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ABSTRACT

In this paper we presenta new stratgy for information retrieval over the peerto-peer(P2P)network. To avoid query
messageooding andsaving resourcedn handlingirrelevantqueriesin the P2Pnetwork, we proposea methodfor clustering
peerghatsharesimilar propertiesogetheythus,datainsidethe P2Pnetwork will beorganizedn afashionsimilarto a Yellow
Pages.In orderto make useof our clustered®2Pnetwork ef ciently, we alsoproposea new intelligentqueryrouting strateyy,
the Firework QueryModel. In contrasto broadcastingjuerymessageour querymessagavill rst walk aroundthe network
from peerto peerrandomly onceit reacheghetargetcluster the querymessagexplodesandis broadcastethy peersinside
thecluster We presenbur algorithm,give analysisandexperimentatresultsto demonstrateur method.
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1 Intr oduction

The appearancef P2Papplicationssuchas Gnutella[1] and Napster{2] hasdemonstratethe signi cance of distributed
informationsharingsystemsUserscanaccesghe informationdistributedamongpeersaroundtheworld. Thesemodelsoffer
advantageof decentralizatiofby distributing the storagejnformationandcomputationcostamongthe peers.However, since
thereis no centralizedsener to keeptrack of whatdataarebeingstoredin whatpeer we do notknow which peercontainshe
informationwe want. Thereforewhena peerwantsto searchfor a le, heneedgo broadcastjueryto all his peers.Likewise,
his peerspropagatehe queryto their peersandsoon.

Therearetwo problemsassociatedavith currentstratgies. Sinceevery queryis broadcastetb every peerin the network,
eachpeerhasto wasteresourcesn handlingirrelevantquery Moreover, broadcastinguerymessageacrosshe network also
increasesetwork traf c. Portmanret.al. [3] investigatedhe problemof scalabilityin P2Pnetwork dueto network traf ¢ cost.
Rowstronet. al. [5] andStoicaet. al. [6] proposedheir algorithmtargetingat reducingnetwork traf ¢ in P2Pnetwork. They
guarantedocationof contentif it exists, within a boundechumberof hops. Achieving thesepropertieddy tightly controlling
the dataplacementandtopologywithin the network. Ramanathat. al. [4] proposecda clusteringstratgy to reducequery
trafc, while increasinghegoodnes®f searctresult.

In orderto solve the problemsabove, our proposedstratgyy will clusterpeersof similar propertiesogetheyjust like the
organizationin a Yellow Pageswhich makesquerymoresystematic.In addition,our intelligentFirework QueryModel will
helpin reducingnetwork traf ¢ by forwardingqueryselectvely ratherthantheoriginal Brute-Force-SearcfBFS)broadcasting.
Underour query model, irrelevant query subjectsto a particularpeerwill not go into its cluster oncethe queryarrives at
a matchingpeer it is broadcasteéhsideits cluster As a result,we avoid unnecessartraf ¢ while fully utilize eachquery
message.



Firework query_routing ( peer p, query Q)
if Sim(p, Q) < RANGE
reply the query Q
forward Q to all linkay.cive(p)

Attractive_Link Selection (peer p, integer t) else
for all q in Peer (p, t) TTL{Q)=TTL(Q) - 1
Compute Sim(p,q) if TTL(Q)=0
end forward Q to all linkgngom(p)

assign linKygractive(p) to q With ming, ((Sim(p.q))  end

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

2 PeerClustering and Firework Query Model
2.1 PeerClustering

Insideour P2Pnetwork, eachpeeris connectedy two typesof link, random link andattracti ve link. Beforecontinuing
on how to manipulatehesetwo typesof link, we introducethefollowing terms:

Randomlink - link ; agngom (P): The connectionwhich a peerp makesrandomlyto anotherpeerin the network. It is
choserby theuser

Attractive link - link a1 activ e(P): The connectiorwhich a peerp makesexplicitly to anotherpeer which they share
similardata.

Cat(p),Cat(Q): A signaturevaluerepresentinghe characteristiof apeerp, anda queryQ respectiely.
Sim (p; g): Thesimilarity betweerntwo peers; g, whichis adistancemeasurdetweerCat(p) andCat(q).

Sim (p; Q): Thesimilarity betweera peerp anda queryQ, ,whichis adistanceneasurdetweerCat(p) andCat(Q).

P eer(p;t): Thesetof peerswhich apeerp canreachwithin t hops.

Basedon the above de nition, we introducean algorithmto choosethe attractve link asillustratedin Fig. 1(a). Referring
to Fig. 2(a),weillustratehow our peerclusteringstratgy works. In thebeginning,let usassumevery peercanberepresented
by a value Cat(p) basedon the characteristiof that peerp respectiely. In the meantime, we considerthis valueto be
geographicalocation. Whena peerjoins the network, it will connecto anothempeerrandomly Throughping-pongmessages
[1], it learnsthe setof peerswithin a certainnumberof hopsaway from it (P eer(p;t)). Basedontheattractive link algorithm,
it will connecto apeerthatsharesimilar propertieshroughattractive links. In Fig. 2 (a),thepeerCN 4 rst connectso UK 3
by randomlink, andby ping-pongmessagest learnsthe locationof otherpeersbelongto categgory CN, thenit makesan
attractizelink to CN to performpeerclustering.Our algorithmwill choosea similar peerwith largesthopcountto connectso
CN is chosenAs aresult,you noticethatpeersof similar characteristiovill connectogetherto form a cluster which makes
informationretrieval muchmoresystematic.

In theexamplewe used geographicaihformationis usedto determinghesimilarity betweerpeers However, ouralgorithm
is genericin the sensehat, aslong aswe canchoosea gooddescriptorto describea peer for example,the major le typeit
sharestheimages'contentinformationit shareswill alsowork properly

2.2 Firework Query Model

To make useof our clusteredP2Pnetwork, we proposehe Firework QueryModel. In thismodel,aquerymessagevill rst
walk aroundthe network from peerto peerby randomlink, thenonceit reacheghetargetcluster the querymessagevill be
broadcastetly peersusingattractve link insidesthe clusterasshovnin Fig. 2 (b).

To decidewhich peera queryis being sentto, we introducean algorithmto determinewhenandhow a query message
explodesin Fig. 1 (b). Referringto Fig. 2 (a) again,we illustratean exampleto shov how the re work querymodelworks.
Assumethe new peerCNy4, whosegeographicalocationis China, initiatesa searchto nd an Americansong. Sincethe



geographicainformationof his queryis far away from his geographicalocation,therefore CN 4 will sendthequeryto UK 3
throughrandomlink. WhenUK 3 recevesthequery it will forwardthequeryto US, throughrandomlink again.After walking
aroundthe network randomly the querymessageeachests tarmget clusterandstartsto explode. During the explosion,US,
will broadcasthequeryto US; throughattractive link. Likewise,US; will broadcasthequeryto US,, CN; andsoon.
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Figure 2. lllustration of peer clustering (a) left and re work query (b) right

Similarto IP pacletsand Gnutellamessagesyur querymessagealsohave a Time-To-Live (TTL). This avoids messages
from circling aroundthe network forever. Oncethe TTL decrease® zero,the messageavill be droppedandno longerfor-
warded.Theonly differencebetweerour querymessageandthegnutellamessagess that TTL will notbedecreasewhenthe
messagearesentthroughattractize link. Thereasoris that,whena queryreachests targetcluster all peersnsidethecluster
arehighly related,in orderto getasmorehits aspossiblethereis noreasorto decreas¢he TTL andpreventfurthersearching
insidethe highly relatedcluster In this casethe querymessageare preventedfrom looping aroundby the inherentGnutella
replicatedmessageheckingrules. Whena new queryappeardo a peer it is checledagainstalocal cachefor duplication. If
it is foundthatthe samemessagdaspassedhroughbefore the messagevill notbeforwarded.

3 Experiment

We developa programto simulatethe P2Pervironmentandverify the effectivenes®of our proposedstratgy. We investigate

the effect on queryef ciency subjectgo increasinghumberof peersdifferentvaluesof querymessaga TTL. We formulate

ve casedo compareghedifferencen performanceubjectto differentnetwork set-upmethodsandquerystratgies,described
in thefollowing.

RandomBFS (BFS): Like pure P2Pnetwork (Gnutella)[1], network topologyis built randomlyandqueriesarebroad-
castedo all connectegbeers.

Centralizedfuzzy (CF): Peeracquiresknowledgeof otherpeersfrom a centralizedsener to determinehow to malke

attractve link. Queriesareforwardedto attractve link if Sim (p;q) < , otherwiseto randomlink. We considerthisto

befuzzybecausgueriesareconsideredimilarwhenthesimilarity measurearestill within arange.ln our experiments,
for example,category 5 peerwill treatcateyory 4 and6 queriesasmatchingqueriesandforwardthemthroughattractve

link.

Learningfuzzy (LF): Peeracquiresknowledgeof othersthroughping-pongmessage$o learna partial picture of the
network, andestablisheattractve link basedn thisinformation.Queriesareforwardedin the sameway asCentralized
fuzzy.

Centralizeddiscretg(CD): Network setting-upmethodis the sameasCentralizeduzzy. Queriesareforwardedto attrac-
tivelink if Sim (p;qg) = 0, otherwiseto randomlink.



Learningdiscrete(LD): Network setting-upmethodis the sameasLearningfuzzy. Queriesareforwardedin the same
way asCentralizedliscrete.

In the experimentswe assumehereareten cateyoriesof peers,andassigndifferentCat(p) valuesevenly. Also, queries
generatednly fall in thesgencategories,whenapeerrecevesaqueryof thesamecategory, it will re ahit count.We measure
therecall of a particularqueryasthe numberof hit countsover total numberof peersunderthat category. We recordthree
measureghe numberof querymessagerecall,andrecallperquerymessagéef ciency of query)againsthe numberof peers
andTTL. Referringto Fig. 3(b), our proposedstratgy shavs a promisingsub-linearincreasesn numberof querymessages
with increasingT TL, while BFS increasegxponentially In addition,we showv that our stratgy hasmuchimprovementon
recallperquerymessagé¢hantraditionalBFSasshavn in Fig. 3(b) and4(b), also,therecallperformancés shovnin Fig. 4(a),
whichindicatesour algorithmstill outperformsBFS while we uselessnumberof querymessagesDetaileddataarelistedin
Tablel and2.

4 Conclusionand Future Work

We empirically examineseveral aspect®f the performanceof clustered®2Pnetwork. Amongthe mary possiblewaysto
extendthe currentwork, perhapghe mostchallengingoneis to chooseoneor moredescriptor(s}o describea particularpeer
for usein clusteringwherethis maybea singlevalue,a vectoror evenmulti-dimensiorvectorsto preciselydescribea peer

Figure 3. Number of query packet (a) left and query 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 query messages and recall per query message against increasing TTL over 10 simulation runs

numberof querymessages recallperquerymessagé 10 °)

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 1508 | 17.374 | 12.365 | 46.984 | 30.994
4 6053 | 53635 | 56235 | 16593 | 12632 1506 | 16.847 | 16.281 | 48.211 | 32.951
5 28959 | 53825 | 62263 | 17496 | 14895 1557 | 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 query message (10 6) against increasing number of peers over 10 simulation runs

Recall Recallperquerymessag¢ 10 °)

numberof peers BFS | CF | LF ] CD ]| LD BFS] CF] LF] CDJ 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
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