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ABSTRACT

In this paper, we presenta new strategy for informationretrieval over the peer-to-peer(P2P)network. To avoid query
messages�ooding andsaving resourcesin handlingirrelevantqueriesin theP2Pnetwork, weproposea methodfor clustering
peersthatsharesimilarpropertiestogether, thus,datainsidetheP2Pnetwork will beorganizedin a fashionsimilar to aYellow
Pages.In orderto make useof our clusteredP2Pnetwork ef�ciently , we alsoproposea new intelligentqueryroutingstrategy,
theFirework QueryModel. In contrastto broadcastingquerymessage,our querymessagewill �rst walk aroundthenetwork
from peerto peerrandomly, onceit reachesthetargetcluster, thequerymessageexplodesandis broadcastedby peersinside
thecluster. We presentouralgorithm,giveanalysisandexperimentalresultsto demonstrateourmethod.
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1 Intr oduction

Theappearanceof P2PapplicationssuchasGnutella[1] andNapster[2] hasdemonstratedthesigni�canceof distributed
informationsharingsystems.Userscanaccesstheinformationdistributedamongpeersaroundtheworld. Thesemodelsoffer
advantageof decentralizationby distributing thestorage,informationandcomputationcostamongthepeers.However, since
thereis nocentralizedserver to keeptrackof whatdataarebeingstoredin whatpeer, wedonotknow whichpeercontainsthe
informationwewant. Therefore,whena peerwantsto searchfor a �le, heneedsto broadcastqueryto all hispeers.Likewise,
hispeerspropagatethequeryto theirpeersandsoon.

Therearetwo problemsassociatedwith currentstrategies. Sinceevery queryis broadcastedto every peerin thenetwork,
eachpeerhasto wasteresourcesin handlingirrelevantquery. Moreover, broadcastingquerymessagesacrossthenetwork also
increasesnetwork traf�c. Portmannet.al. [3] investigatedtheproblemof scalabilityin P2Pnetwork dueto network traf�c cost.
Rowstronet. al. [5] andStoicaet.al. [6] proposedtheir algorithmtargetingat reducingnetwork traf�c in P2Pnetwork. They
guaranteelocationof contentif it exists,within a boundednumberof hops.Achieving thesepropertiesby tightly controlling
the dataplacementandtopologywithin the network. Ramanathanet. al. [4] proposeda clusteringstrategy to reducequery
traf�c, while increasingthegoodnessof searchresult.

In orderto solve the problemsabove, our proposedstrategy will clusterpeersof similar propertiestogether, just like the
organizationin a Yellow Pages,which makesquerymoresystematic.In addition,our intelligentFirework QueryModel will
helpin reducingnetwork traf�c by forwardingqueryselectively ratherthantheoriginalBrute-Force-Search(BFS)broadcasting.
Underour querymodel, irrelevant querysubjectsto a particularpeerwill not go into its cluster, oncethe queryarrivesat
a matchingpeer, it is broadcastedinsideits cluster. As a result,we avoid unnecessarytraf�c while fully utilize eachquery
message.



Figure 1. Attractive Link Selection (a) left and Firework Query Algorithm (b) right

2 PeerClustering and Fir ework Query Model

2.1 PeerClustering

Insideour P2Pnetwork, eachpeeris connectedby two typesof link, random link andattracti ve link. Beforecontinuing
onhow to manipulatethesetwo typesof link, we introducethefollowing terms:

� Randomlink - l ink r andom (p): The connectionwhich a peerp makesrandomlyto anotherpeerin the network. It is
chosenby theuser.

� Attractive link - l ink attr activ e(p): The connectionwhich a peerp makesexplicitly to anotherpeer, which they share
similardata.

� Cat(p),Cat(Q): A signaturevaluerepresentingthecharacteristicof apeerp, anda queryQ respectively.

� Sim (p;q): Thesimilarity betweentwo peersp;q, which is adistancemeasurebetweenCat(p) andCat(q).

� Sim (p;Q): Thesimilarity betweenapeerp anda queryQ, ,whichis a distancemeasurebetweenCat(p) andCat(Q).

� Peer(p; t): Thesetof peerswhichapeerp canreachwithin t hops.

Basedon theabove de�nition, we introduceanalgorithmto choosetheattractive link asillustratedin Fig. 1(a). Referring
to Fig. 2(a),we illustratehow ourpeerclusteringstrategy works.In thebeginning,let usassumeeverypeercanberepresented
by a valueCat(p) basedon the characteristicof that peerp respectively. In the meantime, we considerthis value to be
geographicallocation.Whena peerjoins thenetwork, it will connectto anotherpeerrandomly. Throughping-pongmessages
[1], it learnsthesetof peerswithin a certainnumberof hopsaway from it (Peer(p; t)). Basedon theattractive link algorithm,
it will connectto apeerthatsharessimilarpropertiesthroughattractive links. In Fig. 2 (a), thepeerCN 4 �rst connectsto UK 3

by randomlink, andby ping-pongmessages,it learnsthe locationof otherpeersbelongto category CN , thenit makesan
attractivelink to CN2 to performpeerclustering.Ouralgorithmwill chooseasimilarpeerwith largesthopcountto connect,so
CN2 is chosen.As a result,younoticethatpeersof similarcharacteristicwill connecttogetherto form a cluster, whichmakes
informationretrieval muchmoresystematic.

In theexampleweused,geographicalinformationis usedto determinethesimilaritybetweenpeers.However, ouralgorithm
is genericin thesensethat,aslong aswe canchoosea gooddescriptorto describea peer, for example,themajor �le type it
shares,theimages'contentinformationit shares,will alsowork properly.

2.2 Fir ework Query Model

To makeuseof ourclusteredP2Pnetwork, weproposetheFirework QueryModel. In thismodel,aquerymessagewill �rst
walk aroundthenetwork from peerto peerby randomlink, thenonceit reachesthe targetcluster, thequerymessagewill be
broadcastedby peersusingattractive link insidestheclusterasshown in Fig. 2 (b).

To decidewhich peera query is beingsentto, we introducean algorithmto determinewhenandhow a querymessage
explodesin Fig. 1 (b). Referringto Fig. 2 (a) again,we illustrateanexampleto show how the �re work querymodelworks.
Assumethe new peerCN4, whosegeographicallocation is China, initiatesa searchto �nd an Americansong. Sincethe



geographicalinformationof his queryis far away from his geographicallocation,therefore,CN 4 will sendthequeryto UK 3

throughrandomlink. WhenUK 3 receivesthequery, it will forwardthequeryto US2 throughrandomlink again.After walking
aroundthenetwork randomly, thequerymessagereachesits targetclusterandstartsto explode. During theexplosion,US2

will broadcastthequeryto US1 throughattractive link. Likewise,US1 will broadcastthequeryto US2, CN1 andsoon.

Figure 2. Illustration of peer clustering (a) left and �re work quer y (b) right

Similar to IP packetsandGnutellamessages,our querymessagesalsohave a Time-To-Live (TTL). This avoidsmessages
from circling aroundthe network forever. Oncethe TTL decreasesto zero,the messagewill be droppedandno longerfor-
warded.Theonly differencebetweenourquerymessagesandthegnutellamessagesis thatTTL will notbedecreasedwhenthe
messagesaresentthroughattractive link. Thereasonis that,whena queryreachesits targetcluster, all peersinsidethecluster
arehighly related,in orderto getasmorehitsaspossible,thereis no reasonto decreasetheTTL andpreventfurthersearching
insidethehighly relatedcluster. In this case,thequerymessagesarepreventedfrom loopingaroundby theinherentGnutella
replicatedmessagecheckingrules.Whena new queryappearsto a peer, it is checkedagainsta local cachefor duplication.If
it is foundthatthesamemessagehaspassedthroughbefore,themessagewill notbeforwarded.

3 Experiment

Wedevelopaprogramto simulatetheP2Penvironmentandverify theeffectivenessof ourproposedstrategy. Weinvestigate
theeffect on queryef�ciency subjectsto increasingnumberof peers,differentvaluesof querymessage's TTL. We formulate
� vecasesto comparethedifferencein performancesubjectto differentnetwork set-upmethodsandquerystrategies,described
in thefollowing.

� RandomBFS(BFS):Like pureP2Pnetwork (Gnutella)[1], network topologyis built randomlyandqueriesarebroad-
castedto all connectedpeers.

� Centralizedfuzzy (CF): Peeracquiresknowledgeof otherpeersfrom a centralizedserver to determinehow to make
attractive link. Queriesareforwardedto attractive link if Sim (p;q) < � , otherwiseto randomlink. We considerthis to
befuzzybecausequeriesareconsideredsimilarwhenthesimilarity measuresarestill within arange.In ourexperiments,
for example,category5 peerwill treatcategory4 and6 queriesasmatchingqueriesandforwardthemthroughattractive
link.

� Learningfuzzy (LF): Peeracquiresknowledgeof othersthroughping-pongmessagesto learna partial pictureof the
network, andestablishesattractive link basedonthis information.Queriesareforwardedin thesameway asCentralized
fuzzy.

� Centralizeddiscrete(CD): Network setting-upmethodis thesameasCentralizedfuzzy. Queriesareforwardedto attrac-
tive link if Sim (p;q) = 0, otherwiseto randomlink.



� Learningdiscrete(LD): Network setting-upmethodis thesameasLearningfuzzy. Queriesareforwardedin thesame
wayasCentralizeddiscrete.

In theexperiments,we assumetherearetencategoriesof peers,andassigndifferentCat(p) valuesevenly. Also, queries
generatedonly fall in thesetencategories,whenapeerreceivesaqueryof thesamecategory, it will �re ahit count.Wemeasure
the recall of a particularqueryasthe numberof hit countsover total numberof peersunderthat category. We recordthree
measures,thenumberof querymessage,recall,andrecallperquerymessage(ef�ciency of query)againstthenumberof peers
andTTL. Referringto Fig. 3(b), our proposedstrategy shows a promisingsub-linearincreasesin numberof querymessages
with increasingTTL, while BFS increasesexponentially. In addition,we show that our strategy hasmuchimprovementon
recallperquerymessagethantraditionalBFSasshown in Fig. 3(b)and4(b),also,therecallperformanceis shown in Fig. 4(a),
which indicatesour algorithmstill outperformsBFSwhile we uselessnumberof querymessages.Detaileddataarelistedin
Table1 and2.

4 Conclusionand Future Work

We empiricallyexamineseveralaspectsof theperformanceof clusteredP2Pnetwork. Amongthemany possiblewaysto
extendthecurrentwork, perhapsthemostchallengingoneis to chooseoneor moredescriptor(s)to describea particularpeer
for usein clustering,wherethismaybea singlevalue,a vectoror evenmulti-dimensionvectorsto preciselydescribea peer.

Figure 3. Number of quer y packet (a) left and quer y ef�cienc y (b) right against TTL

Figure 4. Recall measure (a) left and Query ef�cienc y (b) right against number of peers
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Table 1. Average number of quer y messa ges and recall per quer y messa ge against increasing TTL over 10 sim ulation runs
numberof querymessages recallperquerymessage(� 10� 6 )

TTL BFS CF LF CD LD BFS CF LF CD LD

2 272 33986 191 4039 173 1.845 20.382 8.967 49.366 6.896
3 1245 51781 22337 10612 1500 1.508 17.374 12.365 46.984 30.994
4 6053 53635 56235 16593 12632 1.506 16.847 16.281 48.211 32.951
5 28959 53825 62263 17496 14895 1.557 16.733 16.061 45.688 40.219
6 63896 60504 59419 24179 25566 1.877 16.528 16.830 41.358 39.114
7 125749 64548 63070 29476 25162 1.842 15.492 15.855 33.926 39.742

Table 2. Average recall and recall per quer y messa ge (� 10� 6) against increasing number of peers over 10 sim ulation runs
Recall Recallperquerymessage(� 10� 6 )

numberof peers BFS CF LF CD LD BFS CF LF CD LD

30000 0.003407 1.000000 0.954259 0.699008 0.163576 6 61 55 158 143
27000 0.005353 0.798179 0.861528 0.797958 0.346832 5 61 66 172 138
24000 0.004764 1.000000 0.741765 0.500960 0.368099 8 71 70 194 160
20000 0.004273 1.000000 0.799729 0.499800 0.349756 9 88 92 244 204
15000 0.008146 0.902563 0.693782 0.501639 0.304515 10 113 113 307 236
10000 0.009970 1.000000 0.833564 0.500250 0.461937 19 162 174 376 340
5000 0.016126 1.000000 0.967871 0.513788 0.395052 33 342 340 905 737
2000 0.052970 1.000000 0.993896 0.899050 0.275470 101 731 729 2076 1198
500 0.134000 1.000000 0.689796 0.699797 0.490239 395 2890 2815 5598 3954

References

[1] Thegnutellahomepage.In http://www.gnutella.com.
[2] Thenapsterhomepage.In http://www.napster.com.
[3] M. Portmann,P. Sookavatana,S.Ardon, andA. Seneviratne. Thecostof peerdiscovery andsearchingin thegnutellapeer-to-peer�le

sharingprotocol. In Proceedingsto theInternationalConferenceonNetworks, volume1, 2001.
[4] M. K. Ramanathan,V. Kalogeraki,andJ.Pruyne.Findinggoodpeersin peer-to-peernetworks. In InternationalParallel andDistributed

andComputingSymposium, April 2002.
[5] A. Rowstron and P. Druschel. Pastry: Scalable,decentralizedobject location and routing for large-scalepeer-to-peersystems. In

Proceedingsof the18thIFIP/ACM InternationalConferenceonDistributedSystemsPlatforms, November2001.
[6] I. Stoica,R. Morris, D. Karger, M. F. Kaashoek,and H. Balakrishnan. Chord: A scalablepeer-to-peerlookup servicefor internet

applications.In Proceedingsof ACM SIGCOMM, pages149–160,August2001.


