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Abstract

Overlay networks arebecominga popularvehiclefor deploying advancednetwork servicesin the

Internet. Overlay networks are implementedby deploying servicenodesat suitably chosensites in

the network. Servicenodescommunicatewith usersthroughthe commodityInternet,while among

themselves,they mayuseeitherthecommodityInternetor dedicatedchannels.Thenumberof distinct

servicenodeshasabig influenceon theoperationalcostof anoverlaynetwork; meanwhile,thedistance

betweenservicenodesandendusershasa big influenceon thequality of theservice.In this paper, we

studytheproblemof how to optimallyplaceservicenodesin anetwork, balancingtheneedto minimize

the numberof nodes,while limiting the distancebetweenusersandservicenodes.We show that the

designproblemis NP-hardandstudy the performanceof heuristicalgorithmsusing simulation. For

singledomain,ouralgorithmsproduceresultsthatarewithin a few percentof aneasilycomputedlower

bound.For multi-domainnetworks,theperformancerangesfrom closeto theoptimal to roughly twice

theoptimal.
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1 Intr oduction

As theexplosive growth of theInternetcontinues,serviceprovidersarepushingmorenetwork functionsto-

wardsthenetwork edgesto reduceclientaccesslatency andachievebetterscalability. Thisdistributedserver
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modelis oftenreferredto asoverlaynetwork, sinceserversform anoverlayof unicastconnectionsto cooper-

ateandcommunicateamongthemselves.Contentproviders,suchasAkamai[1] andiBeam[12] areamong

thefirst to deploy anoverlaynetwork of contentdistribution servers. Newer value-addedservicessuchas

ActiveNetworks,alsoadopttheoverlaynetwork approach.In anoverlaynetwork, boththecommunication

channelsbetweenservers andclientsandamongservers are throughthe commodityInternet. However,

while theserver-to-server pathscanbeexplicitly provisionedto carry thetraffic, theresourcemanagement

andreservationon theclient accesspathsarefar morecostlyandaretypically not done.Consequently, the

qualityof theservicesaredeterminedlargely by network locationsof deployedservers.

The currentInternethasthousandsof ISPs. In order to serve moreclients,servers areplacedstrate-

gically at the peeringpointsof thesenetworks to interconnectwith asmany ISPsaspossible. However,

operatingandmaintainingthesedistributedserversrepresentsa majorcostfor serviceprovidersandlimits

thenumberof serversthatcanbedeployed. Additionally, asthenumberof serversgrows large,thecostof

interconnectingtheseserversfor dataandstatesynchronizationalsoincreases.

In this paper, we attemptto answerthe following questions:Givenmultiple networksand their inter-

connections,howmanyservers are neededandwhere to locatethem,so that serviceproviders canensure

servicequalitiesto all clients.Theimpositionof theservicequalityconstraintsonserver to clientpathsis an

importantaspectof this server placementproblem,aswe envision that it is essentialfor thenewer network

servicesto achieve betterservicequality in orderto attractandretaincustomers.The measureof service

quality variesfrom applicationto application,it canbe delayfor real-timeapplications,or bandwidthfor

contentdistribution applications,or acombinationof both.Within anISPnetwork, theserviceprovider can

estimatetheseservicequalityparametersfor agivenclient to apotentialserver locationbasedontheclient’s

network accesstechnologyandthecapacitiesof the internalroutingpaths.Acrossthe ISPdomains,such

estimationis achievable if networks cooperateandexplicitly indicatein the routing messagesthepeering

pathtaken by thegiven destination.Togetherwith the inter-domainandthe intra-domainestimations,the

providerscanthenestimatetheparameters.Thesemechanismsarevariationsof QoSroutingmechanisms:

insteadof routingpacketsontoa paththathasthedesiredresources,we estimatetheresourceson a known

path. Thedetailsof thesemechanismsarebeyond thescopeof this paper, herebywe assumethatwe can

decidein advancewhetheror not a specificserver canprovide a given client with theguaranteedservice.

In this paper, we will simply usethenetwork distancebetweena client anda server to make thedecision,

however, ourmethodscanapplyto any genericmetrics.
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To answerthe above question,we transformthe placementproblemto the setcover problem[3] and

solve it usingboth linear programming(LP) relaxationandgreedyheuristics. Briefly, an instanceof the

set cover problemis that given a baseset of elementsand a family of setsthat are subsetsof the base

set,find the minimum numberof setssuchthat their union includesall elementsin the baseset. The set

cover problemmapsfrom the server placementproblemasfollows: the baseelementsetcontainsall the

network locations,which arethe locationsof network edgeroutersrepresentingtheaggregationof clients

for a given network; A set representsa potentialserver placementat one of the network locationsand

its elementsareall othernetwork locationsthat arewithin the servicerangefrom the server. By solving

the setcover problem,we find the minimum numberof serversandtheir locations,that cover all clients

within the servicerange. In this paper, we will only considerthe uncapacitatedversionof the setcover

problem,wheretheserversdo not have capacitylimits andcanserve asmany clientsaspossible.We think

this uncapacitatedversionis adequatesinceit is typically cheaperto buy morebandwidthat onelocation

thanto install a separateserver. Thesetcover problemis NP-Hard[16] andhasworstcaseapproximation

ratio of �������
	���
 [7]. Using simulation,we show that our combinedroundingtechniquesand a simple

pruningalgorithmapproachthelower boundvery closely;in fact,it reachesthelower boundfor a number

of network configurations.Meanwhile,thegreedyheuristicalsoprovidesgoodperformancein all instances

with significantlylesscomputationcomplexity.

Wealsovarytheproblemtoallow primaryandbackupservers.A primaryserverprovidestheguaranteed

serviceto clients,while abackupserver is allowedto provideareducedlevel of servicequalityandfunctions

only whentheprimaryfails. Sincemoreserversarequalifiedto functionasbackups,we canachieve better

servicereliability with only aslight increaseon thetotalnumberof servers.

Oneimportantaspectof our studyis the network modelingusedin our simulation. Existing network

modelingtools, suchasGT-ITM [25] andTiers [5], cangeneratehierarchicalnetwork graphswith prob-

abilistic network interconnections,however, they do not explicitly modelthegeographicallocationof the

networks. In ourmodel,weconsiderthepotentialof co-locatedserverswhichcanaccessmultiplenetworks

from thesamegeographicallocation;thismirrorsthebehavior of co-locationserviceprovidersin thecurrent

Internet. Therefore,whentwo network nodesof differentnetworks arewithin a geographicalvicinity, an

installationof server at this locationcanserviceclients,whoarewithin theservicerange,in bothnetworks.

Weshow thattheseco-locationscanreducea largenumberof requiredservers,sincethey canavoid detours

throughthenetwork peeringpointsandprovide shortcutsfrom onenetwork to another.
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The restof the paperis organizedasfollows: in Section2, we discusssomeof the relatedwork; we

describethetwo network modelsusedin oursimulationin Section3; Section4 introduceourmethodsusing

LP-relaxationandthegreedyheuristic;Wepresentsimulationresultsin Section5 andconcludein Section6.

2 RelatedWork

Theapplicationof thesetcover problemin network designhastwo variants:the facility locationproblem

andthe � -medianproblem.Thefacility locationproblemminimizesthejoint costof server installationand

thecostof connectingeachclient to its designatedserver. This problemhasbeenappliedto designingand

placingnetwork concentrators.The � -medianproblemminimizesthecostof connectionsbetweenclients

andservers underthe constraintthat no more than � servers canbe used. Both problemsareNP-Hard.

The bestknown approximationalgorithmscanachieve constantratio [8, 14,21], if the connectioncost is

symmetricandsatisfiestriangleinequality. For arbitrarycost,theworstcaseboundis �������
	���
 . However,

neitherof theproblemscanbeapplieddirectly to thedesignof overlaynetworks,sincein theoverlaymodel

thecommunicationchannelsbetweenclientsandserversareover thecommodityInternetanddo not incur

any costto serviceproviders. Rather, themajor costis thenumberof serversneededto serviceall clients

andtheaccessbandwidthrequiredateachserver’s network interface.

Our modelof server placementmorecloselyresemblesthesetcover problem.Theclassicgreedyalgo-

rithm for solvingsetcover problem[15,17] achievesan �������
	���
 performanceratio. In geometricspaces,

theproblemis easier. In [11], Hochbaumproposeda shifting strategy thatgivesan ����������
 performance

ratio. Unfortunately, the interconnectionsbetweennetworksdictatethat thenetwork propagationdelayno

longerexhibits thegeometricpropertiesof distance.

References[18,19] studiedthe problemof placingcachereplicasin the network andformulatedit as

the � -medianproblem: given a specificnumberof servers, what is the bestplacementthat achieves the

highestaverageservicelevel to clients,whereservicelevel is indicatedby accessdelay from a client to

its nearestreplica. In [18], Qiu et al. proposedseveral placementstrategies including: a greedystrategy

that incrementallyplacesreplicasto achieve highestservicequality; a hot-spotstrategy thatplacesreplicas

nearthe clients that generatethe greatestload. In [19], the authorsalsoproposeda max degreestrategy

by placingreplicasin decreasingorderof nodes’degrees. By simulatingover several syntheticandreal

network graphs,they concludedthatthegreedystrategy performsremarkablywell, achieving within 1.1 to
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1.5of thelowerbound.

Our approachto network designis from a differentangle. We aremore interestedin examining the

necessarycost, in this casethe numberof servers, if we want to provide all clientsa guaranteedservice.

This givesserviceprovidersinsight into therelationof network costandtheachievableservicequality, on

which they canmake further adjustmentto reflect their revenuestream,suchaseliminatingservers that

only serve smallnumbersof clients. Contrarily, thework in [18,19] seeksto optimizetheaverageservice

quality which masksthe numberof unhappy customers.Additionally, the performanceof our approach,

which is thenumberof requiredservers,is not susceptibleto thecostmetricof connectionpaths,sincewe

only useit to categorizeclientsasserviceableor not by a server; while theirsis achievedfor a specificcost

metric,namelytheaccessdelay. Sincetheconnectioncostmetricdependsheavily on theapplication,it is

questionableif thesameratiocouldbeachievedwith adifferentmetric.

Anotherdifferenceis that we modelthenetwork geographicallyandconsiderserver co-locations.As

networks overlapgeographically, the numberof potentialserver locationsis muchfewer in numberthan

the numberof network nodesneedto be considered.In [18,19], they usednetwork graphsconsistingof

tensof thousandsnodesfor router-level graphsandthousandsof nodesfor AS-level graphs.Consequently,

theoptimalalgorithmbasedon LP relaxationis too expensive for their models.We think consideringthe

geographicallocationsof serversis areasonableapproachgiventhevastpresencesof co-locationproviders.

Thereducedproblemsizeenablesustosolveit moreoptimally. In Section5,wecomparetheperformanceof

ouralgorithmbothwith co-locationandwithout,andshow thatwith co-locationwe canreducethenumber

of requiredserversto approximatelyhalf of thatwith no network co-locations.

3 Network Models

It is a difficult task to model the Internetin a credibleway, sinceit requiresa large amountof informa-

tion from thousandsof network providers, mostof which arenot willing to fully disclosetheir network

information. Earlier, topologygeneratorssuchas the GT-ITM [25] andTiers [5] createnetwork graphs

with hierarchiesandprobabilisticconnectivities. Recentstudyfrom [6] shows thatseveralnetwork parame-

ters,suchasdegreedistribution, exhibit power-law propertiesinsteadof stronghierarchies.This spursnew

topologygeneratorssuchasBRITE [2] andInet [13] to generategraphswith power law basednodedegree

distribution. Furthermore,studyfrom [22] shows that thesepower-law basedgeneratorsseemto produce
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network structuresmorerepresentative of the Internet. However, the authorsconcedethat suchsimilarity

dependslargely on thecomparisonmetric,amongwhich thereareno clearindicationasthebestto charac-

terizetheInternet.Additionally, therealnetwork informationobtainedfrom theBGProutingtablesplusthe

mappingfrom IP addressesto AS domains,arestill far from completeto representtheInternet.

Giventhesedifficulties,we think it is betterto modelthenetwork with variationsonnetwork properties

usingsimplenetwork structures.Thisalsohastheadvantageof allowing usto examinetherelationbetween

network parametersandthe result;comparatively the Internetwould be too complex a structureto extract

any suchinsight.

Wethereforemodelthenetworksusingtwo typesof graphs:randomgraphsandgeographicgraphs.The

latterconsistsof network nodeslocatedat the50 largestUS metropolitanareas.For inter-domainnetwork

connectivities, we specify a set of parametersto determinethe location and densityof network peering

points. For intra-domainnetwork connectivities, as ISPsare not willing to disclosefully their network

topology, we have to assumethat they areableto engineerandoperatetheir own networkswith little or no

congestioninternallysothatthedelaybetweenroutersaredominatedby propagationdelay. Consequently,

wemodeltheintra-domainnetwork asacompletegraph.Weusethe“hot-potato”routingpolicy at theinter-

domainlevel, which minimizesthenumberof network domainscrossed.Hence,traffic destinedto another

domainis alwayspipedto the nearestpeeringpointsfrom the originatortowardsthe destinationdomain.

Althoughsuchpolicy doesnot resultin thebestglobalroutes,it is widely usedby thecurrentinter-domain

routingprotocol: theBorderGatewayProtocol(BGP)[20].

We realizeour settingsmaynot bevery realistic,however, we arenot awareof any informationthatal-

lowsusto modelgeographicallytheAS-levelaswell astherouter-level networks.TheNetgeotool [23] from

CAIDA is probablytheclosesttool trying to resolve this issue.It extractsinformationfrom thewhois [9]

databaseandattemptsto mapInternethostsaccordingto their domainnames.But it is not clearto what

extentthis methodis accurateespeciallywhenlargeIP addressblock canbeassignedto a singleentity and

thereis thepossibleinconsistency betweenwhoisdatabases.Additionally, it is alsonot possibleto deter-

mineall thelocationsof network peeringpointsasmany ISPshave privatepeeringlinks in additionto their

point of presenceat thepublicpeeringpointssuchasat theMAEs andNAPs.Wedetailour settingsfor the

two modelsbelow andsummarizetheparametersin Table1.
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Parameters Interpretations

� network sizeas# of nodes
scale sizeof thenetwork graph���

probabilityof acity in anetwork
TX
�

interconnectionprobabilitybetweentwo networks
TX���! �#" scopeof a region for network interconnections
TX$%� interconnectiondensity
vicinity maximumdistancebetweenco-locatednodes

Table1: Parametersfor GeneratingNetwork Graphs

RandomGraph

In therandomgraphmodel,networksoverlapeachotheronthesamegeometricspace,whosesizeis defined

by thescaleparameter. Thenumberof nodesin eachnetwork is uniformly drawn from theinterval on [min,

max]. Wedividethenetwork into fixedsizeof regionsaccordingto theparameterTX�&�! �#" ; nodesin different

networks are allowed to peerwith eachother only if they are in the sameregion. The interconnection

probability TX
�

decidesif a pair of networks interconnect;we chooseTX
�

basedon the sizeof the two

networks:

TX
�('*)�+#,.- /10&/32465�7

where�98 and �;: arenumberof nodesin thetwo networks,
)

and < arethescaleandshapeof theprobability

distribution, respectively.

If two networks interconnect,we randomlyselecta numberof regionsto interconnectaccordingto the

interconnectiondensityTX$%� . If therearemultiple nodesfrom eachnetwork in thesameregion, we select

theclosestpair of nodesaspeers;if a region is selected,but oneof thenetwork doesnot have any nodein

thatregion, we chooseanotherregion until we metthepeeringdensitycriterion,or we have consideredall

regions. We allow co-locationnodesif nodesfrom differentnetworks arein a geometricvicinity of each

other. A server placedataco-locationcansendtraffic to all thesenetworkswith noadditionalcost.

GeographicGraph

In thegeographicmodel,we usethe50 largestmetropolitanareas[24] asnodelocations.We thendivide

theUS continentinto 5 regions: northeast,north-central,southeast,south-centralandwest,andcategorize

nodesinto eachregion with certainamountof overlap. AppendixA lists the categorizationof the metro

areas.Unlike therandomgraphmodelwhereall networkssharethesamegeometricspace,thegeographic
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model consistsof two typesof networks: regional networks andnationalnetworks. Eachcity joins the

network with probability
� �

: theselectionof nodesfor aregionalnetwork considersonly nodesthatbelong

to that region; while a nationalnetwork considersall 50 cities. As before,we useTX
�

to decideif two

networks will interconnect,however, TX
�

could bedifferentdependson the typeof the two networks, for

example,two nationalnetworkswill have TX
�(' � , sincethey arealmostalwaysinterconnected;while two

regionalnetworksarelesslikely to peerwith eachotherdirectly but to transitthrougha nationalnetwork.

Weallow interconnectionsonly if two network nodesarein thesamecity, asbefore,we useTX$%� to decide

thenumberof peeringpointsof two networks.

4 Formal Definitions and the Algorithms

Givenour network modelsandroutingpolicy, we cancomputea routingtablefor eachnode = andthecost

of eachroutingpath >
�?=A@&BC
 , which is thesummationof hopdistancesalongthepath. For eachnode = , we

computea set D which includesall the nodesreachablefrom = within the routing distanceof E . If = has

co-locationnodes,then the set D also includesall nodesreachablefrom eachof theseco-locationnodes

within distanceE . Let D 8 @FD : @HGHGHG1@FD.I beall thesetscomputed.An integerprogrammingformulationof the

setcover problemis:

Objective: minimize
IJ
KML 8ON

K (1)

Subjectto:
IJ
KFL 8QPCR

K
N
KTS � for = ' �9GHGHG%� (2)

N
K(UWV1X @#�ZY

whereN
K is theselectionvariableof D K , PCR

K is 1 if = U D K and0 otherwise.

A variationof theproblemis to allow oneprimaryandonebackupserver to covereachnode.A backup

server cancover twice the distanceof the primary server. Let [ 8 @�[ : @HGHGHG#@�[6I be all the backupsets,and\
R
K ' � if = U [ K and0 otherwise.Theobjective hereis still to minimize thenumberof selectedsetsbut

with theadditionalconstraintsof:

IJ
KFL 8

\
R
K
N
K(S^] for = ' �9GHGHG%� (3)
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Sinceall nodesin the primary set arealso in the backupsetcenteredat the sameserver,
\
R
K ' � if

P R
K ' � ; but we cannot have a primary server alsoservicethe samenodeas the backupserver — the

constraintin (3) ensurestheselectionof adifferentserver asthebackup.

4.1 LP Relaxation-basedMethods

The above formulationcanbe approximatedby first solving the LP relaxationof the problemoptimally

andthenroundingthefractionalvaluesto integers.TheLP relaxationof theproblemis to allow theselec-

tion variablesN
K to take fractionalvaluesbetween_ X @#�M` . The LP relaxationcanbe solved in polynomial

time andthe roundingcanbe donein ���?��
 . Reference[10] introduceda roundingalgorithmwhich is a

a -approximationalgorithm,where a 'cb�dZe
R
VZf K P R

K Y is the maximumnumberof setscovering an ele-

ment. Although this worst caseresult is not very promising,we aremore interestedin the averagecase

performance.Wereferto theroundingalgorithmin [10] asthefixed-rounding(FR)algorithm:

Step1: solve theLP relaxationof theproblemandlet V N
gK Y betheoptimalsolution;

Step2: outputsetsV D Kih N
gK S 8� Y .

The intermediatesolutionfor theLP relaxationnaturallyprovidesa lower bound
' f K N

gK for theset

coverproblem,sincethefractionalsolutionis anoptimalsolutionandtheLP relaxationis asupersetof the

setcover problem.Wewill usethis lower boundto comparethealgorithmperformancein oursimulations.

We have alsodevisedan incremental-rounding(IR) algorithmthat imposesmorerestrictedruleswhile

selectingsetsbasedon thevalueof N
gK . Whenever we selecta set,we remove all theelementsthat satisfy

thecoveringconstraintin (2) dueto thenewly selectedset.Let j denotetheunionof all elementscovered

after eachstep. For the remaininguncoveredelementsin a set D K , we computea K 'kb�dZe
R
VZf K PCR

K Y for

= U D Kml j . We selecta setif its selectionvariableis greaterthantheinverseof a K ; to breakties,we select

thesetthathasthelargestnumberof remaininguncoverednodes.

Step1: solve theLP relaxationof theproblemandlet V N
gK Y betheoptimalsolution;

Step2: selectset D K suchthat:

2(a) D K hasthelargestnumberof uncoveredelements;

2(b) N
gK S 8�%n ;

Step3: repeatstep2 until all elementsarecovered.

The correctnessof the algorithmholds; sincefor eachuncoverednode,at leastonesethaving N
gK S

8f nCoFp n and a KqSrf K PCR
K . By selectingall setswhosevaluesatisfies2(b), we guaranteeto cover all the
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nodes.Furthermore,sincea K is non-increasingin eachrepetitionand a Kts a , thesetselectioncriterionis

morerestrictthanthatin theFR algorithm,which in turn reducesthenumberof setsselected.Althoughthe

worst caseboundis the samefor both algorithms,we observe from our simulationsthat the IR algorithm

typically performsmuchbetterthantheFR algorithm.

An alternative to thetie-breakrule in 2(a)is to selectthesetwith thegreatestN
gK value,sincethelarger

thevalueof theselectionvariable,themore“essential”thesetmaybe. For example,if a nodeis covered

by asingleset,thentheselectionvariableof this setmustbe1 andthesetmustbeselected.However, most

of our simulationsshow that rule 2(a) generallyperformsbetterthanthis alternative rule. Oneplausible

explanationis thatrule2(a)is moreobjective in attemptingto includeasmany uncoverednodesaspossible,

while thealternative rulefirst selectsthosemore“essential”sets,whichmaynot containmany nodes.

It is easyto seethatbothof thealgorithmscanstill have redundantsetsin thefinal solution. To prune

theseextrasets,we useasimplepruningalgorithmasthefinal stepto completethesetselection:

Step1: sortall selectedsetsin increasingorderof setsize;

Step2: startingfrom the smallestset,checkif it canbe removed without leaving any of its

nodesuncovered.

Step3: repeatStep2 until all setsarechecked.

4.2 GreedyHeuristics

A greedyalgorithmis usuallyattractive dueto its simplicity. In [15,17], JohnsonandLovászintroduceda

greedyalgorithmfor thesetcoverproblemwith an �������
	���
 approximationratio. Thebasicgreedyattribute

of thealgorithmis to selecta setat every stepthatcontainsthemaximumnumberof uncoveredelements.

For the backupproblemvariance,we extendon that modelby treatingany nodethat hasnot satisfiedthe

constraintsof (2) and(3) asequallyuncovered.At eachstep,we selecta setthathasthe largestremaining

uncoverednodesandrepeattill thereareno moreuncoverednodes.

4.3 Comparison of the FR, IR and the GreedyAlgorithms

Wefirst compareour incrementalrounding(IR) algorithmwith thefixedrounding(FR)algorithmproposed

in [10] andwith thegreedyalgorithm.Theresultsarefurthercomparedwith thelowerboundobtainedasthe

optimalsolutionfrom theLP methods.TheLP solver we used,is calledPCx[4] which is aninterior-point

basedlinearprogrammingpackage.
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We usea simple setupto investigatethe relative performanceof thesealgorithms. The underlying

network graphis a single graphof randomlydistributed nodeson a 100 by 100 unit length map. The

servicerangeof a server is 20 units. Ideally, if nodesareperfectlypositioned,this will give a solutionofu 8&vwvx v�y{z u 8&vwvx v�y '}|
selectedserversregardlessof thenodedensity. Thelower boundwe obtainedis indeed

not far from theidealandstaysconstantwith theincreaseof thenodedensityasshown in Figure1.
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Figure1: Comparisonof theFR, IR andtheGreedyAlgorithms

We show theperformanceof theroundingalgorithmswith andwithout thepruningroutinein Figure1.

As expected,theFR algorithmperformsbadlywith the increaseof nodedensity, sincethe largestnumber

of setscovering a nodea , alsoincreaseswith nodedensitywhich makestheselectioncriterion lessstrict.

Ontheotherhand,theIR algorithmalwaysis theclosestto thelowerbound.TheFRalgorithmdoesbenefit

greatly from the pruning routine, achieving performancecloserto the lower bound,and is only slightly

worsethantheIR algorithm,but betterthanthegreedyalgorithm.This relative performanceholdsfor other

settingswe have tried aswell. In therestof thepaper, we will mainly focuson theIR algorithmto evaluate

theplacementmethodsin morecomplicatednetwork configurations.

5 Simulation Results

It is mostchallengingto selecta representative setof simulationsthat demonstratethe relationsbetween

the methodologies,the configurationsand the results,given the vast numberof parameters.In order to

concentrateon a few aspectswhich we consideredinteresting,we have mostly usedsmall and uniform
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settingsin the simulationspresentedin this section. We do not claim our network modelscaptureall the

fundamentalcharacteristicsof theInternet,but we hopetherandomnetworksandthegeographicnetworks

representsomedegreeof variancesthatallow usto examinethebehavior of our methodology. Throughout

the section,readersare referredto Table 1 for the interpretationsof the parameters.Unlessotherwise

mentioned,we usethefollowing default parametervalues:therandomgraphscaleis 100by 100units; the

probabilityof network interconnectionis 1.0for bothnetwork configurations;theregionsizeis 10unitsand

theco-locationvicinity is two units in therandomgraph;theprobabilityof includingcities in theregional

networksis 0.6and0.8for nationalnetworksin thegeographicnetworks.

5.1 SingleNetwork

We first presentresultson a singlenetwork for both the randomgraphandthe geographicalgraph. We

performsimulationonthefollowing threescenarios:(a) � ' � , whenonly oneprimaryserver is requiredto

covereachnode;(b) � ' � andwith onebackupserver; (c) � ' � with relaxationonserverto clientdistance.

Thelastscenariois to allow remoteclient to connectto its nearestserver, eventhedistancebetweenthemis

over thethreshold.This allows serviceprovidersto bemorecosteffective andnot to install serversjust for

a few remotelylocatednodes.Therelaxationis doneby includingevery nodein at least � server sets.That

is, if a nodedoesnot have enoughnumberof serversfrom theinitial transformationdueto its location,we

includeit in thenext few nearestservers’ setstill we reach� servers.Theresultsfor therandomgraphis the

averageover10runs,while theresultfor thegeographicgraphis from asinglerun,sincethenodelocations

areall fixed.
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Figure2: VariationonServer ServiceRange
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Figure2 shows thenumberof requiredserverswhenvaryingservicerange.In general,boththeIR and

thegreedyalgorithmperformscloselywith thelowerbound.
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Figure3: Variationon DifferentServiceRequirement

Figure3 shows theperformanceagainstthedifferentservicerequirements.Thebackupserver rangeis

twice that of the primary server for both networks. It shows that the additionof the backupserversonly

increasesthe numberof total servers slightly. The servicerangerelaxationis also effective in reducing

numberof servers to about55% and 75% of the original number, with � '��
and � '��

respectively.

However, the relaxationis usefulonly whenthe servicerangeis small. In Figure3, the servicerangeis

10 units and400km in the two network configurations,which coversabout7% and8% of themaximum

distancein their respective networks. If we doubletheservicerange,we find that the relaxationbecomes

irrelevant sinceeachnodeis likely includedin multiple setsalready. Table2 shows the averagenodeto

server distancewith andwithout theservicerangerelaxation.Sincetheremaybemultiple serverscovering

a node,we selecttheclosestserver whencomputingthedistance.Theresultsfor the randomgraphis the

worstcaseamong10 runs.

RandomGraph(unit) GeographicGraph(km)
range= 10 range= 400km

mean std. max mean std. max
� ' X 4.94 3.74 9.83 167.49 140.11 398.79
� '*�

6.30 4.47 14.82 259.78 222.65 1013.42
� '*�

8.45 5.56 25.36 304.69 238.59 1114.78

Table2: AverageClient to Server distance
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5.2 Multiple Networks

In this section,we studythe relationsbetweenserver placementandthedensityof network peeringlinks.

We refer to “peeringlinks” asboth the peeringandtransitrelationshipbetweentwo ISPs. As theselinks

aggregateandtransporttraffic from onedomainto another, their limited capacitiescontributesignificantly

to theuserexperiencednetwork congestion.Additionally, thesenetwork exchangepointsmaylocateoff the

optimalpath,resultinglongerandmorecircuitousroutes.Oneway to circumvent thesecongestionpoints

is to useco-locationservices,whereserverscanaccessmultiple networks andcanroutetraffic directly to

thesenetworkswithout goingthroughtheexchangepoints. We demonstratetherelative performancewith

andwithout server co-locationsin Figure4.
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range= 800km

Figure4: Variationon Network PeeringDensity

Peering RandomNetwork GeographicNetwork
Density 5 networks,100nodespernetwork 5 regional,1 nationalnetwork, total96 nodes

total links co-location no co-location total links co-location noco-location
0.2 83.05 22.16% 38.77% 11.6 17.24% 80.17%
0.4 158.05 23.28% 37.52% 18.9 10.05% 82.54%
0.6 238.60 21.42% 38.98% 27.4 6.20% 82.48%
0.8 317.75 22.19% 35.22% 36.3 8.82% 90.36%
1.0 410.1 21.24% 35.94% 45.2 7.30% 96.90%

Table3: Numberof PeeringLinks In Use
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For this simulation,we usetwo network configurations:oneis 5 randomgraphs,theotheris thegeo-

graphicnetworksconsistingof 5 regionalnetworksand1 nationalnetwork. Hereafter, we will usetheterm

m-n to denotethe geographicnetworks consistingof � regional networks and � nationalnetworks. We

useTX
��' � , so every pair of networks arealwaysinterconnected,unlessthey do not have any common

presencesin any of the peeringregions. The x-axis in Figure4 decidesthenumberof peeringregionsof

two networks. For randomgraph,a region is a fixedsizegrid dividing thetotal graphscale;from a peering

region, we selecta closestpair of nodesto interconnect.For geographicgraph,a region is a metropolitan

area.

Figure4 showsthenumberof requiredserversfor thelowerboundwith co-locationandtheIR algorithm

with andwithout co-location.Theco-locationservicereducesthenumberof requiredserversby asmuch

as50%whenpeeringis sparse.Thegeographicgraphappearsto bemoresensitive to thepeeringdensity,

asthe performanceof IR no co-locationapproachesthe lower boundwhenpeeringdensityapproaches1.

This is due to that the peeringlink is “cheaper”in a geographicnetwork than in a randomnetwork. In

thegeographicnetwork, two networkspeeronly if they bothhave presencesin thesamemetropolitanarea,

which resultsthedelayon thepeeringlink to be0. Contrarily, thepeeringlink hasa positive delayin the

randomgraphswhichaddsto theserver to clientdelay. Additionally, the“hot-potato”routingpolicy always

selectsthe closestpeeringlink ratherthanthe onewith the lowestdelay. Thesecombinedeffectsshows

thatunlesspeeringcanguaranteea high level of quality, merelyincreasethepeeringdensitydoesnot help

reducingtheclientaccessdelay. Table3 summarizesthenumberof links usedin thetwo scenarios.

Figure5 shows therelative performanceratioof theIR algorithm,with andwithoutco-location,against

thelower bound.Wevariedthenumberof randomnetworksas2, 5 and10 andusedtwo configurationsfor

thegeographicnetworks: 5-1and0-2. Theresultsaremostlyconsistentwith thatin Figure4. Additionally,

it suggeststhat on the randomnetworks, the performanceof non co-locatedserversworsensmuchmore

with theincreaseof thenumberof networks,ascomparedto theperformanceof co-locatedservers.

5.3 Server Load

Throughoutthispaper, weassumedthatthecostof installingandoperatingaseparateserver faroutweights

the costof buying morebandwidthat a location. In fact, in orderto be morecosteffective, we aremore

interestedin how underutilized a server canbe, that is what is the lowest fraction of clientsserved by a

singleserver.
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Figure5: Relative PerformanceRatioAgainstLowerBound

Figure6 showstheaverageandminimalserver loaddistributionundertheIR algorithmwith co-location.

As expected,theaverageserver load increaseswith the increaseof servicerange.The loaddistribution is

moreevenon therandomnetworksthanon thegeographicnetworksdueto thedifferentnodedistribution:

thegeographicnetworkshave significantlyhighernodedensityon theeastsidethanon thewestside.

However, the minimal load doesnot lift as much for both networks. It is easierto understandthis

effect in the geographicnetworks, sincea few metropolitanareas,suchasSeattleandPortland,aremore

segregatedfrom therestof theareas.Consequently, it requiresat leastoneserver to cover andonly cover

thesetwo areas.Although it is lessobviously to be so in the randomnetworks, it seemstherearealways

a small numberof nodesthatareparticularlyfurtheraway from the restof thegroup. Thecurveslabeled

� '��
indicatestheaverageandminimal fractionof clientsservedby a singleserver whenwe enforceeach

nodeto beincludedin at least5 server sets.Theincreaseof theminimal server loadfrom therelaxationis

morevisible in thegeographicnetworksthanin therandomnetworks.

5.4 Computation Complexity

Althoughlinearprogrammingmethodsarewidely practicedin areassuchasoperationalresearchandman-

agement,its applicationin network designis lessprevalent. This oftenattributesto its complexity andits

lack of scalabilityto solve largeprobleminstances.Theserver placementproblemin overlaynetworks,on

theotherhand,generallyhasinstancesof smallersizes,roughlyon theorderof hundreds,dueto theheavy
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Figure6: Characteristicsof Server Load

geographicalaggregationof client representations.In thissection,wequantifythecomputationtimefor the

IR algorithmandcompareit with thegreedyalgorithm.Theimplementationof thegreedyalgorithmis not

optimizedbut it providesusabasicideaof thecomputationintensitywith thevarianceon instancesizes.

We ran thesimulationover threenetwork configurationsfor eachtypeof graphs.Thenetwork config-

urationsarechosento beof small,mediumandlarge instancesizes,in termsof numberof network nodes.

Thelargestinstancesizeis beyondtherangeof whatweconsideredaspotentialserver locationsfor overlay

networks,nevertheless,we presentit to characterizethealgorithmcomplexity.

Table 4 summarizesthe running time of the algorithms,which includesthe solving time of the IR

algorithmor thegreedyalgorithmandthetime for thepruningroutine.In general,theIR algorithmis very

time consumingespeciallyfor largeinstancesizes.This is particularlytruefor thegeographicnetworks,as

thetime of thegreedyalgorithmincreasesonly slightly from net25-5 to net250-10,while thetime of the

IR algorithmgrows muchfaster. Oneexplanationis that,whenthereis co-location,thenumberof setsis

fixedat50,onefor eachmetroarea,but thesetsizechangeswith thenumberof network nodes.In thiscase,

thegreedyalgorithmis ableto eliminatea large numberof nodesfor eachselectedsets,while for theLP

methods,it doesnot takesuchprogressive approach,resultingin atremendousamountof computationtime.

Throughoutour simulations,thegreedyalgorithmalwaysrequiresabout5% to 15%moreserversthan

that of the IR algorithm. Thoughthis maybetolerablein somecases,it could representa large sumof

additionalserver cost.On theotherhand,theIR algorithm,althoughnotassimpleasthegreedyalgorithm,
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RandomGraph GeographicGraph
net1 net10 net50 net5-1 net25-5 net250-10

Avg. nodes 100 567 2978 87 430 2652
IR 0.08 1.85 468.75 0.06 1.00 428.14
Greedy 0.01 0.83 18.39 0.01 0.02 0.10

Table4: ComputationTimeof theIR andGreedyAlgorithms(secs)

cansolve up to a reasonableproblemsizewithoutbeingoverwhelminglytimeconsuming.Therefore,when

conductinginfrequentnetwork designprocesses,theIR algorithmhastheultimateadvantageof costsavings.

6 Conclusions

We have presenteda server placementmethodin overlaynetworksasanapplicationof thesetcover prob-

lem. Theplacementsatisfiesconstraintson theserver to client paths,which indicatetheachievableservice

qualitiesalongthepath.Weexpectthatnetwork provisioningfor qualityof servicebecomesmorecommon

asthe Internetcontinuesto grow; andsuchan automatedmethodologyis useful for serviceproviders to

analyzethepotentialcostof network provisioning.

We solved the set cover problemusing methodsbasedon linear programmingrelaxationas well as

greedyheuristics.Wealsopresentedanincrementalintegerroundingalgorithmfor theLP-relaxationbased

method. Our network settingsmodelexplicitly the presenceof co-locationservices,which have become

increasinglypopularfor businesscorporationsto out sourcetheir dataservers. Our resultsindicateco-

locationcansaveupto 50%of theserver installationcost.Wealsopresentedvarianceof thesimplesetcover

problemto allow backupserversandto allow distancerelaxation.Thesevariancesbringsopportunitiesto

provide morecosteffective services.Throughsimulation,we studiedthebehavior of thealgorithmsunder

variousnetwork settingsandobserved the implication of network peeringdensityand the characteristics

of server load distributions. Although, LP-relaxationbasedmethodsare traditionally consideredas too

expensive and complex to solve any practicalproblems,we find that it is suitableand effective for our

overlaynetwork modelsandresultsin betterperformancethanthatof thegreedyalgorithm.
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A GeographicCategorizationof Metr opolitan Ar eas

Regionnorth central[17] = ”Chicago,IL”, ”Detroit, MI”, ”Cleveland,OH”,
”Minneapolis,MN”, ”St. Louis,MO”, ”Denver, CO”,
”Cincinnati,OH”, ”KansasCity, MO”, ”Mil waukee,WI”,
”Indianapolis,IN”, ”Columbus,OH”, ”Salt Lake City, UT”,
”Nashville,TN”, ”Memphis,TN”, ”OklahomaCity, OK”,
”GrandRapids,MI”, ”Louisville, KY” ;

Regionnorth east[21]= ”New York, NY”, ”Chicago,IL”, ”Washington,DC”,
”Philadelphia,PA”, ”Boston,MA”, ”Detroit, MI”,
”Cleveland,OH”, ”Pittsburgh, PA”, ”Cincinnati,OH”
”Mil waukee,WI”, ”V irginia Beach,VA” ”Indianapolis,IN”,
”Columbus,OH”, ”Charlotte,NC”, ”Greensboro,NC”,
”Buffalo,NY”, ”Hartford, CT”, ”Providence,RI”,
”Rochester, NY”, ”Raleigh,NC”, ”Richmond,VA” ;

Regionwest[10]= ”Los Angeles,CA”, ”SanFrancisco,CA”, ”Seattle,WA”,
”Phoenix,AZ”, ”SanDiego,CA”, ”Denver, CO”,
”Portland,OR”, ”Sacramento,CA”, ”Las Vegas,NV”,
”Salt Lake City, UT”;

Regionsouth central[12] = ”Dallas,TX”, ”Houston,TX”, ”Atlanta, GA”,
”Phoenix,AZ”, ”St. Louis,MO”, ”KansasCity, MO”,
”SanAntonio,TX”, ”New Orleans,LA”, ”Nashville,TN”,
”Austin, TX”, ”Memphis,TN”, ”OklahomaCity, OK”;

Regionsouth east[15]= ”Atlanta, GA”, ”Miami, FL”, ”St. Petersburg, FL”,
”V irginia Beach,VA”, ”Orlando,FL”, ”Charlotte,NC”,
”New Orleans,LA”, ”Greensboro,NC”, ”Nashville,TN”,
”Memphis,TN”, ”Raleigh,NC”, ”Jacksonville, FL”,
”WestPalmBeach,FL”, ”Louisville, KY”, ”Richmond,VA”;
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