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Abstract

The provisioning of dynamic forms of servicesis becoming the main streamof today’s network.
In this paper, we focuson servicesassistedby network serversanddifferent forms of associated
sessions.We identify two typesof services:transparent, wherethesessionis unaware of theserver
location, andconfigurable,wherethesessionsneedto beconfiguredto usetheir closestserver. For
both typeswe formalize theproblem of optimally placingnetwork serversandintroduceapproxi-
matedsolutions.We presentsimulationresultof approximations andheuristics.We alsosolve the
locationproblemoptimally for a specialtopology. We show, through a seriesof examples, thatour
approachescanbeappliedto avarietyof different services.
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1. Introduction

Active networks bring the ability to placeservicesanywherein the network. This will enable a model in
which companiessell the usageof the serviceinsteadof the softwarethat perform the serviceitself. This
freesusersfrom managing thesoftware(installation, regular updates,etc.) andpurchasinganexpensive one
whentheserviceneeds arelimited, andenablesthemto evaluate various competitors in a shorttimeperiod.

Anotheradvantage of theservice-in-the-network modelis theability of Internet serviceproviders(ISPs)
to deploy transparentservicesin theirnetworks. Suchservicesmayincludecaching, authentication,security
relatedsnooping,DOSAalarms,etc.

While active networks give us the freedom to deploy servicesanywhere in thenetwork, we would like
to limit thenumber of suchservicecenters,dueto maintenancecostsandtheoverheadassociatedwith each
deployedservice(extra filters in the routers,extra delayfor filteredpackets,etc.). Thus, onewould like to
placeservers wisely, eitherto make themaximum gainout of thenumber of serversit canafford to deploy,
or to deploy theminimalnumber of serversneededto achievecertainlevel of service.This paperis thefirst,
we areawareof, thatlooksandthis problem.

Theinteraction in theInternet is donein sessionsbetweenendpoints, andthus,it is natural to associate
servicewith sessions.A serviceperformedon a sessionshouldbring somequantifiablegain,andits usage
entailssomecost.Thesameservicemayhavedifferentgainandcostaccording to thedeploymenteconomic
model. For example, if anISPdeploys a cachingservice,thegaincanbeeitherthesaving in traffic insideits
network, or thereduction of delayfor theclients.Theoptimalplacement of theserviceneednotbethesame
for thesetwo optimizationcriteria,though theserviceperformedis thesame.

Onecanclassifysession-orientedservicesaccordingto severalcriteria,whichinfluencethemathematical
modeling of the optimizationproblem. In the following we discuss:symmetry, the number of interacting
parties,andtransparency.

In somesessions,the interactionof thepartieswith theserver is symmetric, while in othersit is asym-
metric. Symmetric interactionoccureitherbecausethesametypeof informationflows bothways,like in a
full duplex conferencegateway, or becausethe’cost’ of theflow doesnot changewhenpassingthroughthe
server, e.g.,whenthecostis bandwidth andtheserviceis aprotocolconversion.An exampleof anasymmet-
ric interaction is a videocompressionserver wherethecostin theconsumedbandwidth. Thecostof getting
thedatato theserver is muchhigher thanthecostof transmittingthedatato theplayer.

Naturally, many of theservicesin thenetworksarebetweentwo parties:protocol conversions,application
layer conversion(a language translationservice),compressionof a videophonesession,andmany more.
Multi-party servicesarealsogrowing in numbers: conferencecalls, games,etc. However, therearealso
someserviceswhich seemto involve only oneparty, suchascaching. We claim that thesearespecialcases
of asessionwhereoneendpoint,thecontent provider, is fixedandtheotherendpoint, theclient, is dynamic.

1SumiChoi is with theDept.of ComputerScience,WashingtonUniversity in St. Louis,USA.
2Yuval Shavitt is with theDept.of Electrical Engineering - Systems,Tel-Aviv University, Israel.
3Thiswork wasdonein partwhile theauthorswerein Bell Labs,LucentTechnologies.
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A content caching serviceis one that benefitsthe requesters with the delivery of locally cachedcontent.
However, thecontent origin needsalsoto interactwith thecacheto deliver thecontent. This is notmore than
thecaseof anasymmetricsessionwherethe’cost’ of deliveryfrom theserver (cache) to oneside(theclient)
is higher thanthe costof delivery of the content from the otherside(content origin) to the server (cache).
It is important to notethatalthough caching is a specialcaseof a sessionservice,resultsobtainfor caching
cannot beappliedto thegeneral caseof sessionservers,at leastnot in all its forms.

Finally, serversmay be transparently placedin the network suchthat userneednot be awareof their
location, or evenabouttheirexistence.Or, they maybeplacedatknown locationsrequiring clientsto demand
a servicedirectly to them.In thesequelwewill elaborateaboutthemodelingof thesetwo distinctcases.

1.1. Service Networks and Server Placement

Firstly, we consider overlay networks for providing services.In this typesof networks,serviceprovidersare
in control of a network overlayedon top of theunderlying network andconfiguretheir applicationsessions
with associatedservers. Sessionconfigurationsusuallyaim at optimizing a certainmetricvalue,which we
referto ascost,suchastheperformanceor theefficiency of thesessionsthatapplications try to optimize.

In the example of the conferencecenterwhere the time constraintis important, onecanseethe direct
relationship betweenthe location of the servers and the latency of the datastreambecausedatacoming
from sendingend-pointshasto reachthe server before deliveredto the receivers. In othercases,like in
the contentadaptation andthe video compression,the servicechangesthe bandwidth consumption of the
sessions,andthus,the locationof theservers determinesthe total bandwidth consumption,which becomes
theminimization criterion. While thecostfor thesessionconfigurationandthecriteriafor theoptimization
change with theapplication, theserverplacementproblemis generalizedinto a couple of formations.

Oneformationof theoptimal serverplacement in theoverlayservicenetwork is describedin thefollowing
situation. Supposethereis fixed budget,

�
, that limits the number of servers to be placedin a network.

Thegoalof the problem is to find
�

locations for the serversthatoptimizethe overall valueof thesession
configuration cost. The problem is closely relatedto the

�
-median problem whereoneneedsto place

�
medians suchthat the sumof the distancesbetweenthe nodesandtheir closestmedianis minimized. We
discusstherelationshipbetweenthe two problemsin Section2. In another form of theproblem thegoal is
to identify theminimum numberof locations thatguaranteecertainconstraints on thesessionconfiguration
costspecifiedby the target application, e.g.,maximum delaybetweenany pair of clients. This form of the
problemis closelyrelatedto the

�
-center problem.

Transparent servers areserverswhoselocation, or even their existence,is kept unknown to the end-
points(users).Themainadvantageof transparent serversis thatthey require noconfigurationof thesession
end-points, yet theserver canonly serve traffic that flows through it usuallyby intercepting it. In orderto
provide transparent services,onehasto placeservers so that at leastoneof themis locatedon eachof the
sessionroutes.Therefore,transparentservers enforcestronger constraints on theserver locations associated
with eachindividual session.In this case,the goal is to identify the minimum setof server locationsthat
satisfiestheconstraint of eachsession.We view theproblem of transparent server placement asaninstance
of thesetcover problemanddiscussit in section6.

1.2. Applicability

Thealgorithmspresented in thispaperworksongatheredstatisticsof servicetraffic, andshould resultin good
placements basedon thetime of theday, or thedayof theweek.Active networks enable theeasymigration
of servers according to theusagepattern,andthuscanimprove theoverall performance.

We believe usagestatisticsis quitestableandbackthis by thestudyperformedby Krishnanet al. [17]
for caching. In their study, they checkedthedaily client population for a mediumsizewebserver andfound
that theday-to-daycorrelation wasminuscule: 2.7-7.5%of theclientsuserpopulationappeared in any two
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out of the 14 dayssampled.However, whenthe overall demand from a network region wascomparedthe
correlation wasvery high betweenthe weekdays. As a result, the costof placingservers(caches in [17])
basedon theoverall statisticsprovedeffective andresultedin a penaltyof 1-10%(comparedto theoptimal
daily placement) for mostof theweekdays.

While wearenotawareof similarstatisticsfor otherservices,it is not inconceivablethatit will follow the
samepattern:low client returnratebut fairly constantservicedemandsfrom sitesor regions. For example,
largecorporations have differentcultures:someencouragetheuseof videoconferences,somerequiredata
translation/conversiondueto remotesiteswith differentlanguage/equipment,etc. Thesameargumentholds
for regionsof theworld wheredifferencesin culture createdifferentdemand for servicesanddifferencein
thetimesserviceis required.

1.3. Organization

In the next section,the background of this work is detailedrelatedto theoreticalproblems as well as to
practicalservicenetworks. Then, we illustrate the network model and the metric formation in section3,
proceedontotheoverlayservicenetworks alongwith the

�
-median problem in section4 andsection5, and

alsodescribe thetransparent servicenetworks andthesessioncover problemin section6. In thelastsection
we raisea few issuefor futureresearchandsummarizethepapercontribution.

2. Related Works

The problem of placingservers for a group of singleclientshasseveral well-known variants that wereall
studiedextensively. One is the facility locationproblem, which is an optimizationproblem in a setof �
pointswith anassociatedcostfor opening afacility (aserverin ourcase).Thegoalis to find asetof locations
among the � points to placefacilitiessoasto minimize thesumof thedistancesfrom eachof the � points to
thenearestfacility locationandthecostof opening the facilities. The

�
-medianproblem is anotherrelated

problem similar to the facility locationproblem, but but herethe number of locations is given,
�
, andwe

minimizeonly thesumof thedistancesbetweeneachof the � points andthenearestfacility location. The
�

centerproblem resembles the
�
-medianproblem,only theoptimizationcriteriais to minimizethemaximum

distancebetweenany of the � pointsandthenearestserver.

In theseproblems,the servicethat the facilities provide is in an abstractandsimpleform which is de-
scribedasanassignmentof eachendpoint to aserver (a facility location)in ametricspaceor agraph. Then,
theobjective termto beoptimizedis givenwith theend-point-to-server distancesand, in caseof thefacility
locationproblem,with thecostsof opening facilities. In this work, we expand theconcept of servicesin the
context of network applicationsanddiscussthecorrespondingserverplacement problems.

Anotheroptimization problem which we find usefulfor transparentserversis thesetcover problem. In
this problem, we aregivensetsof elementsanda separategroup of elements,andwe arerequired to find a
minimalsubsetsuchthateveryelementin thegroup appearsat leastoncein thesubset.

Although all the above problems areintractable,thereareapproximationmethods that find in polyno-
mial time a solutionwhich is guaranteedto be within someratio from theoptimal. Thepracticalityof the
approximations vary, which is partof this study. Approximationalgorithms for thefacility locationproblem
havebeenproposedwith factorsof �����
	��
������� (for thegreedyalgorithm [14]), 3.16[22], 2.41 [13], andmore
recently1.74[9]. The

�
-median problem is harderto approximatedueto the restrictionon the number of

servers(
�
), however, thereareapproximationswith anextrarelaxationonthatrestriction.For general graphs,

Lin andVitter [20] approximatedthecostwithin a factorof ��������� of optimalby relaxingtherestrictionof
thenumber of serversto beupto ����� � � �����
��������� � . Arora, Raghavan,andRao[4] extendedthetechniques
of Lin andVitter to achievea polynomial-timeapproximationfor theEuclideanspace.

To show thedifferencebetweenthe
�
-medianproblem andour

�
-sessionserverproblem,considera ring

network comprisedof � nodesnumbered� to � �!� ( � is even,seeFig. 1). Supposewe have two sessions



4

0 1

3

2

n/2 n/2-1

n/2-2

n/2+1

n/2+2

n-1

n-2

Figure1: An example for thedifferencebetweenthesessionserver locationproblemandthe
�
-median and�

-centerproblems.

(depictedasarcsin Fig. 1): onebetweennode � andnode �#"%$&�'� andonebetweennode �(�!� andnode�#"%$)�*� . Wewouldlike to placetwo serversin thenetwork. For the $ -medianproblem,theoptimallocations
for thesetwo serversareatnode � andnode �#"%$ , with givesacostof 4, sinceeachof thefournodesis exactly
onehopaway from its nearest server. This is alsotheoptimal locationin the $ -center problem. However,
this choiceof two locationsis badfor thesessionserver problem becauseit requiresbothsessionsto makea
detour of two hops,while thetwo serverscanbeplacedonthetwo sessionroutes,requiring nodetours.

For somespecialcases,thesessionserverplacement problemwasstudiedin thepast.For thecasewhere
thereis onesenderanda large number of receivers suchaswhenobjectsneedto be cached, the problem
wasstudiedextensively. Polynomial solutions for treesandotherregulartopologiesexist [17,18], but when
multiple sourcesareconsidered only heuristicsweresuggested[15,17]. As we show in section4.1, results
obtained for thecachelocationproblemarenotalwaysindicative to thegeneral case.Needlessto say, notall
thevariantsstudiedin this paper arecoveredby previouswork, in particular, transparentserver placement,
whichisstudiedin its general formhere,wasstudiedin thepastonly for thesimpletreeandringcases[17,18].

Choi et al. [8] studya configuration problem for a sessionthrough a seriesof servers that arealready
placedin the network. In their probleman optimal routeandservers are in searchfor a sessiongiven a
network andthelocationsof theservers. This studywasdonein thecontext of activenetwork, a paradigm
thatenablesthe fastdeploymentof servicesinsidethe network. Thus,active network research, in general,
canbenefitfrom theresultsof ourwork wheretheserversneedto beplacedoptimally.

3. Model and Metric

Thenetwork is represented by a graph +-,.�0/)1324� where / is thesetof nodes,and 2657/-8(/ is theset
of links. Thesetof sessions,9 , is a collectionof tuples :<;=,>�@?%;BA%1�?%;
C%1ED�D�DF� , where ?G;&HI/ . Eachtuple :J;
represents a sessionwhoseend-pointsarethenodes?K;ML . In caseswherethesessionsarelimited to unicast
connections:J; contain exactly two nodes.We givesomemodelingexamplesin this section.

Considera groupcommunicationapplication suchasa conferencecall. In this case,the sessioncost
is determined by the average latency of the datadelivery from speakers to listeners. Assuming NK��OP1�?<� is
the latency from O to ? , the value of the costgiven to a configuration of a conferencecall session: ; ,
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��?%;QA%1�D
DRD
1�?%;
ST� with thecenterat ?VU is WYX :EZY�[:�;\�), ]^3_R`baGcd_fe ;hg�$�Ni�@?%; ` 1j?�Uk�
where e ; is the weight of session: ; , that canbe used,e.g., if onewould like to give equalweight for all
sessionsregardlessthenumber of participants,we canset e ; ,l�f"Tm : ; m . Rememberthat : ; is only onegroup
outof thelargegroup of sessions,9 , thatareservedby thesameservers.

Todemonstratethedifferencebetweensymmetric andasymmetriccostconsiderunicastsessionsthatuses
compressionserver. Whentheoptimizationcriterionis theend-to-enddelaythecostof a session: ; passing
througha server ? U is givenby W�X :�ZY�0: ; �),'Ni�@? ; AJ1�? U ���nNi�@? U 1�? ; CE�
whereNi�@? ; 1�?�o�� is thetransmissiondelaybetweennode ? ; andnode?%o . However, if theoptimizationcriterion
is thebandwidth consumptionthecostof session: ; passingthroughaserver ? U is given byW�X :�ZY�0: ; �),qp e ;Rr NK��? ; A%1�? U ����p ets�u�v Ni�@? U 1�? ; CE� (1)

whereNK��? ; 1j?�o�� is thehop-distancebetweennode? ; andnode?%o , and p e ;
r and p ews�u�v arethedatabandwidth
ratesinto andout of thecompressionserver, respectively. Onemaydefine N ;
r �@? ; 1j?�o��w,xp e ;Rr Ni�@? ; 1j?�o�� andN s�u�v ��? ; 1�?�o��),qp etsjuEv NK��? ; 1�?�of� andrewrite Equation (1) asW�X :�ZY�0: ; �),'N ;
r �@? ; AJ1�? U ���nN sju�v �@? U 1�? ; CE� (2)

This is thecaseof asymmetric costfunction to theserver. Note that thesameapplication is symmetricfor
onecriterion andasymmetricfor another.

While thecostsassociatedwith applicationsallow oneto determinebetterlocations for placinga server
for eachsession,the transparent serversaddotherconstraints,a routefor eachsession.So, for a unicast
session: ; ,l�@? ; A%1�? ; CE� , a route is givenas y ; ,lzE? ; Aw,{O ; Af1�O ; CJ1�DED�D�O ;B|~} _R� ,{? ; C%� . Theserver for thesession
is to beplacedon theroute.

4. Servers in Overlay Networks

In this section,we consideran overlay network whereindividual sessionscanbe configured with a server
dynamically. Theproblemis statedasfollows.

We assumethat thereis budget for
� ���{��� serversandgivena setof sessions.Thegoal is to find the

�
locations for theserversin thenetwork thatminimizethecostsinvolved with servingthesessions.Let W ; o be
thecostof servingsession� with aserver locatedatnode � . Whenthelengthof sessionroutesis usedfor the
cost,thecostis definedas W ; ow,{� ^3_R`GaGcd_ NK��? ; ` 1j?�of� . The W ; o valuescanbecalculatedefficiently afterrunning
anall-pairshortest-pathalgorithm. Now, let ��; o beavariableindicatingwhethersession� is usingaserverat
node� . Thefollowing 0-1 integerprogram(IP) solvestheserverplacement problemfor thesessions:

minimize ]c _ aG� ]o aV� W ; o �i; o (3)

subjectto (4)� �)H�9�1.]o aV� � ; o�, � (5)

]o aV��� o�� : (6)

� �)H�9�1 � ��H /��K; o � � o (7)� �)H�9�1 � ��H /��i; o 1 � o H z��T1E�%� (8)
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Solving this program is �I� -hard thus it is usually doneby relaxingcondition (8) andallowing the ��; o
indicators to take rationalvaluesbetween0 and1. Surprisingly, this integer programhasthe exact same
structureas the standard program for the

�
-median problem. Note that here,we have ��m 9tm�� ; o variables

insteadof � � variables which areusedin the original
�
-medianproblem. In the worst case,this is only a

factorof � morevariables.

Thus, resultsobtainedfor the
�
-median problemarealsovalid for our problem with proper adjustment.

Specifically, we canusethe � -approximation suggestedby Lin andVitter [20] which finds locations at the
costnotmorethan ���<���k� of theoptimal cost,but it might needafactorof upto ���<� � � �����
�t�����f� moreservice
centers.This is mostlikely thebestonecanhopeto achievefor the

�
-median problemif an � -approximation

is desiredfor thecost[4].

It is importanttonotethattheresultabovedoesnotassumesymmetryin thegraphdistances,i.e., Ni�@?);31j? o �
maybedifferentfrom Ni�@? o 1j?%;0� . In addition, theresultabove does not requirethetriangle inequalityto hold,
i.e., NK��?�;j1�? o � maybelargerthan NK��?<;31�?��%���INK��?��b1j? o � . Savageet al. [21] showedthat for about50%of the
routesin theInternetthereexistsotherroutesthrough someothernodewhich areshorter, or in otherwords,
50% of the routes in the Internet participatein sometrianglethat doesnot obey the triangleinequality. It
is worth mentioning that in mostcasestheinequality is not violatedby a largepercentage.If onewishesto
assumecostsymmetry andthatcostobey thetriangleinequality, betterapproximationsexist [4,19].

Also, it is important to note that our formulation above holds for all the other non-transparent cases
discussedin theintroductory partof thepaper. This includesasymmetriccosts,e.g.,differentcostfor end-
pointssuchastransmitterandreceiver in caseof bandwidth optimizationwith acompressionserver. (This is
not to beconfusedwith theasymmetriclink costmentioned in thepreviousparagraph.) For the two server
case,whenwe needto placetwo typesof serverssuchasanencoderanda decoder, we canuseanindicator
variable for eachserverpairandeachsessionandobtainthesameIP structure.

4.1. A simulation study

We generatednetworks basedon the newly discovered power-log law [10]. Our generator is basedon the
algorithm suggestedby Albert andBarabasi[1]. In all thegeneratednetwork we pickedtheparameterto be��� ,7��1 � , ��1@¡(, ��DR�G1j¢£,¤� . For eachinstancewe generated�E��� sessionsthatarerandomly generated
according to two models,where� is thenumberof nodesin thenetwork. In theuniformmodel, bothsession
endpoints wereselecteduniformly from thenetwork nodes. In theZipf model,we selectedoneend-point
uniformly andthe otheraccording to theZipf distribution (with parameter 0.8) which wasfound to reflect
betterthedistributionof serviceprovider, sayawebserver, in thenetwork [7]. Eachpoint in oursimulations
represents 10random sessiondistributionon threedifferentnetworks, totalof 30 runs.

As theservicemodel,we consideredunicastsessionswhich requiresoneserver. We setthesessioncost
metricto bethehopcount, i.e., for session:T;#,¤��?%;QAJ1j?%;RC�� thecostis given byW�X :�ZY�0: ; �),'Ni�@? ; AJ1�? U ���nNi�@? U 1�? ; CE�
Here, NK��OP1�?<� is thehopcount. Clearly, theoptimizationgoalis to minimizethetotal cost.

We simulatedthreealgorithms:1

¥ Random wherethe
�

sessionservers areplacedrandomly in thenetwork nodeswith evenprobability.¥ Greedy wherewe greedilyselectthe locationthat reducesthe total sessioncostthemost. We iterate
thisprocess

�
times.¥ 1-Greedy [17] wherewe first checkthebestlocations for two serverstogetherandthenat eachaddi-

tionalstepwecheckall thepossibilityto removeoneserverandaddtwo new.
1Wedid not simulatedtheapproximationalgorithm presented above dueto its high computational requirement.
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Figure3: Thecostasa function of thenumberof servers,in anetwork of 60nodes

¥ � -Approx [20] first convertsthe 0-1 integer program formulationinto a fractional linear programby
allowing fractional assignments of servers,andcomputesa solution. Secondly, usingthe fractional
server assignmentsandthevalueof � , it boundsthedistancebetweenasessionandaserver, andforms
a setcover problem wherethecover of eachsessionis definedasa setof servers satisfyingthebound.
Lastly, it appliesthegreedysetcoveralgorithmto thesetcover problemto obtain afinal setof servers.

In the first set of simulations,we measuredthe resultedcost as a function of the number of servers.
Figures2 and3 presentthecostfor networksof 300and60nodes,respectively. Thenumberof sessionswas
tentimesthenumberof nodes,andwe variedthenumber of servers,

�
. Thecostis normalizedsuchthat1.0

representsnodetoursdueto serverplacement. It is clearthatRandomis performingmuchworsethanGreedy
andis not a suitablecandidateasa placement algorithm. The differencebetweenGreedyand1-Greedyis
quite large for smallnetworksbut diminishes for largernetworks. For themirror placement problem Jamin
et al. [15] report almostno differencebetweenthesetwo algorithms(and2-Greedy, aswell) maybe because
they fail to look at smallernetworks. All algorithms demonstratea diminishing returncurve: for the first
serverswe gainmuchin performance but asthenumberof serversincreasesthis gaindiminishes.Thesame
phenomenawasobservedfor placement of mirrorsby Jaminetal. [15]. It is surprising, though, thatfor only
a smallnumber of servers,evenjust twelve,we alreadyimprove performance suchthatthedetouroverhead
is lessthan20%. We notethatthekneepoint wherethecostcurvesflattenis around 3-4%of thenumberof
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nodes.

It is clearfrom thefiguresthatunder theZipf distribution wegetmuchbetterimprovement thanwhenthe
sessionend-pointsareuniformly selected.Thishold for all threealgorithms.Thereasonfor this is thatwhen
oneend-point is selectedusingtheZipf distribution, by placingserversnearthefew nodesthatparticipatein
many sessions(say, popular websites),wegeta good coverof mostof thesessions.

In another setof simulations, we set the number of servers, § , to be a constantfactorof the network
sizeandvaried thenumber of nodesin thenetwork. Sincewe foundin figures2 and3 that the reasonable
cost-performance trade-off is around 3-4% we selected§ =0.03. The resultswherewe vary the number of
nodesbetween40and500aredepictedin Figure4. As before,thecostis normalizedsuchthat1.0represents
no detours dueto server placement. We canobserve herethat for all thetestedalgorithms theperformance
improveswith thenetwork size.This is because,thediameterof thesenetworks increaseslogarithmically [2]
with thenumberof nodeswhile weincreasethenumberof servers linearly. It is alsovisible,that1-Greedyis
improving performanceover Greedyquitesignificantlyevenfor the500node network.
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Finally we presentcomparisonof the � -Approx algorithmagainst the othermethods. Due to the com-
putational complexity of this algorithm we bring here(seeFigure5) simulationsfor rathersmall networks.
As canbeexpected,the � -Approx performsbetterfrom all the restfor bothuniform andZipf distributions.
For theZipf distribution thedifferencediminishesquickly, for aslittle as40 nodesit becomescloseto none;
for uniform distribution the gapremains evident in all thesimulatednetwork sizes.Figure6 comparesthe
number of servers placedby the � -Approx algorithm to thefixedbound

� ,«�TD
��� in otheralgorithms (Note
thattheapproximationmayplaceup to ��DF¬��R�­�@��� � servers).

Theincreasein thenumberof servers placedby the � -Approx for theZipf distribution for networks with
morethan40 nodesbecomesnegligible but so is thegaincompared to greedyin theperformance.For the
uniform distribution � -Approx placesmoresession-servers which might explain it performanceadvantage
over greedy. Thus, we concludethatthegreedy algorithmsaremore efficient andsimplerto implement and
seemto performcomparablyto � -Approx.

4.2. Extra constraints

We canincorporatein the IP formulation for placement problem described above additional constraintson
theindividual sessions.Thetwo mostpracticalareto limit themaximumincreasein thecostof a sessionor
to limit themaximum costfor any singlesession.This canbedone by filtering out all the �=; o variablesthat
violatetherequired condition. For example, to constraint theend-to-enddelayof asessionandassumingW ; o
represent delaywecansimplyaddacondition� �)H®9�10��H /�1 s.t. W ; o�¯I°h± �K; o ,²�

Of course, this type of formulation shouldbe usedonly if the constraint is not very restrictive. Too
restrictive constraintcanrendertheproblem unsolvable. In this case,oneshouldusedifferent formulation,
basedonsetcover, thatis presentedin Section6

5. Optimal placement of non-transparent servers on a line

WepresentedanIP formulationfor theserverplacement problemof overlaynetworksin theprevioussection.
Although it is anintractable problemfor generalnetworks,for whichwegavepractical heuristics,weshow in
thissectionanoptimalsolutionfor theoptimalserverplacement problemin thespecialcaseof line networks.

Considera line of � nodesnumberedfrom 0 to ���²� . Theinput is thesetof sessions: ; H³9 , suchthat: ; , �@? ; A%1�? ; CE� . A nodecanaccommodatebothasessionend-point andaserver.

Let ´�µ��[¶ s 1)¶Q;[� betheextra detour coston thesegment �@¶ s 1·¶Q;[� , wheretwo serversarelocatedat ¶ s , and¶Q; , andno server is locatedinsidethesegment. For �(�'�¹¸¤¶ s ¯ ¶Q;º¸¤� this costcanbeeasilycomputed
from theinput in ����� � m 9tm � :¥ A sessionwhosebothend-pointsareinsidethesegmentcontribute to thecosttheshortestdetourbe-

tweenoneof thesessionend-point andthesegmentedge. Thus,if we have ¶ s ¸ ?%;BA ¯ ?%;
C»¸¤¶Q; the
costof session:f; is givenby $�¼�½R�
zfNi�[¶ s 1�?%;QAY�Y1jNK��?%;
C�13¶Q;0��� .¥ A sessionthathasexactlyoneend-point insidethesegment is not detouredsinceit is servedby either¶ s or ¶�; .¥ A sessionthatcontains thesegment (whoseend-point areat bothsidesof thesegment)is alsoserved
by either ¶ s or ¶�; , andthusis notdetoured.¥ A sessionswhoseend-points areon eithersideof the segment is not detoured through the segment
since,in theworstcase,it canbeservedby theclosestof ¶ s and ¶@; . This sessiondoesnotcontributeto
thecostof detours in thissegments.
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C(l,3)

n-1 j 0

FC(l,j)

C(j,2)

l

no servers here

Figure7: Thedefinition of µ��
�G1 �­¾ � .
Thus,weonly needto consider in thecalculationof ´�µ��@¶ s 1�¶Q;0� sessionswhosebothendpointsareinsidethe
segment.

If ¶ s ,'���I� we assumein thecalculationthatnoserverexistsat node����� , andsimilarly if ¶�;#,q� we
assumeno server at node � . This is dueto theobservationthata solutionwith a server at node � cannotbe
betterthana solutionwith this server movedto node � , sincesessionsare,at least,onehoplong,andthusa
sessionthathasanend-pointat node � mustpassthrough or terminateat node � . Thesamereasoning works
for thelocationof a server at node �¹�I� .

We usedynamic programming to build an optimal solutionto a segment from the optimal solutionfor
shortersegments. Let µ��@¶ s 1 � ¾ � betheoverall extra-costof detours in thesegment ¿ ��1j¶ s3À , when

� ¾
serversare

locatedoptimally in it, while oneis forcedto beat ¶ s . Figure7 shows anexample of sucha segment.Note
that �®�I��¸I¶ s ¯ � , andwedonotneedto considerthecasewhere

� ¾ ¯ � .
The minimal extra cost for detoursis given by µ����n�Á��1 � �l��� , and what we seekis the location

of the
�

servers in this case. For the basecase,it is easyto seethat for all �Â� �*¸Ã¶»¸Ã$ , µ��[¶�1k$��»,¼�½R��ÄQÅiÄMÆ@Ç � ´�µ��@¶�13¶ ¾ �·�q´�µ��@¶ ¾ 13�G� . Note, that in the calculation of ´�µ��[¶ ¾ 1j�G� we assumeno server at node
0, thebasecasecalculationof µ��[¶�1k$�� indeedcalculatetheoptimalpositionof two servers,suchthatoneis
insidethesegmentandoneis at node ¶ . For

� ¾ ¯ $ , we have:

Claim 1 For
� ¾ ¯ $ and ¶ ¯ � ¾ ,

µ��@¶�1 � ¾ �), ¼�½
���ÇKÄMÆ[Å
��Æ@È � zfµ��[¶ ¾ 1 � ¾ ���f�­�*´�µ��[¶�1�¶ ¾ �k� (9)

Proof: Theoptimalplacement of
� �!� servers in thesegment ¿ �T1j¶#�'� À anda server at ¶ , musthave

the closestserver to ¶ be placedsomewhere in the segment ¿ ��1j¶P�q� À andthe restof the serversoptimally
distributedbetweenthis server andnode � . Therefore theoptimalcostis theminimum costof these¶�� �
cases.

Theorem 2 µ��@���I��1 � �²�f� is theoptimal costof placing
�

servers in theline ¿ ��1������ À .
Proof: Weshowedin claim1 abovethat µ��@¶�1 � ¾ � positionoptimally

� ¾
serversis thesegment ¿ �T1j¶ À . The

calculationof ´�µ������É��1�¶[� , assumeno server at location ���É� thusapplying claim 1 for µ������É��1 � �!�f�
will resultis placingonly

�
servers,hencethetheoremholds.
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Thealgorithm now is straightforward: first calculateµ��@¶�13$G� for � �!��¸¤¶t¸«$ . Next for each¶ ¾ ¯ $
compute µ��[¶ ¾ 1 � ¾ � , for all

� ¸ � ¾ ¯ $ . Thecomplexity of this algorithmsis ���@� � m 9tm � to compute the ´�µ��0�
values,and ����� � g � � to compute µ��@¶ ¾ 1 � ¾ � . Thusoverall, thealgorithmcomplexity is ���@� � m 9tm � . 2

This formulationcanalsobeusedto improve thedynamicprogrammingof thecachelocationproblem
suggestedby Krishnanet al. [17] from ���@��Ê � � to ���@� � � � .
6. Transparent Servers

For servicenetworks with transparent servers,we havea stronger constraint on theserver locations:aserver
hasto belocatedon theroute of everysession.Thustherouting shouldbepartof theinput for this problem,
andwhatwe seekis a minimum numberof serverssatisfyingtheconstraint. This approachfor solving the
server placement problem canalsobe applied to the situationwhenthe main goal of an applicationis to
guaranteestrongconstraints or qualityof servicesto their sessions,e.g., end-to-enddelay.

We formulatebothproblems asa setcover problem. Given a network graph +Ã,Ë�0/)1324� anda setof
sessions9 , we definea sessioncover : W ; for eachnode ? ; H{/ asthe setof sessionsin 9 , suchthat the
corresponding node ? ; satisfiestheconstraints of thesessionsin : W ; . In caseof the transparentservers, : W ;
contains thesessionswhoserouteincludethenode ?
; . For theapplicationswith per-sessionconstraint, : W ;
contains thesessionswhoseconstraintcanbeaccommodatedby thenode?P; . Notethattheconstraint canbe
determinedin thesamemethodasthe WYX :EZ metricwasdefinedin Section3.

By selectinga setof sessioncovers µ suchthat Ì c U _da�Í : W ;w,Î9 , we find a setof locations thatsatisfy
the constraintof all the sessionin 9 . The goal of our problem is to minimize the set µ , thusminimize
the number of servers. This is an instanceof the set cover problem. Although it is �I� -complete there
aregoodandsimpleapproximationsthat arepracticalin the context of networks. Johnson[16] showed a�·�*�R��� approximationto thegeneralproblem. Theapproximationis achievedby a greedyalgorithm which
startswith a maximal cover for a group of elementsandsuccessively addsremaining maximal covers for the
uncoveredelements.This approximationcannot be improved even if we know an upper bound on the set
size[11].

6.1. Simulation results

We generatedthenetworks asdescribedin Section4.1, andtheroutes wereselectedto beshortestpaths. We
simulatedthefollowing algorithms

¥ Random: Whereat eachiterationa server is placedrandomly in the network nodes that arepart of
somesessionroute, with even probability. Oncea sessionis covered, its routeis removed from the
sessionpool,to avoid selectionof a node dueto a sessionwhich is alreadycovered.¥ End-point Placement (EPP): We find thesessionendpoint which is mostfrequently usedandplace
thefirst serverat thatnode. We removeall thesessionthatwerecovered,andrepeatiteratively.¥ Greedy [16]: Wherewe greedily selectthelocationthatoptimizestheincreaseof thecover, thealgo-
rithm appears in [24].¥ 1-Greedy [17]: Wherewe first pick thebesttwo locationsandthenat eachadditional stepwe check
all thepossibilityto removeoneserver andaddtwo new.

Figure 8 shows how the number of servers found by the algorithms vary asa function of the network
size.Unlike with theoverlaynetwork case,herethedifferencebetweenGreedyand1-Greedy arenegligible
to non-existent.For bothsessionselectionprocesses,thenumberof serversrequired growssub-linearly with

2Notethat if Ï Ð­Ï�Ñ»Ò thereis a trivial solution, thusthelack of a ÓtÔ3Õ termin thecomplexity



13

0

50

100

150

200

250

0 100 200 300 400 500

N
um

be
r 

of
 s

es
si

on
 s

er
ve

rs

Ö

Number of nodes(n)

Transparent servers

0-greedy/uniform
1-greedy/uniform

0-greedy/zipf
1-greedy/zipf

randomized/uniform
randomized/zipf

end point placement/uniform
end point placement/zipf

Figure8: The number of sessionservers asa function of the network andsessionsizefor the greedy, the
end-point placement andtherandomizedalgorithms

thenumberof nodes.Randomfailsmiserablyandrequiresabouthalf of thenodesto beservers. Heretoo,the
Zipf distribution requireslessservers, about half for Greedy. For theZipf distribution, EPPperformsvery
closeto GreedyandmuchbetterthanRandom while for theuniform distributionEPP is only slightly better
thanRandom.

Wealsosimulatedthesessioncoverproblemfor per-sessionconstraintusingthesameservicemodel with
a stretchfactorconstraintonsessionhopdistance.Formally, theconstraintcanbestatedas

WYX :EZY�[:�;0� �É× 8�NK��?%;QAf1j?%;RCf�
where × is a stretchfactor. Note, that for this constraint the transparent locationproblem is a specialcase
where× ,7� . We set × to be1.5for oursimulationandtheresultis shown in Figure9. Comparing thecurves
for Greedyand1-Greedy in Figure8 andFigure9(a)we seethatwe needlessserversfor × ,l�GD ¬ sincethe
constraint is relaxed. Figure9(b) shows how the numberof required serverschangeswith × for a network
of 300nodes.Thelarge decreaseat × ,x�GD ¬ and × , $ aresincewe usedminimum hopasour costandthe
average sessionlengthfor thetestednetwork was2.

Figure 9(c) shows theratio of thecover costwhere × ,Ø��DF¬ to thecostwhere × ,Ø� . Interestingly, the
additional overheadfrom relaxing theconstraint of theserver placement is minuscule, lessthan1%, while
thegainin reducing thenumber of servers is noticeable(about 20%in Fig. 9(b)).

7. Concluding Remarks

We note,that in our formulationwe did not consider theprocessingdelayat theservers. This wasomitted
sinceit is constantandthusdoesnot effect the locationproblems. However, in somecaseswe needto take
this into account, e.g.,whenwe definea stretchfactoron thedelay, oneneeds to addtheprocessingdelayto
thecalculationof WYX :EZ .

Another issuewe did not touchedin this paperis theloadon theservers. For example, onecanaddthe
constraint � ; aG� �i; o �IÙ to theoptimizationproblemof Eq.(3) to limit themaximum loadof any serverbyÙ .

Tosummarize,thiswork is thefirst to identify theimportanceof thelocationproblemsfor sessionservers.
We formulize two differentclassesof this problem andidentify many extensions. We presentedapproxima-
tions,heuristics,andexactsolutionsto severalvariantsof theproblem,andsimulatedsomeof them.
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Several architectureshave beenproposedfor deploying anddynamically configuring servicesin active
networks [23] and active services[3]. Placingservicesor servers is a critical issueparticularly in such
networks,which shouldbenefitthemostfrom our work. We alsobelieve thatthereis moreroom for further
researchin thisarea.
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