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Abstract—

This paper studiesthe problem of load-balancing the de-
mand for content in a peerto-peer network across hetero-
geneouspeer nodesthat hold replicas of the content. Pre-
vious decentralizedload balancing techniquesin distrib uted
systemsbasetheir decisionson periodic updates containing
information about load or available capacity obsewed at the
sewving entities. We show that thesetechniquesdo not work
well in the peerto-peer context; either they do not address
peer node heterogeneity or they suffer fr om significant load
oscillations which result in unutilized capacity. We propose
a new decentralizedalgorithm, Max-Cap, basedon the max-
imum inherent capacitiesof the replica nodes. We shaow that
unlik e previous algorithms, it is not tied to the timelinessor
frequencyof updates,and consequentlyr equiressignificantly
lessupdate overhead. Yet, Max-Cap can handle the hetero-
geneity of a peerto-peer ervir onmentwithout suffering from
load oscillations.

[Non-student status; Regular presentation]

I. INTRODUCTION

Peerto-peernetworks are becominga populararchitec-
turefor contentdistribution. Thebasicpremisein suchnet-
worksis thatary oneof asetof “replica” nodescanprovide
therequestedontent,increasingheavailability of interest-
ing contentwithout requiringthe presencef ary particular
servingnode.

Many peerto-peernetworks pushindex entriesthrough-
outthe overlay peernetwork in responséo lookup queries
for specificcontentgnu], [RFHT01], [RD01], [SMKT01].
Theseindex entriespoint to the locationsof replicanodes
wherethe particularcontentcan be sened, and are typi-
cally cachedfor a finite amountof time, after which they
are consideredstale. Until now, however, therehasbeen
little focuson how an individual peernodeshouldchoose
amongthereturnedndex entriesto forwardclientrequests.

One reasonfor consideringthis choiceis load balanc-
ing. Somereplicanodesmay have more capacityto an-
swer queriesfor contentthan others,and the systemcan
serne contentin a moretimely mannerby directingqueries
to morecapableeplicanodes.

In this paperwe explore the problemof load-balancing
the demandfor contentin a peerto-peernetwork. This

problemis challengingfor several reasons. First, in the
peerto-peercasethereis no centralizeddispatchethatper
formsthe load-balancingf requestsgpachpeernodeindi-
vidually makesits own decisionon how to assignincoming
requestdo replicas. Secondnhodesdo not typically know
the identities of all other peernodesin the network, and
thereforethey cannotcoordinatethis decisionwith those
othernodes Finally, replicanodesn peerto-peemetworks
arenot necessarijhomogeneousSomereplicanodesmay
be very powerful with greatconnectity, whereasothers
may have limited inherentcapacityto handlecontentre-
quests.

Previous load-balancingechniquesasetheir decisions
on periodic or continuousupdatescontaininginformation
onload or available capacity. We referto this information
asload-balancingnformation(LBI). Thesgechniquehave
not beendesignedwith peerto-peernetworksin mind and
thus

« do not take into accountthe heterogeneityof peer
nodeg(e.g.,[GCO00Q], [Mit97], or

» usetechniquessuchas migrationor handof of tasks
(e.q.,[LL96]) thatrequireclosecoordinationamongst
servingentitiesthat cannotbe achieved in a peerto-
peerernvironment,or

« suffer from significantload oscillations,or “herd be-
havior” [Mit97], wherepeernodessimultaneouslyor-
ward an unpredictablenumberof requestdo replicas
with low reportedload or high reportedavailable ca-
pacity causingthemto becomeoverloaded.This herd
behaior defeatgheattempto provide load-balancing.

Most of thesetechniquesalso dependon the timeliness
of LBI updates.The wide-areanatureof peerto-peernet-
worksandthevariationin transferdelaysamongpeernodes
makesguaranteeinghetimelinessof updatedifficult. Peer
nodeswill experiencevarying degreesof stalenessn the
LBI updateghey receve dependingon their distancefrom
the sourceof updates. Moreover, maintainingthe timeli-
nessof LBl updatess alsocostly sinceall updatesmust
travel acrosghelnternetto reachinterestegpeemodes.The
smallerthe interupdateperiod and the larger the overlay
peernetwork, the greaterthe network traffic overheadin-



curredby LBI updates.Therefore,in a peerto-peerenvi-
ronment,an effective load-balancingalgorithm shouldnot
becritically dependenbn thetimelinessof updates.

In this paperwe proposea newv and practical load-
balancingalgorithm,Max-Cap,thatmakesdecisionshased
on the inherentmaximum capacitiesof the replicanodes.
We definemaximumecapacityasthe maximumnumberof
contentrequestger time unit that a replicaclaimsit can
handle. Alternatve measuresuchas maximum(allowed)
connectionsanbe used. The maximumecapacityis like a
contractby which thereplicaagreego abide.If thereplica
cannotsustainits adwertisedrate,thenit maychooseto ad-
vertisea newv maximumecapacityto avoid overload. Max-
Capis not tied to the timelinessor frequeng of LBI up-
dates,andasa result,whenappliedin a peerto-peerenvi-
ronmentoutperformsalgorithmsbasednloador available
capacitywhosebenefitsaareheaily dependentn thetime-
linessof theupdates.

We shav that Max-Cap takes peer node heterogeneity
into accountunlike algorithmsbasedon load. While algo-
rithms basedon available capacitytake heterogeneitynto
account,we shav that surprisingly they can suffer from
significantload oscillationsin a peerto-peemetwork in the
presenceof smallfluctuationsin the workload, even when
the workload requestrate is well belov (aslow as 60%)
the total maximumcapacitiesof the replicas. On the other
hand, Max-Capavoids overloadingreplicasin suchcases
andis moreresilientto very large fluctuationsin workload.
Thisis because key advantageof Max-Capis thatit uses
informationthatis not affectedby changesn theworkload.

In a peerto-peerervironmentthe expectationis thatthe
setof participatingnodeschangesonstantly Sincereplica
arrivals to and departuresrom the peernetwork can af-
fect the information carriedin LBl updateswe alsocom-
pare Max-Cap againstavailability-basedalgorithmswhen
the set of replicascontinuouslychanges. We shav that
Max-Capis lessaffectedby changesn the replicasetthan
the availability-basedalgorithms.

We evaluatdload-base@ndavailability-basedalgorithms
and comparethemwith Max-Cap. We usethe Controlled
UpdatePropagatio{CUP) protocol[RB03a] to propagate
the LBl updatesequiredby thesealgorithms.LBI updates
arepropagatedrom replicanodesservingparticularcontent
down a conceptuatree,similarto anapplication-lgel mul-
ticasttree. The verticesof this treeare peernodesrecev-
ing requestdor that content. The peernodesusethe LBI
updatesvhenchoosingto which replicato forwardaclient
requestSincethespecificpropagatiorsemanticgrenotes-
sentialto our centralfocusof comparingheload-balancing
algorithmsthemseles,we deferdiscussiorof the detailsof
the propagatiormechanismo AppendixI.

Therestof this paperis organizedasfollows. Sectionll
introducesthe algorithmscompared. Sectionlll presents
experimentakesultsshaving thatin a peerto-peererviron-
ment,Max-Capoutperformshe otheralgorithmsanddoes
sowith muchlessor no overhead.SectionlV describese-
latedwork, andSectionV concludeghe paper

[I. THE ALGORITHMS

We evaluate two different algorithms, Inv-Load and
Avail-Cap. Eachrepresents differentclassof algorithms
thathasbeenproposedn the distributed systemditerature.
We study how thesealgorithmsperform when appliedin
apeerto-peercontext andcomparghemwith our proposed
algorithm,Max-Cap.Thesehreealgorithmsdependon dif-
ferent LBl being propagatedput their overall goal is the
same:to balancethe demandfor a specificpieceof con-
tentfairly acrossthe setof replicasproviding thatcontent.
In particular the algorithmshouldavoid overloadingsome
replicaswhile underloadingpthers especiallywhentheag-
gregate capacityof all replicasis sufiicient to handlethe
contentrequestworkload. Moreover, the algorithmshould
prevent individual replicasfrom oscillating betweenbeing
overloadedandunderloaded.

Oscillationis undesirablgor two reasons. First, mary
applicationslimit the numberof requestsa hostcan have
outstanding.This meansthatwhena replicanodeis over
loaded,it will drop requestst receves. This forcesthe
requestingclient (or user)to resendits requestwith addi-
tional network delay which hasa negative impacton re-
sponsdime. Evenfor applicationgthat allow requestgo
be queuedwhile a replicanodeis overloaded the queue-
ing delayincurredwill alsoincreasehe averageresponse
time. Second,n a peerto-peernetwork, the issueof fair-
nesss sensitve. The ownersof replicanodesarelikely not
towanttheirnodego beoverloadedvhile othernodesn the
network areunderloadedAn algorithmthat canfairly dis-
tribute the requestvorkloadwithout causingreplicasto os-
cillate betweerbeingoverloadedandunderloadeds prefer
able.

We describesachof thealgorithmswe evaluatein turn:

Inv-Load: Allocation Proportional to Inverse Load.
Therearemary load-balancinglgorithmsthatbasethe al-
locationdecisionon the load obsered at and reportedby
eachof the servingentities(seeRelatedWork SectionlV).
Therepresentate load-basea@lgorithmwe examineis Inv-
Load, basedon the algorithm presentedhy Genwa et al.
[GCO00]. In a homogeneougrvironment, this algorithm
hasbeenshavn to performaswell asor betterthanother
load-basedalgorithms.In this algorithm,eachpeernodein
the network choosego forward a requesto a replicawith
probability inversely proportionalto the load reportedby



the replica. This meansthat the replicawith the smallest
reportedoad (asof thelastreportreceved)will receve the

mostrequest$rom thenode.Loadis definedasthenumber
of requestrrivals at the replicapertime unit. Otherpossi-

ble load metricsincludethe numberof requesttonnections
openat thereplicaat reportingtime [ABOO] or the request
queudengthatthereplica[Dah99].

Whenappliedin a heterogeneousrnvironmentsuchasa
peerto-peernetwork, Inv-Load fails. This is intuitive be-
causelnv-Load doesnot distinguishbetweenreplicasob-
servingthesamdoadbut having differentmaximumcapac-
ities. For completenessnly, we verify thisintuition with an
experimentin AppendixIl.

We have consideredraryinglnv-Loadto take heterogene-
ity into accountwith a weighting schemebasedon maxi-
mum capacity We find thattheresultsfor this variationare
identicalto thoseof Avail-Capwhich is the algorithmwe
considemext. For thisreasonwe do not considerlnv-Load
nor weightedinv-Loadin theremaindeiof the paper

Avail-Cap: Allocation Proportional to Available Capac-
ity. In this algorithm, eachpeernodechoosedo forward
a requestto a replicawith probability proportionalto the
availablecapacityreportedby thereplica. Availablecapac-
ity is the maximumrequestrate a replica can handlemi-
nustheload (actualrequesrate)experiencedatthereplica.
This algorithmis basedon the algorithmproposedoy Zhu
etal. [2YZ198] for load sharingin a clusterof heteroge-
neousseners. Avail-Captakesinto accountheterogeneity
becausat distinguishedetweemodesthat experiencethe
samedoadbut have differentmaximumcapacities.

Intuitively, Avail-Capseemdike it shouldwork; it han-
dles heterogeneityoy sendingmore requestgo the repli-
casthatarecurrentlymorecapable Replicasthatareover
loadedreportanavailablecapacityof zeroandareexcluded
from the allocation decisionuntil they once more report
a positve available capacity Surprisingly this exclusion
cause®\vail-Capto sufier from wild loadoscillations(Sec-
tion 11I-A).

Both Inv-Load and Avail-Capimplicitly assumehatthe
load or available capacity reportedby a replica remains
roughlyconstanuntil thenext report. Sinceboththesemet-
rics are directly affectedby changesn the requestwork-
load, both algorithmsrequirethat replicasperiodically up-
datetheir LBI. (We assumeeplicasare not synchronized
in whenthey sendreports.)Decreasinghe periodbetween
two consecutie LBI updatesncreaseshefreshnes®f the
LBI at a costof higheroverhead measuredn numberof
updatespushedthrough the peerto-peer network. This
overheadis exacerbatedvith increasingnetwork size. In
large peerto-peemetworks,theremaybe severalhopsover
which updateswill have to travel, and the time to do so

couldbeontheorderof seconds.

Max-Cap: Allocation Proportional to Maximum Capac-
ity. Thisisthealgorithmwe proposeln thisalgorithm,each
peernode choosedo forward a requestto a replica with
probability proportionalto the maximum capacity of the
replica. The maximumcapacityis a contracteachreplica
adwertisesindicating the number of requeststhe replica
claimsto handleper time unit. Unlike load and available
capacity the maximumcapacityof areplicais not affected
by changesn the requestworkload. Therefore,Max-Cap
doesnot dependon the timelinessof LBI updates.In fact,
replicasonly pushupdatesvhenthey chooseto adwertisea
new maximumcapacity Thischoicedepend®nextraneous
factorsthat are unrelatedto andindependenbf the work-
load (seeSectionlll-F). If replicasrarelychooseo change
contracts,Max-Capincurs nearzero overhead. We shav
that this independencef the timelinessand frequeng of
LBI updatesnakes Max-Cappracticalandelegantfor use
in peerto-peemetworks.

In this sectionwe describeexperimentghat measurehe
ability of the Avail-CapandMax-Capalgorithmsto balance
requestdor contentfairly acrossthe replicasholding the
content.We simulatea content-addresskbnetwork (CAN)
[RFHT01] usingthe StanfordNarsessimulator[MGBO1].
In eachof theseexperimentsyequestdor a single pieceof
contentare postedat nodesthroughoutthe CAN network
for 3000secondsUsingthe CUP protocol[RB03a] briefly
summarizedn Appendixl, apeernodethatrecevesacon-
tentrequestrom alocalclientretrievesasetof index entries
pointingto replicanodesin the network thatsene the con-
tent. The peernodeappliesa load-balancingalgorithmto
chooseoneof thereplicanodes.It thenpointsthe client at
thechoserreplica.

The simulationinput parametersnclude: the numberof
nodesin the overlay peerto-peernetwork, the numberof
replicanodesholding the contentof interest,the maximum
capacitiesof the replicanodes,the distribution of content
requestnter-arrival times,andtheLBI updateperiod,which
is theamountof time eachreplicawaits beforesendingthe
next LBI updatefor the Avail-Capalgorithm.

Weassigmmaximumcapacitiego replicanodesy apply-
ing resultsfrom recentwork thatmeasuredhe uploadcapa-
bilities of nodesin Gnutellanetworks [SGGO02]. This work
hasfound thatfor the Gnutellanetwork measuredaround
10% of nodesareconnectedhroughdial-upmodems60%
areconnectedhroughbroadbandonnectionsuchascable
modemor DSL wherethe uploadspeeds abouttentimes
thatof dial-upmodemsandthe remaining30% have high-
end connectionswith uploadspeedat least100 timesthat

EXPERIMENTS
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Fig. 1. ReplicaUtilization versusTime for (a) Avail-Cap,(b) Max-Cap.
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of dial-up modems.Thereforewe assignmaximumcapac-
ities of 1, 10, and 100 requestgper secondto nodeswith
probabilityof 0.1,0.6,and0.3, respectiely.

In all the experimentswie presentn this paper the num-
berof nodesin the network is 1024,eachof which individ-
ually decideshow to assignincoming contentrequestgo
the replicanodes.We useboth Poissonand Paretorequest
interarrival distributions,both of which have beenfoundto
holdin peerto-peemetworks[Cao02],[Mar02].

First, we compareAvail-Capwith Max-Capfor Poisson
arrivalsandshaw thatwhile Avail-Captakesreplicahetero-
geneityinto accountjt cansuffer from significantload os-
cillationscausedy evensmallfluctuationan theworkload.
Second,we compareMax-Capwith Avail-Cap for bursty
Paretoarrivals. We thenexplain why Avail-Capsuffers. We
also comparethe effect on the performance®f Avail-Cap
and Max-Capwhenreplicascontinuouslyenterand leave
the system. Finally, we considerthe effect on Max-Cap
whenreplicascannotalways honor their adwertisedmaxi-
mum capacitiedbecaus®f significantextraneoudoad.

A. Poisson Request Arrivals

We first compareAvail-Capwith Max-Capfor anexper
imentwith tenreplicaswith a Poissonrequestarrival rate
of 80%thetotal maximumcapacitieof thereplicas.Under
sucha workload, a good load-balancingalgorithm should
beableto avoid overloadingsomereplicaswhile underload-
ing others.For Avail-Cap,we useaninterupdateperiodof
onesecondwhichis quiteaggressie in alarge peerto-peer
network. For Max-Cap,this parameters inapplicablesince
replicanodesdo not sendupdatesunlessthey experience
extraneoudoad (seeSectionlll-F).

Figurel shavs ascatterploof how theutilization of each
replicaproceedsvith time for Avail-CapandMax-Cap.We
defineutilization asthe requestarrival rate obsered by a
replicadivided by the maximumcapacityof thereplica. In
this graph,we do not distinguishamongpoints of differ-
entreplicas. We seethat Avail-Cap consistentlyoverloads
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somereplicaswhile underloadingpthers.In contrastMax-
Captendsto clusterreplicautilization at around80%. We
ranthis experimentwith arangeof Poissorarrival ratesand
found similar resultsfor ratesthatwere 60-100%the total
maximumcapacitieof thereplicas.Avail-Capconsistently
overloadssomereplicaswhile underloadingtherswhereas
Max-Capclustersreplicautilization at aroundX% utiliza-
tion, whereX is the averageoverall requestratedivided by
thetotal maximumcapacitieof thereplicas.

It turnsoutthatin Avail-Cap, unlike Inv-Load, it is not
the samereplicasthatareconsistentlyoverloadedor under
loadedthroughoutheexperiment.insteadfrom oneinstant
tothenext, individual replicasoscillatebetweerbeingover
loadedandsererelyunderloadedWe canseea samplingof
this oscillation by looking at the utilizations of someindi-
vidualreplicasovertime. In Figure2, we plot theutilization
overaoneminuteperiodin theexperimentfor arepresenta-
tive replicafrom eachof the replicaclasseglow, medium,
andhigh maximumcapacity). We alsoplot theratio of the
overall requestrateto the total maximumcapacitiesof the
replicasandtheline y = 1 shaving 100% utilization. We
seethatfor all replicaclassesAvail-Cap sufiers from sig-
nificant oscillation when comparedwith Max-Cap which
causedittle or no oscillation abose the 100% utilization
line. This beha&ior occursthroughouthe experiment.

Figure 3 shaws for eachreplica, the percentagef re-
ceived requestghat arrive while the replicais overloaded
for a seriesof ten experiments,eachwith tenreplicas,for
Avail-CapandMax-Caprespectrely. Onthe x-axiswe or-
derreplicasaccordingto maximumcapacity with the low-
capacityreplicasplottedfirst (replicalDs 1 throughl10),fol-
lowedby the medium-capacityeplicas(replicalDs 11-70),
followedby the high-capacityeplicas(replicalDs 71-100).

Avail-Capwith aninterupdateperiodof onesecondFig-
ure3a)causesnuchhigherpercentagethanMax-Cap(Fig-
ure 3c) Avail-Cap also causesfairly even percentagest
around40%. This canbe explainedby looking at the os-
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cillations obsered by replicasin Figure2. In Avail-Cap,
eachreplicais overloadedor roughly the sameamountof

time regardlessof whetherit is a low, mediumor high-

capacityreplica. This meanghatwhile eachreplicais get-

ting the correctproportionof requestsit is receving them
atthewrongtime andasaresultall thereplicasexperience
roughlythe sameoverloadedpercentages.

Theperformancef Avail-Capis highly dependenbnthe
interupdateperiod used. As we increasethe period and
availablecapacityupdategyrov morestale theperformance
of Avail-Capsuffersmore.As anexample,in Figure3b, we
shawv the overloadedequesipercentagem the sameseries
of ten experimentsfor Avail-Capwith an interupdatepe-
riod of tensecondsTheoverloadedhercentagepmpupto
about80%acrosghereplicas.

Max-Cap (Figure 3c) exhibits a step-like behaior with
thelow-capacityreplicashaving the highesioverloadeder

centagesfollowed by the medium capacityreplicas,and

thenthe high-capacityreplicaswhich arenever overloaded.
This stepbehaior occurshecauséhe lower-capacityrepli-

cashave lesstolerancefor noisein the randomcoin tosses
thenodegperformwhile assigningequestsThey alsohave

lesstolerancefor smallfluctuationsin the requestrate. As

aresult,lower-capacityreplicasareoverloadednoreeasily
thanhighercapacityreplicas. We alsoseethis in Figure2

wherefor Max-Cap,replicaswith lower maximumcapac-
ity areoverloadedfor moretime thanreplicaswith higher
maximumcapacity

In a peerto-peerervironment, we argue that Max-Cap
is a more practicalchoicethan Avail-Cap. First, Max-Cap
typically incursno overhead.Second Max-Capcanbetter
handlerequestatesthatarebelav 100%thetotal maximum
capacitieof thereplicasandcanhandlesmallfluctuations
in theworkloadasaretypical in Poissorarrivals.
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A questiorremainingis how do Avail-CapandMax-Cap
comparewhen workload ratesfluctuate beyond the total
maximumcapacitieof the replicas? Sucha scenariocan
occurfor examplewhenrequestsarebursty aswheninter
requestrrival timesfollow a Paretodistribution. We exam-
ine Paretoarrivals next.

B. Pareto Request Arrivals

Recentwork has obsered that in some peerto-peer
networks, requestinterarrivals exhibit burstinesson ser-
eral time scales[Mar02], making the Pareto distribution
a good candidatefor modeling theseinterarrival times.
Paretorequestarrivalsarecharacterizety frequentandin-
tenseburstsof requestgollowed by idle periodsof varying
lengths[PF95]. During the bursts,the averagerequestar
rival rate canbe mary timesthe total maximumcapacities
of thereplicas. We presenta representate experimentin
which the Paretoshapeparameten andscaleparameter
arel.1and0.000346espectrely. Theseparticularsettings
causeburstsof up to 230%the total maximum capacities
of thereplicas.With suchintensebursts,no load-balancing
algorithmcanbe expectedo keepreplicasunderloadedin-
steadthebestanalgorithmcandois to avoid underloading
someof thereplicasandleaving unutilizedcapacity

In Figure4, we plot the samerepresentate replicauti-
lizationsoveraoneminuteperiodin the experimentfor this
Paretoexperiment.We alsoplot theratio of the overall re-
gquestrate to the total maximumcapacitiesas well asthe
Y 100% utilization line. From the figure we seethat
Avail-Cap suffers from muchwilder oscillationthan Max-
Cap,causingnuchhigherpeaksandlowervalleysin replica

utilization than Max-Cap. Even whenthe overall request
rateis abore 100% of the total maximumcapacitiesthere
aretimeswhenthe replicasin Avail-Capare underloaded.
In contrastMax-Capgenerallyavoids having unutilizedca-
pacity whenthe overall requestrateis abore 100%. Max-
Capneverunderutilizeghemediumandhigh capacityrepli-
casand causedittle undetutilization of the low capacity
replica.

C. Why Avail-Cap Can Suffer

From the experimentsabore we seethat Avail-Cap can
suffer from severeoscillationevenwhenthe overall request
rateis well belav (e.g.,80%)thetotal maximumcapacities
of the replicas. The reasonwhy Avail-Cap doesnot bal-
anceload well hereis thata vicious cycle is createdwvhere
the available capacityupdateof onereplicaaffectsa sub-
sequenupdateof anothemeplica. This in turn affectslater
allocationdecisionsmadeby nodeswhichin turnaffectlater
replicaupdates.This descriptionbecomesnoreconcretdaf
we considemwhathappensvhenareplicais overloaded.

In Avail-Cap,if areplicabecomesverloadedjt reports
anavailablecapacityof zero. Thisreporteventuallyreaches
all peernodes causingthemto stopredirectingrequestgo
the replica. The exclusionof the overloadedreplicafrom
theallocationdecisionshiftsthe entireburdenof the work-
load to the otherreplicas. This cancauseotherreplicasto
overload and report zero available capacitywhile the ex-
cludedreplica experiencesa sharpdecreasen its utiliza-
tion. This sharpdecreasecauseshe replicato beagin re-
porting positive available capacitywhich begins to attract



requestsagain. Sincein the meantimeotherreplicashave

becomeoverloadedandexcludedfrom the allocationdeci-

sion, the replicareceves a flock of requestswhich cause
it to becomeoverloadedagain. As we obsered, a replica
canexperiencesevereandperiodicoscillationwhereits uti-

lization continuouslyrisesabore its maximumcapacityand
falls sharply

In Max-Cap,if areplicabecomesverloadedthe over
load condition is confinedto that replica. The sameis
true in the caseof underloadedeplicas. Sincethe over
load/underloadsituationsof the replicasare not reported,
they do notinfluencefollow-up LBI updatesof otherrepli-
cas. It is this key propertythat allows Max-Capto avoid
herdbehaior.

Thereare situationshowever whereAvail-Cap performs
well without suffering from oscillation. We next describe
the factorsthat affect the performanceof Avail-Capto get
a clearerpicture of whenthe reactve natureof Avail-Cap
is beneficial (or at leastnot harmful) and whenit causes
oscillation.

D. Factors Affecting Avail-Cap

There are four factorsthat affect the performanceof
Avail-Cap: theinter-updateperiod U, the interrequestpe-
riod R, the amountof time T it takes for all nodesin the
network to receve the latestupdatefrom a replica,andthe
ratio of theoverallrequestateto thetotal maximumcapaci-
tiesof thereplicas.We examinethesdactorsby considering
threecases:

Case 1. U is muchsmallerthanR (U << R), andT
is sufficiently small so that when a replica pushesan up-
date,all nodesn the CUPtreereceve theupdatebeforethe
next requestarrival in the network. In this case Avail-Cap
performswell sinceall nodeshave thelatestload-balancing
informationwheneer they receve arequest.

Case 2: U islongrelatveto R (U > R) andtheoverall
requestrateis lessthanabout60% the total maximumca-
pacitiesof the replicas. (This 60% thresholdis specificto
the particularconfigurationof replicaswe use: 10% low,
60% medium, 30% high. Other configurationshave dif-
ferentthresholdpercentageshat are typically well belov
the total maximumcapacitieof thereplicas.)In this case,
whena particularreplicaoverloads the remainingreplicas
areableto cover the proportionof requestsntendedfor the
overloadedeplicabecausé¢hereis alot of extracapacityin
the system.As aresult, Avail-Cap avoids oscillations. We
seeexperimentalevidencefor this in Sectionlll-E. How-
ever, over-provisioningto have enoughextra capacityin the
systensothatAvail-Capcanavoid oscillationin this partic-
ular caseseemsa high priceto payfor loadstability.

Case 3. Uislongrelatveto R (U > R) andtheover
all requestateis morethanabout60% the total maximum

capacitief thereplicas.In this case aswe obsere in the
experimentsabove, Avail-Cap can suffer from oscillation.
This is becauseevery requestthat arrives directly affects
the available capacityof oneof the replicas. Sincethe re-
guestrateis greatethantheupdaterate,anupdatebecomes
staleshortly afterareplicahaspushedt out. However, the
replicadoesnot inform the nodesof its changingavailable
capacityuntil the endof its currentupdateperiod. By that
point mary requestshave arrived and have beenassigned
usingthe previous, staleavailable capacityinformation.

In Case3, Avail-Cap cansuffer evenif T = 0 andup-
dateswere to arrive at all nodesimmediatelyafter being
issued.Thisis becausell nodeswould simultaneouslyex-
cludeanoverloadedeplicafrom theallocationdecisionun-
til thenext updates issued As T' increaseshestalenessf
thereportonly exacerbateshe performancef Avail-Cap.

In a large peerto-peernetwork (morethan 1000 nodes)
we expectthatT” will beon the orderof secondsincecur
rentpeerto-peemetworkswith morethan1000nodeshave
diametersrangingfrom a handfulto several hops[RF02].
We considerU = 1 secondto be assmall (andaggressie)
an interupdateperiodasis practicalin a peerto-peernet-
work. In facteven onesecondmay be too aggressie due
to theoverheadt generatesThis meanghatwhenparticu-
lar contentexperiencesigh popularity we expectthattypi-
callyU +T >> R. Undersuchcircumstancegvail-Capis
notagoodload-balancinghoice.For lesspopularcontent,
whereU + T < R, Avail-Capis afeasiblechoice,although
it is unclearwhetheroad-balancingcrosghereplicasis as
urgenthere,sincetherequestrateis low.

The performanceof Max-Capis independenbf the val-
uesof U, R, andT. More importantly Max-Capdoesnot
require continuousupdates;replicasissueupdatesonly if
they chooseto re-issuenewn contractsto reportchangesn
theirmaximumcapacitiesThereforewe believe thatMax-
Capis amorepracticalchoicein apeerto-peercontect than
Avail-Cap.

E. Dynamic Replica Set

A key characteristiof peerto-peemetworksis thatthey
aresubjectto constanthangepeernodescontinuouslyen-
ter and leave the system. In this experimentwe compare
Max-Capwith Avail-Capwhenreplicasenterandleave the
system. We presentresultsherefor a Poissonrequestar
rival ratethatis 80% the total maximumcapacitiesof the
replicas.

We presenttwo dynamicexperiments. In both experi-
ments,the network startswith ten replicasand after a pe-
riod of 600 secondsmovementinto andout of the network
begins. In the first experiment,onereplicaleavesandone
replicaentersthe network every 60 secondsin the second
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andmuchmoredynamicexperimentfivereplicasleave and
five replicasenterthe network every 60 secondsTherepli-
casthatleave arerandomlychosen.Thereplicasthatenter
the network enterwith maximumcapacitiesof 1, 10, and
100with probability of 0.10,0.60,and0.30respectiely as
in theinitial configuration.This meanghatthe total maxi-
mum capacitiesof the active replicasin the network varies
throughoutthe experiment,dependingon the capacitiesof
theenteringreplicas.

Figures5a and 5b shawv for the first dynamic experi-
ment the utilization of actve replicasthroughouttime as
obsered for Avail-Cap and Max-Cap. Note that points
with zeroutilization indicatenewly enteringreplicas. The
jaggedline plotstheratio of the currentsum of maximum
capacitiesn thenetwork, S., to theoriginal sumof max-
imum capacities,S,;4. With eachchangein the replica
set,thereplicautilizationsfor both Avail-CapandMax-Cap
change.Replicautilizationsrise when S, falls andvice
versa.

Fromthefigurewe seethatbetweertimes1000and1820,
Securr 1S betweenl.75and2 times S,;4, andis morethan
doublethe overall workloadrequestate. During this time
period, Avail-Cap performswell becausehe workload is
not very demandingand thereis plenty of extra capacity
in the system(Case2 abore). However, whenat time 1940
Securr fallsbackto S,,;4, we seethatbothalgorithmsexhibit

the samebehaior asthey do at the start. Max-Capadjusts
nicely andclustersreplicautilization at around80%, while
Avail-Capstartsto suffer again.

Figuresbc and5d shaw the utilization scatterplofor the
seconddynamicexperiment.We seethatchanginghalf the
replicasevery 60 secondsandramaticallyaffect S.,,. For
example,when S, dropsto 0.25,,;, attime 2161, we
seethe utilizationsrise dramaticallyfor both Avail-Capand
Max-Cap. This is becausealuring this periodthe workload
requestrateis four timesthat of S.,,.. However by time
2401, Scurr hasrisento 1.25,.;, which allows for both
Avail-CapandMax-Capto adjustanddecreaseeplicaover-
load. At the next replicasetchangeat time 2461, S.,»
equalsS,,i4. During the next minutewe seethatMax-Cap
overloadsveryfew replicaswhereadAvail-Capdoesnotad-
justwell.

Thesedynamicexperimentsshav two things;first, when
the workloadis not very demandingandthereis plenty of
extracapacitythebehaior of Avail-Capcomestloseto that
of Max-Cap. However, Avail-Cap suffers more as overall
capacitydecreasesSecond Avail-Capis affectedmore by
short-lved decreases total maximumcapacitythanMax-
Cap.Thisis becaus¢hereactve natureof Avail-Capcauses
it to adaptabruptly to any changesin capacities. From
the experiments,we concludethatin a dynamicenviron-
mentsuchasa peerto-peernetwork, Max-Capis the better



choice.
F. Extraneous Load

As we have shavn abore, whenreplicascanhonortheir
maximum capacities Max-Cap avoids the oscillation that
Avail-Capcansufer, anddoessowith no updateoverhead.
Occasionallysomereplicasmay not be ableto honortheir
maximumcapacitiedbecausef extraneous load causedhy
otherapplicationgunningonthereplicasor network condi-
tionsunrelatedo the contentrequestvorkload.

To dealwith the possibility of extraneoudoad, we mod-
ify the Max-Capalgorithm slightly to work with honored
maximumcapacity which is maximumcapacityminusthe
extraneousload a replica is experiencing. A peernode
chooses replicato forwarda contentrequesto with prob-
ability proportionalto the honoredmaximumcapacity

We view the honoredmaximumcapacityreportedby a
replicaA asa contract. If A cannotadhereto its contract
or hasextra capacityto give, anddoesnot reportthe deficit
or surplus,then A alonewill be affectedandmay be over
loadedor underloadedsinceit will be receving a request
sharethatis proportionalto its previous adwertisedhonored
maximumcapacity

If, on the otherhand,replica A choosedo issuea new
contractwith the new honoredmaximumcapacity thenthis
can causea portion of A’s workloadto shift to the other
replicas. This shift however doesnot affect the contracts
of the otherreplicas. The contractof anotherreplicaB is
only affectedby the extraneoudoad experiencedby B. In
contrastjn Avail-Captheavailablecapacityreportecby one
replicadirectly affectsthe available capacitieseportedby
theothers.

In experimentswherewe inject extraneoudoad into the
replicas,we have foundthatthe performancesf Max-Cap
andAvail-Caparesimilarto thoseseerin thedynamicrepli-
casexperimentgRB03b]. This is becausavhena replica
adwertisesa new honoredmaximumcapacity it behaesas
if that replicawere leaving and being replacedby a new
replicawith a differentmaximumcapacity

IV. RELATED WORK

Load-balancinchasbeenthe focus of mary studiesde-
scribedin the distributed systemditerature. In the interest
of spacewe describeprevioustechniquegshatcould be ap-
plied in a peerto-peercontet. Othertechniqueghat can-
not be directly appliedin a peerto-peercontet suchas
task handof throughredirection(e.g.,[CCY99], [AY196],
[ABOQ]) or procesamigration(e.g.,[LL96]) from heaily-
loadedto lightly-loadedsenersin a clusteraredescribedn
the extendedversionof this papefRBO03b].

Of the algorithmsbasedon load, a very commonap-
proachto performingload-balancings to choosehesener

with the leastreportedioad from amonga set of seners.
This approachperformswell in a homogeneousystem
wherethe taskallocationis performedusing completeup-
to-dateload information [Web78], [Win77]. In a system
where multiple dispatchersare independentlyperforming
the allocation of tasks, this approachhowever has been
shawvn to behae badly, especiallyif loadinformationused
is stale[ELZ86], [MTS89], [Mit97], [SKS92].

Dahlin [Dah99] proposedoad interpretation algorithms
which take into accountthe age(stalenessdf the load in-
formationreportedoy eachof a setof distributedhomoge-
neoussenersaswell asanestimateof therateatwhich new
requestsarrive at the whole systemto determineto which
senerto allocatearequest.

Many studieshave focusedon the stratgy of using a
subsetof the load information available. This involves
first randomly choosinga small number &k, of homoge-
neousseners and then choosingthe leastloaded sener
from within thatset[Mit], [ELZ86], [VDK96], [ABKU94],
[KLH92], [GCOO0]. In particular for homogeneousystems,
MitzenmachefMit] studieshetradeofs of variouschoices
of k andvariousdegreesof stalenessf loadinformationre-
ported.As thedeggreeof stalenesincreasessmallervalues
of k arepreferable.

Of the algorithms based on available capacity one
commonapproachhas beento chooseamongsta set of
seners basedon the available capacity of each sener
[2YZ 98] or the available bandwidthin the network to
eachsener [CC97]. The sener with the highestavail-
able capacity/bandwidthis chosenby a client with a re-
quest. The assumptiorhereis that the reportedavailable
capacity/bandwidthwill continueto be valid until the cho-
sensener hasfinishedservicingtheclient's request.

Anotherapproachs to excludesenersthatfail someuti-
lizationthresholdandto choosd€rom theremainingseners.
Mirchandang etal. [MTS90] andShivaratrietal. [SKS92]
classifymachinesaslightly-utilized or heavily-utilized and
thenchooseaandomlyfrom thelightly-utilized seners. This
work focuseson local-areadistributed systems.Colajanni
etal. usethis approacho enhanceound-robinDNS load-
balancingacrossa setof widely distributed heterogeneous
web seners [CYC98]. The maximum capacitiesof the
most capableseners are at most a factor of threethat of
theleastcapableseners. As we seein Sectionlll-A, when
appliedin the context of a peerto-peernetwork wherethe
maximumcapacitieof thereplicascandiffer by two orders
of magnitude,excluding a servingnodetemporarilyfrom
theallocationdecisioncanresultin wild load oscillation.

V. CONCLUSIONS

In this paperwe examinethe problemof load-balancing
in a peerto-peernetwork wherethe goal is to distribute



the demandfor a particular contentfairly acrossthe set
of replica nodesthat sene that content. Existing load-
balancingalgorithmsproposedin the distributed systems
literaturearenotappropriatdor a peerto-peemetwork. Al-
gorithmsbasedpurely on load do not handlepeerhetero-
geneityandalgorithmsbasedon availablecapacitycansur
prisingly suffer from wild load oscillationseven whenthe
workloadrequestrateis aslow as60% of the total maxi-
mumcapacitieof replicas.Thesdoadoscillationsresultin
unutilizedcapacity

We proposeandevaluateMax-Cap,a practicalalgorithm
for load-balancing. Max-Cap handlesheterogeneityyet
doesnot suffer from oscillationseven asthe workloadrate
approached.00% of the total maximum capacitiesof the
replicas. It adjustsbetterto very large fluctuationsin the
workload and constantlychangingreplicasets. Moreover,
Max-Capincursmuchlessoverhead sincethe contractis-
suedby onereplicais independenbf the contractsissued
by others. In fact, if replicasrarely chooseto changecon-
tracts,Max-Capincursnearzerooverheadegardles®f the
network size. We believe this makes Max-Cap a practi-
calandelggantalgorithmfor load-balancingn peerto-peer
networks.
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APPENDIX |
THE CUP ProOTOCOL

In this appendixwe briefly describehow we leveragethe
CUP protocol[RB03a]to studytheload-balancingproblem
in a peerto-peercontet. CUP is a protocolfor maintain-
ing cache®f index entriesin peerto-peemetworksthrough
Controlled Update Propagation. We describehow CUP
works over structuredpeerto-peernetworks. In suchnet-
works, lookup queriesfor particularcontentfollow a well-
definedpath from the queryingnodetoward an authority
node, whichis guaranteedo know the locationof the con-
tentwithin thenetwork [RFHT01], [RDO1], [SMKT01].

In CUPevery nodein the peerto-peemetwork maintains
two logical channelsper neighbor: a query channeland
an updatechannel. The query channelis usedto forward
lookupqueriesfor contentof interestto the neighborthatis
closestto the authority nodefor that content. The update
channels usedto forward queryresponseasynchronously
to a neighbor Thesequeryresponsesontainsetsof index
entriesthat point to nodesholding the contentin question.
Theupdatechannelis alsousedto updatetheindex entries
thatarecachecdatthe neighbor

Figure 6 shavs a snapshobf CUP in progressn a net-
work of seven nodes.The four logical channelsareshavn
betweeneachpair of nodes. The left half of eachnode
shaws the set of contentitems for which the nodeis the
authority Theright half shavs the setof contentitemsfor
which the nodehascachedndex entriesasa resultof han-
dling lookup queries.For example,nodeA is the authority
nodefor contentK'3 andnodesC,D,E,F, andG have cached
index entriesfor contentK 3. The procesf queryingand
updatingindex entriesfor a particularcontentk forms a
CUP treewhoseroot is the authority nodefor contentK.
The branchef the tree are formed by the pathstraveled
by lookup queriesfrom othernodesin the network. For ex-
ample,in Figure6, nodeA is the root of the CUP treefor
K3 andbranch{F,D,C,A} hasgrown asaresultof alookup
queryfor K3 atnodeF.

It is theauthoritynodeA for contentK 3 whichis guaran-
teedto know thelocationof all nodescalledcontent replica
nodes or simply replicas, that sene contentK3. Replica
nodesfirst sendbirth messages$o authority A to indicate
they areservingcontentK'3. They may alsosendperiodic
refresheor invalidationmessage® A to indicatethey are
still servingor no longer servingthe content. A thenfor-
wardson ary birth, refreshor invalidation messages re-
ceives,which are propagatedlovn the CUP treeto all in-
terestechodesn thenetwork. For example,in Figure6 ary
updatemessages$or index entriesassociatedvith content
K3 thatarrive at A from replicanodesareforwardeddown
the K3 CUPtreeto C atlevel 1, D andE atlevel 2, andF
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andG atlevel 3.

We canleverageCUP to propagataupdatedor a variety
of metadatajncluding load balancinginformationsuchas
replicaload or available capacityto interestedpeernodes
throughouthe overlay network. Thesepeernodescanthen
usethisinformationwhenchoosingo whichreplicaaclient
requesshouldbeforwarded.

APPENDIX I
INV-LOAD AND HETEROGENEITY

In this appendix,we examinethe performanceof Inv-
Loadin a heterogeneouseerto-peerervironment.We use
a fairly shortinterupdateperiod of one second,which is
quite aggressie in a large peerto-peernetwork. We have
ten replica nodesthat sene the contentitem of interest,
andwe generataequestratesfor thatitem accordingto a
Poissorprocesswith arrival ratethatis 80%the total max-
imum capacitief thereplicas. Undersucha workload,a
goodload-balancinglgorithmshouldbeableto avoid over
loadingsomereplicaswhile underloadingpthers.Figure7a
shawvs a scatterplotof how the utilization of eachreplica
proceedswith time whenusing Inv-Load. We defineuti-
lization astherequestarrival rateobsered by a replicadi-
videdby themaximumcapacityof thereplica.In thisgraph,
we do not distinguishamongpoints of differentreplicas.
We seethatthroughouthe simulation,atary pointin time,
somereplicasare severely overutilized (over 250%) while
othersarelightly underutilizedlaround25%).

Figure 7b shaws for eachreplica, the percentagef all
recevedrequestshatarrive while thereplicais overloaded.
This measuremengivesa true picture of how well a load-
balancingalgorithmworks for eachreplica. In Figure 7b,
thereplicasthatreceve almost1l00%of theirrequestsvhile
overloaded(i.e., replicas 0-6) are the low and medium-
capacityreplicas. The replicasthat receve almostno re-
guestswhile overloaded(i.e., replicas7-9) are the high-
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capacityreplicas. We seethat Inv-Load penalizeshe less
capablereplicaswhile giving the high-capacityreplicasan
easytime.

Inv-Load s designedo performwell in a homogeneous

environment. When appliedin a heterogeneousrviron-
ment suchas a peerto-peernetwork, it fails. As we see
in Sectionlll-A, Max-Capis muchbettersuitedfor hetero-
geneougrvironments.Moreover, anicebonusis thatMax-
Cap hasbetterload-balancingoerformancehan Inv-Load
evenin ahomogeneousrvironment. For moredetails,see
the extendedversionof this papefRBO03b].
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