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Abstract. Peer-to-Peersystemshave proven to be an effective way of sharing
data.Modernprotocolsareable to ef�ciently routea messageto a given peer.
However, determiningthedestinationpeerin the�rst placeis notalwaystrivial.
We proposea modelin which peersadvertisetheir expertisein thePeer-to-Peer
network. The knowledgeabout the expertiseof other peersforms a semantic
topology. Basedon the semanticsimilarity betweenthe subjectof a queryand
theexpertiseof otherpeers,apeercanselectappropriatepeersto forwardqueries
to, insteadof broadcastingthequeryor sendingit to arandomsetof peers.To cal-
culateour semanticsimilarity measurewe make thesimplifying assumptionthat
thepeerssharethesameontology. We evaluatethemodelin a bibliographicsce-
nario,wherepeerssharebibliographicdescriptionsof publicationsamongeach
other. In simulationexperimentsweshow how expertisebasedpeerselectionim-
provestheperformanceof a Peer-to-Peersystemwith respectto precision,recall
andthenumberof messages.

1 Intr oduction

Peer-to-Peersystemsaredistributedsystemswithout any centralizedcontrolor hierar-
chicalorganization,in which eachnoderunssoftwarewith equivalentfunctionality. A
review of the featuresof recentPeer-to-Peerapplicationsyields a long list: redundant
storage,permanence,selectionof nearbyservers,anonymity, search,authentication,
and hierarchicalnaming.Despitethis rich set of features,scalability is a signi�cant
challenge:Peer-to-Peernetworksthatbroadcastall queriesto all peersdon't scale- in-
telligentqueryroutingandnetwork topologiesarerequiredto beableto routequeries
to a relevantsubsetof peers.Modernroutingprotocolslike Chord[15], CAN [14] are
basedon the ideaof DistributedHashTablesfor ef�cient queryrouting,but little ef-
fort hasbeenmadewith respectto rich semanticrepresentationsof metadataandquery
functionalitiesbeyondsimplekeywordsearches.

TheSemanticWebis anextensionof thecurrentwebin which informationis given
well-de�nedmeaning,betterenablingcomputersandpeopleto work in cooperation[2].
In adistributedknowledgemanagementsystemtheseSemanticWebtechniquescanbe
usedfor expressingtheknowledgesharedby peersin awell-de�ned andformalway.

In themodelthatwepropose,peersuseasharedontologyto advertisetheirexpertise
in thePeer-to-Peernetwork. Theknowledgeabouttheexpertiseof otherpeersformsa
semantictopology, independentof theunderlyingnetwork topology. If thepeerreceives



a query, it candecideto forwardit to peersaboutwhich it knows thattheir expertiseis
similar to thesubjectof thequery. Theadvantageof this approachis thatquerieswill
not be forwardedto all or a randomsetof known peers,but only to thosethat have a
goodchanceof answeringit.

In thispaperweinstantiatetheabovemodelwith abibliographicscenario,in which
researcherssharebibliographicmetadataaboutpublications.In the evaluationof our
modelwe will show how

– the proposedmodel of expertisebasedpeerselectionconsiderablyimprovesthe
performanceof thePeer-to-Peersystem,

– ontology-basedmatchingwith a similarity measurewill improve thesystemcom-
paredwith an approachthat relies on exact matches,suchas a simple keyword
basedapproach,

– theperformanceof thesystemcanbeimprovedfurther, if thesemantictopologyis
built accordingto thesemanticsimilarity of theexpertisesof thepeers,

– a “perfect” semantictopology imposedon the network using global knowledge
yieldsidealresults.

In the remainderof thepaperwe will presentthe formal modelfor expertisebase
peerselection(Section2), instantiatethismodelfor thebibliographicscenario(Section
3), de�ne evaluationcriteria (Section4), presentresultsof thesimulation(Section5),
discussrelatedwork (Section6) andconcludewith somedirectionsfor future work
(Section7).

2 A Model for ExpertiseBasedPeerSelection

In the modelwe propose,peersadvertisetheir expertisein the network. The peerse-
lectionis basedon matchingthesubjectof a queryandtheexpertiseaccordingto their
semanticsimilarity. Figure1 below showstheideaof themodelin onepicture.
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Fig.1. ExpertiseBasedMatching

In this sectionwe �rst introducea model to semanticallydescribethe expertise
of peersandhow peerspromotetheir expertiseasadvertisementmessagesin thenet-
work.Second,wedescribehow thereceivedadvertisementsallowsapeerto selectother



peersfor a givenquerybasedon a semanticmatchingof querysubjectsagainstexper-
tise descriptions.The third part describeshow a semantictopology canbe formedby
advertisingexpertise.

2.1 SemanticDescription of Expertise

Peers ThePeer-to-Peernetwork consistsof a setof peersP. Every peerp 2 P hasa
knowledgebasethatcontainstheknowledgethatit wantsto share.

CommonOntology ThepeersshareanontologyO, whichprovidesacommonconcep-
tualizationof their domain.Theontologyis usedfor describingtheexpertiseof peers
andthesubjectof queries.

Expertise An expertisedescriptione 2 E is a abstract,semanticdescriptionof the
knowledgebaseof a peerbasedon thecommonontologyO. This expertisecaneither
beextractedfrom theknowledgebaseautomaticallyor speci�edin someothermanner.

AdvertisementsAdvertisementsA � P � E areusedto promotedescriptionsof the
expertiseof peersin thenetwork. An advertisementa 2 A associatesa peerp with a
an expertisee. Peersdecideautonomously, without centralcontrol,whomto promote
advertisementsto andwhich advertisementsto accept.This decisioncanbe basedon
thesemanticsimilarity betweenexpertisedescriptions.

2.2 Matching and Peer Selection

Queries Queriesq 2 Q areposedby a userandareevaluatedagainsttheknowledge
basesof thepeers.First apeerevaluatesthequeryagainstits local knowledgebaseand
thendecideswhich peersthequeryshouldbeforwardedto. Queryresultsarereturned
to thepeerthatoriginally initiatedthequery.

SubjectsA subjects 2 S is anabstractionof agivenqueryq expressedin termsof the
commonontology. Thesubjectcanbe seena complementto anexpertisedescription,
asit speci�estherequiredexpertiseto answerthequery.

Similarity Function Thesimilarity functionSF : S � E 7! [0; 1] yieldsthesemantic
similarity betweena subjects 2 S andanexpertisedescriptione 2 E. An increasing
valueindicatesincreasingsimilarity. If thevalueis 0, s ande arenot similar at all, if
thevalueis 1, they matchexactly. SF is usedfor determiningto which peersa query
shouldbeforwarded.Analogously, a samekind of similarity functionE � E 7! [0; 1]
canbede�ned to determinethesimilarity betweentheexpertiseof two peers.

PeerSelectionAlgorithm The peerselectionalgorithmreturnsa rankedsetof peers.
Therankvalueis equalto thesimilarity valueprovidedby thesimilarity function.

From this setof rankedpeersonecan,for example,selectthe bestn peers,or all
peerswhoserankvalueis abovea certainthreshold,etc.



Algorithm 1 PeerSelection
let A betheadvertisementsthatareavailableon thepeer
let 
 betheminimal similarity betweentheexpertiseof a peerandthetopicsof thequery.
subj ect := E xtr actSubj ect(query)
r ankedPeers := ;
for all ad 2 A do

peer := Peer(ad)
r ank := SF (E xper tise (ad); subj ect)
if r ank > 
 then

r ankedPeers := (peer; r ank) [ r ankedPeers
returnr ankedPeers

2.3 SemanticTopology

Theknowledgeof thepeersabouttheexpertiseof otherpeersis thebasisfor asemantic
topology. Hereit is importantto statethatthis semantictopologyis independentof the
underlyingnetwork topology. At this point, we don't make any assumptionsaboutthe
propertiesof thetopologyon thenetwork layer.
Thesemantictopologycanbedescribedby thefollowing relation:

K nows � P � P, whereK nows(p1; p2) meansthatp1 knowsabouttheexpertiseof
p2.

The relation K nows is establishedby the selectionof which peersa peersendsits
advertisementsto. Furthermore,peerscandecideto acceptan advertisement,e.g. to
includeit in their registries,or to discardtheadvertisement.Thesemantictopologyin
combinationwith the expertisebasedpeerselectionis the basisfor intelligent query
routing.

3 The Bibliographic Scenario

In this sectionwe instantiatethegeneralmodelfor expertisebasedpeerselectionfrom
previous section.We usea real-life scenariofor knowledgesharingin a Peer-to-Peer
environment.

In thedaily life of a computerscientist,oneregularlyhasto searchfor publications
or theircorrectbibliographicmetadata.Currently, peopledo thesesearcheswith search
engineslike Googleand CiteSeer, via university libraries or by simply askingother
peoplethatarelikely to know how to obtainthedesiredinformation.

Thescenariothatwe envisionhereis thatresearchersin a communitysharebiblio-
graphicmetadatavia aPeer-to-Peersystem.Thedatamayhavebeenobtainedfrom Bib-
TeX �les or from abibliographyserversuchastheDBLP database1. A similarscenario
is describedin [1], wheredataproviders,i.e. researchinstitutes,form a Peer-to-Peer
network whichsupportsdistributedsearchoverall theconnectedmetadatarepositories.

We now describethe bibliographicscenariousingthe generalmodelpresentedin
theprevioussection.

1 http://dblp.uni- trier.de/



Peers A researcheris representedby a peerp 2 P. Eachpeerhasan RDF knowl-
edgebase,which consistsof a setof bibliographicmetadataitemsthat areclassi�ed
accordingto theACM topic hierarchy2. Thefollowing exampleshows a fragmentof a
samplebibliographicitembasedon theSemanticWebResearchCommunityOntology
(SWRC)3:

<rdf:RDF xmlns=
"http://www.semanticweb.org/ontologies/swrc-onto. daml#"

xmlns:rdf ="http://www.w3.org/1999/02/22-rdf-syntax-ns#"
xmlns:acm ="http://daml.umbc.edu/ontologies/topic-ont#">

<Publication rdf:about="dblp:persons/Codd81">
<title>The Capabilities of

Relational Database Management Systems.</title>
<acm:topic rdf:resource=

"http://daml.umbc.edu/ontologies/classification #
ACMTopic/Information_Systems/Database_Manageme nt"/>

<!-- ... -->
</Publication>
</rdf:RDF>

CommonOntology The ontologyO that is sharedby all thepeersis the ACM topic
hierarchy. Thetopichierarchycontainsaset,T , of 1287topicsin thecomputerscience
domainandrelations(T � T) betweenthem:SubTopicandseeAlso.

Expertise TheACM topic hierarchyis thebasisfor our expertisemodel.ExpertiseE
is de�ned asE � 2T , whereeache 2 E denotesasetof ACM topics,for whichapeer
providesclassi�ed instances.

AdvertisementsAdvertisementsassociatepeerswith their expertise:A � P � E . A
singleadvertisementthereforeconsistsof a setof ACM topicsfor which thepeeris an
experton.

Queries We usethe RDF query languageSeRQL[6] to expressqueriesagainstthe
RDF knowledgebaseof a peer. Thefollowing samplequeryasksfor publicationswith
their title abouttheACM topic InformationSystems/ DatabaseManagement:

CONSTRUCT{pub} <swrc:title> {title} FROM
{Subject} <rdf:type> {<swrc:Publication>};

<swrc:title> {title};
<acm:topic>
{<topic:ACMTopic/Information_Systems/Database_Ma nagement >}

USING NAMESPACE
swrc=<!http://www.semanticweb.org/ontologies/swrc- onto.dam l#>,
rdf =<!http://www.w3.org/1999/02/22-rdf-syntax-ns# >,
acm =<!http://daml.umbc.edu/ontologies/topic-ont#> ,
topic=<!http://daml.umbc.edu/ontologies/classifica tion#>

Subjects Analogouslyto theexpertise,a subjects 2 S is anabstractionof a queryq.
In our scenario,eachs is a setof ACM topics,thuss � T . For example,theextracted
subjectof thequeryabovewould beInformationSystems/DatabaseManagement.

2 http://www.cs.vu.nl/˜heiner/public/SW@VU /clas sifica tion.d aml
3 http://ontobroker.semanticweb.org/ontos/ swrc. html



Similarity Function In this scenario,thesimilarity functionSF is basedon the idea
that topicswhich arecloseaccordingto their positionsin thetopic hierarchyaremore
similar thantopicsthat have a larger distance.For example,an expert on ACM topic
InformationSystems/InformationStorage andRetrieval hasa higherchanceof giving
a correctanswerona queryaboutInformationSystems/DatabaseManagementthanan
expertona lesssimilar topic likeHardware/MemoryStructures.

To beableto de�ne thesimilarity of a peer's expertiseanda querysubject,which
arebothrepresentedasasetof topics,we�rst de�ne thesimilarity for individualtopics.
[10] have compareddifferentsimilarity measuresandhave shown that for measuring
thesimilarity betweenconceptsin ahierarchicallystructuredsemanticnetwork, likethe
ACM topichierarchy, thefollowing similarity measureyieldsthebestresults:

S(t1; t2) =

(
e� �l � e� h � e� � h

e� h + e� � h if t1 6= t2;
1 otherwise

(1)

Herel is thelengthof theshortestpathbetweentopict1 andt2 in thegraphspanned
by theSubTopic relation.h is thelevel in thetreeof thedirectcommonsubsumerfrom
t1 andt2.

� � 0 and� � 0 areparametersscalingthecontribution of shortestpathlengthl
anddepthh, respectively. Basedon their benchmarkdataset,the optimal valuesare:
� = 0:2, � = 0:6. Usingtheshortestpathbetweentwo topicsis ameasurefor similarity
becauseRadaetal [13] haveproventhattheminimumnumberof edgesseparatingtop-
icst1 andt2 is ametricfor measuringtheconceptualdistanceof t1 andt2. Theintuition
behindusingthedepthof thedirectcommonsubsumerin thecalculationis that topics
atupperlayersof hierarchicalsemanticnetsaremoregeneralandaresemanticallyless
similar thantopicsat lower levels.

Now thatwe have a function for calculatingthesimilarity betweentwo individual
topics,wede�ne SF as:

SF (s;e) =
1
jsj

X

t i 2 s

max
t j 2 e

S(t i ; t j ) (2)

With this functionwe iterateoverall topicsof thesubjectandaveragetheir similarities
with themostsimilar topicof theexpertise.

PeerSelectionAlgorithm Thepeerselectionalgorithmrankstheknown peersaccord-
ing to thesimilarity functiondescribedabove. Therefore,peersthathave anexpertise
moresimilar to thatof thesubjectof thequerywill havea higherrank.Fromthesetof
rankedpeers,wenow only considera selectionalgorithmthatselectsthebestn peers.

4 Evaluation Criteria

In this sectionwe de�ne a numberof criteriafor a Peer-to-Peersystem,which will be
thebasisfor theevaluationof our proposedmodelfor peerselection.Thesecriteriaare
mainlybasedon thosedescribedin [7].



4.1 Input parameters

Thefollowing inputparametersareimportantcriteriathatin�uence theperformanceof
a Peer-to-Peersystem:

Numberof Peers Thesizeof thePeer-to-Peernetwork is representedby this number.
Typically thescalabilityof thesystemis measuredin termsof numberof peers.

Numberof DocumentsThescalabilityof a Peer-to-Peersystemcanalsobeexpressed
in termsof thenumberof sharedresourceitems,e.g.documents.

DocumentDistribution Thedocumentdistribution in Peer-to-Peernetworks is rarely
completelyrandom,but oftenhascertainproperties.With this inputparameterwewant
to evaluatehow theproposedmodelbehaveswith differentdocumentdistributions.

Network Topology Theperformanceof aPeer-to-Peersystemis stronglyin�uencedby
thenetwork topologyandits characteristics.Possibletopologiescould for examplebe
super-peerbased,staror ring-shaped,or simplya randomgraph.

AdvertisementsTheadvertisementsareresponsiblefor building thesemantictopology.
Therearevariousvariablesinvolved,e.g.whomto sendtheadvertismentsto andwhich
receivedadvertisementsto includebasedon the semanticsimilarity betweenthe own
expertiseandthatof theadvertisement.

PeerSelectionAlgorithm Thepeerselectionalgorithmdetermineswhichpeersaquery
shouldbe forwardedto. This could be a naive algorithm,which simply broadcastsa
query, or a moreadvancedone,astheproposedexpertisebasedpeerselection.

Maximum Number of Hops The maximumnumberof hopsdetermineshow many
timesa queryis allowedto beforwarded.It determineshow muchthenetwork will be
�ooded by asinglequery.

4.2 Output parameters

To evaluatea Peer-to-Peersystem,we useprecisionandrecall measuresknown from
classicalInformationRetrieval. Herewe distinguishmeasureson the documentlevel
(queryanswering)andthe peerlevel (peerselection).Thesemeasuresarede�ned as
follows:

Documentlevel (QueryAnswering).

PrecisionD oc = jA
T

B j
jB j

indicateshow many of the returneddocumentsarerelevant,with A beingthe set
of relevantdocumentsin thenetwork andB beingthesetof returneddocuments.
In our modelwe work with exact queries,thereforeonly relevant documentsare
returned.Theprecisionwill thereforealwaysbeone:
PrecisionD oc = jB j

jB j = 1.



Recall I nf = jA
T

B j
jA j = jB j

jA j
The recall on the documentlevel stateshow many of the relevant documentsare
returned.

PeerLevel (PeerSelection).

PrecisionP eer = jA
T

B j
jB j

For a givenquery, how many of thepeersthatwereselectedhadrelevantinforma-
tion. HereA is thesetof peersthathadrelevantdocumentsandB is thesetof peers
thatwerereached.

RecallP eer = jA
T

B j
jA j

indicatesfor a given query, how many of the peersthat hadrelevant information
werereached.

Further Parameters.Anotherimportantoutputparametersis:

N umberM essages

This outputparameterindicateswith how many messagesthe network is �ooded
by onequery. The numberof messagesdoesnot only affect the network traf�c,
but alsoCPUconsumption,suchasfor theprocessingof thequeriesin thecaseof
querymessages.

Otheroutputparametersthatmightbeusedasevaluationcriteria,but arenotconsidered
in thefollowing, arefor examplethesizeof messagesandresponsetimes,asthey are
not relevantfor theevaluationof ourmodel.

5 Experimental Results

In this sectionwe describethe simulationof the scenariopresentedin section3. The
evaluationsarebasedon thecriteriade�ned in section4. With theexperimentswe try
to validatethefollowing hypotheses:

– H1 - Expertise basedselection:The proposedapproachof expertisebasedpeer
selectionyields betterresultsthan a naive approachbasedon randomselection.
The higherprecisionof the expertisebasedselectionresultsin a higherrecall of
peersanddocuments,while reducingthenumberof messagesperquery.

– H2 - Ontology basedmatching: Usingasharedontologywith ametricfor seman-
tic similarity improvestherecallrateof thesystemcomparedwith anapproachthat
reliesonexactmatches,suchasasimplekeywordbasedapproach.

– H3 - Semantictopology: Theperformanceof thesystemcanbeimprovedfurther,
if thesemantictopologyis built accordingto thesemanticsimilarity of theexper-
tisesof thepeers.This canbe realized,for example,by acceptingadvertisements
thataresemanticallysimilar to theown expertise.

– H4 - The “Perfect” topology: Perfectresultsin termsof precisionandrecallcan
beachieved,if thesemantictopologycoincideswith adistributionof thedocuments
accordingto theexpertisemodel.



Data Set To obtaina critical massof bibliographicdata,we usedtheDBLP dataset,
whichconsistsof metadatafor 380440publicationsin thecomputersciencedomain.

We have classi�ed the publicationsof the DBLP datasetaccordingto the ACM
topichierarchyusingasimpleclassi�cationschemebasedon lexical analysis:A publi-
cationis saidto beaboutatopic,if thelabelof thetopicoccursin thetitle of thepublica-
tion. For example,apublicationwith thetitle “The Capabilitiesof RelationalDatabase
ManagementSystems.” is classi�ed into the topic DatabaseManagement.Topicswith
labelsthat arenot unique(e.g.General is a subtopicof both General Literature and
Hardware) have beenexcludedfrom the classi�cation,becausetypically theselabels
aretoo generalandwould resultin publicationsclassi�ed into multiple, distanttopics
in thehierarchy. Obviously, this methodof classi�cationis not aspreciseasa sophis-
ticatedor manualclassi�cation.However, a high precisionof the classi�cation is not
requiredfor thepurposeof our simulations.As a resultof theclassi�cation,aboutone
third of theDBLP publications(126247outof 380440)havebeenclassi�ed,where553
outof the1287ACM topicsactuallyhaveclassi�edpublications.Theclassi�edDBLP
subsethasbeenusedfor oursimulations.

DocumentDistribution We have simulatedandevaluatedthescenariowith two differ-
ent distributions,which we describein the following. Note that for the simulationof
the scenariowe disregardthe actualdocumentsandonly distribute the bibliographic
metadataof thepublications.

Topic Distrib ution: In the �rst distribution, the bibliographicmetadataare dis-
tributedaccordingto their topic classi�cation.Thereis onededicatedpeerfor eachof
the1287ACM topics.Thedistribution is directly correlatedwith theexpertisemodel,
eachpeeris an expert on exactly oneACM topic andcontainsall the corresponding
publications.This also implies that thereare peersthat do not containpublications,
becausenotall topicshaveclassi�ed instances.

ProceedingsDistrib ution: In the seconddistribution, the bibliographicmetadata
aredistributedaccordingto conferenceproceedingsandjournalsin which theaccord-
ing publicationswerepublished.For eachof theconferenceproceedingsandjournals
coveredin DBLP thereis a dedicatedpeer that containsall the associatedpublica-
tion descriptions(in thecaseof the328 journals)or inproceedings(in thecaseof the
2006conferenceproceedings).Publicationsthatarepublishedneitherin a journalnor
in conferenceproceedingsarecontainedby oneseparatepeer. Thetotalnumberof peers
thereforeis 2335(=328+2006+1).With this distribution onepeercanbean experton
multiple topics,asa journalor conferencetypically coversmutliple ACM topics.Note
thatthereis still acorrelationbetweenthedistributionandtheexpertise,asaconference
or journaltypically coversa coherentsetof topics.

SimulationEnvironment To simulatethescenariowe have developedanduseda con-
trolled, con�gurablePeer-to-Peersimulationenvironment.A singlesimulationexperi-
mentconsistsof thefollowing sequenceof operations:

1. Setupnetworktopology: In the �rst stepwe createthepeerswith their knowledge
basesaccordingto thedocumentdistributionandarrangethemin arandomnetwork
topology, whereevery peerknows 10 randompeers.We do not make any further
assumptionsaboutthenetwork topology.



2. AdvertisingKnowledge: In thesecondstep,thesemantictopologyis created.Every
peersendsanadvertisementof its expertiseto all otherpeersit knowsbasedonthe
network topology. Whenapeerreceivesanadvertisement,it maydecideto storeall
or selectedadvertisements,e.g.if theadvertisedexpertiseis semanticallysimilar to
its own expertise.After thisstepthesemantictopologyis staticandwill notchange
anymore.

3. QueryProcessing:Thepeersrandomlyinitiatequeriesfrom asetof randomlycre-
ated12870queries,10for eachof the1287ACM topic.Thepeers�rst evaluatethe
queriesagainsttheir local knowledgebaseandthenpropagatethequeryaccording
to theirpeerselectionalgorithmsdescribedbelow.

ExperimentalSettings In our experimentswe have systematicallysimulatedvarious
settingswith differentvaluesof input variables.In the following we will describean
interestingselectedsubsetof thesettingsto provethevalidity of ourhypotheses.

Setting1 In the �rst settingwe usea naive peerselectionalgorithm,which selectsn
randompeersfrom thesetof peersthat areknown from advertisementsreceived,but
disregardingthecontentof theadvertisement.In theexperiments,we haveusedn=2 in
everysetting,asa ratherarbitrarychoice.

Setting2 In thesecondsettingwe apply theexpertisebasedselectionalgorithm.The
bestn (n=2)peersareselectedfor queryforwarding.Herethepeerselectionalgorithm
only considersexactmatchesof topics.

Setting3 In thethird settingwemodify thepeerselectionalgorithmto usetheontology
basedsimilarity measure,insteadof only exactmatches.Thepeerselectiononly selects
peerswhoseexpertiseis equallyor moresimilar to the subjectof the querythanthe
expertiseof theforwardingpeer.

Setting4 In the fourth settingwe modify thepeerto only acceptadvertisementsthat
aresemanticallysimilarto itsownexpertise.Thethresholdfor acceptingadvertisements
wassetto acceptonaveragehalf of theincomingadvertisements.

Setting5 In this settingwe assumeglobalknowledgeto imposea perfecttopologyon
thepeernetwork. In this perfecttopologytheknowsrelationconincideswith theACM
topic hierarchy:Every peerknows exactly thosepeersthat areexpertson the neigh-
boringtopicsof its own expertise.This settingis only applicablefor thedistribution of
thepublicationsaccordingto their topics,asthismodelassumesexactlyoneexpertper
topic.

Thefollowing tablesummarizestheinstantiationsof theinput variablesfor thede-
scribedsettings:
Setting# PeerSelection AdvertisementsTopology
Setting1 random acceptall random
Setting2 exactmatch acceptall random
Setting3 ontologybasedmatchacceptall random
Setting4 ontologybasedmatchacceptsimilar random
Setting5 ontologybasedmatchacceptsimilar perfect
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Fig.3. RecallP eer s

SimulationResultsFigures2 through5 show the resultsfor thedifferentsettingsand
distributions.The simulationshave beenrun with a varyingnumberof allowed hops.
In theresultswe show theperformancefor a maximumof up to eighthops.Zerohops
meansthat the queryis processedlocally andnot forwarded.Pleasenotethat the di-
agramsfor the numberof messagesper queryandrecall (i.e. Figures5, 3, 4) present
cumulativevalues,i.e. they includethesumof theresultsfor up to n hops.Thediagram
for theprecision(Figure2) of thepeerselectiondisplaystheprecisionfor a particular
numberof hops.

In the following, we will interpretthe resultsof the experimentsfor the various
settingsdescribedabovewith respectto ourhypothesesH1 throughH4.

R1 - Expertise basedselection Theresultsof Figure2, Setting1, show thatthenaive
approachof randompeerselectiongives a constantlow precisionof 0.03%for the
topicdistributionand1.3%for theproceedingsdistribution.This resultsin a fairly low
recallof peersanddocumentsdespitea high numberof messages,asshown in Figures
3, 5, 4, respectively. With theexpertisebasedselection,eitherexactor similarity based
matching,theprecisioncanbeimprovedconsiderablyby aboutoneorderof magnitude.
For example,with theexpertisebasedselectionin Setting3, theprecisionof thepeer
selection(Figure2) canbeimprovedfrom 0.03%to 0.15%for thetopicdistributionand
from 1.3%to 15%for theproceedingsdistribution.With theprecision,alsotherecallof
peersanddocumentsrises(Figures3,5). At thesametime,thenumberof messagesper



Topic Distribution

0

50

100

150

200

250

300

350

400

450

0 1 2 3 4 5 6 7 8
Number of Hops

N
um

be
r 

of
 M

es
sa

ge
s

Setting 1

Setting 2

Setting 3

Setting 4

Setting 5

Proceedings Distribution

0

50

100

150

200

250

300

350

400

450

0 1 2 3 4 5 6 7 8
Number of Hops

N
um

be
r 

of
 M

es
sa

ge
s

Setting 1

Setting 2

Setting 3

Setting 4

Fig.4. N umberM essag es

Topic Distribution


0%


10%


20%


30%


40%


50%


60%


70%


80%


90%


100%


0
 1
 2
 3
 4
 5
 6
 7
 8


Number of Hops


R
ec

al
l (

D
oc

um
en

ts
)


Setting 1


Setting 2


Setting 3


Setting 4


Setting 5


Proceedings Distribution


0%


10%


20%


30%


40%


50%


60%


70%


80%


90%


100%


0
 1
 2
 3
 4
 5
 6
 7
 8


Number of Hops


R
ec

al
l (

D
oc

um
en

ts
)


Setting 1


Setting 2


Setting 3


Setting 4


Fig.5. RecallD ocuments

querycanbereduced.Thenumberof messagessentis in�uenced by two effects.The
�rst effect is messageredundancy: Themoreprecisethepeerselection,thehigheris the
chanceof a peerreceiving a querymultiple timeson differentroutes.This redundancy
is detectedby thereceiving peer, whichwill forwardthequeryonly once,thusresulting
in adecreasingnumberof queriessentacrossthenetwork.Theothereffect is causedby
theselectivity of thepeerselection:It only forwardsthequeryto peerswhoseexpertise
is semanticallymoreor equallysimilar to thequerythanthatof theown expertise.With
anincreasingnumberof hops,asthesemanticsimilarity of theexpertiseof thepeerand
thequeryincreases,thechanceof knowing a qualifying peerdecreases,which results
in a decreaseof messages.

R2 - Ontology basedmatching Theresultof Figure2, Setting2, showsthattheexact
matchapproachresultsin amaximumprecisionalreadyafteronehop,whichis obvious
becauseit only selectspeersthatmatchexactlywith thequery'ssubject.However, Fig-
ure3 shows that therecall in this caseis very low in thecaseof thetopic distribution.
This canbe explainedasfollows: For every querysubject,thereis only onepeerthat
exactlymatchesin theentirenetwork. In asparsetopology, thechanceof knowing that
relevantpeeris very low. Thusthequerycannotspreadeffectively acrossthenetwork,
resultingin a documentrecall of only 1%. In contrary, Setting3 shows that whense-
manticallysimilar peersareselected,it is possibleto improve the recall of peersand
documents,to 62% after eight hops.Also in the caseof the proceedingsdistribution,



wheremultiple exact matchesarepossible,we seean improvementfrom 49% in the
caseof exactmatches(Setting2), to 54%in thecaseof ontologybasedmatches(Set-
ting 3). Naturally, this approachrequiresto sendmore messagesper queryandalso
resultsin a lowerprecision.

R3 - SemanticTopology In Setting4 thepeersonly acceptsemanticallysimilar ad-
vertisements.This hasprovento bea simple,but effectiveway for creatinga semantic
topologythatcorrelateswith theexpertiseof thepeers.This allows to forwardqueries
alongthegradientof increasingsemanticsimilarity. Whenwe comparethis approach
with thatof Setting3, theprecisionof thepeerselectioncanbeimprovedfrom 0.15%
to 0.4%for the topic distribution andfrom 14% to 20% for the proceedingsdistribu-
tion. The recall of documentscan thus be improved from 62% to 83% for the topic
distributionandfrom 54%to 72%for theproceedingsdistribution.

It is alsointerestingto notethattheprecisionof thepeerselectionfor thesimilarity
basedmatchingdecreasesslightly aftersevenhops(Figure2). Thereasonis thatafter
sevenhopsthemajorityof therelevantpeershasalreadybeenreached.Thusthechance
of �nding relevantpeersdecreases,resultingin a lowerprecisionof thepeerselection.

R4 - The “Perfect” Topology Theresultsfor Setting5 show how onecouldobtainthe
maximumrecall andprecision,if it werepossibleto imposean ideal semantictopol-
ogy on the network. All relevantpeersandthusall bibliographicdescriptionscanbe
found in a deterministicmanner, asthe queryis simply routedalongthe routewhich
correspondsto theshortestpathin theACM topic hierarchy. At eachhopthequeryis
forwardedto exactly onepeeruntil the relevantpeeris reached.The numberof mes-
sagesrequiredper queryis thereforethe lengthof theshortestpathfrom the topic of
expertiseof the originatingpeerto that of the topic of the querysubject.The preci-
sion of the peerselectionincreasesto the maximumwhenarriving at the eight hop,
which is themaximumpossiblelengthof a shortestpathin theACM topic hierarchy.
Accordingly, themaximumnumberof messages(Figure4) requiredis alsoeight.

6 RelatedWork

The ideaof expertisebasedmatchingfor peerselectionusingontologiesis similar to
thatof capabilitybasedmatchingasdescribedin [16], wherespeci�cationsof requests
arematchedagainstasetof capabilitiesof agentsorservices.Capabilitybasedmatching
hasrecentlyalsobeenappliedfor matchingof WebServices,e.g.[9].

Anotherapproach,whichdoesasemanticcomparisonbetweenaqueryandapeer's
context comesfrom [4]. They proposeaPeer-to-Peerarchitecture,implementedastheir
'KEx' systemwherequeriescanbeaccompaniedwith a'focus' whichis apartof anon-
tology, e.g.asmalltaxonomy.Whenapeerreceivesaquery, itsmatchingalgorithmtries
to matchthefocusof thequerysemanticallyandsyntactically. Thesyntacticmatching
processis straight-forwardby usinganindexer to searchfor theoccurrenceof speci�c
keywordsinto thesetof documentsownedby theprovider. For thesemanticmatching
acontext matchingalgorithmis usedthattriesto �nd acorrelationbetweenaprovider's
context andthequeryfocus.In particularthematchingalgorithmtriesto �nd thefocus
in theprovider's context thathasa relevantsemanticrelationwith theonesentby the



seeker. Relateddocumentsthat�t thefocusarereturnedasresults.If thefocuspointsto
otherpeers,theprovider will propagatethequery. Thebig strengthof this approachis
thatit doesnotmake theassumptionthattheontologiesshouldbeequalandsharedby
all thepeers,contraryto our approach.Theadvantageof our approachhowever is that
it is mucheasierto calculatethesimilarity betweena query's subjectandtheexpertise
of a peer.

pSearch[17] distributesdocumentindicesthroughtheP2Pnetwork basedondocu-
mentsemanticsgeneratedby LatentSemanticIndexing (LSI) [3]. LSI representsdocu-
mentsandqueriesasvectorsin a Cartesianspaceandmeasuresthesimilarity between
aqueryandadocumentasthecosineof theanglebetweentheirvectorrepresentations.
pSearchis organizedasa Content-addressablenetwork (CAN) [19]. CANs provide a
distributedhashtable(DHT) abstractionalsodistributedover a Cartesianspace.The
combinationof theLSI representationandtheir network organization,thesearchcost
(in termsof differentnodessearchedanddatatransmitted)for agivenqueryis reduced,
sincethe indicesof semanticallyrelateddocumentsare likely to be co-locatedin the
network. Although the pSearchapproachseemsto work very well for �nding docu-
mentscloseto a query, the vectordimensionalityandthe correspondingconceptsfor
eachplacein thevectorsneedto beknown beforehand.In their experimentsthey used
a vectorwith a dimensionalityarounda few hundredconcepts.This meansthatall the
documentsin the systemcanonly be identi�ed andmatchedon thesecorresponding
concepts.In otherwords,thenetwork topologyis directlyconnectedandthereforelim-
ited by thenumberof concepts.This is contraryto our approachwherewe don't make
any assumptionaboutthenetwork topology.

A completelydifferentapproachfor �nding expertsin a network comesfrom so-
cial network analysis.ReferralWeb[8] usesthesocialnetwork to make a searchmore
focusedandeffective. ReferralWeb attemptsto uncover the existing social networks
by datamining public documentsfoundon theWWW. Suchsourcescanincludelinks
foundonhomepages,listsof co-authorsin technicalpapersandcitationsof papers,ex-
changesbetweenindividualsrecordedin newsarchives,andorganizationcharts.Their
simulationexperimentsshowed that automaticallygeneratedreferralscan be highly
successfulin locatingexpertsin a largenetwork. Experimentsperformedby [19] show
thatwhenreferralsareconsidered,betteranswersarefoundin termsof precision.They
alsoshow that it is possibleto let the systemevolve to a situationwherepeerswith
similar expertiseandinterestaregroupedclosetowardseachother, accordingto their
own similarity function.It is probablethat thenumberof messagesneededfor getting
an answeron a querydecreaseswhenthe systemevolves,but unfortunatelythat isn't
shown by their experiments.Themaindifferencewith our approachis that their peers
expressqueriesandexpertisein a vector, in which thesimilarity is basedon takingthe
cosineof bothvectors.

[12] presentsschema-basedPeer-to-Peernetworksandtheuseof super-peerbased
topologiesfor thesenetworks,in which peersareorganizedin hypercubes.[11] shows
how this schema-basedapproachcanbe usedto createSemanticOverlay Clustersin
a scienti�c Peer-to-Peernetwork with a small setof metadataattributesthat describe
the documentsin the network. In contrast,the approachin our systemis completely
decentralizedin thesensethatit doesnot rely onsuper-peers.



7 Conclusionsand Future Work

Summary:In this paperwe have presenteda modelfor expertise-basedpeerselection,
in which a semantictopologyamongthe peersis createdby advertisingtheexpertise
of thepeers.We haveshown how themodelcanbeappliedin abibliographicscenario.
Simulationexperimentsthat we performedwith this bibliographicscenarioshow the
following results:

– Usingexpertise-basedpeerselectioncanincreasethepeerselectionby anorderof
magnitude(resultR1).

– However, if expertise-basedpeerselectionusessimpleexact matching,the recall
dropsto unacceptablelevels. It is necessaryto usean ontology-basedsimilarity
measureasthebasisfor expertise-basedmatching(resultR2).

– An advertisingstrategy wherepeersonly acceptadvertisementsthat are seman-
tically closeto their own pro�le (ie that are in their semanticneighbourhood)is
a simpleandeffective way of creatinga semantictopology. This semantictopol-
ogy allows to forwardqueriesalongthegradientof increasingsemanticsimilarity
(resultR3).

– The above resultsdependon how closely the semantictopology of the network
mirrorsthestructureof theontology. All relevantperformancemeasurereachtheir
optimalvaluewhenthenetwork is organisedexactly accordingto thestructureof
thetopology(resultR4).Althoughthis situationis idealisedandin will in practice
notbeachievable,theexperimentservesto con�rm our intuitionson this.

Summarizing,in simulationexperimentswe have shown thatexpertise-basedpeer
selectioncombinedwith ontology-basedmatchingoutperformsboth randompeerse-
lectionandselectionbasedonexactmatches,andthatthis performanceincreasegrows
whenthesemantictopologiesmorecloselymirrorsthedomainontology.

Limiting assumptions:We have madea numberof simplifying assumptionsin our
experiments.We review theseassumptions,andthe likely impacttheir relaxationmay
haveonour results:

– A singleontology: clearly, theassumptionthatall peersagreeon theuseof single
ontologyis notin all casesrealistic.Wealreadyhavework in progresswhichallows
usto relaxthisconstraint.Weexpectthatdifferencesin ontologiesusedby different
peerswill lowerourresults,sincethecomputationof thesemanticdistancebetween
peersbecomeslessreliableacrossdifferentontologies.

– A static semantictopology: in our experiments,the semantictopologyis deter-
minedonce,duringaninitial advertisinground,andis notadaptedany furtherdur-
ing the lifetime of theexperiment.Thework in [18] shows how the topologycan
beadjustedbasedon theexchangeof queriesandanswers.We expectthatsucha
self-adjustingnetwork will improve our results,sincethe semantictopologywill
convergebettertowardsthestructureof the underlyingontologythanour current
one-shotadvertisingallows.

– Static contentdistribution: in ourexperiments,contentwasassignedstaticallyto
peers,while in a realisticnetwork, thecontentof differentpeersis likely to evolve
over the lifetime of the network. Sincesuchchangingcontentwill also induce



changesin the expertisepro�le of the peers,we expect that this assumptioncan
only berelaxedin thepresenceof self-adjustingsemantictopologies(asmentioned
in thepreviouspoint).Again,we havework in progressto relaxthis assumption.

Future work: Besidesrelaxing the above assumptions,therearemany other fruitful
directionsin which this work canbetaken:

– Mor e complex expertise models The expertisemodel presentedfor the biblio-
graphicscenariois a fairly simpleone,basedon theACM topic hierarchy. Other
domainsmayrequiremorecomplex expertisemodelswith differentsimilarity func-
tions.Oneoptionwouldbe,for example,to extendtheexpertisemodelwith quan-
titative measuresto indicatehow muchinformationfor a certaintopic of expertise
is availableon thepeer.

– Mergesemanticand network topology
So far we have consideredthesemantictopologyto be independentof theunder-
lying network topology. It would however be interestingto use,for example,the
extensibility mechanismsof the JXTA platform to extendits default mechanisms
for discoveryandqueryroutingwith themethodspresentedin thispaper.

– Field Experiment To verify the resultsof the simulationexperimentsin the real
world, the modelproposedin this paperis currently implementedin the Bibster
system4 andevaluatedin thebibliographicscenariowith a �eld experiment[5].
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