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Abstract

CurrentQuality of Servicemodelssuchasthoseembodiedin the DifferentiatedServicesproposals,rely on datapathag-
gregationto achieve scalability. Datapathaggregationbundlesinto a singleaggregatemultiple individual flows with thesame
quality requirements,hencedecreasingtheamountof statethatneedsto bekeptalongapath.A similarscalabilityconcernexists
on the controlpath,wherethestaterequiredto accountfor individual reservationsneedsto be minimized. Therehave beena
numberof proposalsaimedat controlpathaggregation,andthegoalof this reportis to expandon theseworks in anattemptto
gainabetterunderstandingof thevariousparametersthatinfluencetheefficiency of differentapproaches.In particular, we focus
on inter-domaincontrolaggregation,andcompareanAutonomousSystem(AS) sink-treebasedapproachwith severalexamples
of a sharedAS segmentbasedapproach.The comparisonis donein termsof the amountof statethat is kept, both within a
givenAS, aswell asat edgerouters.Thecomparisonis carriedout primarily throughsimulations,but we alsodevelopa simple
analyticalmodelfor a basicAS configuration,which providesadditionalinsight into the impactof differentparameterson the
efficiency of eachapproach.Our maincontributionsarein providing a greaterunderstandinginto thedesignof efficient control
pathaggregationmethods.

I . INTRODUCTION

DatapathQuality of Service(QoS)issuesareby now reasonablywell understood,anda numberof differentalternatives
have beenproposedandinvestigated,e.g., IntegratedServices(IntServ) [4] andDifferentiatedServices(DiffServ) [9], each
representingadifferenttrade-off in termsof capabilityandscalability. However, thesameunderstandingis notreallyavailable
when it comesto control path issues. The control path consistsprimarily of mechanismsfor reservingand maintaining
the necessarydatapath resources,asembodiedin proposalssuchas InternetStreamingProtocol (ST-II ) [2] andResource
ReservationProtocol (RSVP) [5], with the latter being the currentsolutionof choicefor mostnew IP services.The main
concernwith theseproposalsis their scalability, speciallywhenthinking of inter-domainlinks that areexpectedto carry a
largevolumeof individual reservationrequests.

Our mainmotivationis, therefore,to gaina betterperspective into thescalabilityof variouscontrolmechanisms,andtheir
ability to handlelargereservationvolumes.We focuson inter-domaincontrolreservations,aswe expectthemto bethemost
stressfulin termsof scalability. Our approachis not so muchto proposea specificmechanism,but insteadto try to gain a
basicunderstandingof factorsandparametersthataffect thescalabilityof inter-domaincontrol reservationmechanisms.In
particular, wefocusonevaluatingvariousaggregationtechniquesthatattemptto minimizetheamountof stateandprocessing
dueto resourcereservationon inter-domainlinks. Someof thebasicquestionsinvolvedarehow, whenandwhereto aggregate
individual reservationrequests.To gatherinformationabouta pathandsincewe areconsideringinter-domainaggregation,
we rely on substantialinformationprovidedby the Border GatewayProtocol (BGP)[13], the currentdynamicsolutionfor
inter-domaininformationexchange.

Thereareseveral possiblecriteria that canbe usedto decidehow to aggregatereservation requestson links connecting
differentrouting domainsor AutonomousSystems(AS’s). Aggregationcan, for example,be doneon the basisof a single
sharedAS hop, or on the basisof a sharedAS pathsegment,or simply be basedon having the samedestinationAS, as
proposedin [3]. Thesedifferentoptionstranslateinto differentamountsof statebeingmaintainedat differentlocationsin the
network. In general,stateneedsto bekeptfor eachindividual reservationat all aggregationanddeaggregationpoints,while
stateis kept for aggregatereservationsat all the intermediateinter-domainlinks they traverse.Hence,thegoalof a scalable
solutionis to minimizetheoverall amountof reservationstatein thenetwork, aswell astheamountof reservationstatethat
any routerneedsto maintain.

In addition to the amountof reservation stateneeded,a scalablesolution shouldalso take into accountprocessingand
signalingrequirements,ensuringthat both are kept as low as possible. A relatedfactor is the bandwidthefficiency of a�
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solution, and in particularhow often the bandwidthallocatedto an aggregatereservation is updated. Ideally, bandwidth
shouldbeupdatedaftereverychangeto theindividualreservationsof anaggregate.Thiswouldensurethatonly theminimum
possibleamountwould be allocated,but most likely translatinginto a significantsignalingload. Alternatively, bandwidth
allocationcouldbeupdatedlessfrequentlyto minimizesignalingoverhead.However, this couldaffectnetwork efficiency by
providing someaggregatereservationswith morebandwidththanthey really need,potentiallypreventingothersfrom getting
thebandwidththey require.

All of theabove representissuesthatneedto beexplored,andcarryingout sucha comprehensive investigationis clearly
beyond the scopeof a singledocument.In this report,we concentrateon the aspectof stateoptimizationandconsidertwo
representativefamiliesof possiblealgorithms.Thefirst onemakesaggregationdecisionsonthebasisof sharedAS sink-trees,
while the secondrelieson sharedAS pathsegments.We consideralgorithmsthatbelongto eachfamily, andevaluatetheir
costin termsof theamountof statethey requirebothat theAS level andat edgerouters.

The remainderof the report is organizedasfollows: Section2 coversrelatedwork. Section3 presentscontrol aggrega-
tion issuesanddefinitions. Section4 describesthe two aggregationapproachesunderconsideration,andpresentsa simple
analyticalmodelfor computingtheamountof staterequiredby theseveralcandidatealgorithms.Section4 is devotedto the
evaluationof theperformanceof thealgorithmsby meansof simulations.Finally, Section5 summarizesfindingsandoutlines
futurework.

I I . RELATED WORK

Guérinetal.[6] presentasurvey of possibleapproachesto aggregateRSVPrequestsassumingunicastscenariosandcover-
ing issuessuchasRSVPstatemanagementandpathcharacterization.Thesurvey proposestheuseof aggregationtunnels, i.e.,
pipesbetweenentryandexit pointsof adefinedaggregationregion, i.e.,acloudof routerswhereregularRSVPmessagesare
ignored.A similar approachis followedby Bersonet al.[8]. They considerunicastandmulticastscenarios,focusingalsoon
RSVPaggregationwithin anaggregationregion. Thesetwo approachesareconcernedwith RSVPscalability:RSVPrequires
all therouterson thepathof anindividual reservationto maintainstatededicatedto thatreservation.Theresultingamountof
statecanbeoverwhelmingespeciallyfor backboneroutersthatmayhaveto supporta largenumberof simultaneousrequests.
The two proposalsreducetheamountof stateby aggregatingindividual requestsinsideanaggregationregion. However, in
bothproposals,anaggregationregionis typically synonymouswith anAutonomousSystem,i.e.,ingressandegressroutersare
entryandexit pointsfor theAS, respectively. As a result,neitherconsiderstheproblemof inter-domaincontrolaggregation,
which is thefocusof this paper.

Panet al.[3] wasthefirst work to explicitly considertheproblemof inter-domainaggregation,for which it introducedan
inter-domainsignalingprotocol, the Border Gateway ReservationProtocol (BGRP).BGRPaggregatescontrol information
by merging requeststhathave the samedestinationAS. For eachreservation,BGRPsendsa pair of controlmessagesalong
thepaththatanaggregatewill follow to reachits destinationaccordingto BGPrules,i.e., a sink-tree. On eachAS alongthe
path,edgerouterskeepinformationregardingthetreeeachindividual reservationbelongsto, its sink or root,andtheamount
of bandwidthto reserve for thetree.Usinga treehastheadvantageof avoiding intermediatedeaggregationpoints, i.e.,AS’s
betweensourceanddestinationwhereindividual reservationsneedto beregenerated.Hence,deaggregationtakesplaceonly
at the destinationAS. Pan et al. show that BGRPhasgoodperformancewhencomparedwith RSVPwithout aggregation.
However, BGRPwasnot comparedto otherpossibleaggregationmethods.Hence,assessingits effectivenessasan inter-
domainsolutionremainsanopenquestion.Answeringsucha questionandexploring thespaceof possibleapproachesis one
of themotivationsof our work.

I I I . INTER-DOMAIN CONTROL AGGREGATION DEFINITIONS AND TERMINOLOGY

In thissection,we introducesometerminologyandconceptsrelatedwith inter-domaincontrolaggregationthatwill beused
in the next sections.Throughoutthe document,we considerthatanaggregationregion or aggregationdomainis identified
with an AS. An ingressrouter is a routerplacedat the boundary(edge) of an AS, crossedby traffic thatentersthe AS. An
egressrouter is a routerplacedat theboundaryof anAS, crossedby traffic thatexits theAS. An aggregaterepresentsagroup
of requestswhich canbetreatedasa singlerequestby edgeroutersin thepath,sincethey have similar QoSproperties.For
instance,requestsgoing to the samedestinationcanbe groupedtogetherandtreated,in termsof stateandprocessing,asa
singlerequest.An aggregateis namedoriginating if it startsin the currentAS; it is namedendingif it endsin the current
AS, having thereforeto bedeaggregated;it is namedtransientif it is justpassingby thecurrentAS. Consequently, aggregates
arecharacterizedby their startingandendingAS’s. An aggregator is a processin chargeof processingandpossiblymerging
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requestsasthey leave an AS, hencepositionedat egressrouters. A deaggregator is a processin chargeof splitting ending
aggregatesinto requests,hencepositionedat ingressrouters.Merging of aggregatestakesplacewhenaggregatesthatshare
a segmentof the pathcrossa merging point, asexemplifiedby Fig.1(a). Hence,a merging point is an egressrouterwhere
aggregatescomingfrom differentingresspointscanbemerged. Suchis thecaseof aggregatesA1 andA2 in Fig.1(a), that
will be mergedoriginatingA3. A branching point is an ingressrouterwherearriving aggregatedinformationwill be split,
dueto the necessityof having to follow differentpaths,thuscrossingdifferentegressrouters,asexemplifiedby Fig.1(b).
Intra-domainlinks are connectionsbetweennetworking elementsinside an AS, while inter-domain links are connections
betweenneighboringASs. An AShop representsan inter-domainhop. An AS � is downstreamof anAS � if it is between�
anda destinationAS; AS � is upstreamof AS � if it is betweena sourceAS and � . First-level aggregation,happenswhenan
aggregatebundlestogetherindividual requests.Multi-level aggregationoccurswhenanaggregateof level � containsat least
anaggregateof level ���
	 .

AS1

Merging PointA1

A2

A3=A1+A2

(a)Merging point

AS1

Branching Point

A1=A2+A3

A2

A3

(b) Branchingpoint

Fig. 1. (a)MergingPoint: aggregatesA1 andA2 enteringAS1 throughdifferentingresspointswill bemergedtogether, forming asingleaggregate,A3; (b)
Branchingpoint: aggregateA1 enteringAS1will have to besplit into aggregatesA2 andA3, sincetheseaggregateswill follow differentpaths

Let’snow considerthenetwork scenarioillustratedby Fig.2, whereeachcirclerepresentsanAS,andA’sandD’s(placedat
edgerouters)representaggregatorsanddeaggregators,respectively. To simplify visualization,let’s considerthattraffic flows
only from left to right. In reality, eachedgeroutercanbeseenasbothaningressandegresspoint,sincelinks arebidirectional.
Coreroutersandintra-domainsignalingmechanismsareignored,sincethis studyis aboutinter-domainaggregation.

Let’sconsiderthatA in AS 1 receivesreservationrequestsfrom

D

AS1

AS3

AS5

AS2

A

A

AD

D

D

A

AS4

D

A

AS5

Dst

Dst

Dst

Src1

Src2

Dst1

Dst2

Dst3
Src

Src4

Src5

Src6

A1

Fig. 2. Genericmodelrepresentation

two sources,�
����� and �
����� , going to ������� and ������� in AS 5,
respectively. Let’s supposethat A in AS 1 decidesto aggregate
thesetwo requestsbasedon their commondestinationAS. Thus,
A will sendanaggregate(A1) to thecorrespondingdeaggregator
D in AS 5 (greenarrows). In termsof resourcesrequestedalong
the path, this aggregaterepresentsthe sumof the bandwidthof
eachindividual request;in termsof stateit canbeseenasasingle
request.

If therequestis acceptedalongthepath,edgeroutersalongthe
pathmaintaininformation(state)aboutA1. Along the AS path,
theremightbemorerequestsmergedinto this transientaggregate.
Suchis thecaseof therequestsentby ������� in AS 3 to ������� in AS 5.

Mergingof requestsresultsin loweringthestateneededto bekeptalongthepath: thebuilt

Outgoing, OIncoming, I

Edge Router

Fig. 3. Stateatanedgerouter

aggregateis transmittedbetweenthefirst aggregatorandthelastdeaggregator, andindividual
requestsare“hidden” from intermediaterouters.

Reservation requestsrequireresourceswhenenteringand leaving an AS. Hence,stateis
keptat every A andD. We considerthata request,whetherindividual or aggregate,occupies
oneunit of state: if � requestsaremappedinto 	 aggregateat an A, correspondingstateis�! "	 units;whenanaggregatethatcontains� requestsis deaggregatedata D, thestateoccupiedis 	# $� ; if anaggregateis
transient,it requires% unitsof stateperA andperD.

Fig.3 illustrateswherestateis maintainedat anedgerouter:accountingis donefor incomingandoutgoingrequests.
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Averagestate,&(' for anedgerouter � in anAS is givenby Eq.1 , where)�* representsstatedueto incomingreservationsand+ * dueto outgoingreservations.

&,*.-/)�*0 + * (1)

Correspondingly, theaveragestatefor anAS 1 , �324' (Eq.2) is simply obtainedby summingthestateof its 5 edgerouters.

�326- 78
*:93; &,* (2)

Both �<2 and &,* arerelevantperformancemeasuresfor a givenaggregationscheme.Trackingtheamountof stateat the
AS level givesanoverall measureof performance,while trackingit at the level of routerscanhelp identify variationsin the
amountof statethatindividual routersarerequiredto maintain.For example,anaggregationschemecouldachievea low AS
level amountof stateby having stateconcentratedata few routers.

In thenext section,we usea simpleanalyticalmodelto explain stateaccountingfor the two aggregationapproachesand
theseveralaggregationalgorithms,derivedfrom theseapproaches.

IV. AGGREGATION APPROACHES AND ALGORITHMS

To describeandcomparetheaggregationapproaches,we usethegenericaggregationscenarioillustratedin Fig.4 , where
AS’s 	 to = representsourceAS’s and =6 
>? 6	 to =@ 
>A 
B destinationAS’s. BetweensourceanddestinationAS’s,
thereis a segmentwith > AS’s. CD) representsanedgerouterin chargeof ingressoperations,i.e., possibledeaggregation.CDE representsanedgerouterin chargeof egressoperations,i.e.,aggregation.

For easeof understandingandvisualization,traffic flows only from left to

D

P source AS N destination AS

RI

RIRI

RE

RE

RI

RERE

AS P

AS 1

K AS

AS P+1 AS P+K

AS P+K+N

AS P+K+1

Fig. 4. Inter-DomainAggregationScenario

right. We assumethateachof thesourceAS’s wantsto establishF individual
reservationswith eachof the destinationAS’s andso, the averageamountof
requestsis F � = � B . In theselectedtopology, all pathshave a sizeof >A /	
AS hops,where> is avariablethatcanbesetto reflecta typicalAS hopcount,
e.g.,basedon a given AS pathsizedistribution. To obtainrealisticvaluesfor> , we usethevaluescollectedby Telstra[11] andpresentedin [10]. This data
is basedon BGPmeasurementsobtainedfrom fivemajoroperatorsin 2001and

gatheredfrom a totalof 60978AS. Amongotherfacts,it shows thatthecurrentmaximumAS pathhasa sizeof 10 AS’s. So,> is lessthanor equalto nineAS’s,sincethebiggestpathin ourscenariohas >G H	 AS’s.
In Fig.4, accountingof statediffers asa functionof an AS location. AS’s 	 to B keepstaterelatedonly with outgoing

reservations(individualandaggregate).AS’s =H I>J "	 to =H I>G IB , which aredestinationAS’s,keepstatedueonly to
incomingreservations.Stateaccountingfor AS’s =I 
	 to =K L> is morecomplex anddependson theaggregationapproach
used.

A. Sink-TreeASBasedApproach

Fig.5 displaysan exampleof stateaccountingfor the scenarioof Fig.4 when using a sink-treeAS basedaggregation
approach,asproposedin BGRP. Requestsareaggregatedon thebasisof their destinationAS, sothat theresultingaggregate
is in theform of a sink-treewhoseroot is thedestinationAS. In otherwords,all requestswith a commondestinationAS are
mappedontothesametree,independentlyof their sourceAS.

SinceeachsourceAS is generatingY individual reservationsfor eachdestinationAS, we have F � B individual requests
persourceAS. Also, eachsourceAS createsN aggregates,becauseaggregationis basedondestinationAS’s. Therefore,there
is a total of = � B aggregatesenteringAS =6 M	 . At this AS, merging of the = � B aggregatestakesplacebasedon their
respective destinationAS, which resultsin a total of N outgoingaggregates.Deaggregationoccursonly at destinationAS’s,
whereincomingaggregatesaredeaggregatedinto individual reservationrequests.

Tab. I detailsstatekeptin eachAS, showing unitsbothingressandegressrouters,andEq.3 givestheglobalstatecountfor
a sink-treeaggregationapproachin thisparticularscenario.

�.�N-H=,BPOQ%RF/ $SUT< $SVBW>A�L%RB (3)
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P+K+1

P+K+N

P+1

K AS

PN Aggregates

N Aggregates

1 Aggregate

1 Aggregate
N Aggregates

N Aggregates

P+K

1YN Requests
YP Requests

YP RequestsYN Requests P

Fig. 5. Exampleof accountingfor thesink-treeapproach

TABLE I
GLOBAL STATE FOR THE SINK-TREE APPROACH

AS 1 (...) P P+1 P+2 (...) P+K P+K+1 (...) P+K+N

Ingress (IN,OUT) - - - NP, NP N, N N, N N, N 1, YP 1, YP 1, YP

Egress(IN,OUT) YN, N YN, N YN,N NP, N N, N N, N N, N - - -

Total (Y+1)N (Y+1)N (Y+1)N 3NP+N 4N 4N 4N YP+1 YP+1 YP+1

B. SharedASSegmentBasedApproach

In this approach,aggregationdecisionsaremadebasedon theexistenceof a sharedAS pathsegmentbetweenanexisting
aggregateanda new reservation. In contrast,thesink-treeapproachrequiresa sharedsegmentthatextendsall theway to the
destinationAS. In thesharedsegmentapproach,aggregatesaremergedonly if they sharethesameend-point,but reservation
requestscanbeassignedto any aggregatewith anendingpointupstreamof theirdestinationAS. If nosuchaggregateexists,a
new oneis created,having anend-pointupstreamof thedestinationAS of therequest,i.e., thenew aggregatedoesnotneedto
extendall theway to thedestinationAS. Themotivationfor suchflexibility is thatshorteraggregatesmayaccommodatemore
easilyadditionalfuturerequests.Ourexpectationis thatby aggregatingreservationrequeststhatonly shareasegmentof their
path,we canminimizeglobalstateto bemaintained.The reversesideof this processis that it canresultin having multiple
deaggregationpointsfor eachrequestandthus,globalstateincreases.In contrast,in thesink-treeapproachindividualrequests
requireonly onedeaggregationpoint at thedestinationAS thatrootedthesink-tree.Our goalis to exploreif properselection
of thesharedsegmentsizecanleadto a solutionwith betterperformancethanasink-tree.

P+K+1

P+K+N

K AS

1 Aggregate

1 Aggregate

1 Aggregate

1 Aggregate

1 Aggregate

P Aggregates

Deaggregation

P+KP+1

1

PYN Requests

YN Requests YP Requests

YP Requests

Fig. 6. Exampleof accountingfor thesharedsegmentapproach

Fig.6 exemplifiesaccountingfor thescenarioillustratedin Fig.4(a), whenAS =6 
> is thechosendeaggregationpoint.
Notethatthis is theobviouschoicein thisparticularexample,but thatmorecomplex configurationsmaynotyield suchaclear
choice.Tab. II shows theamountof statemaintainedin eachAS whenusingthesharedsegmentapproach,while Eq.4 gives
globalstate,� � .

�<�X-"SVFY=,BZ $SV=[ I%\B] $SV>?�_^ (4)
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TABLE II
GLOBAL STATE FOR THE SHARED SEGMENT APPROACH

AS 1 (...) P P+1 P+2 (...) P+K P+K+1 (...) P+K+N

Ingress (IN,OUT) - - - P,P 1,1 1,1 1,YPN 1, YP 1, YP 1, YP

Egress(IN,OUT) YN, 1 YN, 1 YN,1 P,1 1,1 1,1 YPN, N - - -

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

ComparingEq.3 andEq.4 by varying the numberof sources,destinationsandalsothe valueof > , we canseethat the
performanceof boththesink-treeandthesharedsegmentapproachesexperiencesvariations.We alsoseethat thenumberof
individual requestspersourceAS, F , hasmoreimpacton stateequation� � thanon � � . This meansthat thesharedsegment
approachis likely to bemoresensitive to theintensityof individual requeststhanthesink-treeapproach.

In orderto understandpossiblevariationsandalsoexplorehow to chooseanoptimaldeaggregationpoint,weintroducenext
two algorithmsbasedon thesharedsegmentapproach,andcomparethemwith a sink-treebasedalgorithm,namely, BGRP.

BiggestPossibleSharedSegment(BPS): This algorithmis triggeredeachtime a new reservationrequestarrives. It then
checkswhetheror not anadequateaggregateexists.By adequatewemeanthattheaggregatehasto have in commonwith the
requesta segmentwith a pre-determinedsize.For instance,if a requesthasonly oneAS hopin commonwith theaggregate,
thenaggregatingthemmight bring only a smalladvantage.In casetherearemultiple possibleaggregates,BPSlooksfor the
onewith thebestsize,i.e.,asizethatminimizesthecostof deaggregation.

Choosinganaggregateis, therefore,madebasedon theMaxi-

AS2 AS3 AS4 AS5
AS1

AS6

Request Y1

Aggregate A1

MinSMaxS

Fig. 7. Sharedsegmentpathsizefor BPS

mumSharedSegment(MaxS)sharedwith therequest.It hasalso
to takeinto considerationtheMinimum SurplusSegment(MinS),
which correspondsto the remainingpathsegmentfrom the end
pointof thechosenaggregateto thedestinationAS of therequest.
Fig.7 displaysadiagramwith MaxSandMinS segments.It illus-
tratesan individual request,Y1, originatingin AS 2 andending
in AS 6, thathasa possibleaggregatecandidateA1. A1 startsin
AS 1 andendsin AS 5, threehopsaheadof AS 2. MaxS is the

segmentbetweenAS 2 andAS 5. MinS is thesegmentfrom AS 5 to AS 6.

TABLE III
VALUES OF MAXS, M INS

Request Path Size (RPS) < 5 >= 5, <= 10 > 10

MaxS `ba cVdVegfih `�a jgdVeVfih `ba kUdVegfUh
MinS `ba lVdVegfih `�a mVdVeVfih `ba nidVegfUh

Valuesfor MaxSandMinS areshown in Tab. III. They werechosenhaving in mind a typical pathsizebasedon thepath
distribution mentionedin SectionIV. If thereis no aggregatewith the requiredcharacteristics,a new oneis createdwith a
sizeequalto MaxS.Tab. IV detailsstatekeptperAS whenusingBPSin thecontext of thetopologyof Fig.4. Thevalueof >

TABLE IV
BPS STATE PER AS

AS 1 (...) P P+1 (...) Deaggregator, D (...) P+K+1 (...) P+K+N

Ingress (IN,OUT) - - - P,P 1,1 1,YPN N, N 1, YP 1, YP 1, YP

Egress(IN,OUT) YN, 1 YN, 1 N,1 P,1 1,1 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

determinesthelocationof AS � , wheretheintermediatedeaggregatoris placed.For 	,oI>po
q , Eq.5 givesthepositionof



8

AS D.

�Z-sr =H ut �  "	g'v>G "	,o[w=H tyx ��  K%v'zw|{
>Z H	,{6	~} (5)

Accordingto Eq.5, thereareonly two deaggregationlocations:AS D andthe destination.But asindicatedin Eq.6, the
total amountof state� � variesbasedon thepositionof D relative to thedestinationAS’s.

�<�X-�r SVFY=,BZ $SV=/�$%\BZ I%\BW>Z I%\>A�L%v'z>G H	�o"wSgFY=,BZ PSg=6�_�gBZ K%RBW>Z K%R>G $S0'zw�{[>G H	�{@	�} (6)

BPShasthe advantageof choosingdeaggregationpointsthat take into accountthe pathsizeof requests.However, it is
sensitive to theorderandcharacteristicsof requeststhattriggertheestablishmentof new aggregates.For example,if thefirst
requestsarriving to anaggregatorhave smallpathsizes,thecorrespondinginitial aggregateswill beshort,which will leadto
a smallnumberof aggregates,but possiblyto many deaggregationpoints. However, if initial requestshave largepathsizes,
theninitial aggregateswill tendto havealsolargepathsizes,whichwill resultin lessdeaggregationpoints,but possiblymore
aggregates.

Segmentswith ’Weighted’DeaggregationPoint (WDS): Thisalgorithmintendsto remedythedeficiency of BPSin limiting
aggregatepath sizesdue to the path size of the first requestsreceived, by including information on the likelihood that a
givenAS will bea terminationpoint for many futurerequests.Specifically, WDS assumesthatAS’s with a largernumberof
downstreamneighborAS’s aremorelikely to bedeaggregationpoints.This makessuchAS’s bettercandidatesfor beingthe
end-pointof an aggregate,andis combinedwith the distancefrom the aggregationpoint whendecidinghow to createnew
aggregates.In otherwords,theaggregatorcomputesaweight, ��2 , for eachAS 1 of eachpathrequest,basedon thenumber
of downstreamAS neighborsandthedistancefrom theaggregatorto AS 1 . It thenchoosesasdeaggregationpoint theAS
with thebiggestweight. Eq.7 defines��2 , where 5�� representsa downstreamneighborof 1 and � representsthedistance
from theorigin AS to 1 , givenin AS hops:

��2@- 8 � 5�� � �z'��i�g'b1 (7)

Therearetwo specialcasesfor the algorithm. Thefirst occurswhentwo AS’s yield the sameweightvalue. In this case,
thealgorithmchoosestheAS nearestto thedestination.ThesecondoccurswhenthedestinationAS is a leaf, i.e., it hasno
downstreamneighbors.For thiscase,thealgorithmassumesthat 5 � -u	 .

Tab.VI displaysthe amountof statekept per AS in the scenarioof Fig.4, whenusingWDS. In this scenario,AS > is
alwaysselectedasthedeaggregationpoint,sinceit yieldsthelargestweight.Total statefor WDS, �3� , is givenin Eq.8.

� � -"SVFY=,BZ $SV=[ I%\B] $SV>?�_^ (8)

TABLE V
WDS STATE PER AS

AS 1 (...) P P+1 P+2 (...) P+K P+K+1 (...) P+K+N

Ingress (IN,OUT) - - - P,P 1,1 1,1 1,YPN 1, YP 1, YP 1, YP

Egress(IN,OUT) YN, 1 YN, 1 YN,1 P,1 1,1 1,1 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 that it hasto know beforehandthe numberof downstreamneighborsfor eachAS. This
informationhasto bekeptandupdatedat eachaggregator. Nevertheless,WDS hastheadvantageof choosingdeaggregation
pointsthatarelesssensitive to thecharacteristicsof individual requestsandtheorderin which they arereceived.
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C. Multi-LevelSegmentAggregationwith ’Weighted’DeaggregationPoint (MLWDS)

The two previous algorithmscanreducethe numberof aggregatescreatedwhencomparedwith the sink-treeapproach.
However, they introducethecostof having to keepinformationaboutrequestsmappedto anaggregateat locationsupstream
of destinationAS’s. Thiscostmight increasesignificantlyglobalstateandhence,thereductionof aggregatesprovidedby the
useof a sharedsegmentapproachmight not be enoughto achieve an optimal aggregationmethod. Therefore,the problem
is having to keepinformationaboutindividual individual requestsat intermediatedeaggregationlocations.This costcanbe
avoidedif insteadof performingfirst-level aggregation,analgorithmperformsmulti-level aggregation:intermediatelocations
won’t needto keepinformationaboutindividual requests,only aboutaggregates.

MLWDS is an algorithmthat performssecond-level aggrega-
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Fig. 8. Aggregationwith MLWDS

tion at sourceAS’s, by first creatingin eachsourceanaggregate
to theAS destinationandthenaggregatingit into a second-level
aggregate,createdaccordingto thealgorithmWDS,i.e.,havingas
destinationanAS upstreamof theAS destinationof therequest.
MLWDSbehavior is illustratedby Fig.8, wheredashedlinesrep-
resentfirst level aggregates.In AS 1, therearetwo sourcesthat
want to establishreservationswith destinationsin AS’s 6 and7.

Then,MLWDS creates��	 and ��% , first-level aggregatesthat endin AS’s 6 and7, respectively. Then,MLWDS createsa
second-level aggregate, �X� , at AS 1, following WDS rules. Hence, �X� destinationwill be AS 5. �X� , representedby the
rectanglebetweenAS’s1 and5, is asecond-level aggregateuntowhichA1 andA2 aremapped.Therefore,betweenAS 1 and
5 edgerouterskeeponly statedueto ��� . AS 5 keepsinformationabout ��� at ingressandabout �Y	 andA % at egress,since
theseaggregateshave asdestinationAS’s downstreamof AS 5. It shouldbenoticedthat in this example,aggregatesA1 and
A2 will not bereaggregated.However, in morecomplex scenarios,it is mostlikely thatmulti-level aggregationwill occurat
locationsupstreamof thedestinationAS of therequest.

ConsideringthatAS 8 alsowantsto establishreservationswith AS 7, thenit will have to createanaggregate,�NS , having
asdestinationAS 8. WhenreachingAS 3, a merging point, �NS will be reaggregatedwith ��� . Hence,AS 4 will only keep
informationregarding��� .

The ideabehindMLWDS is that it is mostlikely thatan AS sourcereceivesmorethanonerequestdestinedto the same
destinationAS. However, sincethe shared-segmentapproachminimizesthe numberof aggregatescreated,MLWDS will
createasecond-levelaggregation,to avoid thecostof deaggregatingto thelevelof individualrequestsin intermediaterequests.

Thereis anexceptionin thebehavior of MLWDS: if, accordingto therulesof WDS, thebestdeaggregationlocationof an
aggregateis thedestinationAS, thenMLWDSwon’t performsecond-level aggregationfor thataggregate.

ConsideringagainFig.4 , Tab. IV detailsstatekeptperAS whenusingMLWDS.Globalstatefor MLWDS, �<� , is givenby
Eq.9.

�3�X-6%\FY=,BZ PSg=" P�g=,Bs I%\BZ PSg>?�L^ (9)

In Tab. IV, wecanseethatstatedueto individual requestsis now only keptatsourcesanddestinations.

TABLE VI
MLWDS STATE PER AS

AS 1 (...) P P+1 P+2 (...) P+K P+K+1 (...) P+K+N

Ingress (IN,OUT) - - - P,P 1,1 1,1 1,PN 1, YP 1, YP 1, YP

Egress(IN,OUT) YN, N+1 YN, N+1 YN,N+1 P,1 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 thenext section,wegiveabrief comparisonof thefour algorithmsfor thescenariopresented.

D. A ComparisonExample

In thissectionwepresentasimplecomparisonof BGRP, BPS,WDS,andMLWDSin termsof thestatethey requirefor the
configurationof Fig.4. We aim to show changesin statedueto thevariationof thenumberof sources,destinations,andthe
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sizeof thesegmentbetweensourcesanddestinations,> . Hence,> is variedbetween1 and10,while = , B , and F aretaken
to bebetween1 and � , a largevalue.

Tab.VII detailsthepossiblecombinationsof = , B , F , and > in termsof Eq.3, Eq.6, andEq.8.

TABLE VII
GLOBAL STATE COMPARISON, �����/���b�

ROW P N Y K BGRP BPS WDS MLWDS

1 Small Small Small 1 h�����c h m ��c h n ��c h��3���
10 h�����n�n h m ��n�n h n �#nQn h��3�#n �

2 Small Small Large 1 h ��� l�� h m � n�� h n � n�� h �<� l �
10 h ��� l�� h m � n�� h n � n�� h �<� l �

3 Small Large Small 1 h�� � c�� h m � n�� h n � k � h�� � j��
10 h�� � nQn�� h m � � k � h n � k � h�� � j��

4 Small Large Large 1 h ��� l�� lz¡ k�� h m � n�� l h n � n�� lz¡ l � h �<� l � lz¡ � �
10 h ��� l�� l ¡ n�l � h m � n�� l ¡ � l � h n � n�� l ¡ l � h �<� l � l ¡ � �

5 Large Small Small 1 h�� � k�� h m � c � h n � c � h�� � � �
10 h�� � k�� h m � c � h n � c � h�� � � �

6 Large Small Large 1 h ��� l�� l ¡ n � h m � n�� l ¡ n � h n � n�� l ¡ n�� h �<� l � l ¡ j��
10 h ��� l�� l ¡ n � h m � n�� l ¡ n � h n � n�� l ¡ n�� h �<� l � l ¡ j��

7 Large Large Small 1 h�� � k�� l ¡ l�� h m � n�� l ¡ n � h n � n�� l ¡ k � h�� � j�� l ¡ k �
10 h�� � k�� l ¡ mQc � h m � n�� l ¡ � k � h n � n�� l ¡ k � h�� � j�� l ¡ k �

8 Large Large Large 1 h ��� l�� m ¡ n � l ¡ l�� h m � n�� m ¡ n � h n � n�� m ¡ k � h �<� l � m ¡ m � l ¡ k �
10 h ��� l�� mz¡ n � l0¡ mQc � h m � n�� mz¡ � k � h n � n�� mz¡ k � h �<� l � mz¡ m � lz¡ k �

If we look at row onein Tab.VII, we seethat whenthereis a small numberof source(P) anddestination(N) AS’s, as
well asa smallnumberof requests(Y), thefour algorithmsshow similar performance,which meansthatnoneof thevaried
parameters,whenreferringto small quantities,hassignificantimpacton the behavior of the algorithms.Still consideringa
smallnumberof sourcesanddestinations,but increasingtheloadof requests(row two), bothMLWDSandBGRPrequireless
statethanthe othertwo algorithms:this happensbecauseMLWDS andBGRPkeepstateof individual reservationsonly at
sourceanddestinationAS’s,while BPSandWDSaddto this thecostof having to keepinformationaboutindividual requests
atoneintermediatedeaggregationpoint. When > changesfrom 1 to 10,theamountof statefor any of thealgorithmsremains
constant,which shows that thevalueof > in this particularconfigurationdoesnot influencesignificantlytheaverageglobal
staterequiredby any of thealgorithms.

If we keepthenumberof sourceslow, but increasethenumberof destinations(row three),BGRPpresentsworseperfor-
mancewhencomparedwith any of theotherthreealgorithms.This happens,becauseBGRPstatedependson thenumberof
destinationAS’s. Also, in thisscenario,WDSandMLWDSperformanceis approximate,becausethey chooseanintermediate
deaggregationpoint andthenumberof requestsis small. But, if we increaseagainthe amountof reservationrequests(row
four), thenMLWDSperformsbetterthantheotherthreealgorithms.WDSandBPSshow similarperformance,whichis worse
thanBGRPor MLWDS: in thecurrentconfiguration,WDS andBPShave to keepcloseto twice theamountof stateneeded
by BGRP.

Changingtheconfigurationby introducinga largenumberof sourcesandasmallnumberof destinations(row five),aswell
aslow intensityof requests,thenthefour algorithmsshow acloseperformance,eventhoughBGRPis thealgorithmrequiring
lessstate.Thevalueof > is not significantunderthis configuration,sincewhether> is equalto 1 or 10, thevalueof global
stateremainsapproximatelythe same. When increasingthe intensity of requests(row six), WDS and BPS performance
decays:they needto keepcloseto thedoubleof theamountof stateof BGRPor MLWDS.Onceagain,staterequiredfor any
of thealgorithmsdoesnot dependon thevalueof > , sincewhetherweequal > to 1 or to 10,stateremainsthesame.

In aconfigurationwith a largenumberof sourcesanddestinationsbut smallamountof requests(row seven),bothMLWDS
andBGRPrequiremorestatethanBPSor WDS,becausedeaggregationis not optimizedalongthesegmentbetweensources
anddestinations.BPSandWDS show closeperformanceagain,eventhoughthatBPSalsodependson thevalueof K, while
WDS doesnot. Increasingthenumberof requests(row eight),we getsimilar results,eventhoughthat theglobalamountof
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stateis higher, for any of thealgorithms.
Fromthis specificexample,we caninfer somepreliminaryconclusions.First, theintensityof requestsis a factorof major

importancefor theperformanceof aggregationprocedures:any of thealgorithmssuffersconsiderableperformancevariations
whenincreasingtheintensityof requests.Second,boththeproposalof multi-level aggregationbasedonsharedsegments,and
thesink-treeapproachappearto belesssensitive to configurationswith highnumberof requests,whichseemsto indicatethat
usingintermediatedeaggregationpointsfor thecaseof first-level aggregationresultin having ahighcostof statealongapath.
Third, theshared-segmentapproachrequireslessamountof statedueto aggregates,sinceit reducestheamountof aggregates
generated.Fourth,sharedsegmentsecond-level aggregationseemsasa reasonablesolutionto achieve isolationof individual
requestsin intermediatelocationsof apath.

In thenext section,wepresentsimulationsthatexplorein furtherdetailthebehavior of BGRP, BPS,WDS,andMLWDS.

V. PERFORMANCE EVALUATION

Theanalyticalmodeldevelopedin sectionIV demonstratesstateaccountingby meansof aparticularscenario,highlighting
the impact that different factorshave in the overall stateof a network. Factorsthat we consideredwere the amountof
individual requests,numberof sourceanddestinationsAS’s, aswell assizeof segmentssharedby requestsbetweentheir
sourcesanddestinations.However, whenconsideringheterogeneousnetworkssuchastheInternet,thereareotherfactorsthat
might influencestateto bekept,suchastraffic distribution,or theaveragedurationof reservations.Hence,to understandthe
behavior of thealgorithmsunderrealisticscenarios,we carryout simulationsby usingthenetworksimulatorversion2 [12].
The topologiesusedto createthe variousscenariosare generatedby BRITE[1], a topology generatorwith the ability of
creatingAS-level topologies.Wemodelthearrival of requestsasaPoissonprocesswith exponentialdistributedlifetime mean¢ , andarrival rateof £ requestspersecond.For eachsimulationscenarioandfor differentvaluesof ¢ , £ is keptconstantto
allow aconsistentcomparisonof thealgorithms,accordingto thetraffic intensityformulafor an ¤H¥�¤H¥R¦ model[7], sincefor
thecaseof stateaccounting,blockingoverheadis negligible. To apprehendtheinfluenceof theaveragedurationof requestsin
theoverall state,we usethreedifferenttypesof requests:short-livedreservationrequests(SLR) with anaverageexponential
durationof 20s, long-livedrequests(LLR) with anaveragedurationof 120s,anda mix of 50%SLR,50%LLR, thatstands
for a particularexampleof mixedtraffic (MLR).

To distributerequestsacrosstopologiesandsincethere

l0 l1

S0 S1 Sn

D0 D1 Dn

AS0 AS1 ASn

Fig. 9. Generictopologymodel

is no currentinformationregardingtraffic distribution in
the Internet,we apply two differentdistribution methods:
an homogeneousand a hotspotmethod. In the former,
sourceAS’sarechosenrandomlyanddestinationsareplaced
accordingto the distribution of addressesby AS distance
mentionedin sectionIV. In the latter, we usetheconcept
of hotspot, i.e.,anAS with higherincidenceof traffic than
the others. For eachsimulation,stateaccountingis done
both at the AS andedgerouter level by gatheringstatisticdynamicallyfor incomingandoutgoingreservations: minimum,
averageandmaximumvaluesareupdatedeachtime thecorrespondingvariablesuffersa change,calculatedaccordingto the
formulaspresentedin AppendixB. With thevaluesobtained,minimum,average,andmaximumstateperrouterandperAS
arecomputedwith a 95%confidencelevel. Eachsimulationexperimenthasa durationof 1800s, anddataobtainedis only
consideredafter an warm-upperiodof 300s, to assurethat we obtainsteady-stateresults. Also, to achieve universaland
independentresults,eachexperimenthasbeenrepeatedseveraltimesusingdifferentrandomnumberseeds.

A. SimpleFlat andHierarchical Topologies

For thefirst experiment,we usethetopologyillustratedby Fig.9, which wasfirst introducedin theBGRPproposal.This
is a generictopologymodel,useful to modelsimplebut different topologies,that help to show relevant differencesin the
behavior of thealgorithms.

In Fig.9, eachAS § representsa transitAS. �<¨ representsa groupof sourceAS’s and �(¨ a groupof destinationAS’s
directlyconnectedwith AS § , 	Do[§©oK5�'z5ª-«	�} . Thismodelsa topologywhereany pathhasasizelessthanor equalto ten
AS’s. Eachof thesourceAS’s in � ¨ sendsonereservationto eachof thedestinationAS’s in � ¨ . Thismodelallows to create
differentkindsof topologies:¬ flat topologies,wherefor for eachAS § , ­|� ¨ -6­�� ¨ ;
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¬ hierarchical topologies,where ­|�<¨ and ­��(¨ vary; this propertyallows to createtopologieswith moresourcesand
destinationsin the edges- heavytailed - or in the interior. So,portionsof the topologycontributemorethanothersin
termsof requests.

This generictopologyis usedto modeltwo differentscenarios,onethatusesa flat topologyandonethatusesa hierarchical
topology, describednext.

Flat Topology: This scenarioillustratesthealgorithmsbehavior for a simpleflat topology. EachtransitAS § is directly
connectedto fivesourceandfivedestinationAS’s: ­|� ¨ -M­�� ¨ -@wi'U	Yo">®oM	~} , andeachsourceis sendinga requestfor
eachdestination.Thismakesa total of wR} � w\}Y-/%gw\}g} requests.

Fig.12 shows statekept for eachof the algorithmsin the form of two charts,onethat plots statealongthe pathdueto
individual reservations,bothat ingressandegress,andonethatplotsstatealongthepathdueto aggregates,bothat ingress
andegress. If we look at the chartsrelatedwith statedue to individual reservationsfor BGRP(a) andMLWDS(d), they
show that BGRP and MLWDS requirethe samestate,kept only at sourceand destinationAS’s. However, BPS(b) and
WDS(c) requirethesamenumberof unitsof stateatsourceanddestinations,but they alsoneedto keepstateaboutindividual
reservationsat intermediateAS’s, which increasesthe global state. Comparingthe chartsthat plot statedueto aggregates,
BGRPis thealgorithmthatrequiresmorestate.

Theseresultscorroboratethefact that thesharedsegmentapproachreducesthenumberof aggregatescreated,whencom-
paredwith thesink-treeapproach.However, they do not give any informationaboutthe isolationof thealgorithmsfrom the
intensityof requests.Hence,usingthesamescenario,we increasethe intensityof requestsin eachsourceof �<¨ to FJ-G	�}
reservations.We areintroducing F , thefactorintensityof requests.

In Fig.13, looking at thechartsrelatedwith individual requests,eachsourceanddestinationAS have to keep500unitsof
state,for any of thealgorithms.BPSandWDS alsokeepstaterelatedwith individual reservationsat intermediatelocations.
But, thesequantitiesarehigherthantheonespresentedin Fig.12, sincethe intensityof requestsincreased.Dueto this, the
decayin theperformanceof BPSandWDSis significant.However, thatis not thecasefor BGRPandMLWDS,whichpresent
a similar performancein bothscenarios,hencecorroboratingthatbothBGRPandMLWDS achieve a fair isolationfrom the
intensityof requests.

Hierarchical Topology: To checkif thedistributionof requestsinfluencesheavily thealgorithms,wechangethedistribution
of sourceanddestinationAS’s in thetopologyof Fig.9. In this scenario,thedistributionof �<¨ and �(¨ is:

r ­|�<¨,-6­4�(¨,-«	g'�>¯o
�±°Z>p²I^­4�.¨D-@­4�(¨D-«	R	g'v�!{I>p{[^
Thus,thereis a total of 50 sourcesand50 destinations,sendinga total of 2500requestsagain,asin thepreviousscenario.

However, in theformerall transitAS’swouldhavethesamenumberof requestsgoingby, while in thecurrentscenariointerior
AS’sarecrossedby morerequests.Fig.14showsagaintwo differentchartsperalgorithm,onethatplotsstatedueto individual
requestsandonethatplotsstatedueto aggregaterequests.Regardingstatedueto individualreservations,BGRPandMLWDS
presentthesameresults,sincethey keepindividual requestsinformationonly at sourceanddestinationAS’s. BPSandWDS
show quite differentresults,however. If we look at the chartsthat plot statedueto aggregates,we seethat WDS reduces
drasticallythe numberof aggregatesandthat BGRPstill createsmoreaggregatesthanWDS. The differentresultsshow us
thatany of thealgorithmsis influencedby theplacementof requestsacrossa topology.

As in the previousscenario,we want to assessthe isolationof the algorithmsfrom the factorintensityof requestsunder
thesecircumstances.Hence,we increaseagainthe numberof requestsper sourceto F³-®	~} . Fig.14 shows the results,
wherewe seethat any of the algorithmsis influencedby the intensity of requests,sincestatedue to individual requests
increasesproportionallyto the intensityof requests.Fromthis experiment,we concludethat the factorintensityof requests
hassignificantinfluencein statekeptandalso,thatBGRPandMLWDSarethealgorithmsthatshow betterisolationfrom this
factor.

B. TreeTopology

In this experiment,we employ a particulartreetopology illustratedby Fig.??, wherenodesrepresentAS’s. We aim to
epitomizethe behavior of eachalgorithm for the casesof both a source-treeand a destination-treescenario,sincethese
scenariosareof major importanceto understandwherethecritical locationsin termsof stateareplacedin a path,dueto the
aggregationalgorithmchosen.
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Source-Tree: To devise the source-treeexperiment,a uniquesourceAS, node0, sendsrequeststo every other node,
accordingto thehomogeneousdistributionmethod.In thetree,themaximumpathsizeis five,sincethis is thecurrentaverage
pathsize in the Internet. Fig.16 outlinesstateper AS at ingressandegressfor eachalgorithm,whenrequestsareof type
SLR andwhen £[-?w\}R}g} requests/s.If we look at the first chartrelatedwith eachalgorithm(chartthat plots staterelated
with individual requests),we can identify easily the sourceanddestinations:the sourcekeepsstateonly at egress,while
destinationskeepstateonly at ingress.For BPS(b) andWDS(c) wecanalsospottheintermediatedeaggregationpoints,since
they keepstatedueto individual requests.

Comparingthesecondchartof eachof thealgorithms(chartthatplotsstatedueto aggregates),we seethatBGRP(a) re-
quiresin averagetwicetheunitsof statethantheotheralgorithmsfor theaggregatesit creates.Also,eventhoughMLWDS(d)
createsmoreaggregatesat thesourcethaneitherWDS or BPS,throughtheremainderpathit alsorequireslessunitsof state
perAS, dueto aggregates.Therefore,from a globalperspective,MLWDS is thealgorithmthatrequireslessstate,becauseit
only deaggregatesat thedestination,asBGRP, andalsobecauseit lowersthenumberof aggregatescreated.BPSandWDS
alsolower thenumberof aggregatescreated,but addto this thecostof having to maintainstatedueto individual reservations
at the intermediatedeaggregationpoints,AS 4 and8: theseAS’s keepstatedueto endingaggregatesbut alsodueto their
mappedindividual requests,increasingtheglobalamountof staterequired.Anotherremarkthatwe canmake by observing
Fig.16 is thatany algorithmrequiresthesameamountof stateat destinationAS’s.

Sink-Tree: Let usnow typify thebehavior of thealgorithmsin a sink-treescenario,beingtheonly destinationAS repre-
sentedby node0. Nodes1 to 16 representpossiblesourcesrequestingreservationsto node0, accordingto thehomogeneous
traffic distribution method.Fig.17 depictsstateacrossthe topologyfor BGRP(a), BPSb), WDS(c), andMLWDS(d) when
requestsareof type SLR and £I-Zw\}g}R} requests/s.Likewise to the source-treescenario,we spotsources,destinationsand
intermediatedeaggregationlocationsby looking at thechartsthatplot statedueto individual reservationsfor eachalgorithm.
However, in termsof aggregates,thereis a major differencefor this scenario:while BPSstill choosesintermediatedeag-
gregationpoints,both WDS andMLWDS chooseasonly deaggregationpoints the destinations.Hence,BGRP, WDS and
MLWDShavethesameperformance.Anothermajordifferencefrom thepreviousexperimentis thatfor this scenariothereis
no reductionof aggregates.Theseresultsarein compliancewith thefactthata sink-treescenariois a best-casefor BGRP.

C. Internet-likeTopologies

The previoussimulationsexemplify how algorithmsbehave in specifictopologies,by pointingout staterequiredbothby
aggregatesandindividual requests.Simulationsin this sectioninvestigatetheperformanceof thealgorithmson Internet-like
topologies.First, we devisea scenariowhereonehotspotAS is placedrandomlyin a topology. Becausewe want to assess
theimpactof having a high intensityof requestseitherenteringor leaving anAS, we devisetwo specificcasesof hotspots:a
sourceandadestinationhotspotAS.

SourceHotspotScenario: Thesourcehotspotscenariois emulatedby placingrandomlya sourcehotspotin thetopology
illustratedby Fig.11(a): the hotspotAS generates60% of the requeststo differentdestinations.Remainingrequestscome
from sourcesscatteredacrossthetopologyanddestinationsarechosenby thehomogeneoustraffic distributionmethod.

Looking at Tab.VIII, which detailsstateper AS andper routerin termsof minimum,average,andmaximum,we verify
thatMLR requestsneedthehighestamountof state,whenusingany of thethreealgorithms.This happensbecauserequests
arriveandareservedat differentintervals,which impliesmoreupdatesin termsof state.

SLRrequestsdemandhigheraverageandmaximumstatequantities,whencomparedto LLR requests:becauserequestsare
short-lived,aggregatesaremoreoftentorn andcreated.

BGRPandMLWDS performanceis similar for any typeof requests:eventhoughthatMLWDS createsmostlikely more
aggregatespersource,it reducestheaveragenumberof aggregatescreated,achieving thesameperformanceof BGRP. WDS,
which createslessaggregates,suffers the costof usingseveral intermediatedeaggregationlocations,having the worst per-
formanceof the four algorithms. BPS hasthe lowest performance,also due to the amountof statekept in intermediate
deaggregationpoints. Confidenceintervalsshow us that BPSis the algorithmwith a highervariationof state. However, it
shouldbenoticedthatBPSalsoreducesthenumberof aggregatescreatedwhencomparedwith BGRP.

To graspthe influenceof the intensity of requestsin the performanceof the algorithms,we repeatthis experimentfor
differentvaluesof £.´ Theevolution of averagestatefor differentvaluesof ¢ whenincreasing£ , for the four algorithms,is
plotted in Fig.18. Comparingthe chartsof the four algorithms,BGRP(a) andMLWDS(d) presenta similar evolution of
stateunitswith theincreaseof theintensityof requests,eventhoughMLWDSrequiresslightly lessstatewith theincreaseof
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Fig. 11. Internet-like topologies:(a) is usedin thehotspotexperiments;(b) is usedin thehomogeneoustraffic experiment

TABLE VIII
AVERAGE STATE PER AS FOR THE SOURCE HOTSPOT SCENARIO, µX¶�·¸�¸�¸� REQUESTS/S

¢
SCOPEVARIABLE BGRP(Avg/ 95%CI) BPS(Avg / 95%CI) WDS(Avg/ 95%CI) MLWDS(Avg/ 95%CI) �ifVh�i¹Uegf º�» h�i¹UeVf ¼#½\º�» h�i¹UeVf

20s AS Min 441.52437.65,445.39663.34 617.55, 709.13 524.86 500.77, 548.95 436.76432.70,440.82 1.5 1.19 0.99

(SLR) Avg 571.51570.36,572.66835.14 788.87, 881.41 684.04 658.19, 709.90 566.16565.35,566.96 1.46 1.2 0.99

Max 704.26702.64,705.881013.54963.30, 1063.78859.15 830.33, 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 1.19 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 1.22 0.99

50%20s AS Min 658.88652.65,665.111000.90959.64, 1042.16812.78 729.86, 895.70 653.61647.15,660.07 1.52 1.23 0.99

50%120s Avg 781.42778.32,784.521169.331125.36,1213.30966.67 871.84, 1061.49776.25773.12,779.38 1.5 1.24 0.99

(MLR) Max 903.52901.57,905.471336.431292.80,1380.061123.541017.40,1229.68898.31896.38,900.24 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, 82.51 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 112.94112.70,113.18167.05 161.60, 172.51 140.44 127.18, 153.71 112.29112.05,112.53 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 1.17 0.99

(LLR) Avg 564.08561.07,567.08826.98 797.99, 855.96 664.46 641.22, 687.70 559.33555.93,562.72 1.47 1.18 0.99

Max 663.89661.40,666.38960.85 928.82, 992.88 792.69 767.90, 817.48 658.83656.60,661.06 1.45 1.19 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 1.17 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 1.18 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 1.19 0.99

requests.This resultsmeansthatMLWDSbehavesbetterfor scenarioswith high intensityof requests.EventhoughWDS(c)
presentsa linearevolution with the increaseof the intensityof requests,its performancedecays,sinceit needsto keepstate
dueto individual requestsat intermediatelocations.BPS(b) is thealgorithmthat requiresmorestate,andalsotheonemore
affectedby theintensityof requests.Also, looking at thevaluesplottedwhen £ª-Mw\}g}R} requests/s,we attestthatBPSshows
higherstateoscillationsthanBGRP, WDS or MLWDS for requestsof typeSLR,which indicatesthat this algorithmis more
sensitive to short-livedrequests.

DestinationHotspotScenario: The destinationhotspotexperimentis emulatedby againplacingrandomlya hotspotin
the topology. However this hotspotnow representsa destinationwith a high incidenceof requests:it receives60% of the
wholerequests.Theremaining40%requestsareplacedby thehomogeneoustraffic distribution, beingthesourcesscattered
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acrossthetopology. Tab. IX shows stateperAS for this scenario,when £�-«w\}g}R} requests/s.Thefirst evidencepresentedis
thatBGRPandMLWDS achieve similar performance,independentlyof thedurationof requests.BPSandWDS experience
deteriorationup to 30%whencomparedwith BGRP, possiblybecausethenumberof deaggregationpointschosenincreased.

TABLE IX
AVERAGE STATE PER AS FOR THE DESTINATION HOTSPOT SCENARIO, µX¶¾·¸�¸�¸� REQUESTS/S

¢
SCOPEVARIABLE BGRP(Avg/ 95%CI) BPS(Avg/ 95%CI) WDS (Avg/ 95%CI) MLWDS (Avg/ 95%CI) �ifVh�i¹VeVf ºy» h�i¹Uegf ¼�½\º�» h�i¹UeVf

20s AS Min 443.29438.07,448.51601.79 442.10,761.48 497.27 474.85,519.69 437.86432.74,442.98 1.36 1.12 0.99

(SLR) Avg 570.94567.82,574.05760.21 589.74,930.68 648.19 624.13,672.25 566.23563.64,568.82 1.33 1.14 0.99

Max 702.99699.32,706.66930.69 747.74,1113.64817.13 788.42,845.84 698.66695.45,701.87 1.32 1.16 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 1.12 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 1.14 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 1.16 0.99

50%20s AS Min 651.51643.86,659.16799.28 607.99,990.57 750.82 713.96,787.68 646.98639.60,654.36 1.23 1.15 0.99

50%120s Avg 778.46774.91,782.01955.31 747.90,1162.71902.55 854.20,950.89 773.73770.29,777.16 1.23 1.16 0.99

(MLR) Max 897.04890.67,903.411103.40889.17,1317.631051.24993.18,1109.30892.51886.13,898.89 1.23 1.17 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 1.15 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 1.16 0.99

Max 112.13111.33,112.93137.93 111.15,164.70 131.41 124.15,138.66 111.56110.77,112.36 1.23 1.17 0.99

120s AS Min 459.40454.09,464.71612.98 496.14,729.82 523.55 503.62,543.48 454.38449.10,459.66 1.33 1.14 0.99

(LLR) Avg 564.98561.97,567.98746.63 620.24,873.02 649.22 627.38,671.06 559.87556.71,563.04 1.32 1.15 0.99

Max 665.53662.86,668.20876.43 745.72,1007.14775.39 750.16,800.62 660.69657.82,663.56 1.32 1.17 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 1.14 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 1.15 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 1.17 0.99

To perceive the evolution of statewith the increaseof the intensityof requests,we repeatedthe simulationfor different
valuesof £ and Fig.19 plots the resultsobtained,whereonceagainis visible that the patternof behavior of BGRP and
MLWDSis similar, corroboratingthevaluesdetailedin Tab. IX. BPSandWDSrequirealwaysahighernumberof stateunits.
Also, in this scenario,BPSseemsto experiencemoreoscillationswith the increaseof £ , ascanbeclearlyobservedfor the
particularcaseof £�-6w\}g}R} requests/s.

D. HomogeneousTraffic

Thehotspotexperimentsallow usto concludethathaving anAS with higherincidenceof requestsimpactstheperformance
of thealgorithms.However, we cannotassesstheeffect of having anAS with high incidenceof requestsin theoverall state,
without furtherevaluatingthe algorithmsin scenarioswherethereareno hotspots.Hence,the next experimentexemplifies
BGRP, BPS,WDS, andMLWDS behavior in a topologywith no hotspots.We usea largerAS level topology, illustratedby
Fig.11(b), whererequestsaredistributedby thehomogeneousmethod.

Tab.X displaysaveragestateperAS for the algorithms,when £K-ZwR}R}R} requests/s,showing thatMLR requestsdemand
thehigheststatevaluesfor any of thefour algorithms.Thepatternbehavior of BGRPandMLWDS is still approximate,but
MLWDS presentsslightly betterperformance.BPSandWDS show a performancedecayup to 30% whencomparedwith
BGRP, andBPSis thealgorithmthatshowsmoreperformancedeterioration.

Thesimulationwasrepeatedfor differentvaluesof £ , asshown in Fig.??. Resultsobtainedarein accordancewith theones
from previous experiments:BGRPandMLWDS show closeperformance,beingMLWDS the algorithmthat requiresless
globalstate.WDS andBPSperformanceis similar, but BPSshows morevariationsin statewith theincreaseof theintensity
of requests.

ComparingTab. IX , Tab.VIII , andTab.X , BGRPandMLWDS achieve similar performance,even thoughMLWDS is
sloghtly better(1%). BPSandWDS performancevaries,beingalwaysworsethanthe onefrom eitherBGRPor MLWDS,
independentlyof thedurationor intensityof requests.
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TABLE X
AVERAGE STATE FOR THE HOMOGENEOUS TRAFFIC SCENARIO, µX¶�·¸�¸�¸� REQUESTS/S

¢
SCOPEVARIABLE BGRP(Avg/95%CI) BPS(Avg/95%CI) WDS (Avg/95%CI) WDS (Avg/95%CI) �ifUh�i¹UeVf º�» h�i¹VeVf ¼�½\º�» h�i¹Uegf

20s AS Min 242.10241.44,242.76322.87315.60,330.14267.87266.65,269.10237.84236.33,239.361.33 1.11 0.98

(SLR) Avg 373.32372.71,373.94479.80471.62,487.99415.80415.50,416.11385.92382.67,389.161.29 1.11 1.03

Max 506.21504.77,507.66660.60650.62,670.59569.67567.48,571.86539.98533.07,546.901.30 1.13 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 1.11 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 1.11 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 1.13 1.07

50%20s AS Min 350.00347.74,352.25478.76469.41,488.11422.21418.82,425.60334.54331.81,337.261.37 1.21 0.96

50%120s Avg 460.30459.00,461.59622.20613.45,630.96555.62553.36,557.88446.60444.20,449.001.35 1.21 0.97

(SLR) Max 567.41566.04,568.78775.35766.40,784.29688.00684.86,691.14557.09554.26,559.931.37 1.21 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 1.21 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 1.21 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 1.21 0.98

120s AS Min 266.31264.42,268.20337.17328.87,345.46296.24293.09,299.38251.63250.13,253.131.27 1.11 0.94

(LLR) Avg 363.54362.21,364.87456.16448.87,463.44408.54406.50,410.58351.22349.83,352.601.25 1.12 0.97

Max 459.80457.75,461.85586.40579.23,593.58522.27519.26,525.28451.28449.01,453.561.28 1.14 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 1.11 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 1.12 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 1.14 0.98

VI. SUMMARY AND CONCLUSIONS

In this paperwe investigateddifferentaggregationapproachesfor inter-domaincontrolaggregation.Our goalwasto gain
greaterinsightinto theability of differentinter-domainaggregationproceduresin accommodatinglargevolumesof reservation
requestsacrossdifferentroutingdomains.As utility function,we consideredtheminimizationof stateto bekeptperAS and
per edgerouter. We evaluatedtwo basicaggregationapproaches,sink-treeandsharedsegmentbased,andfour algorithms
derivedfrom theseapproaches.BGRPfollows thesink-treeapproach,andBPS,WDS, andMLWDS follow thesharedpath
segmentapproach.Weexaminedstateaccountingby meansof asimpleanalyticalexampleandalsoby meansof simulations.
For eachsimulationexperiment,we variedthe numberof AS’s, durationof requests,distribution of requeststhroughtime,
andalsodistribution of requestsacrossthe topology, sowe couldassessthe impactof eachof thesefactorson thedifferent
aggregationmethodsunderconsideration.

The analyticalexampleattestedthat the intensity of individual reservation requestsis of major importancefor any of
the approaches.However, it is morerelevant for thesharedsegmentapproachin termsof first-level aggregation,dueto the
additionalintermediatedeaggregationpointsthisapproachintroduces:with first-levelaggregation,intermediatedeaggregation
pointsneedto maintaininformationnot only aboutaggregates,but alsoaboutthe individual requeststhataremappedto the
deaggregatedaggregates.However, this costcanbeavoidedif we performinsteadsecond-level aggregation,assuggestedby
usingthealgorithmMLWDS.

SimulationsusingdifferenttopologiescorroboratedthatMLWDS achievesbetterperformancefor thescenariospresented.
Resultsalsoshow thatMLWDSperformanceimproveswith theincreaseof theintensityof requests.WDS andBPS,thetwo
algorithmsthatperformfirst-level aggregationonly andthatarebasedon thesharedsegmentapproachshow deteriorationin
their performance,dueto thecostof intermediatedeaggregationpoints.

A first conclusionto draw from this investigationis thatby performingsecond-level aggregation,theshared-segmentap-
proachpresentsbetterperformancein termsof minimization of statemaintainedalong a path, when comparedwith the
sink-treeapproach.Implementationof this mechanismis of low complexity, sinceonly the sourcesperformsecond-level
aggregation,andits sensitivity to theintensityof requestsis low.

A secondconclusionis thatthesink-treeapproachalsorepresentsa reasonablesolutionin termsof minimizing theamount
of statemaintained.It is alsoof reasonablecomplexity andof low sensitivity to the numberof requests.However, its one
disadvantageis thatit is not optimalin termsof thenumberof aggregatesit creates.Algorithmsbasedon thesharedsegment
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approachreducethenumberof aggregateswhencomparedwith BGRP.
As futurework, weareinvestigatingin moredetailthecomplexity anddrawbacksof implementingmulti-level aggregation.

We arealsoinvestigatingthebandwidthefficiency andoverall signalingloadof thedifferentapproachespresented.Both are
importantperformancemeasuresbeyondtheamountof reservationstate,thatwasthefocusof this paper.
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APPENDIX A: RESULTS
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Fig. 12. Globalstatein aflat topology, À�¶��
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Fig. 17. Globalstatein asink-tree,Â�¶�Ã¸��Ä¸ÅÆµX¶¾·¸�¸�¸� requests/s
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Fig. 18. Evolutionof statewith numberof requests,sourcehotspotscenario
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Fig. 19. Evolutionof statewith numberof requests,destinationhotspotscenario
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Fig. 20. Evolutionof statewith numberof requests,homogeneoustraffic scenario
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APPENDIX B: FORMULAS

Formulaspresentedin this appendixwereusedto calculatethe maximum,averageandminimum valuesfor eachof the
variablesusedin thesimulations(Section4). B representsavariable,� anedgerouterand Ç anAS. For instance,�XÈVÉ~��ÊgËUÉ�ÌÍ
representstheaverageof variableN at router � . �bÎ ÏÑÐ�Ò representstheinstantwhenthesimulationended. ��Ó<Ô Í 2�Õ�Ò represents
the instantafteranadequatewarmupperiod.��* representsan instantwhen B suffereda change. 5 representsthenumberof
edgeroutersat AS X and Ê representsthetotal numberof AS’s for aspecificscenario.

StatisticperRouter¬ N Averageat routerr: �XÈVÉ~��ÊgËUÉ�ÌÍ6-JÖ|×Ø �g` Ì Ø Ù Ï Ø ¡ ��Ú Ï ØÜÛÏÑÝÑÞàßÑá Ú ÏÜâUã�ä å<æÆá 'b��*�çLè ��Ó<Ô Í 2�Õ�ÒU'��bÎ ÏÑÐ�Ò~é¬ N Maximumat routerr: ¤M�NÇ�ÌÍ�-H1¾ÊV�êOÑB Ï Ø 'ÆB Ï ØÜë � '�´:´:´ T�'b� * çLè � Ó<Ô Í 2�Õ�Ò '�� Î ÏÑÐ�Ò é¬ N Minimum at routerr: ¤M)gB�ÌÍ -"1¾� 5ìOÑB Ï Ø 'ÆB Ï ØÜë � '�´:´í´îT¸'�� * ç$è � Ó<Ô Í 2�Õ�Ò '�� Î ÏÑÐ Ò é
StatisticperAS¬ N AverageatAS X: �XÈVÉ~��ÊgËUÉ�Ìï6-@ð 7*:93; �XÈVÉ~��ÊgËUÉ�ÌÍ Ø 'b�ìo
5¬ N MaximumatAS X: ¤M�NÇ ÌÍ - ð 7*:93; ¤M�XÇ ÌÍ Ø '��ñoI5¬ N Minimum at AS X: ¤M)gB�ÌÍG-/ð 7*í9<; ¤M)gB�ÌÍ Ø '��ìoI5
Global Statistic¬ GlobalAverage:�NÈUÉ~��ÊgËiÉ Ì - Ö ×Ø �R`Uò3ó�ô Í Ô�õ ô�ö÷ ØÔ¬ GlobalVariance:ÈUÊg� Ì - Ö ×Ø �g` Ù ò3ó�ô Í Ô�õ ô ö÷ Ø Ú ò3ó�ô Í Ô¸õ ô ö Û lÔ¬ GlobalStandardDeviation: �~� Ì -6ø ÈUÊV�,-úù Ö ×Ø �R` Ù ò3ó�ô Í Ô�õ ô ö÷ Ø Ú ò3ó�ô Í Ô�õ ô ö Û lÔ


