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ABSTRACT

Early searchengineshadtheir origin in informationre-
trieval systems.Thesesystemtypically were developedby
humaneditorsto index a documentetthatwasstaticover
long periodsof time. The staticdocumentset provided a
stableuserervironmentthat was optimizedover time and
facilitatedincrementalgrowth in the documentcollection.
Early searchenginesusedthis tried andtestedinformation
retrieval model,but encounteredisability limitationsasthe
documentgrowth rate accelerated.The limitations of the
modelbecamemagnifiedasthe needfor automatedndex-
ing mechanismgrew, andinformationretrieval systemse-
ganto beusedwith dynamicdocumentiatasetsThesdim-
itations are still apparentin currentsearchengineswhich
incorporateaspect®f theseearlyinformationretrieval sys-
tems.This papemresentshe TocorimeApicu approacHor
replacingtheinformationretrieval modelwith aninforma-
tion sharingmodelthatadaptdo changingconditionswithin
thelnternetusingthestochastioptimizationmethodologies
of evolutionarycomputation.

1. INTRODUCTION

The indexing mechanismof searchengineswere devel-
opedasan extensionof informationretrieval (IR) systems
[8, 15 designedo beemployedto index bibliographicdata-
bases.A commonrestrictionof mostIR systemsawvasthat
they indexed only documentitles or abstractsasopposed
to the text of a document—althouglomelR systemsdid
“full-te xt searcH. Thesesarlysystemsvereknown asdocu-
menttext retrieval systemsandencompassette following
two componentf currentengines: 1) indexing—there-
trieval mechanisnmeededo matchexpression®f theusers
information need (query) with the itemsin selectedfiles
(documentsand/onWebpages)and2) searching—thenech-
anismthatmatchessearchgueryitemswith files.

The classificationaspectsof IR systemsare basedon
viewing documentretrieval as a dynamic processinvolv-

ing learningin responseo trainingexamplesandfeedback.
Thebasiccomponentsf anIR system—filegdocument®r
Web pages)jndex terms(searchstrings),anduserrequests
(queries)—reflecthat: 1) the indexing mechanismhasthe
ability to classify/reclassifyfiles which are placedin pre-
indexed storesof information,and?2) the searchingnecha-
nismfunctionsasa parsemwith the ability to distinguishbe-
tweenmatchingandnon-matchingcomponentsvithin files.

2. REPLACING THE INFORMATION RETRIEVAL
MODEL WITH AN INFORMATION SHARING
MODEL

The socialstructureassociateavith hong/beebehavior [6]
providesa simplesolutionto the problemof multiway ren-
dezwus[2]. The organizingprinciple of hong/beesoci-
ety [7] is informationsharing(1S)—theability to sendand
receive messagesand to encodeand decodeinformation
thatmay be transmittedhroughchemical tactile, auditory,
and/orvisualmessagefor the purposeof finding andcom-
municatingthe location[10] of adequatdood sourcesjn-
cludingwater

Adaptationof the hone/beelS modelestablishesrder
in theinherentinteractionsdbetweenhe searchengines in-
dexer, Webforaging,andbrowsermechanismsy including
thesocial(hierarchical)structureandsimulatecbehavior of
this complex system. The simulationof behavior will en-
gendemechanismshat are controlledandco-ordinatedn
their variouslevels of compleity.

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

3.1. Optimization Techniques

Thestochastioptimizationtechnique®f evolutionarycom-
putation(EC) [3, 5] containmechanismsvhich enablethe
representatiorof certain, unique aspectsof hone/beebe-



Tablel: EC methodologieshatform the basicattributesof TocorimeApicu engine.

EC Mutation and/or Selection

method Usage recombination (Mating selection)

Evolutionary Superseduremulationextendstherepresentation Randomspeciatiorseedprovidesthe Tournamenselectionand

stratgjies of individualsto includestratgy parametergor selectionfeaturesn theform of a proportionalfitnessselection

(ISl System) adaptve selectiorandrecombinationmate(s). probeset. areused.

Evolutionary Superseduremulationactsasa finite state Recombinatiorandmutationoperators| Employs fithess-based

programming machine(FSM) or automaton. areusedto changethe statesof the recombinatiorselection

(ISl System) FSM. of multiple individualsand
mutation[3]

Genetic Webpageclusteringsystemuseschromosomesf Heavy useis madeof recombination Fitness-proportionand

algorithms fixedlengthasa pagedatastructure. andmutation. randomselectionof individuals

(ISI System) areused.

Classifier Webpageparserperateasgenerapurposeluring | Rulesresultingfrom theapplication Thefirst passparservalidates

systems completealgorithmscomprisedof productionrules of ageneticalgorithmbuild the next the structureof eachretrieved

(ISI System) (HTML) aspush-davn automata. potentiallymodifiedclassifiersystem. | Webpageby aHRD Web

(HRD System) forager
Thesecondstripsunneeded
informationfrom eachpage
provided by a Webforager

Evolvable Webmechanismsiseda reconfigurabléardware Computationameasuresreusedto

hardvare methodology(actve networks)to facilitatea accessietwork bandwidthandCPU

(HRD System) || network probe(signaling)facility to query requirements.

networksfor HTML resourcediscovery, diagnostics,
network monitoring,etc.

Genetic Webpageclusteringsystemuseschromosomesf Heavy useis madeof recombination Fitness-proportionaandrandom

programming || fixedlengthasapagedatastructurewith syntax andmutation. selectionof individualsareused.

(ISl System) wrappers.

havior. The chief differencesamongthe varioustypes of
EC stemfrom: 1) therepresentationf solutions(known as
individualsin EC), 2) the designof the variationoperators
(mutationand/orrecombination—alsknown ascrosser),
and3) selectionmechanismsA commonstrengthof these
optimizationapproachebesin theuseof hybridalgorithms
which arederived by combiningone or more of the evolu-
tionary searchmethodologiesThesemethodologiesanbe
relatedto meaningfulrepresentatioandeffective matching
of usemeedswith relevantdocumentsAn individualin this
researctleffort is consideredi node/computer

3.2. Useof the Optimization Methodologies

Table 1 presentghe mappingof the optimizationmethod-
ologiesto the component®f the TocorimeApicu architec-
ture. The HTML ResourceDiscovery (HRD) system[16]
usesthe methodologie®f EHW andactive networks (AN)
in its network probingfacultyto establistcustomizedoutes
for theretrieval of remotelylocatedWeb pagesy avoiding
network congestion11, 12, 13]. Certainaspectf EHW
arealsocomponent®f AN. The HRD systemWeb probes,
scouts,andforagersareresponsibldor retrieving external
datausinghoney/beeforagingstrataies.

Productionrules are usedto verify the format of raw
pagesretrieved by the HRD systemasa first pass,andthe
information sharingindexing (ISI) systemWeb document

parself18] performsa secondpass.GA andGP have been
combinedto provide the basisof theISI indexing strateyy.
Individual representationm the ISI systemare hashtable
datastructuresof fixed length with syntaxwrappers. Re-
combinatiorandmutationareappliedfrequently Workload
redistribution/loadbalancings controlledvia stochastiop-
timizationtechniqueghatincorporateGA, ES,ER, andGP
Theselectioroperatouseditness-proportionadndrandom
mechanismdo implementa nearesineighbors(NN) strat-
egy [18]. The Web pagedispatcherusesa stochastiaeg-
ulatory mechanismto adaptvely form clustersof indexer
nodes—setsf nearesheighbors—thatacilitatethe migra-
tion of Web pagesusingthe honeybeeinformationsharing
model. The ISI systemusesprobesetswhich may be de-
terminedstatically or dynamically a setof retrieval algo-
rithms, and selectionmethodologieof evolutionary com-
putation.

4. EXPERIMENT AL RESULTS

4.1. HRD Results
4.1.1. HRD Experimental Environment

Thegoalof this studywasto testthe run-timeervironment
associatedvith probedispatchersand determinethe limi-
tationsin executingthe HRD network probingsoftwarefor



Table2: Cumulative accessog summaryfor all Web probedispatcherperweek,startingon 15 Oct2001andterminatingd7

Jan2002.
Web probedispatchers
Duration Result NodeO Nodel Node?2 Node3 Totals | Target
— Start date code ratio
— Stopdate
150ct- 22 Oct W 856898 | 866100 | 937825| 860185| 3521008 88.03%
X 1682 1197 1550 1114 5543 N/A
Y 594 460 623 436 2113 N/A
22 0Oct- 290ct W | 1554957 | 1590259 | 1650506 | 1579525| 6375247 | 79.69%
X 2987 2274 2539 2013 9813 —
Y 986 878 1011 758 3633 —
29 0ct- 05Nov W | 2316420 2353539 | 2411958 | 2360721 | 9442638 | 78.69%
X 4535 3345 3649 2972 14501 —
Y 1584 1328 1485 1140 5537 —
05Nov - 12 Nov W | 3154581 | 3156620 | 3214533 | 3176032 | 12701766 79.39%
X 6184 4391 4715 3940 19230 —
Y 2247 1791 1899 1516 7453 —
12Nov - 19 Nov W | 3938617 | 4008097 | 4025989 | 3976145| 15948848 79.74%
X 7624 5547 5937 4855 23963 —
Y 2774 2252 2370 1857 9253 —
19Nov - 26 Nov W | 4709028 | 4810252 | 4814126 | 4772524 | 19105930 79.61%
X 9009 6625 7089 5919 28642 —
Y 3164 2623 2773 2254 10814 —
26 Nov - 03 Dec 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- 17 Dec W | 7272063 | 7384383 | 7350495 7342786 | 29349727 | 81.53%
X 13976 9801 10232 8802 42811 —
Y 4875 3794 3932 3261 15862 —
17 Dec- 24 Dec W | 8036262 | 8122376 | 8112440 8101316 | 32372394 80.93%
X 15480 11442 11926 10448 49296 —
Y 5430 4425 4612 3825 18292 —
24Dec- 31 Dec W | 8850633 | 8915370 | 8872494 | 8848908 | 35487405 80.65%
X 16975 12723 12982 11573 54253 —
Y 5939 4922 5054 4227 20142 —
31Dec- 07 Jan W | 9660610 | 9694866 | 9647053 | 9608487 | 38611016 | 80.44%
X 19092 13931 14066 12662 59751 —
Y 6872 5411 5516 4636 22435 —

extendedperiodsof time. The HRD systemwastestedus-
ing HP Pavilions with four 733MHz (20 Gigabytesof mem-
ory) Intel Celeronprocessors128 MB SDRAM, and In-

tel Pro/100+Sener AdapterEthernetcards,connectedria

two D-Link DSH-1610/100dual speechubswith switches
througha 144 Kbps router The dispatcheitestswere run

usingRedHat Linux releaser.0 (Guiness).

4.1.2. Web Probe Dispatchers for the HRD System

TheHRD systemsearchedhe Internetfor thoselSPshost-
ing Webservicedor atotal of twelve weekswhichincluded
3 U.S.holidays—Thanksgiing, ChristmasandNew Years.
Thestartdatewas15 October2001andtheterminatingdate
was07 January002. Table2 presenbne-weeldatacollec-
tion periodsthatspanfrom Mondayto Monday Theresult

codelegendfor thistableof cumulative resultsis
1. W — total numberof probesreleased

2. X — totalnumberof respondingSPshostingHTML
services

3. Y — total numberof DNS nameresolutions.

This table summarizeghe statusof eachprobeover 7-day
collectionperiods.Thetargetratio is computedusing

Z?:o W; probes [week

T t ratio =
argetrano =y million probes/week

@)

As evidentin this table, the resultsreveal a steadyin-
creasen thetotalnumberof HTML senersassociateavith



Table3: ThelSI systeminput parameters.

Parameter Version A Version B VersionC VersionD

Datasesize 1024 1024 1024 1024

Max numberof 200 200 <200 <200

iterations

No. of hashtableentries Unlimited 1 16 1

migratedne~ 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 16 Staticwords | 16 Staticwords | 16 Dynamicwords | 16 Dynamicwords

Retrieval Standard Inverted Inverted Inverted

calculations processing (00C) (OoC) (0oC)
processing processing processing

eachnode—whicharenot consistentvith expectedresults.
Four dispatcherstesultswere examinedin this testof the
HRD system.

All thenodesachievedtheirbestcombinedperformance
duringthefirst weekof eachdistinctstudy Thesubsequent
weeksreflectthe useof the samenode hostingthe probe
dispatchetthat also hostsits accompaging scoutand for-
agerdispatchersThis reductionin nodeefficiency reflects
the sharingof computerresourcesamongthe dispatchers.
Theresultspresentedeflectoffline ISP discovery andpage
retrieval [9] wherethe requirementsmposedby the real-
time processingdelaysresultsin eachunique Web group
(i.e., probesscoutsandforagers)generatingt bestperfor
mance.Theweeklyratiosreflectsubtlechangesn thenum-
ber of releasedrobes,respondingSPs,DNS resolutions,
andretrieved pages. Thesesubtlechangescanbe seenin
theweeksbeforeHalloween,Thanksgving, Christmasand
New Years.

4.2. I1S| Results
4.2.1. 19 Execution Environments

A searchengineCaseStudy[17] provided the motivation
for the developmentand implementationof the initial 1SI

systemwhosegoalwasto demonstraté¢he feasibility of an
EC model. A MPI clusterof nine SUN workstationswas
usedin this study which consistedof one SUN SFARC-

station2 @ 40.0 MHz with 40 Megabytesof memoryand
eightSUN SRARCstation20 (Model 61) @ 60.0MHz with

32 Megabytes. The SUN SFARCstation2 was treatedas
the Web pagedispatcher(Nodey) andthe other worksta-
tionswerelabeledNode,, - - - , Nodeg. Web pagesusedin

this studyconsistedf 1024 YahooBusinessHeadlinedoc-
umentg19]. Thesestudiesfocusedonthedevelopmentand
testingof the stochastiaegulatory mechanism—aompo-
nentof the WebpagedispatcherTheloadbalancingresults

werepresentedn Referencg18].

4.2.2. Input Parameters

Table3 presentshelSI systeminputparameteror thevar-
ious studiesin this researcheffort. VersionsA andB used
only randomNN which required200 iterationseach. Ver
sionsC andD requiredareducechumberof iterationssince
overlappinganddisjoint nearest-neighbarlusters(NNCs)
were allowed as superstepgd]—multiple applicationsof
therecombinatioroperator

Thestaticprobesetsfor VersionsA andB werecreated
usingthe AWK programmindanguagdl] andreflectecthe
16 mostcommonly occurring stringswithin the 1024 se-
lected Web documents. VersionsC and D relied on sets
of 16 randomlychosenstringsforming dynamicprobesets
duringeachiterationin orderto performtheretrieval calcu-
lationson eachclusterof pagegesidingonanode.Thedy-
namicprobesetsarecreatedasa componentbf thestochas-
tic regulatorymechanisnioy randomlyselectinganode,and
thenderiving a setof 16 searchstringsfrom its collection
of words. Eachversionof this applicationwas executed
80 times. Ten executionswere associatedvith eachwork-
stationconfigurationthatincorporatedl, 2, - - - , 8 indexers
coupledwith the pagedispatcherrespectiely.

4.2.3. Workload Adjustment Results

Theprobesetswvereusedasacomponenbf theretrieval cal-
culationsassociatedavith eachindexer node,which in turn
wereusedto createsubclustergor the purposeof forming
NNCs to facilitate information sharing. When performing
acomparisorbetweerthe computedstochasti@djustments
in eachnodes workloadassignmentor theseversionsthe
fithessmeasureseflectthis trend. However, the probesets
associateavith VersionC andD werechoserrandomly(for
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FigureZ: VersionA—fitnessmeasuresor 2 through8 indexers(Version
B differsby afactorof approximatelyl.0).

eachiteration) which resultedin someof the fithnessmea-
surescomputinga bestcasefitnessvalueof 0.0. This phe-
nomenoris reflectedn Figuresl through3. Thisapproach
wastakento corvey aspect®f thecomputedneasurements
thatareovershadweddueto theadjustmenfrequenciess-
sociatedwith VersionsC andD. The plots associatedvith
thesetwo versionsshov adequatg@agemigrationratesfor
all MPI clusters.VersionsA andB reflectthe staticnature
of databaseassociatedvith currentsearchengineswhere
VersionsC andD reflectthetrue natureof the IS model.

Thestochastigegulatorysystemsparameteris Table3
shav that VersionsA and B are very similar, as are Ver
sionsC andD. The differencesetweenVersionsA andB
arel) thenumberof migratedhashtableentries,and?2) the
methodologyusedto computethe stochastidfitnessmea-
sures.VersionA did notimposeary sizerestrictionsthus
resultingin enormoudoadsonthefile senerasthenumber
of nodeswereincreasedn the MPI cluster
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Figure3: VersionC—fitnessmeasurefor 2 through8 indexers(Version
D differsby afactorof approximately0.571).

5. RELATED WORK

Internetdiscovery agentg[13] incorporatedmethodologies
for auto-disceeryof theinter-dependencieamongservices
providedby Internetserviceproviders(ISPs). Theseagents
wereusedto implementamanagemergystenfor hostsup-
porting applicationseners associatedvith FTR telnet, e-
mail, news, DNS, NFS, Web, etc. The automatednethod-
ologiesreducetheamountof humaninterventionneededo
customizethe systemwhennew ISPsarelocated.

The explorationbehaior of Internetagentg11, 12] for
the multiple accesgproblem(MAR) consideredhe search
stratgy of n agentsaccessingn seners. Theretrieval of
informationfrom thevarioussharedsenerswasmaximized
thruagentcooperatiorwherebyeachagentssendsa moder
ate numberof queries,otherwisethe sener’s performance
deterioratedeadingto exponentialdelay asthe numberof
queriesincreases.

Documententroidd14] wereusedto clusterstaticdoc-
umentspaceinto distinct regionswhich in turn maximize
the similarity betweenpairsof documentswithin a cluster
This satisfiedthe requiremenbf the averagesimilarity be-
tweenthedifferentclustercentroidsbeingminimized. This
approactclassifiedquerytermsinto cateyoriesfor 1) con-
tentidentification,2) component®f indexing phrasesand
3) acommonterm (thesaurusglass.

6. SUMMARY

Stochastimptimizationtechniqueshave beenusedheaily
in the designof TocorimeApicu. Theseoptimizationtech-
niquesprovide the foundationfor improving the IS system
performancédy workingto reducembalancean work loads,
overlapamongtaskworkloadassignmentsaturatiorof file
senerswithin a network (LAN, LAN+WAN, and WAN),
andsensitvity to irregularitiesassociateavith Internettraf-



fic.

This paperhasrelatedthe underlying mechanismof
the TocorimelS systemto the EC model. This mappingis
extendedby aspectf finding hiddenknowledgein a col-
lection of documents—relatednd/orunrelated.Canonical
Web pagesveregeneratedo reducetheworkloadandstor
agerequirementsf thelSI systenresultingin a setof con-
densediocument$ormingthedatawarehouseThelSI sys-
temcontinuouslyre-partitionghe documenspaceamonga
setof distributednodesusinga stochasticegulatorysystem
whosegoalis to form subclustersf nodedor redistrituting
theworkload.
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