe distancefrom the desiredsum(to be
minimized) of their “hosting” EA. Eachpoint in the curve wasgeneratedusing100
runson differentinstances,all runsuntil 10000evaluations.Theinstancesfor different
mutationprobabilityvaluesweredifferentaswell.

Figure1 providesa confirmationthat thereis a link betweenmutationoperators
andalgorithmquality: therearesomeregularitiesto beexploited,thereis somethingto
learn.It is importantto notethat this is not necessarilyall the regularity we canfind.
Therefore,we arealsointerestedin otheralgorithmsthatmight exploit otherregulari-
ties.Thevery essenceof our approachis thatwe try to exploreanddiscover asmuch
similarity aspossible,usingother, richeralgorithmspaces.

2.2 An Example Algorithm Space

In thecaseof SubSum% 4�2�23��4�292?�+2?�@4A, let usfix the(1+1) EA applieduntil 10000eval-
uationswith the binary representationmentionedabove. The algorithmspacewe will
useis givenby themutationoperatorwhich is definedby two parameters:
?C � defines
theprobabilityof flipping a 0 to 1, and 
 � C definestheprobabilityof flipping a 1 to 0.
If 
?C � �1
 � C thenwe getthetraditionalbit flip mutation.This choiceof representation
involvesdomainknowledgeaswell [8]. Sincethedensityof theproblemis relatively
low, it might bebetterif theoperatorcanexpressa biastowardssolutionsthatcontain
more0sthan1s.Our mutationoperatorcanexpressthisbias.



3 A Suitable Tool: DRM

3.1 DRM Structure

The interestedreaderis kindly asked to refer to [10,11] for a detaileddescriptionof
the DRM. A main featureof the DRM is that applicationsare implementedon it in
theconceptualframework of multi-agentsystems.In fact,theagentsarethethreadsof
the distributedapplications.They aremobile, they cancommunicatewith eachother
and they canmake decisionsbasedon the stateof the DRM or the applicationthey
participatein.

As applicationsaremulti-agentapplications,themaintaskof theDRM is to support
theseagents.Theframework is implementedin Java languagewhichprovidesmobility
andsecurity. Furthermore,to maximizescalabilityandrobustness,theDRM is a pure
P2Psystem,which reliesmainly on epidemicprotocols[2]. This meansthat thecom-
putersparticipatingin aDRM know only a limited numberof othercomputersfrom the
sameDRM. Via exchanginginformationwith thesepeersonly, informationspreadsas
gossip(or epidemic)throughtheDRM.

3.2 Experiment Structure

To run anapplicationon the DRM onehasto think in termsof a multi-agentsystem.
Designinganexperimentinvolvesdesigningthebehavior of oneor moretypesof au-
tonomousagentsthat shouldperformour experiment.The main concernsin our case
arerobustnessalsoat the experimentlevel, not only at the level of the DRM, andthe
mechanismof distributing informationandcomputationover theDRM.

Ourparallelizationapproachis roughlybasedonislandmodels.Thatis,everyagent
hostsan islandwherea local populationis evolved.The major challengeis however
to designa communicationmechanismthat is robust andscaleswell in a wide area
network environment.

Island Communication Theoverallstructureof theproposeddesignmirrorsthestruc-
tureof theDRM itself.Weusecompletelyidenticalislandsthatcommunicateusingepi-
demicprotocols.Note that it is not anevidentdesigndecision;eventhoughtheDRM
itself is pureP2P, it is possibleto designanagentsystemwhereoneof theagentsplays
therole of theserverof theexperimentwhile theothersaretheclients.

Our decisionis basedon our and others’ recentfindings that indicatethe power
of our epidemicprotocol concerningscalability and robustness[11]. Thesefeatures
aremost importantin a highly distributedenvironmentlike the DRM wherenetwork
communicationgoesover a wide-areanetwork andthenumberof availablemachines
is not known in advance.

At first, theroot islandis startedup by theexperimenterwho alsoprovidesa max-
imum numberof tasksto becomputedasa parameter. Eachtaskis an islandwhich is
supposedto run thehigh-level learningEA until a giventerminationcriterion.

Notethattheactualnumberof involvedmachinesdependson their availability and
reachabilityfrom theroot island.Thelatteris influencedby network separatingdevices
like firewalls betweentheavailablemachines.Dueto theutilized P2Ptechnology, ma-
chinesdo not necessarilyneeda directpathto eachother. Informationspreadslike an
epidemicthroughouttheDRM in anundirectedmannervia achainof islandsto finally
reachthedestination.
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Fig. 2. left: learningalgorithmandjob-cachecommunicatingwithin anisland,right: exampleof
anincompletelyconnectedsetof islandsrunningthesameexperiment

Taskdistribution is doneby self-replicationof islandsaccordingto the load bal-
ancingalgorithmlaid out in [10]. In short,anislandthatencountersanemptymachine
sendshalf of its own tasksthere.In contrastto otherpossiblescenariosof parallelex-
perimentstartup,we distributetasksdynamicallyduringexperimentrun.

Justlike the DRM layer which utilizes incompletedatabasesfor nodecommuni-
cation,the islandshave an incompleteexperimentdatabasecalledthe job-cache. Ev-
ery job-cacheentry holds the addressof anotherisland and its attachedvalue. The
address/value table is merged with the one of a remoteisland by exchangingmes-
sagesusing a randomlyselectedaddressand cut to the definedmaximumdatabase
size.While theexpectednumberof islandsdoinganexperimentmaybelower thanthe
numberof DRM nodesandthusthe job-cachecanbe smaller, it inheritsthe advanta-
geouspropertiesof the DRM database,namelyinformationspreadingspeedand the
very low probabilityof theexperimentgettingpartitioned.Algorithmsrunningwithin
an islandmayput datainto this repositoryandregular job-cachemessageinterchange
will spreadthesevaluesto otherislandsin logarithmictime. Figure2 illustratesmes-
sagingbetweenthealgorithmandthejob-cache(left) andtheinterconnectionof islands
via their job-caches(right).For experimentswith many islands,thesedonotnecessarily
know all otherislandsbecausevaluesarenotonly transferreddirectlybut alsoindirectly
by traversingseveraljob-caches.

Prerequisites of Learning Learninga goodmutationoperatorfor our example,Sub-
Sum(100,100,0.1),while varyingonly two parameters(
 C � and
 � C ) maynotseemvery
hard,but a first analysisutilizing a grid searchover themostinterestingarea(seeFig-
ure 3) revealsat leastthreedifficulties.First, evaluationsof onespecificoperatoron
different probleminstancesdisplay a dangerouslyhigh variance.The learningalgo-
rithm thereforehasto averagethe resultsof several runs.Second,the approximated
fitnesslandscapeasdepictedin Figure3 clearly indicatesa wide, almostflat areafor

 C �(' 2?� 7*) . A path-basedoptimizationmethoddependson a goodstartpoint if the
neighborhoodof theactualsolutiondoesnot offer any progress.An exploration-based
techniquecansolve this problemalthoughit typically needsmoreevaluations.Third,
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Fig. 3. Performanceof theoperatordescribedin Section2.2.Averageof 100runs(eachonanew
randomlygeneratedprobleminstancefrom SubSum.�/�010"2�/�010"2�0435/�6 ) perpoint.

the parameter
 � C hasonly minor influenceon the fitnessof the operatorfor mostre-
gions.It increasesthesearch-spacebut giveslittle helpto finding goodsolutionsif the
first parametersvalueis toohigh.

To summarize,a successfullearningalgorithmfor thisproblemclasshasto beable
to copewith averynoisyfunctionandshouldapplyexplorationaswell aslocalsearch.

Learning Algorithm Basedontheseprerequisites,wechoseapopulation-basedEA as
learningalgorithm.In a parallelenvironmentthereareat leasttwo waysof implement-
ing apopulation.First,every islandmayrunapurelocalsearchalgorithmandintegrate
searchresultsof theremoteislandsfrom time to time.Second,eachislandmaykeepa
populationon its own andaddremoteresultsasthey becomeavailable.Concerningthe
DRM, thesecondapproachis favorablebecausewide-areanetwork communicationis
unreliableandratherslow. Nevertheless,bothmethodshavebeentested.To preventthe
searchfrom gettingstuck,theemployedselection/replacementoperatordoesnot allow
for old solutionsto surviveandthusequalsEA comma-selection.

As describedabove,islandscandistributepreliminaryresultsto their neighborsby
puttingtheminto thejob-cache.Solutionsexchangedin our casearethebestmutation
operatorsavailablein thelocalpopulation.

In the following, we discussthe detailsof the learningalgorithmfrom the view-
pointof asingleisland.Everynew generationstartswith readingtheavailableremotely
computedsolutionsfrom thejob-cacheandmerging themwith thecurrentparentpop-
ulation.Offspringis generatedby eachtimechoosingtwo solutionsfrom theresultand
applyingintermediaterecombination,followedby Gaussianmutation.We evaluatethe
newly createdmutationoperatorby selectingthe appropriate(1+1) EA from the de-
fined algorithmspaceandapplyingit 5 timesto randomlygeneratedinstancesof the
SubSum(100,100,0.1) problemclass.



The next generation’s parentpopulationis thenconstructedby selectingthe best
mutationoperatorsfoundin theoffspring.Notethateachsolutionsentby anotherisland
will influencethe learningprocessuntil replacedby its originator. This rule resembles
a sharedmemoryconceptknown from parallelhardwareanddifferssignificantlyfrom
migration.As a consequence,new islandsstartingup inherit a set of solutionswith
acceptablequality afterconnectingto any otherisland.

Let 7 denotethe numberof remotelycomputedsolutionsavailable.As long as
7 � 2 , thelearningalgorithmequalsa %�8 �:9 , ES, 8 and 9 meaningthesizesof thelo-
calparentpopulationandtheoffspring,respectively. In theexperimentsweused9 � )
and 8 �<; . However, assoonassolutionsfrom remoteislandsarrive, %�8 �=9�, changesto
a %�8?>@7 �=9�, ES.To keepup selectionpressureandthusensurea goodlocal searchca-
pability we alsoincreasethenumberof offspringsolutionscreatedwithin a generation
by a factor 9BA (=4), resultingin a %�8C>D7 �:9 > 9EA 7 , ES.Notethattheupperboundof
7 equalsthemaximumnumberof entriesof thejob-cache.

A possibledangeris thatbadsolutionsmay remainin the job-cacheif islandsbe-
comeunavailabledueto e.g.network failure.However, for a realisticscenariothis is
not true on the long run becauseusually the numberof tasksexceedsthe sizeof the
job-cachesothatold informationis graduallyremovedfrom thesystem.

3.3 Experimental Results

Table1 shows theaccumulatedresultsfor four typesof experiments,namelythe % 4��=9�,
and %�8 �=9�, ESon a singlemachineandthe % 4 >F7 �=9 > 9 A 7 , and %�8G>F7 �=9 > 9 A 7 ,
ESrunningontheDRM. All valuesareaveragesover10runsperexperimenttype.The
bestfitnessmeasuresthequalityof thebestmutationoperatorin termsof thebestsubset
sumsolutionfoundby the(1+1) EA usingthis operator. Let usnotethataccordingto
thet-testthedifferencesbetweenthevaluesof thebestsolutionsfor thefour algorithms
arenot significant(for H � 23� 2*) ). bestevaluationno. givesthenumberof root island
evaluationsneededto generatethebestsolution.As mentionedin theprevioussection
5 testsaredonewith eachoperatorvariantsothenumberof mutationoperatorstestedisI�JLKNMOJQPSRST�UVR*M :XWA� �OW �ZY4) . Fromthegrid searchdepictedin Figure3 weknew in advance
thatmutationoperatorswith an averagefitnessbelow 4 J 7\[ exist andarealreadynear
the optimum.We thereforecomputedthe successrate asthe fraction of experiments
with a bestfitnessbelow this upperbound.Thefirst goodevaluationgivesthenumber
of root islandevaluationsneededto reachthis level. Thelast two rowsshow thefound
mutationoperatorparameters
 C � and
 � C .

Thebestresultsarefoundsooneron theDRM, this is a side-effect of the fact that
many populationswork in parallel.Thetabledoesnotdirectlyrevealtheactualspeedup
of thesystem.However it wasprovenin [10] that thespeedupis almostlinear for any
applicationthatis distributedthewayourpresentapplicationwas.

Theoptimalmutationparametersfoundby thealgorithmshow aconsistentpattern.
The ratio 
 C � Y 
 � C is closeto 2?�@4 which is asa matterof fact the densityparameterof
the problemclassSubSum(100,100,0.1). It is alsonotablethat the mutationoperator
correspondingto the optimal parametersoutperformsthe optimal one-parametermu-
tation.This canbe seenclearlyby comparingthe valueof the bestsolutionsfound to
theperformanceof theoneparametermutationshown in Figure1. This illustratesthe
possiblebenefitsof learningmorecomplex operators.

Even in the caseof our simpleexamplewhenthe operatorspacewasdefinedby
two real parametersit is quite clear that searchingthis spaceis muchmoreeffective



singlemachinesinglemachine DRM DRM
.�/12^]Q6 .�_"2�`10Q6 .�/badcC2]ead_1cf6 .�_gadcC2�`10gah_Qci6

bestfitness 1.67e26 1.56e26 1.92e26 2.038e26
bestevaluationno. 640 682.6 451.5 521.5
concurrentislands 1 1 3.9 4.2
first goodevaluation 240 232.5 187.5 195.5
successrate 50% 80% 100% 100%
bestoperator+-, � 0.066 0.048 0.048 0.066
bestoperator+ � , 0.634 0.515 0.545 0.589

Table 1. Accumulatedresultsfor four differenttypesof experiments

with theautomaticapproachthanusinganexhaustivesearch.To illustratethis,consider
thatvisualizingthewhole 0 2?��4�5 � spacein thequality shown in Figure3 would require
160000runsof the underlying(1+1) EA. Even this quality is hardly enoughto draw
any consistentconclusionsover the location of the global optimum due to the high
variance.Comparedto this ourDRM applicationneededonly around500runsto learn
a very goodquality operator. It is of coursenot surprisingthat evolutionarysearchis
muchbetterthanexhaustivesearch.Thisremarkis usefulonly to pointoutthatthisquite
trivial factholdsin thecaseof operatorlearningaswell, which is anotherargumentfor
theautomaticacquisitionof durableknowledge.

Finally, let usnotethatall experimentshavebeenrun from behinda firewall, using
a 56k dial-in network connection.This mayincreaseislanddistribution timeandblock
severalmessagesdirectly targetedat the root islandbut demonstratestheapplicability
of theDRM technologyevenundertheworstconditions.

4 Conclusions and Future Perspectives

In this paperwe have arguedfor the importanceof learningalgorithm components
for problemclasses.The durableknowledgethat resultsfrom this processcanbe di-
rectly appliedto improve algorithmsor it can be analyzedfurther to gain scientific
insight into a problemclass.A tool wassuggestedthat is suitablefor performingthis
kind of expensive learningby utilizing the idle time of any computersconnectedto
the Internet.The feasibility of the approachwas demonstratedon the problemclass
SubSum(100,100,0.1).

An interestingpossibilityfor futureapplicationsis thepossibilityof developingself-
improving softwarepackages.Thedifferentcopiesof thesoftwarecouldcommunicate
throughthe Internetandexchangeinformationwith the helpof the DRM or a similar
P2Penvironmentthat usesepidemicprotocolsfor communication.This processcan
becompletelytransparentto theuseranddueto theP2Papproachit couldscalevery
well to millions of copieswithout any specialinvestment.At this level a learningal-
gorithmcouldgraduallyimprovetheperformanceof thesoftwarevia evolving durable
knowledgebasedon the experienceon the problemspeopleare trying to solve with
thesoftware.Notethat this applicationareais not restrictedto learningheuristicoper-
ators.An arbitrarycomponentof a softwarecanbe improvedprovidedanappropriate
evaluationmethodis available.
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