Text-BasedContent Seaich and Retrieval in ad hoc P2P
Communities*

FranciscaviatiasCuenca-AcnaandThuD. Nguyen
{mcuencatdnguyen}@cs.rutgrs.edu

Departmenbf ComputerScience RutgersUniversity
110Frelinghuyse Rd, Piscatavay, NJ 08854

Abstract. We conside the problemof contert searchandretrieval in peerto-
peer(P2P)communities. P2Pcomputingis a potentially powerful modelfor in-
formationsharingbetweerad hocgroupsof usersbecausef its low costof entry
andnaturalmodelfor resourcescalingwith communitysize.As P2Pcommunities
grow in size,however, locatinginformation distributed acrossthe large numkber
of peersbecomesproblematic We present distributedtext-basedcontentsearch
andretrieval algorithmto addresshis problem.Ouralgorithmis basedn a state-
of-the-artdocumentrankingalgorithm:the vectorspacemodel,instantiatedvith
the TFxIDF ranking rule. A nawve applicationof TFxIDF would require each
peerin acommunityto collectaninvertedindex of the entirecommunity. Thisis
costlybothin termsof bandvidth andstoragelnsteadwe shav how TFxIDF can
be approximatedjiven compat summarieof peers’invertedindexes.We make
threecontributions: (a) we adaptTFxIDF to work with only the summariesof
individual indexes, (b) we provide a heuristicfor adaptvely determiningthe set
of peersthatshoud be contactedor a query and(c) we shav thatour algorithm
tracksTFxIDF's performane very closely giving P2Pcommunitiesasearchand
retrieval algorithmasgoodasthatpossibleassuminga centralizedsener.

1 Intr oduction

We considetheproblemof contentsearchtandretrieval in peerto-peer(P2P)comnmnuni-
ties.P2Pcompuing is apotentiallypowerful modelfor informationsharingoetweerad
hocgroupof usersbecaus®f its low costof entryandexplicit modelfor resourcescal-
ing with community size:any two userswishingto interad¢ canform a P2Pcommunity.
As individuals join the community, they will bring resourcs with them,allowing the
commuity to grow natually. Measuremets of onesuchcommunity at Rutgersshav
over 500userssharingover 6 TB of data.OpencomnunitiessuchasGnuella[10] have
achieved much greatersizes.

A number of openprablemsmustbe addessedhowever, befae the poterial of P2P
comptuing canberealized Contentsearctandretrieval is onesuchopenprodem. Cur
rently, existingcommunitiesemplag eithercentrdized directay seners[17] or various
flooding algoiithms[10, 5,27] for objectlocationwhengivenaname Neitherprovides
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a viable framework for cortent searchand retrieval. On the one hand a centralizel
sener presenta singlepoint of failureandlimits scalability On the otherhand while
flooding technquescanin theoryallow for arbitraly contentsearche§l8], in practice,
typically only a namesearchpertapstogetter with a limited nunber of attributes,is
perfamed.

Thesetechniqiescurrertly rely on heavy replication of popular itemsfor successful
searchesMore recem works studyng how to scaleP2P communities have put forth
moreefficientandreliabledistributedmethod for nane-basedbject location[16,24,
21]. The focus, however, hasremainedon name-lasedobjectlocationbecausdhese
efforts wereintendedto suppat P2Pfile systemswherethereis a natual modé for
acquirirg names.

As the amoun of storageper persm/device is rapidy growing, however, information
mana@mentis becomimg moredifficult unde the traditioral file systemhierarctical

namespacd9]. Thesucces®f Internetsearchenginess strongeviderce thatcortent
searchandretrieval is an intuitive paradign that userscan leverag to manag and
accesdarge volumesof information.As anecdtal eviderce, a numter of individuals
in our researchgroup use Googe much more often thanbodkmarks, which provides
a hierarclical namespae. Theseindividualsevendependn Goode to relocatepages
thatareusedalmostdaily.

While P2Pgroupswill not grow to the size of the web, with the exploding capacity
and deceasingcost of storage.even small grougs will sharea large amoun of data.
Thus,we aremotivated to explore a conten searchandretrieval enginethatprovidesa
similarinformationaccesparadgm to Interretsearchengires.In particularwe present
adistributedtext-basedankng algorithm for cortentsearchandretrieval in thespecific
contet of PlanetPaninfrastructurethatwe arebuilding to easethe taskof developing
P2Pinformationsharingapplicatiors.

Currently PlanetP[6] providesa frameavork for ad hoc setsof usersto easily setup
P2Pinformationsharingcommunities without requirirg support from ary centralizel
sener. Thebasicideain PlanetFs for eachcommunity memler to createaninverted
(wordto-decument)index of the docurentsthat it wishesto share,summarizethis
index in a compact form, anddiffusethe summarythroughou the comrunity. Using
thesesummaies, ary memker can query agairst and retrieve matchirg information
from the collective information storeof the comnunity. (We provide an overview of
PlanetPand discussthe advartagesof its underlying apprach for P2Pinformation-
sharingin Section2.)

Thus, the problem that we focus on is how to perfam text-basedconten searchand
retrieval usingtheindex summarieghatPlanetPuses We have adgteda vectorspace
ranking model,usingthe TFxIDF algorithm suggestedy Saltonetal. [22], becaseit
is oneof the currerly mostsuccessfutext-basedranking algoithm [26]. Underthis
model,a quer is compgised of a setof terms.For eachdocunentin the collection
TFxXIDF usesthefrequeng of eachquel termin thatdocumentandthefrequeng of

1 We say“currently” becausave areactively working to extend PlanetPo be a generalframe-
work for building P2Papplicationsnotjustinformationsharing.



the term acrossthe collectionto compute the likely relevanceof the documentto the
query

A naive applicdion of TFxIDF would require eachpeerin acommurity to have access
to the inverted index of the entirecommunity (in orderto compue the similarity be-
tweenthe queay andall docunentsandprovide arankirg). Thisis costlybothin terms
of bandvidth andstorageInstead we shav how TFxIDF canbe appoximatedgiven
PlanetPs compat summarieof peers’inverted indexes. (Note that while we present
adaptatia in the specificcontext of PlanetPit shoud be gererally applicalte to ary
framework thatmaintairs someappoximateinformationabouttheglobd index ateach
peer)

We malke threecontibutions:

1. we shov how the TFXIDF rule canbe adaptedo rankthe peerdn theorderof their
likelihoodto have relevant doauments,aswell asrankthe retrieved docunentsin
theabsenc®f comgete globd information;

2. we provide a heuistic for adapively determiring the setof peersthat shouldbe
contactedor aquery, and

3. usingfive bencimark collectionsfrom Smart[3] and TREC [13], we showv that
our algorithm matctes TFxIDF's perfamance despitethe accurag thatit gives
up by usinga much more compat summay of the individual inverted indexes.
Furthernore,ouralgorithm preseresthemainflavor of TFxIDF, returring closeto
the samesetsof documentsfor particula queies.

PlanetPtradessomebardwidth for good searchperfomance.Using our heuistics,
PlanetPnearly matcheshe searchperfomance(we will defineperfomancemetrics
more preciselylater in Section4) of TFxIDF but, on averag, will contact20-4%
morepeersthanif the entireinverted index waskeptat eachpeer(40% only whenwe
averag over runswherewe assumehatusersarewilling to sortthroudh a very large
numter of retrieved documentsto find whatheis looking for. Furthemore,the numkber
of peerscontat¢ed uncer PlanetPis directedby a heuristicthat canlikely be further
tunedfor betterperformarce.).

Finally, we addessour decisionto explore/implemeh a text-basedcontentsearchand
retrieva algoithm. Onemightask,arent mostP2Pcommunitiescurrerily sharingnon

text files suchasmusicandmovies?Yes.However, thisis notthe only informationthat
could or shouldbe sharedby P2Pcomnunities. Onecaneasilyimaginecommunities
thatwould wish to sharedatalasesof (largdy) text docunentssuchasrepaitoriesof

scientificpagers,legd docunents,etc. Evenfor non-text data(which we currerily do
notknow how to search)thereis oftenassociatedext datasuchasmaovie reviews that
canbeusedeffectively for text-basedconten searchandretrieval. Thus,we believe that
a god text-basedconten searchandretrieva algorithmis animportantinfrastructure
compaentfor building P2Pcomnunities.



2 PlanetP: Overview

PlanetHs aninfrastructurghatwe arebuilding to suppot theindexing, searchingand
retrieval of informationspreadacrossadynanic commurity of peerspossiblyruming
on a setof hetergeneos devices. This sectionbriefly discusseselevart featuresand
design/impementatiordetailsof PlanetPto provide context for therestof the pape.

The basicdatablock in PlanetPis an XML snippet.Thesesnippés containtext, from
which we extrad termsto beindexed?, andpossiblylinks (XPointes) to exterral files.
To shareanXML document,theuserpulishesthedoaumentto PlanetPwhichindexes
the docunentandstoresa copy of it in a local datastore.To sharea nonXML docu
ment,theuserpublisresan XML snippethatcontairs a pointerto thefile andpossibly
additioral descriptim of thefile. PlanetFindexesthe XML snippetandthe extemalfile
if it is of aknown type (e.g, PDF, Postscripttext, etc.).Also, PlanetPstoresthe XML
shippetin thelocal datastorebut notthe exterral file itself.

PlanetPusesa Bloom filter [1] to summaize theindex of eachpeer Briefly, a Bloom
filter is an array of bits usedto represehsomeset A—in this case,A is the setof
wordsin the peers inverted index. Thefilter is compued by obtainingn indices for
eachmemter of A, typically via n different hashingfunctiors, and settingthe bit at
eachindex to 1. Then,givenaBloomfilter, we canask,is someelement: amemberof
A by computing n indicesfor 2 andcheckng whetherthosebits arel.

Oncea peerhascomputedits Bloom filter, it diffusesit throughou the community by
usinga gossipingalgoiithm [6] thatis a combnation of HarcholBalter et al’s name
dropperalgoiithm [12] andDemersetal!s ruma mongeringalgorithm[7]. (Thisalgo-
rithmis alsousedto maintaina directol of peerscurrerily on-line.) Eachpeercanthen
queryfor communal content by queying againsthe Bloom filters thatit hascollected.
For exampe, a peerm canlook for all docunentscontairing the word car by testing
for car in eachof the Bloom filters. Suppae that this resultsin “hits” in the Bloom
filters of peerspl andp2. m thencontactgpl andp2 to seewhetherthey indeed have
documentscortainingtheword car; notethatthesepeeramaynothave any suchdocu
mentssincea Bloom filter cangive falsepositives On the otherhand this setof peers
is guaranteedto be compete—thatis, it is guaanteedthat no peerothe thanpl and
p2 canhave adocunentcontaning theword car—becaus@loomfilters cannevergive
falsenegatives

Ourappoachof diffusingindex-summariesisingBloomfilters hasa numkber of adwvan
tagesthemostsignificart of which are:

— As shallbe seenthe collection of Bloom filters allows eachpeerto efficiently ap-
proximatetheinvertedindex of the entire commuity. This allows usto implement
aranking algorithmthatdepeils on having global knowledge, whichiis eithernot
possibleor likely to be much more costlyundercurrert P2Psystemg24,21,16].

— The Bloom filter is an efficient summay mecharsm, minimizing the requirel
bandwidh and storageat eachnode In appeadix A, we showv that PlanetPonly

2 Currently we do not malke useof the structureprovided by XML tags.We plan to extend
PlanetPto make useof this structurein the nearfuture.



needsappoximately 1% of the total dataindexed to summaize the community’s
content.

— Peersanindeendetly trade-df accuray for storageFor exanple, apeera may
chooseo comhne thefilters of several peersto sare spacethetrade-df is thata
mustnow contactthis setof peerswherever a queryhits on this combnedfilter.
This ability for indepedentlytrading accurag for storagés particulaty usefulfor
peersrunring on memay-corstraineddevices (e.g.,handhelddevices).

— Sincethegossipednformationis maintairedatevery peerin thecommunity, Plan-
etPis extremely resistanto denial-ofserviceattacks.

The main disadwantageof usinga diffusionappoachis that new or rapidly charging

informationspread slowly, asdiffusionis necessarilgpreadutovertimeto minimize
spikesin comnunicationbardwidth. To addessthis problem, peersin PlanetPalso
implemen aninformationbrokerageservicethatusesconsistenhashing14] to publish
andlocateinformation. We will not discusghis featurefurther, however, sinceit does
notimpactthework we will presenin this paper

Using simulation,we have shavn that PlanetPcaneasilyscaleto comnunity sizesof

severalthousans.For exanple, usingagossipingateof oncepersecond, PlanetRean
propagatea Bloomfilter cortaining1000termsin lessthan40secondfor acomnunity

with 1000 peers.This spreadof information requres an average of 24KB/s per peer

For communities conrectedby low bandvidth links, we canredwce the gossipingrate:

redudng thegossipingateto onceevery 30 secondsvouldrequire 9 minutes to diffuse
anew Bloomfilter, requirirg anaverag of 2KB/s bardwidth.

3 Distributed Content Search and Retrieval in PlanetP

Themainproblemthatwe areaddessingn this paperis how to searchor andretrieve
documentsrelevart to a queryposedoy somememtier of a PlanetPcommunity. Given
a collectin of text docunents,the prablem of retrieving the subsetthat is relevant
to a particdar quely hasbeenstudiedextersively (e.g.,[22, 20]). Currently one of

the mostsuccessfutechniqesfor addessingthis problemis the vectorspaceranking

model[22]. Thus,we decidedo adap this technigiefor usein PlanetPIn this section,
wefirst briefly provide somebackgound onvectorspacebasedlocumentranking, then
we presehour heuisticsto adaptthis techniqee to PlanetPs ervironmen.

3.1 Vecta SpaceRanking

In avectorspacaankng modd, eachdocunentandqueryis abstractlyepresentedsa
vector whereeachdimersionis associatewvith adistinctterm(word), thespacevould
have k dimensimsif therewerek possibledistinctterms.Thevalueof eachcompnent
of thevectorrepresentgheimportarce of thatword (typicdly referiedto astheweight

% Whenthereis no new informationto gossip,PlanetPdynamicallyreduceshis gossipingrate
overtime to once-peminute.



of the word) to that docunent or quer. Then, given a query, we rank the relevarce
of docunentsto that quey by measurig the similarity betweenthe querys vecta
and eachof the candidate docunent’s vectors.The similarity betweentwo vectas is
geneally measuredas the cosineof the angle betweenthem, compuable using the
following equation:

D ote@WQ,t X WDt
Q] x | D

wherewg ; represets theweightof term¢ for query@ andw p,; theweightof term¢
for documentD. Obsenethat Sim(Q, D) = 0 meanghatD doesnot have ary term
thatisin @. A Sim(Q, D) = 1, ontheotherhand meanghat D haseverytermthatis
in Q. Typicdly, thedenoninatorof equatiam 1 is drogpedfor simplicity.

Sim(Q, D) = 1)

A popudar methodfor assigningermweightsis calledthe TFxIDF rule. Thebasicidea
behindTFxIDF is that by usingsomecombiration of term frequengy (TF) in a docu

mentwith the inverseof how oftenthattermshaws up in docunentsin the collection
(IDF), we canbalance (a) the factthattermsfrequently usedin a docunentarelikely
important to describeits meanimgy, and (b) termsthat appearin mary docunentsin

a collectionare not usefulfor differentiatingbetweenthesedocunentsfor a particu

lar query For example,if we look at a collectionof paperspuldishedin an Operatimg

Systemsconferencewe will find that the terms Opemting Systemappearsin every

docunmentandtherdore canrot be usedto differentiatebetweerthe relevarce of these
documents.

Existingliteratureincludes severalwaysof implenentingthe TFxIDF rule [22]. In our
work, we adofi thefollowing systemof equatios assuggestetby Witten etal. [26]:

IDFt = IOg(]. + N/ft) wp,t = 14+ IOg(fD,t) wQ,t = IDFt

whereN is thenumbe of documentsin the collection f; is the numbe of timesthat
term ¢ appearsin the collection,and fp; is the numler of timesterm¢ appeas in
documentD.

If we simply drop the normalizing denaninatorfrom equaion 1, thenlong docunents
will beerroreouslyrankedhigherthanshortdocunentsbecagethey have higherterm
weights(becausef highertermfrequencies)Therdoreit is customaryo substitutehis
simplernormalizaion factor|D| = +/numberof termsin documentD. The resulting
similarity measurés

ZteQ Wp,t X I.DFt

Sim(Q, D) = D]

(2)

Givena collectionof doaumentscurrentsearchenginesmplemer this rankirg algo-
rithm by constructilg aninvertedindex over the collection[26]. This index associates
alist of dowmentswith eachterm,the weightof thetermfor eachdocument,andthe
positionswherethe termsapper. Further informationlike the inverse documentfre-
querty (IDF) andotherusefulstatisticsarealsoaddel to the index to speedup query



processing.An engire canthenusethis invertedindex to quickly determinethe subset
of documentsthatcontainoneor more termsin somequery(, andto computethevec-
torsneecedfor equaion 2. Then,theengire canrankthe documentsaccodingto their
similarity to the quely andpresentheresultsto theuser

3.2 Search and Retrieval in PlanetP

Recallthatin PlanetPa memberof the comnunity only distributesa summaryof its

inverted index usinga Bloom filter, not theinverted index itself. Thus, we canrot use
the above TFxIDF rule directly andso the challeng is to adaptthis algoiithm to the
informationavailableat eachpeerin PlanetPOur adaptedalgorithm works asfollows.
We breakthe relevancerankingprobdem into two sub-poblens: (1) rankng peersac-
cordirg to thelikelihoad of eachpeerhaving docunentsrelevantto the query and(2)

decidirg onthenumberof peergo contactandrankng thedoaumentseturredby these
peers.

Thenoderankingproblem. We apply the sameideabehird TFxIDF to rank peers.n
particular weintroduceameasue calledtheinversepeerfrequenyg (IPF). For atermt,
IPF; is compuedaslog(l + N/N,), whereN is numker of peersn thecommuity and
N, is thenumter of peerghathave oneor moredocumentswith term¢ in it. Similarto
IDF, theideabehindthis metricis thatatermthatis presenin theindex of every peer
is not usefulfor differentiating betweerthe peersfor a particdar query Note that IPF
cancorvenienlly be computedusingthe Bloom filters collectedat eachpeer: N is the
numter of Bloomfilters, N, is thenumber of hits for term¢ agairsttheseBloomfilters.

Giventheabove definitionof IPF, we thenproposethefollowing relevarce measurdor
rankirg peers:

R(Q= > IPF ®3)

teQAte BF;

whichis simply a weighted sumover all termsin the queryof whethera peercontains
thatterm,weightedby how usefulthattermis to differentiatebetweerpees. t isaterm,

Q isthequery and BF; is thesetof termsrepresetedby the Bloom filter of peer:, and

R; is theresultingrelevarce of peeri to query@. Intuitively, this schemegives peers
thatcontan all termsin aquerythehighestrankng. Peerghatcontaindifferent subsets
of termsareranked accordim to the power of thesetermsfor differentiatingbetween
peerswith potentiallyrelevart docunents.

Theselectiorproblem. As communitiesgrow in size,it is neitherfeasiblenordesirable
to contacta large subsetof peersfor eachquery Thus, oncewe have establisheda
relevarce ordering of peersfor a query we mustthen decidehow mary of themto
contact.To addessthis problem, we first assumehatthe userspecifiesan upper limit
k onthe numbe of doaumentsthatshouldbereturnel in respolseto a quer. Then,a
simple solutionto the selectionprodem would be to contactthe peersoneby one,in
theorderof their relevarce rankng, until we have retrieved £ documents.



As shall be seenin Section4, however, this obvious appoachleadsto terrible per

formanceas measued by the percentag of relevart documentsreturred. The reason
behindthis poorperformane is that,whenapeeris contactedit mayreturnsaym doc-
uments.In mostcasesnot all m returred docunentsarehighly relevantto the quey.

Thus,by stoppingimmedately onee we have retrieved & documents,a large subsebf

theretrieved documentsmayhave velry little relevanceto thequey.

To addresshis problem, we introducethe following heuistic for adaptvely determin

ing astoppirg poirt. Givenarelevarceordeing of peerscontacthemoneby-onefrom

topto bottom Maintainarelevanceorderingof thedocumentsretumedusingequatior?

with IPF; substitutedor IDF;. Stopcontactig peerswhenthe docunentsretumedby
asequene of p peersfail to contibute to thetop £ ranked documents.Intuitively, the
ideais to getaninitial setof & docunentsandthenkeepcortactingnodesonly if the
chanceof thembeingableto provide docunentsthatcontributeto thetop k is relatively

high. Notethatthe overall lateng of the algoiithm canberediwcedby contactimg peers
in parallelatthe experseof wastingsomebandvidth. Using experimentalresultsfrom

a number of known docunent collectiors (seeSection4), we propae the following

function for p

b= fpr | 2|5 0

whereN is thesizeof the community.

4 Evaluating PlanetP’s Search Heuristics

We now turnto assessinghe performane of TFxIPFtogetter with our adapive stop-
ping heuristicasimplemenedin PlanetPWe measurgerfamanceusingtwo acceped
metrics,recall (R) andprecision(P), which aredefinedasfollows:

R(Q) = no.relevart docs.presentedo theuser
~ totalno.relevantdocs.in collection

()

PQ) = no.relevart docs.presetedto theuser
~ totalno.docs.presetedto theuser

(6)

whereQ is the querypostedby the user R(Q) capturs thefractionof relevantdocu
mentsa searchandretrieval algoithm is ableto identify andpresento theuser P(Q)
describeshow muchirrelevart materialthe usermay have to look throudh to find the
relevart material.ldealperfomances given by 100%recalland100% precision

We assesshe perfomanceof PlanetPby comgaring its achieved recall and predsion
agairst the original TFxIDF algorithm If we can matchthe TFxIDF’s performarce,
thenwe canbe conficentthat PlanetPprovidesstate-of-theart searchandretrieval ca-



| Trace |QueriegDocumentgNumber of words|Collection size(MBs)|

CACM 52 3204 75493 2.1
MED 30 1033 83451 1.0
CRAN 152 1400 117718 1.6
CISI 76 1460 84957 2.4
AP89 97 84678 129603 266.
Table 1. Characteristicof the collectionsusedto evaluatePlanetPseach andretrieval capahl-

ities.

pabilities', despitethe accungy thatit gives up by gossipingBloom filters ratherthan
theentireinvertedindex.

Finally, in additionto recall and precision we also examire the averag nunber of
peerghatmustbecontactegerqueryunde PlanetPldedly, we would wantto contact
asfew peersaspossibleto minimize resouce usageper quel. We studythe numker
of peersthat mustbe contactedasa fundion of the nurmber of doaumentsthe useris
willing to view andthesizeof thecommunity.

4.1 Experimental Environment

We usefive collectiors of documents(and associatedjueries and human relevarce
rankirg) to measurePlanetPs perfomance;Table 1 presets the main charactdstics
of thesecollections.Four of the collectiors, CACM, MED, CRAN, and CISI were
previously collectedandusedby Buckley to evaluateSmart[3]. Thesecollectiors are
compisedof smallfragmentsof text andsummaiesandsoarerelatively smallin size.
The last collection,AP89, was extractedfrom the TREC collection[13] andincludes
full articlesfrom Associated’resgpuldishedin 1980.

To measuré’lanetPsrecallandprecisionontheabove collectiors, we built asimulator
thatfirst distributesdocunentsacrossa setof virtual pees andthenrunsandevaluates
differentsearchandretrieva algorithns. To compae PlanetPwith TFxIDF, we assume
thefollowing optimisticimplemenationof TFxIDF: eachpeerin thecomnunity hasthe
full invertedindex andword court neededo run TFxIDF usingranking equatiam 2. For
eachquery TFxIDF would compute thetop & ranking documentsandthencontactthe
exact peersrequiral to retrieve thesedocuments.In both casesTFxIDF and TFxIPF
the simulatorwill pre-processthe tracesby doing stopword removal and stemming

Theformertriesto eliminatefrequenly usedwordslike "the", "of", etc.andthesecond
triesto conflatewords to theirroat (e.g."running” becomesrun").

We studyPlanetPs performarce unde two differentdistributions of docunentsamorg
peersin the community: (a) uniform, and(b) Weibull. The motivation for studyirg the
uniform distribution of docunentsamory a setof peesis thatit presentsheworstcase
for adistributedsearchandretrieval algorithm The documentsrelevant to a queryare

4 whenonly usingthetextual contentof documents,ascomparedo link analysisasis doneby
Googleandotherwebsearchengineq?2]



likely spreadacrossalarge nunberof peersThedistributedsearchalgorithmmustfind
all thesepeersandcontat them.

Themotivation for studyinga Weibull distribution arisesfrom measurerantsof current
P2Pfile-sharingcommunities. For exampe, Saroiuet al. found that 7% of the users
in the Gnutellacommuity sharemorefiles thanall the resttogetter [23]. We have
alsostudieda comnunity that may be represetative of future communities basedon
PlanetP studentswith accesgo the Rutgerss domitory network have createda file-
sharingcommunity compisedof morethan500users sharingmorethan6TB of data.
Studyirg this comnunity, we obsened a datadistribution thatis very similar to that
found by Saroiuetal., where9% of theusersareresposiblefor providing the majoiity
of thefiles in the comnunity. Usingthe collecteddata,we fitted a Weibull distribution
with parametes (o = 0.7, 8 = 46) andusedit to drive the partitionirg of a collection
amonga simulatedcommunity.

4.2 Search and Retrieval

To evaluatePlanetPs searchandretrieval perfamance we assumehatwhenposting
a query the useralso provides the paraneter k, which is the maximun numter of
documentsthat heis willing to acceptin answerto a quer. Figure1 plots TFXIDF's
andPlanetPsaverag recallandprecisionoverall providedqueriesasfunctionsof & for
theMED andAP89collections We only shaw resultsfor theMED collectioninsteadof
all four Smartcollectionsto save spaceResultsor the MED collectionis repesentatie
of all four. We referthe readerto our web site, http://wwwpanic-labrutgers.edu/for
resultsfor all collectiors.

We malke severalobsevations First,usingTFxIPFandouradaptve stoppirg cordition,

PlanetPtracksthe perfamanceof TFxIDF closely For the AP89 collection PlanetP
perfams slightly worsethan TFxIDF for £ < 150 but catchesup for larger &’s. For

the MED collection PlanetPgivesnearlyidenticalrecallandpredsion to TFxIDF. In

fact,atlarge k, TExIPFslightly outperforms TFxIDF. While the perfamancedifference
is negligible, it is interestingto corsider how TFxIPF can outpeform TFxIDF; this

is possiblesince TFxIDF is not alwayscorrect.In this case, TFxIPFis finding lower
ranked documentsthat were determine to be relevant to queries,while someof the

highly rankeddocumentsreturnel by TFxIDF, but not TFXIPFE werenot relevant.

Second PlanetPs adaptve stoppingheuristicis critical to performane. If we simply
stoppedetrieving docunentsassoonaswe have gottenk docunents,recallandpreci-
sionwould be muchworsethanTFxIDF, asshavn by thelPF First-k curves.Finally, as
expeded,ask increasesiecallimprovesat the expenseof precision althowgh for both
collectiors, precision wasstill relatively highfor large k’'s (e.g.,at k = 40, precisionis
abou 40%andrecallis about60%for the MED collection)

Figure 1 plotted the perfomanceof PlanetPagainstk for a single community size:
100 peersfor MED and 400 peersfor AP89. In Figure 2a, we plot the recall when
k is 20 againstcomnunity size to study PlanetPs scalability We only shav results
for the AP89 collection as the otherswere too small to accommadatea wide range
of commurity sizes.We showv the performanceof TFxIPF with two variarts of the
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Fig. 1. Average (a) recall and (b) precisionfor the MED collectiondistributedamongl100 pees.
Average (c) recall and(d) precisionfor the AP89collectiondistributedamong400 pees. IDF is
TFXIDFE IPF Ad.Wis TFxIPFwith the adagive stoppingheuristicon the Weibtull distribution of
documets. IPF Ad.Uis TFxIPF with theadapive stoppingheuristicon the uniformdistribution
of documets. IPF First-kis TFxIPF that stopsimmediatelyafter first & docunentshavebeen
retrieved.

stoppingheuistic: onethatis afunction of bothk andV, thenunberof peersandone
thatis justafunction of k.

We make two obsevations First, PlanetPsrecallremainsconstanevenwhenthe com-
munity sizechange®y anorderof magrtude,from 100to 1000 peersSecongthefact
thatour adaptve stoppingheuistic is afunction of bothk andcomrmunity sizeis criti-
cal. Whenthe adaptve stoppirg heuristiconly accouns for varying k, recalldegrades
ascommuity sizegrows. This is becausehe relevant documentsbecone spreadout
morethinly amorg peersasthe commnunity sizeincreaseThus,the stoppingheuristic
shouldallow PlanetPto widenits searchby corntactingmorepees.

4.3 Number of PeersContacted

To betteruncerstandheeffeds of ouradaptve stoppirg heuistic, we presentn Figures
2cand2dthenumterof nodescontactedvhenusingTFxIDF andall variantsof TExIPF
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Fig. 2. Recall(a) and numberof pees contactedb) asa functionof the communitysize(k=20).
Numberof peess contactedvs. k for the MED collection (c) distributed across 100 peess and
the AP89 collection (d) distributed across400 pees. IPF Ad-k variable N is TFxIPF with the
adaptivestoppingheuristic. IPF Ad-k constam N is TFxIPF with a stoppingheuristicthat is
only a function of £ and not of commuiity size IDF W is TFxIDF. IPF Ad.Wis TFxIPF with
the adaptivestoppingheuristic. IPF Ad.U is TFxIPF with the adapive stoppingheuristic. IPF
First-kis TFxIPF that stopsimmediatelyafter first K documentshavebeenretrieved.Bestis the
minimumnumberof nodeghatmustbecontadedto retrieve k relevantdocumentsAll theseplots
usea Weihull distribution of documetis exceptfor IPF Ad.U, which usesa uniformdistribution.

aswell asthelowerbowndonthenumtlerof nodesthatneedo becontacte. Tocompute
thelowerbouwnd, we sortthenodesaccordng to the numker of relevart docunentsthey
store(assumig globd knowledgeof the humanrankng) andthenwe plot the lowest
numler of nodesneeedto get k relevart docunents(for 100% precision) Note that
thelower boundis differert thanthe nunber of peerscontatedby TFxIDF becauset
is basedon the provided humanrelevance measurgwhich is binary), notthe TFxIDF
rankirg.

Again, we make several obsenations. First, our adaptve stoppingheuistic is critical
for increasingecallwith increasingk becaseit causesnorenodeso be cortacted.n
fact,to matchTFxIDF's perfamance PlanetPhasto contactmorepeersthan TFxIDF
atlargek’s. Thisis becaus®lanetfhaslessinformationthanassumedor TFxIDF, and
somaycontactpeerghatdon't have highly rankeddocunents.Onthe otherhand,sim-



ply stoppingassoonaswe have retrieved k potentially relevart doaumentgivesvery
little growth in the numkber of pees cortacted.As aresult,it contactamary lesspeers
thanthelower boundimposedby therelevarcejudgments.This helps to explainthere-
call andprecisionfor thevariousalgorithirs shawvn earlier Secon¢glbeyond a certaink,
50for MED and150for TREC, PlanetPstartsto contactsignificantlymorepees than
TFxIDF. At correspadingk's, PlanetPs recallimprovesrelative to TFxIDF: PlanetP
outpeforms TFxIDF slightly for MED andbeconesessentiallyequa to TFxIDF. This
impliesthateitherequatiord is too stronglydepeienton k or thatthe relationshipis
notlinear We arecurrerly working to refineour stoppingheuristicto seewhetheme
canreducethenumter of peerscontactedatlarge k without degradng perfamancetoo
much.Third, PlanetPhasto work muchharder under the uniform distribution because
relevart doaumentsarespreadutthroughait thecomrmunity. Thus, actualobsenretions
of Weihull-lik e distributions with shapeparanetersof 0.7 actuallywork in favor of a
distributedsearchandretrieval enginesuchasPlanetPNotethattheresultsfor PlanetP
unde the uniform distribution is not directly compaableto thosefor TFxIDF because
we only studiedTFxIDF undertheWeibull distribution; we did notstudyTFxIDF under
the uniform distribution becausehe distribution doesnot chang TFxIDF's recalland
precision only the nunber of peerscontacte. Finally, our adaptve stoppirg heuristic
allows PlanetPto work well regadlessof the distribution of relevart docunents.It al-
lows PlanetRo widenits searchwhendocumentsaremorespreadout. It helpsPlanetP
to contractts searchwhenthedocunentsaremoreconcetrated.

Finally, we study the effect of makirg our adapive stoppirg heuistic a fundion of
community size;Figure2b plotsthenumlerof nodescontatedagainstomrmunity size
for the AP89collectionfor TFxIPFwith anadaptve stoppirg heurstic thatadaptso the
commuity sizeandonethatdoesnot. Previously, we sav thatadaptingto community
sizewasimportantto maintainaconstantecallascommunity sizeincreaseThisfigure
shavsthereasonif we do notadap to community size,the stoppirg heuistic throttles
thenumberof peerscontactedoo quickly. With increasingcommunity size thenumker
of nocdescontated drops belav thatof TFxIDF, resultingin lower recallaspreviously
shown.

4.4 DoesPlanetPRetrieve Similar Documentsto TFxIDF?

We concluak ourstudyof PlanetPS searchandretrieval algaithm by consideing whether
the modified TFxIPF rule finds the samesetof relevart documentsas TFxIDF. Com-
paringthe setsof resultsreturred, for the MED collection,by TFxIDF and TFxIPF at
recall levels betweenl14% and44%, we foundintersectios of 68%to 79%. We only
studiedthe intersectios for low recall valuesbecageat high recall, by definition, the
intersectiorwill appoachl100%.Having, on averag, anintersectiorcloseto 70%,in-
dicatesthat TFxIPF finds essentiallythe sameset of relevant docunentsas TFxIDF.
This gives us confidencethatour adaptatios did not changethe essentiaideasbehird
TFxIDF'srankirg.



5 RelatedWork

CurrentP2Pfile-sharingapplicatimssuchasNapstef17], Gnutella[10], andKaZaA[15]
all suppat name-laseddocumentsearchandretrieval. While thesesystemshave been
tremenduslysuccessfulnamebasedsearchs frustraingly limited. Thesesystemsely
onheavy replicatian of popularitemsfor successfusearchesandcommunitiesbuilt on
themhave beenlimited to sharingmusicandvideofiles. Our goalfor PlanetHis to in-
creasethe power with which userscanlocateinformationin P2Pcommunities. Also,
we have focusedmoretightly ontext-basednformation,whichis moreappopriatefor
collectiors of scientificdocuments,legd documents,inventory datalases etc. These
differenceshave led us to designandimplemen a text-basedconten searchandre-
trieval engire, aspresetedin this paper

In contrastto existing systemstecentesearcteffortsin P2Pseekto providetheillusion
of having aglobal hashtablesharedy all memkersof thecomnunity. Framevorkslike
Tapestry[28], Pastry[21], Chord[24] andCAN [19] usedifferenttechniqiesto spread
(key, value)pairsacrosghecomnunity andto route queriefrom ary membeito where
the datais stored.Although this distributed hashstructue could be usedto createan
invertedindex, it would not be asefficient asthe appoachproposedby PlanetPIn all
thesesystemsthereis atime costneededo contactthe right noce in orderto publish
a singlekey. If we wantto sharea doauments contern thenwe needto pulish every
unigwe word cortainedin it. Therefae the time neededwill be almostlinear on the
documentsize.PlanetPcanpulish all thekeys in the sameBloom filter with no need
to contactevelty nodesincetheinformationwill begossipediccordng to thebandwidh
available.Furthemore,nore of theseframavorks providestheinfrastructureneededo
implemen rankirg (althowh PlanetPs rankng algorithmcould be adaptedor usein
thesesystems).

Morerelatedo PlanetPsgods, Cori[4] andGloss[11] addesstheprodemsof datalase
selectionandranking fusionon distributedcollecticns. Recentstudiesdoneby French
et al. [8] shawv thatboth scalewell to 900 nodes. The main differencebetweenthese
two systemsand PlanetPis thatthey assumehe presencef a sener (or a hierachy
of seners) thatwill be availablefor usersto decidewhich peersto contact.In PlanetP
we wantto empaver peersto work autonanouslyandtherebre we distribute Bloom
filters widely sothey cananswemrueiesevenin thepresencef network andnoce fail-
ures.A secondayr differenceis our useof Bloomfilters, whichis motivated by ourgoal
of suppeting peerswith scarceresource. As alreadydiscussedpeersin PlanetPcan
indepandentlytradeaccurag for space.

Finally, JXTA SearcH25] providesmechaismsfor clientsto routequeriesto theright
datasouces.This is similar to the databae selectionprodem, but they have imple-
mentedt usinga pulish/subscribenodé. In IXTA Searchpeerghatwantto provide
conten give asketchof thequeresthatthey arewilling to answetto ahuh Usinghubs,
clients canfind which nodes are suitablefor a particularquestion Unlike PlanetRin
theirarchite¢ure, peersdo notgetary rankng of theresultsandJXTA Searchdoesnot
try to contacthe mostrelevantnodesfor the quary.



6 Conclusions

P2Pcomputingis a potentiallypowerful mocel for informationsharingbetweerad hoc
communities of users.As P2Pcommunities grow in size,however, locatinginforma-
tion distributed acrassthe large numter of peersbecomegroblematic. In this papey
we have preseted a text-basedranking algorithmfor conten searchandretrieval. Our
thesisis that the searchparadgm, wherea small setof relevanttermsis usedto lo-
catedocunents,is asnatual aslocatingdocumentsby name.To be useful,however,
the searchandretrieval algoithm mustsuccessfulljjocatethe informationthe useris
searchindor, without presentingoo muchunrelatednformation.

To explore content searchandretrieval in P2Pcommunities,we have appoximateda
state-of-tle-arttext-basedlocunentrankng algorithm, thevectorspacemockl, instan-
tiatedwith the TFxIDF ranking rule, in PlanetPA naive implemenation of TFxIDF
would requile eachpeerin acommunity to have accesdgo theinvertedindex of theen-
tire community. Insteadwe shav how TFxIDF canbe appoximatedgivena compact
summarythe Bloomfilter) of eachpeersinvertedindex. We malke threecontributions:
(a)we show how the TFxIDF rule canbeadapedto usethesummarie®f individualin-
dexes, (b) we provide a heuistic for adapively determiring the setof peershatshoud
be contactedor a quey, and(c) we have shawvn that our algorithm tracks TFxIDF’s
perfamancevely closely regadlessof how docunentsaredistributedthroghou the
commuity. Finally, our algorithm preseresthe main flavor of TFxIDF by retuming
muchthe samesetof docunentsfor a particdar quey. Our resultsprovide eviderce
thatdistributedcontant searchandretrieval in P2Pcomnunitiescanperfom aswell as
searchandretrieval algoithmsbasedntheuseof centralizel seners.
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Appendix A - PlanetP’s memory usage

In this appenlix, we presenhow we estimatedhe amouwnt of memay neeadby each
PlanetPs memter to keeptrack of the community’s conten. Note that the memoy

usagedepenls mainly onthe Bloom filter sizeandthenumbe of peersonthecommu

nity. In our calculation we have choserBloom filters thatareableto storeeachpeers
setof termswith lessthan5% of falsepositives.For example if we spreadhe AP89
collectionacrossa community of 1000peers.eachpeerwill receve on averag 4500

terms.On this scenarica 4.6KB filter will storea singlepeets data,which meanshat
thewhole comnunity canbe summarizd with 4.6MB of memoy. Becausenocesex-

chang filters in compessedorm, the bandvidth requred by a single nock to gatter
theremainirg 999filters will be 3.3MB.

Table2 shavs theresultsobtairedfor differentcommunity sizesusingthe samecalcu-
lationsaspresentedbove.

[No. peerdMemory used(MB)|% of collection sizg

10 0.45 0.18%
100 1.79 0.70%
1000 4.48 1.76%

Table 2. Amountof memoryusedper nodeto store Bloomfilters summarizinghe wholecommu-
nity on AP89.



