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Abstract—
This paper studies the problem of load-balancing the de-

mand for content in a peer-to-peer network acrosshetero-
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 observed at the
serving entities. We show that thesetechniquesdo not work
well in the peer-to-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 show that
unlik e previous algorithms, it is not tied to the timelinessor
fr equencyof updates,and consequentlyrequiressignificantly
lessupdate overhead. Yet, Max-Cap can handle the hetero-
geneityof a peer-to-peer envir onmentwithout suffering fr om
load oscillations.

[Non-studentstatus;Regular presentation]

I . INTRODUCTION

Peer-to-peernetworks arebecominga populararchitec-
turefor contentdistribution. Thebasicpremisein suchnet-
worksis thatany oneof asetof “replica” nodescanprovide
therequestedcontent,increasingtheavailability of interest-
ing contentwithout requiringthepresenceof any particular
servingnode.

Many peer-to-peernetworkspushindex entriesthrough-
out theoverlaypeernetwork in responseto lookupqueries
for specificcontent[gnu], [RFH� 01], [RD01], [SMK � 01].
Theseindex entriespoint to the locationsof replicanodes
wherethe particularcontentcan be served, and are typi-
cally cachedfor a finite amountof time, after which they
are consideredstale. Until now, however, therehasbeen
little focuson how an individual peernodeshouldchoose
amongthereturnedindex entriesto forwardclient requests.

One reasonfor consideringthis choice is load balanc-
ing. Somereplica nodesmay have more capacityto an-
swer queriesfor contentthan others,and the systemcan
serve contentin a moretimely mannerby directingqueries
to morecapablereplicanodes.

In this paperwe explore the problemof load-balancing
the demandfor content in a peer-to-peernetwork. This

problem is challengingfor several reasons. First, in the
peer-to-peercasethereis nocentralizeddispatcherthatper-
forms the load-balancingof requests;eachpeernodeindi-
vidually makesits own decisionon how to assignincoming
requeststo replicas. Second,nodesdo not typically know
the identitiesof all other peernodesin the network, and
thereforethey cannotcoordinatethis decisionwith those
othernodes.Finally, replicanodesin peer-to-peernetworks
arenot necessarilyhomogeneous.Somereplicanodesmay
be very powerful with greatconnectivity, whereasothers
may have limited inherentcapacityto handlecontentre-
quests.

Previous load-balancingtechniquesbasetheir decisions
on periodic or continuousupdatescontaininginformation
on load or available capacity. We refer to this information
asload-balancinginformation(LBI). Thesetechniqueshave
not beendesignedwith peer-to-peernetworks in mind and
thus�

do not take into accountthe heterogeneityof peer
nodes(e.g.,[GC00], [Mit97], or�
usetechniquessuchasmigrationor handoff of tasks
(e.g.,[LL96]) that requireclosecoordinationamongst
servingentitiesthat cannotbe achieved in a peer-to-
peerenvironment,or�
suffer from significantload oscillations,or “herd be-
havior” [Mit97], wherepeernodessimultaneouslyfor-
ward an unpredictablenumberof requeststo replicas
with low reportedload or high reportedavailableca-
pacitycausingthemto becomeoverloaded.This herd
behavior defeatstheattemptto provideload-balancing.

Most of thesetechniquesalsodependon the timeliness
of LBI updates.The wide-areanatureof peer-to-peernet-
worksandthevariationin transferdelaysamongpeernodes
makesguaranteeingthetimelinessof updatesdifficult. Peer
nodeswill experiencevarying degreesof stalenessin the
LBI updatesthey receive dependingon their distancefrom
the sourceof updates. Moreover, maintainingthe timeli-
nessof LBI updatesis alsocostly, sinceall updatesmust
travel acrosstheInternetto reachinterestedpeernodes.The
smallerthe inter-updateperiod and the larger the overlay
peernetwork, the greaterthe network traffic overheadin-
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curredby LBI updates.Therefore,in a peer-to-peerenvi-
ronment,an effective load-balancingalgorithmshouldnot
becritically dependenton thetimelinessof updates.

In this paper we proposea new and practical load-
balancingalgorithm,Max-Cap,thatmakesdecisionsbased
on the inherentmaximumcapacitiesof the replicanodes.
We definemaximumcapacityasthe maximumnumberof
contentrequestsper time unit that a replica claims it can
handle. Alternative measuressuchasmaximum(allowed)
connectionscanbe used.The maximumcapacityis like a
contractby which thereplicaagreesto abide.If thereplica
cannotsustainits advertisedrate,thenit maychooseto ad-
vertisea new maximumcapacityto avoid overload. Max-
Cap is not tied to the timelinessor frequency of LBI up-
dates,andasa result,whenappliedin a peer-to-peerenvi-
ronment,outperformsalgorithmsbasedon loador available
capacity, whosebenefitsareheavily dependenton thetime-
linessof theupdates.

We show that Max-Cap takes peernode heterogeneity
into accountunlike algorithmsbasedon load. While algo-
rithms basedon availablecapacitytake heterogeneityinto
account,we show that surprisingly, they can suffer from
significantloadoscillationsin apeer-to-peernetwork in the
presenceof small fluctuationsin the workload,even when
the workload requestrate is well below (as low as 60%)
the total maximumcapacitiesof the replicas.On theother
hand,Max-Capavoids overloadingreplicasin suchcases
andis moreresilientto very largefluctuationsin workload.
This is becausea key advantageof Max-Capis that it uses
informationthatis notaffectedby changesin theworkload.

In a peer-to-peerenvironmenttheexpectationis that the
setof participatingnodeschangesconstantly. Sincereplica
arrivals to and departuresfrom the peer network can af-
fect the informationcarriedin LBI updates,we alsocom-
pareMax-Capagainstavailability-basedalgorithmswhen
the set of replicascontinuouslychanges. We show that
Max-Capis lessaffectedby changesin thereplicasetthan
theavailability-basedalgorithms.

Weevaluateload-basedandavailability-basedalgorithms
andcomparethemwith Max-Cap. We usethe Controlled
UpdatePropagation(CUP) protocol[RB03a] to propagate
theLBI updatesrequiredby thesealgorithms.LBI updates
arepropagatedfrom replicanodesservingparticularcontent
down aconceptualtree,similar to anapplication-level mul-
ticasttree. The verticesof this treearepeernodesreceiv-
ing requestsfor that content. The peernodesusethe LBI
updateswhenchoosingto which replicato forwarda client
request.Sincethespecificpropagationsemanticsarenotes-
sentialto ourcentralfocusof comparingtheload-balancing
algorithmsthemselves,wedeferdiscussionof thedetailsof
thepropagationmechanismto AppendixI.

Therestof this paperis organizedasfollows. SectionII
introducesthe algorithmscompared. SectionIII presents
experimentalresultsshowing thatin apeer-to-peerenviron-
ment,Max-Capoutperformstheotheralgorithmsanddoes
sowith muchlessor no overhead.SectionIV describesre-
latedwork, andSectionV concludesthepaper.

I I . THE ALGORITHMS

We evaluate two different algorithms, Inv-Load and
Avail-Cap. Eachrepresentsa differentclassof algorithms
thathasbeenproposedin thedistributedsystemsliterature.
We study how thesealgorithmsperform when applied in
apeer-to-peercontext andcomparethemwith ourproposed
algorithm,Max-Cap.Thesethreealgorithmsdependondif-
ferent LBI being propagated,but their overall goal is the
same: to balancethe demandfor a specificpieceof con-
tent fairly acrossthesetof replicasproviding that content.
In particular, thealgorithmshouldavoid overloadingsome
replicaswhile underloadingothers,especiallywhentheag-
gregatecapacityof all replicasis sufficient to handlethe
contentrequestworkload. Moreover, thealgorithmshould
prevent individual replicasfrom oscillatingbetweenbeing
overloadedandunderloaded.

Oscillation is undesirablefor two reasons.First, many
applicationslimit the numberof requestsa host can have
outstanding.This meansthatwhena replicanodeis over-
loaded,it will drop requestsit receives. This forces the
requestingclient (or user)to resendits requestwith addi-
tional network delay which hasa negative impact on re-
sponsetime. Even for applicationsthat allow requeststo
be queuedwhile a replica nodeis overloaded,the queue-
ing delay incurredwill also increasethe averageresponse
time. Second,in a peer-to-peernetwork, the issueof fair-
nessis sensitive. Theownersof replicanodesarelikely not
towanttheirnodestobeoverloadedwhileothernodesin the
network areunderloaded.An algorithmthatcanfairly dis-
tributetherequestworkloadwithout causingreplicasto os-
cillatebetweenbeingoverloadedandunderloadedis prefer-
able.

Wedescribeeachof thealgorithmswe evaluatein turn:
Inv-Load: Allocation Proportional to Inverse Load.

Therearemany load-balancingalgorithmsthatbasetheal-
locationdecisionon the load observed at andreportedby
eachof theservingentities(seeRelatedWork SectionIV).
Therepresentative load-basedalgorithmweexamineis Inv-
Load, basedon the algorithm presentedby Genova et al.
[GC00]. In a homogeneousenvironment, this algorithm
hasbeenshown to performaswell asor betterthanother
load-basedalgorithms.In this algorithm,eachpeernodein
thenetwork choosesto forward a requestto a replicawith
probability inverselyproportionalto the load reportedby
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the replica.� This meansthat the replicawith the smallest
reportedload(asof thelastreportreceived)will receive the
mostrequestsfrom thenode.Loadis definedasthenumber
of requestarrivalsat thereplicaper time unit. Otherpossi-
ble loadmetricsincludethenumberof requestconnections
openat the replicaat reportingtime [AB00] or the request
queuelengthat thereplica[Dah99].

Whenappliedin a heterogeneousenvironmentsuchasa
peer-to-peernetwork, Inv-Load fails. This is intuitive be-
causeInv-Load doesnot distinguishbetweenreplicasob-
servingthesameloadbut having differentmaximumcapac-
ities. For completenessonly, weverify thisintuition with an
experimentin AppendixII.

WehaveconsideredvaryingInv-Loadto takeheterogene-
ity into accountwith a weightingschemebasedon maxi-
mumcapacity. Wefind thattheresultsfor this variationare
identical to thoseof Avail-Capwhich is the algorithmwe
considernext. For this reason,wedonotconsiderInv-Load
norweightedInv-Loadin theremainderof thepaper.

Avail-Cap: Allocation Proportional to Available Capac-
ity. In this algorithm,eachpeernodechoosesto forward
a requestto a replica with probability proportionalto the
availablecapacityreportedby thereplica.Availablecapac-
ity is the maximumrequestrate a replica can handlemi-
nustheload(actualrequestrate)experiencedat thereplica.
This algorithmis basedon thealgorithmproposedby Zhu
et al. [ZYZ � 98] for load sharingin a clusterof heteroge-
neousservers. Avail-Captakes into accountheterogeneity
becauseit distinguishesbetweennodesthatexperiencethe
sameloadbut have differentmaximumcapacities.

Intuitively, Avail-Capseemslike it shouldwork; it han-
dles heterogeneityby sendingmore requeststo the repli-
casthatarecurrentlymorecapable.Replicasthatareover-
loadedreportanavailablecapacityof zeroandareexcluded
from the allocation decisionuntil they once more report
a positive available capacity. Surprisingly, this exclusion
causesAvail-Capto suffer from wild loadoscillations(Sec-
tion III-A).

Both Inv-LoadandAvail-Capimplicitly assumethat the
load or available capacity reportedby a replica remains
roughlyconstantuntil thenext report.Sinceboththesemet-
rics are directly affectedby changesin the requestwork-
load,both algorithmsrequirethat replicasperiodicallyup-
datetheir LBI. (We assumereplicasarenot synchronized
in whenthey sendreports.)Decreasingtheperiodbetween
two consecutive LBI updatesincreasesthefreshnessof the
LBI at a costof higheroverhead,measuredin numberof
updatespushedthrough the peer-to-peer network. This
overheadis exacerbatedwith increasingnetwork size. In
largepeer-to-peernetworks,theremaybeseveralhopsover
which updateswill have to travel, and the time to do so

couldbeon theorderof seconds.
Max-Cap: Allocation Proportional to Maximum Capac-

ity. Thisis thealgorithmwepropose.In thisalgorithm,each
peernodechoosesto forward a requestto a replica with
probability proportionalto the maximum capacityof the
replica. The maximumcapacityis a contracteachreplica
advertises indicating the number of requeststhe replica
claims to handleper time unit. Unlike load andavailable
capacity, themaximumcapacityof a replicais not affected
by changesin the requestworkload. Therefore,Max-Cap
doesnot dependon the timelinessof LBI updates.In fact,
replicasonly pushupdateswhenthey chooseto advertisea
new maximumcapacity. Thischoicedependsonextraneous
factorsthat areunrelatedto andindependentof the work-
load(seeSectionIII-F). If replicasrarelychooseto change
contracts,Max-Capincurs near-zero overhead. We show
that this independenceof the timelinessand frequency of
LBI updatesmakesMax-Cappracticalandelegantfor use
in peer-to-peernetworks.

I I I . EXPERIMENTS

In this sectionwe describeexperimentsthatmeasurethe
ability of theAvail-CapandMax-Capalgorithmsto balance
requestsfor contentfairly acrossthe replicasholding the
content.Wesimulateacontent-addressable network (CAN)
[RFH� 01] usingthe StanfordNarsessimulator[MGB01].
In eachof theseexperiments,requestsfor a singlepieceof
contentare postedat nodesthroughoutthe CAN network
for 3000seconds.UsingtheCUPprotocol[RB03a]briefly
summarizedin AppendixI, apeernodethatreceivesacon-
tentrequestfromalocalclientretrievesasetof index entries
pointingto replicanodesin thenetwork thatserve thecon-
tent. The peernodeappliesa load-balancingalgorithmto
chooseoneof thereplicanodes.It thenpointstheclient at
thechosenreplica.

Thesimulationinput parametersinclude: thenumberof
nodesin the overlay peer-to-peernetwork, the numberof
replicanodesholdingthecontentof interest,themaximum
capacitiesof the replicanodes,the distribution of content
requestinter-arrival times,andtheLBI updateperiod,which
is theamountof time eachreplicawaitsbeforesendingthe
next LBI updatefor theAvail-Capalgorithm.

Weassignmaximumcapacitiesto replicanodesby apply-
ing resultsfrom recentwork thatmeasuredtheuploadcapa-
bilities of nodesin Gnutellanetworks[SGG02].This work
hasfound that for the Gnutellanetwork measured,around
10%of nodesareconnectedthroughdial-upmodems,60%
areconnectedthroughbroadbandconnectionssuchascable
modemor DSL wheretheuploadspeedis aboutten times
thatof dial-upmodems,andtheremaining30%have high-
endconnectionswith uploadspeedat least100 timesthat
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Fig. 1. ReplicaUtilization versusTime for (a)Avail-Cap,(b) Max-Cap.

of dial-upmodems.Thereforewe assignmaximumcapac-
ities of 1, 10, and 100 requestsper secondto nodeswith
probabilityof 0.1,0.6,and0.3,respectively.

In all theexperimentswe presentin this paper, thenum-
berof nodesin thenetwork is 1024,eachof which individ-
ually decideshow to assignincoming contentrequeststo
the replicanodes.We usebothPoissonandParetorequest
inter-arrival distributions,bothof whichhavebeenfoundto
hold in peer-to-peernetworks[Cao02],[Mar02].

First, we compareAvail-Capwith Max-Capfor Poisson
arrivalsandshow thatwhile Avail-Captakesreplicahetero-
geneityinto account,it cansuffer from significantloados-
cillationscausedby evensmallfluctuationsin theworkload.
Second,we compareMax-Capwith Avail-Cap for bursty
Paretoarrivals.Wethenexplainwhy Avail-Capsuffers.We
alsocomparethe effect on the performancesof Avail-Cap
and Max-Capwhen replicascontinuouslyenterand leave
the system. Finally, we considerthe effect on Max-Cap
whenreplicascannotalwayshonor their advertisedmaxi-
mumcapacitiesbecauseof significantextraneousload.

A. Poisson Request Arrivals

We first compareAvail-Capwith Max-Capfor anexper-
iment with ten replicaswith a Poissonrequestarrival rate
of 80%thetotalmaximumcapacitiesof thereplicas.Under
sucha workload,a good load-balancingalgorithmshould
beableto avoid overloadingsomereplicaswhile underload-
ing others.For Avail-Cap,we useaninter-updateperiodof
onesecond,whichis quiteaggressive in alargepeer-to-peer
network. For Max-Cap,thisparameteris inapplicablesince
replica nodesdo not sendupdatesunlessthey experience
extraneousload(seeSectionIII-F).

Figure1 showsascatterplotof how theutilizationof each
replicaproceedswith timefor Avail-CapandMax-Cap.We
defineutilization as the requestarrival rateobserved by a
replicadividedby themaximumcapacityof thereplica. In
this graph,we do not distinguishamongpoints of differ-
ent replicas.We seethat Avail-Capconsistentlyoverloads

somereplicaswhile underloadingothers.In contrast,Max-
Captendsto clusterreplicautilization at around80%. We
ranthisexperimentwith arangeof Poissonarrival ratesand
found similar resultsfor ratesthat were60-100%the total
maximumcapacitiesof thereplicas.Avail-Capconsistently
overloadssomereplicaswhile underloadingotherswhereas
Max-Capclustersreplicautilization at aroundX% utiliza-
tion, whereX is theaverageoverall requestratedividedby
thetotalmaximumcapacitiesof thereplicas.

It turnsout that in Avail-Cap,unlike Inv-Load, it is not
thesamereplicasthatareconsistentlyoverloadedor under-
loadedthroughouttheexperiment.Instead,from oneinstant
to thenext, individual replicasoscillatebetweenbeingover-
loadedandseverelyunderloaded.Wecanseeasamplingof
this oscillationby looking at the utilizationsof someindi-
vidualreplicasovertime. In Figure2,weplot theutilization
overaoneminuteperiodin theexperimentfor arepresenta-
tive replicafrom eachof the replicaclasses(low, medium,
andhigh maximumcapacity).We alsoplot theratio of the
overall requestrateto the total maximumcapacitiesof the
replicasandthe line ���
	 showing 100%utilization. We
seethat for all replicaclasses,Avail-Capsuffers from sig-
nificant oscillation when comparedwith Max-Capwhich
causeslittle or no oscillation above the 100% utilization
line. This behavior occursthroughouttheexperiment.

Figure 3 shows for eachreplica, the percentageof re-
ceived requeststhat arrive while the replica is overloaded
for a seriesof ten experiments,eachwith ten replicas,for
Avail-CapandMax-Caprespectively. On thex-axiswe or-
der replicasaccordingto maximumcapacity, with the low-
capacityreplicasplottedfirst (replicaIDs 1 through10),fol-
lowedby themedium-capacityreplicas(replicaIDs 11-70),
followedby thehigh-capacityreplicas(replicaIDs 71-100).

Avail-Capwith aninter-updateperiodof onesecond(Fig-
ure3a)causesmuchhigherpercentagesthanMax-Cap(Fig-
ure 3c) Avail-Cap also causesfairly even percentagesat
around40%. This canbe explainedby looking at the os-
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Fig. 2. ReplicaUtilization versusTime, for representative low, medium,andhigh capacityreplicas. Top graphsshow Avail-Cap,
bottomshow Max-Cap.
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Fig. 3. PercentageOverloadedRequestsversusReplicaID, Tenexperiments.We show Avail-Capwith an inter-updateperiodof 1
and10seconds,andMax-Capwhichhasno inter-updateperiod.

cillations observed by replicasin Figure2. In Avail-Cap,
eachreplicais overloadedfor roughly thesameamountof
time regardlessof whetherit is a low, medium or high-
capacityreplica. This meansthatwhile eachreplicais get-
ting thecorrectproportionof requests,it is receiving them
at thewrongtime andasa resultall thereplicasexperience
roughlythesameoverloadedpercentages.

Theperformanceof Avail-Capis highly dependentonthe
inter-updateperiod used. As we increasethe period and
availablecapacityupdatesgrow morestale,theperformance
of Avail-Capsuffersmore.As anexample,in Figure3b,we
show theoverloadedrequestpercentagesin thesameseries
of ten experimentsfor Avail-Capwith an inter-updatepe-
riod of tenseconds.Theoverloadedpercentagesjumpupto
about80%acrossthereplicas.

Max-Cap(Figure3c) exhibits a step-like behavior with
thelow-capacityreplicashaving thehighestoverloadedper-

centages,followed by the mediumcapacityreplicas,and
thenthehigh-capacityreplicaswhicharenever overloaded.
This stepbehavior occursbecausethelower-capacityrepli-
cashave lesstolerancefor noisein the randomcoin tosses
thenodesperformwhile assigningrequests.They alsohave
lesstolerancefor small fluctuationsin the requestrate. As
a result,lower-capacityreplicasareoverloadedmoreeasily
thanhigher-capacityreplicas.We alsoseethis in Figure2
wherefor Max-Cap,replicaswith lower maximumcapac-
ity areoverloadedfor moretime thanreplicaswith higher
maximumcapacity.

In a peer-to-peerenvironment,we argue that Max-Cap
is a morepracticalchoicethanAvail-Cap. First, Max-Cap
typically incursno overhead.Second,Max-Capcanbetter
handlerequestratesthatarebelow 100%thetotalmaximum
capacitiesof thereplicasandcanhandlesmallfluctuations
in theworkloadasaretypical in Poissonarrivals.
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Fig. 4. RepresentativeReplicaUtilization versusTime,Paretoarrivals.Top graphsshow Avail-Cap,bottomshow Max-Cap.

A questionremainingis how doAvail-CapandMax-Cap
comparewhen workload ratesfluctuatebeyond the total
maximumcapacitiesof the replicas?Sucha scenariocan
occurfor examplewhenrequestsarebursty, aswheninter-
requestarrival timesfollow aParetodistribution. Weexam-
ine Paretoarrivalsnext.

B. Pareto Request Arrivals

Recent work has observed that in some peer-to-peer
networks, requestinter-arrivals exhibit burstinesson sev-
eral time scales[Mar02], making the Pareto distribution
a good candidatefor modeling theseinter-arrival times.
Paretorequestarrivalsarecharacterizedby frequentandin-
tenseburstsof requestsfollowedby idle periodsof varying
lengths[PF95]. During the bursts,the averagerequestar-
rival ratecanbemany timesthe total maximumcapacities
of the replicas. We presenta representative experimentin
which theParetoshapeparameter
 andscaleparameter�
are1.1and0.000346respectively. Theseparticularsettings
causeburstsof up to 230%the total maximumcapacities
of thereplicas.With suchintensebursts,no load-balancing
algorithmcanbeexpectedto keepreplicasunderloaded.In-
stead,thebestanalgorithmcando is to avoid underloading
someof thereplicasandleaving unutilizedcapacity.

In Figure4, we plot the samerepresentative replicauti-
lizationsoveraoneminuteperiodin theexperimentfor this
Paretoexperiment.We alsoplot theratio of theoverall re-
questrate to the total maximumcapacitiesas well as the����	������ utilization line. From the figure we seethat
Avail-Capsuffers from muchwilder oscillationthanMax-
Cap,causingmuchhigherpeaksandlowervalleysin replica

utilization than Max-Cap. Even when the overall request
rateis above 100%of the total maximumcapacities,there
aretimeswhenthe replicasin Avail-Capareunderloaded.
In contrast,Max-Capgenerallyavoidshaving unutilizedca-
pacity whenthe overall requestrateis above 100%. Max-
Capneverunderutilizesthemediumandhighcapacityrepli-
casand causeslittle under-utilization of the low capacity
replica.

C. Why Avail-Cap Can Suffer

From the experimentsabove we seethat Avail-Capcan
suffer from severeoscillationevenwhentheoverall request
rateis well below (e.g.,80%)thetotalmaximumcapacities
of the replicas. The reasonwhy Avail-Cap doesnot bal-
anceloadwell hereis thata viciouscycle is createdwhere
the availablecapacityupdateof one replicaaffectsa sub-
sequentupdateof anotherreplica. This in turn affectslater
allocationdecisionsmadeby nodeswhichin turnaffectlater
replicaupdates.This descriptionbecomesmoreconcreteif
we considerwhathappenswhena replicais overloaded.

In Avail-Cap,if a replicabecomesoverloaded,it reports
anavailablecapacityof zero.Thisreporteventuallyreaches
all peernodes,causingthemto stopredirectingrequeststo
the replica. The exclusionof the overloadedreplica from
theallocationdecisionshiftstheentireburdenof thework-
load to theotherreplicas.This cancauseotherreplicasto
overloadand report zero available capacitywhile the ex-
cludedreplica experiencesa sharpdecreasein its utiliza-
tion. This sharpdecreasecausesthe replica to begin re-
porting positive available capacitywhich begins to attract
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requestsagain. Sincein the meantimeotherreplicashave
becomeoverloadedandexcludedfrom theallocationdeci-
sion, the replica receives a flock of requestswhich cause
it to becomeoverloadedagain. As we observed, a replica
canexperiencesevereandperiodicoscillationwhereits uti-
lizationcontinuouslyrisesabove its maximumcapacityand
falls sharply.

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

Therearesituationshowever whereAvail-Capperforms
well without suffering from oscillation. We next describe
the factorsthat affect the performanceof Avail-Capto get
a clearerpictureof whenthe reactive natureof Avail-Cap
is beneficial(or at leastnot harmful) and when it causes
oscillation.

D. Factors Affecting Avail-Cap

There are four factors that affect the performanceof
Avail-Cap: the inter-updateperiod � , the inter-requestpe-
riod � , the amountof time � it takes for all nodesin the
network to receive the latestupdatefrom a replica,andthe
ratioof theoverall requestrateto thetotalmaximumcapaci-
tiesof thereplicas.Weexaminethesefactorsby considering
threecases:

Case 1: � is muchsmallerthan � ( ������� ), and �
is sufficiently small so that when a replica pushesan up-
date,all nodesin theCUPtreereceive theupdatebeforethe
next requestarrival in thenetwork. In this case,Avail-Cap
performswell sinceall nodeshave thelatestload-balancing
informationwhenever they receive a request.

Case 2: � is long relative to � ( ����� ) 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-
ferent thresholdpercentagesthat are typically well below
the total maximumcapacitiesof the replicas.)In this case,
whena particularreplicaoverloads,the remainingreplicas
areableto cover theproportionof requestsintendedfor the
overloadedreplicabecausethereis a lot of extracapacityin
thesystem.As a result,Avail-Capavoids oscillations.We
seeexperimentalevidencefor this in SectionIII-E. How-
ever, over-provisioningto haveenoughextracapacityin the
systemsothatAvail-Capcanavoid oscillationin thispartic-
ular caseseemsahigh priceto payfor loadstability.

Case 3: � is long relative to � ( ��� � ) andtheover-
all requestrateis morethanabout60%thetotal maximum

capacitiesof thereplicas.In this case,aswe observe in the
experimentsabove, Avail-Capcansuffer from oscillation.
This is becauseevery requestthat arrives directly affects
the availablecapacityof oneof the replicas. Sincethe re-
questrateis greaterthantheupdaterate,anupdatebecomes
staleshortlyaftera replicahaspushedit out. However, the
replicadoesnot inform thenodesof its changingavailable
capacityuntil theendof its currentupdateperiod. By that
point many requestshave arrived and have beenassigned
usingtheprevious,staleavailablecapacityinformation.

In Case3, Avail-Capcansuffer even if �
�!� andup-
dateswere to arrive at all nodesimmediatelyafter being
issued.This is becauseall nodeswould simultaneouslyex-
cludeanoverloadedreplicafrom theallocationdecisionun-
til thenext updateis issued.As � increases,thestalenessof
thereportonly exacerbatestheperformanceof Avail-Cap.

In a large peer-to-peernetwork (morethan1000nodes)
we expectthat � will beon theorderof secondssincecur-
rentpeer-to-peernetworkswith morethan1000nodeshave
diametersrangingfrom a handful to several hops[RF02].
We consider� = 1 secondto be assmall (andaggressive)
an inter-updateperiodasis practicalin a peer-to-peernet-
work. In fact even onesecondmay be too aggressive due
to theoverheadit generates.This meansthatwhenparticu-
lar contentexperienceshighpopularity, weexpectthattypi-
cally �#"$� �%�&� . UndersuchcircumstancesAvail-Capis
nota goodload-balancingchoice.For lesspopularcontent,
where �'"(�)�*� , Avail-Capis a feasiblechoice,although
it is unclearwhetherload-balancingacrossthereplicasis as
urgenthere,sincetherequestrateis low.

Theperformanceof Max-Capis independentof theval-
uesof � , � , and � . More importantly, Max-Capdoesnot
requirecontinuousupdates;replicasissueupdatesonly if
they chooseto re-issuenew contractsto reportchangesin
theirmaximumcapacities.Therefore,we believe thatMax-
Capis amorepracticalchoicein apeer-to-peercontext than
Avail-Cap.

E. Dynamic Replica Set

A key characteristicof peer-to-peernetworksis thatthey
aresubjectto constantchange;peernodescontinuouslyen-
ter and leave the system. In this experimentwe compare
Max-Capwith Avail-Capwhenreplicasenterandleave the
system. We presentresultsherefor a Poissonrequestar-
rival rate that is 80% the total maximumcapacitiesof the
replicas.

We presenttwo dynamicexperiments. In both experi-
ments,the network startswith ten replicasandafter a pe-
riod of 600seconds,movementinto andout of thenetwork
begins. In the first experiment,onereplicaleavesandone
replicaentersthenetwork every 60 seconds.In thesecond
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Fig. 5. ReplicaUtilization versusTime. Top graphsshow oneswitchevery60 seconds,bottomshow 5 switchesevery60 seconds.

andmuchmoredynamicexperiment,fivereplicasleaveand
five replicasenterthenetwork every 60 seconds.Therepli-
casthat leave arerandomlychosen.Thereplicasthatenter
the network enterwith maximumcapacitiesof 1, 10, and
100with probabilityof 0.10,0.60,and0.30respectively as
in the initial configuration.This meansthat thetotal maxi-
mumcapacitiesof theactive replicasin thenetwork varies
throughoutthe experiment,dependingon the capacitiesof
theenteringreplicas.

Figures5a and 5b show for the first dynamic experi-
ment the utilization of active replicasthroughouttime as
observed for Avail-Cap and Max-Cap. Note that points
with zeroutilization indicatenewly enteringreplicas. The
jaggedline plots the ratio of the currentsumof maximum
capacitiesin thenetwork, +-,/.1020 , to theoriginalsumof max-
imum capacities,+-3402576 . With eachchangein the replica
set,thereplicautilizationsfor bothAvail-CapandMax-Cap
change.Replicautilizationsrisewhen +8,9.1020 falls andvice
versa.

Fromthefigureweseethatbetweentimes1000and1820,+-,/.1020 is between1.75and2 times +-3404576 , andis morethan
doubletheoverall workloadrequestrate. During this time
period, Avail-Cap performswell becausethe workload is
not very demandingand there is plenty of extra capacity
in thesystem(Case2 above). However, whenat time 1940+-,/.1020 fallsbackto +-3402576 , weseethatbothalgorithmsexhibit

thesamebehavior asthey do at thestart. Max-Capadjusts
nicely andclustersreplicautilization at around80%,while
Avail-Capstartsto suffer again.

Figures5c and5d show theutilization scatterplotfor the
seconddynamicexperiment.We seethatchanginghalf the
replicasevery60secondscandramaticallyaffect +-,9.1020 . For
example,when +8,9.1020 dropsto �;:=<>+-34025?6 at time 2161, we
seetheutilizationsrisedramaticallyfor bothAvail-Capand
Max-Cap. This is becauseduring this periodtheworkload
requestrate is four times that of + ,9.1020 . However by time
2401, +-,/.1020 has risen to 	@:=<>+83A02576 which allows for both
Avail-CapandMax-Capto adjustanddecreasereplicaover-
load. At the next replica set changeat time 2461, +-,9.1020
equals+-3402576 . During thenext minutewe seethatMax-Cap
overloadsveryfew replicaswhereasAvail-Capdoesnotad-
justwell.

Thesedynamicexperimentsshow two things;first, when
the workloadis not very demandingandthereis plenty of
extracapacity, thebehavior of Avail-Capcomescloseto that
of Max-Cap. However, Avail-Capsuffers moreasoverall
capacitydecreases.Second,Avail-Capis affectedmoreby
short-liveddecreasesin total maximumcapacitythanMax-
Cap.Thisis becausethereactivenatureof Avail-Capcauses
it to adaptabruptly to any changesin capacities. From
the experiments,we concludethat in a dynamicenviron-
mentsuchasapeer-to-peernetwork, Max-Capis thebetter
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choice.

F. Extraneous Load

As we have shown above, whenreplicascanhonortheir
maximumcapacities,Max-Capavoids the oscillation that
Avail-Capcansuffer, anddoessowith no updateoverhead.
Occasionally, somereplicasmaynot beableto honortheir
maximumcapacitiesbecauseof extraneous load causedby
otherapplicationsrunningonthereplicasor network condi-
tionsunrelatedto thecontentrequestworkload.

To dealwith thepossibilityof extraneousload,we mod-
ify the Max-Capalgorithmslightly to work with honored
maximumcapacity, which is maximumcapacityminusthe
extraneousload a replica is experiencing. A peer node
choosesa replicato forwardacontentrequestto with prob-
ability proportionalto thehonoredmaximumcapacity.

We view the honoredmaximumcapacityreportedby a
replica B asa contract. If B cannotadhereto its contract
or hasextra capacityto give,anddoesnot reportthedeficit
or surplus,then B alonewill beaffectedandmaybeover-
loadedor underloadedsinceit will be receiving a request
sharethatis proportionalto its previousadvertisedhonored
maximumcapacity.

If, on the otherhand,replica B choosesto issuea new
contractwith thenew honoredmaximumcapacity, thenthis
can causea portion of B ’s workload to shift to the other
replicas. This shift however doesnot affect the contracts
of the otherreplicas. The contractof anotherreplica C is
only affectedby theextraneousloadexperiencedby C . In
contrast,in Avail-Captheavailablecapacityreportedby one
replicadirectly affects the availablecapacitiesreportedby
theothers.

In experimentswherewe inject extraneousload into the
replicas,we have foundthat theperformancesof Max-Cap
andAvail-Caparesimilarto thoseseenin thedynamicrepli-
casexperiments[RB03b]. This is becausewhena replica
advertisesa new honoredmaximumcapacity, it behavesas
if that replica were leaving and being replacedby a new
replicawith adifferentmaximumcapacity.

IV. RELATED WORK

Load-balancinghasbeenthe focusof many studiesde-
scribedin thedistributedsystemsliterature. In the interest
of spacewe describeprevious techniquesthatcouldbeap-
plied in a peer-to-peercontext. Othertechniquesthat can-
not be directly applied in a peer-to-peercontext such as
taskhandoff throughredirection(e.g., [CCY99], [AYI96],
[AB00]) or processmigration(e.g.,[LL96]) from heavily-
loadedto lightly-loadedserversin aclusteraredescribedin
theextendedversionof thispaper[RB03b].

Of the algorithmsbasedon load, a very commonap-
proachto performingload-balancingis to choosetheserver

with the leastreportedload from amonga set of servers.
This approachperforms well in a homogeneoussystem
wherethe taskallocationis performedusingcompleteup-
to-dateload information [Web78], [Win77]. In a system
wheremultiple dispatchersare independentlyperforming
the allocation of tasks, this approachhowever has been
shown to behave badly, especiallyif load informationused
is stale[ELZ86], [MTS89], [Mit97], [SKS92].

Dahlin [Dah99] proposesload interpretation algorithms
which take into accountthe age(staleness)of the load in-
formationreportedby eachof a setof distributedhomoge-
neousserversaswell asanestimateof therateatwhichnew
requestsarrive at the whole systemto determineto which
server to allocatea request.

Many studieshave focusedon the strategy of using a
subsetof the load information available. This involves
first randomly choosinga small number, D , of homoge-
neousservers and then choosingthe least loadedserver
from within thatset[Mit], [ELZ86], [VDK96], [ABKU94],
[KLH92], [GC00]. In particular, for homogeneoussystems,
Mitzenmacher[Mit] studiesthetradeoffs of variouschoices
of D andvariousdegreesof stalenessof loadinformationre-
ported.As thedegreeof stalenessincreases,smallervalues
of D arepreferable.

Of the algorithms based on available capacity, one
commonapproachhas beento chooseamongsta set of
servers basedon the available capacity of each server
[ZYZ � 98] or the available bandwidth in the network to
eachserver [CC97]. The server with the highestavail-
able capacity/bandwidthis chosenby a client with a re-
quest. The assumptionhereis that the reportedavailable
capacity/bandwidthwill continueto be valid until thecho-
senserver hasfinishedservicingtheclient’s request.

Anotherapproachis to excludeserversthatfail someuti-
lizationthresholdandto choosefrom theremainingservers.
Mirchandaney etal. [MTS90] andShivaratrietal. [SKS92]
classifymachinesaslightly-utilized or heavily-utilized and
thenchooserandomlyfrom thelightly-utilizedservers.This
work focuseson local-areadistributed systems.Colajanni
et al. usethis approachto enhanceround-robinDNS load-
balancingacrossa setof widely distributedheterogeneous
web servers [CYC98]. The maximumcapacitiesof the
most capableservers are at most a factor of threethat of
theleastcapableservers.As we seein SectionIII-A, when
appliedin the context of a peer-to-peernetwork wherethe
maximumcapacitiesof thereplicascandiffer by two orders
of magnitude,excluding a servingnodetemporarilyfrom
theallocationdecisioncanresultin wild loadoscillation.

V. CONCLUSIONS

In this paperwe examinetheproblemof load-balancing
in a peer-to-peernetwork where the goal is to distribute
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the demandfor a particular content fairly acrossthe set
of replica nodesthat serve that content. Existing load-
balancingalgorithmsproposedin the distributed systems
literaturearenotappropriatefor apeer-to-peernetwork. Al-
gorithmsbasedpurely on load do not handlepeerhetero-
geneityandalgorithmsbasedonavailablecapacitycansur-
prisingly suffer from wild load oscillationseven whenthe
workloadrequestrate is as low as60% of the total maxi-
mumcapacitiesof replicas.Theseloadoscillationsresultin
unutilizedcapacity.

WeproposeandevaluateMax-Cap,apracticalalgorithm
for load-balancing. Max-Cap handlesheterogeneity, yet
doesnot suffer from oscillationsevenastheworkloadrate
approaches100% of the total maximumcapacitiesof the
replicas. It adjustsbetterto very large fluctuationsin the
workloadandconstantlychangingreplicasets. Moreover,
Max-Capincursmuchlessoverhead,sincethecontractis-
suedby onereplica is independentof the contractsissued
by others. In fact, if replicasrarely chooseto changecon-
tracts,Max-Capincursnear-zerooverheadregardlessof the
network size. We believe this makes Max-Capa practi-
calandelegantalgorithmfor load-balancingin peer-to-peer
networks.
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APPENDIX I
THE CUP PROTOCOL

In thisappendixwe briefly describehow we leveragethe
CUPprotocol[RB03a]to studytheload-balancingproblem
in a peer-to-peercontext. CUP is a protocolfor maintain-
ing cachesof index entriesin peer-to-peernetworksthrough
Controlled UpdatePropagation. We describehow CUP
works over structuredpeer-to-peernetworks. In suchnet-
works, lookupqueriesfor particularcontentfollow a well-
definedpath from the queryingnodetoward an authority
node, which is guaranteedto know thelocationof thecon-
tentwithin thenetwork [RFH� 01], [RD01], [SMK � 01].

In CUPeverynodein thepeer-to-peernetwork maintains
two logical channelsper neighbor: a query channeland
an updatechannel. The querychannelis usedto forward
lookupqueriesfor contentof interestto theneighborthatis
closestto the authoritynodefor that content. The update
channelis usedto forwardqueryresponsesasynchronously
to a neighbor. Thesequeryresponsescontainsetsof index
entriesthat point to nodesholding the contentin question.
Theupdatechannelis alsousedto updatetheindex entries
thatarecachedat theneighbor.

Figure6 shows a snapshotof CUP in progressin a net-
work of seven nodes.The four logical channelsareshown
betweeneachpair of nodes. The left half of eachnode
shows the set of contentitems for which the node is the
authority. Theright half shows thesetof contentitemsfor
which thenodehascachedindex entriesasa resultof han-
dling lookupqueries.For example,nodeA is theauthority
nodefor contentFHG andnodesC,D,E,F, andG havecached
index entriesfor contentFHG . Theprocessof queryingand
updatingindex entriesfor a particularcontent F forms a
CUP treewhoseroot is the authoritynodefor content F .
The branchesof the treeare formedby the pathstraveled
by lookupqueriesfrom othernodesin thenetwork. For ex-
ample,in Figure6, nodeA is the root of theCUP treeforFHG andbranchI F,D,C,A J hasgrown asaresultof a lookup
queryfor FHG at nodeF.

It is theauthoritynodeA for contentFHG whichis guaran-
teedto know thelocationof all nodes,calledcontent replica
nodes or simply replicas, that serve content FHG . Replica
nodesfirst sendbirth messagesto authority A to indicate
they areservingcontentFHG . They mayalsosendperiodic
refreshesor invalidationmessagesto A to indicatethey are
still servingor no longerservingthe content. A thenfor-
wardson any birth, refreshor invalidationmessagesit re-
ceives,which arepropagateddown the CUP treeto all in-
terestednodesin thenetwork. For example,in Figure6 any
updatemessagesfor index entriesassociatedwith contentFHG thatarrive at A from replicanodesareforwardeddown
the FHG CUPtreeto C at level 1, D andE at level 2, andF
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andG at level 3.
We canleverageCUPto propagateupdatesfor a variety

of metadata,including load balancinginformationsuchas
replica load or available capacityto interestedpeernodes
throughouttheoverlaynetwork. Thesepeernodescanthen
usethisinformationwhenchoosingto whichreplicaaclient
requestshouldbeforwarded.

APPENDIX I I
INV-LOAD AND HETEROGENEITY

In this appendix,we examinethe performanceof Inv-
Loadin a heterogeneouspeer-to-peerenvironment.We use
a fairly short inter-updateperiod of one second,which is
quite aggressive in a large peer-to-peernetwork. We have
ten replica nodesthat serve the content item of interest,
andwe generaterequestratesfor that item accordingto a
Poissonprocesswith arrival ratethat is 80%thetotal max-
imum capacitiesof the replicas.Undersucha workload,a
goodload-balancingalgorithmshouldbeableto avoid over-
loadingsomereplicaswhile underloadingothers.Figure7a
shows a scatterplotof how the utilization of eachreplica
proceedswith time when using Inv-Load. We defineuti-
lization astherequestarrival rateobserved by a replicadi-
videdby themaximumcapacityof thereplica.In thisgraph,
we do not distinguishamongpoints of different replicas.
Weseethatthroughoutthesimulation,at any point in time,
somereplicasareseverely overutilized(over 250%)while
othersarelightly underutilized(around25%).

Figure 7b shows for eachreplica, the percentageof all
receivedrequeststhatarrivewhile thereplicais overloaded.
This measurementgivesa truepictureof how well a load-
balancingalgorithmworks for eachreplica. In Figure7b,
thereplicasthatreceivealmost100%of theirrequestswhile
overloaded(i.e., replicas 0-6) are the low and medium-
capacityreplicas. The replicasthat receive almostno re-
questswhile overloaded(i.e., replicas7-9) are the high-
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Fig. 7. Inv-Load: (a)ReplicaUtilization versusTime,(b) PercentageOverloadedRequestsversusReplicaID.

capacityreplicas. We seethat Inv-Load penalizesthe less
capablereplicaswhile giving thehigh-capacityreplicasan
easytime.

Inv-Load is designedto performwell in a homogeneous
environment. When applied in a heterogeneousenviron-
ment suchas a peer-to-peernetwork, it fails. As we see
in SectionIII-A, Max-Capis muchbettersuitedfor hetero-
geneousenvironments.Moreover, anicebonusis thatMax-
Caphasbetterload-balancingperformancethan Inv-Load
evenin a homogeneousenvironment.For moredetails,see
theextendedversionof thispaper[RB03b].


