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Abstract

We consider theproblemof contentsearch andretrieval in
peer-to-peer(P2P) communities. P2P computing is a po-
tentially powerfulmodelfor informationsharingbetween
ad hoc groups of users because of its low cost of entry
and natural model for resource scaling with community
size. As P2P communitiesgrow in size, however, locating
information distributed across the large number of peers
becomesproblematic. We presenta distributedtext-based
contentsearch andretrieval algorithm to addressthisprob-
lem.Our algorithm is basedona state-of-the-art text-based
documentrankingalgorithm: the vector-spacemodel, in-
stantiatedwith the TFxIDF ranking rule. A naive appli-
cation of TFxIDF would require each peer in a commu-
nity to collect an invertedindex of the entire community.
This is costlyboth in termsof bandwidth andstorage. In-
stead,we showhow TFxIDF can be approximated given
compact summariesof peers’ local invertedindexes. We
make three contributions: (a) we showhow the TFxIDF
rule canbeadaptedto usetheindex summaries,(b) wepro-
videa heuristicfor adaptively determiningthesetof peers
that shouldbecontactedfor a query, and(c) weshowthat
our algorithm tracks TFxIDF’s performancevery closely,
regardlessof howdocumentsaredistributedthroughout the
community. Furthermore, our algorithmpreservesthemain
flavor of TFxIDF byretrievingcloseto thesamesetof doc-
uments for anygivenquery.

1 Intr oduction

We consider the problem of content searchand retrieval
in peer-to-peer (P2P) communities. In the P2P comput-
ing model, eachmemberin a community can contribute�
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resourcesto the community and can establishdirect con-
nections with any other memberto accesscommunal re-
sourcesor to carryout somecommunal activity [20]. P2P
computing is a potentiallypowerful model for information
sharingbetweenad hoc group of usersbecauseof its low
costof entry andexplicit model for resource scalingwith
community size:any two userswishingto interactcanform
a P2Pcommunity. As individualsjoin thecommunity, they
will bring resourceswith them,allowing thecommunity to
grow naturally. P2Psystemscanscaleto very large sizesif
enough membersjoin the community [17]. Measurements
of one such community at Rutgers—agroup of students
havesetupafile-sharing community connectedby thedorm
network—show over 500userssharingover 6TB of data.

A number of open problems must be addressed,how-
ever, beforethe potential of P2P computing can be real-
ized. Contentsearchandretrieval is onesuchopenprob-
lem. Currently, existing communities employ either cen-
tralized directory servers [18] or various flooding algo-
rithms [11, 5, 29] for object locationwhengiven a name.
Neitherprovidesa viableframework for content searchand
retrieval. On the onehand, a centralized server presentsa
singlepoint of failure andlimits scalability. On the other
hand, while floodingtechniquescanin theoryallow for ar-
bitrary content searches[19], in practice, typically only a
namesearch,perhaps together with a limited numberof at-
tributes,is performed. Furthermore, flooding canbe very
expensive yet provide only limited power for locatingrel-
evant information(becausequeries canonly be flooded to
a portionof thecommunity with little informationto guide
pruning). Thesetechniques currently rely on heavy repli-
cationof popular items for successfulsearches.More re-
cent works studying how to scaleP2Pcommunities have
put forth moreefficientandreliabledistributedmethods for
name-basedobject location[17, 26, 23]. The focus, how-
ever, hasremained on name-basedobjectlocationbecause
theseefforts were intended to support P2P file systems,
wherethereis a natural modelfor acquiring names.
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As theamount of storageperperson/deviceis rapidly grow-
ing, however, informationmanagement is becoming more
difficult underthe traditional file systemhierarchicalname
space[10]. Thesuccessof Internet searchenginesis strong
evidencethat content searchand retrieval is an intuitive
paradigmthatuserscanleverageto manageandaccesslarge
volumes of information. As anecdotal evidence, a num-
ber of individuals in our researchgroup useGoogle much
more often thanbookmarks, which providesa hierarchical
namespace. Theseindividuals even dependon Googleto
relocate pagesthatareusedalmostdaily.

While P2P groups will not grow to the size of the web,
with theexplodingsizeanddecreasingcostof storage,even
small groups will sharea large amount of data. Thus,we
aremotivatedto explore a content searchandretrieval en-
gine that provides a similar information accessparadigm
to Internet searchengines. In particular, we presenta dis-
tributedtext-basedranking algorithmfor content searchand
retrieval in the specific context of PlanetP, an infrastruc-
turethatwe arebuilding to easethetaskof developing P2P
information-sharingapplications.

Currently, PlanetP[6] providesa framework for adhocsets
of usersto easilysetupP2Pinformationsharingcommuni-
tieswithout requiring support from any centralized server1.
PlanetPsupports theindexing, searching andretrieval of in-
formation spreadacrossa dynamic community of agents,
possiblyrunningonasetof heterogeneousdevices.Theba-
sic ideain PlanetPis for eachcommunitymember to create
aninverted(word-to-document) index of thedocumentsthat
it wishesto share,summarize this index in a compactform,
anddiffuse the summarythroughout the community. Us-
ing thesesummaries,any membercanqueryagainstandre-
trievematchinginformationfrom thecollectiveinformation
storeof thecommunity. (We provide anoverview of Plan-
etPanddiscussthe advantagesof its underlying approach
for P2Pinformation-sharingin Section2.)

Thus, theproblemthatwe focuson is how to perform text-
basedcontentsearchand retrieval using the index sum-
mariesthat PlanetPuses.We have adopted a vectorspace
ranking model, usingthe TFxIDF algorithmsuggestedby
Saltonet al. [24], becauseit is oneof the currently most
successfultext-basedranking algorithm [28].

In a vectorspaceranking model, eachdocumentandquery
is abstractlyrepresentedasa vector, whereeachdimension
is associatedwith a distinctword. Thevalueof eachcom-
ponentof thevector represents theimportanceof thatword
(typically referredto astheweightof theword) to thatdoc-
ument or query. Given a query, we compute the relevance
of a documentto that queryassomefunctionof the angle

1Wesay“currently” becausewe areactively working to extendPlanetP
to bea general framework for building P2Papplications,not just informa-
tion sharing.

betweenthetwo vectors.

TFxIDF is a popular methodfor assigningterm weights
under the vector spacerankingmodel. The basicideabe-
hind TFxIDF is that by using somecombination of term
frequency (TF) in adocumentwith theinverseof how often
that term shows up in documentsin the collection (IDF),
we canbalance: (a) thefactthat termsfrequently usedin a
documentarelikely important to describeits meaning, and
(b) termsthatappear in many documentsin a collectionare
notuseful for differentiatingbetweenthesedocumentsfor a
particular query.

A naive applicationof TFxIDF would requireeachpeerin
a community to have accessto theinvertedindex of theen-
tire community (in orderto compute thesimilarity between
the queryandall documentsandprovide a ranking). This
is costly both in termsof bandwidth andstorage.Instead,
weshow how TFxIDF canbeapproximatedgivenPlanetP’s
compactsummariesof peers’inverted indexes;we call the
resultingalgorithm TFxIPF. While we presentTFxIPF in
thespecificcontext of PlanetP, it shouldbegenerally appli-
cableto any framework that maintainssomeapproximate
informationabout theglobalindex at eachpeer.

We make threecontributions:

1. we show how theTFxIDF rule canbeadaptedto rank
the peersin the orderof their likelihood to have rel-
evant documents,as well as rank the retrieved docu-
mentsin theabsence of completeglobalinformation;

2. we provide a heuristic for adaptively determining the
setof peersthatshouldbecontactedfor a query; and

3. usingfive benchmark collectionsfrom Smart[3] and
TREC [14], we show that our algorithm matches
TFxIDF’s performance, despitethe accuracy that it
givesup by usinga muchmore compact summary of
the individual inverted indexes(rather thancollecting
theinvertedindex for theentirecommunalinformation
store).Furthermore,our algorithm preservesthemain
flavor of TFxIDF, returning closeto the samesetsof
documentsfor particular queries.

PlanetPtradessome bandwidth for good searchperfor-
mance. Using our heuristics, PlanetPnearly matches the
searchperformance(we will define performance metrics
more preciselylater in Section4) of TFxIDF but, on av-
erage,will contact 20–40% more peersthan if the entire
inverted index was kept at eachpeer(40% only whenwe
average over runs wherewe assumethat usersarewilling
to sortthrough a very largenumberof retrieved documents
to find whathe is looking for. Furthermore,thenumberof
peerscontactedunder PlanetPis directedby a heuristicthat
canlikely befurther tunedfor betterperformance.)
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Finally, we addressour decisionto explore/implement a
text-basedcontent searchand retrieval algorithm. One
might ask,aren’t mostP2Pcommunities currently sharing
non-text filessuchasmusicandmovies?Yes.However, this
is not the only informationthat could or should be shared
by P2Pcommunities.Onecanimaginecompaniesforming
P2Pcommunitiesto sharedatabasesof (largely) text docu-
mentssuchasrepositories of scientificpapers,legal docu-
ments,etc.Onecanimagineafantasysportleaguecommu-
nity thatsharesa largecollectionof playerandteaminfor-
mationandstatistics.More concretely, our researchgroup
is one information sharingcommunity that would benefit
from PlanetP;we currently usea centralizedapproachto
sharea large repository of researchdocuments. This ap-
proach is not very satisfyingfor various reasons that we
will not elaborate herebut that we believe canbe at least
partially addressedundera decentralized control scheme.
Even for non-text data(which we currently do not know
how to search),thereis often associatedtext datasuchas
movie reviews that can be usedeffectively for text-based
contentsearchandretrieval.

2 PlanetP: Overview

As already mentioned, PlanetP supports the indexing,
searching andretrieval of informationspreadacrossa dy-
namiccommunity of agents (peers), possiblyrunning on a
setof heterogeneous devices.This sectionbriefly discusses
relevantfeaturesanddesign/implementation detailsof Plan-
etP to provide context for the rest of the paper. Figure 1
summarizesthecomponentsof PlanetP.

Thebasicdatablock in PlanetPis anXML snippet.These
snippets containtext, from whichwe extracttermsto bein-
dexed2, andpossiblylinks (XPointers) to externalfiles. To
shareanXML document, the userpublishes thedocument
to PlanetP, whichindexesthedocumentandstoresacopy of
it in a local datastore.To sharea non-XML document,the
userpublishesanXML snippetthatcontainsapointerto the
file andpossiblyadditional description of thefile. PlanetP
indexesthe XML snippet andthe external file if it is of a
known type(e.g.,PDF, Postscript,text, etc.).Also, PlanetP
storesthe XML snippetin the local datastorebut not the
external file itself.

PlanetPusesa Bloom filter [1] to summarizethe index of
eachpeer. Briefly, a Bloom filter is anarrayof bits usedto
representsomeset

�
—in this case,

�
is thesetof wordsin

thepeer’s invertedindex. Thefilter is computedby obtain-
ing � indicesfor eachmember of

�
, typically via � differ-

enthashing functions,andsettingthebit at eachindex to 1.

2Currently, we donot make useof thestructureprovided by XML tags.
We planto extend PlanetP to make useof this structurein thenear future.
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Figure 1. A PlanetPcommunity is comprised of a
dynamicsetof peers connectedby a networksuch as
theInternet. Each peerhasa local storeof XML doc-
umentsthat it wishesto share with the community.
Peers usea gossiping algorithm to help each other
maintaina directoryof currentlyactivepeers aswell
as a setof Bloomfilters summarizingthe content of
peers’ local stores.

Then, givena Bloom filter, we canask,is someelement K
a member of

�
by computing � indicesfor K andchecking

whetherthosebits are1.

Once a peer has computed its Bloom filter, it diffuses
it throughout the community by using a gossipingalgo-
rithm [6] that is a combination of Harchol-Balter et al.’s
namedropper algorithm [13] and Demerset al.’s rumor
mongeringalgorithm [7]. (This algorithmis also usedto
maintaina directory of peerscurrently on-line.) Eachpeer
canthenqueryfor communal content by querying against
theBloom filters that it hascollected. For example, a peerL canlook for all documentscontaining the word car. It
doesthis by testing for car in eachof the Bloom filter.
Suppose that this resultsin “hits” in the Bloom filters of
peersMON andMQP . L thencontactsMON andMRP to seewhether
they indeed have documentscontainingtheword car; note
that thesepeersmay not have any suchdocumentssincea
Bloom filter can give false positives. On the otherhand,
this set of peersis guaranteedto be complete—that is, it
is guaranteedthatno peerotherthan MSN and MRP canhave a
documentcontaining the word car—becauseBloom filters
cannever give falsenegatives.

Our approachof diffusing index-summaries using Bloom
filters hasa number of advantages,the mostsignificant of
which are:

T As shall be seen,the collection of Bloom filters al-
lows eachpeerto efficiently approximatethe inverted
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index of the entire community. This allows us to
implement a ranking algorithm that depends on hav-
ing global knowledge,which is eithernot possibleor
likely to bemuchmorecostlyundercurrent P2Psys-
tems[26, 23, 17].T TheBloom filter is an efficient summary mechanism,
minimizing therequiredbandwidth andstorageateach
node. Onappendix A weshow thatPlanetPneedsonly
1%of thetotaldataindexedto summarize thecommu-
nity’s content.T Peerscanindependentlytrade-off accuracy for storage.
For example, a peer U maychooseto combine thefil-
tersof several peersto save space;thetrade-off is thatU mustnow contactthis setof peerswhenever a query
hits on this combined filter. This ability for indepen-
dentlytradingaccuracy for storageis particularlyuse-
ful for peersrunning on memory-constraineddevices
(e.g., hand-helddevices).T Sincethegossipedinformationis maintainedat every
peerin the community, PlanetPis extremely resistant
to denial-of-serviceattacks.

The main disadvantage of using a diffusion approach is
that new or rapidly changing information spreads slowly,
asdiffusion is necessarilyspreadoutover time to minimize
spikesin communicationbandwidth. To addressthis prob-
lem, peersin PlanetPalso implement an information bro-
kerage servicethat usesconsistenthashing [15] to publish
andlocateinformation. This secondindexing servicesup-
ports thetimely locationof new information,aswell asthe
exchangeof informationbetweensubsetsof peerswithout
involving the entire community (this is similar to the ap-
proachtakenby Stoicaet al. [26]). We will not discussthis
feature further, however, sinceit doesnot impactthe work
we will presentin this paper.

Using simulation,we have shown that PlanetPcan easily
scaleto community sizesof several thousands. For exam-
ple,usinga gossipingrateof oncepersecond3, PlanetPcan
propagatea Bloom filter containing 1000 termsin lessthan
40 secondsfor a community with 1000peers.This spread
of informationrequiresanaverageof 24KB/sperpeer. For
communitiesconnectedby low bandwidth links, we canre-
duce thegossiping rate:reducing thegossipingrateto once
every 30 seconds would require 9 minutesto diffusea new
Bloomfilter, requiring anaverage of 2KB/s bandwidth. We
havevalidatedoursimulationfor communitiesof up to 200
peers ona clusterof PCsconnectedby a 100Mb/sEthernet
LAN.

3Whenthereis no new information to gossip,PlanetP dynamically re-
ducesthis gossipingrateover time to once-per-minute.

3 Distrib uted Content Search and Retrieval
in PlanetP

The main problem that we areaddressingin this paperis
how to searchfor andretrievedocumentsrelevantto aquery
posedby somememberof a PlanetPcommunity. Given a
collectionof text documents,theproblem of retrieving the
subsetthatis relevant to a particularquery hasbeenstudied
extensively (e.g.,[24, 22]). Currently, oneof themostsuc-
cessfultechniquesfor addressingthis problemis thevector
spaceranking model[24]. Thus,we decidedto adaptthis
techniquefor usein PlanetP. In this section,we first briefly
provide somebackground on vectorspacebaseddocument
ranking, thenwe presentour heuristicsto adaptthis tech-
nique to PlanetP’s environment.

3.1 Vector Space Ranking

In a vector spaceranking model, eachdocumentandquery
is abstractlyrepresentedasa vector, whereeachdimension
is associatedwith a distinct term (word); the spacewould
have V dimensions if therewere V possibledistinct terms.
The valueof eachcomponentof the vectorrepresents the
importanceof thatword (typically referredto astheweight
of theword)to thatdocumentor query. Then, givenaquery,
we rank the relevanceof documentsto that queryby mea-
suringthe similarity betweenthe query’s vector andeach
of thecandidatedocument’s vector. Thesimilarity between
two vectors is generally measured asthecosineof theangle
betweenthem,computableusingthefollowing equation:

WYX L[Z>\^]6_a`Ybdcfe5g>hji hlk enm ipo k eq r \ r m r _ r (1)

wherei hlk e represents theweightof term s for query \ andipo k e the weight of term s for document _ . Observe thatWtX LuZE\j]6_v`nbxw meansthat _ doesnot have any termthat
is in \ . A

WtX LuZE\j]6_v`yb N , on theotherhand, meansthat_ hasevery term that is in \ . Typically, the denominator
of equation 1 is droppedfor simplicity.

A popular method for assigningterm weights is calledthe
TFxIDF rule. ThebasicideabehindTFxIDF is thatby us-
ing somecombination of term frequency (TF) in a docu-
mentwith the inverseof how often that term shows up in
documentsin thecollection(IDF), we canbalance:(a) the
factthattermsfrequently usedin a documentarelikely im-
portant to describe its meaning, and(b) termsthatappearin
many documentsin a collectionarenot usefulfor differen-
tiating betweenthesedocumentsfor a particularquery. For
example,if welook atacollectionof paperspublished in an
Operating Systemsconference,we will find that the terms
Operating Systemappears in every documentandtherefore
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cannot be usedto differentiatebetweenthe relevance of
thesedocuments.

Existing literatureincludesseveral ways of implementing
theTFxIDF rule [24]. In our work, we adopt thefollowing
systemof equationsassuggestedby Witten et al. [28]:z _|{ e b~}+�J�GZ N����|��� e `i o k e b Nn� }.�C�QZ � o k e `i hlk e b z _a{ e
where � is the number of documentsin the collection, � e
is thenumber of timesthatterm s appearsin thecollection,
and � o k e is thenumberof timesterm s appearsin document_ .

If we simply drop thenormalizingdenominatorfrom equa-
tion 1, then long documentswill be erroneously ranked
higher thanshortdocumentsbecausethey havehigherterm
weights(becauseof highertermfrequencies).Thereforeit
is customaryto substitutethis simpler normalizationfac-
tor

r _ r b�� number of termsin documentD. Theresulting
similarity measure is

WYX L[Z>\^]6_a`lb c e5g>hjipo k enm z _|{ er _ r (2)

Givenacollectionof documents,current searchenginesim-
plement this ranking algorithm by constructing aninverted
index over the collection[28]. This index associatesa list
of documentswith eachterm, the weight of the term for
eachdocument, andthe positions wherethe termsappear.
Further, information like the inversedocument frequency
(IDF) and other usefulstatisticsare also addedto the in-
dex to speedup query processing. An engine canthenuse
this invertedindex to quickly determine thesubsetof docu-
mentsthatcontainoneor moretermsin somequery \ , and
to compute thevectorsneededfor equation 2. Then, theen-
ginecanrankthedocumentsaccordingto theirsimilarity to
thequery andpresenttheresultsto theuser.

3.2 Indexing and Searching in PlanetP

Recall that in PlanetP, a member of the community only
distributesa summary of its inverted index usinga Bloom
filter, not theinvertedindex itself. Thus, we cannot usethe
above TFxIDF ruledirectlyandsothechallenge is to adapt
this algorithm to the informationavailableat eachpeerin
PlanetP. Ouradaptedalgorithmworksasfollows. We break
the relevancerankingproblem into two sub-problems: (1)
ranking peers according to thelikelihoodof eachpeerhav-
ing documentsrelevant to the query, and (2) decidingon
the number of peers to contact andranking the documents
returnedby thesepeers.

The noderanking problem. We applythesameideabe-
hind TFxIDF to rank peers. In particular, we introducea
measurecalledthe inversepeerfrequency (IPF).For a terms , IPFe is computedas }.�C�GZ N����^��� e ` , where� is number
of peersin the community and � e is the number of peers
that have oneor more documentswith term s in it. Simi-
lar to IDF, the ideabehind this metric is thata termthat is
presentin theindex of every peeris not usefulfor differen-
tiating betweenthe peersfor a particularquery. Note that
IPF canconveniently be computed usingthe Bloom filters
collectedateachpeer: � is thenumberof Bloomfilters, � e
is thenumber of hits for term s againsttheseBloom filters.

Giventheabove definition of IPF, we thenproposethefol-
lowing relevancemeasurefor ranking peers:

��� Z>\�`lb �e5g>hO�Ie5g>�O�J� IPF e (3)

which is simply a weightedsumover all termsin thequery
of whethera peercontains thatterm,weightedby how use-
ful thattermis to differentiatebetweenpeers.s is a term, \
is thequery, and � { � is thesetof termsrepresentedby the
Bloom filter of peer

X
, and

� �
is the resultingrelevance of

peer
X

to query \ . Intuitively, this schemegivespeersthat
containall termsin a querythehighestranking. Peersthat
containdifferent subsetsof termsareranked according to
the power of thesetermsfor differentiatingbetweenpeers
with potentiallyrelevant documents.

The selectionproblem. As communitiesgrow in size,it
is neitherfeasiblenor desirableto contacta largesubsetof
peersfor eachquery. Thus,oncewe have establisheda rel-
evance ordering of peersfor a query, we mustthendecide
how many of themto contact.To addressthis problem, we
first assumethat the userspecifiesan upper limit V on the
number of documentsthat shouldbe returned in response
to a query. Then, a simplesolutionto the selectionprob-
lem would beto contact thepeers oneby one,in theorder
of their relevance ranking, until we have retrieved V docu-
ments.

As shall be seenin Section4, however, this obvious ap-
proachleadsto terribleperformanceasmeasured by theper-
centageof relevant documentsreturned. Thereasonbehind
this poor performance is that, whena peeris contacted,it
mayreturnsay L documents.In mostcases,not all L re-
turned documentsarehighly relevantto thequery. Thus,by
stopping immediatelyonce we haveretrieved V documents,
a largesubsetof theretrieved documentsmayhavevery lit-
tle relevanceto the query. To illustratethis problem more
concretely, let us assumethat thereare 5 candidatepeers
andthat the useris willing to acceptup to 10 documents.
Eachof the peersstores2 highly ranked documentsand8
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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
CISI 76 1460 84957 2.4
AP89 97 84678 129603 266.0

Table 1. Characteristicof thecollectionsusedto evaluatePlanetP search andretrieval capabilities.

documentswith low rankings. If we contactall 5 peers,
we will collect50 documents,and,hopefully afterranking
them,we will return to the useronly the 10 highly ranked
ones. Ontheotherhand, if weallow PlanetPto stopsearch-
ing assoonas10 relateddocumentshave beenobtained, it
will only contact onenodeandit will returnonly 2 highly
rankeddocumentsand8 thatareof low relevance.

To addressthis problem,weintroducethefollowing heuris-
tic for adaptively determining astoppingpoint. Givenarel-
evanceordering of peers,contactthemone-by-onefrom top
to bottom.Maintaina relevanceordering of thedocuments
returnedusing

WYX L[Z>\^]6_a`Ybdcfe5g>hji o k e m IPF er _ r (4)

Stopcontacting peerswhenthedocumentsreturned by ase-
quenceof M peers fail to contributeto thetop V rankeddoc-
uments. Intuitively, theideais to getaninitial setof V docu-
mentsandthenkeepcontacting nodesonly if thechanceof
thembeingableto providedocumentsthatcontributeto the
top V is relatively high. Usingexperimentalresultsfrom a
numberof known documentcollections(seeSection4), we
proposethefollowing function for M

M b�� Py� �� wJwQ� ��P � V� wQ� (5)

where� is thesizeof thecommunity.

This linear function on community size and V gives a M
thatrangesbetween2 and9 for communitiesof up to 1000
nodesand V of up to 140documents.

4 Evaluating PlanetP’s Search Heuristics

We now turn to assessingthe performance of TFxIPF to-
gether with our adaptive stoppingheuristic asimplemented
in PlanetP. We measureperformanceusing two accepted
metrics,recall (

�
) andprecision( � ), which aredefinedas

follows:

� Z>\�`lb no. relevant docs.presented to theuser
total no. relevantdocs.in collection

(6)

� Z>\�`lb no. relevant docs.presentedto theuser
total no. docs.presentedto theuser

(7)

where \ is the query postedby the user.
� Z>\�` captures

thefractionof relevantdocumentsa searchandretrieval al-
gorithm is ableidentify andpresentto the user. � ZE\�` de-
scribeshow muchirrelevant materialthe usermayhave to
look through to find therelevant material.

Ideally, onewouldliketo retrieveall therelevant documents
andnot a single irrelevant one. If we did this, we would
obtaina 100% recall and100%precision. Unfortunately,
none of thecurrent ranking schemesis ableto achieve this
performancewhenassessedagainstanumberof benchmark
collectionsandqueries,wherehumanshavemanually deter-
minedthesetof documentsrelevant to eachquery. Current
algorithmsprovide a tradeoff between

�
and � : in orderto

find morerelevant documents,the usermustbe willing to
look through increasingamount of irrelevant material.

We assessthe performanceof PlanetPby comparing its
achieved recall andprecisionagainstthe original TFxIDF
algorithm. If wecanmatchtheTFxIDF’sperformance,then
we can be confident that PlanetPprovides state-of-the-art
searchandretrieval capabilities4, despitetheaccuracy that
it givesup by gossiping Bloom filters ratherthantheentire
invertedindex.

Finally, in addition to recall andprecision, we alsoexam-
ine theaveragenumber of peersthatmustbecontactedper
query under PlanetP. Ideally, we would want to contactas
few peersaspossibleto minimizeresourceusageperquery.
We studythe number of peersthat mustbe contactedasa
function of thenumber of documentstheuseris willing to
view andthesizeof thecommunity.

4whenonly usingthetextual contentof documents,ascomparedto link
analysisasis doneby Googleandotherwebsearchengines[2]
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Collection Query

AP89 <top>
<head>TipsterTopic Description
<num>Number: 065
<dom>Domain:ScienceandTechnology
<title> Topic: InformationRetrieval Systems
<desc>Description:
Document will identify a typeof informationretrieval system.
<smry>Summary:
A relevant documentwill identify a new informationretrieval system,identify thecompany or person
marketingthesystem,andidentify someof thecharacteristicsof thesystem.
<narr>Narrative:
A relevant documentwill identify aninformationretrieval system,identify thecompany or person
marketingthesystem,andidentify someof thecharacteristicsof thesystem.
<con>Concept(s):
1. informationretrieval system
2. storage,database,data,query
<fac>Factor(s):
<def>Definition(s):
</top>

MED .I 8
.W
theeffectsof drugsonthebone marrow of manandanimals,specificallytheeffectof pesticides.
also,thesignificance of bonemarrow changes.

Table 2. Samplequeriesfor theAP89andMED collections. Notethat for theAP89query, weonly usethekeywords
in the<con> section.

4.1 Experimental Envir onment

We use five collections of documents (and associated
queriesandhumanrelevanceranking) to measurePlanetP’s
performance; Table 1 presents the main characteristicsof
thesecollections. Four of the collections,CACM, MED,
CRAN, and CISI were previously collectedand usedby
Buckley to evaluateSmart[3]. Thesecollectionsarecom-
prisedof small fragmentsof text andsummariesandsoare
relatively small in size. Thelast collection, AP89,wasex-
tractedfrom theTRECcollection[14] andincludesfull ar-
ticles from AssociatedPresspublishedin 1989. Table 2
shows anexample query from eachof theMED andAP89
collections.

To measurePlanetP’s recallandprecisionontheabovecol-
lections,webuilt asimulatorthatfirst distributesdocuments
acrossa setof virtual peersandthenruns andevaluatesdif-
ferent searchandretrieval algorithms. To comparePlanetP
with TFxIDF, we assumethe following optimistic imple-
mentation of TFxIDF: eachpeerin thecommunity hasthe
full inverted index andword count needed to run TFxIDF
usingranking equation 2. For eachquery, TFxIDF would
computethetop V ranking documentsandthencontact the

exact peersrequired to retrieve thesedocuments. In both
cases,TFxIDF andTFxIPF, the simulatorwill pre-process
thetracesby doingstopword removal andstemming. The
former tries to eliminatefrequently usedwords like "the",
"of", etc.andthesecondtriesto conflatewordsto their root
(e.g."running" becomes"run").

We studyPlanetP’s performanceunder two differentdistri-
butions of documentsamong peers in the community: (a)
uniform, and(b) Weibull. The motivation for studyingthe
uniform distribution of documentsamong a setof peersis
that it presentsthe worst casefor a distributedsearchand
retrieval algorithm. Thedocumentsrelevant to a query are
likelyspreadacrossalargenumberof peers.Thedistributed
searchalgorithm mustfind all thesepeersandcontactthem.

The motivation for studyinga Weibull distribution arises
from measurements of current P2Pfile-sharingcommuni-
ties.For example, Saroiuetal. foundthat7%of theusersin
theGnutellacommunity sharemorefilesthanall therestto-
gether[25]. We havealsostudieda community thatmaybe
representative of future communities basedon PlanetP. In
particular, studentswith accessto the Rutgers’s dormitory
network have createda file-sharingcommunity comprised
of more than 500 users,sharingmore than 6TB of data.
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Figure 2. Numberof filessharedbyeach useronthe
Rutgers dormnetwork.Theusers are sortedaccord-
ing to theamount of filesthey share.

They usea softwarepackagecalledDirect Connect [8] that
resembles an IRC chat channel. The Direct Connecthub
maintains a list of online usersand usesa robot to crawl
eachuser’s directory structure. Informationaboutthe files
sharedis maintainedat the hub andcanbe queriedby the
users.

Studying this community, we observed a datadistribution
thatis very similar to thatfound by Saroiuet al. In particu-
lar, wefoundthataround 9%of theusersareresponsible for
providing themajorityof thefiles in thecommunity. Figure
2 shows thenumberof files sharedby every userobserved
during oneglobal snapshotof thecommunity. Wefittedthis
datato a Weibull distribution andusedthis theoretical dis-
tribution with theextractedparameters ( � b w¢¡�£ , ¤ b¦¥J§ )
to drive the partitioning of a collectionamong a simulated
community.

Finally, unlessnotedotherwise,we will usetheSmartcol-
lectionsoncommunitiesof 100nodesandtheAP89collec-
tion on communitiesof 400nodesto account for thediffer-
encein their sizes.

4.2 Search and Retrieval

To evaluatePlanetP’s searchandretrieval performance, we
assumethatwhenpostingaquery, theuseralsoprovidesthe
parameter V , which is themaximum number of documents
that he is willing to acceptin answerto a query. Figure 3
plots TFxIDF’s andPlanetP’s averagerecall andprecision
overall providedqueriesasfunctionsof V for theMED and
AP89 collections, respectively. We only show resultsfor
the MED collection insteadof all four Smart collections
to save space. Resultsfor the MED collection is repre-
sentative of all four. We refer the readerto our web site,
http://www.panic-lab.rutgers.edu/,for resultsfor all collec-
tions.

We makeseveralobservations.First,usingTFxIPFandour
adaptivestopping condition, PlanetPtrackstheperformance
of TFxIDF closely. For the AP89 collection,PlanetPper-
forms slightly worsethanTFxIDF for V©¨ªN � w but catches
up for larger V ’s. For the MED collection,PlanetPgives
nearlyidenticalrecall andprecision to TFxIDF. In fact, at
large V , TFxIPF slightly outperforms TFxIDF. While the
performancedifferenceis negligible, it is interestingto con-
siderhow TFxIPFcanoutperform TFxIDF; this is possible
sinceTFxIDF is not alwayscorrect. In this case,TFxIPFis
findinglowerrankeddocumentsthatweredeterminedto be
relevant to queries,while someof thehighly ranked docu-
mentsreturnedby TFxIDF, but not TFxIPF, werenot rele-
vant.

Second, PlanetP’s adaptive stoppingheuristic is critical to
performance. If we simply stoppedretrieving documents
as soonas we have gotten V documents,recall andpreci-
sion would be muchworsethanTFxIDF, asshown by the
IPF First-k curves. Finally, asexpected, as V increases,re-
call improvesat theexpenseof precision, although for both
collections, precisionwasstill relatively high for large V ’s
(e.g., at V b�¥Jw , precisionis about 40%andrecall is about
60%for theMED collection.)

Figure3 plottedtheperformanceof PlanetPagainst V for a
singlecommunity size: 100peersfor MED and400peers
for AP89. In Figure 4, we plot the recall when V is 20
against community sizeto studyPlanetP’s scalability. We
only show resultsfor theAP89collectionastheotherswere
toosmallto accommodateawiderangeof community sizes.
We show the performanceof TFxIPF with two variantsof
thestopping heuristic:onethat is a function of both V and� , thenumber of peers,andonethatis just a function of V .

We make two observations. First, PlanetP’s recall remains
constant evenwhenthe community sizechanges by anor-
derof magnitude,from 100to 1000 peers.Second, thefact
that our adaptive stopping heuristic is a function of both V
and community size is critical. When the adaptive stop-
ping heuristic only accounts for varying V , recall degrades
as community size grows. This is because the relevant
documentsbecomespreadout morethinly among peersas
the community sizeincrease.Thus,the stopping heuristic
shouldallow PlanetPto widenits searchby contacting more
peers.

4.3 Number of Peers Contacted

To betterunderstandthe effects of our adaptive stopping
heuristic, we presentin Figure5 thenumberof nodescon-
tactedwhen using TFxIDF andall variantsof TFxIPF as
well asthe lower bound on the number of nodes that need
to be contacted. To compute the lower bound, we sort the
nodesaccording to thenumber of relevantdocumentsthey
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Figure 3. Average(a) recalland(b) precisionfor theMED collectiondistributedamong100peers. Average(c) recall
and(d) precisionfor theAP89collectiondistributedamong 400peers. IDF is TFxIDF. IPF Ad.Wis TFxIPF with the
adaptive stopping heuristicon theWeibull distribution of documents.IPF Ad.Uis TFxIPF with theadaptivestopping
heuristicontheuniformdistributionof documents. IPF First-kis TFxIPFthatstopsimmediatelyafterfirst V documents
havebeenretrieved.
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Figure 4. Numberof relevant documents retrieved
as a functionof community sizewhen V is kept con-
stantat 20. IPF Ad-kvariableN is TFxIPF with the
adaptive stoppingheuristic. IPF Ad-k constant N is
TFxIPF with a stoppingheuristicthat is only a func-
tion of V and not of community size. All theseplots
where obtainedusinga Weibull distribution of docu-
mentsontheAP89collection.

store(assumingglobal knowledgeof the humanranking)
andthenwe plot thelowestnumber of nodesneededto getV relevant documents(for 100%precision). Note that the
lowerbound is differentthanthenumberof peerscontacted
by TFxIDF becauseit is basedontheprovidedhumanrele-
vancemeasure(which is binary), not theTFxIDF ranking.

Again, we make several observations. First, our adaptive
stopping heuristic is critical for increasingrecall with in-
creasingV becauseit causesmorenodesto becontacted. In
fact, to matchTFxIDF’s performance, PlanetPhasto con-
tact morepeersthanTFxIDF at large V ’s. This is because
PlanetPhaslessinformationthanassumedfor TFxIDF, and
so may contactpeers that don’ t have highly ranked docu-
ments. On the otherhand,simply stoppingassoonaswe
have retrieved V potentially relevant document gives very
little growth in thenumber of peerscontacted. As a result,
it contactsmany lesspeersthanthe lower bound imposed
by therelevancejudgments.This helpsto explain therecall
andprecisionfor thevarious algorithmsshown earlier. Sec-
ond, beyond a certain V , 50 for MED and150 for TREC,
PlanetPstartsto contactsignificantlymorepeersthanTFx-
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Figure 5. Numberof peers contactedwhenrequestingdifferent numbers of documentsfor (a) the MED collection
distributedacross100peers and(b) theAP89 collectiondistributedacross400peers. IDF W is TFxIDF. IPF Ad.Wis
TFxIPF with theadaptivestoppingheuristic.IPF Ad.Uis TFxIPFwith theadaptivestoppingheuristic.IPF First-k is
TFxIPF that stopsimmediatelyafter first V documentshavebeenretrieved.Bestis theminimumnumber of nodesthat
canbecontactedto retrieve V documents usingtherelevance judgments. All theseplotsusea Weibull distribution of
documentsexceptfor IPF Ad.U, which usesa uniformdistribution.

IDF. At corresponding V , PlanetP’s recall improvesrelative
to TFxIDF: PlanetPoutperformsTFxIDF slightly for MED
andbecomesessentiallyequal to TFxIDF. This impliesthat
eitherequation 5 is too strongly dependenton V or that the
relationship is not linear. We arecurrently working to re-
fine our stoppingheuristic to seewhetherwe can reduce
thenumberof peerscontactedat large V without degrading
performance too much. Third, PlanetPhasto work much
harder undertheuniform distributionbecauserelevant doc-
uments are spreadout throughout the community. Thus,
actualobservationsof Weibull-lik e distributions with shape
parametersof 0.7 actually work in favor of a distributed
searchandretrieval engine suchas PlanetP. Note that the
resultsfor PlanetPundertheuniform distribution is not di-
rectly comparable to thosefor TFxIDF becausewe only
studiedTFxIDF under theWeibull distribution; we did not
study TFxIDF under the uniform distribution because the
distribution doesnotchangeTFxIDF’srecallandprecision;
only the number of peerscontacted. Finally, our adaptive
stopping heuristicallowsPlanetPto work well regardlessof
thedistribution of relevant documents.It allows PlanetPto
widen its searchwhendocumentsaremorespreadout. It
helpsPlanetPto contractits searchwhenthedocumentsare
more concentrated.

Finally, we study the effect of making our adaptive stop-
ping heuristic a function of community size;Figure6 plots
thenumber of nodescontactedagainst community sizefor
the AP89 collectionfor TFxIPF with an adaptive stopping
heuristic that adapts to the community size and one that
does not. Previously, we saw that adapting to community
sizewasimportantto maintaina constantrecallascommu-
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Figure 6. Numberof peerscontactedasa functionof
thecommunity sizewhenV is keptconstantat 20. IPF
Ad-kvariableN is TFxIPFwith theadaptivestopping
heuristic.IPF Ad-kconstant N is TFxIPFwith a stop-
ping heuristicthat is only a function of V andnot of
communitysize. All theseplots where obtained us-
ing a Weibull distribution of documentson theAP89
collection.

nity sizeincrease.This figuresshows thereason:if we do
notadaptto community size,thestopping heuristic throttles
thenumberof peerscontactedtoo quickly. With increasing
community size,the number of nodescontacted drops be-
low thatof TFxIDF, resultingin lower recallaspreviously
shown.
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V Recall Overlap

5 14% 68%
10 26% 69%
15 36% 78%
20 44% 79%

Table 3. Amount of overlap on the documents re-
turnedby TFxIDF andTFxIPF whenaskingfor dif-
ferent amounts of results(recall levels). This results
where obtainedon theMED collection.

4.4 DoesPlanetP Retrieve Similar Documents to
TFxIDF?

We conclude our studyof PlanetP’s searchandretrieval al-
gorithm by considering whether the modifiedTFxIPF rule
finds the samesetof documentsasTFxIDF. Table3 gives
theaverage intersectionbetweenthesetsof relevant docu-
mentsreturnedby TFxIDF andthosereturnedby PlanetP
in responseto queriesagainsttheMED collection. We only
show theintersections for low recallbecauseat high recall,
by definition,theintersectionwill approach 100%.

We observe that evenat relatively low recall,10–40%, the
intersection is closeto 70%, indicatingthat TFxIPF finds
essentiallythe samesetof relevant documentsasTFxIDF.
Thisgivesusconfidencethatouradaptationsdid notchange
theessentialideasbehind TFxIDF’s ranking.

5 RelatedWork

Current P2Pfile-sharing applications suchasNapster[18],
Gnutella[11], andKaZaA[16] all support name-baseddoc-
ument searchandretrieval. While thesesystemshave been
tremendouslysuccessful,name-basedsearchis frustratingly
limited. Thesesystemsrely on heavy replicationof popu-
lar itemsfor successfulsearches,andcommunitiesbuilt on
them have beenlimited to sharingmusic and video files.
Our goal for PlanetPis to increasethe power with which
userscanlocateinformationin P2Pcommunities.Also, we
havefocusedmoretightly ontext-basedinformation,which
is more appropriatefor collectionsof scientificdocuments,
legal documents, inventory databases,etc. Thesediffer-
enceshaveledusto designandimplementatext-basedcon-
tentsearchandretrieval engine,aspresentedin this paper.

In contrast to existing systems,recentresearchefforts in
P2Pseekto provide theillusion of having a global hashta-
ble sharedby all membersof thecommunity. Frameworks
like Tapestry[30], Pastry[23], Chord[26] andCAN [21]
usedifferent techniquesto spread(key, value) pairsacross
the community and to route queries from any member to

wherethe data is stored. Although this distributed hash
structure couldbeusedto createaninvertedindex, it would
not beasefficient astheapproachproposedby PlanetP. In
all thesesystems,thereis a time costneededto contact the
right node in order to publish a singlekey. If we want to
sharea document’s content thenwe needto publishevery
uniquewordcontainedin it. Thereforethetimeneededwill
bealmostlinearon the documentsize. On theotherhand,
PlanetPcanpublish all the keys in the sameBloom filter
with no needto contactevery node sincethe information
will begossipedaccording to thebandwidth available.Fur-
thermore,noneof theseframeworksprovidestheinfrastruc-
tureneededto implement ranking (although PlanetP’srank-
ing algorithm couldbeadaptedfor usein thesesystems).

Morerelatedto PlanetP’sgoals,Cori [4] andGloss[12] ad-
dresstheproblemsof databaseselectionandranking fusion
on distributedcollections. Recentstudiesdone by French
et al. [9] show thatbothscalewell to 900nodes.Although
they arebasedon differentranking techniques,thetwo rely
on similar collectionstatistics. Glossuses_ � � k e (number
of documentsin node

X
with term s ) and

Wt« L­¬ � k e (sumof
thelocalweightsfor term s atnode

X
) while Cori needsonly_ � � k e . In bothcasestheamount of informationusedto rank

nodesis significantlysmallerthanhaving a global inverted
index. Glossneedsonly 2% of the spaceusedby a global
index. The paradigm usedin GlossandCori is similar to
having aserver(or ahierarchy of servers) thatwill beavail-
ablefor usersto decidewhich peersto contact. In PlanetP,
wewantto empowerpeersto workautonomouslyandthere-
fore we distributeBloom filters widely so they cananswer
queries even in the presence of network andnode failures.
In order to accommodatepeers with scarceresources,we
minimizethe informationsharedandits maintenancecost.
PlanetPdoesnot propagatetermfrequency andcantolerate
falsepositives on thecommunaldata.Thesetwo character-
isticsallow usto useanefficientdatarepresentationthatcan
tradespacefor falsepositives(performance). In appendix
A we show thata peerneedsto storearound 1%of thetotal
informationshared.

Finally JXTA Search[27] providesmechanisms for clients
to route queriesto theright datasources.This is similar to
thedatabaseselectionproblem,but they have implemented
it usinga publish/subscribemodel. In JXTA Search,peers
thatwantto providecontentgiveasketchof thequeriesthat
they arewilling to answerto a hub. Usinghubs,clientscan
find which nodes aresuitablefor a particular question.Un-
likePlanetP, in theirarchitecture,peersdonotgetany rank-
ing of the resultsandJXTA Searchdoesnot try to contact
themostrelevant nodesfor thequery.
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6 Conclusions

P2Pcomputingis apotentially powerful model for informa-
tion sharingbetweenadhoccommunitiesof users.It allows
usersto leverage existing desktopcomputing power, asop-
posedto requiring specializedservers. Further, resources
will adaptively scale with community size because new
memberscontribute additional resources whenthey join a
community.

As P2Pcommunities grow in size, however, locating in-
formationdistributedacrossthe large number of peersbe-
comes problematic. In this paper, we have presenteda text-
basedranking algorithm for contentsearchand retrieval.
Our thesisis that the searchparadigm, wherea small set
of relevant termsis usedto locatedocuments, is as natu-
ral aslocatingdocumentsby name, asdemonstratedby the
successof thewebsearchengines.To be useful,however,
thesearchandretrieval algorithm mustsuccessfullylocate
theinformationtheuseris searching for, withoutpresenting
toomuchunrelatedinformation.

We choseto adapta well-known state-of-the-arttext-based
documentranking algorithm, the vector-spacemodel, in-
stantiatedwith the TFxIDF rankingrule. A naive applica-
tion of TFxIDF would require eachpeerin a community to
have accessto the inverted index of the entirecommunity.
This is costly both in termsof bandwidth andstorage.In-
stead,we show how TFxIDF canbe approximatedgivena
compactsummary (theBloomfilter) of eachpeer’s inverted
index. We make threecontributions: (a) we show how the
TFxIDF rule can be adapted to usethe index summaries,
(b) we provide a heuristic for adaptively determining the
set of peersthat shouldbe contactedfor a query, and(c)
we have shown thatour algorithmtracksTFxIDF’s perfor-
mance very closely, regardlessof how documentsaredis-
tributedthroughout the community. Finally, our algorithm
preservesthemainflavor of TFxIDF by returning muchthe
samesetof documentsfor a particular query.

A good content-basedsearchand retrieval algorithm like
ours will makeit mucheasierfor P2Pcommunitiesto share
large amountsof information.
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Appendix A - PlanetP’s memory usage

In this appendix, we presenthow we estimatedtheamount
of memory needed by eachPlanetP’s memberto keeptrack
of the community’s content. Note that the memory usage
dependsmainly on theBloom filter sizeandthenumber of
peerson the community. In our calculation we have cho-
senBloom filters that are able to storeeachpeer’s set of
termswith lessthan5% of falsepositives. For example, if
we spreadtheAP89collectionacrossa community of 1000
peers,eachpeerwill receive on average 4500terms. On
this scenarioa 4.6KB filter will storea singlepeer’s data,
whichmeansthatthewholecommunity canbesummarized
with 4.6MB of memory. Becausenodesexchangefilters in
compressedform, thebandwidth requiredby a singlenode
to gathertheremaining 999filters will be3.3MB.

Table4 shows theresultsobtainedfor differentcommunity
sizesusingthesamecalculationsaspresentedabove.

No. peers Memory used(MB) % of collection size
10 0.45 0.18%
100 1.79 0.70%
1000 4.48 1.76%

Table 4. Amount of memoryusedper node to store
Bloom filters summarizingthe wholecommunityon
AP89.
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