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Abstract

The wide availability of broadbandnetworkingtechnolo-
gies such as cable modemsand DSL coupled with the
growing popularity of the Internet has led to a dramatic
increasein theavailability andtheuseof onlinestreaming
media. With the “last mile” networkbandwidthno longer
a constraint, the bottleneck for video streaminghas been
pushedcloser to the server. Streaminghigh quality audio
and video to a myriad of clients imposes significant
resourcedemandson the server. In this work, we propose
a demandadaptiveand locality aware (DALA) clustered
media server architecture that can dynamically allocate
resourcesto adaptto changingdemandandalsomaximize
thenumberof clientsservicedby theservercluster. More-
over, our designexploits temporal locality amongrequests
by dispatching newly arriving requeststo servers that are
alreadyservicingprior requestsfor thoseobjects,thereby
extracting the benefitsof locality. We explore the efficacy
of theDALA clusteredarchitecture usingsimulations.Our
simulation results show that DALA is highly adaptive,
exhibits significantperformancegains whencompared to
staticschemes,andhasa low systemoverhead.Our results
demonstrate that DALA is a simple, yeteffectiveapproach
for designingclusteredmediaservers.

1 Introduction

Thewideavailability of broadbandnetworkingtechnolo-
giessuchascablemodemsandDSL coupledwith thegrow-
ing popularity of the Internet has led to a dramatic in-
creasein the availability and the useof online streaming�
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mediasuchasentertainmentmovies,newsclips,andeduca-
tional andtrainingmaterials.With the “last mile” network
bandwidthno longera constraint,the bottleneckfor video
streaminghasbeenpushedcloserto theserver[24]. Stream-
ing high quality audio and video to a myriad of clients
imposessignificantresourcedemandson the server. One
cost-effectiveapproachto scaletheservercapacityis to em-
ploy a servercluster. For instance,a clusteredapproachis
commonlyusedto designscalablewebserversandseveral
researchprototypesand commercialproductshave been
developedwith such an architecture[1, 18]. However,
thereareimportantdifferencesbetweenwebworkloadsand
streamingworkloadsthatpreventtheseapproachesfrom be-
ing directlyusedfor clusteredstreamingmediaservers.For
instance,clusteredwebserverstypically replicatewebcon-
tenton eachserver, therebyallowing any server to service
an incomingrequest.In contrast,streamingmediaobjects
areseveralordersof magnitudelargerthanwebobjectsand
repositoriesof high-endstreamingserverscanexceedsev-
eral terabytes. Hence,full replicationof contentat each
server is prohibitively expensive, necessitatinga partition-
ing of the contentand the workloadamongservers in the
cluster. Moreover, retrieval andtransmissionof streaming
mediaobjectsimposesreal-timeconstraints,while webre-
questsaretypically servicedin a best-effort manner. Fur-
ther, the servicetime of web requestsis in the order of
hundredsof milliseconds,while a typicalstreamingsession
laststensof minutes. Due to the long-livednatureof ses-
sionsandreal-timeconstraints,clusteredstreamingservers
needto bedesigneddifferentlyfrom clusteredwebservers.
Ontheotherhand,likewebworkloads,requestsfor stream-
ing mediaareusuallyskewedandunpredictable.Accesses
to streamingmediaobjectsfollow a Zipf-lik e distribution
[8, 2] andpopularitiesof individualobjectstendto varyover
time [2]. Hence,dynamicallocationof clusterresourcesto
meettheneedsof changingworkloadsandthedynamicdis-
tributionof requestsamongserversin theclusterareimpor-
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tantdesignissuesin clusteredstreamingservers.
To addressthesechallenges,in this paper, we propose

a demandadaptive and locality aware (DALA) clustered
mediaserver architecturethatcandynamicallyallocatere-
sourcesto adaptto changingdemandandalsomaximizethe
numberof clientsservicedby theserver. TheDALA archi-
tectureis demandadaptivesinceit can dynamicallyvary
the amountof resources(numberof servers, disk space,
disk and network bandwidthon eachserver) allocatedto
eachobjectbasedon its popularity—moreresourcesareal-
locatedto objectswith increasingpopularityandthesere-
sourcesarerelinquishedasthepopularitywanes.Moreover,
thearchitectureis locality awaresinceit candispatchnewly
arriving requeststo serversthatarealreadyservicingprior
requestsfor thoseobjectsandtherebyextractthebenefitsof
memorycaching.Our resourceallocationarchitectureand
requestdistributionmechanismsattemptto optimizetheuti-
lization of the memory, disk andnetwork resourceswithin
thecluster, therebymaximizingoverallsystemcapacity. We
demonstratethe efficacy of the DALA clusteredarchitec-
ture using simulations. Our simulationresultsshow high
responsivenessto changingloads,performancegainsdueto
locality awareness,andlow overheads.

Theremainderof thispaperis organizedasfollows. Sec-
tion 2 presentsthedetailsof our DALA clusteredserverar-
chitecture.Section3 presentsourexperimentalresults.Sec-
tion 4 discussesrelatedwork, andfinally, Section5 presents
someconcludingremarks.

2 DALA Server Cluster Architecture

In this section,we presentthe detailsof our demand-
adaptive and locality-aware architecture for clustered
streamingservers. We first presentthe systemmodel as-
sumedin ourwork andthenpresentthedetailsof ourarchi-
tecture.

2.1 System Model

Considera clusterof � servers,denotedby ��� , �	� , ...,�	
 , thatareinterconnectedby ahigh-speedswitch(seeFig-
ure1). Assumethateachserver ��� hasa local disk 
�� for
storingstreamingmediacontent.

Ourarchitectureassumesthateachservercanservemul-
tiple objectsfrom its local disk andthateachobjectcanbe
served from multiple servers. The numberof servers that
canservea streamingmediaobjectdependson its popular-
ity — themorepopulartheobject,thelargeris thenumber
of serversallowed to serve it. We refer to a setof servers
thatcanserve a streamingmediaobjectasa groupanduse���

to denotethegroupthatservesobject� . Considertheex-
ampleshown in Figure2 whereeachcircledenotesa group
andeachsquaredenotesa server. Thefigure illustratesthe
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Figure 1. A Sample Cluster Server Infrastruc-
ture
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Figure 2. Conceptual DALA Server Cluster
Design

differencein groupsizes,the overlapbetweengroups,and
thevariationin groupsizeswith changingpopularities(see
Fig 2(a)and(b)). We requirethateachgrouphave at least
oneserver in it andthat the server be the oneholding the
primarycopy of theobject.

The local disk on eachserver consistsof two partitions
— oneusedto storeprimarycopiesof objectsandtheother
usedto storedynamicallycreatedreplicasof objects.{ Primary copypartition: At leastonecopy of eachob-

jectis storedpermanentlyonsomeserverin thecluster.
This staticallystoredfile is referredto asthe primary
copy of theobject.Ourcurrentdesignassumesasingle
primarycopy for eachobjectandwedefine| � : astheserver thathastheprimarycopy of object �
where }�~���~�� , and � is the total numberof
objects.{ Dynamicservicepartition: Whena groupconsistsof
multipleservers,eachserver(with theexceptionof | � )
storesa replicaof the objecton its local disk. These
replicasare storedin the dynamic servicepartition.
Thestoragespacefor a replicais reclaimedwhenthe
server leavesthecorrespondinggroup.
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Therelativesizesof theprimarycopy andthedynamicser-
vicepartitionsdependonthemeangroupsizeacrossall ob-
jects in the system. Assuminga meangroup sizeof � , a
goodrule of thumbis to assignstoragespacein the ratio}�������} . We assumethat primary copiesof objectsare
assignedto servers in a round-robinmanner. Initially, the
dynamicservicepartition is empty(all objectshave an ini-
tial groupsizeof 1). Our architecturealsoassignsa token
for eachobject. The token holderfor an object is respon-
sible for acceptingandprocessingall new requestsfor that
object.We define� �

: asthetokenholderfor object �
Initially we set

� �P� | � (theserverwith theprimarycopy is
assignedto betheinitial tokenholderfor theobject).

2.2 DALA Demand Dissemination Protocol

Considera clusterof � serversasdescribedin Section
2.1. Assumethata new requestfor a streamingmediaob-
ject arrivesat oneof theseservers. We assumethat each
server maintainsinformationaboutthe tokenholder

� �
for

all objectsstoredin thecluster. Whenanew requestarrives,
the server determinesthe token holder for the object and
forwardstherequestto thetokenholderfor furtherprocess-
ing (analternateapproachis to maintainthis knowledgeat
a layer-7 switch,which thenforwardstheincomingrequest
directly to thecorrespondingtokenholder).

Uponreceiving anew request,thetokenholderperforms
admissioncontrolto determinewhethersufficient resources
exist to servicethe new requestlocally. Suchan admis-
sion control algorithm needsto ensurethat sufficient net-
work bandwidth,disk bandwidthandmemorybuffersexist
to servicethe new request. A numberof admissioncon-
trol algorithmshavebeenproposedrecently[12, 7, 23]; any
suchalgorithmsufficesfor this purpose.Dependingon the
resultsof admissioncontrol,thetokenholdereitheraccepts
therequestor decidesto passthetokento anotherserver in
thecluster(which is thenresponsiblefor determininghow
to proceedwith therequest).{ If admissioncontrol is successful,then the token

holder

� �
acceptstherequestandservicesit.{ If admissioncontrol fails, thenthe tokenholderlacks

sufficient resourcesto serviceany further requestsfor
this object.Hence,thetokenholderinvokesthetoken
passingprotocol (describedin Section2.3) to deter-
minea new tokenholderfor theobject.Therequestis
thenforwardedto thenew tokenholderfor processing
(andsubsequentrequestsfor theobjectarealsosentto
thenew tokenholder).{ If thetokenpassingalgorithmis unableto locateanew
tokenholderin thegroup,thenall groupmembersare
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Figure 3. A Pictorial Representation of the
DALA Demand Dissemination Algorithm

overloadedindicating that the group needsto be ex-
panded.In sucha scenario,the token holder invokes
thedynamicgroupmembershipprotocol(describedin
Section2.4)to pull anew memberinto thegroup.Both
the tokenandthe requestareforwardedto this server
for furtherprocessing.{ If nosuitableserverscanbepulledinto thegroup,then
clusterlacks resourcesto servicethe requestand the
requestis denied.

Figure3 illustratesthisdemanddisseminationprotocolpic-
torially. Next we briefly describethetokenpassinganddy-
namicgroupmembershipprotocols.

2.3 Token Passing Within a Group

The token holder for an object processesand services
newly arriving requestsuntil no additionalrequestscanbe
accepted.At thispoint,thetokenis passedto anotherserver
in thegroup.To doso,thetokenholderqueriesgroupmem-
bersfor their loadinformationandpickstheserverwith the
leastload. Assumingthat this server is willing to assume
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tokenholderresponsibilities,thetokenis sentto this server
andits identity is broadcastto theentireclusterasthenew
tokenholderfor theobject.If all groupmembersareheavily
loaded(indicatingthatno groupmembercanassumetoken
holder responsibilities),then the dynamicgroup member-
ship protocol is invoked to expandthe group(seeSection
2.4).

Several designdecisionsaffect the efficiency of the to-
ken passingprotocol. First, choosinga new token holder
requiresknowledgeof theloadon eachserver in thegroup.
The load informationcanbe gatheredin an eageror lazy
fashion. In the former approach,eachserver periodically
broadcastsits load information to all other servers. Each
server maintainsa tableof the loadon variousserversand
usesthis table to pick a new token holderwhen the need
arises.Sincetherecency of theloadinformationdetermines
its accuracy, suchanapproachcanresultin decisionsbased
on inaccurateinformation [10]. Further, if token passing
is not too frequent,exchangingload informationresultsin
wastedmessages.Theadvantagethoughis thatanew token
holdercan be chosenquickly, reducingthe latency of to-
kenpassing.Thelazy approach,on theotherhand,queries
eachserverfor its loadinformationonly whennecessary(at
tokenpassingtime). While thisresultsin up-to-dateloadin-
formation,it canincreasethelatency of tokenpassing(since
thetokenholdermustwait until all serversin thegrouphave
respondedbeforemakinga decisionor time out). A simple
but effective approachto improve the latency of lazy load
gatheringit to userandomization.Theoreticalstudieshave
shown thatpicking two (or a constant� , �ÈÇÉ} ) serversat
randomandchoosingoneof thetwo (or � ) serversbasedon
their loadsis aseffective asqueryingall serversandpick-
ing theonewith minimumload[17]. This is especiallytrue
whenthegroupsizeis large. Sucha randomizedapproach
reducesthecomplexity of lazy tokenpassingto a constant
andmakesit independentof groupsize.

A seconddesigndecisionis the invocationof the token
passingalgorithmitself. This canalsobedonein a lazy or
eagermanner. In lazy tokenpassing,a new tokenholderis
chosenonly whenadmissioncontrolfor anew requestfails.
In eagertokenpassing,a new tokenholderis chosenwhen
the load on the server exceedsa high threshold. Whereas
lazy token passingcan increasethe latency for servicing
new request,eagertokenpassingcanincreasetheoverhead
of unnecessarytokenpasses.

As a final caveat,we note that handlinglost tokensin
DALA is similar to handlingthe failure of a coordinator
within a groupof distributedprocesses[22]. Groupmem-
berscancheckonthestatusof thetokenholderby exchang-
ing heartbeatmessages.In theeventthatthetokenholderis
down, a new tokenholdercanbechosenby runninga sim-
ple leaderelectionalgorithmwithin thegroup[22]. Sucha
strategy failsonly whenthetokenholderwasthesolemem-

ber of the group(andhasfailed) andno othercopy of the
videoexists in the cluster;in suchcases,the videocanno
longerbeservedby theclusteruntil acopy is retrievedfrom
tertiarystorage.

2.4 Adapting the Group Size to the Load

To accommodatechangingworkloads, the group size
of an objectis varieddynamicallybasedon its popularity.
The groupsizeis increasedwhenthe objectpopularityin-
creasesandis shrunkwhenthe popularitywanes. This is
achievedby two separateproceduresthatconstituteourdy-
namicgroupmembershipprotocol— thegroupexpansion
procedureandthegroupcontractionprocedure.

A group is expandedwhen the token passingprotocol
fails to pick anew tokenholderfrom theexistinggroup.To
adda new memberto thegroup,the tokenholderneedsto
know the loadon eachremainingserver andwhetherthese
serversalreadyhave a replicaof this object(sincestorage
spacein thedynamicservicepartitionis reclaimedin a lazy
fashionandonly to makeroomfor anew incomingreplica,
a server might continueto storea copy of this objectfrom
its previousincarnationasa groupmemberfor theobject).
Given this information, the currenttoken holderpicks the
server with the least load and preferablyone that has a
replicaof theobject.Thisserver is invited to join thegroup
andalsosenta copy of theobjectif it doesn’t have oneal-
ready. The server is thensentthe token for the objectand
thependingrequestfor furtherprocessing.The identity of
thenew groupmemberis broadcastto theremaininggroup
membersand its identity as the new token holder is sent
to the entirecluster. Like the token passingprotocol, the
groupexpansionprocedurecanbeinvokedin alazyor eager
manner. Thisdesigndecisionhasimportantimplicationson
performanceandthestartuplatency for requests,especially
sincepropagationof a replicato a new groupmembercan
involve significantlatency (due to large objectsizes). On
theotherhand,eagergroupexpansioncanresultin wasted
copying effort.

The groupsize for an objectshrinkswhenits popular-
ity decreases.Our architectureusesa timeoutstrategy for
group contraction— after finishing the serviceof all the
relatedrequests,if a groupmemberdoesnot receive theto-
kenwithin a timeoutinterval, it automaticallyrelinquishes
group membership(and announcesthis to the rest of the
group). This allows serversto freeup resourcesandreuse
themfor objectswith increasingpopularities.

2.5 Exploiting Locality Awareness

Onepossibleapproachfor loadbalancingwithin a clus-
ter is to distribute incomingrequestsevenly amonggroup
members.Sucharequestdistributionpolicy, however, does
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not allow theclusterto exploit temporallocality amongre-
quests. The needto exploit locality amongrequestsmo-
tivatesour decisionto use a token for eachobject. By
employing the conceptof a token holder, all incomingre-
questsfor an objectaresentto the sameserver (the token
holder),enablingtheserver to exploit temporallocality re-
lationshipsamongrequests.Eachserver employs an inter-
val cachingpolicy [11] andsendingall requestto the to-
ken holder improvesthe chancesof an interval formation,
resulting in substantialperformancegains for very popu-
lar objects(eachinterval thatis formedallows theserver to
serviceoneor morestreamsdirectly from memorybuffers,
therebysaving preciousdiskbandwidth).

Similar locality-aware requestdistribution policies for
webrequestshave beenstudiedin [18] andhave exhibited
substantialperformancegains.Sincewebcontentis served
in a best-effort manner, in suchservers,exploiting locality
needsto be weighedagainstloadbalancingconsiderations
(loadbalancingandlocality awarenesshaveoppositetrade-
offs). Streamingmediaservers,on theotherhand,provide
guaranteedservicewherethe quality of serviceis ensured
throughadmissioncontrol. Thus,we areableto exploit lo-
cality to themaximumextentwithout worrying aboutload
balancingconsiderations(so long asQoSrequirementsare
not violated, the exact distribution of load amongvarious
serversis of secondaryimportance).Hence,giventhelong-
livednatureof streamingsessions,weexpectto observesig-
nificant performancegainsusing a locality-aware request
distributionpolicy.

3 Experimental Results

We evaluatetheefficiency of theDALA architectureby
usingsimulations. In this section,we presentour experi-
ments’settingsandthecorrespondingevaluationresults.

3.1 Effect of Demand Adaptation

Our first experiment simulatesa flash flow scenario
wherethe popularity(andrequestfrequency) of an object
increasessuddenly, staysat that level for a certainperiod,
andthendropsgradually. The objective of the experiment
is to examinehow theDALA architectureadjuststo unpre-
dictableworkloadchanges.

Our simulationsetupassumesa clusterof 10 low-end
commodity PCs that constitutethe DALA cluster. Each
server is assumedto have 128 MB of memory, a 20 GB
harddisk with a maximumthroughputof 40 Mbps, anda
100MbpsEthernetcard.We assumethat theclusterserves
100 streamingmediaobjectsand that the length of these
objectsis uniformly distributedbetween60 and120 min-
utes.Eachobjectis assumedto beMPEG-1encodedwith a
maximumbit rateof 1.5Mbps.

Figure4 depictstheworkloadseenby theclusterover a
12hourperiod.Requestarrivalsareassumedto bePoisson.
The top solid curve shows the total numberof requestar-
rivalsover5 minuteintervals,while thedashedcurvebelow
it plots the numberof requestsfor themostpopularobject
in thecluster. Thetwo flat linesrepresentthetotal network
bandwidthcapacityandthe total disk bandwidthavailable
in thecluster.

Weshow how DALA adaptsto workloadchangesby ex-
amininghow thegroupsize

� � variesover time(
� � is rep-

resentedby the bottomcurve in the figure). As shown, as
theworkloadincreases,

� � increasesin stepsuntil thegroup
spansall 10serversin thecluster. Whentheworkloadstarts
decreasesafter thefirst six hours,we seethat

� � contracts
graduallyaswell. Observe that thereis a time lag between
thedecreasein workloadandthecorrespondingdecreasein� � . This is because,thea server dropsout of a grouponly
after it hasfinishedservicingall ongoingrequestsfor the
objectplusa timeoutduration.

The set of crossesin the figure representsthe number
of requeststhat aredenied. Observe that the most of de-
nied requestsappearsafter the group size

� � reachesits
maximumpossiblevalueof 10 servers. This indicatesthat
DALA makesa very gooduseof systemresources.Fur-
ther, observethatrequestsaredroppedonly whenthework-
loadapproaches(and,in somecases,exceeds)thetotaldisk
andnetwork capacitiesof thecluster(requestdropsarein-
evitableif thetotalworkloadexceedstotal capacity).

Togethertheseresultsshow thatDALA adaptsto chang-
ing workloadandmakesjudicioususeof clusterresources.

3.2 Comparison With other Request Distribution
Policies

To further evaluatethe performancebenefitsdueto de-
mandadaptation,we compareDALA to two otherrequest
distribution policies: static resource allocation (SRA)and
static resource allocation with locality (SRL). In static re-
sourceallocation,the numberof serversallocatedto serve
eachobject is determinedbasedon long-termpopularities
for eachobject.Thustheconfigurationof thesystemisdone
periodicallyandmanually;betweenconfigurationchanges,
thenumberof serversassignedto eachobject(i.e.,thegroup
size)is keptfixed.Whenarequestarrives,it is sentto aran-
domly chosenserver in its group.Staticresourceallocation
with locality (SRL) is similar to SRA,exceptthatit exploits
locality amongrequestarrivals. This is achievedusingthe
conceptof a tokenholderandtokenpassing.Thus,SRL is
likeDALA, exceptthatthegroupsizesarefixed.

We usethe samesetupas our previous experimentto
evaluatethethreepolicies,SRA,SRLandDALA. To deter-
minethegroupsizesfor SRAandSRL,wefirst runthesys-
tem with DALA for about2 hours(120 minutes)andthen
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usethegroupsizeschosenby DALA to configureSRAand
SRL.Thegroupsizesremainfixedfor thetwo schemesfor
the restof the simulation. Choosingthe groupsizein this
mannerpermitsa fair comparisonamongthethreepolicies.
Using the sameworkloadasour previous experiment,we
computethe numberof requestsdeniedby the threepoli-
cies. Figure5 plots the cumulative numberof droppedre-
questsfor the threepolicies. ThedifferencebetweenSRA
andSRL indicatesthebenefitsof locality awareness,while
thatbetweenSRL andDALA indicatestheadditionalben-
efit due to demandadaptation. The figure shows DALA
significantlyoutperformsSRA andSRL dueto its demand
adaptiveandlocality awarenature.
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3.3 Effect of Changing Workloads

Whereastheworkloadin theprevioussectionwasdom-
inatedby requeststo a singlepopularobject(to betterillus-
tratesomeof thekey aspectsof theDALA architecture),in
this section,we evaluatethe performanceof DALA over a
wide rangeof workloads.

To do so, we assumea clusterof 20 high-endservers,
eachwith 1GB memory, a high-end100 GB disk with a
maximumthroughputof 400 Mbps and a 1 GbpsEther-
net card. The clusteris assumedto serve 300high-quality
MPEG-2videos,eachrangingfrom 60 to 120minutesand
with encodingratesrangingfrom 4 to 8 Mbps.

Like in thepreviousexperiment,requestarrivalsareas-
sumedto bePoissonandrequestpopularitiesfollowsZipf ’s
distribution. To simulatechangingpopularities,we ran-
domlypick asmallfraction(10%)of theobjectsafterevery
100requestsandexchangetheir ranks.We vary thearrival
rateandmeasurethecorrespondingratioof thedroppedre-
questload to the total requestload. For eachlevel of re-
questarrival rate, we generaterequesttracesof 24 hours
longandrepeateachexperimentfor DALA, SRAandSRL.
Like in the previous experiment,the groupsizesfor SRA
andSRL aredeterminedusingDALA during the warmup
phase,which is setto bethefirst half (12hours)of eachex-
periment.Themeasurementstartswhenthewarmupphase
is over.

Figure6 plots theobserveddrop ratefor the threepoli-
ciesfor differentloads(the X axis plots the load asa per-
centageof thetotalnetwork capacity;thetotaldiskcapacity
is 40%of thenetwork capacity).For eachvalueof request
arrival rate,werun100experimentsandcalculatethemean
and 95% confidenceinterval of the droppedrequestload
ratio. We areactuallyshowing the confidenceintervals in
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Figure6. However, they aretoo small to be easilydistin-
guished.

SinceSRA doesnot exploit any locality, it getsminimal
benefitsfrom memorycaching.Hence,asshown in Figure
6, thecapacityof theclusterwith SRA is limited by theto-
tal disk capacity. Beyond this point, SRA startsdropping
requestsandthedrop rateincreaseswith increasingarrival
rates.SRL hasa lower drop ratethanSRA dueto benefits
from memorycaching.DALA yieldsthebestperformance.
DALA startsdroppingrequestsonly whentheloadexceeds
60%of thetotalnetwork capacity;this loadis around150%
of the total disk capacity. Thus, the demandadaptive and
locality awarenatureallows DALA to support50% addi-
tional clients beyond what the disk can support. At very
high arrival rates,all server resourcesarealmostfully uti-
lized regardlessof the policy. This explainsthe negligible
differencebetweenDALA andSRL;thedifferencebetween
SRL andSRA in this region shows how muchthe system
capacitycanbeincreasedby exploiting requestlocality.

Finally, Figure7 depictstheoverheadsof DALA for dif-
ferentworkloads.The figureshows the numberof control
operations,namelytokenpassesandgroupexpansions,per
minuteatdifferentloads.As of studyingthedroppedwork-
load,we alsocalculatethemeanand95%confidenceinter-
val per 100 sampleruns in studyingthe systemoverhead,
andwe show the confidenceintervals in Figure7 aswell.
We observe from this figurethat,evenat very heavy loads,
therearefewer thanfivecontroloperationsperminute,sug-
gestinga very low controloverhead.

3.4 Determining Effective Service Capacity

In many scenarios,we are interestedin the maximum
workloadthe systemcansupportbeforeit startsdropping
requests.This workloadindicatesthe effective serviceca-
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Figure 8. Effective Service Capacity of the
Server Cluster

pacityof theservercluster. In this section,we usethismet-
ric to evaluatethesystemperformanceunderdifferentsys-
temparameters.

To obtain the effective servicecapacityof the cluster,
we conductedanexperimentwherewe graduallyincreased
therequestarrival rate(andhencetheworkload)from 0 to
100% in stepsof 0.5% (here,a load of 100% represents
thenormalizedloadatwith thenetwork interfaceonanode
saturates).At eachworkload level, we conducted30 ex-
perimentsandusedthehypothesistestto examinewhether
the ratio of deniedworkloadis zero. If the ratio of denied
requestsat a givenworkloadlevel is significantlydifferent
from zero(atasignificancelevel of 0.05),thenwestopand
take the lastsuccessfulworkloadlevel astheeffective ser-
vicecapacityof theservercluster.

In the first set of simulations,we use the samevideo
repositoryasdescribedin Section3.3andalsousethesame
server clusterconfigurationexceptthatwe vary thesizeof
memoryon eachserver. Figure 8 comparesthe effective
servicecapacitiesof differentarchitectureswhenthemem-
ory sizeson eachserver are256MB, 512MB, 1 GB and2
GB, respectively. In all cases,DALA shows a significantly
highereffective servicecapacitythanSRL or SRA. Also,
SRLandSRAdonotexhibit asignificantdifferencein their
effective servicecapacities,especiallywhenmemorysize
on eachnodeis sufficiently large. This canalsobeinferred
from Figure6, sinceexploiting temporallocality only im-
provesthesystemperformanceathighloadsor duringover-
loads.For all mechanisms,we seethattheeffectiveservice
capacityincreasessub-linearlyas morememoryaddedto
eachserver.

Figure 9 shows anothersetof experimentswhereeach
server in the clusterhasa fixed1GB memoryandwe vary
the disk throughputon eachserver. Consistentwith pre-
viousexperiment,DALA shows a substantialperformance
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Figure 9. Effective Service Capacity of the
Server Cluster

gainoverSRLor SRA.We alsoobservethatwhenthedisk
throughputis low (lessthan600Mbps),thedisk is thebot-
tleneckdevice. Hence,the systemperformanceimproves
with increasein the disk throughput. Beyond a through-
put of 600Mbps(with a network interfacebandwidthof 1
Gbps),weseenofurthergainsby furtherincreasingthedisk
throughput.This is becausetheeffectsof memorycaching
governthesystemperformancein thisoperatingregionand
increasingthe disk throughputcanno longerhelp the sys-
temachieveahighereffectiveservicecapacity.

4 Related Work

Researchon video-on-demandsystemsin the early
ninetiesled to a plethoraof efforts on admissioncontrol
[12, 7], scheduling[23], striping [21, 15, 13] andcaching
[11]. All of theseefforts were primarily targetedtoward
singlenodeservers.

More recent work has focusedon distributed media
servers [5, 20, 4, 16]. The Tiger distributed video server
employsnetwork stripingacrossaclusterof nodesanduses
a centralizedcontrollerto coordinatethesenodes.Network
stripingallows theloadonvariousnodesto bebalanced.In
contrast,DALA storeseachobjectonasinglenodeanduses
dynamicreplication, token passingand changesto group
membershipto accommodatechangingworkloads. Fur-
ther, unlike thecentralizedcontrollerin Tiger, DALA uses
a fully distributedarchitectureand hasno single point of
failure. The Exedradistributedmediaserver alsoemploys
distributedstripingacrossdisksconnectedto astoragearea
network. A set of transfernodesaccessdatafrom disks
andtransmitthemto clients. Someof thesetechniquesare
orthogonalto our work andcanbe employed in DALA as
well. For instance,useof a storageareanetwork insteadof

localdisksin DALA canreducetheoverheadsof taskssuch
asobjectreplication.

A recentstudyhasfocusedon algorithmsfor distributed
cachingof streamingmediacontentin the Internet[6]. In
this approach,objectsarepartitionedinto smallersegments
that arereplicatedacrossdifferentcachesfor load balanc-
ing. The focusof the work is primarily on placementand
cachingandis orthogonalto our effort. Moreover, someof
thetechniquesin [6] requirelong-termpopularitystatistics,
which is nota requirementin DALA.

Finally, several recent efforts have investigatedtech-
niquessuchasperiodicbroadcastandpatchingto scalethe
network capacityof theserverto alargenumberof usersus-
ing multicast[3, 19, 14, 9]. Thesetechniquescomplement
our work, sinceall of themcanbe employedby DALA as
well.

5 Conclusions and Future Work

In this paper, we proposeda demandadaptiveandlocal-
ity aware(DALA) architecturefor clusteredmediaservers.
DALA employsafully distributedarchitectureandrequires
no priori knowledgeof theworkloador objectpopularities.
The resourceallocation schemeand requestdistribution
mechanismin DALA optimizethe utilization of the mem-
ory, disk andnetwork resourceswithin thecluster, thereby
maximizingoverallsystemcapacity. Oursimulationresults
showed that DALA is highly adaptive, exhibits significant
performancegainswhencomparedto static schemes,and
hasa low systemoverhead.Our resultsdemonstratedthat
DALA is a simple, yet effective approachfor designing
clusteredmediaservers.

As part of future work, we plan to develop analyti-
cal modelsfor our techniquesandevaluatethe efficacy of
our architectureusingreal-world traces. Furthermore,we
would like to extendDALA into a distributedserver archi-
tectureover Internet,which will requireusto studytheim-
pactof variousnetwork parametersonsystemperformance.
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