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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 the availability andthe useof online streaming
media. With the “last mile” networkbandwidthno longer

a constaint, the bottlene& for video streaminghas been
pushedcloserto the server Streaminghigh quality audio

and video to a myriad of clients imposes significant
resouce demandwon the server In this work, we propose
a demandadaptiveand locality aware (DALA) clusteed

media server architecture that can dynamically allocate

resoucesto adaptto changingdemandand also maximize
the numberof clientsservicedby the servercluster More-

over, our designexploits tempoal locality amongrequests
by dispatding newly arriving requestgo serves that are

alreadyservicingprior requestdor thoseobjects,thereby

extracting the benefitsof locality. We explore the efficacy

of the DALA clusteed architectute usingsimulations.Our

simulation results show that DALA is highly adaptive

exhibits significant performancegains whencompaged to

staticschemesandhasa low systenoverhead.Our results
demonstate that DALA is a simple yeteffectiveappmoadc

for designingclusteed mediaserves.

1 Introduction

Thewide availability of broadbanahetworkingtechnolo-
giessuchascablemodemsandDSL coupledwith thegrow-
ing popularity of the Internet hasled to a dramaticin-
creasein the availability and the use of online streaming
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mediasuchasentertainmentovies,newsclips,andeduca-
tional andtraining materials.With the “last mile” network
bandwidthno longera constraint,the bottleneckfor video
streamindhasbeenpushedloserno thesener[24]. Stream-
ing high quality audio and video to a myriad of clients
imposessignificantresourcedemandon the sener. One
cost-efectiveapproacho scalethesenercapacityis to em-
ploy aservercluster. For instancea clusteredapproachs
commonlyusedto designscalablewveb senersandseveral
researchprototypesand commercial productshave been
developedwith such an architecture[1, 18]. However,
thereareimportantdifferencedetweerwebworkloadsand
streamingvorkloadsthatpreventtheseapproachefrom be-
ing directly usedfor clusteredstreamingmediaseners. For
instanceglusteredveb senerstypically replicatewebcon-
tenton eachsener, therebyallowing any sener to service
anincomingrequest.In contrast,streamingmediaobjects
areseveralordersof magnituddargerthanwebobjectsand
repositoriesof high-endstreamingsenerscanexceedser-
eral terabytes. Hence,full replicationof contentat each
sener is prohibitively expensve, necessitating partition-
ing of the contentand the workload amongsenersin the
cluster Moreover, retrieval andtransmissiorof streaming
mediaobjectsimposegseal-timeconstraintsyhile webre-
guestsaretypically servicedin a best-efort manner Fur-
ther, the servicetime of web requestsis in the order of
hundredof millisecondswhile atypical streamingsession
laststensof minutes. Dueto the long-lived natureof ses-
sionsandreal-timeconstraintsclusteredstreamingseners
needto be designedifferentlyfrom clusteredvebseners.
Ontheotherhand like webworkloadsrequestgor stream-
ing mediaare usuallyskewed andunpredictable Accesses
to streamingmediaobjectsfollow a Zipf-lik e distribution
[8, 2] andpopularitiesof individual objectsendto vary over
time [2]. Hence,dynamicallocationof clusterresourceso
meetthe needof changingworkloadsandthe dynamicdis-
tribution of request@mongsenersin theclusterareimpor-



tantdesignissuedn clusteredstreamingseners.

To addresghesechallengesjn this paper we propose
a demandadaptve and locality aware (DALA) clustered
mediasener architecturehat candynamicallyallocatere-
sourcego adaptto changingdemandandalsomaximizethe
numberof clientsservicedby thesener. The DALA archi-
tectureis demandadaptivesinceit candynamicallyvary
the amountof resourcegnumberof seners, disk space,
disk and network bandwidthon eachsener) allocatedto
eachobjectbasedn its popularity—moraesourcesreal-
locatedto objectswith increasingpopularity andthesere-
sourcesarerelinquishedasthe popularitywanes.Moreover,
thearchitecturas locality aware sinceit candispatchnewly
arriving requestgo senersthatarealreadyservicingprior
requestdgor thoseobjectsandtherebyextractthe benefitof
memorycaching. Our resourceallocationarchitectureand
requestlistributionmechanismattempto optimizetheuti-
lization of the memory disk andnetwork resourcesvithin
thecluster therebymaximizingoverallsystemcapacity We
demonstratehe efficacy of the DALA clusteredarchitec-
ture using simulations. Our simulationresultsshov high
responsienesso changingoads performanceainsdueto
locality awvarenessandlow overheads.

Theremaindeof this papetis organizedasfollows. Sec-
tion 2 presentshe detailsof our DALA clusteredsener ar-
chitecture Section3 present®urexperimentatesults.Sec-
tion 4 discusseselatedwork, andfinally, Sections presents
someconcludingremarks.

2 DALA Server Cluster Architecture

In this section,we presentthe details of our demand-
adaptve and locality-aware architecture for clustered
streamingseners. We first presentthe systemmodel as-
sumedn ourwork andthenpresenthedetailsof our archi-
tecture.

21 System Modéel

Considera clusterof N seners,denotedby S3, Ss, ..,
Sn, thatareinterconnectedly ahigh-speedwitch(seeFig-
urel). Assumethateachsener S; hasalocal disk D; for
storingstreamingmediacontent.

Ourarchitecturassumethateachsenercansene mul-
tiple objectsfrom its local disk andthateachobjectcanbe
sened from multiple seners. The numberof senersthat
cansene a streamingmediaobjectdependn its popular
ity — the morepopularthe object,the largeris the number
of senersallowedto seneit. We referto a setof seners
thatcansene a streamingnediaobjectasa groupanduse
G ; todenotethegroupthatsenesobject;. Considetheex-
ampleshowvnin Figure2 whereeachcircle denotesa group
andeachsquaredenotesa sener. Thefigureillustratesthe

ture

(a) (b)

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
onesener in it andthatthe sener be the one holding the
primarycopy of theobject.

The local disk on eachsener consistsof two partitions
— oneusedto storeprimary copiesof objectsandthe other
usedto storedynamicallycreatedreplicasof objects.

e Primary copypartition: At leastonecopy of eachob-
jectis storedpermanentlypnsomesenerin thecluster
This statically storedfile is referredto asthe primary
copy of theobject.Ourcurrentdesignassumeasingle
primarycopy for eachobjectandwe define

r;: asthesenerthathasthe primarycopy of object;

wherel < j < M, and M is the total numberof
objects.

e Dynamicservicepartition: Whena group consistsof
multiple seners,eachsener (with theexceptionof r;)
storesa replicaof the objecton its local disk. These
replicasare storedin the dynamic service partition.
The storagespacefor areplicais reclaimedwhenthe
sener leavesthecorrespondingroup.



Therelative sizesof the primarycopy andthe dynamicser

vice partitionsdependnthemeangroupsizeacrossll ob-
jectsin the system. Assuminga meangroup sizeof k, a
goodrule of thumbis to assignstoragespacein the ratio
1: k — 1. We assumehat primary copiesof objectsare
assignedo senersin a round-robinmanner Initially, the
dynamicservicepartitionis empty(all objectshave anini-

tial groupsizeof 1). Our architecturealsoassignsa token
for eachobject. The token holderfor an objectis respon-
siblefor acceptingandprocessingll new requestdor that
object.We define

t;: asthetokenholderfor object;

Initially we sett; = r; (thesenerwith the primarycopy is
assignedo betheinitial tokenholderfor the object).

2.2 DALA Demand Dissemination Protocol

Considera clusterof N senersasdescribedn Section
2.1. Assumethata new requestor a streamingmediaob-
ject arrives at one of theseseners. We assumethat each
sener maintainsinformationaboutthe token holdert; for
all objectsstoredin thecluster Whenanew requesarrives,
the sener determineghe token holder for the objectand
forwardstherequesto thetokenholderfor furtherprocess-
ing (analternateapproachs to maintainthis knowledgeat
alayer7 switch,which thenforwardstheincomingrequest
directly to the correspondingokenholder).

Uponreceving anew requestthetokenholderperforms
admissiorcontrolto determinevhethersufficientresources
exist to servicethe new requestlocally. Suchan admis-
sion control algorithm needsto ensurethat sufficient net-
work bandwidth disk bandwidthandmemorybuffers exist
to servicethe new request. A numberof admissioncon-
trol algorithmshave beenproposedecently[12, 7, 23]; ary
suchalgorithmsufficesfor this purpose.Dependingon the
resultsof admissiorcontrol,thetokenholdereitheraccepts
therequesbr decidego passthetokento anothersenerin
the cluster(which is thenresponsibldor determininghow
to proceedwith therequest).

e If admissioncontrol is successful,then the token
holdert; acceptdherequesandservicest.

o If admissioncontrolfails, thenthe token holderlacks
sufficient resourceso serviceary furtherrequestgor
this object. Hence the tokenholderinvokesthe token
passingprotocol (describedin Section2.3) to deter
minea new tokenholderfor theobject. Therequesis
thenforwardedto the new tokenholderfor processing
(andsubsequemntequestgor the objectarealsosentto
thenew tokenholder).

o If thetokenpassingalgorithmis unableto locateanew
tokenholderin the group,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 scenariothe token holderinvokes
thedynamicgroupmembershigrotocol(describedn
Section2.4)to pull anewv membeiinto thegroup.Both
the token andthe requestare forwardedto this sener
for furtherprocessing.

e If nosuitablesenerscanbepulledinto thegroup,then
clusterlacksresourcego servicethe requestandthe
requesis denied.

Figure3 illustratesthis demandlisseminatiorprotocolpic-
torially. Next we briefly describethetokenpassinganddy-
namicgroupmembershigprotocols.

2.3 Token Passing Within a Group

The token holder for an object processesnd services
newly arriving requestauntil no additionalrequestsanbe
acceptedAt this point,thetokenis passedo anotheisener
in thegroup.To doso,thetokenholderquerieggroupmem-
bersfor theirloadinformationandpicksthe sener with the
leastload. Assumingthat this sener is willing to assume



tokenholderresponsibilitiesthetokenis sentto this sener
andits identity is broadcasto the entireclusterasthe new

tokenholderfor theobject.If all groupmemberareheavily

loaded(indicatingthatno groupmembercanassumeoken
holder responsibilities) then the dynamicgroup member
ship protocolis invoked to expandthe group (seeSection
2.4).

Several designdecisionsaffect the efficiency of the to-
ken passingprotocol. First, choosinga new token holder
requiresknowledgeof theload on eachsenerin thegroup.
The load information can be gatheredn an eageror lazy
fashion. In the former approacheachsener periodically
broadcaststs load informationto all otherseners. Each
sener maintainsa table of the load on varioussenersand
usesthis tableto pick a new token holderwhenthe need
arises.Sincethereceng of theloadinformationdetermines
its accurag, suchanapproactcanresultin decisiondased
on inaccurateinformation[10]. Further if token passing
is not too frequent,exchangingload informationresultsin
wastednessageslheadwantagehoughis thata new token
holder can be chosenquickly, reducingthe lateng of to-
kenpassing.Thelazy approachpn the otherhand,queries
eachsenerfor its loadinformationonly whennecessaryat
tokenpassingime). While thisresultsin up-to-datdoadin-
formation,it canincreasehelateng of tokenpassingsince
thetokenholdermustwait until all senersin thegrouphave
respondedbeforemakinga decisionor time out). A simple
but effective approachto improve the lateng of lazy load
gatheringt to userandomization.Theoreticalstudieshave
shawvn thatpicking two (or a constantk, £ > 1) senersat
randomandchoosingoneof thetwo (or k) senersbasedn
their loadsis aseffective asqueryingall senersand pick-
ing the onewith minimumload[17]. Thisis especiallytrue
whenthe groupsizeis large. Sucharandomizedapproach
reduceshe compleity of lazy token passingto a constant
andmakesit independenof groupsize.

A seconddesigndecisionis the invocationof the token
passingalgorithmitself. This canalsobedonein alazy or
eagemanner In lazy tokenpassinga new tokenholderis
choseronly whenadmissiorcontrolfor anew requesfails.
In eagertokenpassinga new tokenholderis chosenwvhen
the load on the sener exceedsa high threshold. Whereas
lazy token passingcan increasethe lateng for servicing
new requestgagertokenpassingcanincreasehe overhead
of unnecessaripkenpasses.

As a final caveat, we note that handlinglost tokensin
DALA is similar to handlingthe failure of a coordinator
within a groupof distributedprocesse§22]. Groupmem-
berscancheckonthestatusof thetokenholderby exchang-
ing heartbeatmessagedn theeventthatthetokenholderis
down, a new token holdercanbe choserby runninga sim-
ple leaderelectionalgorithmwithin the group[22]. Sucha
stratgyy fails only whenthetokenholderwasthesolemem-

ber of the group (and hasfailed) andno othercopy of the
video existsin the cluster;in suchcasesthe video canno
longerbesenedby theclusteruntil acopy is retrievedfrom
tertiary storage.

2.4 Adapting the Group Sizeto the Load

To accommodatechangingworkloads, the group size
of an objectis varieddynamicallybasedon its popularity
The groupsizeis increasedvhenthe objectpopularityin-
creasesandis shrunkwhenthe popularitywanes. This is
achievedby two separat@rocedureshatconstituteour dy-
namicgroupmembershigprotocol— the group expansion
procedureandthe group contractionprocedure.

A groupis expandedwhen the token passingprotocol
failsto pick anew tokenholderfrom theexisting group.To
adda new memberto the group,the token holderneedsto
know the load on eachremainingsener andwhetherthese
senersalreadyhave a replicaof this object(sincestorage
spacedn thedynamicservicepartitionis reclaimedn alazy
fashionandonly to make roomfor anew incomingreplica,
a sener might continueto storea copy of this objectfrom
its previousincarnationasa groupmemberfor the object).
Given this information, the currenttoken holder picks the
sener with the leastload and preferablyone that has a
replicaof theobject. This seneris invited to join thegroup
andalsosenta copy of the objectif it doesnt have oneal-
ready The sener is thensentthe token for the objectand
the pendingrequesfor further processing.The identity of
the new groupmemberis broadcasto the remaininggroup
membersand its identity as the new token holderis sent
to the entire cluster Like the token passingprotocol, the
groupexpansiorprocedureanbeinvokedin alazyor eager
manner This designdecisionhasimportantimplicationson
performanceandthe startuplateng for requestsespecially
sincepropagatiorof a replicato a new groupmembercan
involve significantlateng (dueto large objectsizes). On
the otherhand,eagergroupexpansioncanresultin wasted
copying effort.

The groupsizefor an objectshrinkswhenits popular
ity decreasesOur architectureusesa timeoutstratey for
group contraction— after finishing the serviceof all the
relatedrequestsif agroupmemberdoesnotreceietheto-
kenwithin atimeoutinterval, it automaticallyrelinquishes
group membershipland announceghis to the rest of the
group). This allows senersto free up resourcegandreuse
themfor objectswith increasingoopularities.

2.5 Exploiting Locality Awareness

Onepossibleapproackor load balancingwithin a clus-
ter is to distribute incoming requestsvenly amonggroup
membersSucharequestistribution policy, however, does



not allow the clusterto exploit temporallocality amongre-
guests. The needto exploit locality amongrequestsmo-
tivatesour decisionto use a token for eachobject. By
employing the conceptof a token holder, all incomingre-
guestsfor an objectare sentto the samesener (the token
holder),enablingthe sener to exploit temporallocality re-
lationshipsamongrequests Eachsener employs aninter-
val cachingpolicy [11] and sendingall requestto the to-
ken holderimprovesthe chancef an interval formation,
resultingin substantialperformancegainsfor very popu-
lar objects(eachinterval thatis formedallows the senerto
serviceoneor morestreamgirectly from memorybuffers,
therebysaving preciousdisk bandwidth).

Similar locality-awvare requestdistribution policies for
web requestdave beenstudiedin [18] and have exhibited
substantiaperformanceyains. Sinceweb contentis sened
in a best-efort manneyin suchseners, exploiting locality
needsto be weighedagainstioad balancingconsiderations
(loadbalancingandlocality avarenes$iave oppositetrade-
offs). Streamingmediaseners,on the otherhand,provide
guaranteedervicewherethe quality of serviceis ensured
throughadmissiorncontrol. Thus,we areableto exploit lo-
cality to the maximumextent without worrying aboutload
balancingconsiderationgsolong asQoSrequirementsre
not violated, the exact distribution of load amongvarious
senersis of secondarymportance) Hence giventhelong-
livednatureof streamingsessionsye expectto obsenesig-
nificant performancegainsusing a locality-avare request
distribution policy.

3 Experimental Results

We evaluatethe efficiency of the DALA architectureby
using simulations. In this section,we presentour experi-
ments’settingsandthe correspondingvaluationresults.

3.1 Effect of Demand Adaptation

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

Our simulationsetupassumes clusterof 10 low-end
commodity PCsthat constitutethe DALA cluster Each
sener is assumedo have 128 MB of memory a 20 GB
harddisk with a maximumthroughputof 40 Mbps, anda
100MbpsEthernetcard. We assumehatthe clustersenes
100 streamingmedia objectsand that the length of these
objectsis uniformly distributed between60 and 120 min-
utes.Eachobjectis assumedo be MPEG-1encodedvith a
maximumbit rateof 1.5Mbps.

Figure4 depictstheworkloadseenby the clusterover a
12 hourperiod.Requesarrivalsareassumedo bePoisson.
The top solid curve shows the total numberof requestar-
rivalsover5 minuteintervals,while thedashecturve below
it plotsthe numberof requestdor the mostpopularobject
in the cluster Thetwo flat linesrepresenthetotal network
bandwidthcapacityandthe total disk bandwidthavailable
in thecluster

We shov how DALA adaptgo workloadchangedy ex-
amininghow thegroupsizeG; variesovertime (G, is rep-
resentedy the bottomcurve in the figure). As shown, as
theworkloadincreases7; increase stepsuntil thegroup
spansll 10senersin the cluster Whentheworkloadstarts
decreaseafterthefirst six hours,we seethatG; contracts
graduallyaswell. Obsene thatthereis atime lag between
thedecreasén workloadandthe correspondinglecreasén
G,. Thisis becausethe a sener dropsout of a grouponly
after it hasfinishedservicingall ongoingrequestgor the
objectplusatimeoutduration.

The setof crossesn the figure representdhe number
of requestghat are denied. Obsenre that the most of de-
nied requestsappearsafter the group size G; reachesdts
maximumpossiblevalueof 10 seners. This indicatesthat
DALA makesa very good useof systemresources.Fur
ther, obserethatrequestaredroppedonly whenthework-
loadapproachegand,in somecasesexceeds}thetotal disk
andnetwork capacitieof the cluster(requestdropsarein-
evitableif thetotal workloadexceeddotal capacity).

Togethertheseresultsshav thatDALA adaptgdo chang-
ing workloadandmalkesjudicioususeof clusterresources.

3.2 Comparison With other Request Distribution
Policies

To further evaluatethe performancebenefitsdueto de-
mandadaptationwe compareDALA to two otherrequest
distribution policies: static resouce allocation (SRA)and
static resouce allocation with locality (SRL) In staticre-
sourceallocation,the numberof senersallocatedto sene
eachobjectis determinecbasedon long-termpopularities
for eachobject. Thustheconfiguratiorof thesystems done
periodicallyandmanually;betweernconfigurationchanges,
thenumberof senersassignedo eachobject(i.e.,thegroup
size)is keptfixed. Whenarequesarrives,it is sentto aran-
domly chosersenerin its group. Staticresourceallocation
with locality (SRL)is similarto SRA, exceptthatit exploits
locality amongrequestarrivals. This is achiezedusingthe
concepiof atokenholderandtoken passing.Thus,SRL is
like DALA, exceptthatthegroupsizesarefixed.

We usethe samesetupas our previous experimentto
evaluatethethreepolicies,SRA, SRLandDALA. To deter
minethegroupsizesfor SRAandSRL,wefirst runthesys-
temwith DALA for about2 hours(120 minutes)andthen
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usethegroupsizeschoserby DALA to configureSRAand
SRL. Thegroupsizesremainfixedfor the two schemesgor
therestof the simulation. Choosingthe groupsizein this
mannerpermitsafair comparisoramongthethreepolicies.
Using the sameworkload as our previous experiment,we
computethe numberof requestdeniedby the three poli-
cies. Figure5 plots the cumulatve numberof droppedre-
questsfor thethreepolicies. The differencebetweenSRA
andSRL indicatesthe benefitsof locality awvarenesswhile
thatbetweenSRL andDALA indicatesthe additionalben-
efit due to demandadaptation. The figure shavs DALA
significantlyoutperformsSRA and SRL dueto its demand
adaptve andlocality awarenature.
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3.3 Effect of Changing Workloads

Whereagheworkloadin the previous sectionwasdom-
inatedby requestdo a singlepopularobject(to betterillus-
tratesomeof the key aspect®f the DALA architecture)in
this section,we evaluatethe performanceof DALA overa
wide rangeof workloads.

To do so, we assumea clusterof 20 high-endseners,
eachwith 1GB memory a high-end100 GB disk with a
maximum throughputof 400 Mbps and a 1 Gbps Ether
netcard. The clusteris assumedo sene 300 high-quality
MPEG-2videos,eachrangingfrom 60 to 120 minutesand
with encodingratesrangingfrom 4 to 8 Mbps.

Like in the previous experiment,requestarrivalsareas-
sumedo bePoissorandrequespopularitiesollows Zipf's
distribution. To simulate changingpopularities,we ran-
domly pick a smallfraction(10%)of the objectsafterevery
100requestandexchangeheir ranks. We vary the arrival
rateandmeasurehe correspondingatio of thedroppedre-
guestload to the total requestioad. For eachlevel of re-
guestarrival rate, we generaterequesttracesof 24 hours
long andrepeatachexperimentfor DALA, SRAandSRL.
Like in the previous experiment,the group sizesfor SRA
and SRL are determinedusing DALA during the warmup
phasewhichis setto bethefirst half (12 hours)of eachex-
periment. The measuremergtartswhenthewarmupphase
is over.

Figure 6 plots the obsened drop ratefor the threepoli-
ciesfor differentloads(the X axis plotsthe load asa per
centagef thetotal network capacitythetotal disk capacity
is 40% of the network capacity).For eachvalueof request
arrival rate,we run 100 experimentsandcalculatethemean
and 95% confidenceintenal of the droppedrequestioad
ratio. We are actuallyshaving the confidencentenalsin
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Figure 6. However, they aretoo smallto be easilydistin-
guished.

SinceSRA doesnot exploit any locality, it getsminimal
benefitsfrom memorycaching.Hence,asshavn in Figure
6, the capacityof the clusterwith SRA s limited by theto-
tal disk capacity Beyond this point, SRA startsdropping
requestandthe drop rateincreasewith increasingarrival
rates. SRL hasa lower drop ratethan SRA dueto benefits

from memorycaching.DALA yieldsthe bestperformance.

DALA startsdroppingrequest®nly whentheloadexceeds
60%of thetotal network capacity;this loadis around150%
of the total disk capacity Thus,the demandadaptve and
locality aware natureallows DALA to support50% addi-
tional clients beyond what the disk can support. At very
high arrival rates,all sener resourcesrealmostfully uti-
lized regardlesof the policy. This explainsthe negligible
differencebetweerDALA andSRL;thedifferencebetween
SRL and SRA in this region shavs how muchthe system
capacitycanbeincreasedy exploiting requestocality.

Finally, Figure7 depictstheoverhead®f DALA for dif-
ferentworkloads. The figure shavs the numberof control
operationsnamelytokenpassesndgroupexpansionsper
minuteat differentloads.As of studyingthedroppedwork-
load,we alsocalculatethe meanand95% confidencenter-
val per 100 samplerunsin studyingthe systemoverhead,
andwe show the confidencentervalsin Figure7 aswell.
We obsene from this figure that, evenat very heary loads,
therearefewerthanfive controloperationgerminute,sug-
gestingaverylow controloverhead.

3.4 Determining Effective Service Capacity

In mary scenarioswe are interestedin the maximum
workloadthe systemcan supportbeforeit startsdropping
requests.This workloadindicatesthe effective serviceca-

3
o

D
o

¢
o

N
o

w
S
*

effective service capacity
N
o

(percentage to total network capacity)

=
o
+

o

500 1000 1500 2000
memory size on each server(MB)

o
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pacity of the sener cluster In this sectionwe usethis met-
ric to evaluatethe systemperformanceaunderdifferentsys-
temparameters.

To obtain the effective servicecapacityof the cluster
we conductedan experimentwherewe graduallyincreased
therequestarrival rate (andhencethe workload)from 0 to
100%in stepsof 0.5% (here,a load of 100% represents
thenormalizedoadat with the network interfaceon anode
saturates).At eachworkload level, we conducted30 ex-
perimentsandusedthe hypothesidestto examinewhether
the ratio of deniedworkloadis zero. If theratio of denied
requestst a givenworkloadlevel is significantlydifferent
from zero(ata significancdevel of 0.05),thenwe stopand
take the last successfulvorkloadlevel asthe effective ser
vice capacityof thesener cluster

In the first set of simulations,we usethe samevideo
repositoryasdescribedn Section3.3andalsousethesame
sener clusterconfigurationexceptthat we vary the size of
memoryon eachsener. Figure 8 compareshe effective
servicecapacitieof differentarchitecturesvhenthe mem-
ory sizeson eachsenerare256 MB, 512MB, 1 GB and2
GB, respectiely. In all casesPALA shaws a significantly
higher effective servicecapacitythan SRL or SRA. Also,
SRLandSRAdo notexhibit asignificantdifferencean their
effective servicecapacities.gspeciallywhen memorysize
on eachnodeis sufiiciently large. This canalsobeinferred
from Figure 6, sinceexploiting temporallocality only im-
provesthesystenperformanceathighloadsor duringover-
loads.For all mechanismsye seethatthe effective service
capacityincreasessub-linearlyas more memoryaddedto
eachsener.

Figure 9 shawvs anotherset of experimentswhereeach
sener in the clusterhasa fixed 1GB memoryandwe vary
the disk throughputon eachsener. Consistentwith pre-
vious experiment,DALA shows a substantiaperformance
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gainover SRL or SRA. We alsoobsene thatwhenthe disk
throughputs low (lessthan600Mbps),the disk is the bot-
tleneckdevice. Hence,the systemperformancamproves
with increasein the disk throughput. Beyond a through-
put of 600Mbps(with a network interfacebandwidthof 1
Gbps)weseenofurthergainsby furtherincreasinghedisk
throughput.This is becauséhe effectsof memorycaching
governthesystemperformancen this operatingregionand
increasingthe disk throughputcanno longerhelp the sys-
temachieve a highereffective servicecapacity

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
singlenodeseners.

More recentwork has focusedon distributed media
seners|[5, 20, 4, 16]. The Tiger distributed video sener
employs network stripingacrossa clusterof nodesanduses
acentralizeccontrollerto coordinatehesenodes.Network
stripingallows theload on variousnodesto be balancedlIn
contrastDALA storessachobjectonasinglenodeanduses
dynamicreplication, token passingand changeso group
membershipto accommodatehangingworkloads. Fur
ther, unlike the centralizedcontrollerin Tiger, DALA uses
a fully distributed architectureand hasno single point of
failure. The Exedradistributed mediasener alsoemploys
distributedstriping acrosalisksconnectedo a storagearea
network. A setof transfernodesaccessdatafrom disks
andtransmitthemto clients. Someof thesetechniquesare
orthogonalto our work andcanbe employedin DALA as
well. For instanceuseof a storageareanetwork insteadof

localdisksin DALA canreducetheoverhead®f taskssuch
asobjectreplication.

A recentstudyhasfocusedon algorithmsfor distributed
cachingof streamingmediacontentin the Internet[6]. In
this approachpbjectsarepartitionedinto smallersggments
that arereplicatedacrossdifferentcachedor load balanc-
ing. The focusof the work is primarily on placementand
cachingandis orthogonato our effort. Moreover, someof
thetechniquesn [6] requirelong-termpopularitystatistics,
whichis notarequirementn DALA.

Finally, several recentefforts have investigatedtech-
niguessuchasperiodicbroadcasandpatchingto scalethe
network capacityof thesenerto alargenumberof useraus-
ing multicast[3, 19, 14, 9]. Thesetechniquesomplement
our work, sinceall of themcanbe employedby DALA as
well.

5 Conclusionsand Future Work

In this paperwe proposeda demandadaptve andlocal-
ity aware(DALA) architecturdor clusteredmediaseners.
DALA employsafully distributedarchitectureandrequires
no priori knowledgeof the workloador objectpopularities.
The resourceallocation schemeand requestdistribution
mechanismin DALA optimizethe utilization of the mem-
ory, disk andnetwork resourcesvithin the cluster thereby
maximizingoverall systemcapacity Our simulationresults
shaved that DALA is highly adaptve, exhibits significant
performancegainswhen comparedo static schemesand
hasa low systemoverhead.Our resultsdemonstratedhat
DALA is a simple, yet effective approachfor designing
clusteredmediaseners.

As part of future work, we plan to develop analyti-
cal modelsfor our techniquesand evaluatethe efficacy of
our architectureusing real-world traces. Furthermorewe
would like to extend DALA into a distributedsener archi-
tectureover Internet,which will requireusto studytheim-
pactof variousnetwork parametersn systenperformance.
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