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Abstract

A contentprovidermustchoosehow to provisionits server resourcesto handleclientdemandfor its
content. Whenprovisioning is basedon typical demand,clientsareturnedaway during peakdemand
periods. Provisioningbasedon peakdemandor contractinga third party contentdistribution network
serviceincreasescosts. An alternative approachis for the variouscontentprovidersto form a collec-
tive in which their server resourcesarepooledtogether, servicingthedemandsof theentirecollective.
Herewe comparetheperformanceof server sharingcollectivesto contentproviderswho operatetheir
serversin isolation. We demonstrateusinganalysisandsimulationsuponfundamentalqueueingmod-
els thatby hostingoneanother‘scontentwithin a collective, contentdistributorscanreducetherateat
which client requestsareturnedaway. We alsoanalyzea classof thresholdingtechniquesthatcontent
providerswithin thecollectivecanapplyto limit theuseof theirown serverresourcesby othercollective
members.Weshow thatthesethresholdingtechniquespermitacontentproviderto assistotherproviders
within thecollectivewithoutsharingits resourcesto a pointwhereits ability to serviceits own clientsis
unsatisfactory.

1 Intr oduction

Contentprovidersprofit by servicingclient requests,but mustpay for the setof resources(i.e., servers)
thatprovide theservice.Profitsarethereforemaximizedby carefullyconfiguringthesystemof serversto
closelymeetclient demandfor the contentobjectsit hosts. However, selectingthe bestconfigurationis
often difficult becauseof fluctuationsin an object’s popularityover time. For example,thereis empirical
evidenceof serverworkloadsof onlinecourseofferingswhoserequestratesvarysporadicallywith time[1].

In suchscenarios,the contentprovider (a.k.a.,the provider) can provision the systemto handlethe
expectedaveragedemand. This keepsequipmentcostslow andprovides acceptableservicemostof the
time. However, duringperiodswherethecontentreachesits peakin popularity, theservingsystemwill be
forcedto turn away a large numberof requests,reducingpotentialrevenues.Theprovider canpaya third�

SERE,Function: noun, Etymology: Latin series,Date: 1916 : a seriesof ecologicalcommunitiesformed in ecological
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partycontentdistributionnetwork (CDN) tohostits contentduringthesepeakperiodsor it canoverprovision
its own setof resourcesto handlethesepeakperiods.Eitherway, theprovider paysfor theextracapacity.

Here,we consideranotheralternative that we call SERES:providers form collectives andassistone
otherduringperiodsof overloadby hostingeachother’s content.In SERES,eachprovider’s bandwidthand
storageresourcesareusedto host the contentof the entirecollective. Under this paradigm,a provider’s
server systemcanbeprovisionedto servicetheexpectedaveragedemandwhile additionaldemandsduring
peakperiodsare servicedby redirectingrequeststo servers owned by other membersof the collective.
It follows intuitively andfrom the law of large numbersthat if all providersprovision accordingto their
averageloads,thenwith very high probability, a largecollective asa wholewill beableto absorbthepeak
periodsof highdemandsimposedupontheindividual providers.

TheSERESframework differsfrom frameworksanalyzedpreviouslythatleverageoff thegainsachieved
by poolingtogetherresources(e.g.,to preventoverloadingor to enableloadbalancing)in thatin SERES,a
provider only profitswhenoneof its own clientsis servicedby theSERESsystem.As in previousmodels,
a provider “wins” by participatingbecausethe additionalresourcesin the systemcanbe usedto process
its clients’ requests.However, unlike previousmodels,theprovider also“loses” becauseits own resources
mustalsobe availableto processthe requestsof otherproviders’ clients. Suchprocessingdrainsits own
availableresourceswithoutdirectly contributing any profit.

We performan analyticalexaminationof the potentialbenefitsanddrawbacksthat a serviceprovider
receivesby participatingwithin a SEREScollective. Our examinationassumesthatthelimiting resourceof
a server is its processingpower or thebandwidthon theaccesslink to theserver. Underthis assumption,
the geographicalpositioningof the serversrelative to oneanotheraswell asto the client doesnot affect
performance.Practicallyspeaking,onecanconsiderthisscenarioto reflectanetwork whosecoreforwarding
resourcesaremorethanadequatelyprovisioned.We leave considerationof thegeographicalpositioningof
clientsandserversasfuturework.

Within this framework, we considertwo generalclassesof traffic. The first classconsistsof a setof
transfersthat mustbe transmittedat a fixed rate, suchasstreamedvideo. Suchtransfersrequirea fixed
amountof the server’s processingresourceto performthe transfer. The secondclassconsistsof a setof
transfersthat are elastic and “share” the available processingequally: a server hosting � simultaneous
transferscantransmiteachsessionat �	�
� th the rate that would occurwhenthe server transmitsa single
session.We modelthe serversasqueueingsystems:for fixed-ratetransfers,the queueingsystemis first-
come-first-serve (FCFS),for elastic transfersthe queueingsystemis modeledusing a processorsharing
(PS)disciplinewhereeachserver boundsthemaximumnumberof requestsit will servicesimultaneously
to lower boundtheminimumrateof service.

We measureperformanceof systemsservicingfixed-ratetransfersasa functionof theblocking proba-
bility: therateat which requestsfor transfersarerejectedbecausetheentiresystem’s processingresources
arein use.Performanceof systemsservicingelastictraffic is measuredasa functionof bothblockingprob-
ability andcompletiontime of a transferfrom thetime of therequest.We evaluatetheperformanceof the
SERESsystemby fixing thearrival processandserviceconfiguration(buffer size,processingrates)of each
provider’s servicingsystem,andcomparingtheblockingprobabilitiesandcompletiontimes(whenapplica-
ble)of aprovider’s systemparticipatingin SERESto asimilarly configuredsystemthatdoesnotparticipate
in SERES.

Our analysisshowsthatSEREScanreduceblocking probabilitiesandcompletiontimesof all customer
requeststo all participantsof theSERESsystemby several orders of magnitude. Hence,SEREScanoffer
a win-win situationto all participants. Our analysisupon ����
�������� systemsshows this to be the case
wheneachproviderparticipatingwithin SEREScontributesthesameintensity(i.e., �������
� , ratioof client
requestrateto to theoverall processingrate)andplacesthesameboundon thenumberof requeststhatcan
beservicedsimultaneously(i.e., � in an ����
�������� system).We alsoconsidertheblockingprobabilityof
the SERESsystemthat servicesfixed-ratetransfersasthe numberof participatingprovidersgrows large.
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Theinterestfor thisstudycomesfrom thefactthatwhen ��������� , theblockingrateof thesystemconverges
to 0 but when ������ �� , we seetheblockingprobabilityconverging to �"!#���
� .

Next, we turn our attentionto SERESsystemswhereserverscontributedifferentlevelsof intensityand
hasdifferentboundson the numberof requestsserviced.We show an obvious result that whena lightly
loadedsystemandaheavily loadedsystemform aSEREScollective, theblockingrateon requestsfor con-
tentofferedby thelightly loadedsystemwill increasebeyondtheratewhentheit operatesin isolation.We
demonstrate,however, thatSERESexhibitsawin-win situationoverawider rangeof systemconfigurations
whensupportingfixed-ratetransmissionsthanis exhibitedwhenit supportselastic-ratetransfersystems.

To protectserver systemsfrom overextendingresourcesin theseheterogeneousscenarioswithoutdrop-
ping active jobs,we introducea thresholdingtechniquethatcanbeappliedto admissionrequests.Thresh-
olding allows serversto prioritize admissionof their own contentover requestsfor contentofferedby other
SERESparticipants.Via a combinationof analysisuponsystemswherejob sizesareexponentiallydis-
tributedandsimulationusingempiricallyobserved distributionsfor job sizes,we demonstratethat thresh-
olding canimprove performanceof heavily overloadedsystemswithout significantlydegradingtheperfor-
manceof thelightly loadedsystemsthatparticipatein SERES.

Therestof thepaperis structuredasfollows. In Section2, webriefly overview relatedwork. In Section
3 we presenta modelandevaluationof SERESfor fixed-ratetransfers.Wedevelopandevaluatefor elastic
file transfersin Section4 andpresentour analyticalsolutionfor this model. Section5 evaluatesa suiteof
thresholdingtechniques.Weconcludeandelaborateon openissuesin Section6.

2 Relatedwork

Several works have previously analyzedsystemsthat pool togetherserver resourcesto improve various
performanceaspectsof contentdelivery. For instance,[2, 3, 4] investigatethepracticalchallengeof main-
tainingconsistency amongdistributedcontentreplicas.Thestudyin [5] considersinvestigatestheplacement
of contentin thenetwork to minimizedelivery latencies.Otherstudies[6, 7] investigate“load sharing”poli-
ciesthatattemptto keeptheprocessingloadon a setof hostsrelatively balancedwhile keepingredirection
traffic levelslow. TheOceanoproject[8] providesasetof serversthatcanbespawnedandmanagedto meet
additionalserver resourcesfor customers.After serversareallocatedto customersthey areuseexclusively
by contractedcustomerwithout a concurrentsystemsharing.An analyticalstudyof thesetypesof systems
wasperformedin [9]. An essentialdifferencebetweentheseworksandoursis that in this previouswork,
increasingtheavailability of resourcesalwaysimprovesthe“performance”of thosewhomaketheresources
available. In contrast,in SERESsystems,thosewho donatetheir resourcesto serviceothercontentmayin
factbepenalizedby reducedservicelevelsof their own content.This placesadditionalrestrictionson how
andwhenresourcescanbeshared.

Contentproviders currently rely on third-party contentdistribution networks (CDNs) to relieve their
managementof contentdistribution andto achieve low latency for theirservicesat increasedcosts.In 2000,
a standardizationbody namedContentAlliance [10] wascreatedfor producingopenstandardsto foster
cooperationbetweenCDNs,with animplementationdescribedin in [11]. Thiswork providesamechanism
thatenablesprovidersto redirectcontentrequestsandshareoneanother’s resources,but givesno specific
guidelinesasto how theseresourcesshouldbeshared.

Recentattentionhasfocusedon theproblemof alleviating rapidandunpredictedspikesin requestload,
a phenomenonoftenreferredto asa “flash crowd”. Recentproposalsin this area[12, 13, 14, 15] approach
this problemvia a peer-to-peer(P2P)solution,in which clientscommunicatedirectly with oneanotherto
retrieve thedesiredcontent.Here,clientsdo not have content“of interest”from which they profit. Instead,
the effectivenessof theseapproachesrelies on the goodwill of thosewho participatein order to receive
contentto alsotransmitthecontentto otherswhenrequestedto do so.
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We modelelasticfile transfersasa queuethat utilizes a processorsharingdiscipline. An early work
that investigatedthis disciplineis found in [16]. More recently, Zwart andBoxma[17] studiedasymptotic
behavior for this queueingdisciplinewith Poissonarrivals. Heavy-taileddistributionsarestudiedby Mom-
cilovic andJelenkovic [18] andBorst et al.[19]. BansalandHarchol-Balter[20] andCrovella et al. [21]
demonstratethatexpectedcompletiontimesof jobs in systemsthatprioritize jobsaccordingto job length
aresmallerthanin systemsthatemploy processorsharing.In its currentform, theSERESsystemanalyzed
doesnotqueuejobsfor processing(if thereis nospace,they aresimplydeniedservice).If queuingis added
to a SERESsystem,it would beinterestingto considerhow thesedifferentschedulingmechanismsfurther
impactdelay andblocking probability. Last, our fixed-ratemodelpresentedin this paperis solved as a
product-formsolution.A recentsurvey of thesemethodappearsin [22].

3 SERESfor fixed-rate transfers

In thissectionwepresentandevaluateamodelfor aSERESsystemin whichacceptedrequestsreceivedata
at fixedrates(i.e., theserver thatacceptsthe requestdedicatesa fixedamountof processing/bandwidth to
handlethe request).This modelis basedon rate-controlledapplicationssuchasstreamedvideo or audio
transferandservers.

3.1 Model and Rationale

requests requests requests

s2s1
s3

(a)Systemsin isolation

requests requests requests

s1 s2
s3

(b) SERES

Figure1: SERESexamplecomparedto systemsin isolation.

SERESis a paradigmin which a set of providers sharetheir server resourceswith one another. A
provider participatingin SERESmuststoreanddistribute its own contentaswell asthecontentof theother
contentparticipatingproviders. In practice,SERESrequiresa negotiationphasein which theparticipants
agreeto shareresourcesandmaintainup-to-datecopiesof oneanother’s content.Oncecontentis uploaded
to theserver collective,client requestsfor contentthatcannotbeservicedby theoriginatingprovider dueto
overloadcanberedirectedto theotherparticipantsof thecollective to beservicedby analternateserver. An
exampleof thebenefitsof a SERESsystemis depictedin Figure1. In Figure1(a)threedifferentproviders
operatein isolation (i.e., do not host oneanother’s content). The provider labeled $	% cannotserviceall
requestsandis forcedto droparequest.TheSERESsysteminvolving thesethreeserversis shown in Figure
1(b). Here, $
% canredirectrequeststo $	& , who, at the time of the arrival of the request,hascapacityto
processtherequest.

Our investigationin this paperfocuseson theperformancebenefitsof theSERESsystemassuming(a)
servershavesufficientdiskspaceto storecopiesof all contentto bedistributedby SERES,(b) theredirection
mechanismalwaysredirectsrequestsinstantaneouslyto an alternateserver with availablecapacity(when
one exists) to processthe request,and (c) core network capacityis unbounded,suchthat either server
processingor transmissioncapacitiesaccesslinks to thenetwork boundtheaggregatetransmissionratesof
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eachprovider. Thisis areasonablestartingpointgiventhatthecoreof anetwork is oftenwell-provisionedto
handlepeakloadsandthatredirectiontimesareasmalloverheadfor long-livedtransferssuchasstreaming
video or large files. Therearepracticalreasonsto considermodelswheretheseassumptionsarerelaxed
(e.g.,short-lived transfersor bottlenecksin the corethat resultfrom peeringbetweennetwork providers).
We leave theinvestigationof SERESundertheserelaxedassumptionsasfuturework.

We developa SERESsystemuponanInternetinfrastructurethatconsistsof contentproviders,servers,
clients and commodities. Commoditiesare the content/informationgoodsoffered by contentproviders.
For instance,multimediapresentationsof lecturesarethe commoditiesof an online courseoffering. The
contentprovider (alsoreferredto simply asprovider) is theentity thatofferscommoditiesto customersvia
theInternet.A client is a userthatrequestsreceiptof agivencommodity, andaserveris thevehicleowned
by theprovider thatinterfaceswith thenetwork to deliver commoditiesto clients.

We considera setof contentproviders '(�*),+�-/.0+ & .2131314+�576 that offer a finite setof commodities89�),: - .0:�&�.2131313.0:<;=6 througha set of servers, >?�@)
$ - .A$
&
.A$
%�.2131313.A$ 5 6 . The set of commoditiesowned by a
provider is formally expressedas BDCE+�FHGI�J),:2KML :,K is offeredas +�F ’s content6 ; +�F profits from theprocessing
of a requestfor :,KONPBQCE+�FHG , regardlessof which provider owns the server that acceptsandprocessesthe
request. We assumeBQCE+�FRGTSUBQCE+	K	GV�XW for YUZ�?[ , i.e., no two providers profit from the hostingof a
particularcommodity. We definethesetof commoditieshostedby server $ F as \]C^$ F G_�`),: K L $ F offers : K 6 .
A dedicatedsystem, a.k.a.,asystemin isolation is asystemin whichaSEREScollective is not formedsuch
that eachprovider hostsonly its own content. Thus,if +�F uses$	Fba2.A$	Fdc,.213131e$	F3f to distribute its contentthenBQCE+�F^Gg�ih 5Kkj - \lC^$,Fnm
G in a dedicatedsystem. In a SERESsystem,$,F canhostadditionalcommoditieson
behalfof othercontentproviders,relaxingtherelationshipbetween+�F and $kK to BQCE+�FRG]ophrqKkj - \]C^$	F4m<G . The
notationnotationusedthroughoutthispaperis summarizedin AppendixA.

Becausethegeographicalpositionof theservershavenoeffectonperformancein ourmodel,aprovider’s
server systemthatpermitstheprovider to alwaysdirect requeststo a server with availablecapacity(when
oneexists)canbemodeled,without lossof generality, asasingleserver formedby aggregatingtheindivid-
ual serverstogether. Weassumeall fixed-ratecommoditytransfersrequirethesametransferrate.However,
thetransfertime (i.e., workload)of eachrequestcanbeindividually describedasani.i.d. randomvariable
drawn from a generaldistribution (includingthecasewherether.v. is a constant),andwherethechoiceof
commodityrequestedby a client is i.i.d. Without lossof generality, the blocking probabilityandtransfer
timesof sucha systemis equivalent to onethat offers a singlecommodity, wherethe distribution of the
workloadof this onecommodityis formedby aggregating togetherthe distributionsof the variouscom-
modities’distributionsfrom theoriginal systemin proportionto thefrequency with whicheachcommodity
is chosen.Thus,without lossof generality, the restof the paperassumesthat eachprovider +�F ’s system
consistsof asingleserver, $	F offeringa singlecommodity, :<F .

We modeleachserver that transfersdataat a fixed rateasan ����
�������� queueingsystem:Server $ F
has ��F slotsand ��F processorswhereeachslot canbe usedto actively transmita singlecommodityto a
singleclient. Weassumefor all commodities:�FQNs8 thatrequestarrivalsaredescribedby aPoissonprocess
with rate ��F with eachrequestservicedimmediatelyif thereis an availableslot. Otherwise,the request
is forwardedto anavailableserver (whenoneexists) in theSERESsystemandis otherwisedropped(and
must be droppedwhen the server operatesin isolation). The servicetime for commodity : F is an i.i.d.
randomvariable t]F with mean uwv t]FEx and generaldistribution. Eachacceptedrequestis assignedto an
availableprocessor. Note thatsinceeachentry in thesystemis actively beingserviced,theservicerateof
thequeueingsystemis proportionalto thenumberof busyprocessors.1

We definey7FzC{),+ - .0+|&<.2131314+ 5 6<G to be the blocking probability that a requestfor commodity :�F is denied
entry to a SERESsystemcomposedof the set of contentproviders ),+ - .0+|&<.2131314+ 5 6 (employing servers$ - .2}2}2}D.A$ 5 ). The dedicatedsystem’s blocking probability is given by y7F~C{),+�F~6<G . For a dedicatedsystem,

1Whenthecontext is clear, e.g.,for i.i.d. randomvariables,wedropa variablesubscriptfor sake of simplicity.
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theErlanglossformula(alsoknown asErlangB formula)appliesdirectly [23]:2yQC{),+ - 6<G�� � q a- ��� -,�� q aKkj�� CE��-kG K �/[ � 1 (1)

where� - ��� - uwv t - x .
We extendthis formula to the blockingprobabilityof a two-server SERESsystemyQC{),+ - .0+|&<6<G . Since

sucha losssystemis a symmetricqueue[24], thestationarydistribution for eachstate�gC��g-���YA.�� & �U[�G ,
where Y�C3[�G is the numberof commoditiesof type : - ( :�& ) actively beingprocessing,canbe expressedin
product-form: �wC�� - ��Y�.���&���[�GV����FE�MK,�,�{� a0� � c0� , where ��Fw��� F - �
Y � , ��Fw��� K & �/[ � , and �,�{� a�� � c0� is a
normalizingconstantsuchthat

� FE��� � K,��� � K���FE� q aH� q c ��F���K=��� . Hencewe find theblockingprobabilityof a
two-server SERESsystemto be

yQC{),+ - .0+|&<6<G����gCE� -Q� ��& ��� -Q� �¡&	GX� 5¢ F3j�� �gCE� - ��� -Q� �¡&"!OY�.0��&_��YzG� 5¢ F3j�� �Y � � F - �C^� -Q� �¡&"!OY~G � � q a � q c�£ F& � �{� a0� � c0�� CE� -Q� ��&,G q a � q c �C^� -Q� �|&	G � �,�{� a0� � c0� . (2)

where� F �p� F u¤v t F x . Wereferto � F astheprovider intensityof provider Y . Noting that(2) is in theform of
(1) with � - replacedby � -�� ��& and � - replacedby � -M� �¡& wecanrepeatthisprocessrecursively to compute
theblockingprobabilityfor asetof � serverscooperatingwithin aSERESsystem.yQC{),+ - .0+|&<.2131314+ 5 6<G�� �C � 5K �	K<G � ¥¦ 5¢ K �<K,§¨

© fm q m � �{� a � � c �4ª4ª4ª � f � 1 (3)

where�,�{� a0� � cA�4ª4ª4ª � f
� is oncemorethenormalizingconstantfor thisdistribution suchthat¢F a ��� � F c ��� �4ª4ª4ª4� © fm~« a Fnm,¬ © fm{« a q m ��F a0� F cA�4ª4ª4ª F­f��®�
.

Notethatif ¯�Y�.R[|u¤v t F x°��u¤v t K x and � F �±� K , theSERESsystemcanbeviewedasa largerserver with
thesameintensityperprocessor, but with

� 5Fdj - ��F processorsfor moreeffective loadbalancing.

3.1.1 Criteria for SERESparticipation

We assumethat a provider will be willing to participatein a SERESsystemaslong asthereis no strong
incentive to operatein isolation. More formally, a provider is favorable if either of the following two
propertieshold:² The blocking probability of a provider’s commodityis decreasedwhenthe provider participatesin

SERES.² Theblockingprobabilityof a provider’s commodityincreasesby participatingin theSERESsystem
but lies beneatha tolerancelimit, ³ F . For instance,if ³ F �`�2´ £�µ for provider $ F , $ F will contribute its
resourcesto SERESso long astheSERESsystemkeepstheblocking ratefor commodity :�F below�2´ £�µ .

2Notethefactthattheformulacanbeappliedto thesesystemswheretheprocessingtime is describedby a generaldistribution
is dueto themodelassumingthatjobsarenotqueued,i.e., they areacceptedimmediatelyor elseturnedaway.
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3.2 Evaluation of a SimpleExampleScenario
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Figure2: Evaluationof a SERESsystemundertheprocessorsharingmodel.

We begin by evaluatingSERESas a function of numberof providers participatingand the provider
intensities.Figure2(a)plotsblockingprobabilitiesof � -provider systems,�¸�º¹M.A»M.,�2´ , whereeachserver
cansimultaneouslyservice100commodities( � F �`�2´�´ , Y"�(��.A¹ ).3 Theresultsarea directapplicationof
equation(2).

Thevalueof �¡F¼��½�» is chosensuchthatrequestsfor :�F exhibit ablockingprobabilityof approximately�2´ £�µ when +�F operatesin isolation, �U¾iY¿�À� . On the Á -axis, we vary � 5 , the provider intensity for
provider + 5 They-axisplotsblockingprobabilitiesfor varioussystemconfigurations.Thecurve labeled“ + 5
in isolation” depictsthe blocking probability of requestsfor commodities: 5 within the dedicatedsystem
for + 5 . The constantline at yQC{),+ - 6<G�Â��2´ £�µ , labeled“ + - in isolation”, plots the blocking probability of
requestsfor commodity:M- for provider +�- when +�- operatesin isolation(resultsfor providers + & .2}2}2}D.0+�5¡£Ã-
areidentical). Theremainingcurveslabeled“ � servers”, �U�Ä¹M.A»M.,�2´ , depicttheblockingprobability for
all providersthatparticipatein an � -provider SERESsystem.Fromthefigure,we observe that:² For theshown rangeof valuesof � 5 considered,theblockingratethatoccursin theSERESsystemfor

commodity : 5 is smallerthanits blockingratein isolation.Therefore,regardlessof its own provider
intensity, a provider is willing to participatein SERESwhenthe otherprovidershave low provider
intensities.² A rangefor �¡5 exists, ´Å¾`��5Æ¾i���2´�.,�	Ç�»M.AÈ�È�´ for �p�À¹M.A»M.,�2´ , respectively, wherethe blocking
ratein theSERESsystemfor commodity:�F~.0YÉ�Ê� is smallerthantheblockingratewhen $,F operates
in isolation. Hence,multiplexing acrossserversin SERESbenefitsprovider +�F even whenall other
providersin theSERESsystemhave largerprovider intensities.

3Thevalueof amaximumof 100is intendedto beamodestbut reasonablevaluefor aprovider. For instance,astreamingserver
might have limitationsdependingon thequality of thesessionsit carries.Anotherreasonis the fact thatcommerciallicensesare
often limited. TodayRealNetworks [25], oneof the majordeveloperof streamingmediatechnologies,offers its basicstreaming
server (freeof charge)with maximumcapacityof 25 concurrentclients. Their $1,995-dollarlicenseserver (RealServer Plus)has
maximumcapacityof 60 concurrentsessions.
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² Beyondtherangedescribedabove, requestsfor commodity:�F~.0YÉ�U� aredroppedwith greaterproba-
bility in theSERESsystem.However, aslong as � 5 �9�,¹�´�.A¹�´�´�.AÈ�»�´ , for �Ë�º¹M.A»M.,�2´ , respectively,
the blocking probability in the sharedsystemremainssmall, i.e., below the threshold³ 5 �Ì�2´ £�Í .
Hence,contentprovider +�F is favorable.² When �¡5 assumeshighervalues,thedroppingprobabilityfor commoditiesbecomesexcessive,and + F
wouldpreferto withdraw its participationfrom theSERESsystem.² For thesystemto achieve aparticularblockingprobability, thevalueof � increasessignificantlywith
increasesin � .

Figure2(b) graphicallydemonstratesthe “areasof SERESwillingness”. In this figure we considera
systemwith two providers, + - and +|& where ��F"�Î�2´�´�.0Yl�Î��.A¹ . We vary � - and ��& on the Á - and + -axis,
respectively. Thediagonalline thatseparatesthebottom-leftportionof thegraphfrom thetopright indicates
valuesof � - and �M& wheretheSERESsystemdropsrequestsat a rateof �2´ £�Í . Below this line, theSERES
systemoffers a lower aggregateintensity, resultingin a drop ratebelow �2´ £�Í . The top curve that goes
from thebottom-leftto thetop-rightof thegraphis formedfrom thesetof valuesof CE��-,.0� & G wherecontent
provider + - experiencesthesameblockingprobabilityregardlessof whetherit operatesin isolationor par-
ticipateswithin theSERESsystem,i.e., yQC{),+ - 6<G"�ÊyQC{),+ - .0+|&	6<G . Above this curve, yQC{),+ - 6<G_��yQC{),+ - .0+|&
6<G :
blockingprobability is reducedfor + - by operatingin isolation,andbelow, yrC{),+ - 6<G� �yQC{),+ - .0+|&<6<G . Sim-
ilarly, the lower curve that runs from the bottom left to the top right is formed from the points whereyQC{),+ & 6<G���yQC{),+�-2.0+ & 6<G . Below thiscurve, yrC{),+ & 6<G��ÏyQC{),+�-2.0+ & 6<G , andabove, yQC{),+ & 6<G� ÏyrC{),+�-,.0+ & 6<G .

Eachareabetweenthevariouscurvesis labeledin Figure2(b) to indicatethe “willingness” of + - and+|& to participatein SERES.A labelof ’L1’ indicatesanareain whichblockingprobabilityfor + - is smaller
in SERESthanin isolation,i.e., yrC{),+ - .0+|&<6<G���yQC{),+�F{6<G , YÐ�?��.A¹ . An ’A1’ label indicatesan areawhereyQC{),+ - .0+|&
6<G��Å³ - . A similar labelingappliesto markthevariousareasfor provider +|& . Whenbothproviders
markanareasimilarly, thepair of labels’A1’, ’A2’ arereplacedby ’A’, and’L1’, ’L2’ arereplacedby ’L’.
’X’ markstheareaswherea contentprovider is not favorable. We seethat thereis a significantregion in
which bothproviderscanbenefitsimultaneouslyby participatingin SERES.In addition,we notethatthere
is no areain which theblockingprobabilitiesof bothcontentprovidersis higherin thesharedsystemthan
in thededicatedsystem,i.e., at leastoneprovider is willing to participatein SERESin any areamarkedby
an’X’.

3.3 Asymptotic limits of SERES:The Ñ�Ò�Ó factor

Weturnourattentionto examiningtheperformanceof an � -server SERESsystemasthenumberof servers� tendsto Ô . We assumethat thereare �¼Õ differentclassesof providers,whereall provider systemsin the
sameclassexhibit thesameprovider intensityandhave thesamebound,�|F , on thenumberof jobsthatcan
simultaneouslybeserviced.We let Ö<F representthefractionof providersin classYA.,��¾�Y"¾Æ� Õ . Equation3
canbereformulatedas yQC{),+�-2.0+ & .2131313.0+�576<G�� C © fA×m{« a0Ø 5�Ù mAÚ{m�Û G0Ü f�×m~« a f/Ý mkÞ3mØ © f ×m~« a 5 q m Ù mkÛ�ß� © f�×m~« a 5�Ù m q mFdj�� C © × fm~« a Ø 5�Ù m0Ú{mkÛ G0àFEß (4)

Equation4 canbesimplifiedvia theconstantsá��� � 5 ×Kkj - Ö K � K and á�g� � 5 ×Kkj - Ö K � K :

yQC{),+ - .0+|&�.2131313.0+ 5 6<G�� CE��á��G 5�âq ��CE� á��G �� 5 âqKkj�� CE�Ðá��G F �
Y � (5)
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The asymptoticbehavior of losssystemssuchthat the ratio of workloadby the total capacityis finite
whenthenumberof serversis infinite is known [26]:ãdädå5�æ�ç yQC{),+ - .0+|&<.2131314+ 5 6<G��Jè ´�. if á��� á��¾P��I! á���Qá��.?Y{Ö if á��� á�s �� (6)

Figure3 illustratesthe behavior of an � -server SERESsystemas � grows large. For simplicity, we
show only the casewhereonly oneclassof serversexists, i.e., � Õ �é� in which eachprovider’s system
cansimultaneouslyhandle ���Ì�2´�´ transmissions.In Figure3(a), we vary the numberof participating
providersalongthe Á -axis, plotting the blocking probabilityalongthe + -axis, whereeachcurve depictsa
systemwhereagivenprovider intensity, � , is exhibitedby all providersin thesystem.Theasymptoticlimits
observed herefit the claimsof Equation6. In particular, for ���ê� , the blocking probability converges
to 0, whereasfor �Æ (� , we observe the blocking probability converging to the limit given by Equation
6. The figure demonstrates(for a homogeneouscollection of providers) that the mostdramaticbenefits
from SERESresultfrom clusteringsmallnumbersof providerstogether, andthat incorporatingadditional
providersfurtherreducesblockingprobabilities,but at aquickly diminishingrate.

In Figure3(b) we plot theasymptoticblockingprobabilityof a SERESsystemasa functionof � . The
curve on theleft is theasymptoticblockingprobabilityfor thecasewhere ����¹�´ . Thecurve on theright is
for thecasewhere�g�ë�,¹�´ . Wenoticefor ���ë�,¹�´ aslower increasein theasymptoticblockingprobability.
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Figure3: Asymptoticobservationson blockingprobabilityfor fixed-ratetransferSERESsystems.

4 SERESfor Elastic Transfers

4.1 Model and rationale

In this sectionwe presentandevaluatea model for a SERESsystemin which acceptedrequestsreceive
dataat rate that is proportionalto �	�
ð , where ð is the aggregatenumberof customerscurrentlybeing
servicedacrossall servers that comprisethe SERESsystem.Sucha modelfits an environmentin which
load is equallybalancedacrossserversparticipatingin the SERESsystem. This canbe accomplishedin
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practice,for instance,with paralleldownloadingtechnology[27]. Suchtechnologyis commonplacetoday
in peer-to-peerdownloadingtoolssuchasMorpheus.

We againconsidera modelin which client arrivals to eachprovider aredescribedby a Poissonprocess
andtheloadimposedby eachcommodityis describedby a generaldistribution. Usingthesameargument
asbefore,we cancollapsethemodelto thecasewhereeachprovider offersa singlecommodityanduses
a singleserver. We apply a processorsharing(PS)modelto capturethebehavior of the transmissionrate
asa function of the numberof requestscurrentlybeingserviced. We assumethat eachserver $	F bounds
theminimumrateat which it will transmitdatato clientsby boundingthenumberof clientsacceptedby a
constant,��F , andwill turn away (or redirect)any additionalclientsrequestingservice.4 Effectively, this is
an ����
��M�	��� F �<�=ñ queue.As before,we assumethat jobsarenever queuedwhenserviceis unavailable,
but aresimply turnedaway (dropped).In additionto blockingprobabilityasa metricwe alsomeasurejob
completiontime.

Theblockingprobabilityof sessionsunderthis modelis obtainedandevaluatedwith numericalresults
in the next session. Whereasfor an unboundedsystemthe distribution of the queueundera processor
sharingdisciplineis shown to begeometric[23], in ourcasewe find thefollowing law (derivationis shown
in AppendixB): yQC{),+�-,.0+ & .2}2}2}D.0+�5�6<G��®CH��uwv t=xEG q �I!���u¤v t�x�I!ÊCH��uwv t=xEG q � - (7)

where �s� � 5Kkj - �¡K (where �¡K is therequestratefor commodity :2K ), ��� � 5K�j - �
K , and u¤v t=x is themean
sizeof the requestto the SERESsystem.The amountof work for eachindividual job t�C{),+�-/.0+ & .2131314+�576<G
introducedin SERESis relatedto the amountof work t introducedin isolationfor ),+ - 6 throughtheex-
pressiont�C{),+ - .0+|&<.213131­6<GÉ��� - t���C � 5K�j - �
K	G .

Assuming ��F_�ê��K¤�ê�Ã.A�|F_�(�
K�.~¯7YA.R[ , it is easyto show that, for �#�ê��u¤v t=x , whenthe numberof
contentproviders � goesto Ô , theblockingprobabilitytendsto³EYHð 5�æ�ç yrC{),+ - .0+|&
.2131314+ 5 6<G��ë� ! �� 1 (8)

The expectedvalue of the delay in the systemis obtainedusing Little’s Law [28]. As a fraction of
customersentersthesystemwe needto consider� Ù �®Cz� !òyQC{),+ - 6<G0� . Therefore,ó C{),+ - 6<G���uwv ôgx���u¤v �sxE��� Ù � uwv �¿xCz� !òy�õ<G0� . (9)

whereuwv �¿x�� � q5 j�� �¼�gC��À���DG .
4.2 Numerical evaluation

Herewestudyconditionsunderwhichproviderswouldbefavorableparticipantswithin systemsthatconsist
of providerswhosetransferratesareelastic.Figure4 depictsareasof interestcomputedvia applicationof
Equation7. Theparameters��-��Ä�Ã-k����- and � & ��� & ��� & arevariedrespectively alongthe Á - and + -axis.
In comparisonto Figure2(b), we seethatSERESin elasticenvironmentsis favorableto bothserversfor a
wider variationbetweentheir respective intensitieswhenboth intensitiesaresmall (i.e., thebubble in the
bottom-leftcorneris bigger).However, whenintensitiesarelarge,thedifferencein provider intensitiesover
which bothprovidersarefavorableis reduced.Intuitively, this maybedueto thefact thatwhenthesystem
is underhigh loads,the averagecompletiontime of a job increases.Bringing in additionalcapacity(but
with a proportionalload)doesnot reducecompletiontimesof admittedjobssignificantlywhenloadis full.

4In thecontext of paralleldownloading,thesumof all fractionalcomponentsservicedshouldaddup to ö à .
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It will, however, reducecompletiontimeswhenloadis light. SinceSERESis mostusefulwhenintensities
arehigh (e.g.,in Figure4, thebulb lies almostcompletelywithin a rangeof blockingprobabilitiesthatare
below theproviders’ tolerancelimits), we concludethatSEREScantoleratemoreheterogeneityin systems
whenservicingfixed-raterequeststhanwhenservicingelastic-raterequests.

Figure5 illustratesa scenarioin which we vary � - andmaintain �M& fixedat ��&��ëø�� . Figure5(a)plots
the blocking probabilitiesof the sharedSERESsystemaswell asof eachdedicatedsystemasa function
of ��- . Thecurve labeled“SERES”,“ $�- ”, and“ $ & ” respectively plot yQC{),+�-2.0+ & 6<G , yQC{),+�-26<G , andyQC{),+ & 6<G (the
last beingconstant).We observe the blocking probability of the SERESsystemto be almost4 ordersof
magnitudesmallerthan yQC{),+�-26<G when ��- and � & areapproximatelyequal. However, the benefitsbecome
marginal with increasing L � - !Æ��&|L . This againsupportsthe conclusionthat SERESis useful for elastic
transfersonly whentheintensitiesimposedby providersareapproximatelythesame.

5 ResourceBounding with Thr esholds

We notedin theprevious two sectionsthatwhencontentprovidersopenlysharetheir resources,andindi-
vidual provider configurationsdiffer, situationscanarisein which subsetsof providerswithin theSERES
systemwill not be favorableparticipants.Here,we evaluatea thresholdingtechniqueasa meansto limit
theamountof theirown server resourcesthatthey provide to theSERESsystem.Weshow herethatthresh-
olding canbeusedto boundtheblockingprobabilitiesof otherwiseunfavorableparticipants,makingthem
favorableparticipants.

5.1 Thresholdtype definitions

Let ù�F bea threshold, ´g¾Æù�F�¾Æ�|F for server $,F suchthat $,F refusesany requeststo serviceotherprovider’s
commoditieswhenever it is currentlyservicing ù�F commoditiesthatarenot :<F . Sucha thresholdguarantees
thatat least � F !�ù F slotswill beusedexclusively for servicingthecontentprovider’s own commodity. We
call this thresholdtype D1. We alsoevaluatea slight varianton the thresholdingtechnique.A D2 type
thresholdis onein which an arriving requestfor anotherprovider’s commoditiesis deniedwhenever the
numberof availableslots(i.e., ��FD!#Á7F where Á7F is thenumberof slotsthatareactively in use)falls belowù�F . For bothtypesof thresholding,setting ù�Fú�±´ for is equivalentto a dedicatedsystem(i.e., theprovider
doesnot participatein SERES)andsetting ù�FT�Ä��F for all Y is equivalentto a SERESsystemdescribedin
previoussections.
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Figure5: Evaluationof a SERESsystemundertheprocessorsharingmodel.

5.2 Analytical evaluation of D1 thresholding

In orderto simplify our analysiswe make anassumptionthatserversparticipatingin SERESenableswap-
ping: for any Y , if therearefewer than �|F jobsservicingcommodity :�F , thenall thesejobsareservicedby$	F . Froma practicalperspective, if a slot within $	F becomesavailable,someongoingtransmissionfor com-
modity :�F is swappedfrom an $kK to $,F if sucha [ exists, [¸Z��Y . We shallseeshortly(comparingsimulation
results)thatenablingswappinghaslittle impacton blockingprobability.

For thesake of analysis,we assumethatservicetimesareexponentiallydistributed.5 This allows usto
modelthe2-providerSERESsystemasatruncatedMarkov chainwith statesdescribedby thepair C��g-,.�� & G ,
where ��F is the numberof sessionsservicingcommodity :�F in the system, Yü�ý��.A¹ , and ´®¾�� - ¾� -�� ågädþ C^�|&]!Ë��&<.Aù�&	G , and �=&�¾p�|& � å�äÿþ C^� - !�� - .Aù - G . A crucialdifferencefrom previousmodelsis
thathere,sincethedecisionto accepta requestdependson theidentity of thecommoditybeingrequested,
theblockingprobabilitiesfor thedifferingcommoditiescandiffer within aSERESsystem.

This transitionsof thedescribedMarkov chainoccurasfollows:² From CEYQ!Å��.R[�G to CEY�.R[MG with rate � - , for �Ð¾UYÉ¾Ê� -Q� å�ädþ C^��¹Ð!ü[�.Aù�&<G .² From CEYA.R[�G to CEYD!Å��.R[MG with rate YH�r- , for �Ð¾UYT¾Ê��- � å�ädþ C^��¹Ð!¿[|.Aù & G .² From CEYA.R[=!Ê�	G to CEY�.R[MG with rate ��& , for �Ð¾#[g¾Æ�|& � å�äÿþ C^� - !OY�.Aù - G .² From CEYA.R[�G to CEY�.R[�!Å�	G with rate [|�¼& , for ��¾#[g¾Æ�|& � å�ädþ C^� - !OY�.Aù - G .
The above conditionssatisfythe requirementsthat allow computationof thesteady-stateprobabilities

asa product-formsolutionfor truncatedMarkov chains[29].��F � K ���gC�� - ��Y�.���& �U[�G�����F���K	� �{� a0� � c0� , (10)

where��F°��� F - �
Y � , ��K]��� K & �/[ � , and� �{� a � � c � isanormalizingconstantsuchthat
� q aR���	cFdj�� � q c ������� Ø � -0� q az£ FdÛKkj�� ��F � K_�� .

5Notethatour reductionof a provider’s server systemto a singleserver with asinglecommoditystill holdsWLOG.
12
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We useEquation10 to computetheprobabilitiesof all statesfor which � F �J� F � å�ädþ C^� K ! ðO.Aù K G ,
given that �lK¸��ðO.R[®Z�?Y . This yields y - C{),+ - .0+|&
6<G , the blocking probability for commodity : - in the
SERESsystem:y¼-	C{),+�-,.0+ & 6<G@� �wC���- � � & G q a{���	c¢Fdj q a0£ � a � F � q aH� q c £ F�� q c £ �	c £Ã-¢Kkj�� � q a{���	c � K � (11)

� q a ��� c¢Fdj q a~£ � a 	 � -� -�
 F �Y � 	 ��&�¼& 
 q a{� q c £ F �C^� -Q� �¡&"!OY~G � � �{� a0� � c0� � 	 � -� -�
 q aR���	c ¥¦ q c�£ � cA£Ã-¢K�j�� 	 ��&�¼& 
 K �[ � §¨�� �{� a0� � c0�
where � �{� a0� � c0� is thesameasin Equation10. y7&�C{),+ - .0+|&
6<G , theblockingprobability for commodity :�& , is
computedin asimilarmanner.

Figure6 depictsrespective blocking probabilitiesexperiencedfor requestsof commodities:M- and : &
for variousintensitiesandD1 (with swapping)thresholdlevels,whereproviders + - and +|& apply thesame
threshold,i.e., ù - �ëù�& . We onceagainconsidertwo serverswith a total of ��Fr���2´�´ slots.On the Á -axis,
we vary � - . Insteadof fixing ��& , we set ��&��º´�1e¹<� - suchthat the intensitiesthatbothproviderscontribute
to SERESincreasealongthe Á -axis,but + - ’s intensityis remainsmuchlarger thanthatof +|& . Thevarious
curves depict blocking probabilitiesfor the two commoditiesfor differing thresholdlevels. The curves
for the systemsin isolationarerepresentedwith thicker lines. The othercurvesare labeledaccordingto
whichcontenttheblockingprobabilityrefersto andthethresholdvalue.Thecurve labeled“totally shared”
is the blocking probability for both commodityrequests(whenthe thresholdsaresetto maximumvaluesù - �ºù�&=�J�2´�´ ). Theremainingcurves’ labelsindicatetheprovider whosecontent’s blockingprobability
is beingplottedandthevalueto which thethresholdis set.

Themostimportantconclusionhereis thatvariationin thethresholdcanleadto significantvariationsin
blockingprobability for a SERESsystem.In fact,whenever the loadon a server is small enoughthat the
servercanmeetits desiredblockingprobabilityasadedicatedsystem,thatserver canthenusethresholdsin
a SERESsystemto allow othercontentproviderstheuseof its resourceswithout raisingits own blocking
probabilityabove theundesiredlevel.
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5.3 Comparison of ThresholdingTechniques/ Swapping

We now evaluatethe blocking probability of SERESsystememploying thresholdingwhen swappingis
disabled,as well as when type D2 thresholdingis employed. We resort to simulationto explore these
remainingcases. As before,we assumearrivals are describedby a Poissonprocess. Servicetimes are
describedby a lognormaldistribution, ashasbeenobserved in practiceby [1, 30, 31, 32]. Theprobability

densityfunctionof thelognormaldistribution is definedas Ö lognormalCEÁÃG�� -
���� &�������� Cz! -&������! Ø 
 Û £�"� # & G ,
where ³%$�&�CEÁ�G is the naturallogarithmicfunctionand � and ' arethe standardparametersusedwithin the
lognormaldistribution. We usedthemeanandstandarddeviation of 26 and46 (minutes)observed in [1],
respectively, to derive theparameters� and ' .
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Figure7: Theuseof D1-thresholdingandD2-thresholding/swapping.

Basedonmeasurementsfrom [1], weconductsimulationswith �¤��ÈM1e» requestsperminuteand uwv t=x��¹�½ giving a value ��&Ë�Xø�� for commodity :�& . Figure 7 plots blocking probabilitiesobtainedfrom the
previous analysis(for thecaseof D1 thresholdingwith swapping)andsimulations(for theothercases)in
which ù�F"�J¹�´ for Y_�ê��.A¹ . Figure7(a)plotsblockingprobabilitiesfor commodity : - . Figure7(b) plots
blockingprobabilitiesfor commodity :�& . � - is variedalongthe Á -axis in bothFigure7(a)andFigure7(b).
The curves in eachfigure labeled“D1+swap”, “D1+non-swap”, “D2+swap”, and“D2+non-swap” depict
thevariousSERESthresholdingconfigurationsformedby alternatingbetweentheuseof non-swappingand
swappingmethods,andbetweentheuseof D1 andD2 thresholdingtechniques.

In Figure7(a), we observe little differencein blocking probability for commodity : - aswe vary the
configuration.In Figure7(b), we observe theblockingprobabilitiesfor theserver $
& . Thehorizontalline
depictsthe blocking probability for commodity :�& when +|& operatesin isolation. Thesetwo curveswith
sharpincreasesthatoccurfor � - �*)|´ correspondto theSERESsystemwith D2-thresholds.Thetwo curves
areindistinguishableexceptfor ��-� º�2´�´ wheretheswappingcurve exhibits a blockingprobability that is
slightly lower. Thetwo curveswith sharpincreasesin therange½�´s��� - �®�2´�´ correspondto theSERES
systemwith D1-thresholds.Whenoperatingin theSERESsystem,theblockingratefor commodity: & drops
by asmuchasthreeordersof magnitudein the rangewhere � - ��»�´ usingD2 and � - �Î�2´�´ usingD1-
thresholds.In therange� -  ��2´�´ theblockingprobabilitiesfor commodity:�& increaseataslowerratewhen
usingD2 thresholdsthanwhenusingD1-thresholds.This is becauseunderD2 thresholding,commodity:�& is lesslikely to be servicedby server $ - . In contrast,the blocking probabilitiesexhibited whenusing
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D1-thresholdingprovide a notableimprovementover thoseexhibited when using D2 thresholdingwhen� - �P�2´�´ . Hence,D1 thresholdingshouldbeusedwhenthecompetingsystem’s intensityis expectedto be
higher, andD2 thresholdingshouldbeusedwhenthecompetingsystem’s intensityis expectedto belower.

We furtherobserve that thereis little differencein theresultsobtainedwhenswappingis enabledfrom
whenit is not. This suggeststhatanalyticalresultsfor blockingprobabilityfrom a swappingsystemcanbe
usedto approximateblockingprobabilitywithin non-swappingsystems.

5.4 Adaptive Thresholding

Motivatedby theresultsin previoussections,weconsideranidealscenarioin whichaprovider, +�F , canadapt
its thresholdasa function of the provider intensitiesimposedon the SERESsystemso that it contributes
themaximumamountof its own server resources(i.e., appliesthehighestthresholdpossible)without the
blockingprobabilityfor its own commodity, : F , exceedingits tolerancelimit, ³ F .
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Figure8: Idealalgorithmfor settingthresholds.

We apply our analysisof D1-typethresholdsystemswith swappingto a 2-provider SERESsystemin
whichserver $	& has �¡& ��¹�´ slotsfor processingandserver $ - contains� - �ë�2´�´ slotsandafixedprovider
intensityof � - �±¹�´ . Provider + - adjustsits thresholdù - suchthattheblockingprobabilityfor commodity: - remainsbelow its tolerancelimit of ³ - �9�2´ £�µ . Provider +|& enablesits server to shareits resources,i.e.,
its thresholdis setto thetotalnumberof slots, ù & ��� & ��¹�´ .

Figure8(a)plots thevalueof ù - asa functionof ��& , theprovider intensitybroughtinto thesystemby
provider + & to maintain y¼-	C{),+�-,.0+ & 6<Gw��³^- . We seethat until � & �ê½�´ , the thresholdremainsat 100. As��& crosses60, thethresholddropsrapidly, thencontinuesto reduce,but at a muchslower rate.Figure8(b)
shows blocking probabilitiesof variousconfigurationsasa function of ��& . The left-mostcurve plots the
blocking probability of commodity :�& when +|& operatesin isolation. The remainingthreecurves(which
differ only when �ò Ê½�´ ) plot, from top to bottom,theblockingprobabilityfor commodity:�& whenSERES
with thethresholdingdescribedabove is applied,theblockingprobabilityfor all commoditieswhenSERES
is appliedwithout thresholding,andtheblockingprobability for commodity : - whenthe thresholdingde-
scribedabove is applied.

The bottomcurve verifiesthat with the thresholding,blocking probabilitiesfor commodity : - remain
below ³ - ���2´ £�µ . By comparingthe remainingtwo curves from the SERESsystemto the curve for the
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casewhere +|& usesa dedicatedsystem,we seethat,even whenthresholdingis deployed, participatingin
the SERESsystemprovidessignificantbenefitsto provider +|& . We seethat, while thresholdingincreases
theblockingprobabilityfor commodity :�& in comparisonto a threshold-freeSERESsystem,provider + - is
favorableonly whenthethresholdingis applied,andcommodity :�& experiencesa blockingprobabilitythat
is ordersof magnitudebetterthanin isolation.

6 Conclusionand Futur e Dir ections

We have analyzedthe performanceof resourcesharingfor contentdistribution throughserver collectives
(SERES)asa meansof reducingblocking probabilitiesanddelayswithin stochasticenvironments. Our
analysisandsimulationuponfundamentalqueueingmodelshasled to thefollowing resultsandinsights:² We developedanalyticalmodelsof server collectives that enablecontentproviders to hostonean-

other’s content.Separatemodelsaredevelopedfor fixed-rateandelastic-ratetransmissions.A pre-
liminary queueinganalysisupon thesemodelsdemonstratesthat, for homogeneousprovider con-
figurations,all providerscansimultaneouslyreducethe blocking probabilitiesof requestsfor their
content.Similarobservationshold for transmissiondelaysof elasticfiles.² The mostdramaticdecreasesin blocking probability areobserved asthe numberof participantsin
smallcollectivesis increased.For instance,weobserve a4-order-of-magnitude reductionin blocking
probabilitieswhencomparingan isolatedsystemto a two-server SERESsystem,while a 10-server
SERESsystemhasa7-order-of-magnitude reductionin comparisonto anisolatedsystem.² We foundasymptoticresultsfor a SERESsystemasthenumberof participatingprovidersgrows toÔ . If the ratio of theaverageprovider intensity � to theaveragenumberof processingslotsis less
thanone,thenthesystem’s blockingprobabilityis 0 in thelimit. Otherwise,theblockingprobability
convergesto �I!#���
� .² When loadson serversarehigh, SERESsystems(without thresholding)can improve the blocking
probability of all participantsfor a greatervariationin intensitiesamongparticipatingsystemssup-
portingfixed-ratetransfersthancanbetoleratedwithin systemssupportingelastic-ratetransfers.² We analyzedtwo thresholdingtechniquesthatenableheterogeneoussetsof server systems(different
intensitiesandnumbersof processingslots)to form aSERESsystemin which requestsfor all partic-
ipants’commoditiesaredroppedata ratelower thanwhenthesystemsoperatein isolation.Weshow
that, in conjunctionwith thresholding,the ability to dynamicallyswap a transmissionto the server
thatprofitsdirectly from theservicingof thecontenthaslittle impacton theblockingprobability.

Our futureresearchwill exploreon on-linealgorithmsfor adaptive thresholding.Wearealsointerested
in furthering the developmentof analyticalmodelsfor thresholding. We believe that matrix-geometric
analysismay prove to be fruitful in this area. We are also interestedin extendingour model to cases
wherethe “usefulness”of a particularserver is a functionof its proximity within thenetwork to theclient
issuingtherequest.Policiesandprotocolsusedby providersto performSERESorganizationandefficient
redirectionareimportantissuesthat mustbe examinedbeforeSEREScanbe deployed in practice. As a
long-termgoalweenvision implementationanddeploymentof SERES.
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A Notation8Å�p),: - .0:�&�.2131314:�;=6 - setof commodities> �±)
$�-2.A$ & .2131314:<576 - setof servers'��p),+ - .0+|&<.2131314+ 5 6 - setof contentproviders\]C^$	FHG - setof commoditiesofferedby server $,FBQCE+�F^G - setof commoditiesofferedby contentprovider +�Fy�F0C{)
$ - .A$
&<.213131e$ 5 6<G - blockingprobabilityof commodity:<F in aSERESsystemwith � servers� F - numberof sessionsof commodity: F in theSERESsystem��F - maximumcapacityonserver $,F��F - arrival rateof requestsfor commodity:�Ft]F - time for processingcommodity:�F�¡F - �¡F¼����FEu¤v t]Fbx��F - ��F¼����F^�
Y �á� - á� � � 5 ×K�j - Ö<Fb�¡Fá� - á��� � 5 ×Kkj - Ö<FE�|F, - , �*á��� á�ù�F - thresholdimposedby server $,F on non-primarycommodities
D1-threshold - thresholddefinitionbasedonactive numberof non-primarysessions
D2-threshold - thresholddefinitionbasedonremainingavailablecapacityó F0C{),+ - .0+|&�.2131314+ 5 6<G - overall timeof :�F -sessionin SERES³dF - maximumblockingprobabilityin thetolerancerangeof provider +�F- F¼�®CEÁ - .0Á7&�.2131314Á 5 G - stategivenby remainingfractionsÁ7F of work for a givenjob Yt]FzCEÁÃG , .�FzCEÁÃG - distribution anddensityfunctionof t_F , respectively/t]FzCEÁÃG -

/t]FzCEÁÃG����gC�t]Fr UÁ�G0 CEÁÃG - hazardfunction .�FzCEÁÃG0� /t]FACEÁ�G
B Number of sessionsunder processorsharing discipline

In orderto find thedistribution of numberof sessionsin thesystem,we follow a proceduresimilar to the
derivation describedin [23] (pp. 171) for an unboundedsystem. The work introducedto the systemby
an acceptedsessionis a randomvariable t . We denoteits distribution t�CEÁ�G andthe densityprobability
function .<CEÁÃG . Furthermore,we make useof thefunction

/t¤C~1 G definedas
/tòCEÁ�G �ë�gC�t* �Á�G . Thehazard

functionis definedastheratio 0 CEÁ�G��1.�CEÁÃG0� /tsCEÁ�G .
We definestatesof the systemas the currentcompletedfraction of servicerelative to the individual

jobs in increasingorder. For example,given � jobs we have the state2��ÀCEÁ°-/.0Á & .0Á % .2131314Á75�G . Sinceeach
job receives �	�
� -th of the processing,a transitionfrom state 2J� CEÁ - .0Á�&�.2131314Á�Fz.2131314Á 5 G to state 354{C62DGs�CEÁ¼-,.0Á & .2131314Á F £Ã-,.0Á Fd� -,.2131314Á75�G occurswith probability intensity (loosely speaking”rate”) 0 CEÁ F G0�
� . On the
otherhandfor the reverseprocessthe transitionfrom 354{C62DG to the state 2 is given by �7.�CEÁ�FRG . In fact we
conjecturethatwe mayconstructa reverseprocesswith balancingequationsgiven by this transitionrates
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andusethetheoremshown in [23] (pp. 164).WeshallhaveyQC62DG 0 CEÁ F G� �ËyQC%3�4HC62DG�G0�7.�CEÁ�FRG (12)

We assumewithout lossof generalitythat Á¼-w¾9Á & ¾9Á % 13131É¾9Á�5 . From thedefinition of the hazard
functionwerewrite Equation12 as yQC62DG�����yrC%354HC62DGAG0� /t�CEÁ�FRG (13)

Usingthedefinitionof 0 C~1 G we areableto find theprobabilityof statesasrecursively asthenumberin the
systemdecreases: �gC62DG����gC62Ï�®CEÁ¼-,.0Á & .2131314Á�5�G0G����gC��À��´¡G{� � � 5 58Fdj - /t�CEÁ F G�1 (14)

Wefind theexpressionfor thenumberof sessionsin thesystemas:�gC��*���DGX� � � � 5 �gC��À��´¡G:9 
 a 9 
 c 13131;9 
 f /t�CEÁ7F^G ó Á - ó Á�&�13131 ó Á 5 (15)� � 5 �gC��À��´¡G 9<9 13131 9 
 a � 
 c � ª4ª4ª � 
 f /t¤CEÁ7FRG ó Á - ó Á7&<13131 ó Á 5� �gC��À��´¡G/CH��uwv t=xEG 5 1
We caneasily find �gC�� � ´¡G by applying the normalizingcondition

� q5 j - �gC�� �?�DGò� � , thus
finding: �gC��i��´¡G�� �I!Ë��uwv t=x�"!ÆCH��u¤v t�xEG q � - (16)

Hence,theblockingprobabilityis theprobabilityof theeventof maximumutilizationwhich is givenbyyQC{),+�-26<G��ºCH��u¤v t�xEG q � !Ë��u¤v t=x�I!ÊCH��uwv t=xEG q � - 1 (17)

Sincewe verify that yrC62DG��ËyQC�´�.=2DG0��CE� � �	G , we validatetheinitial conjecture.
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