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Early Measurementef a Clusterbased
Architecturefor P2PSystems

BalachandeKrishnamurthyJiaWang, Yinglian Xie

I. INTRODUCTION

Peerto-peerapplicationsuchasNapstef4], Freenefl],
andGnutellal2], [7] have gainedmuchattentionrecently
Theseapplicationsaremainly designedandusedfor large-
scalesharingof MP3 files. In suchsystems,end-hosts
self-oganizeinto an overlay network and sharecontent
with eachother Comparedo thetraditionalclient-serer
model, files aresered in a distributed mannerandrepli-
catedamongthe network on demand.Sincehostspartic-
ipating in peerto-peer(P2P)networks also devote some
computingresourcessuchsystemsscalewith the number
of hostsin termsof hardware,bandwidth,anddisk space.
With the wide deplayment of P2P applications,the P2P
traffic is becomingagrowing portionof thelnternettraffic.
Therehasbeenvery little examinationof P2Ptraffic pat-
ternsandhow they differ from traditionalservicemodels.
Studyingand understandindg?2Ptraffic is thusimportant
to provide efficient application-lgel contentlocationand
routingwithin the network.

The existing applicationsusetheir own approacho do
contentlocation and routing and none of them are scal-
able. Napsterusesa centralizedsener to locatecontent,
while Gnutellaclientsbroadcastjueriesto all their neigh-
bors.[8] discusseshe querylocality obseredin Gnutella
tracesand suggestscachingas a short-termapproachto
increaseGnutellas scalability Recentdesignssuch as
CAN [5], Chord[9], Pastry[6], and Tapestry[10] pro-
posedistributedindexing schemedasedn hashingto lo-
catecontent. Thesesystemsassumea flat contentdeliv-
ery mesh. Eachobijects locationis storedat oneor more
nodesselecteddeterministicallyby a uniform hashfunc-
tion; queriesfor the objectwill be routedincrementallyto
the node. Although hashfunctionscan help locate con-
tentdeterministically they lack the flexibility of keyword
searching—aisefuloperatiorto find contentwithoutprior
knowledgeof exactobjectnames.Thereis norealdeploy/-
mentat presentand thus no measuremennformationis
availablefor understandinghe usability andscalability of
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suchsystems.

We presensomeearlymeasurementsf a Clusterbased
Architecture for P2P (CAP) systems—adecentralized,
peerto-peercontentlocationandsharingsystemthatuses
network-avare clustering[3]. Network-avare clustering
is aneffective techniqueto groupclientsthataretopologi-
cally closeandundercommonadministratve control. The
introductionof onemorehierarchyis aimedat scalingup
guerylookup andforwarding. CAP would also be more
stablesinceclustersjoin and leave the network lessfre-
guently thanindividual clients. CAP also doesnot use
hashfunctionsto map objectsto locationsdeterministi-
cally. Instead CAP behaesmorelike adistributedsearch-
ing systemsuchas Gnutella. We modified Gnutellaand
collectedP2Ptracesfrom a variety of places.We analyze
thetracedatausingnetwork-awvare clustering.We usethe
Gnutellatracein our simulationsto measureandcompare
the performanceof CAP and Gnutella. The implementa-
tion of CAP is currentlyongoingandwe planto measure
the systembasedon real deployment. Our trace analy-
sis and preliminary simulationresultsshav that the P2P
network canbe very dynamic,and CAP is promisingin
increasingthe stability and scalability of suchdistributed
applicationsWearenow carryingoutalongerandbroader
study

1. CAP

CAP emploss network-aware clusteringtechniquefor
contentlocation and routing. A user query consistsof
namesof the files to be retrieved or keywords to be
searched. The query responseis a tuple: (timestamp,
query, object, location). Givenauserquery CAP locates
nearbycopiesof objectthat satisfythe query The actual
dataretrieval will be performedby the userwho initiated
thequery

CAP usesacentralizedsener (calledclustering server)
to performnetwork-avare clusteringand clusterregistra-
tion. Basedon theinformationprovided by the clustering
sener, usersare groupedinto clustersand self-oganize
into an overlay network. The two basic operationsper
formedin CAP are: node joining and leaving, and query
lookup and routing. Users(alsocallednodes) canjoin and
leave the overlay network dynamically A queryfor an
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objectwill beroutedthroughthe overlaynetwork until lo-
cationsof the desiredobject are found, and the location
informationis returneddirectly to theinitiating node.

To helpdistributed querylookup andforwarding, there
areone or more delegate nodes within eachcluster The
clusteringsener keepstrack of the existing clustersand
the correspondinglelegatenodes information. The dele-
gatenodeactsasadirectorysener for theobjectsstoredat
nodeswithin the samecluster Querieswill be submitted
to the clusterdeleggatenodefirst; if it cannotbe resohed
at the delgyatedirectory the delegate node forwardsthe
gueryto othernodesin eithera recursve or iteratve way
until an answeris found. To reducequery lateng, dele-
gatenodesmaintaina cacheof recentlyreceved queries,
with eachentry consistingof a queryandthe correspond-
ing responseThusthelocationinformationof popularob-
jectswill bereplicatedat multiple placesandcanbefound
quickly. The delggatenodealso performsnodemember
ship registration. It maintainsinformationabouteachac-
tive nodewithin aclusterto distinguishqueriefrom inside
andoutsideacluster In caseof delegatenodefailure,each
nodeindependentlyesortsto the clusteringsener for the
new delegatenode.Thefirst nodeaskingfor the clustering
sener will becomethe newly selecteddelegatenode. A
bootstrapmechanisnis requiredto setup the directories
atthenew deleggatenode.

[11. EXPERIMENTS

We modifiedan opensourceGnutellaclient[7] to pas-
sively monitor and log all Gnutellamessageshat were
routed through it.  The end host running the modi-
fied Gnutellaclient joins Gnutellausing Clip2’s gnutel-
lahosts.com [2] service. Eachentry in the tracehasthe
following fields: (1) Time stamp. (2) IP addressof
the neighborhost. (3) MessagelD. (4) Type of mes-
sage. Thereare four typesof messagesecorded: ping
request{Gnutellainit message)ping reply (Gnutellainit
response),searchrequest,and searchreply. In addi-
tion to the above fields, we also recordedother fields,
which are specific to different types of messagesin-
cluding query strings, number of results found, file
namesof returnedresults, etc. Five traceswere col-
lectedindependenthat CMU(Pennsylania), AT&T(New
Jersg), ACIRI(California), WPI(Massachusetts)and
UKY(Kentucly). The data gatheringin the first three
sitesranwith unlimitednumberof concurrentonnections.
Whenan intrusiondetectionsystemwastriggered(incor
rectly), we rate-limitedour experimentgreducingnumber
of concurrentconnectionsand the numberof hostscon-
tacted)andranit on two othersites. The averagenumber
of neighborsof the Gnutellaclientin thetracecanbe con-

Location | Tracelength | Numberof IPs

CMU 10hours 799,386

ATT 14 hours 302,262

ACIRI 6 hours 185,905
TABLE |

GNUTELLA TRACES WITH UNLIMITED CONNECTIONS.

Location | Tracelength | Numberof IPs

CMU 89hours 301,025

ATT 139hours 261,094

WPI 10hours 69,285

UKY 96 hours 409,084

UKY 75hours 292,759
TABLE I

GNUTELLA TRACES WITH LIMITED CONNECTIONS.

trolled by the numberof concurrentconnectionswith up
to four neighborsasdefault. Tablel andll summarizehe
traceswe have collected. We areinstalling this client in
seseral placesaroundthe world and gatheringtracesfor
extendeddurations.

We obsenred that some clients had used private IP
addressesn the collected Gnutella traces. These pri-
vate IP addressesre in the following ranges: 10.X.X.X,
172.16.0.0- 172.31.255.255and 192.168.x.x. Sincepri-
vatelP addressearedesignedor useoninternalnetworks
and cannotbe clusteredusing network-avare clustering,
we remove themfrom thetracesbeforeapplyingnetwork-
awareclusteringand presenbour resultsbelov. Thereare
8%- 16%o0f all IP addresseslentifiedasprivatelPsin the
traces.

We clusteredthe userIP addressesgxtractedfrom the
traces. Figure 1 plots the distributions of the numberof
hostsandthe numberof messagesf the CMU trace(we
shaw resultsfrom onetrace,otherresultsaresimilar). The
distribution of the numberof hostsin a clusteris non-
uniform: morethanhalf of the clustershave a smallnum-
ber of clients, with someissuinga large numberof mes-
sagesFigure2 plotstheclientandclusterdistributionsob-
sened every 30 minutes. The numberof clientsobsened
in each30-minuteperiodvariesbetweerb% - 10% of all
clientsin the trace, which implies that the Gnutellanet-
work is very dynamic,with peergoining andleaving fre-
quently The percentagesf clientsobsered in the trace
during each30-minuteperiod is much smallerthan that
of clusters,indicating the numberof clustersin the net-
work is morestable.Thus,network-avareclusteringbased
schemeéhelpsreducedynamismin the P2Pnetwork.
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Fig. 1. Theclusterdistribution of the CMU trace(in log scale).
Theclustersaresortedby numberof clients.
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Fig. 2. Theclientandclusterdistribution per30 minutesin the
CMU trace.

Thedistribution of repliesobseredin thetraceis gener
ally proportionalto the numberof clientswithin a cluster
We noticedseveral exceptionswvheresmallclustersgener
ate a large numberof replies. Two possibilereasongor
this are: (1) The clusterhasa large numberof files andis
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Fig. 3. Querydistribution usingnetwork-awareclustering

lot of replies,implying the existenceof popularfiles.

Weobsenre thattherearepopularqueriesn theGnutella
traceswhich canbe cachedto reducequerylateny. We
samplethe CMU traceandtake thefirst 47,100search re-
guest messagewith 8,878uniquequeries.Up to 26% of
the uniquequeriesfrom eachclusterare submittedmore
thanonce;while up to 48% of all queriesfrom eachclus-
terarerepeatednesandcanbecachedFigure3 plotsthe
numberof queriesandrepeatedjueriesfrom eachcluster
A queryis consideredo befrom aclusterif a userwithin
theclustereithersubmitsor forwardsthequery(we cannot
differentiatequeryinitiator from the clientwho forwarded
thequerybasednthe Gnutellamessage)A queryis con-
sideredto be repeatedf it is obsered morethanoncein
thetrace.

We comparethe performanceof CAP andGnutellavia
a trace-dwven simulation. We assumethe userjoins the
network whenits IP addressappearsn the tracefor the
first time. If a userdoesnot senda messagdor a cer
tain periodof time, we assumehe userhasleft. We ex-
tractfilenamedrom the search reply messageandassign
themto the correspondinguisers.We generateajueriesby
randomlypicking usersrequestingor files existing in the
system.We alsoassumehe querypopularitydistribution
follows thefile popularitydistribution,i.e., afile is queried
multiple timesif it appeardn the multiple repliesin the
Gnutellatraces. This assumptions validatedby examin-
ing the querypopularity distribution andthe file popular

ableto replyto mary of thesearchrequests(2) Thecluster ity distribution usingthe sametrace. We samplethe first

hasa few popularfiles thatarerequestedby mary clients.
Becausea ping reply Gnutellamessagéells ushow mary

files ahostis willing to sharewe extractthe IP addresses

from ping reply messageandmatchthemto thosein the

10,000n0desn the CMU traceandFigure4 plotsthetwo
distributions.

To forward queries,eachdelegate nodekeepsa list of
neighbordelegate nodesandtheir clusterprefixes. Each

search reply messageslhereare54,743suchlP addresses queryalsohasa maximumsearctdepth.If aquerycannot

matchedn the CMU trace. We obsere that clusterswith
more files usually generatemorereplies. Thereare also
someclusterswith smallernumberof files thatgeneratea

beresohedatthedelegatenode, it will beforwardedto the
neighborsn thelist usingthe depth-firstsearchalgorithm
until the objectis found or the delegatenodehastried all
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Fig. 4. Querypopularitydistribution andfile popularitydistri-
bution

its neighbordn thelist. Theneighborlist canbe obtained
initially from theclusteringsenerandbeimprovedgradu-
ally basedon the applicationrequirementsln our simula-
tion, the neighborlist is assignedandomlywhenthe del-

egatenodejoins; it is thenupdatedwith the neighborwho

finds the largestpercentagef requestedbjectsranking
first. Thisis a heuristicbasedon the assumptiorthatthe
neighborwho finds the mostnumberof requestedabjects
is likely to find more objectsin the future. Otherways
to improve the neighborlist could involve useof search
lateng. For simplicity, we assumeurrentdirectoryinfor-

mationis storedat eachdelegatenode.

Since CAP doesnot guaranteghat an existing object
will be found, we examinethe probability for finding an
object. Again, usingthe CMU traceto illustrate the re-
sults,we considernetwork of 1,000nodeswith 311clus-
ters. Thereare4,615queriesin ourtracerequesting3, 793
uniquefiles. Eachdatapoint in our graphsis the aver
ageof 10runs.Figure5 plotsthe percentagef successful
gueriesby varyingthemaximumsearctdepthsn CAPand
in Gnutella. We obsenre thatthe percentagesf success-
ful queriesin CAP aremuchhigherthanthatin Gnutella.
We measurdahe searchlateny in termsof the numberof
hopstraversedbeforean objectis foundwith afixedmax-
imum searchdepthof five hops.Figure6 shavsthesearch
pathlengthof successfufjueriesusingthe CAP algorithm.
Most of the successfutjueriesareresoled within twenty
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Fig. 5. Percentagef successfufjueriesusingthe CAP algo-
rithm andthe Gnutellaalgorithm.
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Fig. 6. Searchpathlengthof successfutjueriesn CAP.

hops,indicatingthata querymessagevill notaffect mary
nodesin the network, asopposedo Gnutella,which will
affectall thenodesn thetreerootedat theinitiating node.

Figure 7 plotsthe averagenumberof messagedueto
eachquery and the averagenumberof forwarding oper
ations performedat eachdelegate nodein CAP or node
in Gnutellaalgorithm, respectiely. Becausequeriesare
floodedin Gnutella,the numberof messageper search
and the numberof forwarding operationsperformedper
nodegrow exponentiallywith searchdepth;while in CAPR,
bothof themgrow linearly.

IV. CONCLUSION AND FUTURE WORK

We have analyzedGnutellatracesusingnetwork-avare
clustering. We outlinedthe designof a ClusterbasedAr-
chitecturefor P2P systemsand our early measurements
shav that CAP is scalableand stable. We are carrying
outabroadstudyof P2Ptracesusingnetwork-avareclus-
teringandplanto examinethe performancef CAP based
on real deployment. We are also examininga numberof
issuessuchasroutingquerieswithin andbetweerclusters,
handlingupdatesaswell ashow clusterdiameters|aten-
cies,andworkloadaffect the performanceandP2Ptraffic.
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ing operationgperformedby eachdelegatein CAP or node
in Gnutella.
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