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Abstract. We conside the problemof conternt searchandretrieval in peerto-

peer(P2P)communities. P2Pcomputingis a potentially powerful modelfor in-

formation sharingbetweenad hoc groups of usersbecauseof its low cost of

entry and naturalmodelfor resourcescaling.As P2Pcommurities grow, how-

ever, locatinginformationdistributed acrossthe large numberof peershecoms
problematic.We addresghis problemby adaptinga state-of-the-artext-based
documentrankingalgorithm, the vectorspacemodelinstantiatedwith the TFx-

IDF rankingrule, to the P2Penvironment. We make threecontrikutions: (a) we

shav how to approximatel FxIDF usingcompactsummarie®f individual peers’
invertedindexesratherthanthe invertedindex of the entirecommunal store;(b)

we develop a heuristicfor adaptvely determiningthe setof peersthatshoud be
contactedor a query, and(c) we shav thatour algorithmtracksTFxIDF’s per

formancevery closely giving P2Pcommunitiesa searchandretrieval algorithm
asgoodasthatpossibleassumingacentralizedsener.

1 Introduction

We considetthe problemof contentsearchandretrieval in peerto-peer(P2P)commu
nities.P2Pcompuing is a potentiallypowerful modé for informationsharingbetween
ad hocgrousof usershecausef its low costof entryandexplicit modelfor resouce
scaling:ary two userswishingto interactcanform a P2Pcomnunity. As individuals
join the comrmunity, they will bring resouceswith them,allowing the community to
grow natually. Measuremantsof onesuchcommunity at Rutgersshow over 500 users
sharingover 6 TB of data.OpencommunitiessuchasGnutella[11] have achiesedmuch
greatersizes.

A numter of open prablemsmustbe addessedhowever, beforethe potential of
P2P compuing canbe realized.Contentsearchandretrieval is one suchopenprob
lem. Currerily, existing communities emplg eithercentralizeddirectay seners[16]
or various flooding algoiithms[11,5, 26] for objectlocationwhengivena name.Nei-
ther providesa viable framevork for contentsearchandretrieval. Onthe onehand,a
centralizedsener presents single poirt of failure andlimits scalability On the other
hand while flooding techniquescanin theoryallow for arbitrayy contert searche[17],
in practice,typicdly only a namesearch perhapstogetter with a limited numbe of
attributes,is perfamed.
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Theseechniqiescurrerily rely on heavy replicationof popularitemsfor successful
searchesMore recen works studyng how to scaleP2P communities have put forth
moreefficient andreliabledistributedmethod for nane-basedbject location[15,24,
21]. The focus, however, hasremainedon name-lasedobjectlocationbecausdhese
efforts wereintendedto suppat P2Pfile systemswherethereis a natual modé for
acquirirg names.

As theamouwnt of storageper persa/device is rapidly growving, however, informa-
tion managmentis beconing more difficult uncer the traditionalfile systemhierar
chicalnamespacg10]. Thesucces®f Interret searchengiresis strongevidencethat
conten searchandretrievd is anintuitive paradign thatuserscanleverageto manag
andaccesgargevolumes of information.While P2Pgrouypswill notgrow to thesizeof
theweb,with the exploding capacityanddecreaing costof storagegven smallgrouys
will sharealarge amoun of data.Thus, we aremotivatedto explore a contert search
and retrieval enginethat provides a similar information accesgparadgm to Intemet
searchengires.In particuar, we presenta distributedtext-basedankirg algorithmfor
conten searchandretrieva in the specificcontet of PlanetPaninfrastricturethatwe
arebuilding to easethetaskof developingP2Pinformationsharingapplicatiors.

Currenly, PlanetH6] providesaframeavork for ad hocsetsof usergto easilysetup
P2Pinformationsharingcommunities without requirirg support from ary centralizel
sener!. Thebasicideain PlanetAs for eachcommunity memker 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, theproblemthatwe focusonis how to perfam text-basedcontert searchand
retrieval usingtheindex summarieghatPlanetPuses We have adgteda vectorspace
ranking model,usingthe TFxIDF algorithm suggestedy Saltonetal. [22], becaseit
is oneof the currerly mostsuccessfutext-basedranking algoithm [25]. Underthis
model,a quer is compgised of a setof terms.For eachdocunentin the collection
TFxIDF usesthefrequeng of eachquel termin thatdocunentandthefrequeng of
the term acrossthe collectionto compute the likely relevanceof the documentto the
guery

A naive application of TFXIDF would requireeachpeerin a commuiity to have
accesgo theinvertedindex of the entirecommunal store.This is costly bothin terms
of bandvidth andstorageInstead we shav how TFxIDF canbe appoximatedgiven
PlanetPs compat summarief 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 male threecontrikutions:

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



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

2. we develop a heuristicfor adaptvely determiting the setof peersthat shoud be
contactedor aquery;, and

3. usingfive benchmark collectionsfrom Smart[3] and TREC [13], we shawv that
our algorithm matchkes TFxIDF's perfamance despitethe accurag thatit gives
up by usingonly summarie®f the individual inverted indexesratherthanthe in-
vertedindex of the entire communal store.Furthernore, our algorithm preseres
the mainflavor of TFxIDF, retuming closeto the samesetsof docunentsfor par
ticular queries.

PlanetPtradessomebardwidth for good searchperfomance.Using our heuistics,
PlanetPnearly matcheshe searchperfomance(we will defineperfomancemetrics
more preciselylater in Section4) of TFxIDF but, on average, will contact20-4%
morepeershanif theentireinvertedindex waskeptat eachpeer.

2 PlanetP: Overview

PlanetFs aninfrastructurghatwe arebuilding to suppot theindexing, searchingand
retrieval of informationspreadacrossadynanic commurity of peerspossiblyruming
on a setof hetergeneais devices[6]. This sectionbriefly discusseselevart features
anddesign/imgementatiordetailsof PlanetRo provide context for therestof thepaper

The basicdatablock in PlanetPis an XML snippet.Thesesnippetscontaintext,
from which we extracttermsto beindexed®, andpossiblylinks (XPointes) to extemal
files. To sharean XML document,the userpublisheshe docunentto PlanetPwhich
indexesthedocumentandstoresa copy of it in alocal datastore.To sharea non-XML
document, the userpublishesan XML snippetthat containsa pointe to the file and
possiblyadditiona descriptim of the file. PlanetPindexesthe XML snippé andthe
exterral file if it is of a known type (e.g, PDF, Postscripttext, etc.). Also, PlanetP
storeghe XML snippetin thelocal datastorebut notthe extemalfile itself.

PlanetRusesaBloomfilter [1] to summaizetheindex of eachpeerBriefly, aBloom
filter is anarrayof bits usedto repesensomeset A—in this case A is thesetof words
in the peers inverted index. The filter is compued by obtairing n indicesfor each
membe of A, typically via n different hashimy functions, and settingthe bit at each
index to 1. Then,given a Bloom filter, we canask,is someelementz a memter of A
by computing n indicesfor 2 andcheclkng whetherthosebits arel.

Oncea peerhascomputedits Bloomfilter, it diffusesit throudghoutthe community
usinga gossipingalgorithm [7, 6]. (This algorithm is alsousedto maintaina directoy

2 40%only whenwe averageover runswherewe assumehatusersarewilling to sortthrougha
very large numberof retrieved documentsto find whatheis looking for. Further our stopping
heuristiccurrentlyallows for overly aggresive growth in peerscontactecdasa functionof both
commurity sizeandof the numbe of docunentsto be returned.We aretuning this function
to reducethe numberof peerscontactedvithout degradingTFxIPF's accurag.

8 Currently we do not malke useof the structureprovided by XML tags.We plan to extend
PlanetRto male useof this structurein the nearfuture.



of peerscurrentlyondine.) Eachpeercanthenqueryfor communal contentoy querying
agairst the Bloom filters thatit hascollected.For exanple, a peerm canlook for all
documentscontaning theword car by testingfor car in eachof the Bloom filters. Sup-
posethatthis resultsin “hits” in the Bloom filters of peerspl andp2. m thencontacts
pl andp2 to seewhethe they indeedhave docunentscontainirg the word car; note
thatthesepeersmay not have ary suchdocumentssincea Bloom filter cangive false
positives Ontheotherhand this setof peesis guarateedto be comgete—thats, it is
guaranteedthatno peerotherthanpl andp2 canhave a docunentcortainingtheword
car—becaseBloomfilters cannever give falsenegatives

Ourappoachof diffusingindex-summnariesusingBloomfilters hasa numkber of ad-
vanta@s,themostsignificantof whichare:(1) TheBloomfilter is anefficientsummay
mechaism, minimizing the requred bandvidth andstorageat eachnoce. In appendix
A, we shav that PlanetPonly needsappoximately 1% of the total dataindexed to
summarie the community’s conten. (2) Previous studiesof file systemshave shavn
thata majority of files changevery slowly [20,8]. If P2Pinformationcollectionsdis-
play the samecharactéstic, then,using Bloom filters, PlanetPwill placevery little
loadonthecommunity for searcheagairst this bulk of slowly changng data.(3) Peers
canindependentlytrade-df accuray for storage For exampe, a peera may choose
to combhne thefilters of several peersto save spaceithe trade-of is thata mustnow
contactthis setof peerswheneer a quey hits on this comhbnedfilter. This ability for
indepadentlytradingaccuncy for storageis particularlyusefu for peersrunring on
memoy-corstraineddevices(e.g, handhelddevices).(4) A peercanknow thatdocu
mentsrelevart to a quer might exist on peerghatarecurrently off-line. Thus,instead
of missingthesedocumentsasin curren systemsthe searchingpeercould arrarge to
rendevouswith the off-line peerswhenthey recomectto obtainthe needednforma-
tion.

Usingsimulation,we have shavn that PlanetRcaneasilyscaleto community sizes
of severalthowsandsFor examge, usinga gossipingrateof oncepersecond, PlanetP
canpropagatea Bloom filter containirg 1000termsin lessthan40 seconddor a com-
munity with 1000peers.This spreacbf informationrequresanaverag of 24KB/s per
peer For communitiesconnetedby low bandwidh links, we canredice the gossipimg
rate:redwcing the gossipingrateto onceevery 30 second would regure 9 minutesto
diffusea new Bloomfilter, requring anaverage of 2KB/s bandvidth.

3 Distributed Content Search and Retrieval in PlanetP

Themainproblemthatwe areaddessingn this paperis how to searchor andretrieve
documentsrelevart to a queryposedby 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.,[22,19]). Currently one of
the mostsuccessfutechniqesfor addessingthis problemis the vectorspaceranking
model[22]. Thus,we decidedo adap this technigquefor usein PlanetPIn this section,

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



wefirst briefly provide somebackgound onvectorspacebasedlocumentranking, then
we presehour heuisticsto adapthis technigee to PlanetPs ervironmen.

3.1 Vector Space Ranking

In avectorspacaankng modd, eachdocunentandqueryis abstractlyrepesentedsa
vector whereeachdimersionis associatewvith adistinctterm(word), thespacevould
have k dimensimsif therewerek possibledistinctterms.Thevalueof eachcompnent
of thevectorrepresentgheimportarce of thatword (typicdly referiedto astheweight
of the word) to thatdocunent or quer. Then, given a quer, 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:

2ot WQ,t X WDt
Q] x | D]

wherewg ; represets theweightof term¢ for query@ andw p,; theweightof term¢
for documentD. Obsene that Sim(Q, D) = 0 meanghat D doesnot have ary term
thatisin Q. A Sim(Q, D) = 1, ontheotherhand meanghat D haseverytermthatis
in Q. Typically, | Q| is dropped from the denaninatorof equationl sinceit is constant
for all thedoauments.

A popudar methal for assigningermweightsis calledthe TFxIDF rule. Thebasic
ideabehind TFxIDF is that by using somecombnation of term frequery (TF) in a
documentwith the inverseof how oftenthatterm showns up in docunentsin the col-
lection (IDF), we canbalane: (a) the factthat termsfrequently usedin a docunent
arelikely importantto descrike its meanig, and (b) termsthat appearin mary doc-
umentsin a collectionare not usefulfor differertiating betweenthesedocumentsfor
a particula query For examge, if we look at a collectionof papes pudishedin an
OperatingSystemgonferencewe will find thatthetermsOpeiating Systenappearsn
every docunentandtherebre cannad be usedto differentiatebetweertherelevarce of
thesedocunents.

Existingliteratureincludesseveral waysof implemening the TFXIDF rule [22]. In
ourwork, we adopt thefollowing systenof equatiols assuggestetly Wittenetal. [25]:

Sim(Q, D) = 1)

IDFt = IOg(]. =+ N/ft) UJD7t =1 —+ IOg(fDJ) ’UJQJ = IDFt

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

Theresultingsimilarity measurés

ZtéQ wWp,¢ X IDFt
D

where|D| = thenumberof termsin doaumentD.

Sim(Q, D) = (@)



Given a collection of docurents,current searchenginesimplemen this rankirg
algorittm by constructig aninvertedindex over the collection[25]. This index asso-
ciatesa list of documentswith eachterm, the weight of the term for eachdocument,
andthe positiors wherethe termsapgear Furthe, informationlike the inverse docu
mentfrequeng/ (IDF) andotherusefulstatisticsarealsoaddedo theindex to speedup
queryprocessing An enginecanthenusethis inverted index to quickly deternine the
subsebf documentsthatcontainoneor moretermsin somequer @, andto compute
thevectorsneecedfor equation?2. Then,the enginecanrankthe docunentsaccoding
to their similarity to thequely andpresentheresultsto theuser

3.2 Search and Retrieval in PlanetP

We canndimplementheabove relevancerankng directlyin PlanetFbecauseve donot
have all the necessarynformation.Instead we apprximatethis function by breakiry
the ranking problem into two sub-poblems:(1) ranking peersaccordng to the like-
lihood of eachpeerhaving documentsrelevart to the query and(2) decidingon the
numter of peersto cortactandrankng thedocunentsreturredby thesepeers.

Thenoderankingproblem. To rank peerswe introduce a measurecalledthe inverse
peerfrequery (IPF). For atermt, IPF; is computedaslog(l + N/N;), whereN is
numter of peersn thecommuity and NV, is thenumberof peersghathave oneor more
documentswith term¢t in it. Similar to IDF, the ideabehird this metricis thata term
thatis presentin the index of every peeris not usefu for differentiatingbetweerthe
peersfor a particularquel. Unlike IDF, IPF cancorvenienly be compued usingthe
Bloomfilters collectedateachpeer:NV is thenumber of Bloomfilters, N, is thenumkber
of hits for termt agairst theseBloomfilters.

Giventheabove definitionof IPF, we thenproposethefollowing relevancemeasure
for ranking peers:

R(Q= > IPF ©)
teQAte BF;

whichis simply a weighted sumover all termsin the queryof whethera peercontains
thatterm,weightedby how usefulthattermis to differentiatebetweerpeersy is aterm,
Q is thequery BF; is the setof termsrepresentethy the Bloom filter of peeri, 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 shallbe seenin Section4, however, this obviousapproah leadsto terride 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 addresghis problem,we introducethe following heuristicfor adaptively deter
mining a stoppingpoint. Givena relevarce orderingof peerscontacthemoneby-ore
from top to bottom Maintain a relevane@ ordering of the docunentsreturred using
equatia 2 with IPF; substitutedor IDF;. Stopcontactig peerswhenthe docunents
returred by a sequene of p pees fail to cortribute to the top & ranked docurents.
Intuitively, the ideais to getan initial setof & docunentsandthenkeepcontactimy
nodes only if thechanceof thembeingableto provide docurentsthatcontributeto the
top k is relatively high. Using experimentalresultsfrom a numter of known docunent
collectiors (seeSectiond), we proposethefollowing functionfor p

N k
p= {2+300J +2{50J 4)
whereN is thesizeof the community.

Notethatwhile we have presettedthe above algorithmascontactig peersoneby-
one,to reducequeryresponseime, we might chooseto contact peersin groyps of m
peersat atime. Sucha parallelalgoiithm trades off potentiallycontactig somepeers
unneessarilyfor shortemrespmsetime.

4 Evaluating PlanetP’s Search Heuristics

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

R(Q) = no.relevart docs.presentedo the user
~ totalno.relevantdocs.in collectian

()

P(Q) = no.relevart docs.presetedto theuser (6)
~ totalno.docs.presetedto theuser

where( is the querypostedby the user R(Q) capturs the fraction of 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 compaing its achiezedrecallandpreci-
sionagansttheoriginal TFxIDF algoiithm. If we canmatchthe TFxIDF’s performarce,
thenwe canbe conficentthat PlanetPprovidesstate-of-theart searchandretrieval ca-
pabilities’, despitethe accumngy thatit gives up by gossipingBloom filters ratherthan
theentireinvertedindex.

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



| Trace |Queries|Documents|Number of words|Collection size (MBs)]

CACM 52 3204 75493 2.1
MED 30 1033 83451 1.0
CRAN 152 1400 117718 1.6
CISsI 76 1460 84957 2.4
AP89 97| 84674 129603 266.

Table 1. Characteristicsof the collectionsusedto evaluateour seach andretrieval engine

Finally, in addition to recallandprecision we alsoexaminethe average numker of
peerghatmustbecontactegerqueryunde PlanetPldedly, we would wantto contact
asfew peersaspossibleto minimize resouce usageper quel. We studythe numkber
of peersthat mustbe contactedasa fundion of the nunber 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 preseis 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 AssociatedPresgpulishedin 1980.

To measurdPlanetPs recallandprecisionon the above collectiors, we built asim-
ulator that first distributesdocumentsacrossa setof virtual peersandthenrunsand
evaluatedifferent searchandretrieval algorithms. To compae PlanetPwith TFxIDF,
we assumehefollowing optimisticimplementationof TFxIDF: eachpeerin thecom-
munity hasthefull invertedindex andword countneededo run TFxIDF usingranking
equatim 2. For eachquery TFxIDF would conrputethetop & rankng docunentsand
thencontactthe exact peersrequiledto retrieve thesedocunents.In both cases;TFx-
IDF andTFxIPF, the simulatorwill pre-procesghetracesby doingstopword removal
andstemming Theformer triesto eliminatefrequentlyusedwords like "the", "of", etc.
andthe secondriesto conflatewordsto theirroot (e.g."running" becanes"run").

We study PlanetPs performarce uncer two different distributions of docunents
amongpeersin the community: (a) uniform, and(b) Weibull. We studya uniform dis-
tribution of docunentsbecaseit presentghe worst casefor a distributed searchand
retrieval algorithm. Thedocunentsrelevant to a quey arelikely spreadacrossalarge
numter of peersThedistributedsearchalgorithmmustfind all thesepeersandcontact
them.

The motivation for studying a Weikull distribution arisesfrom measurerants of
currernt P2Pfile-sharingcommuirities. For example Saroiuet al. found that 7% of the
usersin the Gnuella comnunity sharemore files thanall the resttogetter [23]. We
have alsostudieda community thatmaybe represetative of future commuiities based
onPlanetPstudentsvith accesso the Rutgerss dormitory network have createdafile-
sharingcommunity compisedof morethan500users sharingmorethan6TB of data.
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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.

Studyirg this comnunity, we obsened a datadistribution thatis very similar to that
found by Saroiuetal., where9% of theusersarerespoiblefor providing the majoiity
of thefilesin 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 ques. Figurel plots TFXIDF's
andPlanetPs average recallandprecisionoverall providedqueriesasfunctionsof & for
theMED andAP89collections We only shaw resultsfor theMED collectioninsteadof
all four Smartcollectiongto save spaceResultsor the MED collectionis representatie



of all four. We referthe readerto our web site, http://wwwpanic-labrutgers.edu/for
resultsfor all collectiors.

We make several obsenrations.First, using TFxIPFandour adapive stoppirg con-
dition, PlanetPtracksthe perfamanceof TFxIDF closely For the AP89 collection
PlanetPperfams slightly worsethan TFxIDF for £ < 150 but catchesup for larger
k's.Forthe MED collection PlanetRyivesnearlyidenticalrecallandprecisionto TFx-
IDF. In fact, at large k, TFXIPF slightly outpeforms TFxIDF. While the perfomance
differenceis negligible, it is interestingto considethow TFxIPF canoutpeform TFx-
IDF; thisis possiblesinceTFxIDF is notalwayscorrect.In this case, TFxIPFis finding
lower ranked documentsthatweredetermine to berelevart to querieswhile someof
thehighly rankeddocumentsretumedby TFxIDF, but not TFXIPFE, werenotrelevart.

Secomnl, PlanetPs adaptye stoppirg heuristicis critical to performane. If we sim-
ply stoppedretrieving docunentsassoonaswe have gottenk documents,recall and
precisionwould be muchworsethan TFxIDF, asshavn by the IPF First-k curves.Fi-
nally, asexpectedask increasesiecallimprovesat the expenseof precisionalthoudn
for both collections,precisionwas still relatively high for large ¥'s (e.g, atk = 40,
precisionis about40%andrecallis about60%for the MED collectian.)

Figure 1 plottedthe performarce of PlanetPagairst & for a singlecomnunity size:
100 peersfor MED and 400 peersfor AP89. In Figure 2a, we plot the recall when
k is 20 againstcomrunity size to study PlanetPs scalability We only shov results
for the AP89 collection as the otherswere too small to accommadatea wide range
of commurity sizes.We showv the perfomanceof TFxIPF with two variarts of the
stoppingheuistic: onethatis afunction of bothk andV, thenunberof peersandone
thatis justafunction of k.

We malke two obsevations.First, PlanetPs recall remairs constah evenwhenthe
commuity size chargesby an order of magnitwde, from 100to 1000 peers.Second
the fact that our adapive stoppingheuistic is a function of both & and community
sizeis critical. Whenthe adaptve stoppingheuristiconly accours for varying &, recall
degradesas community size grows. This is becausehe relevant documentsbecane
spreacbutmorethinly amorg peersasthecommunity sizeincreae. Thus,thestoppiry
heuristicshouldallow PlanetPto widenits searchby contactingmorepeers.

4.3 Number of Peers Contacted

To betteruncerstandheeffeds of ouradaptve stoppirg heuistic, we presentn Figures
2cand2dthenumterof nodescontactedvhenusingTFxIDF andall variantsof TFxIPF
aswell asthelowerbowndonthenumkterof nodesthatneedo becontactd. Tocompte
thelowerbouwnd, we sortthenodesaccordng to the numtler of relevart docunentsthey
store(assumig globd knowledgeof the human rankng) andthenwe plot the lowest
numter of nocesneeadto getk relevart docunents(for 100%precision) Note that
thelower boundis differert thanthe nunterof peerscontatedby TFxIDF becausét
is basedon the provided hurmanrelevarce measurgwhich is binary), notthe TFxIDF
rankirg.

Again, we malke severalobserations.First, our adaptve stoppingheuristicis criti-
calfor increasingecallwith increasingt becausé causesnore nodego becontacted
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Fig. 2. Average (a) recall and (b) numbe of peess contactedas a functionof the communitysize
(k=20). Numberof peess contactedvs. k for (c) the MED collectiondistributedacross100pees
and (d) the AP89 collectiondistributed across400 pees. IPF Ad-k variable N is TFxIPF with
the adaptive stoppingheuristic.IPF Ad-k constantN is TFxIPF with a stoppingheuristic that
is only a functionof & and not of communitysize IDF W is TFXIDE IPF Ad.Wis TFxIPF with
the adaptivestoppingheuristic. IPF Ad.U is TFxIPF with the adapive stoppingheuristic. IPF
First-kis TFxIPF that stopsimmediatelyafter first & documentshavebeenretrieved.Bestis the
minimumnumberof nodeghatmustbe contadedto retrieve k relevantdocumentsAll theseplots
usea Weihull distribution of documetis exceptfor IPF Ad.U, which usesa uniformdistribution.

In fact,to matchTFxIDF's performarce, PlanetPhasto contactmore peersthan TFx-
IDF atlargek’s. Thisis becaus®lanetFhaslessinformationthanassumedor TFxIDF,
andsomay contactpees thatdort have highly ranked docunents.On the otherhand
simply stoppingassoonaswe haveretrievedk potentiallyrelevant docunentgives very
little growth in the numkber of pees cortacted.As aresult,it contactsmary lesspeers
thanthelower boundimposedby therelevarcejudgnents. This helps to explainthere-
call andprecisionfor thevariousalgorithns shavn earlier Secongdbeyond a certaink,
50for MED and150for TREC, PlanetPstartsto contactsignificantlymorepees than
TFxIDF. At correspading k’s, PlanetPs recallimprovesrelative to TFxIDF: PlanetP
outpeforms TFxIDF slightly for MED andbeconesessentiallyequa to TFxIDF. This
impliesthateitherequationd is too stronglydepemlenton & or thattherelationshipis
notlinear We arecurrenly working to refineour stoppingheuristicto seewhethemve



canreducehenumber of peerscontactedtlarge k£ without degradng perfamancetoo
much.Third, PlanetPhasto work muchharcer under the uniform distribution because
relevart doaumentsarespreadutthroughait thecomrmunity. Thus, actualobseretions
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 studiedT FxIDF 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 searchwvhendocumentsaremorespreadout. It helpsPlanetP
to contractits searchwhenthe docunentsaremoreconceirated.

Finally, we studythe effed of makirg our adapive stoppingheuistic a function of
community size;Figure2b plotsthenumtlerof nodescontatedagainstomrunity size
for the AP89collectionfor TFxIPFwith anadaptie stoppirg heuistic thatadaptgo the
commuity sizeandonethatdoesnot. Previously, we sav thatadaptingto community
sizewasimportantto maintainaconstantecallascommunity sizeincreaseThisfigure
shavsthereasonif we do notadap to community size,the stoppirg heuistic throttles
thenunberof peerscontactedoo quickly. With increasingcommunity size ,thenumker
of nodescontated drops below thatof TExIDF, resultingin lower recallaspreviously
shown.

4.4 DoesPlanetP Retrieve Similar Documentsto TFxIDF?

We concluak ourstudyof PlanetPS searctandretrieval algaithm by consideing whether
the modified TFxIPF rule finds the samesetof relevart docunentsas TFxIDF. Com-
paringthe setsof resultsreturred, for the MED collection,by TFxIDF and TFxIPFat
recall levels betweenl4% 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 adaptation did not changehe essentialdeasbehird
TFxIDF'srankirg.

5 Reated Work

While currentP2PsystemssuchasNapster{16], Gnutella[11], andKaZaA [14] have
beentremendusly successfufor musicandvideo sharingcommunities, their search
engine have beenfrustratindy limited. Our goalfor PlanetPis to increasehe power
with which userscanlocateinformationin P2Pcomnunities. Also, we have focused
moretightly on text-basedinformation, which is more apprgriate for collectionsof
scientificdoauments)egd docunents,inventorydatabasestc.

In contrastto existing systemsrecentresearctefforts in P2Pseekto provide the
illusion of having aglobalhashtablesharedy all memlersof the comnunity. Frame-
workslik e Tapestryf27], Pastry[21], Chord[24] andCAN [18] usedifferent techniqies



to spreadkey, value)pairsacrosghe commuiity andto routequeriesfrom any mem-
berto wherethe datais stored.Thesesystemdliffer from PlanetPin two key design
decisionsFirst, in PlanetPwe explicitly decidedto replicatethe global directay ev-

erywhee usinggossipingwhichlimits PlanetPs scalability Theadantagyethatwe get,
however, is thatwe do not have to worry aboutwhathappensto partsof theglobd hash
tableif membes sign off abriptly from the community. Also, the entire comrunity

collabaateto spreadnformationabou whateachpeerhasto share jnsteadof putting

the puHishing burden entirely on the sharingpeer Secondwe have focusedon con-
tentsearchandretrieval, attemptingo provide a similar serviceto websearctengnes,
which nore of thesesystemshave explored.

More relatedto PlanetPs informationretrieval goals,Cori [4] andGloss[12] ad-
dressthe prodemsof databasaelectionandranking fusionon distributedcollections.
Recentstudiesdoneby Frenchet al. [9] shav that both scalewell to 900 nodes.Al-
thoudh they arebasedndifferert ranking techniqies thetwo rely onsimilar collection
statistics.In both caseghe amouwnt of informationusedto rank nodesis significantly
smallerthanhaving a globd invettedindex. Glossneed only 2% of the spaceusedby
a globalindex. Both Glossand Cori assumehe existenceof a sener (or a hierachy
of seners)thatwill be available for usersto decidewnhich collectionsto contact.In
PlanetPwe wantto empaver peersto work autonanouslyandtherefae we distribute
Bloom filters widely sothey cananswergqueriesevenon the presencef network and
nodefailures.

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 conter searchandretrieval in P2Pcommunities,we have apprximated
a state-ofthe-arttext-baseddocumentrankirg algorithm the vecta-spacemockl, in-
stantiatedvith the TFxIDF ranking rule,in PlanetPA naiveimplemenationof TFxIDF
would requile eachpeerin acommunity to have accesdgo theinvertedindex of theen-
tire community. Insteadwe shav how TFxIDF canbe appoximatedgivena compact
summarytheBloomfilter) of eachpeersinvertedindex. We make threecontributions:
(a)we show how the TFxIDF rule canbeadapedto usethesummarie®f individualin-
dexes, (b) we provide a heuistic for adapively determiting the setof peerghatshoud
be contactedor a quey, and(c) we have shavn that our algorithm tracks TFxIDF's
perfamancevely closely regadlessof how docunentsaredistributedthroughou the
community. Finally, our algorithm preseresthe main flavor of TFxIDF by retuning
muchthe samesetof docunentsfor a particdar quey. Our resultsprovide eviderce



thatdistributedcontent searchandretrieval in P2Pcommunitiescanperfom aswell as
searchandretrieval algoithmsbasedntheuseof centralizel seners.

Appendix A - PlanetP’s memory usage

In this apperix, we presenhow we estimatedhe amount of memay neeeédby 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 commnunity canbe summarizd with 4.6MB of memoy. Becausenodesex-
chang filters in compessedorm, the bandvidth requred by a single nock to gatter
theremainirg 999filters will be 3.3MB.

Table 2 shaws the resultsobtaired for different community sizesusingthe same
calculatiors aspresente@dbove.

[No. peersiMemory used (MB)]% of collection size|

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.
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