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Abstract. Peerto-Peersystemshave proven to be an effective way of sharing
data.Modern protocolsare ableto efciently routea messageo a given peer
However, determininghedestinatiorpeerin the rst placeis notalwaystrivial.
We proposea modelin which peersadwertisetheir expertisein the Peerto-Peer
network. The knowledge aboutthe expertiseof other peersforms a semantic
topology Basedon the semanticsimilarity betweenthe subjectof a queryand
theexpertiseof otherpeersapeercanselectappropriatgpeerdo forwardqueries
to, insteadbf broadcastinghequeryor sendingt to arandomsetof peersTo cal-
culateour semanticsimilarity measureve make the simplifying assumptiorthat
the peerssharethe sameontology We evaluatethe modelin a bibliographicsce-
nario, wherepeerssharebibliographicdescriptionsf publicationsamongeach
other In simulationexperimentsve shav how expertisebasedpeerselectionm-
provesthe performancef a Peerto-Peersystemwith respecto precision recall
andthe numberof messages.

1 Intr oduction

Peerto-Peersystemsaredistributedsystemswithout ary centralizeccontrolor hierar
chicalorganizationjn which eachnoderunssoftwarewith equivalentfunctionality. A
review of the featuresof recentPeerto-Peerapplicationsyields a long list: redundant
storage permanenceselectionof nearbyseners, anorymity, search,authentication,
and hierarchicalnaming. Despitethis rich setof features scalability is a signi cant
challengePeerto-Peemetworksthatbroadcasall queriesto all peersdon't scale- in-
telligentqueryrouting andnetwork topologiesarerequiredto be ableto routequeries
to arelevantsubsebf peers Modernrouting protocolslike Chord[15], CAN [14] are
basedon the ideaof Distributed HashTablesfor ef cient queryrouting, but little ef-
fort hasbeenmadewith respecto rich semantiaepresentationsf metadatandquery
functionalitiesbeyond simplekeyword searches.

The SemantidNVebis anextensionof thecurrentwebin which informationis given
well-de ned meaningpetterenablingcomputersindpeopleto work in cooperatior2].
In adistributedknowledgemanagemergystemheseSemantioNebtechniquesanbe
usedfor expressinghe knowledgesharedoy peersn awell-de ned andformal way.

In themodelthatwe proposepeeraiseasharedntologyto adwertisetheirexpertise
in the Peerto-Peemetwork. The knowledgeaboutthe expertiseof otherpeersformsa
semantidopology independenof theunderlyingnetwork topology If thepeerreceves



aquery it candecideto forwardit to peersaboutwhichit knows thattheir expertiseis
similar to the subjectof the query The advantageof this approachs that querieswill
not be forwardedto all or a randomsetof known peers but only to thosethat have a
goodchanceof answeringt.

In this papemwe instantiateheabove modelwith a bibliographicscenariojn which
researchersharebibliographicmetadataaboutpublications.In the evaluationof our
modelwe will shav how

— the proposedmodel of expertisebasedpeerselectionconsiderablyimprovesthe
performancef the Peefto-Peersystem,

— ontology-basednatchingwith a similarity measurewill improve the systemcom-
paredwith an approachthat relies on exact matchessuchas a simple keyword
basedapproach,

— theperformancef the systemcanbeimprovedfurther, if the semantidopologyis
built accordingto the semanticsimilarity of the expertisesof the peers,

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

In the remainderof the paperwe will presentthe formal modelfor expertisebase
peerselection(Section2), instantiatethis modelfor thebibliographicscenariqSection
3), de ne evaluationcriteria (Section4), presentresultsof the simulation(Section5),
discussrelatedwork (Section6) and concludewith somedirectionsfor future work
(Section?).

2 A Model for Expertise BasedPeer Selection

In the modelwe propose peersadwertisetheir expertisein the network. The peerse-
lectionis basedn matchingthe subjectof a queryandthe expertiseaccordingto their
semanticsimilarity. Figurel belon shovstheideaof themodelin onepicture.

Similarity
Expertise - > Subject
P Matching )
A i
Abstraction
Knowledge Base Query

Fig. 1. ExpertiseBasedMatching

In this sectionwe rst introducea modelto semanticallydescribethe expertise
of peersandhow peerspromotetheir expertiseasadwertisemenimessages the net-
work. Secondwe describehow therecevedadwertisementsallowsapeerto selecother



peersfor a givenquerybasedon a semantiomatchingof querysubjectsagainstexper
tise descriptionsThe third part describedhow a semantictopology canbe formedby
adwertisingexpertise.

2.1 SemanticDescription of Expertise

Peers The Peerto-Peemetwork consistsof a setof peersP. Every peerp 2 P hasa
knowledgebasethatcontainghe knowledgethatit wantsto share.

CommonOntology ThepeersshareanontologyO, which providesacommonconcep-
tualizationof their domain.The ontologyis usedfor describingthe expertiseof peers
andthe subjectof queries.

Expertise An expertisedescriptione 2 E is a abstractsemanticdescriptionof the
knowledgebaseof a peerbasedon the commonontologyO. This expertisecaneither
be extractedfrom the knowledgebaseautomaticallyor speci edin someothermanner

AdwertisementsAdvertisement®A P E areusedto promotedescriptionsof the
expertiseof peersin the network. An adwertisementn 2 A associates peerp with a
an expertisee. Peersdecideautonomouslywithout centralcontrol,whomto promote
adwertisementso andwhich adwertisementso accept.This decisioncanbe basedon
the semanticsimilarity betweerexpertisedescriptions.

2.2 Matching and Peer Selection

Queries Queriesq 2 Q areposedby a userandare evaluatedagainstthe knowledge
baseof the peersFirsta peerevaluateghe queryagainsits local knowledgebaseand
thendecideswvhich peersthe queryshouldbe forwardedto. Queryresultsarereturned
to thepeerthatoriginally initiatedthe query

Subjects A subjects 2 S is anabstractiorof agivenqueryq expressedn termsof the
commonontology The subjectcanbe seena complemento an expertisedescription,
asit speci estherequiredexpertiseto answetthequery

Similarity Function Thesimilarity functionSF : S E 7! [0; 1] yieldsthe semantic
similarity betweera subjects 2 S andanexpertisedescriptione 2 E. An increasing
valueindicatesincreasingsimilarity. If the valueis 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 nedto determinghe similarity betweerthe expertiseof two peers.

Peer SelectionAlgorithm The peerselectionalgorithmreturnsa ranked setof peers.
Therankvalueis equalto the similarity valueprovidedby the similarity function.

From this setof ranked peersone can,for example,selectthe bestn peers.or all
peerswhoserankvalueis above a certainthreshold etc.



Algorithm 1 PeerSelection

let A betheadwertisementshatareavailableon the peer
let betheminimal similarity betweerthe expertiseof a peerandthetopicsof the query
subject := Extr actSubj ect(query)
rankedPeers = ;
forallad 2 A do

peer := Peer(ad)

rank := SF (E xpertise (ad); subject)

if rank > then

rankedPeers := (peer,rank) [ rankedPeers

returnr ankedPeers

2.3 SemanticTopology

Theknowledgeof the peersaboutthe expertiseof otherpeerds the basisfor asemantic
topology Hereit is importantto statethatthis semantidopologyis independentf the
underlyingnetwork topology At this point, we don't make any assumptiongboutthe
propertief thetopologyon the network layer.
Thesemantidopologycanbedescribedy thefollowing relation:

Knows P P,whereK nows(p;;p2) meanghatp; knowsaboutthe expertiseof
p2.

The relation K nows is establisheddy the selectionof which peersa peersendsits
adwertisementgo. Furthermore peerscan decideto acceptan adwertisementg.g.to
includeit in their registries,or to discardthe adwertisementThe semantidopologyin
combinationwith the expertisebasedpeerselectionis the basisfor intelligent query
routing.

3 The Bibliographic Scenario

In this sectionwe instantiatehe generaimodelfor expertisebasedpeerselectionfrom
previous section.We usea real-life scenariofor knowledgesharingin a Peerto-Peer
ervironment.

In thedaily life of a computerscientistoneregularly hasto searcHor publications
or their correctbibliographicmetadataCurrently peopledo thesesearchesvith search
engineslike Googleand CiteSeervia university libraries or by simply askingother
peoplethatarelik ely to know how to obtainthe desirednformation.

Thescenariadhatwe ervision hereis thatresearchers a communitysharebiblio-
graphicmetadataia a Peerto-PeersystemThedatamayhave beenobtainedrom Bib-
TeX les orfrom abibliographysenersuchasthe DBLP databask A similarscenario
is describedn [1], wheredataproviders,i.e. researclinstitutes,form a Peerto-Peer
network which supportdistributedsearctoverall theconnectednetadataepositories.

We now describethe bibliographicscenariousingthe generalmodelpresentedn
theprevioussection.

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



Peers A researchers representedby a peerp 2 P. Eachpeerhasan RDF knowl-
edgebase which consistsof a setof bibliographicmetadatatemsthat are classi ed
accordingto the ACM topic hierarchy. Thefollowing exampleshavs a fragmentof a
samplebibliographicitem basedn the SemantidMeb ResearctCommunityOntology
(SWRCY:

<rdf:RDF  xmins=
"http://www.semanticweb.org/ontologies/swrc-onto. daml#"
xmins:rdf ="http://www.w3.0rg/1999/02/22-rdf-syntax-ns#"
xmins: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"/>
<l-- >

</Publication>
</rdf:RDF>

CommonOntology The ontology O thatis sharedby all the peersis the ACM topic
hierarchy Thetopic hierarchycontainsaset, T, of 1287topicsin thecomputerscience
domainandrelations(T  T) betweerthem:SubDpicandseeAlso

Expertise The ACM topic hierarchyis the basisfor our expertisemodel.ExpertiseE
isde nedas 2T, whereeache 2 E denotesasetof ACM topics,for which apeer
providesclassi edinstances.

Adwertisements Advertisementassociat@eerswith their expertise:A P E. A
singleadwertisementhereforeconsistof a setof ACM topicsfor which the peeris an
experton.

Queries We usethe RDF querylanguageSeRQL[6] to expressqueriesagainstthe
RDF knowledgebaseof a peer Thefollowing samplequeryasksfor publicationswith
theirtitle aboutthe ACM topic InformationSystems DatabaseManagement

CONSTRUCTpub} <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 1#>,
rdf  =<lhttp://www.w3.0rg/1999/02/22-rdf-syntax-ns# >,
acm =<!http://daml.umbc.edu/ontologies/topic-ont#> s
topic=<!http://daml.umbc.edu/ontologies/classifica tion#>

Subjects Analogouslyto the expertise,a subjects 2 S is anabstractiorof a queryq.
In our scenariogachs is asetof ACM topics,thuss  T. For example,the extracted
subjectof the queryabove would be InformationSystems/Databaddanagement

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



Similarity Function In this scenariothe similarity function SF is basedon theidea
thattopicswhich arecloseaccordingto their positionsin the topic hierarchyaremore
similar thantopicsthat have a larger distance For example,an experton ACM topic
Information Systems/InformatioBtorage and Retrieval hasa higherchanceof giving
acorrectansweron a queryaboutinformationSystems/Databaddanagementthanan
experton alesssimilartopic like Hardware/MemoryStructues
To be ableto de ne the similarity of a peers expertiseanda querysubject,which
arebothrepresentedsasetof topics,we rst de ne thesimilarity for individualtopics.
[10] have comparedlifferentsimilarity measuresndhave shovn thatfor measuring
thesimilarity betweerconceptsn ahierarchicallystructuredsemantimetwork, likethe
ACM topic hierarchythefollowing similarity measureyieldsthe bestresults:
Cot en e if ty 6 ty;
S(tiitp)= o eTre T 202 (1)
1 otherwise
Herel is thelengthof theshortespathbetweertopict; andt, in thegraphspanned
by the Sub®Dpicrelation.h is thelevel in thetreeof thedirectcommonsubsumefrom
11 andtz.
Oand 0 areparameterscalingthe contribution of shortestpathlengthl
anddepthh, respectiely. Basedon their benchmarkdataset, the optimal valuesare:
= 0:2, = 0:6.Usingtheshortespathbetweenwo topicsis ameasurdor similarity
becaus®Radaetal [13] have proventhattheminimumnumberof edgeseparatingop-
icst; andt, is ametricfor measuringheconceptuatlistanceof t; andt,. Theintuition
behindusingthe depthof the directcommonsubsumein the calculationis thattopics
atupperlayersof hierarchicakemantimetsaremoregeneralkndaresemanticallyjless
similar thantopicsatlower levels.
Now thatwe have a functionfor calculatingthe similarity betweerntwo individual
topics,wede ne SF as:

1 X
SF(s;e) = — max S(t;;t;) (2
I ti2stj2e

With this functionwe iterateover all topicsof the subjectandaveragetheir similarities
with the mostsimilar topic of the expertise.

PeerSelectionAlgorithm The peerselectioralgorithmranksthe known peersaccord-
ing to the similarity function describedabove. Therefore peersthat have an expertise
moresimilar to thatof the subjectof thequerywill have ahigherrank.Fromthe setof
ranked peerswe now only considera selectionalgorithmthatselectghebestn peers.

4 Evaluation Criteria

In this sectionwe de ne a numberof criteriafor a Peefto-Peersystemwhich will be
thebasisfor the evaluationof our proposednodelfor peerselectionThesecriteriaare
mainly basedn thosedescribedn [7].



4.1 Input parameters

Thefollowing input parameterareimportantcriteriathatin uence the performancef
a Peerto-Peersystem:

Number of Peers Thesizeof the Peerto-Peemetwork is representethy this number
Typically the scalabilityof the systemis measuredn termsof numberof peers.

Numberof Documents The scalabilityof a Peerto-Peersystemcanalsobe expressed
in termsof the numberof sharedesourcetems,e.g.documents.

DocumentDistribution The documentistribution in Peerto-Peemetworksis rarely
completelyrandom but oftenhascertainpropertiesWith thisinput parametewe want
to evaluatehow the proposednodelbehaeswith differentdocumendistributions.

Network Topology The performancef a Peerto-Peeisystemis stronglyin uenced by
the network topologyandits characteristicsPossibletopologiescould for examplebe
superpeerbasedstaror ring-shapedor simply arandomgraph.

AdwvertisementsTheadwertisementsreresponsibldor building thesemantidopology
Therearevariousvariablesnvolved,e.g.whomto sendtheadwertismentgo andwhich
recevved adwertisementgo include basedon the semanticsimilarity betweenthe own
expertiseandthatof the adwertisement.

PeerSelectionAlgorithm Thepeerselectioralgorithmdeterminesvhichpeersaquery
shouldbe forwardedto. This could be a naive algorithm, which simply broadcasta
query or amoreadwancedone,asthe proposedxpertisebasedeerselection.

Maximum Number of Hops The maximumnumberof hopsdetermineshow mary
timesa queryis allowedto be forwarded.It determinesiow muchthe network will be
ooded by asinglequery

4.2 Output parameters

To evaluatea Peerto-Peersystemwe useprecisionandrecall measure&nown from
classicallnformation Retrieval. Here we distinguishmeasure®n the documentevel
(queryansweringlandthe peerlevel (peerselection).Thesemeasuresre de ned as
follows:

Documentlevel (Query Answering).

T
Precisionpoc = JAijB'
indicateshow mary of the returneddocumentsarerelevant, with A beingthe set
of relevantdocumentsn the network andB beingthe setof returneddocuments.
In our modelwe work with exact queries thereforeonly relevantdocumentsare
returned.The precisionwill thereforealwaysbeone:

Precisionpgc = }E—} =1




T
Recall| s = 'AjAjB’ = %
The recall on the documentievel stateshow mary of the relevantdocumentsare
returned.

Peer Level (Peer Selection).
T
Precisionpeer = jAijB]
For a givenquery how mary of the peershatwereselectechadrelevantinforma-
tion. HereA is thesetof peerghathadrelevantdocumentandB is the setof peers
thatwerereaghed.
Recallpeer = ’AJTB'

indicatesfor a given query how mary of the peersthat hadrelevantinformation
werereached.

Further Parameters.Anotherimportantoutputparameterss:

N umbery essages
This outputparameteindicateswith how mary messagethe network is ooded
by one query The numberof messagesloesnot only affect the network trafc,
but alsoCPU consumptionsuchasfor the processingf the queriesin the caseof
guerymessages.

Otheroutputparameterthatmightbeusedasevaluationcriteria,but arenotconsidered
in thefollowing, arefor examplethe sizeof messageandresponsdimes,asthey are
notrelevantfor the evaluationof our model.

5 Experimental Results

In this sectionwe describethe simulationof the scenarigpresentedn section3. The
evaluationsarebasedon the criteriade ned in sectiond. With the experimentawve try
to validatethefollowing hypotheses:

— H1 - Expertise basedselection: The proposedapproactof expertisebasedpeer
selectionyields betterresultsthan a naive approachbasedon randomselection.
The higherprecisionof the expertisebasedselectionresultsin a higherrecall of
peersanddocumentswhile reducingthe numberof messageperquery

— H2 - Ontology basedmatching: Usinga sharedntologywith ametricfor seman-
tic similarity improvestherecallrateof thesystemcomparedvith anapproactihat
relieson exactmatchessuchasa simplekeyword basedapproach.

— H3 - Semantictopology: The performancef the systemcanbeimprovedfurther,
if the semantidopologyis built accordingto the semanticsimilarity of the exper
tisesof the peers.This canberealized,for example,by acceptingadwertisements
thataresemanticallysimilar to the own expertise.

— H4 - The “Perfect” topology: Perfectresultsin termsof precisionandrecall can
beachieved,if thesemantidopologycoincideswith adistribution of thedocuments
accordingto theexpertisemodel.



Data Set To obtaina critical massof bibliographicdata,we usedthe DBLP dataset,
which consistof metadatdor 380440publicationsn the computersciencedomain.

We have classi ed the publicationsof the DBLP datasetaccordingto the ACM
topic hierarchyusinga simpleclassi cationschemeébasedn lexical analysis:A publi-
cationis saidto beaboutatopic, if thelabelof thetopic occursin thetitle of thepublica-
tion. For example,a publicationwith thetitle “The Capabilitiesof RelationalDatabase
Managemengystems. is classi ed into the topic DatabaseManagemeniTopicswith
labelsthat are not unique(e.g. Geneal is a subtopicof both Geneal Literature and
Hardware) have beenexcludedfrom the classi cation, becausdypically theselabels
aretoo generalandwould resultin publicationsclassi edinto multiple, distanttopics
in the hierarchy Obviously, this methodof classi cationis not aspreciseasa sophis-
ticatedor manualclassi cation. However, a high precisionof the classi cationis not
requiredfor the purposeof our simulations As aresultof the classi cation,aboutone
third of the DBLP publicationg126247out of 380440)have beenclassi ed,where553
outof the 1287ACM topicsactuallyhave classi ed publications Theclassi ed DBLP
subsethasbeenusedfor our simulations.

DocumenDistribution We have simulatedandevaluatedthe scenariowith two differ-
ent distributions, which we describein the following. Note that for the simulationof
the scenariowe disregardthe actualdocumentsand only distribute the bibliographic
metadataf the publications.

Topic Distribution: In the rst distribution, the bibliographic metadataare dis-
tributedaccordingto their topic classi cation. Thereis one dedicatedpeerfor eachof
the 1287 ACM topics.Thedistribution is directly correlatedwith the expertisemodel,
eachpeeris an expert on exactly one ACM topic and containsall the corresponding
publications.This also implies that there are peersthat do not contain publications,
becausaotall topicshave classi edinstances.

ProceedingsDistrib ution: In the seconddistribution, the bibliographicmetadata
aredistributedaccordingto conferenceproceedingandjournalsin which the accord-
ing publicationswere published.For eachof the conferenceroceedingandjournals
coveredin DBLP thereis a dedicatedpeerthat containsall the associatecublica-
tion descriptiongin the caseof the 328 journals)or inproceedinggin the caseof the
2006 conferenceproceedings)Publicationghatare publishedneitherin a journalnor
in conferenc@roceedingarecontainedy oneseparat@eer Thetotalnumberof peers
thereforeis 2335(=328+2006+1)With this distribution one peercanbe an experton
multiple topics,asa journalor conferenceypically coversmutliple ACM topics.Note
thatthereis still acorrelationbetweerthedistribution andtheexpertiseasa conference
or journaltypically coversa coherensetof topics.

SimulationEnvironment To simulatethe scenariove have developedanduseda con-
trolled, con gurable Peerto-Peersimulationervironment.A singlesimulationexperi-
mentconsistof the following sequencef operations:

1. Setupnetworktopology: In the rst stepwe createthe peerswith their knowledge
basesccordingo thedocumendistributionandarrangehemin arandomnetwork
topology, whereevery peerknows 10 randompeers.We do not make ary further
assumptionaboutthe network topology



2. AdvertisingKnowledg: In thesecondstep thesemantidopologyis createdEvery
peersendsanadwertisemenbf its expertiseto all otherpeerst knows basecnthe
network topology Whenapeerrecevesanadwertisementit maydecideto storeall
or selectechdwertisementsg.g.if theadwertisedexpertiseis semanticallysimilarto
its own expertise After this stepthe semantidopologyis staticandwill notchange
arymore.

3. QueryProcessingThe peersandomlyinitiate queriesfrom a setof randomlycre-
ated12870queries,10for eachof the 1287ACM topic. Thepeersrst evaluatethe
gueriesagainstheir local knowledgebaseandthenpropagatehe queryaccording
to their peerselectionalgorithmsdescribeelow.

ExperimentalSettings In our experimentswe have systematicallysimulatedvarious
settingswith differentvaluesof input variables.In the following we will describean
interestingselectedsubsebf the settingsto prove thevalidity of our hypotheses.

Setting1l In the rst settingwe usea naive peerselectionalgorithm,which selectsn
randompeersfrom the setof peersthat areknown from adwertisementseceved, but
disregardingthe contentof theadwertisementln the experimentsye have usedn=2in
every setting,asaratherarbitrarychoice.

Setting2 In the secondsettingwe apply the expertisebasedselectionalgorithm.The
bestn (n=2) peersareselectedor queryforwarding.Herethe peerselectionalgorithm
only considersxactmatchesf topics.

Setting3 In thethird settingwe modify the peerselectioralgorithmto usetheontology
basedsimilarity measureinsteadof only exactmatchesThepeerselectioronly selects
peerswhoseexpertiseis equally or more similar to the subjectof the querythanthe
expertiseof theforwardingpeer

Setting4 In the fourth settingwe modify the peerto only acceptadwertisementshat
aresemanticallysimilarto its own expertise Thethresholdor acceptingadwertisements
wassetto accepton averagehalf of theincomingadwertisements.

Setting5 In this settingwe assumeaglobalknowledgeto imposea perfecttopologyon
the peernetwork. In this perfecttopologythe knowsrelationconincideswvith the ACM
topic hierarchy:Every peerknows exactly thosepeersthat are expertson the neigh-
boringtopicsof its own expertise.This settingis only applicablefor the distribution of
thepublicationsaccordingo theirtopics,asthis modelassumesxactly oneexpertper
topic.

Thefollowing tablesummarizeshe instantiationof theinput variablesfor the de-

scribedsettings:

Setting#|PeerSelection AdvertisementJopolog
Settinglirandom acceptall random
Setting2|exactmatch acceptall random
Setting3|ontologybasedmatchacceptall random
Setting4|ontologybasedmatchacceptimilar |[random
Setting5|ontologybasedmatchacceptsimilar |perfect




Topic Distribution Proceedings Distribution

100,0% 100,0%
0 % 2 3 4 5 6 7 & 0 1 2 3 4 5 6 7 8

—e—Setting 1 X i ) ""—‘.‘{""‘17:
10,0% {—| - - Seting 2 S 100% i - 2
. HE
--m- Setting 3

-4 Setting 4

- - Setting 5

Precision (Peers)
N
5
b3
Precision (Peers)
2y
£

Pt ——Setting 1
i —x—Setting 2

x - @- Setting 3

—— . . —a- -Setting 4

Number of Hops Number of Hops

Fig.2. Precisionpeer s

Topic Distribution Proceedings Distribution

100% " 100%

—e— Setting 1 - 90% —e—Setting 1

80%

—x - Setting 2 L 80% - - Setting 2
—=— Setting 3
70%

70% - Setting 3

- a- Setting 4
60% —x - Setting 5

50% =
W
40% A

60% -4 Setting 4

Recall (Peers)
Recall (Peers)
o
g
2

40%
30%

30%

20%

20%

10%

10%

0%

Number of Hops Number of Hops

Fig. 3. Recallp cer s

SimulationResults Figures?2 through5 show the resultsfor the differentsettingsand
distributions. The simulationshave beenrun with a varying numberof allowed hops.
In theresultswe shav the performancdor a maximumof up to eighthops.Zerohops
meansthat the queryis processedocally and not forwarded.Pleasenote that the di-
agramsfor the numberof messageper queryandrecall (i.e. Figures5, 3, 4) present
cumulativevalues,.e.they includethesumof theresultsfor upto n hops.Thediagram
for the precision(Figure 2) of the peerselectiondisplaysthe precisionfor a particular
numberof hops.

In the following, we will interpretthe resultsof the experimentsfor the various
settingsdescribedhbove with respecto our hypothese$il1 throughH4.

R1 - Expertise basedselection Theresultsof Figure2, Settingl, show thatthe naive

approachof randompeerselectiongives a constantiow precisionof 0.03%for the
topic distribution and1.3%for the proceedingslistribution. This resultsin afairly low

recall of peersanddocumentslespitea high numberof messagessshownn in Figures
3,5, 4, respectiely. With the expertisebasedselection githerexactor similarity based
matchingtheprecisioncanbeimprovedconsiderablypy aboutoneorderof magnitude.
For example,with the expertisebasedselectionin Setting3, the precisionof the peer
selection(Figure2) canbeimprovedfrom 0.03%to 0.15%for thetopic distributionand
from 1.3%to 15%for theproceedingslistribution. With theprecision alsotherecall of

peersanddocumentsises(Figures3, 5). At thesameime, thenumberof messageper



Topic Distribution Proceedings Distribution

s

&

3
N
&
3

a
8
8

1

400 T— Oseting 1
Dseting 2
Gseting 3
BSeting 4
OSeting 5

100
50
U,w o o |8

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

DSetting 1

@
K
3
@
&
38

SSetting 2

BSetting 3

@
8
8

BSetting 4

X
g

[N
8
38

2o

15
8

@
8

Number of Messages
Number of Messages

H
a g
o &8 8

Flg 4.N umbery essag es

Topic Distribution Proceedings Distribution

100% - 100%

0% 4| —+— Seting 1 _ 909 4—] ——Setting 1
80% —T’:Z::::i S 80% - Setting 2

-4 Setting 4 7

70% --m- Setting 3 2

60% 1—

[ |-x-Setting5 72 » - a- Setting 4 .

@ g N
g 8 3
E I

50%

IS
8
ES
o=
Y

40%

Recall (Documents)
Recall (Documents)

@
g
E3

30%

N
5
k3

20%

15
ES

10%

9
B3

0%

Number of Hops Number of Hops

Fig.5. Recallp ocuments

guerycanbereducedThe numberof messagesentis in uenced by two effects. The

rst effectis messageedundang: Themoreprecisethepeerselectionthehigheris the
chanceof a peerreceving a querymultiple timeson differentroutes.This redundang
is detectedy thereceving peer whichwill forwardthequeryonly once thusresulting
in adecreasingumberof queriessentacrosghenetwork. Theothereffectis causedy
theselectvity of the peerselectionit only forwardsthe queryto peersvhoseexpertise
is semanticallymoreor equallysimilarto thequerythanthatof the own expertise With
anincreasinghumberof hops,asthesemanticsimilarity of the expertiseof thepeerand
the queryincreasesthe chanceof knowing a qualifying peerdecreasesyhich results
in adecreas®ef messages.

R2 - Ontology basedmatching Theresultof Figure2, Setting2, shavsthatthe exact
matchapproachresultsin amaximumprecisionalreadyafteronehop,whichis obvious
becausdt only selectpeerghatmatchexactly with thequery's subject. However, Fig-
ure 3 shawvs thattherecallin this caseis very low in the caseof the topic distribution.
This canbe explainedasfollows: For every querysubject,thereis only one peerthat
exactly matchesn theentirenetwork. In a sparsaopology the chanceof knowing that
relevantpeeris very low. Thusthe querycannotspreacdeffectively acrosghe network,
resultingin a documentrecall of only 1%. In contrary Setting3 shavs thatwhense-
mantically similar peersare selectedijt is possibleto improve the recall of peersand
documentsto 62% after eight hops.Also in the caseof the proceedingglistribution,



wheremultiple exact matchesare possible we seeanimprovementfrom 49% in the
caseof exactmatchegSetting2), to 54%in the caseof ontologybasedmatchegSet-
ting 3). Naturally, this approachrequiresto sendmore messageger query and also
resultsin alower precision.

R3 - Semantic Topology In Setting4 the peersonly acceptsemanticallysimilar ad-
vertisementsThis hasprovento be a simple,but effective way for creatinga semantic
topologythatcorrelatesvith the expertiseof the peers.This allows to forward queries
alongthe gradientof increasingsemanticsimilarity. Whenwe comparethis approach
with thatof Setting3, the precisionof the peerselectioncanbe improvedfrom 0.15%
to 0.4%for thetopic distribution andfrom 14%to 20% for the proceedingglistribu-
tion. The recall of documentscanthus be improved from 62% to 83% for the topic
distribution andfrom 54%to 72%for the proceedingslistribution.

It is alsointerestingto notethatthe precisionof thepeerselectionfor the similarity
basedmatchingdecreaseslightly after serenhops(Figure2). Thereasoris that after
sevenhopsthemajority of therelevantpeershasalreadybeenreachedThusthechance
of nding relevantpeersdecreasesgesultingin alower precisionof the peerselection.

R4 - The “Perfect” Topology Theresultsfor Setting5 showv how onecouldobtainthe
maximumrecall and precision,if it were possibleto imposean ideal semantictopol-
ogy on the network. All relevantpeersandthusall bibliographicdescriptionscanbe
foundin a deterministicmannerasthe queryis simply routedalongthe route which
correspondso the shortespathin the ACM topic hierarchy At eachhopthe queryis
forwardedto exactly one peeruntil the relevant peeris reachedThe numberof mes-
sagegequiredper queryis thereforethe lengthof the shortestpathfrom the topic of
expertiseof the originating peerto that of the topic of the query subject.The preci-
sion of the peerselectionincreaseso the maximumwhenarriving at the eight hop,
which is the maximumpossiblelengthof a shortestpathin the ACM topic hierarchy
Accordingly, themaximumnumberof messageg~igure4) requiredis alsoeight.

6 RelatedWork

The ideaof expertisebasedmatchingfor peerselectionusingontologiesis similar to
thatof capabilitybasedmatchingasdescribedn [16], wherespeci cationsof requests
arematchedagainstsetof capabilitiesof agentor servicesCapabilitybasednatching
hasrecentlyalsobeenappliedfor matchingof Web Servicesge.g.[9].
Anotherapproachwhich doesa semanticomparisorbetweera queryandapeers
context comedrom [4]. They proposea Peerto-Peelarchitectureimplementedastheir
'KEX' systemwherequeriescanbeaccompaniedvith a'focus' whichisapartof anon-
tology, e.g.asmalltaxonomyWhenapeerrecevvesaquery its matchingalgorithmtries
to matchthefocusof the querysemanticallyandsyntactically The syntacticmatching
processs straight-forvardby usinganindexerto searchfor the occurrencef speci ¢
keywordsinto the setof document®wnedby the provider. For the semantiamatching
acontext matchingalgorithmis usedthattriesto nd acorrelationbetweeraprovider's
context andthe queryfocus.In particularthe matchingalgorithmtriesto nd thefocus
in the provider's context that hasa relevantsemanticaelationwith the onesentby the



seeler. Relateddocumentshat t thefocusarereturnedasresultsIf thefocuspointsto
otherpeersthe providerwill propagatehe query Thebig strengthof this approachis
thatit doesnot make the assumptiorthatthe ontologiesshouldbe equalandsharedoy
all the peerscontraryto our approachThe advantageof our approacthoweveris that
it is mucheasierto calculatethe similarity betweera query's subjectandthe expertise
of apeer

pSearcH17] distributesdocumenindicesthroughthe P2Pnetwork basedn docu-
mentsemanticgieneratedby LatentSemantidndexing (LSI) [3]. LS| representslocu-
mentsandqueriesasvectorsin a Cartesiarspaceandmeasureshe similarity between
aqueryanda documentsthe cosineof theanglebetweertheir vectorrepresentations.
pSearchs organizedasa Content-addressabteetwork (CAN) [19]. CANSs provide a
distributed hashtable (DHT) abstractioralsodistributed over a Cartesiarspace.The
combinationof the LSI representatiomndtheir network organizationthe searchcost
(in termsof differentnodessearchednddatatransmittedfor a givenqueryis reduced,
sincethe indicesof semanticallyrelateddocumentsarelikely to be co-locatedin the
network. Although the pSearchapproachseemso work very well for nding docu-
mentscloseto a query the vectordimensionalityandthe correspondingonceptsor
eachplacein the vectorsneedto be known beforehandin their experimentshey used
avectorwith a dimensionalityarounda few hundredconceptsThis meanghatall the
documentsn the systemcan only be identi ed and matchedon thesecorresponding
conceptsln otherwords,the network topologyis directly connectecndtherefordim-
ited by the numberof conceptsThisis contraryto our approactwherewe don't make
ary assumptioraboutthe network topology

A completelydifferentapproachfor nding expertsin a network comesfrom so-
cial network analysis.Referral\wb [8] usesthe socialnetwork to make a searchmore
focusedand effective. Referral\\eb attemptsto uncover the existing social networks
by datamining public documentgound on the WWW. Suchsourcesanincludelinks
foundonhomepageslists of co-authorsn technicalpapersandcitationsof papersex-
changedetweerindividualsrecordedn news archives,andorganizationcharts.Their
simulation experimentsshoved that automaticallygeneratedeferralscan be highly
successfuin locatingexpertsin alarge network. Experimentgperformedby [19] shov
thatwhenreferralsareconsideredbetteranswersarefoundin termsof precision.They
alsoshaw thatit is possibleto let the systemevolve to a situationwhere peerswith
similar expertiseandinterestaregroupedclosetowardseachother, accordingto their
own similarity function. It is probablethatthe numberof messageseededor getting
anansweron a querydecreasewhenthe systemevolves, but unfortunatelythatisn't
shavn by their experimentsThe main differencewith our approachs thattheir peers
expressqueriesandexpertisein avectot in which the similarity is basedon takingthe
cosineof bothvectors.

[12] presentschema-baseBeerto-Peemetworks andthe useof supefpeerbased
topologiesfor thesenetworks,in which peersareorganizedn hypercubes[11] shovs
how this schema-basedpproachcanbe usedto createSemanticOverlay Clustersin
a scienti ¢ Peerto-Peemetwork with a small setof metadataattributesthat describe
the documentsn the network. In contrast,the approachin our systemis completely
decentralizedh the sensehatit doesnotrely on superpeers.



7 Conclusionsand Future Work

Summary:In this paperwe have presentec modelfor expertise-basegeerselection,
in which a semantidopologyamongthe peersis createdoy adwertisingthe expertise
of the peersWe have shovn how the modelcanbeappliedin a bibliographicscenario.
Simulationexperimentsthat we performedwith this bibliographicscenarioshav the
following results:

— Usingexpertise-basegeerselectioncanincreasehe peerselectionby anorderof
magnitudgresultR1).

— However, if expertise-base@eerselectionusessimple exact matching,the recall
dropsto unacceptabldevels. It is necessaryo use an ontology-basedimilarity
measureasthe basisfor expertise-basethatching(resultR2).

— An adwertising strat@y where peersonly acceptadwertisementghat are seman-
tically closeto their own pro le (ie thatarein their semanticneighbourhood)s
a simpleandeffective way of creatinga semantictopology This semantictopol-
ogy allows to forward queriesalongthe gradientof increasingsemanticsimilarity
(resultR3).

— The above resultsdependon how closely the semantictopology of the network
mirrorsthestructureof theontology All relevantperformanceneasureeachtheir
optimal valuewhenthe network is organisedexactly accordingto the structureof
thetopology(resultR4). Althoughthis situationis idealisedandin will in practice
notbeachievable,the experimentsenesto con rm ourintuitionson this.

Summarizingjn simulationexperimentsve have shavn thatexpertise-basegeer
selectioncombinedwith ontology-basednatchingoutperformsboth randompeerse-
lectionandselectiorbasedn exactmatchesandthatthis performancéncreasegrows
whenthe semantidopologiesmorecloselymirrorsthedomainontology

Limiting assumptions: We have madea numberof simplifying assumptionsn our
experimentsWe review theseassumptionsandthelikely impacttheir relaxationmay
have on our results:

— A singleontology: clearly, theassumptiorthatall peersagreeon the useof single
ontologyis notin all casesealistic.We alreadyhave work in progressvhich allows
usto relaxthis constraintWe expectthatdifferencesn ontologiesusedby different
peerswill lowerourresults sincethecomputatiorof thesemantiaistancebetween
peershecomedessreliableacrosdifferentontologies.

— A static semantictopology: in our experimentsthe semantictopologyis deter
minedonce,duringaninitial advertisinground,andis notadaptedary furtherdur-
ing the lifetime of the experiment.The work in [18] shavs how the topologycan
be adjustedbasedon the exchangeof queriesandanswersWe expectthatsucha
self-adjustingnetwork will improve our results,sincethe semantictopology will
corverge bettertowardsthe structureof the underlyingontologythanour current
one-shotdwertisingallows.

— Static contentdistrib ution: in our experimentscontentwasassignedtaticallyto
peerswhile in arealisticnetwork, the contentof differentpeerss likely to evolve
over the lifetime of the network. Since suchchangingcontentwill alsoinduce



changesn the expertisepro le of the peers,we expectthat this assumptiorcan
only berelaxedin thepresencef self-adjustingsemantidopologiesasmentioned
in the previouspoint). Again, we have work in progresdo relaxthis assumption.

Future work: Besidesrelaxingthe above assumptionsthereare mary other fruitful
directionsin which this work canbetaken:

— Mor e complex expertise models The expertisemodel presentedor the biblio-
graphicscenariais a fairly simpleone,basedon the ACM topic hierarchy Other
domaingmayrequiremorecomplex expertisemodelswith differentsimilarity func-
tions.Oneoptionwould be, for example,to extendthe expertisemodelwith quan-
titative measureso indicatehow muchinformationfor a certaintopic of expertise
is availableonthepeer

— Mergesemanticand network topology
Sofar we have consideredhe semanticdopologyto be independenbf the under
lying network topology It would however be interestingto use,for example,the
extensibility mechanism®f the IXTA platformto extendits default mechanisms
for discovery andqueryroutingwith the methodspresentedn this paper

— Field Experiment To verify the resultsof the simulationexperimentsin thereal
world, the model proposedn this paperis currentlyimplementedn the Bibster
systemt andevaluatedn the bibliographicscenariowith a eld experiment5].
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