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ABSTRACT

We considerthe problemof delivering popularstreamingnediato

a large numberof asynchronouslients. We proposeandevaluate
acache-and-relagndsystemmulticastapproachwherebya client

joining amulticastsessiorcacheghe streamandif neededrelays
thatstreamto neighboringclientswhichmayjoin themulticastses-
sionatsomelatertime. This cache-and-relagpproachs fully dis-

tributed,scalableandefficientin termsof network link cost.In this

papemwe analyticallyderive boundsonthenetwork link costof our

cache-and-relagpproachandwe evaluateits performanceunder
assumption®f limited client bandwidthand limited client cache
capacity Whenclientbandwidthis limited, we shaw thatalthough
finding an optimal solutionis NP-hard,a simplegreedyalgorithm
performssurprisinglywell in thatit incursnetwork link costthatis

very closeto atheoreticalowerbound.Whenclientcachecapacity
is limited, we shawv thatour cache-and-relagpproactcanstill sig-

nificantly reducenetwork link cost. We have evaluatedour cache-
and-relayapproachusingsimulationsover large, syntheticrandom
networks, powver-law degreenetworks, andsmall-world networks,

aswell asover largerealrouterlevel Internetmaps.

1. INTRODUCTION

Thedelivery of streamingnediaobjectspresentsiformidablestrain
on sener andnetwork capacitydueto the long durationand high
bandwidthrequiremenwhich are characteristiof streamingme-
dia workloads. For highly popularstreamingmediaobjects,it is

especiallydesirableto utilize truly scalabledelivery techniques.

As such,multicastsolutionsareattractve. Multicastreducesoth
network link costandsener bandwidthrequiremenfor servinga
large numberof clients. Previous studiesalongtheselines have
assumedhat client requestsare synchronoug9, 8], or that only
sener bandwidth[30, 18, 17, 23] is to be minimized. In this pa-
per, we departfrom both of theseassumptions.Specifically we
considerthe delivery of popularstreamingnediaobjectsto alarge
numberof asynchronous clientswith the ultimategoal of minimiz-
ing the network link cost subjectto variousconstraintson client
bandwidthandstoragecapacity
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1.1 Motivation

Client requestdor streamingmediaobjectsarelikely to be asyn-
chronous.This is true for requestdo storedstreamingmediaob-

jects (e.g., on-demanddelivery of popularmovie clips or news

briefs to clients), aswell asfor requestgo bufferedlive streams
(e.g.,playoutof a webcasto a large numberof clientsrequesting
thatwebcastasynchronouslput within ashortintenal).

To enableasynchronouaccesgo streamingnediaobjects var-
iousperiodicbroadcastingindstreammeiging technique$30, 18,
17, 23] have beenproposed Using thesetechniquesscalabilityin
termsof network link costis assuredy virtue of multicastmessag-
ing, whereasscalabilityin termsof sener bandwidthrequirement
is achieved by ensuringthata relatively smallnumberof multicast
sessiongpossiblycoupledwith shortunicastsessionsareenough
to caterto alarge numberof asynchronouslientrequests.

Periodicbroadcastingndstreammemingtechniquesssuméehe
availability of a network infrastructurethatis supportve of multi-
castdelivery—IP multicast,for example. While suchan assump-
tion may be practicalwithin the boundaryof a multicast-enabled
intranet,it is nota viable alternatve in todays Internet. This real-
izationhasled to alarge body of work on applicationlayer (or end
system)approachesHowever, existing endsystemmulticastsolu-
tions[9, 8] have focusedon synchronouseal-timedelivery—i.e.,
all clientsreceve thesamecontentatthesametime. As such these
techniquesannot beusedto serviceasynchronouslients.

Thereare several requirementgor asynchronoustreamingde-
livery.

e Scalability: Considera large numberof clients requesting
a streamingmediaobject—for examplea popularvideo or
news clip—at differenttimes. Also assumehat clientsre-
quireimmediateon-demandserviceof the objects.For such
applicationspnerequiremenbdf ary acceptablalelivery so-
lution is scalability: even when the numberof concurrent
clientsis high, thereshouldnot be a single servicebottle-
neckin the system andthe overall overheadshouldbe kept
aslow aspossible. Clearly, unicastserviceis not scalable
sinceit consumessener bandwidthand network resources
toofast.

e Deployability: As we discusseckarlier existing multicast-
basedroadcastingndstreammegingtechniquesninimize
senerbandwidthrequiremenandassumehatlow-level mul-
ticastsupportis availableto mitigatenetwork link cost. This
assumptiomestrictstheusefulnes®sf thesetechniquedo IP-
multicast-enabledetworks,andthusmalesthemof limited
valuefor Internetdeployment. Therefore the seconddesir
ablepropertyof ary acceptablelelivery solutionis deploya-
bility.

e Client heterogeneity: Clients(or client-sideproxies)canbe
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Figure 1: lllustrations of the cache-and-elay approach. Earlier clientstemporarily keepthe objectsand relay them to later clients.
(a) Scenariowith unconstrainedclients. (b) Scenariowith bandwidth-constrained clients, whereby client 2 is limited to receive and

sendat mostthreestreams.

heterogeneousFor example, they may resideat different
partsof the Internetandmay have very differentconnection
speedaindmaycommandlifferentcachecapacitieslt is de-

sirablethatdifferentclientsbeableto join thesystem.There-
fore, thethird propertyof ary acceptabl@elivery solutionis

thatit would tolerateclient heterogeneity

1.2 Paper Contrib utions and Overview

In this paperwe proposeandevaluatea scalableé'cache-and-relay”
end systemmulticast protocol for the asynchronouslelivery of
streamingmedia objects. Unlike existing periodic broadcasting
andstreammeirging techniquesour protocolreliesonly on unicast
messagingand unlike existing end systemmulticasttechniques,
our protocolsupportsasynchronouselivery. Using our approach,
upon joining an ongoing end systemmulticast session,a client
cacheghe streameitherpartially or entirely, andif neededrelays
thatstreamto neighboringclientswhich join the multicastsession
atsomelatertime. Thepapemainly analyzegshenetwork link cost
of thisapproachstudiesthe effect of limited client-sidebandwidth
andlimited client cachecapacity and usessimulationsto validate
our findings.

Theremaindeof this paperis organizedasfollows. In Section2,
we describethe cache-and-relagpproachlin Section3, we derive
the network link costof the cache-and-relagpproachandpresent
its specificinstancesinderassumptionsf limited clientbandwidth
and limited client cachecapacity In Section4, we evaluateour
approachusingsimulationsover large syntheticrandomnetworks,
syntheticpowerlaw degree networks, and syntheticsmall-world
networks, aswell asover large real routerlevel Internetmaps. In
Section5 we presentan overview of relatedworks. In Section6,
we concludethe paperwith a summaryof findings.

2. THE CACHE-AND-RELAY APPROACH

Underthecache-and-relagpproachthenetwork (includingrouters)
doesnot supportmulticastfunctionalities. Instead,end-hostsare
responsiblefor the cachingand distribution of streamingmedia.
Here, end-hostscan be client machinesor proxiesthereof. End-
hostskeepretrieved mediaobjectsin their local cachesemporar
ily, asthe resultsof client requests.If anotherclient requestshe
mediaobjectslater, the original sener canredirectthe requesto
thoseend-hostsvho aregeographicallycloserto the client.

We illustrate our cache-and-relagpproachusing the example
in Figurel.1(a). In thatexample,thereare 11 clientsrequesting
an object. Theseclientsare placedon a two-dimensionabrid to
visualizenetwork “distance”betweertheseclients. Clientsarrive
at differenttimes. In Figure 1.1(a),eachclient is marked with a
numberdenotingthe orderof its arrival. Also, thevalueof thez-
axisfor a givenclientindicatesthe progresf the playoutfor that

client. Thefigure shonvs how an objectis forwardedfrom “earlier

clients” to “later clients”. Clearly, suchan approachassumeshat
clients (or client-sidecachingproxies) have enoughcachespace
to temporarilykeepthe receved mediaobjectseither partially or

entirely Also, it assumeghat a non-leafclient, while receving

andplayingoutanobject,hasadditionalbandwidthto forwardthat
objectto (oneor more)neighboringclientswho mayarrive later.

Without loss of generality* we assumehatthe objective of our
cache-and-relagpproacths to minimizethetotalnetwork link cost,
or hop-distancellt is not difficult to establishthat the cache-and-
relay solutionshawn in Figure 1.1(a)is optimal whenclient-side
bandwidthandclient cachecapacityareunlimited. Eachclientre-
ceivesthe objectfrom the nearestn-goingpeer The total hop-
distances 28.

Despitetheseemingsimplicity of thisapproachthereareseveral
issueshatneedto be addresseih orderfor animplementatiorof
this approactto be practical. We discusghesebelow.

e Onerequiremenbf ourcache-and-relagpproachs theneed
for aneffective discorery mechanisnior close-bypeerswvho
cansatisfya request—thaits, how to find the closestclient
with a cachedcopy of the requestedstreamand with suffi-
cientbandwidthto sene that stream. One simple peerdis-
covery mechanismworks asfollows. The sener maintains
a setof IP addresf on-goingclients. Whena new client
requestshe mediaobject, the sener provides a subsetof
candidategfrom its list of on-goingclients)basedon effi-
cientclusteringtechniquesfor example theonein [22]. The
new clientmaythenchooseoneof thesecandidatebasedn
measurementsf the characteristicef its pathsto thosecan-
didates.

e Anotherconcernregardingour cache-and-relagpproachs
reliability. For example,if oneclientis relayingsomeme-
dia objectto a anotherclient, thenif thefirst client dies,the
latteroneneedgo figure out how andfrom whereto receve
theremaindeiof the object. Onesolutionfor this vulnerabil-
ity is for the latter client to contactthe original sener, and
establisha connectiorwith anotherclient. In theworstcase,
the client may have to downloadthe remaindeof the object
fromtheoriginal sener. To minimizetheimplicationsof this
“switch-over” on real-timeplayout, clients may wish to ac-
tively maintainalist of alternatesourcesandto factorin the
delayof a switch-overinto their buffering requirements.

o Finally, securityis a commonconcernof applicationlayer
approachesincluding our proposedcache-and-relaproto-
col. Sinceclientscanaccesghe cachesat otherend-hosts,

! Specifically our discussionand resultscan be easily adaptedo
allow for the minimization of othermetricssuchasdelay paclet
lossrates,etc.



the systemmustpreventunauthorizedgccessedpr example
accesswithout digital rights. Security supportcan be im-
plementedyy eitherthe original sener (aloneor assistedy
trustedclients).

A full considerationof eachof the above dimensionsof our
cache-and-relagpproacthis interestingandpotentially quite chal-
lenging. However a comprehensie studyof theseissuess beyond
thescopeof this paperwhich mainly focusen the promiseof the
cache-and-relagpproachn reducingnetwork link cost.

3. SCALABILITY AND INSTANTIATIONS

In this section,we first shav how effectively the cache-and-relay

approackcanreducenetwork link cost,givenunlimited client-side
bandwidthandcachespace.Thenwe formalizethe problemwhen
eitherclient-sidebandwidthor cachesizeis limited. In eachcasea
specificinstantiationof the cache-and-relaglgorithmis 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 startedreceving that objectbut have not
finished.We definethe costof servingthenew clientto bethehop-
distancebetweerthatclientandthenearesbngoingpeer Let L(n)
denotethe total network link costfor n consecutie client arrivals
within a unit time, wherebyeachclient fetchesthe objectfrom the
nearesbngoingpeer Here,a unit time is definedasthe duration
of the mediaobject,andhencen is the averageclient concurreng
level. L(n) reflectshow the cache-and-relagpproachscales(in
termsof network link cost) asthe level of client concurreng n
increases.

In randomnetworks, which have exponentialneighborhood:x-
pansiorfunctions we have computedhefollowing asymptoticscal-
ing behaior (seethe Appendixfor a detailedderivation):

Ln) ~n (1 _ E—;) , @

where N is the total numberof nodesin the network. This result
impliesthatthe increasdan network link costis a sub-linearfunc-
tion of theclientarrival raten. This underscores clearreduction
in network link costcomparedo unicastservicewhosecostis lin-

earin n.

Thekey to thederivationof L(n) is theneighborhoodxpansion
function E(d) of thenetwork, whichis definedastheaveragefrac-
tion of verticesreachablén d hops,startingfrom anarbitraryver-
tex. In randomnetworks, this functionis approximatedy an ex-
ponentiafunction. For example,Figure2 shavs theneighborhood
expansiorfunctionof arandomnetwork with 119,259%erticesand
with an averagedegreeof 3.2. The network was generatedising

the ER model[14]. Thefunctionis well fitted to E(d) = 122
for awide rangeof values exceptwhentheactualfunctionreaches
asaturatiorpoint, i.e., theedgeeffect of thenetwork is reached.

While thederivationof L(n) for anarbitrarynetwork is impossi-
ble, we have alsoconsideredhetworkswhoseneighborhoodxpan-
sionfunctionsfollow apowerlaw. As detailedin the Appendix,we
foundthatif the neighborhoodxpansionfunctionis a power-law
with exponentH, then L(n) increasessymptoticallyas

L(n) ~ n' " 2

Examplenetworks with power-law neighborhoodexpansionfunc-
tion includetwo-dimensionahndthree-dimensionairids.
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Figure 2: In random networks, neighborhood expansionfunc-
tions are approximately exponential.
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Figure 3: In limited scalesnetwork link costsunder different
neighborhood expansionfunctions appearto be close.

Theseresultsshav thatthe effectivenesof the cache-and-relay
approachs largely determinedy thetopologicalpropertief net-
works. With differentneighborhoodxpansionfunctions,the net-
work link costreductionsaremuchdifferent.

We shouldalso point out that the above theoreticalresultsare
valid only in asymptoticcases. In limited scales(small network
size N andlow clientconcurreng level n), thedifferencebetween
theseequationss lesspronounced.Figure 3 plots an exampleto
shav thatequation(1) and(2) areclosewhen N = 10, 000.

3.2 Handling Limited Client Bandwidth

In practice clientsmayhave limited bandwidthto receve andsend
streams. Therefore,it may be infeasiblefor a client to receve
a streamfrom the neareston-goingpeer For example,in Fig-
ure 1.1(a),if we assumethat eachclient canreceve and sendat
mostthreestreamsthenthe solutionshavn in thefigure becomes
infeasiblesinceclient 2 cannotreceize and sendfour streamsin
total. In Figure1.1(b),afeasiblesolutionis shavn.

It is difficult to find the optimal solutionwhenbandwidthis lim-
ited. Indeed,eventhe off-line algorithm (with prior knowledgeof
client arrivals) is NP-hard. To explain why this is the case,it suf-
ficesto notethatthe constructiorof adegree-constrainegpanning
tre€ is an NP-completeproblem[16]. By restrictingour problem

2GivenagraphG = (V, E) andapositive integer K < |V|, finda
spanningreefor G in which no vertex hasdegreelargerthan k.
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Figure 4: Comparisonsof theoretic network link costand simulation resultsusing synthetic networks.

to synchronouslientsandintegerbandwidthvalues findinganop-
timal cache-and-relagolutionis equivalentto finding a solutionto
the degree-constrainedgpanningreeproblem.

A simplegreedysolutionfor the bandwidth-constrainedache-
and-relayproblemworks asfollows. Eachnew client recevesthe
objectfrom the nearesbngoingpeerclient who still hasabundant
bandwidth. The solutionin Figure 1.1(b) is obtainedusing this
greedyalgorithm. Client 5 receves a streamfrom client 4 and
client 8 recevesdatafrom client 3. The total hop-distancés 32.
Our simulationresultssuggesthat this greedyalgorithm usually
findsgoodsolutions.

3.3 Handling Limited CacheCapacity

In practice clientsmay have limited cachecapacity For example,
in a cachingproxy, it might be unrealisticto cachea whole video
whosesizeis up to Giga bytes,especiallywhenmary suchmedia
objectsmaybe competingfor cachespace.

Whencachespacss limited, the solutionsin Figuresl.1(a)and
1.1(b)maybecomenfeasible.For example,if client1 hasacache
capacitythatenablest to keeponly 50% of the object,thenwhen
client9 arrives, it is alreadytoolatefor thatclientto fetchtheobject
from client 1. Instead afeasiblesolutionis for client 6 to relaythe
objectto client9.

To handlecachecapacityconstraintsit is necessaryo determine
a cache replacement policy. It is straightforvard to usea FIFO
policy: aslidingwindow indicateghecurrentsggmentin thecache.
The client canrelay the objectto other clientswho start slightly
later (i.e., within thatwindow). In the next section,we shav how
constrainton cachecapacityimpactthe reductionof network link
cost.

4. PERFORMANCE EVALUATION

In thissectionwe validatethroughsimulationthenetwork link cost
of our proposedcache-and-relagipproachandstudythe effect of

limited client-sidebandwidthandcachecapacity Large, synthetic
andrealnetworks areusedin simulation. Experimentaresultsare
comparedo theoreticakresults.

4.1 Networks Usedin Our Simulations

In our simulationsfour syntheticandrealnetworkswereused.All
four networks have approximatelyl 10000-12000@odesandhave
anaveragedegreeof 3.2. Thetopologieswe considerare:
e A randomnetwork generatedusingthe ER model[14]. In
this model,thereis a uniform probability of having anedge
betweenary pair of verticesin the graph. The modeldoes

not guaranteghatthe network is connected So, we usethe
largestconnectedomponentvith 119,259%ertices.

e A randompower-law degreenetwork with 120,037vertices
generatedisingthemodelin [2]—namely the probability of
having nodedegreelargerthand is proportionalto d~< (we
seta = 2.5).

e A small-world network with powerlaw degreedistribution,
generatedisingthemodelin [21]. Thenetwork has120,000
vertices. The resultingtopology is differentfrom random
powerlaw degreenetworks asit featuresa large clustering
coeficient. In generatingthis network, we not only used
powerlaw vertex degreewith o = 2.5, but alsoconsidered
the physicaldistanceof theverticesin creatingedges.

e A routerlevel Internetmap(Lucent)availablefrom[29]. This
maphasl112,269verticesandit lessstrictly follows apowver-
law degreedistribution. In addition,it hasa high clustering
coeficient [21]. We have found that our small-world net-
work is the closestto this real Internetin termsof average
pathlengthandclusteringcoeficient.

4.2 Network Link CostValidation

Our simulationproceedsas follows. Client arrivals are Poisson,
with eachclient residingat a randomnode of the simulatednet-
work. We vary the client arrival rate (or concurreng level n) and
obtainthe correspondingetwork link costL(n) scalingasafunc-
tion of n.

Wefirstassumeinlimitedclientbandwidthandcachecapacityin
validatingthe network link costpresentedn thelastsection.Here
only theresultsusingtherandomnetwork andusingthe power-law
randomnetwork arepresented.

Figure 4(a) shavs that when the randomnetwork is used,the
network link costis well-predictedby Equation(1). In addition,it
appearshatEquation(2) alsoprovidesagoodfit. Thisis explained
by our discussiorin thelastsection,.e., in limited scalesthis two
equationsareclose.

Figure 4(b) shavs that the network link costis clearly higher
thanthat predictedby Equation(1). Notice thelog-scaleof L(n)
in the figure. This is becauseower-law randomnetworks do not
have anexponentialneighborhoodxpansiorfunction.

4.3 Effect of Limited Client Bandwidth

Figure5 shawvs theresultingscalingbehaior whenthe client-side

bandwidthis chosenin differentways. Also, for comparisompur-

posesijt shavs the costof unicastdelivery.
Whenclient-sidebandwidthis choseruniformly betweerobject



playbackrateandfour timesthatrate,the network link costis not
significantlyhigherthanwhatis achiezablewith infinite bandwidth.
Thisresultsuggestshatourapproachs effective evenwhenclient-
sidebandwidthis low.

Again, the simulationresultsusing powver-law networks appear
to beratherdifferentfrom thoseobtainedusingrouterlevel Inter-
netmaps.In the power-law network, the network link costreduc-
tion is lessthanthatin routerlevel maps.However, we foundthat
the simulationresultsusing a small-world, powver-law network is
closeto thatobtainedusingrouterlevel Internetmaps.This under
scoregheimportanceof capturingsmall-world behaiorsin Inter-
net topologies—hamelylustering in networks is important to the
scaling behavior of multicast delivery [21].

4.4 Effect of Limited Client CacheCapacity

Figure6 shavstheresultingscalingbehaior whentheclientcache
capacityis constrained. In our simulations,we choosedifferent
cachecapacities,correspondingo 10%, 30%, and 100% of the
objectsize.Buffer managemeniisesa FIFO replacemenpolicy.

The resultsin Figure 6 indicatethe follows. First, even when
cachespaceis limited, the reductionin network link costis still
significantcomparedo that of unicastdelivery. Secondthereis
still aroomfor improvementwhencachecapacityis small. Notice
thatwe usea simple FIFO policy which canbe lessefficient than
others.In addition,it is alsopossibleto combineprefetchingtech-
niquesto betterutilize limited cachespace.For example,assume
the client cachecanonly storea S-minute sgmentof the object.
Whenalaterclientstarts it mayprefetchthe objectfrom ary client
who startedlessthan2S minutesearlier Therefore,jt works asif
thecachesizeis doubled.

5. RELATED WORK

Endsystemmulticastwasadwancedy theauthorsof [9] asade-
ployablealternative to IP multicast. In their Naradaprotocol,end
systemsself-oiganize into an overlay network using a fully dis-
tributed protocol,with fairly low delayandbandwidthoverheads.
Recently the sameresearclgroup conductedan extensie evalua-
tion of schemedor constructingoverlay networks on a wide-area
testbed8]. This studydemonstratedhat end systemmulticastis
promisingfor conferencingapplicationsn a dynamicandhetero-
geneoudnternetervironment,and highlightedthe importanceof
adaptingto lateny andbandwidthwhile constructingoverlaysop-
timizedfor thereal-timedelivery of contento synchronouslients.

Delivery of contentto asynchronouslientsis thefocusof mary
recentstudies,including periodic broadcasting [30, 18, 17, 23]
andstreampatching/meging techniqueg6, 15,11, 12]. Theseap-
proachesaretargetedmainly at video-on-demanapplications.In
periodic broadcastingechniquessegmentsof an object(with in-
creasingsizes)are repeatediytransmittedon dedicatedchannels,
and asynchronouglients simply join one or more broadcasting
channelgo receve this data.Using streampatching/meging tech-
niguesasynchronouslientsaremeigedinto largerandlargergroups
that sharea singlemulticastchannel.Both techniqguesassumehe
availability of a lowerlevel multicastdelivery infrastructure. In
thatrespectthey arescalablein minimizing sener bandwidthre-
quirement13, 20], but do not specificallyattemptto optimizefor
network link cost.

Theideaof utilizing client-sidecachespacewasalsodeveloped
in several previouswork [28, 27]. Their main objectve wasto re-
ducesenerload,but did not evaluatetheir network link costreduc-
tion. A network level schemewvaspresentedn [19], which caches
dataat routersin the network to servicesubsequentequestslt is
thereforadifferentfrom our applicatiorlayerapproachlin addition,

it alsoaimedat lighteningthe demandon the sener bandwidth.

Anotherclassof contentdelivery techniqueriginatedwith the
useof periodicbroadcastingf encodedcontentaswasdoneover
broadcastdisks [3] using IDA [26], and later using the Digital
Fountainapproachwhich relied on moreefficient Tornadoencod-
ing [5, 4]. Theseapproachesnableend-hostgo efficiently recon-
structtheoriginal contentof sizen from asubseof ary n symbols
from alargeuniverseof encodedsymbols.Suchapproacheenable
reliability and a substantiadegreeof applicationlayer flexibility .
The primaryweaknes®f thesetechniquess their inability to effi-
ciently dealwith real-time(live or nearlive) streamingmediaob-
jectsdueto the necessityof encoding/decodingatherlarge stored
datasggments.

Severalrecentstudieshave addressetheimpactof topologyon
IP multicastusingshortesipathtrees. The authorsof [25] shaved
how thesizeof amulticasttreeincreasesvith thesizeof the multi-
castgroup,primarily underanassumptiorf exponentiallyincreas-
ing network neighborhoodthe numberof verticeswithin a certain
distance).They provided a theoreticalresultwhich roughly obeys
theChuang-Sirb law for IP multicastscaling[10]. Thislaw asserts
thatmulticasttreesizeincreasesisn® -, wheren is thegroupsize.
Thiswasgeneralizedn [7] for morerealisticmulticasttreeshapes.
The authorsof [24] consideredh stricterapproximatiorof the link
costreduction. Their resultsshav that the Chuang-Sirb law is
not asymptoticfor randomgraphsand k-ary trees. Recently [1]
alsore-examinedthe analysisin [25] andprovided preciseasymp-
totic scalingbehaior of treesize. This asymptoticterm scalesas
n(1 — {22) wheren is the groupsizeand N is the network size.
More importantly they showved that by replacingthe k-ary com-
plete tree topology by a self-similar tree, multicasttree size sat-
isfiesa power law. This finding strongly supportsthe claim that
the essencef the problemlies in the modelingassumptionn
the topology Our resultshave shavn that the network link cost
of cache-and-relagpproachalsolargely dependson the network
topology

6. SUMMARY

We propose@ndevaluatedacache-and-relagpplicationlayermul-
ticastdelivery mechanisnfor streamingnediaobjects.Our cache-
and-relayapproachminimizesthe total network link costandis
especiallytailored for applicationsfeaturingasynchronouglient
requestgo popularstreamingmediaobjects. This approachhas
severalsalientfeatures:

o Itisfully distributedasit enableghereplicationof mediaob-
jectsin ademand-drienfashion keepingthe sener andthe
endsystemdightly-loaded.It thusprovidesahighly scalable
solution.

e |t isflexible toimplementandeasietto deploy, asit relieson
anapplicationayermulticastdeliverytechniqueby utilizing
client-sidecachespaceandalundantbandwidth.

o It allows heterogeneoudientsto join in the multicastdeliv-
ery asynchronouslyTheclientsmayhave differentavailable
bandwidthsanddifferentcachespaceslevotedto peercoop-
eration.

We derived the theoreticalnetwork link cost. In arandomnet-
work, the link costasymptoticallyscalesasn(1 — llr‘j—}j,) wheren
is theclient concurreng level and N is the network size. Thelink
costis differentunderdifferentnetwork topologyassumptionsin
addition, we found that the network costis closeto its theoreti-
cal lower boundwhenclient-sidebandwidthis limited; compared
to unicastservice,the link costis still significantlyreducedwhen

client-sidecachesizeis limited.
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Figure 5: Simulation resultswhen client-side bandwidth is limited.
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Figure 6: Simulation resultswhen client-side cachespaceis limited.



APPENDIX

In this appendixwe derive the asymptoticscalingbehaior of net-
work link costgivenin Section3.

A.1 The General Case

The key to our derivation is the notion of network neighborhood
size(or expansion)function E(d), which is definedasthefraction
of nodesin the network thatarereachablen d hops.

Considerageneraheighborhoo@xpansiorfunction £(x), which
is definedovera < = < bin continuoudorm. Let usconsiderthe
probabilitythatanarbitrarypeeris not within distancer. By defi-
nition, this probabilityis 1 — E(x). Sincetherearen independent
datasourcesn the network, the probability that none of themis
within distancer is (1 — E(z))".

Let F(z) = 1 — (1 — E(z))™. Theprobabilitydensityfunction
f(x) (i.e., the probability that the nearespeeris at distancer) is

computedas 2@ et g(n) denotethe expecteddistanceof the
nearespeer
b
o) = [ afas
b
= / xdF(x) Substitutingy for F(z)
= F~ (y)dy. (3)

0

A.2 Exponential Neighborhood Expansion

Let E(z) = k*P,0 <z < D, whereD is calledthe diameterof
thenetwork. ThUS,F(I) =1 (1 _ E(x))n —1— (1 _ kme)n’
1

and the inversefunction F~*(y) = D + w From
equation(3), g(n) is computedas

1
o) = [
0
S S S 3T
= +m : n(l—(1—-y)»)dy
_ pyt / (1 - yha
- nk J, &YW
Considertheterm — fol In(1 — y%)dy in theabove equation.No-
. 2 3
ticethatln(14-x) canbeexpandedo « — %4 & —- - -. Therefore,
1 . 0o 1y%’
— [ In(l—-ym)dy = /f.dy
/0 ; o *
_ f: n
T L (n+i)i

o
Il
—

I
7
S| =

i=1

Thus,— ]01 In(1 — y%)dy is equalto the sumof a harmonicnum-
berserieswhichis equalto Inn + 0.5772156 - - - + ﬁ Thisterm
is asymptoticallycloseto In n. Thereforeg(n) ~ D — }ﬁz. No-
tice that I = D. Thus,g(n) ~ D(1 — {22), which grows

asymptoticallyasl — {22 .

A.3 Power-law Neighborhood Expansion

Let neighborhoodxpansiorfunction E(z) = (z/D)7,1 < ¢ <
D, whereD is calledthe diameterof the network. F(z) = 1 —
(1—E(@)"=1-(1- (/D)™™ Inversefunction F~! (y) =
D(1-(1-— y)%)%. From equation(3), g(n) is computedas
follows

g(n) = F~(y)dy
Jo
! 1.1
= D[ a-(-yh)hay
0
L 1.1
= D[ (1—y~)Hdy.

JO

The computationof g(n) is complicated(more detailsarein the
next paragraph)lt is easierto numericallysolve % for different
valuesof n. We have doneso usingdifferentchoicesof H. The
resultsare plottedin Figure7. Interestingly the resultsshav that
% matchn~# very well for variouschoicesof H whenn is
not too small. Notice that, the numericallines are parallelto the
correspondingf% lines. It meangheir slight differencedoesnot
changehe asymptoticscalingbehavior.
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Figure 7: Numerical result of lower bound with power-law
neighborhoodexpansion.

Now let usrecallthe computatiorof %:
g(n) /] 11
JV7 = 1—yn)H(

D L mym)fdy
1

/0 .
I'(1+ £)(n)
"Tm+1+1)

Letz =1 —yn

T

(1—x)" 'dx

N

whereI'(a) is the Gammafunctiondefinedas [, e d. It

appearsdueto thefactorialnatureof Gammafunction, I 1(1”12 5
n H
J P

is roughly proportionalto n H whenn is large. In addition,
T(1+ %) is aconstantcorrespondingo thedisplacemenbetween

thenumericallines £ andn~# linesin Figure7.
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