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Abstract. We view theInternetassupportinga peerto-peerinformationsystem
whosecomponentgrovide servicesto one another The servicescould involve

servingstatic pagesprocessingjueries,or carryingout transactionsWe model

serviceproviders and consumerss autonomousgents.Centralizedindexes of

the web are replacedby individual indexes kept by the agents.The agentscan
cooperatavith oneanother An agentmay provide a serviceto anotheragentor

give areferralthatleadsit in theright direction.Importantly theagentanjudge
the quality of a serviceobtainedandadaptvely selecttheir neighborsn orderto

improve their local performance.

Our approachenablesus to addresgwo importantchallengesOne,in contrast
with traditionalsystemsfinding trustworthy partiesis nontrivial in opensystems.
Throughreferrals,agentscanhelponeanotherfind trustworthy parties.Two, re-

centwork hasstudiedthe structureof the web asit happengo have emeged
mostly throughlinks on human-generatedtatic pages Whereasexisting work

takesanafterthe-factlook atwebstructurewe canstudythe emeging structure
of anadaptve P2Psystemasit relatesto the policiesof themembers.

1 Intr oduction

Peerto-peer(P2P)systemscan provide a naturalbasisfor large-scaledecentralized
informationsystemsarchitecturesThetwo functionsof informationsystemsguerying
andmodifying information,arebroadenedhn their scopesvhenwe move to openervi-
ronmentsFor querying,insteadof looking for corrector relevantresults,we look for
authoritatve (moregenerally trustworthy) resourcesvho canprovide correctandrele-
vantresults,eventhougha uniquecorrectresultmay not be defined.For transactions,
insteadof preciseor relaxed consisteng, we look for trustworthy resourcesvho can
deliver consistenperformanceawith respecto suitable(e.g.,economicor contractual)
criteria.In bothcasesthereis anincrease@mphasi®n locatingtrustworthy resources,
who arewilling andableto provide the servicemeeded.
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Traditionalmechanisméor locatingservicesarebasedon searchenginesandreg-
istries.However, mary niche providerswill beinvisible to traditionalsearchengines,
therebyyielding low recall. Becausaiserneedsare personalizedidentifying theright
servicesrom aregistry is nontrivial, therebyyielding low precision.Lastly, a registry
or certificateauthoritycannotdetermindrustworthinessgspeciallyfor specifictasks.

By contrasta P2Papproachs natural.Somepeersvould be serviceproviders,pos-
sibly cateringto anicheclientele.Otherpeersvouldlearnaboutandusetheabovepeers
and help othersfind them.When peersmutually help eachother, they canpotentially
develop into communitiesof interestand practicewherethe reputationsof different
providerscanbemadeandbroken.Somepeersmaytake on specializedunctionssimi-
lar to serviceregistries,but otherswill still haveto establisithatthesespecializegeers
malke trustworthy servicerecommendations.

Referralsareessentiafor locatingservicesn decentralizedystemsReferralshave
beenusedin specificapplicationg(seeSection4). However, we proposethatreferrals
form the key organizingprinciple for large-scalesystemsLinks over which partiesre-
questor givereferralsandthereferralsthey giveinducea naturalstructureon a system,
leadingto two importantconsequence®©ne, major applicationclassescan be mod-
eledvia differentstructuresTwo, the structuresvolvesin interestingwaysbasednthe
policiesfollowedby the differentpartiesduringthereferralprocess.

Organization. Section2 introducesour modelof adaptve agent-base®2Psystems.
Section3 describeour experimentaketup key hypothesesandresults.Section4 dis-
cussegherelevantliteratureandmotivatesdirectionsfor furtherwork.

2 Technical Framework

We now introduceour basicmodel. We model a systemas consistingof principals,
who provide andconsumeservices The principalscouldbe peopleor businessesThey
offer varyinglevelsof trustworthinessandarepotentiallyinterestedn knowing if other
principalsare trustworthy. Our notion of servicesis broad,but we discusstwo main
kindsof servicedelovn. Thesecorrespondo knowledgemanagemerdnde-commerce,
respectiely.

The principalscantrack eachother’s trustworthinessand cangive andreceve re-
ferrals to services.Referralsare commonin distributed systemsg.g.,in the domain
namesystem(DNS), but areusuallygivenandfollowedin arigid mannerBy contrast,
our referralsareflexible—reminiscenbf referralsin humandealings.mportantly by
giving andtakingreferrals principalscanhelponeanotheifind trustworthy partieswith
whomto interact.Notice thattrustappliesbothto the ultimateserviceprovider andto
theprincipalswho contributeto referralsto thatprovider.

TheprincipalsareautonomousrT hatis, we donotrequirethataprincipalrespondo
anotherprincipal by providing a serviceor areferral. Whenthey do respondthereare
no guaranteeaboutthe quality of the serviceor the suitability of a referral. However,
constrainton autonomye.g.,dueto dependencieandobligationsfor reciprocity, are
easilyincorporatedLik ewise,we do not assumehatary principal shouldnecessarily
betrustedby others:a principalunilaterallydecideshow to rateanotherprincipal.



The above propertiesof principalsmatchthemideally with the notion of agents
persistenttomputationghat canperceve, reasonact, and communicateAgentscan
represendifferentprincipalsand mediatein their interactions.Thatis, principalsare
seenin the computationakernvironmentonly throughtheir agents.The agentscan be
thoughtof carryingout the book-keepingnecessaryor a principal to track its ratings
of other principals.Moreover, the agentscan interactwith one anotherto help their
principalfind trustworthy peers.

In abstractterms,the principalsand agentsactin accordancevith the following
protocol. Either when a principal desiresa serviceor whenits agentanticipatesthe
needfor a service the agentbeginsto look for a trustworthy provider for the specified
service.The agentqueriessomeother agentsfrom amongits neighbos. A queried
agentmay offer its principal to performthe specifiedserviceor, basedon its referral
policy, maygive referralsto agentof otherprincipals.The queryingagentmayaccept
aserviceoffer, if any, andmay pursuereferrals,f any.

Eachagentmaintainsmodelsof its acquaintancesyhich describetheir expertise
(i.e., quality of the serviceshey provide), andsociability (i.e., quality of thereferrals
they provide). Both of theseelementsare adaptedoasedon serviceratingsfrom its
principal. Usingthesemodels,an agentappliesits neighborselectionpolicy to decide
on which of its acquaintancet keepasneighborsKey factorsincludethe quality of
the servicereceved from a given provider, andthe resultingvaluethat can be placed
on aseriesof referralsthatled to thatprovider. In otherwords,thereferringagentsare
ratedaswell. An agents own requestgioto someof its neighborsLik ewise,anagents
referralsin responseo requestdy othersarealsogivento someof its neighborsif ary
match.This, in anutshell,is our basicsocialmechanisnior locatingservices.

The above framewvork accommodatethe following importantpropertiesof open
informationsystemsOne,the peerscanbe hetepgeneousThepeerscanoffer services
or follow policiesdistinctfrom all others.Two, eachpeeroperatesautonomouslypased
on its local policies. Three,the peerscanadapt Eachpeercanarbitrarily modify its
offeringsandtheir quality, its policies,andits neighbors.

Togetheythe neighborhoodelationsamongthe agentsnducethe structureof the
givensociety In general,asdescribedabore, the structureis adaptedhroughthe de-
cisionsof the differentagents Although the decisionsareautonomousthey areinflu-
encedby variouspolicies.

2.1 Applicable Domains

The above framewnork enableaus to representifferentapplicationdomainsnaturally
In atypical commercesetting,the serviceprovidersaredistinctfrom the servicecon-
sumersTheserviceconsumer$ack the expertisein theserviceghatthey consumeand
their expertisedoesnt get ary betterover time. However, the consumersare able to
judgethe quality of the servicegrovided by others.For instanceyou might be a con-
sumerfor autorepairservicesandneverlearnenougho provide suchaserviceyourself,
yetyouwould becompetento judgeif anautomechanidid hisjob well. Similarly, the
consumergangeneratalifficult querieswithout having high expertise.For example,a
consumercanrequesia complicatedauto-repairservicewithout having knowledgeof
thedomain.



Thecommercesettingcontrastawith theknowledgemanagemergettingwherethe
ideafor “consuming”knowledgeservicesmight be to acquireexpertisein the given
domain.Yetthe consumemightlack theability to evaluatetheknowledgeprovidedby
someonevho hasgreaterexpertise.However, agentswould improve their knowledge
by askingquestionsthustheir expertisewould increaseover time. Following thesame
intuition, the questionsanagentgeneratesvould alsodependnits expertiseto ensure
thatthe agentdoesnt aska questiorwhoseanswerit alreadyknows.
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Fig. 1. A schematiconfigurationfor e-commerce

Figurel is an exampleconfigurationof serviceconsumerg&ndprovidersthat cor
respondgo a commercesetting.ThenodedabeledC denoteconsumersndthenodes
labeledS denoteserviceproviders.Consumersre connectedo eachotheraswell as
to theserviceproviders.Theselinks areessentiallypathsthatleadto serviceproviders
with differentexpertise.In this model,the serviceprovidersaredeadends:they don't
have outgoingedgesecauséhey don't initiate queriesor give referrals.Thustheir so-
ciability stayslow. Theirtrueandmodeledexpertisemayof coursebehigh. Section3.3
considerssomeothercharacterizationsf structurethatinfluenceandareinfluencecdby
differentelement®of our approach.

2.2 Evaluation Metrics

Therelevantglobal propertiesof the systemthatwe studyhereareformally character
ized by somemetrics,usuallyinvolving vectoroperations.

Qualifications. Two variantsof a provider’s expertisefor a desiredserviceareintro-
duced.To capturehesimilarity betweeranagentanda query we seekaformulathatis
commutatve,i.e.,avectori is assimilarto j asis j toi. A commonsimilarity measure
is the cosineof theanglebetweenwo vectors but measuringhe similarity of two vec-
torsusingthe cosineof theanglebetweerthemdoesnot captureheeffect of thelength



of the vectors.Sincethe two vectorswill alwaysbe in thefirst quadrantwe choosea
formulathatdoesnotconsidettheanglebetweerthetwo vectorsexplicitly. Thefollow-
ing formula captureghe Euclideandistancebetweenwo vectorsandnormalizest to
getaresultbetweer) and1. It alsoappliesin measuringhe similarity of themembers
in agroupbasedn theirinterestsandexpertise.(n is the numberof dimensiond and

J have.)
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The capability of an agentfor a query measuresiow similar andhow strongthe
expertiseof the agentis for a givenquery[11]. Capabilityresemblegosinesimilarity
but alsotakesinto accountthe magnitudeof the expertisevector What this meansis
thatexpertisevectorswith greatermagnitudeturn out to be morecapablefor the query
vector In (2), Q refersto a queryvectorandE refersto anexpertisevector

Q®E:M )

Quality. The quality of a systemmeasurefiow easily agentsfind useful providers.
Quality is the basisuponwhich differentpolicies are evaluated We definequality as
obtainedby anagentandthenaverageit overall agents.

Thedirectquality viewed by an agentreflects,via (2), the usefulnes®f the neigh-
borsof the agent,givenits interestandtheir expertise. Thatis, we estimatethe lik eli-
hoodof the neighborsthemselesgiving good answersgo the questionsandignoring
theotheragents.

Next, wetake into accounfanagents neighborsandotheragentsHere,we measure
how well the agents interestmatcheghe expertiseof all otheragentsin the system,
scaleddown with the numberof agentsit hasto passto getto the agent.Thatis, the
fartheraway the good agentsfrom the agent,the lesstheir contribution to the quality
seernby theagent.Thecontribution of j to i’s quality is givenby:

I, ® E;
s’ I (3)
path(i, j)

wherethe shortestpathlengthis usedin the denominatarThis metric is optimistic,

sincea provider may notrespondandpeersmay not producehelpful referrals.

nth Best. Forasmallpopulation,t is reasonabléo assumehateachagentcanpoten-
tially reachall otheragentgo whichit is connectedBut in large populationsanagent
will beableto reachonly a smallfraction of the population.For this reasonjnsteadof

averagingoverall agentsyve take thenth bestmeasureThatis, we measurghe quality
obtainedby apeerby its nth bestconnectionin thenetwork. Thechoicefor n is tricky.

If n istoobig, eachpeersqualityis equallybad.Ontheotherhand,if n istoosmall,the

quality will reflectthe neighborsquality asin the direct quality metric. For the results
reportedbelow, we take n to betwice the numberof neighborsof anagent.

2.3 Evaluation Methodology

We have implementedh distributedplatform usingwhich adaptive P2Psystemscanbe
built. However, sincelarge-scalesystemsf servicedon'’t yet exist, we investigatehe



propertiesof interestover a simulation,which givesusthe necessargontrolsto adjust
variouspoliciesand parametersThe simulationinvolvesn agentsa large fraction of
whom are serviceconsumerdooking for providers.Consumersave high interestin
gettingdifferenttypesof servicesput they have low expertise,sincethey don't offer
servicesthemseles. Providers have high expertisebut low sociability The interests
andexpertiseof theagentsarerepresentedstermvectorsfrom thevectorspacemodel
(VSM) [10], eachtermcorrespondingo a differentdomain.

Eachagentis initialized with the samemodelfor eachneighbor;this modelbeing
riggedto encouragehe agentgo both queryandgenerateeferralsto their neighbors.
Sincewe do not have actualprincipals(i.e., humans)n the evaluation,the queriesand
the answersare generatedy the system.More precisely an agentgenerates query
by slightly perturbingits interestvector, which denoteghat the agentasksa question
similarto its interestsAn agentanswersa questionif its expertisematchesa question.
If the expertisematcheghe questionthenthe answetis the perturbedexpertisevector
of the agent.When an agentgetsan answerto its question,it evaluatesit by again
comparingheansweto thequestionWhenanagentdoesnotanswelaquestionjt uses
its referral policy to choosesomeof its neighborsto refer. After anagentrecevesan
answerit evaluateghe answerby computinghow muchthe answematcheghequery
Thus,implicitly, theagentswith high expertiseendup giving the correctanswersAfter
theanswersareevaluatedthe agentusests learning policy to updatethe modelsof its
neighborsin the default learningpolicy, whena goodanswercomesin, the modeled
expertiseof the answeringagentand the sociability of the agentsthat helpedlocate
theanswere(throughreferrals)areincreasedSimilarly, whena badanswercomesin,
thesevaluesaredecreasedAt certainintervalsduringthe simulation,eachagenthasa
chanceto choosenew neighborsfrom amongits acquaintancebasedon its neighbor
selectionpolicy. Usuallythe numberof neighborss limited, soif anagentaddssome
neighborsit might have to drop someneighborsaswell. Section3 studiesthe referral
policiesandthe neighborselectionpoliciesin moredetail.

3 Locating Sewvice Providers

The neighborhoodelationsamongthe agentsdefinethe structureof the society More

precisely a directedgraphG(V, E) is constructedin which eachnodewv € V in the

graphrepresentanagentandeachedge(u, v) € E betweertwo nodesu andv denotes
thatv is aneighborof u. Sincethe whole societycanbeviewedasa graph,the search
for a serviceprovider is essentiallya searchstartingfrom a consumemode, which

may terminateat a provider node. In this respectthe searchmight look trivial and

couldbe performedwith ary standardsearchalgorithm.However, therearetwo major

challengesOne,eachagentin the systemhasa partialview of thegraph.For example,
in Figurel, Cy knows that C3 and S, areits neighborsput may not know that S is

C5’sneighbor Two, eachagentin the graphis autonomousndcanwell have different
policiesto take careof differentoperationdike answeringa questionor referringa

neighbor Thus,gettingata nodecloserto atargetprovider doesnot guaranteghatthe

searchs progressingFor example,C> mayaskCs butif Cs is notresponsie,thenthe

searctpathbecomes dead-end.



With only incompleteinformation and possiblenon-cooperatie peers,whatis a
goodstratey to follow in orderto find thedesiredserviceprovidersANe approachthis
questionfrom several angles.In Sections3.1 and3.2, we studyreferraland neighbor
selectiorpoliciesthatcanbeusedn differentpopulationsWe evaluatetheperformance
of thesepoliciesandsuggestvhenthey canbeused.In Section3.3,we studyparticular
topologiesof networksandshav why sometopologiesareundesirable.

3.1 Referral Policies

A referralpolicy specifieso whomto refer. We considersomeimportantreferralpoli-
cies.We tunethe simulationsothatanagentanswersa queryonly whenit is sureof the
answer This ensureghatonly the providersanswerary questionsandthe consumers
generataeferralsto find the providers.

1. Refer all matchingneighbors The referring agentcalculateshow capableeach
neighborwill be in answeringthe given query (basedon the neighbors modeled
expertise).Only neighborsscoringabove a givencapabilitythresholdarereferred.

2. Referall neighborsAgentsreferall of their neighborsThisis a specialcaseof the
matchingpolicy with thecapabilitythresholdsetto zero.Thisresemble&nutellas
searchprocessvhereeachsenentforwardsanincomingqueryto all of its neigh-
borsif it doesnt alreadyhave therequestedile [4].

3. ReferthebestneighborReferthebestmatchingneighborThisis similarto Freene
routing of requestmessagesyhereeachFreenefclient forwardsthe requestto a
peerthatit thinksis lik eliestto have therequestednformation[6].
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We testthe performanceof differentpoliciesby varying the capability threshold.
Figure2 plotsthis thresholdversugheratio of numberof goodanswersecevedto the
numberof peerscontactedor differentpolicies.We plot differentpopulationson this
graphvaryingthe percentagef expertsin the population.Therearethreepopulations,
eachwith 400agentsbut with 10%, 20%,and25% expertsin them.Eachagentgener
ateseight queriesduring a simulationrun, resultingin 3200queriesall togetherEach
agentis neighborswith two percenbf the populationwhichin this caseds eightagents.
Eachagentsendsts queryto its neighborsThe neighborghenapply the selectede-
ferral policy. Thus,basedon thereferralpolicy, eachqueryresultsin differentnumber
of agentsbeingcontactedWe limit thelengthof thereferralchainsto five—similarto
Gnutellastime-to-livevalue.In Figure2, thelinesmarked MatchingAll shav Referall
matchingpolicy for varyingthresholdson the z axis. The lines marked BestNeighbor
plot the BestNeighborpolicy, which is independenof thethreshold.

Result1 Among thesereferral policies Refer all matchingfinds providers with the
highestratio, wherethe bestthresholdincreasesvith the percentagef expertsin the
society

3.2 Neighbor SelectionPolicies

At certainintervalsduringthe simulation,eachagenthasachanceo choosenew neigh-
borsfrom amongits acquaintance$Jsuallythe numberof neighborss limited soif an
agentaddssomeneighborsit might have to drop someneighborsaswell. A neigh-
bor selectionpolicy governshow neighborsareaddedanddropped.Suchpoliciescan
stronglyinfluencethe structureof the resultinggraph.

Whatwould happerif eachagentchosethe bestserviceprovidersasneighbors©r
is it betterto chooseagentswith highersociability ratherthanhigherexpertise?At one
extreme,if eachagentchooseshebestprovidersit knows asneighborsthenthegraph
would acquireseveral starseachcenteredon an agentwho is the bestprovider for the
agentswhoseneighborit is. On the otherhand,if everybodybecomeseighborswith
agentsthat have slightly more expertisethanthemselesthe structurewill tendto be
atree,similar to an organizationahierarchy To evaluatehow the neighborselection
policiesaffectthestructurewe comparehreepoliciesusingwhich anagentselectghe
bestm of its acquaintance® becomats neighbors.

— Providers Sortacquaintancelly how their expertisematchesheagentsinterests.

— SociablesSortacquaintancei® termsof sociability.

— Weightedaverage Sortacquaintanceis termsof a weightedaverageof sociability
andhow their expertisematcheghe agentsinterests.

We measurehe performanceof differentneighborselectionpolicies. Figure 3 plots
directquality metric versusthe quality metricfor differentneighborselectionpolicies.
W denotesheweightof thesociabilityin choosinganeighborWhenW is setto 0, the
Providerspolicy, andwhenW is setto 1, the Sociablegolicy is in effect. Othervalues
of W measurewveightedaveragesof the sociability and expertise.In our simulation,
eachagentselectsneighborsaftereverytwo queriesThus,eachpolicy is executedour
timesduringthe simulationrun. Thefour pointsonthe plot lines correspondo these.
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Result2 Whenall agentsapply the sameneighborselectionpolicy, Providersyields
thehighestdirectquality.

Notice that Providersmight not performaswell if eachagentcanexercisea different
policy. The benefitof this policy is that by trying to get closeto the providers,each
consumemaximizesthe probability thatit will be neighborswith at leastoneservice
provider.

While Providersensuresheproximity of consumerandproviders,Sociablesnakes
it impossiblefor theconsumerso find theproviders.Sociabilitycorrespondso thelik e-
lihood of referringagentswith high expertise.Sincenoneof theagentshave expertsas
neighborsthey cannotrefer the experts.Interestingly this policy resultsin the mini-
mum numberof neighborchangesThe sociability of the agentsonly increasesluring
the first few questionswhenthereare still a few consumersavho are still neighbors
with providers. After that, thoseconsumersvho have providers as neighborsprefer
moresociableconsumerssneighbors.

3.3 Structure

Recallthat eachagentchoosests neighborsbhasedon local informationonly, without
knowing which neighborsotheragentsare choosing Eventhougheachagentis doing
the bestfor itself, the resultinggraphmay be undesirableConsidera bipartite graph.
A graphd is bipartiteif it consistsof two independensets,i.e., two setsof pairwise
nonadjacenvertices.Whenthe simulationis started,we know thatthereis oneinde-
pendentset, the group of serviceproviders. Sincethesedo not have outgoingedges,
no two serviceproviderscanhave an edgebetweerthem. Thusthe providersform an
independenset. Now, if the consumersalsoform anindependenset, thenthe graph



will bebipartite.Essentiallythe consumersforming anindependensetmeanghatall
the neighborsof all the consumersareserviceproviders.Noticethatif thisis the case,
thenthe consumersvill not be ableexchangereferrals.If the graphbecomedipartite,
thesystemosesall the power of referralsandall consumer®egin operatingonthesole
basisof their local knowledge .We obsene thatthe quality of a bipartitegraphis stable
andnon-optimal.Sincethe serviceprovidersdo not have outgoingedgesthey will not
referary new agentsThus,the consumerswill not getto know new agentsandwill
notbeableto changeheir neighborsmakingthe graphstable However, for eachagent
therewill be mary otheragentshatit cannotreach.Configurationghatallow reacha-
bility to theseagentswill have betterquality. Thus,the quality of the bipartitegraphis
notoptimal.

Evenif the graphis not bipartite, the structurecould be very closeto a bipartite
graph.Let’s say that the graphwould be bipartite if we took out a few edgesfrom
thegraph.Thisiis still dangeroussincethe graphmight quickly evolve into a bipartite
graph. The numberof edgesneededto be removed is a metric for determiningthe
structuralquality of thegraph.

Obviously, we needto preventthe graphfrom turning into a bipartite graph.The
only way to do sois if the agentschoosetheir neighborsin a certainmannerso as
to ensurethat thesestructuresare not realized.Accordingly, we study the neighbor
selectionpoliciesto seeif they cancausethegraphto turninto a bipartitegraph.

Result3 In a populationwhereeachagentexerciseshe Providerspolicy, if thereare
more providersthanthe numberof neighborsan agentcanhave, thenthe graphcon-
vergesto a bipartitegraph.

Convergenceto a bipartitegraphis unavoidablewheneachagentdiscoversthe service
providersin the society A partial solutionis to try to obstructthis discovery by keep-
ing the length of the referralgraphshort. With a shortreferralgraph,eachagentcan
discover only a smallnumberof new agentsThus,it is likely for aconsumeto find a
coupleof serviceprovidersbut unlikely thatit will find all of them.

A weakly connecteccomponenbf a graphis a maximal subgraphthat would be
connectedvhenthe edgesare treatedas undirected[14]. Thusdifferentcomponents
have disjoint verticesandare mutually disconnectedConsequentlyconsumerganat
bestfind serviceprovidersin their own componentswe obsener thatif thereis more
thanoneweakly connectedcomponenin a graph,thenthereis at leastoneconsumer
thatwill notbeableto find atleastoneserviceprovider.

Result4 In a populationwhere eachagentexercisesthe Sociablesolicy, the graph
endsup awith anumberof weaklyconnectedomponentsSincetheconsumersirethe
only sociableagentsconsumerdink up with otherconsumer®nly. This resultsin the
providersbeingtotally isolatedfrom the consumers.

3.4 Clustering

We definea clusteringcoeficientthatmeasuresiow similar the neighborsof anagent
are.Our coeficientis similarin motivationto Watts’ coeficient[13]. However, we also
take into accounthow similar the agentitself is to its neighborsThe averageof all the



agents’clusteringcoeficients constituteshe clusteringcoeficient of the graph.The
reflexive interestclusteringy (i) measurefiow similar the interestvectorsof anagent
1's neighborg(including i itself) areto eachother The reflexive interestclusteringof
graph@G is theaverageof ~(¢) for all nodesin G. Below, N; denoteghe setconsisting
of nodei andall its neighbors E; denotesll theedgesdetweerthenodesn N;.

L 2aper li®
70) = NN =) )

Result5 Reflexive interestclusteringdecreasesvith an increasein quality. An in-
creasan quality shavs thatsomeconsumeraregettingcloserto the qualifiedservice
providers.This decreasethe reflexive interestclusteringsincenow all thoseclustered
consumergangetto the serviceprovider throughreferralsand no longerneedto be
neighborswith other similar consumersConsidera group of travelerswho are not
aware of a qualifier travel agent.As soonas one of themdiscoversit, the quality of
the network will increaseFurther it will refer this new travel agentto its neighbors
whenasledfor, affectingtheneighborgo eventuallypointto thetravel agent.This will
decreas¢heinterestclusteringof thatparticulargroupof travelers.

4 Discussion

Ourapproachakesanadaptie,agent-basestanceon peerto-peercomputing.Thisen-
ablesusto studytheemegentstructureof peerto-peemetworksasthey areemployed
to help participantgointly discosrer andevaluateservicesBelow, we discusssomere-
latedapproacheandthenconsiderthe greatergoalsof our work andthe directionsin
which it mightexpand.

Dir ectory sewices. WHOIS++usesa centroid-basethdexing schemevhich resem-
blesaninvertedindex. EachWHOIS sener maintainsa centroidfor itself. It is freeto
passits centroidto otherseners.Sincethe senersdo not modeleachother, they send
their centroidsto arbitraryseners.Lightweight Directory AccessProtocol(LDAP) al-
lows clientsto accesslirectorieson differentseners,whicharearrangedn ahierarchy
SomeLDAP senerscangive referralsto otherseners,but asfor DNS, thereferralsin
LDAP aregivenrigidly.

Referral networks. Thesearea naturalway for peopleto go aboutseekinginforma-
tion [7]. Onereasonto believe that referral systemswould be usefulis that referrals
capturethe mannerin which peoplenormally help eachotherfind trustworthy author
ities. MINDS, basedon the documentsisedby eachuser wasthe earliestagent-based
referralsystem[2]. Kautz et al. model social networks statically as graphsand study
somepropertief thesegraphse.g.,how the accurag of areferralto a specifiedndi-
vidualrelatego thedistanceof thereferrerfrom thatindividual [5]. Yu present@more
extensie literaturesuney [15].

Sewicelocation. GibbinsandHall studythetechniquegor queryroutingin mediator
basedesourcaliscorery systemg3]. They representhequeriesandresourceshrough
adescriptiorlogic anddetermineherelevanceof aqueryto aresourcéy subsumption



or unification.Ourapproachs closerto whatGibbinsandHall termthedisorderedne-
diator networks,wherethe mediatorsarenot forcedinto a particularnetwork topology
but choosewhoto contactasthey seefit.

Recently several peerto-peemetwork architecturediave beenproposede.g.,[12,
9,1]. Essentially thesesystemsmodelthe network asa distributed hashtable where
a deterministicprotocol mapskeys to peers.The peersin thesesystemsare not au-
tonomousthe peersdon’t choosethe keys that areassignedo them.Eachpeerhasa
tablethataidsthe searchwhentheitembeingsearchedioesnotresideat this peer This
is similarto our neighborsconceptHowever, in our approacheachpeercanchangets
neighborsasit seedit. Currentsystemdack this adaptability First, the peersin theta-
blesaredefineddeterministically Secondpeerscannotchangetheir neighborsunless
theneighborgetoff-line.

Directions. Ourframework providesadditionalopportunitiefor researchOne,probe
deepeilinto thecharacteristicef the applicationdomain,suchasthe servicesbeingof-
fered,thedemandor them,paymenimechanism# place,andsoon. Two, explorethe
relationshipsbetweenvariouspoliciesand performancdurther, especiallyin the con-
text of the structuralassumptionef differentapplicationsThree,modelricherproper
ties underlyingthe connectvity amongthe peers.e.g.,communicatiorcostand avail-
ablebandwidth.Thiswork will bring uscloserto ourlong-termresearctgoal of devel-
oping principlesthatcanbe castin practicalalgorithmsfor producingrobust, efficient,
andtrustworthy adaptie peerto-peerinformationsystems.
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