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ABSTRACT
We considertheproblemof deliveringpopularstreamingmediato
a largenumberof asynchronousclients. We proposeandevaluate
acache-and-relayendsystemmulticastapproach,wherebyaclient
joining amulticastsessioncachesthestream,andif needed,relays
thatstreamto neighboringclientswhichmayjoin themulticastses-
sionatsomelatertime. Thiscache-and-relayapproachis fully dis-
tributed,scalable,andefficient in termsof network link cost.In this
paperweanalyticallyderiveboundsonthenetwork link costof our
cache-and-relayapproach,andwe evaluateits performanceunder
assumptionsof limited client bandwidthand limited client cache
capacity. Whenclientbandwidthis limited, weshow thatalthough
finding anoptimalsolutionis NP-hard,a simplegreedyalgorithm
performssurprisinglywell in thatit incursnetwork link costthatis
verycloseto atheoreticallowerbound.Whenclientcachecapacity
is limited, weshow thatourcache-and-relayapproachcanstill sig-
nificantly reducenetwork link cost. We have evaluatedour cache-
and-relayapproachusingsimulationsover large,syntheticrandom
networks,power-law degreenetworks,andsmall-world networks,
aswell asover largerealrouter-level Internetmaps.

1. INTRODUCTION
Thedeliveryof streamingmediaobjectspresentsaformidablestrain
on server andnetwork capacitydueto the long durationandhigh
bandwidthrequirementwhich arecharacteristicof streamingme-
dia workloads. For highly popularstreamingmediaobjects,it is
especiallydesirableto utilize truly scalabledelivery techniques.
As such,multicastsolutionsareattractive. Multicast reducesboth
network link costandserver bandwidthrequirementfor servinga
large numberof clients. Previous studiesalong theselines have
assumedthat client requestsaresynchronous[9, 8], or that only
server bandwidth[30, 18, 17, 23] is to be minimized. In this pa-
per, we departfrom both of theseassumptions.Specifically, we
considerthedelivery of popularstreamingmediaobjectsto a large
numberof asynchronous clientswith theultimategoalof minimiz-
ing the network link cost subjectto variousconstraintson client
bandwidthandstoragecapacity.
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1.1 Moti vation
Client requestsfor streamingmediaobjectsarelikely to be asyn-
chronous.This is true for requeststo storedstreamingmediaob-
jects (e.g., on-demanddelivery of popular movie clips or news
briefs to clients),aswell as for requeststo buffered live streams
(e.g.,playoutof a webcastto a largenumberof clientsrequesting
thatwebcastasynchronouslybut within ashortinterval).

To enableasynchronousaccessto streamingmediaobjects,var-
iousperiodicbroadcastingandstreammerging techniques[30, 18,
17,23] have beenproposed.Usingthesetechniques,scalabilityin
termsof network link costis assuredby virtueof multicastmessag-
ing, whereasscalabilityin termsof server bandwidthrequirement
is achievedby ensuringthata relatively smallnumberof multicast
sessions(possiblycoupledwith shortunicastsessions)areenough
to caterto a largenumberof asynchronousclient requests.

Periodicbroadcastingandstreammergingtechniquesassumethe
availability of a network infrastructurethat is supportive of multi-
castdelivery—IP multicast,for example. While suchan assump-
tion may be practicalwithin the boundaryof a multicast-enabled
intranet,it is not a viablealternative in today’s Internet.This real-
izationhasled to a largebodyof work onapplicationlayer(or end
system)approaches.However, existing endsystemmulticastsolu-
tions [9, 8] have focusedon synchronousreal-timedelivery—i.e.,
all clientsreceivethesamecontentat thesametime. As such,these
techniquescannotbeusedto serviceasynchronousclients.

Thereareseveral requirementsfor asynchronousstreamingde-
livery.� Scalability: Considera large numberof clients requesting

a streamingmediaobject—forexamplea popularvideo or
news clip—at different times. Also assumethat clients re-
quireimmediateon-demandserviceof theobjects.For such
applications,onerequirementof any acceptabledelivery so-
lution is scalability: even when the numberof concurrent
clients is high, thereshouldnot be a single servicebottle-
neckin thesystem,andtheoverall overheadshouldbekept
as low aspossible. Clearly, unicastserviceis not scalable
sinceit consumesserver bandwidthandnetwork resources
too fast.� Deployability: As we discussedearlier, existing multicast-
basedbroadcastingandstreammergingtechniquesminimize
serverbandwidthrequirementandassumethatlow-levelmul-
ticastsupportis availableto mitigatenetwork link cost.This
assumptionrestrictstheusefulnessof thesetechniquesto IP-
multicast-enablednetworks,andthusmakesthemof limited
valuefor Internetdeployment. Therefore,theseconddesir-
ablepropertyof any acceptabledelivery solutionis deploya-
bility.� Client heterogeneity: Clients(or client-sideproxies)canbe
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Figure 1: Illustrations of the cache-and-relay approach. Earlier clients temporarily keepthe objectsand relay them to later clients.
(a) Scenariowith unconstrainedclients. (b) Scenariowith bandwidth-constrained clients, whereby client 2 is limited to receive and
sendat most thr eestreams.

heterogeneous.For example, they may resideat different
partsof theInternetandmayhave very differentconnection
speedsandmaycommanddifferentcachecapacities.It is de-
sirablethatdifferentclientsbeableto join thesystem.There-
fore, thethird propertyof any acceptabledeliverysolutionis
thatit would tolerateclientheterogeneity.

1.2 Paper Contrib utions and Overview
In thispaper, weproposeandevaluateascalable“cache-and-relay”
end systemmulticast protocol for the asynchronousdelivery of
streamingmedia objects. Unlike existing periodic broadcasting
andstreammerging techniques,our protocolreliesonly on unicast
messaging,and unlike existing end systemmulticast techniques,
our protocolsupportsasynchronousdelivery. Usingour approach,
upon joining an ongoing end systemmulticast session,a client
cachesthestreameitherpartially or entirely, andif needed,relays
thatstreamto neighboringclientswhich join themulticastsession
atsomelatertime. Thepapermainlyanalyzesthenetwork link cost
of thisapproach,studiestheeffectof limited client-sidebandwidth
andlimited client cachecapacity, andusessimulationsto validate
ourfindings.

Theremainderof thispaperis organizedasfollows. In Section2,
we describethecache-and-relayapproach.In Section3, we derive
thenetwork link costof thecache-and-relayapproachandpresent
its specificinstancesunderassumptionsof limited clientbandwidth
and limited client cachecapacity. In Section4, we evaluateour
approachusingsimulationsover largesyntheticrandomnetworks,
syntheticpower-law degreenetworks, and syntheticsmall-world
networks,aswell asover large real router-level Internetmaps. In
Section5 we presentan overview of relatedworks. In Section6,
weconcludethepaperwith asummaryof findings.

2. THE CACHE-AND-RELA Y APPROACH
Underthecache-and-relayapproach,thenetwork (includingrouters)
doesnot supportmulticastfunctionalities. Instead,end-hostsare
responsiblefor the cachingand distribution of streamingmedia.
Here,end-hostscanbe client machinesor proxiesthereof. End-
hostskeepretrieved mediaobjectsin their local cachestemporar-
ily, asthe resultsof client requests.If anotherclient requeststhe
mediaobjectslater, the original server canredirectthe requestto
thoseend-hostswhoaregeographicallycloserto theclient.

We illustrate our cache-and-relayapproachusing the example
in Figure1.1(a). In that example,thereare11 clients requesting
an object. Theseclientsareplacedon a two-dimensionalgrid to
visualizenetwork “distance”betweentheseclients. Clientsarrive
at different times. In Figure1.1(a),eachclient is marked with a
numberdenotingtheorderof its arrival. Also, thevalueof thez-
axisfor a givenclient indicatestheprogressof theplayoutfor that

client. Thefigureshows how anobjectis forwardedfrom “earlier
clients” to “later clients”. Clearly, suchanapproachassumesthat
clients (or client-sidecachingproxies)have enoughcachespace
to temporarilykeepthe received mediaobjectseitherpartially or
entirely. Also, it assumesthat a non-leafclient, while receiving
andplayingoutanobject,hasadditionalbandwidthto forwardthat
objectto (oneor more)neighboringclientswhomayarrive later.

Without lossof generality,1 we assumethat theobjective of our
cache-and-relayapproachis tominimizethetotalnetwork link cost,
or hop-distance.It is not difficult to establishthat the cache-and-
relay solutionshown in Figure1.1(a)is optimal whenclient-side
bandwidthandclient cachecapacityareunlimited. Eachclient re-
ceives the object from the neareston-goingpeer. The total hop-
distanceis 28.

Despitetheseemingsimplicity of thisapproach,thereareseveral
issuesthatneedto beaddressedin orderfor an implementationof
this approachto bepractical.Wediscussthesebelow.� Onerequirementof ourcache-and-relayapproachis theneed

for aneffectivediscoverymechanismfor close-bypeerswho
cansatisfya request—thatis, how to find the closestclient
with a cachedcopy of the requestedstreamandwith suffi-
cient bandwidthto serve that stream.Onesimplepeerdis-
covery mechanismworks asfollows. The server maintains
a setof IP addressof on-goingclients. Whena new client
requeststhe mediaobject, the server provides a subsetof
candidates(from its list of on-goingclients)basedon effi-
cientclusteringtechniques,for example,theonein [22]. The
new clientmaythenchooseoneof thesecandidatesbasedon
measurementsof thecharacteristicsof its pathsto thosecan-
didates.� Anotherconcernregardingour cache-and-relayapproachis
reliability. For example,if oneclient is relayingsomeme-
dia objectto a anotherclient, thenif thefirst client dies,the
latteroneneedsto figureout how andfrom whereto receive
theremainderof theobject.Onesolutionfor thisvulnerabil-
ity is for the latter client to contactthe original server, and
establisha connectionwith anotherclient. In theworstcase,
theclient mayhave to downloadtheremainderof theobject
from theoriginalserver. To minimizetheimplicationsof this
“switch-over” on real-timeplayout,clientsmay wish to ac-
tively maintaina list of alternatesources,andto factorin the
delayof aswitch-over into their buffering requirements.� Finally, securityis a commonconcernof applicationlayer
approaches,including our proposedcache-and-relayproto-
col. Sinceclientscanaccessthe cachesat otherend-hosts,�

Specifically, our discussionandresultscanbe easilyadaptedto
allow for the minimizationof othermetricssuchasdelay, packet
lossrates,etc.



thesystemmustpreventunauthorizedaccesses,for example
accesswithout digital rights. Securitysupportcan be im-
plementedby eithertheoriginal server (aloneor assistedby
trustedclients).

A full considerationof eachof the above dimensionsof our
cache-and-relayapproachis interestingandpotentiallyquitechal-
lenging.However acomprehensive studyof theseissuesis beyond
thescopeof thispaper, whichmainly focusesonthepromiseof the
cache-and-relayapproachin reducingnetwork link cost.

3. SCALABILITY AND INSTANTIA TIONS
In this section,we first show how effectively the cache-and-relay
approachcanreducenetwork link cost,givenunlimitedclient-side
bandwidthandcachespace.Thenwe formalizetheproblemwhen
eitherclient-sidebandwidthor cachesizeis limited. In eachcase,a
specificinstantiationof thecache-and-relayalgorithmis proposed.

3.1 Lower Bound on Network Link Cost
Assumingunlimited client-sidebandwidthand cachecapacity, a
new client can always fetch the object from the nearestongoing
peerclient—apeerthat startedreceiving that objectbut have not
finished.Wedefinethecostof servingthenew client to bethehop-
distancebetweenthatclientandthenearestongoingpeer. Let

�����	�
denotethe total network link costfor

�
consecutive client arrivals

within a unit time,wherebyeachclient fetchestheobjectfrom the
nearestongoingpeer. Here,a unit time is definedasthe duration
of themediaobject,andhence

�
is theaverageclient concurrency

level.
�����	�

reflectshow the cache-and-relayapproachscales(in
termsof network link cost) as the level of client concurrency

�
increases.

In randomnetworks,which have exponentialneighborhoodex-
pansionfunctions,wehavecomputedthefollowingasymptoticscal-
ing behavior (seetheAppendixfor adetailedderivation):

�
�����	�
� ������� �
����� � (1)

where� is the total numberof nodesin the network. This result
implies that the increasein network link costis a sub-linearfunc-
tion of theclient arrival rate

�
. This underscoresa clearreduction

in network link costcomparedto unicastservicewhosecostis lin-
earin

�
.

Thekey to thederivationof
�
�����

is theneighborhoodexpansion
function � �����

of thenetwork, which is definedastheaveragefrac-
tion of verticesreachablein

�
hops,startingfrom anarbitraryver-

tex. In randomnetworks, this function is approximatedby an ex-
ponentialfunction.For example,Figure2 shows theneighborhood
expansionfunctionof a randomnetwork with 119,259verticesand
with an averagedegreeof 3.2. The network wasgeneratedusing

theER model[14]. The function is well fitted to � ������� ��� � �� �"! �$# !
for awiderangeof values,exceptwhentheactualfunctionreaches
asaturationpoint, i.e., theedgeeffectof thenetwork is reached.

While thederivationof
���%���

for anarbitrarynetwork is impossi-
ble,wehavealsoconsiderednetworkswhoseneighborhoodexpan-
sionfunctionsfollow apower-law. As detailedin theAppendix,we
found that if theneighborhoodexpansionfunction is a power-law
with exponent& , then

�
�����
increasesasymptoticallyas

�
�����	�
� �('*)+
(2)

Examplenetworkswith power-law neighborhoodexpansionfunc-
tion includetwo-dimensionalandthree-dimensionalgrids.
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Figure 2: In random networks, neighborhoodexpansionfunc-
tions areapproximately exponential.
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Figure 3: In limited scales,network link costsunder differ ent
neighborhoodexpansionfunctions appear to beclose.

Theseresultsshow that theeffectivenessof thecache-and-relay
approachis largelydeterminedby thetopologicalpropertiesof net-
works. With differentneighborhoodexpansionfunctions,thenet-
work link costreductionsaremuchdifferent.

We shouldalsopoint out that the above theoreticalresultsare
valid only in asymptoticcases. In limited scales(small network
size� andlow clientconcurrency level

�
), thedifferencebetween

theseequationsis lesspronounced.Figure3 plots an exampleto
show thatequation(1) and(2) areclosewhen� �.�0/

�
/1/1/

.

3.2 Handling Limited Client Bandwidth
In practice,clientsmayhave limited bandwidthto receiveandsend
streams. Therefore,it may be infeasiblefor a client to receive
a streamfrom the neareston-goingpeer. For example, in Fig-
ure 1.1(a), if we assumethat eachclient can receive andsendat
mostthreestreams,thenthesolutionshown in thefigurebecomes
infeasiblesinceclient 2 cannotreceive and sendfour streamsin
total. In Figure1.1(b),a feasiblesolutionis shown.

It is difficult to find theoptimalsolutionwhenbandwidthis lim-
ited. Indeed,eventheoff-line algorithm(with prior knowledgeof
client arrivals) is NP-hard.To explain why this is thecase,it suf-
ficesto notethattheconstructionof adegree-constrainedspanning
tree2 is anNP-completeproblem[16]. By restrictingour problem
�
Givenagraph 2 �.�(3

� �
�

andapositive integer 46587 3 7 , find a
spanningtreefor 2 in whichnovertex hasdegreelargerthan4 .
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Figure4: Comparisonsof theoretic network link costand simulation resultsusingsyntheticnetworks.

to synchronousclientsandintegerbandwidthvalues,findinganop-
timal cache-and-relaysolutionis equivalentto findingasolutionto
thedegree-constrainedspanningtreeproblem.

A simplegreedysolutionfor the bandwidth-constrainedcache-
and-relayproblemworksasfollows. Eachnew client receivesthe
objectfrom thenearestongoingpeerclient who still hasabundant
bandwidth. The solution in Figure 1.1(b) is obtainedusing this
greedyalgorithm. Client 5 receives a streamfrom client 4 and
client 8 receivesdatafrom client 3. The total hop-distanceis 32.
Our simulationresultssuggestthat this greedyalgorithmusually
findsgoodsolutions.

3.3 Handling Limited CacheCapacity
In practice,clientsmayhave limited cachecapacity. For example,
in a cachingproxy, it might beunrealisticto cachea wholevideo
whosesizeis up to Giga bytes,especiallywhenmany suchmedia
objectsmaybecompetingfor cachespace.

Whencachespaceis limited, thesolutionsin Figures1.1(a)and
1.1(b)maybecomeinfeasible.For example,if client 1 hasa cache
capacitythatenablesit to keeponly 50%of theobject,thenwhen
client9 arrives,it is alreadytoolatefor thatclientto fetchtheobject
from client1. Instead,a feasiblesolutionis for client6 to relaythe
objectto client9.

To handlecachecapacityconstraints,it is necessaryto determine
a cache replacement policy. It is straightforward to usea FIFO
policy: aslidingwindow indicatesthecurrentsegmentin thecache.
The client can relay the object to otherclientswho start slightly
later (i.e., within thatwindow). In thenext section,we show how
constraintson cachecapacityimpactthereductionof network link
cost.

4. PERFORMANCE EVALUATION
In thissection,wevalidatethroughsimulationthenetwork link cost
of our proposedcache-and-relayapproach,andstudytheeffect of
limited client-sidebandwidthandcachecapacity. Large,synthetic
andrealnetworksareusedin simulation.Experimentalresultsare
comparedto theoreticalresults.

4.1 Networks Usedin Our Simulations
In oursimulations,four syntheticandrealnetworkswereused.All
four networkshave approximately110000-120000nodesandhave
anaveragedegreeof :<;�= . Thetopologiesweconsiderare:� A randomnetwork generatedusing the ER model [14]. In

this model,thereis a uniform probabilityof having anedge
betweenany pair of verticesin the graph. The modeldoes

not guaranteethat thenetwork is connected.So,we usethe
largestconnectedcomponentwith 119,259vertices.� A randompower-law degreenetwork with 120,037vertices
generatedusingthemodelin [2]—namely, theprobabilityof
having nodedegreelargerthan

�
is proportionalto

� '?>
(we

set@ � =<;�A ).� A small-world network with power-law degreedistribution,
generatedusingthemodelin [21]. Thenetwork has120,000
vertices. The resulting topology is different from random
power-law degreenetworks as it featuresa large clustering
coefficient. In generatingthis network, we not only used
power-law vertex degreewith @ � =<;BA , but alsoconsidered
thephysicaldistanceof theverticesin creatingedges.� A router-level Internetmap(Lucent)availablefrom[29]. This
maphas112,269verticesandit lessstrictly followsapower-
law degreedistribution. In addition,it hasa high clustering
coefficient [21]. We have found that our small-world net-
work is the closestto this real Internetin termsof average
pathlengthandclusteringcoefficient.

4.2 Network Link CostValidation
Our simulationproceedsas follows. Client arrivals are Poisson,
with eachclient residingat a randomnodeof the simulatednet-
work. We vary theclient arrival rate(or concurrency level

�
) and

obtainthecorrespondingnetwork link cost
�
�����

scalingasa func-
tion of

�
.

Wefirst assumeunlimitedclientbandwidthandcachecapacityin
validatingthenetwork link costpresentedin thelastsection.Here
only theresultsusingtherandomnetwork andusingthepower-law
randomnetwork arepresented.

Figure 4(a) shows that when the randomnetwork is used,the
network link costis well-predictedby Equation(1). In addition,it
appearsthatEquation(2) alsoprovidesagoodfit. This is explained
by our discussionin thelastsection,i.e., in limited scales,this two
equationsareclose.

Figure 4(b) shows that the network link cost is clearly higher
thanthatpredictedby Equation(1). Notice the log-scaleof

�����	�
in the figure. This is becausepower-law randomnetworks do not
haveanexponentialneighborhoodexpansionfunction.

4.3 Effect of Limited Client Bandwidth
Figure5 shows theresultingscalingbehavior whentheclient-side
bandwidthis chosenin differentways. Also, for comparisonpur-
poses,it shows thecostof unicastdelivery.

Whenclient-sidebandwidthis chosenuniformly betweenobject



playbackrateandfour timesthat rate,thenetwork link costis not
significantlyC higherthanwhatisachievablewith infinitebandwidth.
Thisresultsuggeststhatourapproachis effectiveevenwhenclient-
sidebandwidthis low.

Again, the simulationresultsusingpower-law networks appear
to be ratherdifferentfrom thoseobtainedusingrouter-level Inter-
netmaps.In thepower-law network, thenetwork link costreduc-
tion is lessthanthat in router-level maps.However, we foundthat
the simulationresultsusinga small-world, power-law network is
closeto thatobtainedusingrouter-level Internetmaps.Thisunder-
scorestheimportanceof capturingsmall-world behaviors in Inter-
net topologies–namelyclustering in networks is important to the
scaling behavior of multicast delivery [21].

4.4 Effect of Limited Client CacheCapacity
Figure6 showstheresultingscalingbehavior whentheclientcache
capacityis constrained. In our simulations,we choosedifferent
cachecapacities,correspondingto 10%, 30%, and 100% of the
objectsize.Buffer managementusesaFIFO replacementpolicy.

The resultsin Figure6 indicatethe follows. First, even when
cachespaceis limited, the reductionin network link cost is still
significantcomparedto that of unicastdelivery. Second,thereis
still a roomfor improvementwhencachecapacityis small.Notice
thatwe usea simpleFIFO policy which canbe lessefficient than
others.In addition,it is alsopossibleto combineprefetchingtech-
niquesto betterutilize limited cachespace.For example,assume
the client cachecanonly storea D -minutesegmentof the object.
Whenalaterclientstarts,it mayprefetchtheobjectfrom any client
who startedlessthan =<D minutesearlier. Therefore,it worksasif
thecachesizeis doubled.

5. RELATED WORK
Endsystemmulticastwasadvancedby theauthorsof [9] asade-

ployablealternative to IP multicast. In their Naradaprotocol,end
systemsself-organize into an overlay network using a fully dis-
tributedprotocol,with fairly low delayandbandwidthoverheads.
Recently, thesameresearchgroupconductedanextensive evalua-
tion of schemesfor constructingoverlay networks on a wide-area
testbed[8]. This studydemonstratedthat endsystemmulticastis
promisingfor conferencingapplicationsin a dynamicandhetero-
geneousInternetenvironment,andhighlightedthe importanceof
adaptingto latency andbandwidthwhile constructingoverlaysop-
timizedfor thereal-timedeliveryof contentto synchronousclients.

Deliveryof contentto asynchronousclientsis thefocusof many
recentstudies,including periodic broadcasting [30, 18, 17, 23]
andstreampatching/merging techniques[6, 15,11,12]. Theseap-
proachesaretargetedmainly at video-on-demandapplications.In
periodicbroadcastingtechniques,segmentsof an object(with in-
creasingsizes)are repeatedlytransmittedon dedicatedchannels,
and asynchronousclients simply join one or more broadcasting
channelsto receive this data.Usingstreampatching/merging tech-
niques,asynchronousclientsaremergedinto largerandlargergroups
thatsharea singlemulticastchannel.Both techniquesassumethe
availability of a lower-level multicastdelivery infrastructure. In
that respect,they arescalablein minimizing server bandwidthre-
quirement[13, 20], but do not specificallyattemptto optimizefor
network link cost.

Theideaof utilizing client-sidecachespacewasalsodeveloped
in severalpreviouswork [28, 27]. Their mainobjective wasto re-
duceserver load,but did notevaluatetheirnetwork link costreduc-
tion. A network level schemewaspresentedin [19], which caches
dataat routersin thenetwork to servicesubsequentrequests.It is
thereforedifferentfromourapplicationlayerapproach.In addition,

it alsoaimedat lighteningthedemandon theserverbandwidth.
Anotherclassof contentdelivery techniquesoriginatedwith the

useof periodicbroadcastingof encodedcontentaswasdoneover
broadcastdisks [3] using IDA [26], and later using the Digital
Fountainapproachwhich reliedon moreefficient Tornadoencod-
ing [5, 4]. Theseapproachesenableend-hoststo efficiently recon-
structtheoriginalcontentof size

�
from asubsetof any

�
symbols

from alargeuniverseof encodedsymbols.Suchapproachesenable
reliability anda substantialdegreeof applicationlayer flexibility .
Theprimaryweaknessof thesetechniquesis their inability to effi-
ciently dealwith real-time(live or near-live) streamingmediaob-
jectsdueto thenecessityof encoding/decodingratherlargestored
datasegments.

Severalrecentstudieshave addressedtheimpactof topologyon
IP multicastusingshortestpathtrees.Theauthorsof [25] showed
how thesizeof amulticasttreeincreaseswith thesizeof themulti-
castgroup,primarily underanassumptionof exponentiallyincreas-
ing network neighborhood(thenumberof verticeswithin a certain
distance).They provideda theoreticalresultwhich roughly obeys
theChuang-Sirbu law for IP multicastscaling[10]. Thislaw asserts
thatmulticasttreesizeincreasesas

�FE � G
, where

�
is thegroupsize.

Thiswasgeneralizedin [7] for morerealisticmulticasttreeshapes.
Theauthorsof [24] considereda stricterapproximationof thelink
cost reduction. Their resultsshow that the Chuang-Sirbu law is
not asymptoticfor randomgraphsandk-ary trees. Recently, [1]
alsore-examinedtheanalysisin [25] andprovidedpreciseasymp-
totic scalingbehavior of treesize. This asymptotictermscalesas��� ���IH JLKH JNM �

where
�

is thegroupsizeand � is thenetwork size.
More importantly, they showed that by replacingthe k-ary com-
plete tree topology by a self-similar tree, multicasttree size sat-
isfiesa power law. This finding stronglysupportsthe claim that
the essenceof the problemlies in the modelingassumptionson
the topology. Our resultshave shown that the network link cost
of cache-and-relayapproachalsolargely dependson the network
topology.

6. SUMMARY
Weproposedandevaluatedacache-and-relayapplicationlayermul-
ticastdeliverymechanismfor streamingmediaobjects.Ourcache-
and-relayapproachminimizesthe total network link cost and is
especiallytailored for applicationsfeaturingasynchronousclient
requeststo popularstreamingmediaobjects. This approachhas
severalsalientfeatures:� It is fully distributedasit enablesthereplicationof mediaob-

jectsin a demand-drivenfashion,keepingtheserver andthe
endsystemslightly-loaded.It thusprovidesahighly scalable
solution.� It is flexible to implementandeasierto deploy, asit relieson
anapplicationlayermulticastdeliverytechnique,by utilizing
client-sidecachespaceandabundantbandwidth.� It allows heterogeneousclientsto join in themulticastdeliv-
eryasynchronously. Theclientsmayhavedifferentavailable
bandwidthsanddifferentcachespacesdevotedto peercoop-
eration.

We derived the theoreticalnetwork link cost. In a randomnet-
work, the link costasymptoticallyscalesas

���$�O� H JLKH JNM �
where

�
is theclient concurrency level and � is thenetwork size.Thelink
costis differentunderdifferentnetwork topologyassumptions.In
addition, we found that the network cost is closeto its theoreti-
cal lower boundwhenclient-sidebandwidthis limited; compared
to unicastservice,the link costis still significantlyreducedwhen
client-sidecachesizeis limited.
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Figure5: Simulation resultswhenclient-sidebandwidth is limited.
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Figure6: Simulation resultswhenclient-sidecachespaceis limited.



APPENDIX
In this appendix,we derive theasymptoticscalingbehavior of net-
work link costgivenin Section3.

A.1 The GeneralCase
The key to our derivation is the notion of network neighborhood
size(or expansion)function � ���N�

, which is definedasthefraction
of nodesin thenetwork thatarereachablein

�
hops.

Considerageneralneighborhoodexpansionfunction� ��QR�
, which

is definedover SUT Q TWV in continuousform. Let usconsiderthe
probabilitythatanarbitrarypeeris not within distance

Q
. By defi-

nition, this probabilityis
�
� � ��QR�

. Sincethereare
�

independent
datasourcesin the network, the probability that noneof themis
within distance

Q
is

� �X� � ��QR� � K
.

Let Y ��QR�	�.�X�Z� �[� � �%Q\�$� K
. Theprobabilitydensityfunction] ��QR�

(i.e., the probability that the nearestpeeris at distance
Q

) is
computedas ^�_R`�acb^0a . Let d �%���

denotetheexpecteddistanceof the
nearestpeer.

d �����e� f
g

Q ] ��Q\�%�hQ

� f
g

QL� Y ��QR�
Substitutingi for Y ��QR�

� �
E Y 'j� � i ��� ik; (3)

A.2 Exponential NeighborhoodExpansion
Let � ��QR�	�8l a '�m

,
/ 5 Q 5
n , wheren is calledthediameterof

thenetwork. Thus,Y �%Q\�F�.�\�o� �\� � ��QR� � K �8�\�p� �\�ol a '�m � K
,

and the inversefunction Y 'k� � i �q� nsr H J ` � ' ` � 'Nt b
)u bH JNv . From

equation(3), d ���	�
is computedas

d �����e� �
E Y 'j� � i �%� i

� nwr
�

��� l
�

E ��� � ���W� �X� i � )u ��� i
� nwr

�
��� l

�
E ��� � ��� i )u ��� i

Considertheterm
� �

E ��� � �
� i )u �%� i in theabove equation.No-

ticethat�x� � � r QR�
canbeexpandedto

Qy� a(z� r a({� �}|~|~|
. Therefore,

� �
E �x� � �X� i )u ��� i � �

���k�
�

E
i��u� � i

� �
���k�

�
��� r � � �

� K
���k�

�
�

Thus,
� �E �x� � ��� i )u ��� i is equalto thesumof a harmonicnum-

berserieswhich is equalto �x� � r / ;BA1�1�1= � A1� |~|~| r ��$K . This term
is asymptoticallycloseto �x� �

. Therefore,d �����X� n ��H JLKH J�v . No-
tice that

H JNMH JNv � n . Thus, d ������� n � ��� H JLKH JNM �
, which grows

asymptoticallyas
����H JLKH JNM .

A.3 Power-law NeighborhoodExpansion
Let neighborhoodexpansionfunction � ��QR�y����Q\� n �(�

,
� 5 Q 5

n , where n is calledthe diameterof the network. Y ��QR�������
� �[� � ��QR� � K �.�X�
� �[�Z��Q\� n �(��� K

. Inversefunction Y 'j� � i �F�
n �$�����$��� i � )u � )+ . From equation(3), d �����

is computedas
follows

d �����e� �
E Y 'j� � i �%� i

� n
�

E
� �X���$��� i � )u � )+ � i

� n
�

E
� �X� i )u � )+ � ik;

The computationof d �����
is complicated(moredetailsare in the

next paragraph).It is easierto numericallysolve ��` K bm for different
valuesof

�
. We have doneso usingdifferentchoicesof & . The

resultsareplottedin Figure7. Interestingly, the resultsshow that
��` K bm match

� '*)+ very well for variouschoicesof & when
�

is
not too small. Notice that, the numericallines areparallel to the
corresponding

� '*)+ lines. It meanstheirslightdifferencedoesnot
changetheasymptoticscalingbehavior.
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Numerical analysis, H=3
n^(-1/3)
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n^(-1/5)
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n^(-1/8)

Figure 7: Numerical result of lower bound with power-law
neighborhoodexpansion.

Now let usrecallthecomputationof ��` K bm :

d ���	�
n

� �
E

� �X� i )u � )+ � i Let
QU�8�X� i )u

� � �
E

Q )+ � ���oQR� K 'k� �hQ

� �X� � � r �� � � �����
� �%� r � r �� � �

where� � S �
is theGammafunctiondefinedas �E Q g 'j����' a �hQ . It

appears,dueto thefactorialnatureof Gammafunction, ��` K b��` K<� � � )+ b
is roughly proportionalto

� 'j� '*)+ when
�

is large. In addition,
� � � r �� �

is aconstant,correspondingto thedisplacementbetween

thenumericallines ��` K bm and
� ' )+ linesin Figure7.
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