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ABSTRACT

Early searchengineshadtheir origin in informationre-
trieval systems.Thesesystemtypically weredevelopedby
humaneditorsto index a documentsetthatwasstaticover
long periodsof time. The staticdocumentsetprovided a
stableuserenvironmentthat wasoptimizedover time and
facilitatedincrementalgrowth in the documentcollection.
Early searchenginesusedthis tried andtestedinformation
retrieval model,but encounteredusabilitylimitationsasthe
documentgrowth rate accelerated.The limitations of the
modelbecamemagnifiedastheneedfor automatedindex-
ing mechanismsgrew, andinformationretrieval systemsbe-
ganto beusedwith dynamicdocumentdatasets.Theselim-
itations are still apparentin currentsearchengineswhich
incorporateaspectsof theseearlyinformationretrieval sys-
tems.ThispaperpresentstheTocorimeApicu approachfor
replacingthe informationretrieval modelwith an informa-
tionsharingmodelthatadaptstochangingconditionswithin
theInternetusingthestochasticoptimizationmethodologies
of evolutionarycomputation.

1. INTRODUCTION

The indexing mechanismsof searchengineswere devel-
opedasan extensionof informationretrieval (IR) systems
[8, 15] designedto beemployedto index bibliographicdata-
bases.A commonrestrictionof mostIR systemswasthat
they indexedonly documenttitles or abstracts,asopposed
to the text of a document—althoughsomeIR systemsdid
“full-text search.” Theseearlysystemswereknownasdocu-
menttext retrieval systems,andencompassedthefollowing
two componentsof currentengines:1) indexing—there-
trievalmechanismneededto matchexpressionsof theuser’s
information need(query) with the items in selectedfiles
(documentsand/orWebpages),and2)searching—themech-
anismthatmatchessearchqueryitemswith files.

The classificationaspectsof IR systemsare basedon
viewing documentretrieval as a dynamicprocessinvolv-

ing learningin responseto trainingexamplesandfeedback.
Thebasiccomponentsof anIR system—files(documentsor
Webpages),index terms(searchstrings),anduserrequests
(queries)—reflectthat: 1) the indexing mechanismhasthe
ability to classify/reclassifyfiles which are placedin pre-
indexedstoresof information,and2) thesearchingmecha-
nismfunctionsasaparserwith theability to distinguishbe-
tweenmatchingandnon-matchingcomponentswithin files.

2. REPLACING THE INFORMA TION RETRIEVAL
MODEL WITH AN INFORMA TION SHARING

MODEL

Thesocialstructureassociatedwith honeybeebehavior [6]
providesa simplesolutionto theproblemof multiway ren-
dezvous [2]. The organizingprinciple of honeybeesoci-
ety [7] is informationsharing(IS)—theability to sendand
receive messages,and to encodeand decodeinformation
thatmaybetransmittedthroughchemical,tactile,auditory,
and/orvisualmessagesfor thepurposeof finding andcom-
municatingthe location[10] of adequatefood sources,in-
cludingwater.

Adaptationof the honeybeeIS modelestablishesorder
in the inherentinteractionsbetweenthesearchengine’s in-
dexer, Webforaging,andbrowsermechanismsby including
thesocial(hierarchical)structureandsimulatedbehavior of
this complex system. The simulationof behavior will en-
gendermechanismsthatarecontrolledandco-ordinatedin
their variouslevelsof complexity.

3. OPTIMIZA TION OF HONEYBEE SEARCH
STRATEGIES FOR A BETTER WEB IS SYSTEM

3.1. Optimization Techniques

Thestochasticoptimizationtechniquesof evolutionarycom-
putation(EC) [3, 5] containmechanismswhich enablethe
representationof certain,uniqueaspectsof honeybeebe-



Table1: ECmethodologiesthatform thebasicattributesof TocorimeApicu engine.

EC Mutation and/or Selection
method Usage recombination (Mating selection)

Evolutionary Supersedureemulationextendstherepresentation Randomspeciationseedprovidesthe Tournamentselectionand
strategies of individualsto includestrategy parametersfor selectionfeaturesin theform of a proportionalfitnessselection
(ISI System) adaptive selectionandrecombinationrate(s). probeset. areused.
Evolutionary Supersedureemulationactsasafinite state Recombinationandmutationoperators Employs fitness-based
programming machine(FSM) or automaton. areusedto changethestatesof the recombinationselection
(ISI System) FSM. of multiple individualsand

mutation[3]
Genetic Webpageclusteringsystemuseschromosomesof Heavy useis madeof recombination Fitness-proportionaland
algorithms fixedlengthasapagedatastructure. andmutation. randomselectionof individuals
(ISI System) areused.
Classifier WebpageparsersoperateasgeneralpurposeTuring Rulesresultingfrom theapplication Thefirst passparservalidates
systems completealgorithmscomprisedof productionrules of ageneticalgorithmbuild thenext thestructureof eachretrieved
(ISI System) (HTML) aspush-down automata. potentiallymodifiedclassifiersystem. Webpageby aHRD Web
(HRD System) forager.

Thesecondstripsunneeded
informationfrom eachpage
providedby aWebforager.

Evolvable Webmechanismsuseda reconfigurablehardware Computationalmeasuresareusedto
hardware methodology(active networks) to facilitatea accessnetwork bandwidthandCPU
(HRD System) network probe(signaling)facility to query requirements.

networksfor HTML resourcediscovery, diagnostics,
network monitoring,etc.

Genetic Webpageclusteringsystemuseschromosomesof Heavy useis madeof recombination Fitness-proportionalandrandom
programming fixedlengthasapagedatastructurewith syntax andmutation. selectionof individualsareused.
(ISI System) wrappers.

havior. The chief differencesamongthe varioustypesof
EC stemfrom: 1) therepresentationof solutions(known as
individualsin EC), 2) thedesignof thevariationoperators
(mutationand/orrecombination—alsoknownascrossover),
and3) selectionmechanisms.A commonstrengthof these
optimizationapproachesliesin theuseof hybridalgorithms
which arederivedby combiningoneor moreof theevolu-
tionarysearchmethodologies.Thesemethodologiescanbe
relatedto meaningfulrepresentationandeffectivematching
of userneedswith relevantdocuments.An individualin this
researcheffort is considereda node/computer.

3.2. Useof the Optimization Methodologies

Table1 presentsthe mappingof the optimizationmethod-
ologiesto thecomponentsof theTocorimeApicu architec-
ture. The HTML ResourceDiscovery (HRD) system[16]
usesthemethodologiesof EHW andactive networks(AN)
in its network probingfacultyto establishcustomizedroutes
for theretrieval of remotelylocatedWebpagesby avoiding
network congestion[11, 12, 13]. Certainaspectsof EHW
arealsocomponentsof AN. TheHRD systemWebprobes,
scouts,andforagersareresponsiblefor retrieving external
datausinghoneybeeforagingstrategies.

Productionrules are usedto verify the format of raw
pagesretrievedby the HRD systemasa first pass,andthe
informationsharingindexing (ISI) systemWeb document

parser[18] performsa secondpass.GA andGPhave been
combinedto provide thebasisof the ISI indexing strategy.
Individual representationsin the ISI systemarehashtable
datastructuresof fixed length with syntaxwrappers. Re-
combinationandmutationareappliedfrequently. Workload
redistribution/loadbalancingis controlledvia stochasticop-
timizationtechniquesthatincorporateGA, ES,EP, andGP.
Theselectionoperatorusesfitness-proportionalandrandom
mechanismsto implementa nearestneighbors(NN) strat-
egy [18]. The Web pagedispatcherusesa stochasticreg-
ulatory mechanismto adaptively form clustersof indexer
nodes—setsof nearestneighbors—thatfacilitatethemigra-
tion of Web pagesusingthehoneybeeinformationsharing
model. The ISI systemusesprobesetswhich may be de-
terminedstatically or dynamically, a setof retrieval algo-
rithms, andselectionmethodologiesof evolutionarycom-
putation.

4. EXPERIMENT AL RESULTS

4.1. HRD Results

4.1.1. HRD Experimental Environment

Thegoalof this studywasto testtherun-timeenvironment
associatedwith probedispatchersanddeterminethe limi-
tationsin executingtheHRD network probingsoftwarefor



Table2: Cumulativeaccesslog summaryfor all Webprobedispatchersperweek,startingon15Oct2001andterminating07
Jan2002.

Webprobedispatchers
Duration Result Node0 Node1 Node2 Node3 Totals Target
— Start date code ratio
— Stopdate

15Oct - 22Oct W 856898 866100 937825 860185 3521008 88.03%
X 1682 1197 1550 1114 5543 N/A
Y 594 460 623 436 2113 N/A

22Oct - 29Oct W 1554957 1590259 1650506 1579525 6375247 79.69%
X 2987 2274 2539 2013 9813 —
Y 986 878 1011 758 3633 —

29Oct - 05Nov W 2316420 2353539 2411958 2360721 9442638 78.69%
X 4535 3345 3649 2972 14501 —
Y 1584 1328 1485 1140 5537 —

05Nov - 12Nov W 3154581 3156620 3214533 3176032 12701766 79.39%
X 6184 4391 4715 3940 19230 —
Y 2247 1791 1899 1516 7453 —

12Nov - 19Nov W 3938617 4008097 4025989 3976145 15948848 79.74%
X 7624 5547 5937 4855 23963 —
Y 2774 2252 2370 1857 9253 —

19Nov - 26Nov W 4709028 4810252 4814126 4772524 19105930 79.61%
X 9009 6625 7089 5919 28642 —
Y 3164 2623 2773 2254 10814 —

26Nov - 03Dec W 5490017 5576071 5595341 5560066 22221495 79.36%
X 10525 7798 8190 6919 33432 —
Y 3614 3042 3148 2568 12372 —

03Dec- 10Dec W 6308515 6405952 6377555 6369867 25461889 79.57%
X 12101 8935 9365 7970 38371 —
Y 4228 3480 3606 2940 14254 —

10Dec- 17Dec W 7272063 7384383 7350495 7342786 29349727 81.53%
X 13976 9801 10232 8802 42811 —
Y 4875 3794 3932 3261 15862 —

17Dec- 24Dec W 8036262 8122376 8112440 8101316 32372394 80.93%
X 15480 11442 11926 10448 49296 —
Y 5430 4425 4612 3825 18292 —

24Dec- 31Dec W 8850633 8915370 8872494 8848908 35487405 80.65%
X 16975 12723 12982 11573 54253 —
Y 5939 4922 5054 4227 20142 —

31Dec- 07Jan W 9660610 9694866 9647053 9608487 38611016 80.44%
X 19092 13931 14066 12662 59751 —
Y 6872 5411 5516 4636 22435 —

extendedperiodsof time. TheHRD systemwastestedus-
ing HPPavilions with four 733MHz(20Gigabytesof mem-
ory) Intel Celeronprocessors,128 MB SDRAM, and In-
tel Pro/100+Server AdapterEthernetcards,connectedvia
two D-Link DSH-1610/100dualspeedhubswith switches
througha 144 Kbps router. The dispatchertestswererun
usingRedHat Linux release7.0(Guiness).

4.1.2. Web Probe Dispatchers for the HRD System

TheHRD systemsearchedtheInternetfor thoseISPshost-
ing Webservicesfor atotalof twelveweekswhich included
3 U.S.holidays—Thanksgiving,Christmas,andNew Years.
Thestartdatewas15October2001andtheterminatingdate
was07January2002.Table2 presentone-weekdatacollec-
tion periodsthatspanfrom Mondayto Monday. Theresult

codelegendfor this tableof cumulativeresultsis

1. W — totalnumberof probesreleased

2. X — totalnumberof respondingISPshostingHTML
services

3. Y — total numberof DNS nameresolutions.

This tablesummarizesthe statusof eachprobeover 7-day
collectionperiods.Thetargetratio is computedusing
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As evident in this table, the resultsreveal a steadyin-
creasein thetotalnumberof HTML serversassociatedwith



Table3: TheISI systeminput parameters.

Parameter Version A Version B VersionC Version D

Datasetsize 1024 1024 1024 1024
Max numberof 200 200 - 200 - 200
iterations
No. of hashtableentries Unlimited 1 16 1
migratednew workload
assignments
Rateof randomNN 100% 100% variable variable
Rateof NNCs
—disjoint N/A N/A variable variable
—overlapping N/A N/A variable variable
Probesetsize 16Staticwords 16Staticwords 16Dynamicwords 16Dynamicwords
Retrieval Standard Inverted Inverted Inverted
calculations processing (OoC) (OoC) (OoC)

processing processing processing

eachnode—whicharenot consistentwith expectedresults.
Four dispatchers’resultswereexaminedin this testof the
HRD system.

All thenodesachievedtheirbestcombinedperformance
duringthefirst weekof eachdistinctstudy. Thesubsequent
weeksreflect the useof the samenodehostingthe probe
dispatcherthat alsohostsits accompanying scoutandfor-
agerdispatchers.This reductionin nodeefficiency reflects
the sharingof computerresourcesamongthe dispatchers.
Theresultspresentedreflectoffline ISPdiscoveryandpage
retrieval [9] wherethe requirementsimposedby the real-
time processingdelaysresultsin eachuniqueWeb group
(i.e.,probes,scouts,andforagers)generatingit bestperfor-
mance.Theweeklyratiosreflectsubtlechangesin thenum-
ber of releasedprobes,respondingISPs,DNS resolutions,
andretrieved pages.Thesesubtlechangescanbe seenin
theweeksbeforeHalloween,Thanksgiving, Christmas,and
New Years.

4.2. ISI Results

4.2.1. ISI Execution Environments

A searchengineCaseStudy [17] provided the motivation
for the developmentand implementationof the initial ISI
systemwhosegoalwasto demonstratethefeasibility of an
EC model. A MPI clusterof nine SUN workstationswas
usedin this study which consistedof one SUN SPARC-
station2 @ 40.0MHz with 40 Megabytesof memoryand
eightSUNSPARCstation20(Model61) @ 60.0MHz with
32 Megabytes. The SUN SPARCstation2 was treatedas
the Web pagedispatcher( . ��/0� � ) and the other worksta-
tionswerelabeled. ��/0��1�2434353�2 . ��/��$687

Webpagesusedin
this studyconsistedof 1024YahooBusinessHeadlinedoc-
uments[19]. Thesestudiesfocusedonthedevelopmentand
testingof the stochasticregulatorymechanism—acompo-
nentof theWebpagedispatcher. Theloadbalancingresults

werepresentedin Reference[18].

4.2.2. Input Parameters

Table3 presentstheISI systeminputparametersfor thevar-
ious studiesin this researcheffort. VersionsA andB used
only randomNN which required200 iterationseach. Ver-
sionsC andD requiredareducednumberof iterationssince
overlappinganddisjoint nearest-neighborclusters(NNCs)
were allowed as supersteps[4]—multiple applicationsof
therecombinationoperator.

Thestaticprobesetsfor VersionsA andB werecreated
usingtheAWK programminglanguage[1] andreflectedthe
16 most commonlyoccurringstringswithin the 1024 se-
lectedWeb documents. VersionsC and D relied on sets
of 16 randomlychosenstringsforming dynamicprobesets
duringeachiterationin orderto performtheretrieval calcu-
lationsoneachclusterof pagesresidingonanode.Thedy-
namicprobesetsarecreatedasacomponentof thestochas-
tic regulatorymechanismby randomlyselectinganode,and
thenderiving a setof 16 searchstringsfrom its collection
of words. Eachversionof this applicationwas executed
80 times. Ten executionswereassociatedwith eachwork-
stationconfigurationthat incorporated9 2;:<2435343�2>= indexers
coupledwith thepagedispatcher, respectively.

4.2.3. Workload Adjustment Results

Theprobesetswereusedasacomponentof theretrievalcal-
culationsassociatedwith eachindexer node,which in turn
wereusedto createsubclustersfor the purposeof forming
NNCs to facilitate informationsharing. Whenperforming
acomparisonbetweenthecomputedstochasticadjustments
in eachnode’s workloadassignmentfor theseversions,the
fitnessmeasuresreflectthis trend. However, theprobesets
associatedwith VersionC andD werechosenrandomly(for
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Figure2: VersionA—fitnessmeasuresfor 2 through8 indexers(Version
B differsby a factorof approximately1.0).

eachiteration)which resultedin someof the fitnessmea-
surescomputinga bestcasefitnessvalueof @BA @BA This phe-
nomenonis reflectedin Figures1 through3. Thisapproach
wastakento convey aspectsof thecomputedmeasurements
thatareovershadoweddueto theadjustmentfrequenciesas-
sociatedwith VersionsC andD. The plots associatedwith
thesetwo versionsshow adequatepagemigrationratesfor
all MPI clusters.VersionsA andB reflectthestaticnature
of databasesassociatedwith currentsearchengineswhere
VersionsC andD reflectthetruenatureof theIS model.

Thestochasticregulatorysystems’parametersin Table3
show that VersionsA and B are very similar, as are Ver-
sionsC andD. ThedifferencesbetweenVersionsA andB
are1) thenumberof migratedhashtableentries,and2) the
methodologyusedto computethe stochasticfitnessmea-
sures.VersionA did not imposeany sizerestrictions,thus
resultingin enormousloadson thefile serverasthenumber
of nodeswereincreasedin theMPI cluster.
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Figure3: VersionC—fitnessmeasuresfor 2 through8 indexers(Version
D differsby a factorof approximately0.571).

5. RELATED WORK

Internetdiscovery agents[13] incorporatedmethodologies
for auto-discoveryof theinter-dependenciesamongservices
providedby Internetserviceproviders(ISPs).Theseagents
wereusedto implementamanagementsystemfor hostsup-
porting applicationservers associatedwith FTP, telnet, e-
mail, news, DNS, NFS,Web,etc. Theautomatedmethod-
ologiesreducetheamountof humaninterventionneededto
customizethesystemwhennew ISPsarelocated.

Theexplorationbehavior of Internetagents[11, 12] for
the multiple accessproblem(MAR) consideredthe search
strategy of

,
agentsaccessing

'
servers. The retrieval of

informationfrom thevarioussharedserverswasmaximized
thruagentcooperationwherebyeachagentssendsamoder-
atenumberof queries,otherwisethe server’s performance
deterioratesleadingto exponentialdelayasthe numberof
queriesincreases.

Documentcentroids[14] wereusedto clusterstaticdoc-
umentspaceinto distinct regionswhich in turn maximize
the similarity betweenpairsof documentswithin a cluster.
This satisfiedthe requirementof theaveragesimilarity be-
tweenthedifferentclustercentroidsbeingminimized.This
approachclassifiedquerytermsinto categoriesfor 1) con-
tent identification,2) componentsof indexing phrases,and
3) a commonterm(thesaurus)class.

6. SUMMARY

Stochasticoptimizationtechniqueshave beenusedheavily
in thedesignof TocorimeApicu. Theseoptimizationtech-
niquesprovide the foundationfor improving the IS system
performanceby workingto reduceimbalancein work loads,
overlapamongtaskworkloadassignments,saturationof file
servers within a network (LAN, LAN+WAN, and WAN),
andsensitivity to irregularitiesassociatedwith Internettraf-



fic.
This paperhasrelatedthe underlyingmechanismsof

theTocorimeIS systemto theEC model. This mappingis
extendedby aspectsof finding hiddenknowledgein a col-
lectionof documents—relatedand/orunrelated.Canonical
Webpagesweregeneratedto reducetheworkloadandstor-
agerequirementsof theISI systemresultingin asetof con-
denseddocumentsformingthedatawarehouse.TheISI sys-
temcontinuouslyre-partitionsthedocumentspaceamonga
setof distributednodesusingastochasticregulatorysystem
whosegoalis to form subclustersof nodesfor redistributing
theworkload.
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