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Abstract. This paperdiscusses promisingnew researctdirection, the auto-
matic learningof algorithm componentdor problemclassesWe focus on the
methodologyof this researchdirection. As anillustration, a mutationoperator
for a specialclassof subsetsumprobleminstancess learned.The mostimpor-

tant methodologicalssueis the emphasion the generalisabilityof the results.
Not only a methodologybut also a tool is proposed.This tool is called DRM

(distributedresourceamachine) developedaspartof the DREAM project,andis

capableof runningdistributedexperimentnthelnternetmakingahugeamount
of resourceswvailableto the researchein arobust mannerlt is arguedthatthe
DRM is ideally suitedfor algorithmlearning.

1 Introduction

This paperdiscusses promisingnew researchdirection,the automatidearningof al-

gorithmcomponents$or problemclassesThe maincontritution of this paperis three-
fold. First, we emphasizehe importanceof an appropriatemethodologythat allows

researcher® producegeneralizabl&nowledgeoveraproblemclassratherthanaprob-

lem instance Secondwe proposea tool that might be ideally suitablefor generating
suchknowledgeautomaticallyFinally, boththemethodologyandour proposedool are
illustratedvia an example:a searchoperatorfor a specialclassof subsetsumproblem
instancess learned.

In therecentyearsmuchresearcleffort hasbeendevotedto methodghattry to im-
prove heuristicsearchthroughsomeform of learning.To motivateour approachlet us
elaboratenits relationshipwith thesemethodsTheway differentapproachegenerate
knowledgecanbe categorizedalongat leasttwo dimensionsThefirst is definedby the
distinctionbetweerresearchperformedmanuallyandautomatidearning. The second
is definedby the scopeof the knowledge.This scopecanbe a singleprobleminstance
or awhole classof problemsWe will call the latertype of knowledgedurable knowl-
edgereferringto its generalityandlong term relevance.As it shouldbe clearalready
wewill focusonautomaticallygeneratinglurableknowledgehere.lt is usefulhowever
to examinethethreeotherclassegeneratedby thetwo dimensionsiescribedabove.
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Probleminstancespecificknowledgegenerateananuallyis the unfamousfine tun-
ing processof a given algorithm on a specificproblem.Besidesof beingtime con-
suming,the scientificrelevanceof suchknowledgeis questionablelueto its restricted
scope.

The idea of automaticallylearning probleminstancespecificknowledgeis very
common.lt includesall approacheshat apply someform of adaptationor learning
during the optimizationprocessThe generatedknowledgeis normally not considered
scientificallyimportantandis discardedafterthecompletionof thealgorithm.Thelarge
field of self-calibratingalgorithms(which includethe meta-GAapproach)elongsto
this class[7, 3]. Themainideais thatthe valuesof differentalgorithmparametersre
automaticallytunedonthefly to achieve optimalperformancevhile solvinga problem.
Another successfuideais building probabilisticrepresentationsf the fithessland-
scapebasen the solutionsevaluatedduringthe searchandgeneratingnen candidate
solutionshasednthisknowledge[13]. If appliedasheuristicoptimizers culturalalgo-
rithms canbe classifiedinto this category aswell. They do not fix any knowledgerep-
resentatioroffering a moreabstractframework for learningbasedon the performance
of thedevelopingpopulation14].

Durable knowledgeis often not generatecautomatically partly due to the large
computationatequirementsOneexampleis [5], wheredifferentoperatorsveretested
on mary randominstancef aninfinite problemclass(NK-landscapes)Using these
resultsit is possibleto predictthe behaior of theseoperatorson unseerninstancesf
the problemclass.Before optimizing an instanceof this class,one candirectly chose
thebestoperator

This paperwill arguefor the usefulnessand feasibility of automaticallygenerat-
ing durableknowledge.Usefulnesgloesnot needtoo much explanation:in the case
of (practicallyor theoretically)interestingproblemclasseshis learningcanprovide us
with betteralgorithmsover a whole problemclassandcanalsohelp usunderstandhis
problemclassbetterthroughthe analysisof the collectedknowledge.Theimportance
of durableknowledgewas emphasizedilsoin [9]. The questionof feasibility is not
soevident. Producingdurableknowledgecanbe anexpensve andslow processHow-
ever, distributedsystemsn wide arenetworks offer a naturalsolutionto problemsthat
requirea hugeamountof resources.

With the overall succes®f the Internetdistributedcomputationris gettingmoreand
moreattention[6, 16]. Systemsexist thatcanutilize resourcesvailablein theform of
e.g.theidle time of computerontheInternet[15,17]. As partof the DREAM project
([12]) suchacomputationaénvironmentwasdevelopedtheDRM (distributedresource
machine) The DRM—unlike e.g.SETI@home—idbasedn cutting-edggeerto-peer
(P2P)andJavatechnology This allowsiit to be scalableyobustandflexible [10].

If we considerthatmary researctandengineeringnstitutionssolve instancegrom
the sameproblemclassroutinely on a large scalearyway, with an additionallayeron
top of their network (in the form of a distributed computationaknvironmentlik e the
DRM) durableknowledgecanbe generatedvenmoreefficiently.

Theoutlineof thepapelis asfollows. In Section2 we elaborateonthe methodology
thatallows usto learndurableknowledge.Section3 is devotedto the DRM, thetool
we will useto learnan operatorfor our exampleproblemclass.We alsodescribeour
empiricalresultson the examplelearningproblem.Section4 concludeghe paper



2 Methodology

In this sectionwe outlineamethodologythatsupportghe generatiorof durableknowl-
edge.We interpretknowledge as algorithmic knowledge,i.e. we want to learn what
type of algorithmis optimal on (or at leastwell-tailored to) a given problemclass.
More specifically we are after a good evolutionary algorithmfor a problemclass,so
the searchspaceof our learningtask— which we call the algorithm space- consistsof
all EAs. Herewe canmake further choicesandreducethe taskto finding goodvaria-
tion operatorsrecombinatiorand/ormutation.In caseof mutation thealgorithmspace
would bethe spaceof all possibleunaryoperatorsactingaspartof the evolutionaryal-
gorithmsolving problemsof the givenclass.The sizeandcomplexity of the algorithm
spaceadepend®nhow thepossiblemutationoperatorarerepresentedn generalthere
areno restrictionson this representationt is possibleto definethe spacesimply by a
single parametere.g. p,, of a fixed bit-flip operator but using arbitrary expressions
from a suitablesyntax,e.g.LISP known from geneticprogrammingjs alsopossible.
Oncethealgorithmspacéds definedthelearningalgorithmcooperatesith thebasic
EA. In generaltherearenorestrictionson the learningalgorithm.In this paperwe use
anevolutionaryalgorithmfor this purposesoour methodworksroughlyasfollows. A
numberof probleminstancesare provided (e.g.,by a randominstancegeneratorand
differentvariantsof the basicEA is run on theseinstancesThe variantsaredefinedby
the mutationoperatoiit usesandthesemutationoperatordorm the pointsof thelearn-
ing spaceThelearningEA performsevolutionarysearchover thesepoints.Evaluating
sucha point amountsto evaluatingthe mutationoperatorit representdy performing
independentunswith the givenoperatoron mary probleminstancesThevalueof the
operatoris obtainedby the quality of solutionsof the basicEA usingit. Clearly, this
impliesvery extensive computationsvhich motivatesour usageof DRM, cf. section3.

2.1 An ExampleProblem Class

An importantpreconditionof gaininggeneralizabl&nowledgeis a well definedprob-
lem classon which algorithmscanbe compared4]. For the purposeof this paperwe
usethesubsesumproblemasanexample.lt is anNP-hardcombinatoriabptimization
problem.Besidesit is known wherethe hardinstancedie [1].

In thesubsesumproblemwe aregivenasetW = {w;, ws, ..., w,} of n positve
integersanda positive integer M. Thetaskis to find aV' C W suchthatthe sumof
theelementsn V is closesto, withoutexceeding,M . For this problemit is possibleto
definea probleminstancegeneratarl et usassumehatatriple (n, k, d) is givenwhere
n is the setsizeasabove andd € [0, 1] is calledthe densityof the problem.The setiW
is createdby drawing w; randomlyfrom theinterval [0, 2¥] with a uniform distribution
fori =1,...,n andlet M bethe sumof arandomsubsebf W of size[nd]. We will
denotethe generatedroblemclassby SubSun(n, k, d). Our runningexamplein the
papemwill be SubSun(100, 100,0.1).

It is essentiathattheproblemsn a problemclassexhibit somecommonstructuran
somesensesomesimilarity thatcanbe exploitedandconvertedto durableknowledge.
Note that structureas meanthere arisesfrom a combinationof an algorithm and a
problemclass For afixedalgorithmspaceheproblemclassis structurednon-random)
if the behavior (performance)f the differentalgorithmsshovs someregularitieson
differentinstancedrom the problemclass.Thelack of suchregularitieswould indicate
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that the algorithm spacein questionand the problem classare not related:thereis
nothingto belearned.

The graphin Figure 1 shawvs suchregularitiesherewith respecto a simple (1+1)
EA. The EA usesa binary representationvith every bit representinghe presenceof
a given setelementin the candidatesubsetand a a bit-flip mutation. DifferentEAs
correspondo differentmutations definedby the mutationrate.Figure1 plotsthe per
formanceof suchmutationrates,definedasthe distancefrom the desiredsum (to be
minimized) of their “hosting” EA. Eachpoint in the curve was generatedising 100
runson differentinstancesall runsuntil 10000evaluations Theinstancedor different
mutationprobability valuesweredifferentaswell.

Figure 1 providesa confirmationthat thereis a link betweenmutationoperators
andalgorithmquality: therearesomeregularitiesto be exploited, thereis somethingo
learn.lt is importantto notethatthis is not necessarilall the regularity we canfind.
Therefore we arealsointerestedn otheralgorithmsthat might exploit otherregulari-
ties. The very essenc®f our approachs thatwe try to explore anddiscover asmuch
similarity aspossible usingother, richeralgorithmspaces.

2.2 An Example Algorithm Space

In the caseof SubSun(100, 100, 0.1) let usfix the (1+1) EA applieduntil 10000eval-
uationswith the binary representatiomentionedabove. The algorithmspacewe will
useis given by the mutationoperatorwhich is definedby two parameterspy; defines
the probability of flipping a0 to 1, andp, definesthe probability of flipping a1 to O.
If po1 = p1o thenwe getthetraditionalbit flip mutation.This choiceof representation
involvesdomainknowledgeaswell [8]. Sincethe densityof the problemis relatively
low, it might be betterif the operatorcanexpressa biastowardssolutionsthat contain
moreOsthanls.Our mutationoperatorcanexpresshis bias.



3 A Suitable Tool: DRM

3.1 DRM Structure

The interestedreaderis kindly asled to referto [10,11] for a detaileddescriptionof
the DRM. A main featureof the DRM is that applicationsare implementedon it in
the conceptuaframework of multi-agentsystemsin fact,the agentsarethe threadsof
the distributed applications.They are mobile, they can communicatewith eachother
andthey can make decisionsbasedon the stateof the DRM or the applicationthey
participatein.

As applicationsaremulti-agentapplicationsthemaintaskof theDRM is to support
theseagentsTheframavork is implementedn Javalanguagewvhich providesmobility
andsecurity Furthermoreto maximizescalabilityandrobustnessthe DRM is a pure
P2Psystemwhich reliesmainly on epidemicprotocols[2]. This meanghatthe com-
putersparticipatingin aDRM know only alimited numberof othercomputergrom the
sameDRM. Via exchanginginformationwith thesepeersonly, informationspreadsas
gossip(or epidemic)throughthe DRM.

3.2 Experiment Structure

To run an applicationon the DRM one hasto think in termsof a multi-agentsystem.
Designingan experimentinvolvesdesigningthe behaior of oneor moretypesof au-
tonomousagentsthat shouldperformour experiment.The main concerndn our case
arerohustnesslsoat the experimentlevel, not only at the level of the DRM, andthe
mechanisnof distributing informationandcomputatiorover the DRM.

Our parallelizatiorapproachs roughlybasednislandmodels Thatis, everyagent
hostsan islandwherea local populationis evolved. The major challengeis however
to designa communicationmechanisnthat is robust and scaleswell in a wide area
network ervironment.

Island Communication Theoverallstructureof theproposediesignmirrorsthestruc-
tureof theDRM itself. We usecompletelyidenticalislandsthatcommunicateisingepi-
demicprotocols.Note thatit is not an evident designdecision;eventhoughthe DRM
itselfis pureP2R it is possibleto designanagentsystemwhereoneof theagentplays
therole of the sener of the experimentwhile the othersarethe clients.

Our decisionis basedon our and others’ recentfindings that indicate the power
of our epidemicprotocol concerningscalability and robustnesq11]. Thesefeatures
aremostimportantin a highly distributed ervironmentlike the DRM wherenetwork
communicatiorgoesover a wide-areanetwork andthe numberof availablemachines
is notknown in advance.

At first, therootislandis startedup by the experimentemho alsoprovidesa max-
imum numberof tasksto be computedasa parameterEachtaskis anislandwhich is
supposedo runthe high-level learningEA until a giventerminationcriterion.

Notethatthe actualnumberof involved machineglepend®n their availability and
reachabilityfrom therootisland.Thelatteris influencedby network separatinglevices
like firewalls betweerthe availablemachinesDueto the utilized P2Ptechnology ma-
chinesdo not necessarilyneeda direct pathto eachother Informationspreaddik e an
epidemicthroughouthe DRM in anundirectednannewia achainof islandsto finally
reachthe destination.
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Taskdistribution is doneby self-replicationof islandsaccordingto the load bal-
ancingalgorithmlaid outin [10]. In short,anislandthatencounter&nemptymachine
sendshalf of its own tasksthere.In contrasto otherpossiblescenario®f parallelex-
perimentstartup we distribute tasksdynamicallyduring experimentrun.

Justlike the DRM layer which utilizes incompletedatabasefor node communi-
cation,the islandshave an incompleteexperimentdatabasealledthe job-cade Ev-
ery job-cacheentry holds the addressof anotherisland and its attachedvalue. The
address/alue table is memged with the one of a remoteisland by exchangingmes-
sagesusing a randomly selectedaddressand cut to the definedmaximum database
size.While the expectednumberof islandsdoinganexperimentmaybe lower thanthe
numberof DRM nodesandthusthe job-cachecanbe smaller it inheritsthe advanta-
geouspropertiesof the DRM databasenamelyinformation spreadingspeedand the
very low probability of the experimentgettingpartitioned.Algorithms runningwithin
anisland may put datainto this repositoryandregularjob-cachemessagénterchange
will spreacthesevaluesto otherislandsin logarithmictime. Figure 2 illustratesmes-
sagingbetweerthealgorithmandthejob-cachdleft) andtheinterconnectiorf islands
viatheirjob-cachegright). For experimentsvith mary islandsthesedonotnecessarily
know all otherislandsbecause&aluesarenotonly transferredlirectly but alsoindirectly
by traversingseveraljob-caches.

Prerequisites of Learning Learninga goodmutationoperatorfor our example,Sub-
Sum(100,100,0.1while varyingonly two parametergpg, andp,o) maynotseenvery
hard,but afirst analysisutilizing a grid searchover the mostinterestingarea(seeFig-
ure 3) revealsat leastthreedifficulties. First, evaluationsof one specificoperatoron
different probleminstancedisplay a dangerouslyhigh variance.The learningalgo-
rithm thereforehasto averagethe resultsof several runs. Secondthe approximated
fitnesslandscapesdepictedin Figure 3 clearly indicatesa wide, almostflat areafor
po1 > 0.25. A path-basedptimizationmethoddepend=n a good startpoint if the
neighborhoodf the actualsolutiondoesnot offer any progressAn exploration-based
techniquecansolwe this problemalthoughit typically needsmore evaluations.Third,
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Fig. 3. Performancef the operatordescribedn Section2.2. Averageof 100runs(eachonanew
randomlygenerategbrobleminstancefrom SubSunf100, 100, 0.1)) perpoint.

the parametep;o hasonly minor influenceon the fitnessof the operatorfor mostre-
gions.It increaseshe search-spackut giveslittle helpto finding goodsolutionsif the
first parametersalueis too high.

To summarizea successfulearningalgorithmfor this problemclasshasto beable
to copewith averynoisyfunctionandshouldapply explorationaswell aslocal search.

Learning Algorithm Basedntheseprerequisitesye choseapopulation-baseBA as
learningalgorithm.In a parallelervironmentthereareat leasttwo waysof implement-
ing apopulation First,everyislandmayrunapurelocal searchalgorithmandintegrate
searclresultsof theremoteislandsfrom time to time. Secondeachislandmay keepa
populationonits own andaddremoteresultsasthey becomeavailable.Concerninghe
DRM, the secondapproactis favorablebecausavide-areanetwork communicatioris
unreliableandratherslon. Neverthelesshbothmethodshave beentested.To preventthe
searchfrom gettingstuck,the employedselection/replacemeniperatordoesnot allow
for old solutionsto survive andthusequalsEA comma-selection.

As describedabore, islandscandistribute preliminaryresultsto their neighbordy
puttingtheminto the job-cache Solutionsexchangedn our casearethe bestmutation
operatorsavailablein thelocal population.

In the following, we discussthe detailsof the learningalgorithmfrom the view-
pointof asingleisland.Every new generatiorstartswith readingthe availableremotely
computedsolutionsfrom thejob-cacheandmemging themwith the currentparentpop-
ulation.Offspringis generatedby eachtime choosingwo solutionsfrom theresultand
applyingintermediateecombinationfollowed by Gaussiamutation.We evaluatethe
newly createdmutationoperatorby selectingthe appropriate(1+1) EA from the de-
fined algorithm spaceand applyingit 5 timesto randomlygeneratednstancesf the
SubSum(100,100,0) problemclass.



The next generatiors parentpopulationis then constructedoy selectingthe best
mutationoperatorgoundin the offspring.Notethateachsolutionsentby anotheiisland
will influencethe learningprocesauntil replacedy its originator This rule resembles
a shared memoryconceptknown from parallelhardwareanddiffers significantlyfrom
migration. As a consequenceajew islandsstartingup inherit a setof solutionswith
acceptableguality afterconnectingo ary otherisland.

Let m denotethe numberof remotely computedsolutionsavailable. As long as
m = 0, thelearningalgorithmequalsa (i, A) ES, u and\ meaninghessizesof thelo-
cal parentpopulationandthe offspring,respectiely. In the experimentsve used\ = 5
andy = 4. However, assoonassolutionsfrom remoteislandsarrive, (i, \) changego
a(u +m, A) ES.To keepup selectionpressureandthusensurea goodlocal searctca-
pability we alsoincreaséhe numberof offspring solutionscreatedwithin a generation
by afactor\, (=4), resultingin a (4 + m, A + A,m) ES.Notethatthe upperboundof
m equalsghe maximumnumberof entriesof thejob-cache.

A possibledangeris thatbadsolutionsmay remainin the job-cacheif islandsbe-
comeunavailabledueto e.g.network failure. However, for a realistic scenaricthis is
not true on the long run becausaisually the numberof tasksexceedsthe size of the
job-cachesothatold informationis graduallyremovedfrom the system.

3.3 Experimental Results

Table1 shawvs the accumulatedesultsfor four typesof experimentsnamelythe (1, \)
and(u, \) ESonasinglemachineandthe (1 + m, A + A,m) and(u + m, A + A,m)
ESrunningonthe DRM. All valuesareaveragesver 10 runsperexperimentype.The
bestfithesameasurethequality of thebestmutationoperatoiin termsof thebestsubset
sumsolutionfound by the (1+1) EA usingthis operatorLet us notethataccordingto
thet-testthedifferencedbetweerthevaluesof thebestsolutionsfor thefour algorithms
arenot significant(for a = 0.05). bestevaluationno. givesthe numberof root island
evaluationsneededo generatehe bestsolution.As mentionedn the previous section
5testsaredonewith eachoperatowvariantsothe numberof mutationoperatorgesteds
best evaluation no./5. Fromthegrid searctdepictedn Figure3 we knew in advance
that mutationoperatorswith an averagefitnessbelon 1e27 exist andarealreadynear
the optimum. We thereforecomputedthe successate asthe fraction of experiments
with a bestfithessbelaw this upperbound.Thefirst goodevaluationgivesthe number
of rootislandevaluationsneededo reachthis level. Thelasttwo rows shav thefound
mutationoperatomparametergy; andp;g.

The bestresultsarefound sooneron the DRM, this is a side-efect of the factthat
mary populationsvork in parallel. Thetabledoesnotdirectly revealtheactualspeedup
of the system.However it wasprovenin [10] thatthe speedups almostlinear for ary
applicationthatis distributedthe way our presentapplicationwas.

The optimalmutationparametergoundby the algorithmshaw a consistenpattern.
Theratio po1 /p10 is closeto 0.1 which is asa matterof factthe densityparameteof
the problemclassSubSum(100,100,0)1lt is also notablethat the mutationoperator
correspondingo the optimal parametersutperformsthe optimal one-parametemu-
tation. This canbe seenclearly by comparingthe value of the bestsolutionsfound to
the performanceof the oneparametemutationshavn in Figurel. This illustratesthe
possiblebenefitsof learningmorecomplex operators.

Evenin the caseof our simple examplewhenthe operatorspacewas definedby
two real parametergt is quite clearthat searchinghis spaceis much more effective



singlemachingsinglemaching DRM DRM
(1,5) (4,20) (14 m,5+ 4m)|(4 + m, 20 + 4m)

bestfitness 1.67e26 1.56e26 1.92e26 2.038e26
bestevaluationno. 640 682.6 451.5 521.5
concurrenislands 1 1 3.9 4.2
first goodevaluation 240 2325 187.5 195.5
successate 50% 80% 100% 100%
bestoperatomo; 0.066 0.048 0.048 0.066
bestoperatompio 0.634 0.515 0.545 0.589

Table 1. Accumulatedesultsfor four differenttypesof experiments

with theautomaticapproachhanusinganexhaustve searchTo illustratethis, consider
thatvisualizingthe whole [0, 1]? spacein the quality shavn in Figure3 would require
160000runs of the underlying(1+1) EA. Eventhis quality is hardly enoughto draw
ary consistentconclusionsover the location of the global optimum due to the high
variance Comparedo this our DRM applicationneedednly around500runsto learn
a very good quality operator It is of coursenot surprisingthat evolutionarysearchis
muchbetterthanexhaustvesearchThisremarkis usefulonly to pointoutthatthis quite
trivial factholdsin the caseof operatodearningaswell, whichis anotherargumentfor
theautomaticacquisitionof durableknowledge.

Finally, let usnotethatall experimentshave beenrun from behinda firewall, using
a 56k dial-in network connectionThis mayincreaseslanddistribution time andblock
severalmessagedirectly targetedat the root island but demonstratethe applicability
of the DRM technologyevenunderthe worstconditions.

4 Conclusions and Future Per spectives

In this paperwe have arguedfor the importanceof learningalgorithm components
for problemclassesThe durableknowledgethat resultsfrom this processcanbe di-
rectly appliedto improve algorithmsor it can be analyzedfurther to gain scientific
insightinto a problemclass.A tool wassuggestedhatis suitablefor performingthis
kind of expensve learningby utilizing the idle time of any computersconnectedo
the Internet. The feasibility of the approachwas demonstratean the problemclass
SubSum(100,100,0)1

Aninterestingpossibilityfor futureapplicationds thepossibilityof developingself-
improving software packagesThedifferentcopiesof the softwarecould communicate
throughthe Internetand exchangeinformationwith the help of the DRM or a similar
P2P environmentthat usesepidemicprotocolsfor communication.This processcan
be completelytransparento the useranddueto the P2Papproacthit could scalevery
well to millions of copieswithout arny specialinvestmentAt this level a learningal-
gorithmcould graduallyimprove the performancef the softwarevia evolving durable
knowledgebasedon the experienceon the problemspeoplearetrying to solve with
the software.Note thatthis applicationareais not restrictedto learningheuristicoper
ators.An arbitrary componenbf a softwarecanbe improved provided an appropriate
evaluationmethodis available.
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