An Investigation of Inter-Domain
Control Aggregation Procedures

RuteSofia
RochGuérin
PedroVeiga

DI-FCUL TR-02-8

July 2002

Departamentale Informatica
Faculdadele CiénciasdaUniversidadede Lisboa

CampoGrande 1749-016d.isboa
Portual

Technicalreportsareavailableatht t p: / / www. di . fc. ul . pt/tech-reports. Thefiles
arestoredin PDF, with thereportnumberasfilename.Alternatively, reportsareavailableby
postfrom theabove address.






An Investigationof Interr-DomainControl Aggregation Procedures
RuteSofid" RochGuérirf? PedroVeigd®

Abstract

CurrentQuality of Servicemodelssuchasthoseembodiedin the DifferentiatedServicesproposalsyely on datapathag-
gregationto achieve scalability Datapathaggr@ationbundlesinto a single aggrggatemultiple individual flows with the same
quality requirementshencedecreasingheamountof statethatneedgo bekeptalongapath.A similar scalabilityconcerrexists
on the control path, wherethe staterequiredto accountfor individual resenationsneedsto be minimized. Therehave beena
numberof proposalsaaimedat control pathaggreation,andthe goal of this reportis to expandon theseworksin anattemptto
gainabetterunderstandingf thevariousparametershatinfluencethe efficiencgy of differentapproachedn particular we focus
oninter-domaincontrolaggre@ation,andcomparean AutonomousSystem(AS) sink-treebasedapproactwith severalexamples
of a sharedAS seggmentbasedapproach.The comparisoris donein termsof the amountof statethatis kept, both within a
givenAS, aswell asatedgerouters.The comparisoris carriedout primarily throughsimulations put we alsodevelop a simple
analyticalmodelfor a basicAS configurationwhich providesadditionalinsightinto the impactof differentparametersn the
efficiengy of eachapproachOur maincontritutionsarein providing a greaterunderstandingnto the designof efficient control
pathaggregyationmethods.

|. INTRODUCTION

DatapathQuality of Service(QoS)issuesareby now reasonablyvell understoodanda numberof differentalternatves
have beenproposedandinvestigatedge.g., Integrated ServicegIntSery [4] and DifferentiatedServiceqDiffSery[9], each
representing differenttrade-of in termsof capabilityandscalability However, thesameunderstandings notreally available
whenit comesto control pathissues. The control path consistsprimarily of mechanismdor reservingand maintaining
the necessarylatapath resourcesas embodiedin proposalssuchas Internet StreamingProtocol (SFIl) [2] and Resouce
ReservatiorProtocol (RSVR[5], with the latter being the currentsolution of choicefor mostnew IP services. The main
concernwith theseproposalss their scalability speciallywhenthinking of interdomainlinks that are expectedto carry a
large volumeof individual resenationrequests.

Our mainmotivationis, therefore to gaina betterperspectie into the scalabilityof variouscontrolmechanismsandtheir
ability to handlelargeresenationvolumes.We focuson inter-domaincontrol resenations,aswe expectthemto bethe most
stressfulin termsof scalability Our approachs not so muchto proposea specificmechanismbput insteadto try to gaina
basicunderstandingf factorsand parametershat affect the scalability of inter-domaincontrol resenation mechanismsin
particular we focuson evaluatingvariousaggregationtechniqueshatattemptto minimizetheamountof stateandprocessing
dueto resourceesenationoninter-domainlinks. Someof thebasicquestionsnvolvedarehow, whenandwhereto aggreyate
individual resenationrequests.To gatherinformationabouta pathandsincewe are consideringnter-domainaggregation,
we rely on substantiainformation provided by the Border Gatewvay Protocol (BGP)[13], the currentdynamicsolutionfor
inter-domaininformationexchange.

Thereare several possiblecriteria that canbe usedto decidehow to aggrejateresenation requeston links connecting
differentrouting domainsor AutonomousSystemgAS’s). Aggregationcan,for example,be doneon the basisof a single
sharedAS hop, or on the basisof a sharedAS path segment,or simply be basedon having the samedestinationAS, as
proposedn [3]. Thesedifferentoptionstranslatento differentamountsof statebeingmaintainedat differentlocationsin the
network. In general stateneedso be keptfor eachindividual resenationat all aggreyationanddeaggreationpoints,while
stateis keptfor aggrejateresenationsat all the intermediatdnter-domainlinks they traverse.Hence the goal of a scalable
solutionis to minimize the overall amountof resenation statein the network, aswell asthe amountof resenation statethat
ary routerneed€o maintain.

In additionto the amountof resenation stateneededa scalablesolution shouldalso take into accountprocessingand
signalingrequirementsgnsuringthat both are kept as low as possible. A relatedfactoris the bandwidthefficiency of a
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solution, andin particularhow often the bandwidthallocatedto an aggregateresenation is updated. Ideally, bandwidth
shouldbeupdatedafterevery changedo theindividualresenationsof anaggreyate.This would ensureghatonly the minimum
possibleamountwould be allocated,but mostlikely translatinginto a significantsignalingload. Alternatively, bandwidth
allocationcould be updatedessfrequentlyto minimize signalingoverhead However, this could affect network efficiency by
providing someaggrayateresenationswith morebandwidththanthey really need potentiallypreventingothersfrom getting
thebandwidththey require.

All of the above representssuesthat needto be explored,andcarryingout sucha comprehensie investigationis clearly
beyondthe scopeof a singledocument.In this report,we concentraten the aspectof stateoptimizationand considertwo
representatie familiesof possiblealgorithms.Thefirst onemakesaggreyationdecisionson the basisof sharedAS sink-trees,
while the secondrelieson sharedAS pathsegments. We consideralgorithmsthat belongto eachfamily, and evaluatetheir
costin termsof the amountof statethey requirebothatthe AS level andat edgerouters.

The remainderof the reportis organizedasfollows: Section2 coversrelatedwork. Section3 presentsontrol aggreya-
tion issuesanddefinitions. Section4 describegshe two aggreyationapproachesinderconsiderationand presentsa simple
analyticalmodelfor computingthe amountof staterequiredby the several candidatealgorithms.Section4 is devotedto the
evaluationof the performancef thealgorithmsby meanof simulations Finally, Section5 summarizegindingsandoutlines
futurework.

Il. RELATED WORK

Guérinetal.[6] presentisurey of possibleapproacheto aggrgateRSVPrequestassuminginicastscenariogandcover
ing issuesuchasRSVPstatemanagemerdndpathcharacterizationThe surwey proposesheuseof aggregationtunnelsi.e.,
pipesbetweerentryandexit pointsof a definedaggregationregion, i.e., a cloud of routerswhereregularRSVPmessageare
ignored.A similar approactis followedby Bersonetal.[8]. They considerunicastandmulticastscenariosfocusingalsoon
RSVPaggreyationwithin anaggreyationregion. Thesetwo approacheareconcernedvith RSVPscalability: RSVPrequires
all therouterson the pathof anindividual resenationto maintainstatededicatedo thatresenation. Theresultingamountof
statecanbe overwhelmingespeciallyfor backboneoutersthatmayhave to supportalarge numberof simultaneousequests.
The two proposalgeducethe amountof stateby aggreyatingindividual requestsnsidean aggrayationregion. However, in
bothproposalsanaggrayationregionis typically synorymouswith anAutonomousSystemj.e.,ingressandegressoutersare
entryandexit pointsfor the AS, respectiely. As aresult,neitherconsiderghe problemof inter-domaincontrolaggreyation,
whichis thefocusof this paper

Panetal.[3] wasthe first work to explicitly considerthe problemof interdomainaggreyation,for which it introducedan
inter-domainsignalingprotocol, the Border Gatevay ReservatiorProtocol (BGRP).BGRP aggreatescontrol information
by meming requestghat have the samedestinationAS For eachresenation, BGRP sendsa pair of controlmessagealong
the paththatanaggregatewill follow to reachits destinatioraccordingto BGPrules,i.e., asink-tree On eachAS alongthe
path,edgerouterskeepinformationregardingthe treeeachindividual resenationbelongsto, its sink or root, andtheamount
of bandwidthto resene for the tree. Using a treehasthe advantageof avoiding intermediatedeaggregationpoints i.e., AS’s
betweersourceanddestinationwhereindividual resenationsneedto be regeneratedHence deaggrgationtakesplaceonly
at the destinationAS. Pan et al. shav that BGRP hasgood performancevhencomparedwvith RSVP without aggreyation.
However, BGRP was not comparedo other possibleaggrejationmethods. Hence,assessingts effectivenessasan inter-
domainsolutionremainsan openquestion. Answeringsucha questionandexploring the spaceof possibleapproachets one
of the motivationsof our work.

I1l. INTER-DOMAIN CONTROL AGGREGATION DEFINITIONS AND TERMINOLOGY

In this sectionwe introducesometerminologyandconceptselatedwith inte-domaincontrolaggreyationthatwill beused
in the next sections.Throughoutthe documentwe considerthat an aggregationregion or aggregation domainis identified
with an AS. An ingressrouter is a routerplacedat the boundary(edge) of an AS, crossedy traffic thatentersthe AS. An
egressrouteris arouterplacedattheboundaryof anAS, crossedy traffic thatexits the AS. An aggregaterepresentga group
of requestsvhich canbetreatedasa singlerequesty edgeroutersin the path,sincethey have similar QoS properties.For
instance requestgyoing to the samedestinationcanbe groupedtogetherandtreated,in termsof stateandprocessingasa
singlerequest.An aggrejateis namedoriginating if it startsin the currentAS; it is namedendingif it endsin the current
AS, having thereforeto bedeaggrgated;t is namedransientif it is just passingoy thecurrentAS. Consequentlyaggrejates
arecharacterizedty their startingandendingAS’s. An aggregatoris a processn chageof processingandpossiblymemging



requestasthey leave an AS, hencepositionedat egressrouters. A deaggregator is a procesdn chage of splitting ending
aggrejatesinto requestshencepositionedat ingressrouters. Merging of aggrejatestakesplacewhenaggregatesthat share
a segmentof the pathcrossa meming point, asexemplifiedby Fig.1(a). Hence,a meging point is an egressrouterwhere
aggregjatescomingfrom differentingresspointscanbe merged. Suchis the caseof aggreyatesAl andA2 in Fig.1(a), that
will be megedoriginatingA3. A branching point is an ingressrouterwherearriving aggrejatedinformationwill be split,
dueto the necessityof having to follow different paths,thus crossingdifferentegressrouters,as exemplified by Fig. 1 (b).
Intra-domainlinks are connectionsdbetweennetworking elementsinside an AS, while inter-domainlinks are connections
betweemneighboringASs. An AShoprepresentaninter-domainhop. An ASj is downsteamof an ASi if it is betweeni
andadestinationAS; AS j is upstieamof ASi if it is betweera sourceAS andi . First-level aggreyation,happensvhenan
aggreatebundlestogetherindividual requests Multi-level aggreyationoccurswhenan aggreyateof level [ containsat least
anaggreateof level [ — 1.

Merging Point Branching Point

/—N
' A3=AL+A2
ASL =W
AL=A2+AS
— S
/ K/ﬁ A3

(a) Merging point (b) Branchingpoint

Fig.1. (a)MergingPoint: aggrgatesAl andA2 enteringAS1 throughdifferentingresspointswill be meigedtogetherforming asingleaggrgate,A3; (b)
Branchingpoint: aggrgateAl enteringAS1will have to besplitinto aggrgatesA2 andA3, sincetheseaggrgateswill follow differentpaths

Let's now consideithe network scenaridllustratedby Fig. 2, whereeachcirclerepresentanAS, andA’sandD’s (placedat
edgerouters)represenaggreatorsanddeaggrgatorsrespectiely. To simplify visualization let’s considerthattraffic flows
only from left to right. In reality, eachedgeroutercanbeseenasbothaningressandegresspoint, sincelinks arebidirectional.
Coreroutersandintra-domainsignalingmechanismsareignored,sincethis studyis aboutinte-domainaggreyation.

Let'sconsideithatA in AS 1 recevesresenationrequestérom
two sources,Src; and Sreg, goingto Dst; and Dsts in AS 5,
respectiely. Let's supposehatA in AS 1 decidesto aggreyate
thesetwo requestdasedon their commondestinationAS. Thus,
A will sendanaggreyate(Al) to the correspondingleaggrgator
D in AS 5 (greenarraws). In termsof resourcesequestedlong
the path, this aggrejaterepresentshe sum of the bandwidthof
eachindividualrequestjn termsof stateit canbe seemasasingle
request.

If therequests acceptedlongthe path,edgeroutersalongthe
pathmaintaininformation (state)aboutAl. Along the AS path,
theremightbemorerequestsnemgedinto thistransientaggreyate.
Suchis the caseof therequessentby Srcg in AS 3to Dsts in AS 5.

Merging of requestsesultsin loweringthe stateneededo be keptalongthe path: the built e routr
aggrejateis transmittecbetweerthefirst aggreyatorandthe lastdeaggrgator, andindividual
requestare“hidden” from intermediateouters.

Resenration requestgequireresourcesvhen enteringand leaving an AS. Hence,stateis
keptat every A andD. We considerthata requestwhetherindividual or aggreate,occupies
oneunit of state:if z requestsare mappedinto 1 aggrejateat an A, correspondingtateis Fig-3. Stateatanedgerouter
z + 1 units;whenanaggreatethatcontainse requestss deaggrgatedata D, thestateoccupieds 1 + z ; if anaggreyateis
transientjt requires2 unitsof stateperA andperD.

Fig. 3 illustrateswherestateis maintainedat anedgerouter: accountings donefor incomingandoutgoingrequests.

Fig.2. Genericmodelrepresentation

Incoming, | Outgoing, O
—_—
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Averagestate(), for anedgerouteri in anAS is givenby Eq.1, wherel; representstatedueto incomingresenationsand
O; dueto outgoingresenations.

Qi=1I;+ O; (1)

Correspondinglythe averagestatefor anAS m, Sy, (EQ.2) is simply obtainedoy summingthe stateof its n edgerouters.

Sm=>Y_ Qi €
=0

Both S,, and@; arerelevantperformancemeasuregor a givenaggreationscheme.Trackingthe amountof stateat the
AS level givesan overall measureof performancewhile trackingit at the level of routerscanhelpidentify variationsin the
amountof statethatindividual routersarerequiredto maintain.For example,anaggreationschemecouldachie/e alow AS
level amountof stateby having stateconcentratedta few routers.

In the next section,we usea simpleanalyticalmodelto explain stateaccountingfor the two aggreyationapproachesnd
the severalaggreyationalgorithms derivedfrom theseapproaches.

IV. AGGREGATION APPROACHES AND ALGORITHMS

To describeandcomparethe aggreyationapproachesye usethe genericaggreationscenaridllustratedin Fig.4, where
AS’s 1 to P represensourceAS’sandP + K + 1 to P + K + N destinationAS’s. BetweensourceanddestinationAS’s,
thereis a sgmentwith K AS’s. RI represent&nedgerouterin chage of ingressoperationsj.e., possibledeaggregation.
RE representanedgerouterin chage of egressoperationsi.e., aggreyation.

For easeof understandingand visualization,traffic flows only from left to
right. We assumehateachof the sourceAS’s wantsto establishY” individual
resenationswith eachof the destinationAS’s and so, the averageamountof
requestss Y x P x N. In the selectedopology all pathshave asizeof K + 1
AS hops,whereK is avariablethatcanbesetto reflectatypical AS hopcount,
e.g.,basedon a given AS pathsizedistribution. To obtainrealistic valuesfor
K, we usethevaluescollectedby Telstra[11] andpresentedn [10]. This data
Fig.4. InterDomainAggregationScenario is basedon BGP measurementsbtainedirom five majoroperatorsn 2001and
gatheredrom atotal of 60978AS. Amongotherfacts,it shovs thatthe currentmaximumAS pathhasa sizeof 10 AS’s. So,
K islessthanor equalto nine AS’s, sincethe biggestpathin our scenarichaskK + 1 AS’s.

In Fig.4, accountingof statediffers asa function of an AS location. AS’s 1 to NV keepstaterelatedonly with outgoing
resenations(individualandaggregate).AS's P + K + 1 to P + K + N, which aredestinationAS’s, keepstatedueonly to

incomingresenations.Stateaccountingor AS's P + 1 to P + K is morecomplex anddepend®ntheaggreationapproach
used.

A. Sink-TeeASBasedAppmoach

Fig.5 displaysan example of stateaccountingfor the scenarioof Fig.4 when using a sink-treeAS basedaggreyation
approachasproposedn BGRP Requestareaggreatedon the basisof their destinationAS, sothatthe resultingaggreyate
is in the form of a sink-treewhoseroot is the destinatiorAS. In otherwords,all requestsvith acommondestinationAS are
mappeddntothe sametree,independentiypf their sourceAS.

SinceeachsourceAS is generatingy individual resenationsfor eachdestinationAS, we have Y x N individual requests
persourceAS. Also, eachsourceAS creates\ aggrejatespbecausaggreationis basedn destinatiomrAS’s. Thereforethere
is atotal of P x N aggre@atesenteringAS P + 1. At this AS, meming of the P x N aggr@atestakesplacebasedon their
respectie destinationAS, which resultsin atotal of N outgoingaggreyates.Deaggrgationoccursonly at destinationAS’s,
whereincomingaggreyjatesaredeaggreatednto individual resenationrequests.

Tah | detailsstatekeptin eachAS, shaving unitsbothingressandegressrouters,andEq.3 givesthe global statecountfor
asink-treeaggreationapproachn this particularscenario.

Sy = PN(2Y +4) +4NK — 2N ©)



PN Aggregates
N Aggregates 3

YN Requests ___

lAgg@v -=  YP Requests
s /

@ N Aggregate: 'H
T e TN
YN Requests ---= @ 1 Aggregate = YP Requests

N Aggregates

Fig.5. Exampleof accountingor thesink-treeapproach

TABLE |
GLOBAL STATE FOR THE SINK-TREE APPROACH

AS 1 () P P+l P+2 () P+K | P+K+1 () P+K+N
Ingress (IN,OUT) - - - NPNP | NN | NN | NN 1,YP 1,YP 1,YP
Egress(IN,0UT) YN, N YN, N YNN NP, N NN | NN [ ONN

Total (DN | (Y*DN | (Y+DN | 3NP+N aN 4N 4N YP+1 YP+1 YP+1

B. ShaedASS@mentBasedAppoach

In this approachaggreyationdecisionsare madebasedon the existenceof a sharedAS pathsegmentbetweeran existing
aggregjateanda new resenation. In contrastthe sink-treeapproactrequiresa sharedsggmentthatextendsall theway to the
destinationAS. In the sharedsegmentapproachaggrejatesaremergedonly if they sharethe sameend-pointbut resenation
requestsanbeassignedo ary aggregyatewith anendingpointupstreanof theirdestinatiomAS. If no suchaggreyateexists,a
new oneis createdhaving anend-pointupstreanof the destinatiorAS of therequestij.e., thenew aggrejatedoesnotneedto
extendall theway to thedestinatiorAS. Themotivationfor suchflexibility is thatshorteraggreyatesmayaccommodatenore
easilyadditionalfuturerequestsOur expectations thatby aggreyatingresenationrequestshatonly sharea segmentof their
path,we canminimize global stateto be maintained.The reverseside of this processds thatit canresultin having multiple
deaggregationpointsfor eachrequestindthus,globalstateincreasesln contrastjn the sink-treeapproachndividualrequests
requireonly onedeaggreationpoint atthe destinatiorAS thatrootedthe sink-tree.Our goalis to exploreif properselection
of the sharedsggmentsizecanleadto a solutionwith betterperformancdhanasink-tree.

Deaggregation

P Aggregates

AAQKegaIe ! 1 1Aggregate > YP Requests

e 1 Aggregate l
/ A \
YN Requests @ ' > YP Requests

YN Requests =

1 Aggregate 1 Aggregate

Fig.6. Exampleof accountingor the sharedsegmentapproach

Fig.6 exemplifiesaccountingor the scenaridllustratedin Fig.4 (a), whenAS P + K is the chosendeaggreationpoint.
Notethatthisis the obviouschoicein this particularexample but thatmorecomplex configurationsnaynotyield suchaclear
choice.Tah Il shavstheamountof statemaintainedn eachAS whenusingthe sharedsegmentapproachwhile Eq.4 gives
globalstate,S;.

Sy = AYPN + 4P 4 2N + 4K — 6 4)



TABLE Il
GLOBAL STATE FOR THE SHARED SEGMENT APPROACH

AS 1 (o) P P+1 P+2 (o) P+K P+K+1 (o) P+K+N
Ingress (IN,OUT) - - - PP 1,1 1,1 1,YPN 1, YP 1, YP 1, YP
Egress(IN,0UT) YN, 1 YN, 1 YN,1 P1 11 11 YPN, N

Total YN+1 YN+1 YN+1 3P+1 4 4 2YPN+N+1 YP+1 YP+1 YP+1

ComparingEqg.3 and Eq.4 by varying the numberof sourcesdestinationsand alsothe valueof K, we canseethatthe
performancef boththe sink-treeandthe sharedsegmentapproachesxperiencewariations.We alsoseethatthe numberof
individual requestgersourceAS, Y, hasmoreimpacton stateequationS, thanon S;. This meanghatthe sharedsegment
approachs likely to be moresensitve to theintensityof individual requestshanthe sink-treeapproach.

In orderto understangbossiblevariationsandalsoexplorehow to chooseanoptimaldeaggrgationpoint, we introducenext
two algorithmsbasednthe sharedsggmentapproachandcomparehemwith a sink-treebasedalgorithm,namely BGRP

BiggestPossibleShaed Seggment(BPS): This algorithmis triggeredeachtime a new resenation requestarrives. It then
checkswhetheror notanadequataggreyateexists. By adequateve meanthattheaggreyatehasto havein commonwith the
requesi sggmentwith a pre-determinedize. For instancejf arequeshasonly oneAS hopin commonwith the aggreyate,
thenaggreyatingthemmight bring only a smalladvantage.ln casetherearemultiple possibleaggreyates BPSlooks for the

onewith thebestsize,i.e., asizethatminimizesthe costof deaggrgation.
Choosinganaggreyateis, therefore madebasedon the Maxi-

NG mum SharedSggment(MaxS)sharedwith therequestlt hasalso
Request Y1 to take into consideratiorthe Minimum SurplusSegment(MinS),

\ which correspondgo the remainingpath segmentfrom the end
pointof thechoseraggreyateto thedestinatiomAS of therequest.

Fig.7 displaysa diagramwith MaxSandMinS segments. It illus-

M nS tratesan individual request,Y1, originatingin AS 2 andending

in AS 6, thathasa possibleaggreyatecandidateAl. Al startsin

Fig.7. Sharedsggmentpathsizefor BPS AS 1 andendsin AS 5, threehopsaheadof AS 2. MaxSis the

segmentbetweerAS 2 andAS 5. MinS is thesgmentfrom AS 5to AS 6.

TABLE Il
VALUES OF MAXS, MINS

Request Path Size (RPS) <5 >=5,<=10 >10
MaxS 0.8« RPS 0.7« RPS 0.6 *x RPS
MinS 0.2+ RPS 0.3« RPS 0.4« RPS

Valuesfor MaxSandMinS areshowvn in Tah lll. They werechoserhaving in mind a typical pathsizebasedon the path
distribution mentionedn SectionV. If thereis no aggregatewith the requiredcharacteristicsa new oneis createdwith a
sizeequalto MaxS.Tah IV detailsstatekeptperAS whenusingBPSin the context of thetopologyof Fig.4. Thevalueof K

BPS STATEPER AS
AS 1 () P P+1 () Deaggregator, D () P+K+1 () P+K+N
Ingress (IN,OUT) - - - PP 11 1,YPN N, N 1,YP 1, YP 1,YP
Egress(IN,OUT) YN, 1 YN, 1 N,1 P1 11 YPN,N N, N
Total YN+1 YN+1 N+1 3P+1 4 2YPN+N+1 4*N YP+1 YP+1 YP+1

determineshelocationof AS D , wheretheintermediatedeaggrgatoris placed.For 1 < K < 9, Eq.5 givesthepositionof



ASD.

_ P+X4+1,K+1<5
D_{P+%+2,5§K+1510 ®)

Accordingto Eq.5, thereareonly two deaggrgationlocations: AS D andthe destination.But asindicatedin Eq.6, the
total amountof stateSs variesbasedn the positionof D relative to thedestinationAS'’s.

g — 4YPN +4P —2N +2NK +2K -2, K+1<5 ©)
87\ 4YPN +4P —-8N +2NK +2K +4,5< K +1<10

BPS hasthe advantageof choosingdeaggrgationpointsthat take into accountthe pathsize of requests.However, it is
sensitve to the orderandcharacteristicef requestshattriggerthe establishmendf new aggreyates.For example,if thefirst
requestsarriving to anaggreyatorhave small pathsizes the correspondingnitial aggreyateswill be short,whichwill leadto
a smallnumberof aggreyates but possiblyto mary deaggrgationpoints. However, if initial requesthave large pathsizes,
theninitial aggreyateswill tendto have alsolarge pathsizeswhichwill resultin lessdeaggregationpoints,but possiblymore
aggreyates.

Segmentswith "Weighted’DeaggregationPoint (WDS): Thisalgorithmintendsto remedythedeficieng of BPSin limiting
aggrejate path sizesdue to the path size of the first requestseceved, by including information on the likelihood that a
givenAS will beaterminationpoint for mary futurerequestsSpecifically WDS assumeshatAS’s with a largernumberof
downstreanmeighborAS’s aremorelik ely to be deaggreationpoints. This makessuchAS’s bettercandidategor beingthe
end-pointof an aggreate,andis combinedwith the distancefrom the aggreationpoint whendecidinghow to createnewn
aggraeyates.n otherwords,the aggregatorcomputesaweight, W,,,, for eachAS m of eachpathrequestpbasednthenumber
of downstreamAS neighborsandthe distancefrom the aggreyatorto AS m. It thenchoosesasdeaggrgationpoint the AS
with the biggestweight. Eq.7 definesiV,,,, wheren; representa downstrearmeighborof m andd representshe distance
from the origin AS to m, givenin AS hops:

W =Y n;xd,Vj,m @)
J
Therearetwo specialcasedor the algorithm. The first occurswhentwo AS’s yield the sameweightvalue. In this case,
the algorithmchooseghe AS nearesto the destination.The secondoccurswhenthe destinationAS is aleaf, i.e., it hasno
downstreanmeighbors For this case thealgorithmassumeshatn; = 1.
Tah VI displaysthe amountof statekeptper AS in the scenarioof Fig.4, whenusingWDS. In this scenario AS K is
alwaysselectedasthe deaggrgationpoint, sinceit yieldsthe largestweight. Total statefor WDS, Sy, is givenin Eq.8.

Sy =AY PN +4P + 2N + 4K — 6 ®)

TABLE V
WDSSTATEPERAS

AS 1 (o) P P+1 P+2 (o) P+K P+K+1 (o) P+K+N
Ingress (IN,OUT) - - - PP 1,1 1,1 1,YPN 1, YP 1, YP 1, YP
Egress(IN,0UT) YN, 1 YN, 1 YN,1 P1 11 11 YPN, N

Total YN+1 YN+1 YN+1 3P+1 4 4 2YPN+N+1 YP+1 YP+1 YP+1

The major drawbackof WDS is thatit hasto know beforehandhe numberof downstreamneighborsfor eachAS. This
informationhasto be keptandupdatedat eachaggreyator NeverthelessWDS hasthe advantageof choosingdeaggregation
pointsthatarelesssensitve to the characteristicsef individual requestandthe orderin which they arereceved.



C. Multi-Level SgmentAggregationwith 'Weighted’ Deaggregation Point (MLWDS)

The two previous algorithmscan reducethe numberof aggrejatescreatedwhen comparedwith the sink-treeapproach.
However, they introducethe costof having to keepinformationaboutrequestsnappedo anaggrejateat locationsupstream
of destinationAS’s. This costmightincreasesignificantlyglobal stateandhence the reductionof aggreyategprovidedby the
useof a sharedsggmentapproachmight not be enoughto achiesze an optimal aggregationmethod. Therefore the problem
is having to keepinformationaboutindividual individual requestsat intermediatedeaggrgationlocations. This costcanbe
avoidedif insteadof performingfirst-level aggreyation,analgorithmperformsmulti-level aggreyation:intermediatdocations
won’t needto keepinformationaboutindividual requestspnly aboutaggreyates.

MLWDS is an algorithmthat performssecond-lgel aggreya-
tion at sourceAS’s, by first creatingin eachsourcean aggreyate
to the AS destinationandthenaggreyatingit into a second-lgel
aggrejate createdhccordingo thealgorithmwDS, i.e.,having as
destinatioran AS upstreanof the AS destinationof the request.
MLWDS behavior isillustratedby Fig.8, wheredashedinesrep-
Fig.8. Aggregationwith MLWDS resentfirst level aggregates.In AS 1, therearetwo sourceghat

wantto establishresenationswith destinationgn AS’s 6 and7.
Then, MLWDS createsAl and A2, first-level aggreyatesthatendin AS’s 6 and7, respectiely. Then, MLWDS createsa
second-lgel aggreyate, A3, at AS 1, following WDS rules. Hence, A3 destinationwill be AS 5. A3, representedby the
rectanglebetweermS’s 1 and5, is asecond-lgel aggreyateuntowhich A1 andA2 aremapped Therefore betweermAS 1 and
5 edgerouterskeeponly statedueto A3. AS 5 keepsinformationaboutA3 atingressandaboutAl andA2 at egresssince
theseaggrejateshave asdestinationAS’s downstreanof AS 5. It shouldbe noticedthatin this example,aggrejatesAl and
A2 will notbereaggrgated.However, in morecomplex scenariosit is mostlikely thatmulti-level aggreyationwill occurat
locationsupstreanof the destinatiorAS of therequest.

Consideringhat AS 8 alsowantsto establistresenationswith AS 7, thenit will have to createan aggreyate, A4, having
asdestinationAS 8. WhenreachingAS 3, a meging point, A4 will bereaggrgatedwith A3. Hence,AS 4 will only keep
informationregardingA3.

TheideabehindMLWDS is thatit is mostlikely thatan AS sourcerecevesmorethanonerequestdestinedo the same
destinationAS. However, sincethe shared-sgmentapproachminimizesthe numberof aggrejatescreated MLWDS will
createasecond-lgel aggreyation to avoid thecostof deaggreatingto thelevel of individualrequestsn intermediateequests.

Thereis anexceptionin the behaior of MLWDS: if, accordingto therulesof WDS, the bestdeaggrgationlocationof an
aggrejateis thedestinatiomAS, thenMLWDS won't performsecond-lgel aggreyationfor thataggreyate.

ConsideringagainFig.4, Tah IV detailsstatekeptper AS whenusingMLWDS. Globalstatefor MLWDS, S5, is givenby
Eq.9.

S5 = 2Y PN + 4P + 3PN + 2N + 4K — 6 9)

In Tah IV, we canseethatstatedueto individual requestss now only keptat sourcesanddestinations.

MLWDSSTATE PERAS
AS 1 () P P+1 P+2 () P+K P+K+1 () P+K+N
Ingress (IN,OUT) - - - PP 11 11 1,PN 1, YP 1, YP 1, YP
Egress(IN,OUT) YN, N+1 YN, N+1 YN,N+1 P1 1,1 1.1 PN, N
Total YN+N+1 YN+N+1 YN+N+1 3P+1 4 4 2PN+N+1 YP+1 YP+1 YP+1

In the next sectionwe give a brief comparisorof the four algorithmsfor the scenarigoresented.

D. A ComparisorExample

In this sectionwe presenta simplecomparisorof BGRRE BPS,WDS, andMLWDS in termsof the statethey requirefor the
configurationof Fig.4. We aim to shav changesn statedueto the variationof the numberof sourcesdestinationsandthe
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sizeof the sggmentbetweersourcesanddestinationsK. Hence,K is variedbetweerl and10, while P, N, andY aretaken
to bebetweenl andB, alargevalue.
Tah VIl detailsthe possiblecombinationof P, V, Y, andK in termsof Eq.3, EQ.6, andEq.8.

TABLE VI
GLOBAL STATE COMPARISON,1 < K < 10

| ROW | P | N | Y | K | BGRP BPS wDS MLWDS
1 Small Small Small 1 51 =8 S3 =8 S4 =8 S =9
10 | §1 =44 S3 = 44 Sy =44 Sp = 45
2 Small Small Large 1 51 = 2B S3 ~ 4B S4 =~ 4B S5 =~ 2B
10 51 = 2B S3 ~ 4B S4 =~ 4B S5 =~ 2B
3 Small Large Small 1 S1 =~ 8B S3 ~ 4B S4 ~ 6B S5 = TB
10 | Sq =~ 44B S3 ~ 16B S4 = 6B S ~ 7B
4 Small Large | Large | 1 Sy ~ 2B2 4+ 6B Sg ~ 4B2 S4 ~ 4B2 4 2B Sy ~ 2B2 4+ 5B
10 | 1 ~2B2 +42B S3 ~ 4B2 4+ 12B S4 ~ 4B2 4 2B Sy ~ 2B2 4+ 5B
5 Large Small Small 1 51 = 6B S3 ~ 8B S4 =~ 8B S5 =~ 9B
10 51 = 6B S3 ~ 8B S4 =~ 8B S5 =~ 9B
6 Large | Small Large | 1 Sy ~ 2B2 + 4B S3 m~ 4B2 4 4B S4 ~ 4B2 4+ 4B Sy ~ 2B2 + 7B
10 | 81 ~2B2 +4B S3 ~ 4B2 4+ 4B S4 ~ 4B2 4B Sg ~ 2B2 + 7B
7 Large | Large | Small | 1 S1 ~ 6B2 4+ 2B S3 ~ 4B2 + 4B S4 ~ 4B2 4+ 6B S5 ~ 7TB2 + 6B
10 | S1 ~ 6B2 4 38B Sz~ 4B2 +16B | Sy~ 4B24+6B | S5~ 7B2 + 6B
8 Large | Large | Large | 1 S1 ~ 2B3 +4B2 + 2B S3 ~ 4B3 4+ 4B S4 ~ 4B3 + 6B S ~ 2B3 +3B2 + 6B
10 | 1 ~2B3 +4B2 4 38B S3 ~ 4B3 4+ 16B S4 ~ 4B3 4 6B S5 ~ 2B3 + 3B2 4 6B

If we look at row onein Tah VII, we seethatwhenthereis a small numberof source(P) anddestination(N) AS'’s, as
well asa smallnumberof requestgY), thefour algorithmsshav similar performancewhich meanghatnoneof the varied
parameterswhenreferringto small quantities hassignificantimpacton the behaior of the algorithms. Still consideringa
smallnumberof sourcesanddestinationsbut increasingheload of requestgrow two), bothMLWDS andBGRPrequireless
statethanthe othertwo algorithms: this happendecauseMLWDS and BGRP keepstateof individual resenationsonly at
sourceanddestinatiomrAS’s, while BPSandWDS addto this the costof having to keepinformationaboutindividual requests
atoneintermediateleaggrgationpoint. WhenK changegrom 1 to 10,theamountof statefor ary of thealgorithmsremains
constantwhich shavs thatthe valueof K in this particularconfigurationdoesnot influencesignificantlythe averageglobal
staterequiredby ary of thealgorithms.

If we keepthe numberof sourcedow, but increasehe numberof destinationgrow three),BGRP presentsvorseperfor
mancewhencomparedvith any of the otherthreealgorithms.This happensbecaus®GRP statedepend®n the numberof
destinationAS’s. Also, in thisscenarioWwDS andMLWDS performancés approximatebecausehey chooseanintermediate
deaggrgationpoint andthe numberof requestss small. But, if we increaseagainthe amountof resenationrequestgrow
four), thenMLWDS performsbetterthantheotherthreealgorithms.WDS andBPSshow similar performancewhichis worse
thanBGRPor MLWDS: in the currentconfiguration WDS andBPShave to keepcloseto twice the amountof stateneeded
by BGRP

Changinghe configuratiorby introducingalarge numberof sourcesanda smallnumberof destinationgrow five), aswell
aslow intensityof requeststhenthefour algorithmsshaw a closeperformancegventhoughBGRPis thealgorithmrequiring
lessstate.Thevalueof K is not significantunderthis configuration sincewhetherK is equalto 1 or 10, the valueof global
stateremainsapproximatelythe same. Whenincreasingthe intensity of requestqrow six), WDS and BPS performance
decaysthey needto keepcloseto thedoubleof theamountof stateof BGRPor MLWDS. Onceagain,staterequiredfor any
of thealgorithmsdoesnot dependon the valueof K, sincewhethemnwe equalK to 1 or to 10, stateremainsghe same.

In a configuratiorwith alargenumberof sourcesanddestinationdut smallamountof requestgrow seven),bothMLWDS
andBGRPrequiremorestatethanBPSor WDS, becauseleaggregationis not optimizedalongthe segmentbetweersources
anddestinationsBPSandWDS shaw closeperformancegain,eventhoughthatBPSalsodepend®n the valueof K, while
WDS doesnot. Increasinghe numberof requestgrow eight), we getsimilar results,eventhoughthatthe globalamountof
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stateis higher, for ary of thealgorithms.

Fromthis specificexample,we caninfer somepreliminaryconclusionsFirst, theintensityof requestss a factorof major
importanceor the performancef aggrejationproceduresary of thealgorithmssuffersconsiderabl@erformance/ariations
whenincreasingheintensityof requestsSecondboththeproposabf multi-level aggreationbasedn sharedsegments and
the sink-treeapproachappeato belesssensitve to configurationsith high numberof requestswhich seemso indicatethat
usingintermediateleaggrgationpointsfor the caseof first-level aggreyationresultin having ahigh costof statealonga path.
Third, theshared-sgmentapproachrequiredessamountof statedueto aggrejatessinceit reducegheamountof aggreyates
generatedFourth, sharedsggmentsecond-lgel aggreyationseemsasa reasonablsolutionto achieve isolationof individual
requestsn intermediatdocationsof a path.

In the next sectionwe presensimulationsthatexplorein furtherdetailthe behaior of BGRR BPS,WDS, andMLWDS.

V. PERFORMANCE EVALUATION

Theanalyticalmodeldevelopedin sectionV demonstratestateaccountindoy meansof a particularscenariohighlighting
the impact that differentfactorshave in the overall stateof a network. Factorsthat we consideredvere the amountof
individual requestsnumberof sourceand destinationsAS’s, aswell assize of sggmentssharedby requestshetweentheir
sourcesanddestinationsHowever, whenconsideringheterogeneousetworkssuchasthe Internet thereareotherfactorsthat
might influencestateto be kept, suchastraffic distribution, or the averagedurationof resenations.Hence to understandhe
behavior of thealgorithmsunderrealisticscenariosye carry out simulationsby usingthe networksimulatorversion2[12].
The topologiesusedto createthe variousscenariosare generatecdby BRITE[1], a topology generatomwith the ability of
creatingAS-level topologies We modelthearrival of requests@sa Poissorprocesswith exponentialdistributedlifetime mean
o, andarrival rateof A requestgpersecond.For eachsimulationscenaricandfor differentvaluesof o, A is keptconstanto
allow aconsistentomparisorof thealgorithms accordingo thetraffic intensityformulafor an M /M /oo model[7], sincefor
thecaseof stateaccountingplockingoverheads negligible. To apprehendheinfluenceof theaveragedurationof requestsn
the overall state we usethreedifferenttypesof requestsshort-livedresenationrequestgSLR) with anaverageexponential
durationof 20s, long-livedrequest4LLR) with anaveragedurationof 120s, anda mix of 50% SLR, 50%LLR, thatstands
for a particularexampleof mixedtraffic (MLR).

To distribute requestsacrossopologiesandsincethere
is no currentinformationregardingtraffic distribution in
the Internet,we apply two differentdistribution methods:
an homogeneousnd a hotspotmethod. In the former,
sourceAS’sarechoserrandomlyanddestinationgreplaced
accordingto the distribution of addresseby AS distance
mentionedn sectionV. In the latter, we usethe concept
of hotspoti.e.,anAS with higherincidenceof traffic than
the others. For eachsimulation,stateaccountingis done
both at the AS andedgerouterlevel by gatheringstatisticdynamicallyfor incomingand outgoingresenations: minimum,
averageandmaximumvaluesareupdatedeachtime the correspondingariablesuffersa changegalculatedaccordingto the
formulaspresentedn AppendixB. With the valuesobtained minimum, average andmaximumstateperrouterandper AS
arecomputedwith a 95% confidencdevel. Eachsimulationexperimenthasa durationof 1800s, anddataobtainedis only
consideredafter an warm-upperiod of 300s, to assurethat we obtain steady-stateesults. Also, to achiese universaland
independentesults,eachexperimenthasbeenrepeatedeseraltimesusingdifferentrandomnumberseeds.

Fig.9. Generictopologymodel

A. SimpleFlat andHierarchical Topolagies

For thefirst experiment,we usethetopologyillustratedby Fig.9, which wasfirst introducedin the BGRP proposal.This
is a generictopology model, usefulto model simple but differenttopologies,that help to shav relevant differencesn the
behaior of thealgorithms.

In Fig.9, eachAS k represents transitAS. S, represents group of sourceAS’s and Dy, a group of destinationAS’s
directly connectedvith AS k, 1 < k < n, n = 10. Thismodelsatopologywhereary pathhasasizelessthanor equalto ten
AS'’s. Eachof thesourceAS’s in S, sendsoneresenationto eachof thedestinationAS’sin Dy. This modelallowsto create
differentkinds of topologies:

« flattopologieswherefor for eachAS &, #Sy = #Dy, ;



12

« hierarchical topologies,where#S;, and #D, vary; this propertyallows to createtopologieswith more sourcesand
destinationsn the edges- heavytailed - or in theinterior. So, portionsof the topology contribute morethanothersin
termsof requests.

This generictopologyis usedto modeltwo differentscenariospnethatusesa flat topologyandonethatusesa hierarchical
topology, describecdhext.

Flat Topolagy: This scenariallustratesthe algorithmsbehaior for a simpleflat topology EachtransitAS k is directly
connectedo five sourceandfive destinationAS’s: #Sy, = #Dy = 5,1 < K < 10, andeachsourceis sendinga requesfor
eachdestination.Thisnakesatotal of 50 * 50 = 2500 requests.

Fig.12 shows statekept for eachof the algorithmsin the form of two charts,onethat plots statealongthe path dueto
individual resenations,both atingressand egress,andonethat plots statealongthe pathdueto aggreyatesbothat ingress
and egress. If we look at the chartsrelatedwith statedue to individual resenationsfor BGRP(a) and MLWDS(d), they
shav that BGRP and MLWDS requirethe samestate,kept only at sourceand destinationAS’s. However, BPS(b) and
WDS(c) requirethe samenumberof unitsof stateat sourceanddestinationsbut they alsoneedto keepstateaboutindividual
resenationsat intermediateAS’s, which increaseghe global state. Comparingthe chartsthat plot statedueto aggreyates,
BGRPis thealgorithmthatrequiresmorestate.

Theseresultscorroboratethe factthatthe sharedsegmentapproactreduceghe numberof aggreyatescreatedwhencom-
paredwith the sink-treeapproach However, they do not give ary informationaboutthe isolationof the algorithmsfrom the
intensity of requestsHence,usingthe samescenariowe increasehe intensityof requestsn eachsourceof S toY = 10
resenations.We areintroducingY” , thefactorintensityof requests.

In Fig. 13, looking at the chartsrelatedwith individual requestseachsourceanddestinatiorAS have to keep500 units of
state,for ary of thealgorithms.BPSandWDS alsokeepstaterelatedwith individual resenationsat intermediatdocations.
But, thesequantitiesarehigherthanthe onespresentedn Fig.12, sincethe intensityof requestsncreasedDueto this, the
decayin theperformancef BPSandWDS:is significant.However, thatis notthe casefor BGRPandMLWDS, which present
a similar performanceén both scenarioshencecorroboratinghatbothBGRPandMLWDS achiese a fair isolationfrom the
intensityof requests.

Hierarchical Topolagy: To checkif thedistribution of requestinfluencesheavily thealgorithmswe changehedistribution
of sourceanddestinationAS’sin thetopologyof Fig.9. In this scenariothedistribution of Sy, and Dy, is:

#Sr=#Dr,=1,K<3\ K>6
#S,=#D,=11,3< K <6

Thus,thereis atotal of 50 sourcesand50 destinationssendinga total of 2500requestsagain,asin the previousscenario.
However, in theformerall transitAS’s would have thesamenumberof requestgjoingby, while in thecurrentscenaridanterior
AS’sarecrossedy morerequestsFig. 14 shavs againtwo differentchartsperalgorithm,onethatplotsstatedueto individual
requestandonethatplotsstatedueto aggrejaterequestsRegardingstatedueto individual resenations BGRPandMLWDS
presenthe sameresults sincethey keepindividual requestsnformationonly at sourceanddestinationAS’s. BPSandWDS
shav quite differentresults,however. If we look at the chartsthat plot statedueto aggreyates,we seethat WDS reduces
drasticallythe numberof aggreyatesandthat BGRP still createsmore aggreyatesthan WDS. The differentresultsshov us
thatary of thealgorithmsis influencedby the placemenbf requestsacrossatopology

As in the previous scenariowe wantto assesshe isolationof the algorithmsfrom the factorintensity of requestsunder
thesecircumstances.Hence,we increaseagainthe numberof requestger sourceto Y = 10. Fig.14 shaws the results,
wherewe seethat ary of the algorithmsis influencedby the intensity of requestssince statedue to individual requests
increaseproportionallyto the intensity of requests Fromthis experiment,we concludethatthe factorintensity of requests
hassignificantinfluencein statekeptandalso,thatBGRPandMLWDS arethealgorithmsthatshow betterisolationfrom this
factor

B. TreeTopolagy

In this experiment,we employ a particulartreetopology illustratedby Fig.??, wherenodesrepresentAS’s. We aim to
epitomizethe behaior of eachalgorithm for the casesof both a source-treeand a destination-treescenario,sincethese
scenario@reof majorimportanceo understandvherethe critical locationsin termsof stateare placedin a path,dueto the
aggreyationalgorithmchosen.
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Souce-Tree: To devise the source-treeexperiment,a unique sourceAS, node 0, sendsrequestdo every other node,
accordingo thehomogeneoudistribution method.In thetree,themaximumpathsizeis five, sincethisis thecurrentaverage
pathsizein the Internet. Fig. 16 outlinesstateper AS at ingressand egressfor eachalgorithm, whenrequestsare of type
SLR andwhen X = 5000 requests/sif we look at thefirst chartrelatedwith eachalgorithm (chartthat plots staterelated
with individual requests)we canidentify easily the sourceand destinations:the sourcekeepsstateonly at egress,while
destination&keepstateonly atingress.For BPS(b) andWDS (c) we canalsospottheintermediateleaggrgationpoints,since
they keepstatedueto individual requests.

Comparingthe secondchartof eachof the algorithms(chartthat plots statedueto aggrejates) we seethat BGRP(a) re-
quiresin averagetwice theunitsof statethanthe otheralgorithmsfor theaggrejatest createsAlso, eventhoughMLWDS (d)
creategnoreaggrejatesat the sourcethaneitherWDS or BPS,throughthe remainderpathit alsorequiresessunits of state
perAS, dueto aggreyates.Therefore from a global perspeciie, MLWDS is the algorithmthatrequiredessstate becauset
only deaggrgatesat the destinationasBGRR andalsobecauseét lowersthe numberof aggreyatescreated.BPSandWDS
alsolowerthe numberof aggreyatescreatedput addto this the costof having to maintainstatedueto individual resenations
at the intermediatedeaggregationpoints, AS 4 and 8: theseAS’s keepstatedueto endingaggreyatesbut alsodueto their
mappedndividual requestsincreasingthe globalamountof staterequired. Anotherremarkthatwe canmake by observing
Fig.16is thatary algorithmrequiresghe sameamountof stateat destinationAS’s.

Sink-Tee: Letusnow typify the behaior of the algorithmsin a sink-treescenariopeingthe only destinationAS repre-
sentecby node0. Nodesl to 16 represenpossiblesourcegequestingesenationsto node0, accordingto thehomogeneous
traffic distribution method.Fig. 17 depictsstateacrosshe topologyfor BGRP(a), BPSh), WDS(c), andMLWDS(d) when
requestareof type SLR and A = 5000 requests/sLik ewise to the source-treescenariowe spotsourcesdestinationsand
intermediatedeaggrgationlocationsby looking atthe chartsthatplot statedueto individual resenationsfor eachalgorithm.
However, in termsof aggreates thereis a major differencefor this scenario:while BPSstill choosesntermediatedeag-
gregationpoints, both WDS and MLWDS chooseas only deaggrgation pointsthe destinations.Hence,BGRR WDS and
MLWDS have the sameperformanceAnothermajor differencefrom the previous experimentis thatfor this scenarichereis
no reductionof aggreyates.Theseresultsarein compliancewith thefactthata sink-treescenarias a best-caséor BGRP

C. Internet-like Topolagies

The previous simulationsexemplify how algorithmsbehae in specifictopologies by pointing out staterequiredboth by
aggregjatesandindividual requests Simulationsin this sectioninvestigatethe performancef the algorithmson Internet-like
topologies.First, we devise a scenariovhereonehotspotAS is placedrandomlyin a topology Becauseve wantto assess
theimpactof having a high intensityof request®itherenteringor leaving an AS, we devise two specificcasef hotspots:a
sourceandadestinatiorhotspotAS.

Souce HotspotScenario: The sourcehotspotscenarias emulatedby placingrandomlya sourcehotspotin the topology
illustratedby Fig.11(a): the hotspotAS generate$0% of the requestdo differentdestinations.Remainingrequestcome
from sourcescatteredcrosghetopologyanddestinationsrechoserby the homogeneousaffic distribution method.

Looking at Tah VIII, which detailsstateper AS andperrouterin termsof minimum, average and maximum,we verify
thatMLR requestseedthe highestamountof state whenusingary of the threealgorithms.This happendecauseequests
arrive andaresenedat differentintervals,which impliesmoreupdatesn termsof state.

SLRrequestslemanchigheraverageandmaximumstatequantitieswwhencomparedo LLR requestsbecauseequestsre
short-lived,aggrejatesaremoreoftentorn andcreated.

BGRPandMLWDS performancas similar for ary type of requestseventhoughthat MLWDS createanostlikely more
aggrejategersourcejt reduceghe averagenumberof aggrggatescreatedachieving the sameperformancef BGRR WDS,
which createdessaggreyates,suffers the costof using several intermediatedeaggrgationlocations,having the worst per
formanceof the four algorithms. BPS hasthe lowest performancealso due to the amountof statekeptin intermediate
deaggrgationpoints. Confidencentervals shov usthat BPSis the algorithmwith a highervariationof state. However, it
shouldbe noticedthatBPSalsoreduceghe numberof aggrejatescreatedvhencomparedvith BGRP

To graspthe influenceof the intensity of requestdn the performanceof the algorithms,we repeatthis experimentfor
differentvaluesof A. The evolution of averagestatefor differentvaluesof ¢ whenincreasing\, for the four algorithms,is
plottedin Fig.18. Comparingthe chartsof the four algorithms,BGRP(a) and MLWDS(d) presenta similar evolution of
stateunitswith theincreaseof theintensityof requestseventhoughMLWDS requiresslightly lessstatewith theincreaseof
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(a) Hotspottopology (b) Homogeneousraffic topology

Fig. 11. Internet-lile topologies:(a) is usedin the hotspotexperimentsyb) is usedin the homogeneousaffic experiment

TABLE VIl
AVERAGE STATE PER AS FOR THE SOURCE HOTSPOT SCENARIO, A = 5000 REQUESTS/S

o SCOPHVARIABLE [ BGRP(Avg/ 95%Cl) |  BPS(Avg/95%Cl) WDS (Avg/ 95%Cl)  |MLWDS (Avg/ 95%Cl) BBGPRSP %%% I"ELG“&’}D,S
20s  |as  |min 441.52437.65,445.39663.34 |617.55, 709.13 |524.86 |500.77, 548.95 |436.74432.70,440.82 1.5 119 0.99
(SLR) Avg 571.51570.36,572.6835.14 |788.87, 881.41 |684.04 |658.19, 709.90 |566.16565.35,566.96 |1.46 12 0.99
Max 704.26702.64,705.841013.54963.30, 1063.7§859.15 [830.33, 887.97 |697.95696.42,699.48 |1.44 1.22 0.99
Router |Min 55.19 [54.71, 55.67 [82.92 |77.19, 88.64 |65.61 [62.60, 68.62 |54.60(54.09, 55.10 |1.5 119 0.99
Avg 71.44 |71.29, 71.58 |104.39 [98.61, 110.18|85.51 (82.27, 88.74 |70.77[70.67, 70.87 |1.46 1.2 0.99
Max 88.03 [87.83, 88.24 |126.69 [120.41, 132.97 |107.39|103.79, 111.00 |87.24 87.05, 87.44 |1.44 122 0.99
50%20s [AS  |Min 658.84652.65,665.111000.94959.64, 1042.14812.78 |729.86, 895.70 |653.61647.15,660.07 |1.52 1.23 0.99
5091209 Avg 781.44778.32,784.541169.331125.36,1213.30966.67 [871.84, 1061.44776.29773.12,779.38 |1.5 1.24 0.99
(MLR) Max 903.54901.57,905.471336.431292.80,1380.0§1123.541017.40,1229.64898.31,896.38,900.24 | 1.48 1.24 0.99
Router |Min 82.36 [81.58, 83.14 |125.11 [119.95, 130.27 |101.60[91.23, 111.96 |81.70 [80.89, 8251 |1.52 1.23 0.99
Avg 97.68 [97.29, 98.06 |146.17 |140.67, 151.66 |120.83 [108.98, 132.69 |97.03 |96.64, 97.42 |1.5 1.24 0.99
Max 112.94112.70,113.14167.05 |161.60, 172.51 [140.44|127.18, 153.71|112.24112.05,112.53 | 1.48 1.24 0.99
120s  |AS  |Min 460.87458.58,463.16688.90 [660.75, 717.05 |539.01|518.24, 559.78 |456.30453.96,458.64 |1.49 117 0.99
(LLR) Avg 564.04561.07,567.04826.98 |797.99, 855.96 |664.46 641.22, 687.70 |559.33555.93,562.72 |1.47 118 0.99
Max 663.89661.40,666.34960.85 [928.82, 992.88 |792.69 |767.90, 817.48 |658.84656.60,661.06 |1.45 119 0.99
Router |Min 57.61|57.32, 57.89 |86.11 [82.59, 89.63 |67.38 [64.78, 69.97 |57.04 [56.74, 57.33 |1.49 117 0.99
Avg 70.51 |70.13, 70.89 |103.37[99.75, 107.00(83.06 [80.15, 85.96 |69.92[69.49, 70.34 |1.47 118 0.99
Max 82.99 [82.68, 83.30 120.11 [116.10, 124.11(99.09 [95.99, 102.19(82.35 [82.08, 82.63 |1.45 119 0.99

requestsThis resultsmeanghatMLWDS behaesbetterfor scenariosvith high intensityof requestsEventhoughWDS(c)
presents linear evolution with theincreaseof the intensity of requestsits performancedecayssinceit needso keepstate
dueto individual requestsat intermediatdocations.BPS(b) is the algorithmthatrequiresmore state,andalsothe onemore
affectedby theintensityof requestsAlso, looking at the valuesplottedwhen\ = 5000 requests/sye attestthatBPSshows
higherstateoscillationsthanBGRR WDS or MLWDS for request®f type SLR, which indicatesthatthis algorithmis more
sensitve to short-livedrequests.

DestinationHotspotScenario: The destinationhotspotexperimentis emulatedby againplacing randomlya hotspotin
the topology However this hotspotnow represents destinationwith a high incidenceof requests:it receves60% of the
wholerequestsTheremaining40%requestsre placedby the homogeneousaffic distribution, beingthe sourcescattered
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acrosghetopology Tah IX shaws stateper AS for this scenariowhen\ = 5000 requests/sThefirst evidencepresenteds
thatBGRPandMLWDS achieve similar performanceindependenthyof the durationof requestsBPSandWDS experience
deterioratiorup to 30%whencomparedvith BGRR possiblybecaus¢he numberof deaggrgationpointschoserincreased.

TABLE IX
AVERAGE STATE PER AS FOR THE DESTINATION HOTSPOT SCENARIO, A = 5000 REQUESTS/S

o SCOPEVARIABLE | BGRP(Avg/95%Cl) |  BPS(Avg/95%CIl) | WDS (Avg/95%Cl) |MLWDS (Avg/ 95%Cl) BBG%SP B"‘g%% %
20s  |AS  |Mmin 443.24438.07,448.51601.79 |442.10,761.48 [497.27 [474.85,519.60 |437.84432.74,442.98 | 1.36 112 0.99
(SLR) Avg 570.94567.82,574.04760.21 |589.74,930.68 |648.19 |624.13,672.25 |566.29563.64,568.82 |1.33 114 0.99
Max 702.99699.32,706.64930.69 | 747.74,1113.64817.13 | 788.42,845.84 |698.66695.45,701.87 [1.32 116 0.99
Router [Min 55.41 [54.76, 56.06 |75.22 |55.26, 95.18 [62.16 |59.36, 64.96 [54.73(54.09, 55.37 [1.36 112 0.99
Avg 71.37 |70.98, 71.76 |95.03 |73.72, 116.34 [81.02 |78.02, 84.03 |70.78(70.46, 71.10 [1.33 114 0.99
Max 87.87 [87.41, 88.33 [116.34|93.47, 139.21 [102.14 [98.55, 105.73 |87.33 |86.93, 87.73 [1.32 116 0.99
50%20s [AS  |Min 651.51643.86,659.14799.28 |607.99,990.57 | 750.82 | 713.96,787.68 |646.99639.60,654.36 |1.23 115 0.99
5091205 Avg 778.44774.91,782.01/955.31 | 747.90,1162.71902.55 |854.20,950.89 |773.74770.29,777.16 [1.23 1.16 0.99
(MLR) Max 897.04890.67,903.411103.4889.17,1317.631051.24993.18,1109.30892.51886.13,898.89 | 1.23 117 0.99
Router [Min 81.44 [80.48, 82.40 [99.91 |76.00, 123.82 [93.85 (89.24, 98.46 [80.87 |79.95, 81.79 [1.23 115 0.99
Avg 97.31 [96.86, 97.75 [119.41|93.49, 145.34 [112.82 |106.78,118.86 |96.72 |96.29, 97.14 [1.23 116 0.99
Max 112.19111.33,112.99137.93 111.15,164.70 [131.41 |124.15,138.66 111.56110.77,112.36 [1.23 117 0.99
120s  |AS  |Min 459.40454.09,464.71612.98 |496.14,729.82 |523.55 |503.62,543.48 |454.34449.10,459.66 |1.33 114 0.99
(LLR) Avg 564.94561.97,567.94746.63 |620.24,873.02 |649.22 |627.38,671.06 [559.87556.71,563.04 [1.32 115 0.99
Max 665.54662.86,668.20876.43 | 745.72,1007.14775.39 | 750.16,800.62 |660.69657.82,663.56 [1.32 117 0.99
Router [Min 57.43 [56.76, 58.09 |76.62 62.02, 91.23 [65.44 |62.95, 67.93 [56.80 |56.14, 57.46 |1.33 114 0.99
Avg 70.62 |70.25, 71.00 93.33 |77.53, 109.13 [81.15 |78.42, 83.88 [69.98 |69.59, 70.38 [1.32 115 0.99
Max 83.19 [82.86, 83.52 [109.55(93.21, 125.89 [96.92 [93.77, 100.08 [82.59 |82.23, 82.95 [1.32 117 0.99

To perceve the evolution of statewith the increaseof the intensity of requestsye repeatedhe simulationfor different
valuesof A andFig.19 plots the resultsobtained,whereonceagainis visible that the patternof behaior of BGRP and
MLWDS s similar, corroboratinghevaluesdetailedin Tah IX. BPSandWDS requirealwaysahighernumberof stateunits.
Also, in this scenarioBPS seemgo experiencemore oscillationswith the increaseof A, ascanbe clearly obsenedfor the
particularcaseof A = 5000 requests/s.

D. Homayeneousdiraffic

Thehotspotexperimentsallow usto concludethathaving anAS with higherincidenceof requestsmpactstheperformance
of the algorithms.However, we cannotassesshe effect of having an AS with high incidenceof requestsn the overall state,
without further evaluatingthe algorithmsin scenariosvherethereareno hotspots.Hence,the next experimentexemplifies
BGRR BPS,WDS, andMLWDS behaior in atopologywith no hotspots.We usea larger AS level topology, illustratedby
Fig.11(b), whererequestaredistributedby the homogeneoumethod.

Tah X displaysaveragestateper AS for the algorithms,when\ = 5000 requests/sshoving that MLR requestglemand
the higheststatevaluesfor ary of thefour algorithms. The patternbehaiior of BGRPandMLWDS is still approximatebut
MLWDS presentsslightly betterperformance.BPSandWDS showv a performancedecayup to 30% whencomparedwith
BGRR andBPSis the algorithmthatshavs moreperformanceleterioration.

Thesimulationwasrepeatedor differentvaluesof A, asshovnin Fig.??. Resultsobtainedarein accordanceavith theones
from previous experiments:BGRP and MLWDS show closeperformancepeing MLWDS the algorithmthat requiresless
globalstate.WDS andBPSperformances similar, but BPSshavs morevariationsin statewith theincreaseof theintensity
of requests.

ComparingTah IX , Tah VIII , and Tah X, BGRP and MLWDS achieve similar performancegven thoughMLWDS is
sloghtly better(1%). BPSandWDS performancevaries,beingalwaysworsethanthe onefrom eitherBGRP or MLWDS,
independenthof thedurationor intensityof requests.



16

TABLE X
AVERAGE STATE FOR THE HOMOGENEOUS TRAFFIC SCENARIO, A = 5000 REQUESTS/S

o SCOPHVARIABLE | BGRP(Avg/95%Cl) | BPS(Avg/95%CIl) | WDS (Avg/95%Cl) |WDS (Avg/95%Cl) BBGF;;;P B"‘é%‘i, %
20s  |AS  |Mmin 242.10241.44,242.76322.87315.60,330.14267.87266.65(269.10237.84236.33,239.3§1.33 1 0.98
(SLR) Avg 373.34372.71,373.94479.80471.62,487.99415.80415.50|416.11,385.94382.67,389.141.29 111 1.03
Max 506.21/504.77,507.66660.60650.62,670.5q569.67567.48|571.86539.9§533.07,546.901.30 113 1.07
Router [Min 30.26 [30.18, 30.34 [40.36 |39.45, 41.27 |33.48 33.33,33.64 [29.73 [29.54, 29.92 [1.33 111 0.98
Avg 46.67 46.59, 46.74 [59.98 |58.95, 61.00 [51.98 51.94, |52.01 |48.24 (47.83, 48.64 [1.29 111 1.03
Max 63.28 [63.10, 63.46 |82.58 |81.33, 83.82 |71.21 70.93, [71.48 |67.50 |66.63, 68.36 |1.30 113 1.07
50%20s [AS  |Min 350.00347.74,352.25478.76469.41,488.11]422.21418.82|425.6(334.54331.81,337.241.37 121 0.96
50%120 Avg 460.30459.00,461.54622.20613.45,630.94555.62553.36|557.84446.60444.20,449.001.35 121 0.97
(SLR) Max 567.41(566.04,568.74775.39766.40,784.29688.00684.86|691.14557.09554.26,559.931.37 121 0.98
Router [Min 43.75 [43.47, 44.03 [59.85 |58.68, 61.01 [52.78 52.35, |53.20 41.82 [41.48, 42.16 [1.37 121 0.96
Avg 57.54 |57.38, 57.70 |77.78 |76.68, 78.87 |69.45 69.17, |69.74 |55.83 |55.53, 56.13 |1.35 121 0.97
Max 70.93 |70.76, 71.10 |96.92 |95.80, 98.04 |86.00 85.61, [86.39 |69.64 |69.28, 69.99 |1.37 121 0.98
1205 |AS  |Min 266.31264.42,268.20337.17328.87,345.46296.24293.09| 299.34251.64250.13,253.131.27 111 0.94
(LLR) Avg 363.54362.21,364.87456.16448.87,463.44408.54406.50|410.5§351.24349.83,352.6]1.25 112 0.97
Max 459.8(457.75,461.85586.40579.23,593 58522.27519.26|525.2§451.24449.01,453.54 1.28 114 0.98
Router |Min 33.29 [33.05, 33.52 [42.15 |41.11, 43.18 |37.03 36.64, |37.42 31.45 [31.27, 31.64 [1.27 111 0.94
Avg 45.44 |45.28, 45.61 [57.02 |56.11, 57.93 |51.07 50.81, |51.32 [43.90 [43.73, 44.07 [1.25 112 0.97
Max 57.48 [57.22, 57.73 |73.30 |72.40, 74.20 |65.28 64.91, |65.66 |56.41 |56.13, 56.69 |1.28 114 0.98

VI. SUMMARY AND CONCLUSIONS

In this paperwe investigatedlifferentaggreationapproachefor inte-domaincontrol aggreyation. Our goalwasto gain
greateinsightinto theability of differentinter-domainaggreationproceduren accommodatingargevolumesof resenation
requestacrosdifferentroutingdomains.As utility function,we consideredhe minimizationof stateto bekeptperAS and
peredgerouter We evaluatedtwo basicaggreyationapproachessink-treeand sharedsegmentbased.andfour algorithms
derived from theseapproachesBGRPfollows the sink-treeapproachandBPS,WDS, andMLWDS follow the sharedpath
segmentapproachWe examinedstateaccountindoy meanf a simpleanalyticalexampleandalsoby meansof simulations.
For eachsimulationexperiment,we variedthe numberof AS’s, durationof requestsdistribution of requestghroughtime,
andalsodistribution of requestsacrossthe topology, sowe could assesshe impactof eachof thesefactorson the different
aggregjationmethodsunderconsideration.

The analytical example attestedthat the intensity of individual resenation requestss of major importancefor ary of
the approachesHowever, it is morerelevantfor the sharedsegmentapproachin termsof first-level aggreyation,dueto the
additionalintermediateleaggrgationpointsthisapproactintroduceswith first-level aggreyation,intermediateleaggrgation
pointsneedto maintaininformationnot only aboutaggreates put alsoaboutthe individual requestghataremappedo the
deaggrgatedaggreyates.However, this costcanbe avoidedif we performinsteadsecond-lgel aggreyation,assuggestedy
usingthealgorithmMLWDS.

SimulationsusingdifferenttopologiescorroboratedhatMLWDS achievesbetterperformancdor the scenariogpresented.
Resultsalsoshown thatMLWDS performancemproveswith the increaseof theintensityof requestsWDS andBPS,thetwo
algorithmsthat performfirst-level aggregationonly andthatarebasedon the sharedseggmentapproactshav deteriorationin
their performancedueto the costof intermediateleaggrgationpoints.

A first conclusionto draw from this investigationis thatby performingsecond-lgel aggreyation,the shared-sgmentap-
proachpresentsbetter performancen termsof minimization of statemaintainedalong a path, when comparedwith the
sink-treeapproach. Implementationof this mechanisnis of low compleity, sinceonly the sourcesperformsecond-lgel
aggregation,andits sensitvity to theintensityof requestss low.

A secondconclusionis thatthe sink-treeapproactalsorepresents reasonablsolutionin termsof minimizing theamount
of statemaintained.lIt is alsoof reasonableompleity andof low sensitvity to the numberof requests.However, its one
disadwantages thatit is notoptimalin termsof the numberof aggreyatest creates Algorithmsbasedon thesharedsegment



17

approactreducethe numberof aggregatesvhencomparedvith BGRRP

As futurework, we areinvestigatingn moredetailthe compleity anddrawvbacksof implementingmulti-level aggregation.
We arealsoinvestigatingthe bandwidthefficiency andoverall signalingload of the differentapproachepresentedBoth are
importantperformancaneasure®eyondthe amountof resenationstate thatwasthe focusof this paper
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APPENDIX B: FORMULAS

Formulaspresentedn this appendixwere usedto calculatethe maximum,averageand minimum valuesfor eachof the
variablesusedin the simulationgSectiord). N representavariable,r anedgerouterandX anAS. For instance AverageY
representshe averageof variableN atrouterr . ¢4, representsheinstantwhenthe simulationended.t,yqrmup represents
theinstantafter an adequatavarmupperiodt; representaninstantwhen N suffereda change.n representshe numberof
edgeroutersat AS X anda representshetotal numberof AS’s for a specificscenario.

Statisticper Router

« N Averageatrouterr: AverageX = Zuimg Niltiz1 —ti)

tstop —lwarmup

« N Maximumatrouterr: MAXY = maz(Ny,, Ni;_,,---), ti € [twarmup, tstop)
« N Minimum atrouterr: MINYN = min(Ny,, Ny, _,, ), ti € [twarmup, tstop)

) ti € [twarmupa tstop]

Statisticper AS
« N AverageatAS X: Averagey = Yo Averageg,i <mn
o NMaximumatAS X: MAXYN =Y" MAXN i<n
o N MinimumatASX: MINYN =3>7" (MINYN,i<n

Global Statistic

n N
>0 A'ueragemi

« GlobalAverage:Averagey =

a
>0 (Averu,geivi — Averagen)?

« GlobalVariancewary =

a
iati ?_o(Averagel —Averagen)?
« GlobalStandarDeviation: sdy = y/var = 2ol i N)

a




