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Abstract—As the Internet hasgrown in sizeand diversity
of applications, two trends have emergedto provide good
end-user perceived performance. First, servers are often
replicated for better scalability of the service. Second,QoS
approachessuch as the differentiated servicesframework
have beenproposedasenhancementto to the best-effort IP
service. We are interestedin the combination of thesetwo
trends; that is, replicated servers in QoS-basednetworks.
In this paper, we focuson the problem of selectingamongst
replicatedserversin the contextof differentiatedservicenet-
works. Our contributions are twofold. First, we designa
QoS-basedserver selectionarchitecture. The architecture
is scalable in the sensethat server selectionand resource
reservationare done in an aggregatedfashion and operate
in the background, rather than being driven by individual
client demand. At the sametime, the architecture offers fast
responsetime to client requestsfor server selection. Sec-
ond, we explore the design spaceimplied by the architec-
tureandevaluatevariousdesignoptionsincluding signalling
protocols, server selection/sortingalgorithms and resource
reservationgranularity .

I. INTRODUCTION

As theInternethasgrown in sizeanddiversityof appli-
cations,two trendshaveemergedtoprovidegoodend-user
perceivedperformance.First, to achieve scalability, Inter-
netservicesfrequentlyusereplication, in which multiple
instancesof a singleservicearedistributedeitherlocally
(in a server farm) or globally (using wide-areareplica-
tion). Effective useof replicatedservicesrequiressolu-
tions to problemsincludingnaming,groupmanagement,
andserverselection(i.e.,selectingaserverto meetaclient
request).

Second,to achievequalityof service(QoS),additionsto
best-effort IP servicein theform of integrated [28], [27],
[25] anddifferentiated services [4], [18], [19] are under
development.Integratedservices(int-serv)canpotentially
offer guaranteedend-to-endQoSon a per-flow basis,at
the cost of complexity in protocol processingand state
requirements.Differentiatedservices(diff-serv) achieve
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scalabilitybydealingwith aggregatesof flowsandoffering
a smallsetof differentservicecategories.

Weareinterestedin thecombinationof thesetwotrends;
that is, replicatedserversin QoS-basednetworks. In this
paper, wefocusontheproblemof selectingamongstrepli-
catedservers in the context of differentiatedservicenet-
works. Ourgoal is to provide thefollowing:

Given a client request for service, select a server
and server-client path that satisfies the client QoS
constraint. The client request will consist of (at
least) a name for the desired service and a QoS
requirement. The server will be selected from
amongst a set of servers that offer the desired
service.

Our focusin thispaperis on thearchitecture,mechanisms
andsignallingprotocolsto maketheselection.We donot
considerissuessuchasreplicatedserver groupmember-
shipanddetailsof theselectionAPI, sincethey arelargely
orthogonalto theselectionsystem.

Best-effort serverselectioncanleveragethe“best-effort”
natureof the serviceto provide a scalablesolution that
usually(but generallynot always)providesgoodperfor-
mance(e.g.,[10], [12], [26], [6], [3], [9], [24]). QoS-based
server selectionfacesadditionalchallenges,sincetheser-
vice inherentlymakesaguaranteeregardingperformance.
Unlike in best-effort networks,offeringa server selection
mechanismin QoS networksmay requireexplicit sup-
port from thenetworklayersincewe have to considerthe
path QoSconstraints. Hencewe believe it is important
to taketheserver selectionmechanisminto consideration
in the designand implementationof diff-serv networks,
so thatserver selectioncanbemoreeasilyandefficiently
supported.Furthermore,thereis alwaysa scalabilitycon-
cernassociatedwith QoSnetworks.Althoughdiff-servis
designedto bemorescalablethanotheralternatives,sup-
portingend-to-endQoSremainsa challengingissue.Any
new mechanismsproposedin thiscontext shouldnot incur
muchadditionaloverhead. For instance,it is not desir-
ableto makeserver selectionandresourcereservationon
a per-flow basis.



Our contributionsaretwofold. First,we designa QoS-
basedserver selectionarchitecture. The architectureis
scalablein the sensethat server selectionand resource
reservationaredonein anaggregatedfashionandoperate
in thebackground,ratherthanbeingdrivenby individual
client demand.At the sametime, the architectureoffers
a fastresponsetimeto theclientserver selectionrequests.
Second,weexplorethedesignspaceimpliedby thearchi-
tectureandevaluatevariousdesignoptionsincludingsig-
nalling protocols,server selection/sortingalgorithmsand
resourcereservation granularity. We find, for example,
that “backward”signalling,from clientstowardsservers,
is much more efficient than “forward” signalling, from
serversto clients. However, backwardsignallingrequires
additionalsupportfrom bandwidthbrokersplacedin the
network,andhenceaddscomplexity to thebandwidthbro-
kersignallingprotocols.

Thepaperis organizedasfollows. We next review re-
latedwork. We introducethe differentiatedservicenet-
work model in SectionIII, and presentthe architecture
designin SectionIV. We then explain the simulation
configurationin SectionV, andpresentour performance
evaluationresultsin SectionVI. Finally, we summarize
our resultsin SectionVII.

II. RELATED WORK

Most researchin server selectionand anycasting has
beendonein the context of best-effort networkssuchas
thecurrentInternet1. Very little attentionhasbeenpaidto
serverselectionin QoSnetworks,with theexceptionof the
PNNI specification[2]. In thissection,we first review the
relatedresearchin best-effort networks,andthenexplain
theanycastingmechanismdefinedin PNNI.

A. Server selection in best-effort networks

The simplest server selectionapproachis to assign
servers statically, i.e., eachclient usesa pre-determined
server. For instance, Domain Name Service (DNS)
servers[16] andUsenetnews servers[14] for client hosts
arestaticallyconfigured.DNScanalsobeenhancedtosup-
port mappinga serviceto a server insidea domain[11].
It canapproximatelybalancethe load amongserversby
makingselectionsrandomlyor in a roundrobin fashion.
More sophisticateddynamicserver selectiontechniques
have alsobeenproposed[12], [26], [6], [24]. Suchtech-
niquestypically selectserversbasedonserverand/orpath
characteristicsthataredynamicallymeasured.

1Anycast is a communicationparadigminvolving selectionof one
destinationfrom a setof destinations.We usethe termsanycastand
serverselectioninterchangeably.

Server selectioncanbesupportedat eitherthenetwork
layeror theapplicationlayer. RFC1546proposesa net-
work layeranycastservicethatcanbeusedfor servicelo-
cationandauto-configuration[21]. Recently, Katabiand
Wroclawski presenta framework for Global IP-Anycast
(GIA) [15], intendedtoprovideglobalsupportfor network
layeranycastin a scalableway. Networklayeranycasting
typically doesnot considerserver characteristicssuchas
theserver load.

Fei et al. have proposeda detailedapplication-layer
anycastingarchitecture,includinganovel serverselection
mechanismthatcanbeusedfor Webservers[3], [9], [29].
Their architectureconsidersbothserver andpathmetrics.
Designated“resolvers” areusedto collect both pathand
server informationandto selectanappropriateserver for
clients. We will usethe resolver-basedarchitectureasa
startingpoint for our architecture.

All theabovestudieshavebeenconductedin thecontext
of best-effort networks.Themajorgoalis toselectaserver
(togetherwith thepath)with thebest“performance”(e.g.,
with shortestexpectedresponsetime). Our studydiffers
fundamentallyfrom the earlierwork dueto the focuson
QoSnetworks.Our primarygoal is to selecta server and
path that satisfy the client QoS constraintand optimize
networkresourceusage.Furthermore,scalabilityisamore
challengingissuein our studybecauseof theoverheadin
QoSnetworkoperations.

B. PNNI anycasting

PNNI is a QoS-basedrouting and signalling protocol
for ATM networks[2], usedto setup a virtual circuit that
meetstheuserend-to-endQoSrequirements.Wedescribe
theanycastserviceprovidedin PNNI in detailhere,given
its relevanceto our study. PNNI definesanycastservice
at the network/link layer, as part of its routing architec-
ture. Eachserver that providesthe sameservicepartici-
patesin the sameanycastgroupby declaringthat it can
reach the anycastgroupaddress.The reachability infor-
mation is floodedthroughoutthe network. Whena user
needsto requestaservice,it simplysendsarequestacross
the user-networkinterface(UNI) to a directly connected
switch, indicating its QoSrequirementsand the anycast
groupaddress.Theswitch thenselectsa server basedon
reachabilityinformation. The rest of the operationsare
similar to unicastrequests:theswitchfirst selectsa path
to the server basedon its routing databaseand the user
QoSrequirement,thensendsout a connectionsetupre-
questalongthepath.Theconnectionis successfullysetup
if everynetworkcomponentonthepathandtheservercan
indeedsatisfytheQoSrequirement.NotethatPNNI does
not specifyhow to selecta serveror path.
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The major constraintsof PNNI anycastingare as fol-
lows: First, PNNI supportsroutingandanycastingbased
onfloodingof networkstateandreachabilityinformation,
which consumessignificantnetworkresources.Further-
more,theoperationsaresupportedon a per-flow (or con-
nection)basis,andhencetheoverheadincreaseswith the
numberof flows. Bothreasonsleadto scalabilityconcerns
with theprotocol.Second,PNNI doesnot considerserver
QoSinformation.A switchcanonly selecta server based
onreachabilityinformation,withoutknowing whetherthe
servercansatisfytheclientQoSconstraintsor not. Hence
theselectedserver maynot sustaintheuserQoSrequire-
ment,especiallywhenservercapacityis lessadequatethan
networkcapacity.

Our work considersserver selection in a diff-serv-
capableInternet,whichdoesnot lenditself to muchof the
ATM-stylemechanismsusedin PNNIanycasting.Further-
more,we considerbothpathandserver QoSinformation
in ourserver selectionarchitecture.

III. DIFFERENTIATED SERVICE NETWORKS

Core router

Edge router

Fig. 1. Edgeandcorerouters

This sectionprovidesa brief overview of differentiated
services,andhighlights the most importantassumptions
with respectto our work. Diff-serv networksdistinguish
betweenedge routersandcore routersof a domain(Fig-
ure1). Edgeroutersareconnectedto endhostsor routers
of other domains. A core router is solely connectedto
routersin itsown domain.Sincecoreroutersgenerallysee
many moreflows thanedgerouters,a diff-serv network
implementsonly simpleoperationsin thecoreroutersand
pushesthecomplexity to theedge.Whendatapacketsen-
teradiff-servdomain,they areclassified,marked,shaped,
and policed in the edgerouters,typically on a per-user-
flow basis.Thepacketsthatpassthroughtheedgerouters
aremarkedascertainflow aggregates,eachcorresponding
to a per-hop behavior (PHB). The PHB defineshow the
packetsshouldbe forwarded. The core routerstreat the
packetson a PHB basis,i.e., thepacketssharingthesame
PHBsaretreatedin thesameway. Only a small number
of PHBsareto besupportedin thecorerouters.

QoScanbeguaranteedin a diff-servnetworkdomainif
theresourcesareappropriatelyprovisioned.Theresources
aremanagedbasedon contractsbetweentheneighboring

diff-servdomains,calledservice level agreements (SLAs).
Thediff-servdomainsconfiguretheiredgeandcorerouters
basedontheSLAsto makesureenoughresourcesarepro-
visionedfor thediff-serv traffic. End-to-endQoScanbe
ensuredby concatenationof theSLAs betweenall neigh-
boringdomainson thepath.

Many detailsregardingtherealizationof adiff-servnet-
work remainopenandarethesubjectof debatewithin the
IETF andelsewhere.Therefore,wemakeasetof assump-
tionsaboutthebasicoperation,which areconsistentwith
thecurrentproposalsfor diff-servoperation.Specifically,
we assume:

(1) Theresourcesin eachdiff-servdomainaremanaged
by anentitycalledabandwidth broker (BB) [19]. TheBB
is responsiblefor negotiationwith BBsin theneighboring
domains,and resourcemanagementin its own domain.
BBs in differentdomainstypically do not shareresource
availability information,but they cancommunicatewith
eachotherto reserve resourcesby usingsignalling. One
exampleof suchasignallingprotocolis theQboneBB pro-
tocol definedby the Internet2QBoneBandwidthBroker
AdvisoryCouncil[17].

(2) SLAsdefinethemaximumamountof resourcesthat
canbe allocatedby onedomainon behalfof anotherdo-
main. SLAs are relatively static, i.e., they changeon a
longtime-scale(weeksor months).A particularportionof
theresourceswithin therangeof theSLA mustbeexplic-
itly allocatedbeforeany datacanactuallyusetheservice.
Suchresourceallocationcanoccurdynamically, e.g.,ona
time-scaleof severalminutesor hours.

(3) Resourceallocationis typically doneend-to-endbe-
tweenall diff-serv domainsalongthe datapathto insure
end-to-endQoSfor the aggregateflow betweentwo end
domains.

S1

S2

BB2 BB3

C1

C2

BB1

DS2
DS1 DS3

abcd

SLA: b −> c
Peak: max 6 Mbps
In use: 2 Mbps

SLA: from d
Peak: max 5 Mbps
In use: 3 Mbps

(1) Alloc 2 Mbps?(2) Alloc 2 Mbps?

(3) OK (4) OK

Fig. 2. Resourceallocationin diff-servnetworks

Figure2 shows an exampleof the resourceallocation
process.Supposediff-servdomainsDS3andDS2havethe
followingSLA: DS2providesavirtualwire(VW) service2

for DS3 from ingresspoint b to egresspoint c with peak

2VW [20] intendsto emulatea conventionalleasedline servicein
diff-servnetworks,by usingtheexpeditedforwarding(EF) PHB [13].
It guaranteesto deliver datawith a specifiedpeakrate,low loss,low
latency, andlow jitter. HereweuseVW asanexample,but ouranycast
architecturedesigndoesnotdependonany particularservice.
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rateof 6 Mbps.Also assumethat2 Mbpshasalreadybeen
allocated. Similarly, assumeDS1 providesVW for DS2
from ingresspoint d to any of thehostsin DS1with peak
rateof 5 Mbps;assume3 Mbpshasalreadybeenallocated.
Supposethatit is determinedthatsomecollectionof hosts
in DS3needtosenddatatohostsin DS1atarateof 2Mbps.
The bandwidthbrokersin eachdomainare responsible
for allocatingthe resources,as indicatedby the ordered
messageexchangebetweenBBs. BB3 will senda request
messagealong the datapath to BB2, and then to BB1.
If resourcesareavailablein eachdomain,a confirmation
will besentback,andthecorrespondingresourceswill be
allocated;otherwise,a rejectionmessagewill bereturned
to BB3. Note theallocatedresourcescanbeadjustedby
a similar signallingprocessif theuserdemandchangesin
thefuture.

IV. ARCHITECTURE DESIGN

S1

S2

S3BB2

BB3

C1

C2

BB1

Resolver

DS2

S4

S5

DS1

DS3

DS4

DS5

BB5

BB4(1)
� (2)
�

(3)
�

(4)
�

Server Agent
�

Fig. 3. Architecture:Entitiesandclient-resolverinteraction

A. Overview

Our goal is to designan architectureto supportQoS-
basedserver selectionin diff-serv networks. We intend
to provide end-to-endQoSguaranteesto anycastclients.
Hencewe needto discover theavailableresourceson the
pathsfrom the serversto theclientsandmakea reserva-
tion accordingly. However, theBBs in differentdomains
typically do not shareresourceavailability information;
and no entity in the network maintainsglobal network
stateinformation. This implies that we have to rely on
signallingbetweenBBs for resourcediscovery andreser-
vation. However, it is not desirableto makea separate
reservation for eachindividual client request,sincethat
approachwill dramaticallyincreasethe signalling over-
headandthuscompromisethescalabilityof thediff-serv
network. Instead,we proposeto reserve resourcesin an
aggregatedfashion. More detailsof the architectureare
describednext. Notethatwe focuson bandwidthrequire-
mentin thisdesign;but it shouldbepossibleto extendthe

architectureto alsoaccommodateotherQoSmetrics.
Our designis basedon two typesof entities: resolvers

andserver agents, illustratedin Figure3. Thereis a re-
solver in eachdomainthat hasanycastclients,following
a similar approachto the best-effort servicearchitecture
of Fei et al. [3], [9], [29]. An entireanycastgroupshares
a singleserver agent;oneserver agentmayacton behalf
of many anycastgroups. The server selectionprocessis
fairly simplefrom aclient’sperspective,asalsoillustrated
in Figure3: Whena client (C2) needsto accessthe ser-
vice, it contactsthe resolver in its own domainandasks
for aserveraddress.Theresolver repliesto theclientwith
a server address(S1),which canmeettheclient QoSre-
quirements.ThenClient C2 cansenda requestto server
S1,andS1startsdeliveringdatato C2.

To enabletheresolver to makeappropriateserverselec-
tions,additionaloperationsbehindthescenearenecessary.
In thebackground,theresolverpredictstheclientdemand
in the domain,andcontactsthe server agentand/orBBs
to makeserver selectiondecisionsand resourcealloca-
tion. Theserver agentcollectsdynamicQoSinformation
from all individual servers. This canbe doneby letting
theservers“push” theresourceupdateinformationto the
server agentwhenever thereis a significantchangein the
server load. Basedontheserver resourceinformationand
the resolver demand,the server agentcanselecta list of
candidateserver domainsthathave serverswith available
capacity, and then assistthe resolver in server selection
andresourceallocation.Althoughtheresolverselectsone
server for eachindividual client request,it may reserve
resourcesfrom multiple servers (potentially in multiple
server domains)for all its clientsin theanycastgroup,so
thatdifferentclientsmaybeassignedto differentservers.
Multiple server domainreservation is moreflexible than
singledomainreservation, but is alsomoreexpensive in
termsof signallingcost,aswewill show in SectionVI-B.

After the reservation process,the resolver hasa list of
selectedservers, including both server addressesandthe
amountof resourcesthat areavailable from eachserver.
The resolver monitorsthe utilization of the reserved re-
sourcesandadjuststhereservationaccordingly.

Therearefour major issuesin this architecturedesign:
(1) determiningclientdemand;(2) signallingprotocolbe-
tweenthe resolver, server agent,and BB; (3) server se-
lection / sortingalgorithms;and(4) resourcereservation
granularity. We discussthe issuesin furtherdetail in the
next four sections.

B. Determining client demand

Theresolver needsto determinethe resourcedemands
of its clientsbeforeit contactstheserveragentand/orBBs
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to makereservations.This canpotentiallybedonein one
of threeways: (1) theresolver initiatesa new reservation
whenever it receives a requestfrom a client; (2) the re-
solver collectsthe client requestsfor a certainperiodof
time, andthenmakesreservationsfor the aggregationof
all the requests;or (3) the resolver tries to anticipatethe
aggregateddemandof all its clientsandmakereservations
correspondingly, beforetheclientsactuallyrequestfor the
service.

Approach(1) canleadto accuratereservation for each
individual client, but it is not scalablebecausea separate
reservation is triggeredby eachclient request.Approach
(2) is morescalablethan(1). However, theresolverhasto
wait for acertainperiodof timein orderto havereasonable
aggregation,which causesdelayin responseto theclient
requests.We believe that the third approachis the best
choicebecauseit is scalableandoffersfastresponsetime
for client requests.

Underthe third approach,eithertheclientshave to tell
theresolvertheirfuturedemandin advance,or theresolver
hasto “guess”their future demandby usinga prediction
algorithm.In general,predictionalgorithmsthathavebeen
usedin thecontext of resourceprovisioning,suchasthelo-
calmaximumor localGaussianpredictordiscussedin [8],
are also applicablehere. The predictionalgorithmsare
relatively orthogonalto theotherthreedesignissuesin the
architecture.We focuson the other issuesin the restof
thisstudy.

C. Signalling protocol

S1

S2

S3
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BB3
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BB1
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DS3

DS4

DS5

BB5

BB4
(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

(9)

(10) (11)(12)

Server Agent
�

Resolver

Steps:

(1): resolver asks SA
(2)−(7): SA tries DS5
(8)−(11): SA tries DS4, if necessary
(12): SA replies to resolver

Fig. 4. Forwardsignalling

Theresolver is triggered(e.g.,asa resultof its demand
predictionalgorithm)to reserve resourcesfrom theserver
domainsto the client domain. Resourcereservation is
donebysignallingbetweenresolver, serveragentandBBs.
Weconsidertwo alternativesignallingdirections:forward
(from theserver domainsto theclient domain)andback-
ward (from theclientdomainto theserverdomains).

In forward signalling, theresolveraskstheserver agent

to selectserverdomainsandreserveresources.Theserver
agentfirst selectsa list of candidateserverdomainswhere
servershave resourcesavailable,andthentries eachdo-
main in the list oneby oneby contactingtheBB in each
serverdomain.

Figure4 showsanexampleof forwardsignalling.Sup-
posetheserver agentselectsbothDS5andDS4ascandi-
dateserver domains.Theserver agentfirst contactsBB5,
which triggerssignallingmessagesbetweenneighboring
BBsonthepathto theclientdomain(i.e.,BB5-BB3-BB2).
If all thedomainshaveresourcesavailable,aconfirmation
messagewill comebackto theserveragent,andresources
will beallocatedalongthepath. Otherwise,server agent
cancontactBB4, andtry to reserve resourcesfrom DS4.
Similarly, signallingoccursdownthedatapathtowardsthe
clientdomain.Theserveragentrepliesbacktotheresolver
aftereitherresourcesarereserved,or all candidateserver
domainsare tried. If reservation is successful,the reply
messagewill containthe list of selectedserver domains
andcorrespondingresources.
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BB2

BB3
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DS3

DS4
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(8)

(9)
(10)

(11)
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Steps:

(1): resolver asks SA
(2): SA returns candidate server list
(3): resolver asks BB1
(4)−(11): alloc goes upstream
(12): BB1 replies to resolver

Server Agent
�

Fig. 5. Backwardsignalling

In backward signalling, theresolveraskstheserveragent
for a list of candidateserver domainswhereservershave
resourcesavailable. The resolver thenaskstheBB in its
own domainto reserve resourcesfrom oneor moreof the
candidateserver domains.

Figure5showsanexampleof backwardsignalling.Sup-
posetheresolver receivesthecandidateserverdomainlist
(DS4, DS5) from the server agentresolver thencontacts
BB1 to reserveresourcesfromDS4orDS5,whichtriggers
signallingmessagesto theneighboringbandwidthbrokers
in theupstream(BB1-BB2-BB3-BB5). NotethattheBBs
on the path may participatein server selection. For in-
stance,BB2 maydecidewhichdirection(to BB3 or BB4)
to try first. BB2 mayalsodecideto try anotherdirectionif
thepreviousreservationattemptfails.

We canview thepathsfrom all thecandidateserver do-
mainsto a particularclientdomainasa reversetreestruc-
ture,wheretheclientdomainis therootandtheserverdo-
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mainsareleaves(Figure6(a)). Forwardsignallingstarts
from a leaf and traversesto the root, as shown in Fig-
ure 6(b). Multiple leaves may needto be tried before
a successfulreservation canbe made,sincesomeof the
domainsonthepathmaynothaveenoughresourcesavail-
able. Note that the server agentmakesthe decisionon
which server domainto try, andtheBBs help to find out
if resourcesare available. The BBs do not have to dis-
tinguishbetweenanycastandunicastsignalling;henceno
significantchangein thecurrentBB signallingproposals
(e.g.,[17]) is required.

C
�

S
�

S
�
S
�
S
�

Data

C
�

S
�

S
�
S
�
S
�

Data

(b) Forward signalling(a) Tree

C
�

S
�

S
�
S
�
S
�

Data

(b) Backward signalling

Fig. 6. Comparisonof forwardandbackwardsignalling

On theotherhand,backwardsignallingstartsfrom the
client domain(root), andtraversesto theserver domains
(leaves), as shown in Figure 6(c). Unlike forward sig-
nalling,eachBB on thepathmaydecidewhichdirections
(or branches)to try. Backwardsignalling is more effi-
cient than forward signallingfor two reasons.First, the
signalling messagesare combinedtowardsthe root. At
mostonemessageneedsto be senton eachlink. Hence
the total numberof signallingmessagesis reduced.Sec-
ond,backwardsignallingcanpruneinfeasiblelinks (i.e.,
the links with insufficient resources)fasterthan forward
signalling. In forward signalling,pruningoneinfeasible
link leadsto pruningonepathandleaf. For instance,in
Figure4, if wefind link DS5-DS3is not feasibleafterstep
(2), we do not needto do steps(3)-(6), i.e.,we canprune
pathDS5-DS3-DS2-DS1togetherwith leaf DS5. But in
backwardsignalling, pruning one infeasiblelink causes
the whole subtreeassociatedwith the link to be pruned.
For instance,in Figure5, if we find link DS2-DS1is not
feasibleafter step(3), all steps(4)-(11) canbe avoided,
i.e., both branchesDS2-DS3-DS5and DS2-DS4canbe
pruned. Fasterpruning can narrow down the searching
spacemorequickly, andhencereducethetime to reacha
successfulreservation.

However, backwardsignallingrequiresadditionalsup-
port from the BBs. The BBs needto signal upstream
insteadof downstream.Sincethepathfrom a senderto a
receiver is, in general,differentfrom thatfrom thereceiver
to thesender(i.e.,thepathsareasymmetric),wealsoneed
to discovertheupstreampathssothattheBBsknow where
to sendsignallingmessages3. Hencebackwardsignalling
is somewhatmorecomplex.

3Hereis onepossibleway to discover theupstreampaths:sincethe

D. Server pre-selection and sorting algorithms

Serverselectionis accomplishedin two steps.First, the
serveragentselectsalist of candidateserverdomainsbased
on theserver information. Second,signallingis initiated
eitherin theforwardor thebackwarddirectionto reserve
resourcesfrom oneor moreserver domainsto the client
domain.

We refer to thefirst stepaspre-selection. Pre-selection
canbebasedon metricssuchasavailableserver capacity
andthedomain-level distance(i.e.,numberof domainson
the path). Server capacityinformationis “pushed”from
eachindividual server to the server agent. A server do-
mainis feasible if it hasat leastoneserver with available
capacitytosupporttheresolverrequest.Westudytwopre-
selectionalgorithms:(1) Unrestricted selection: selecting
all feasibleserverdomains.(2) Closest only selection: se-
lectingall feasibleserverdomainsthatareclosest(i.e.,with
minimumdomain-level hop-count)to theclientdomain.

In thesecondstep,weneedto decidetheorderin which
thecandidateserver domainsshouldbe tried. In forward
signalling, the decisionis madeby the server agent. In
backwardsignalling,theBBs on thepathneedto decide
which direction(i.e., ingresspoint) to try first. Note that
severalserverdomainsmaycorrespondto thesameingress
point.

Westudythreesortingalgorithms:thefirst oneis appli-
cablefor bothforwardandbackwardsignalling;theother
two canonly beusedin backwardsignalling.(1) Random:
sorttheserver domainsor ingresspointsin randomorder.
(2) Widest-first: sort the ingresspointsaccordingto the
amountof resourcesavailablefrom theingresspointto the
egresspoint; ingresspointswith moreresourcesgo first.
(3) Probabilistic balancing: sort the ingresspointsbased
on the resourcesavailable from the ingresspoint to the
egresspoint. However, theorderis randomizedsuchthat
the ingresspointswith moreresourcesaremorelikely to
beattemptedearlier.

E. Reservation granularity

In thesimplecase,resourcesarereservedfrom a single
selectedserverdomainto theclientdomain.However, for
large demands,it may be betterto allow the reservation
to bedividedbetweenseveralserver domains,so that the
anycastclients in a domaincanget servicefrom several
server domains.We definereservation granularity asthe

BBs typically haveaccessto theBGProutinginformationin theirown
domains,theserveragentmaycontacttheBBsin theserverdomainsto
obtainthepathinformationfromtheserverdomainstotheclientdomain,
andthenrelaythepathinformationto theresolver in theclientdomain.
The resolver may thenusethe discoveredupstreampathinformation
duringthebackwardsignallingprocess.
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minimumamountof bandwidththatcanbereservedfrom
eachserver domain.Intuitively, a decreasein thereserva-
tion granularitymakesresourcereservation moreflexible
sincethe server agentor BBs have morefreedomin de-
ciding how to split thereservationamongdifferentserver
domains.Consequently, it may leadto betterreservation
results. But on the downside, splitting the reservation
acrossmultiple server domainsmaypotentiallycauseex-
tra signallingoverhead. We explore this trade-off in the
performanceevaluation.

V. SIMULATION CONFIGURATION

We simulateour proposedQoS-basedserver selection
architectureusinga simulatorwritten in TeD [22], [23], a
networkdescriptionlanguagethatsupportsdiscreteevent
simulationwith parallelexecutions.Thesimulationcon-
figurationis describedbelow.

A. Network topology

Thesimulationresultspresentedin this paperarebased
ona100-noderandomtopology4 thatmodelsdomain-level
connectivity. Thereare25 transitdomains(ISPdomains)
and 75 stub domains(end-userdomains). We useGT-
ITM [5] to generatethe25 nodetransitdomaintopology,
with theWaxman-1algorithmfor transit-transitconnectiv-
ity; wethenattach75stubdomainsandrandomlyconnect
eachstubdomainto oneor two transitdomains.We also
randomlygenerate30 edgesbetweenstubdomains.The
averagedegreeof the graph is 3.4; the degree is much
higherfor transitdomainsandlower for stubdomains.

We randomlyselectfive stubdomainsasanycastserver
domains,and50 stubdomainsasanycastclient domains.
Static SLAs exist betweenneighboringdomains. Each
domainagreesto provisionacertainamountof bandwidth
for its neighborsto all otherneighbors(i.e.,betweeneach
pair of ingressandegresspoints). This bandwidthis 25
Mbps for domainswithout anycastservers,and75 Mbps
for thosewith anycastservers.

We assumetheservershave muchhighercapacitythan
thelinks cansupportin theexperiments,andfocuson the
impactof networkresourceconstraintson thereservation
result.

B. Traffic model

We imposetwo typesof traffic on thetopology:unicast
and anycast. Unicasttraffic exists betweeneachpair of
end-userdomains. The BBs in the end-domainspredict
their total userdemandand makeresourcereservations

4We have alsoexperimentedwith other topologiessuchas the ISP
topologyusedin [1], with similar results.

basedontheprediction.For simplicity,weonly modelthe
resourcedemand,inteadof modelingtheactualdatatraffic
andthedemandpredictionalgorithm. Eachend-userdo-
maingeneratesthetotal ratefor all out-goingdataflows,
andsplits the flow to all otherend-userdomainsaccord-
ing to a uniform distribution. The total rateis uniformly
distributed. A new rate and destinationdistribution are
generatedafteranexponentiallydistributedholdingtime.

Anycastdemandexistsbetweenanycastserverdomains
and client domains. The requestsare generatedby re-
solversfor aggregatedanycastclients. Similar to theuni-
castdemand,therequestedrateandholdingtime areuni-
formly andexponentiallydistributed,respectively.

VI. PERFORMANCE EVALUATION

Weevaluateboththesignallingoverheadandreservation
performanceof the designoptionsimplied by the server
selectionarchitecture. Signalling overheadis measured
by theaveragenumberof hopsthat eachsignallingmes-
sagetraverses. Note that the numberof signallingmes-
sagesremainsthe sameacrossall our experimentssince
therateholdingtimesareselectedfrom thesamedistribu-
tion. Reservationperformanceis measuredby thedemand
acceptanceratio, i.e., the total rateof theaccommodated
reservation requestsover the total rateof all reservation
requests.

A. Signalling direction
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Fig. 7. Forwardvs. backwardsignalling:overhead

Figure7 showssignallingoverheadunderbothforward
andbackwardsignalling.Unrestrictedserverpre-selection
andrandomsortingareusedin both cases.The reserva-
tion granularityis 4 Mbps. We experimentwith different
userdemandlevels by changingthe userbandwidthde-
mandsizewhile keepingthe ratio of unicastandanycast
demandsthesame(about1.5). Total userdemand(hori-
zontalaxis)refersto thetotaluserdemand(includingboth
anycastandunicastdemand)averagedover time. We ob-
serve that backwardsignalling hasmuch lessoverhead,
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Fig. 8. Forwardvs. backwardsignalling: reservationperformance
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(a)Anycastrequests (b) Both anycastandunicastrequests
Fig. 9. Reservationgranularity:reservationperformance

especiallyastotal demandincreases.Themain reasonis
that backwardsignallingtendsto combinethesignalling
messagestowardstheclient domain(the root of the tree)
andhencereducesthetotalnumberof signallingmessages,
asweexplainedin SectionIV-C.

We also find that the differencebetweenforward and
backwardsignallingbecomeslarger as the total userde-
mandincreases.With theincreasein userdemand,forward
signalling overheadmonotonically increases,but back-
wardsignallingoverheadfirst slightly increasesandthen
decreases.This is becausetwo factorscontribute to the
changein signallingoverhead. On onehand,fewer net-
work resourcesare available when the userdemandin-
creases,and hencethe server agentor BBs needto try
more timesbeforethey canfind a feasiblepath,causing
largeroverhead.Ontheotherhand,whenfewer resources
areavailable,wecanprunetheinfeasiblepathsfastersince
fewer links arelikely to have sufficient resources,which
reducessignallingoverhead.Whetherthesignallingover-
headactually increasesor decreasesdependson which
factor is moresignificant. As explainedin SectionIV-C,
thepruningeffect is muchmoresignificantfor backward
signalling,especiallywhenthe userdemandis relatively
higherandfewer resourcesareavailable.

Figures8(a) and(b) show the reservation performance

for anycastrequestsandall requests(bothanycastanduni-
cast),respectively. In bothcases,wefind thatforwardand
backwardsignalling have similar performance. Almost
the sameamountof userrequestscanbe accommodated
regardlessof thesignallingdirection. This is becausethe
samepre-selectionandsortingalgorithmsareused;it does
notmatterwhetherwetry from theserversideor from the
client side. Note that backwardsignalling is moreflexi-
ble in thesensethatmoresortingalgorithmscanbeused.
We will show theeffect of differentsortingalgorithmsin
SectionVI-D.

Note that the demandacceptanceratio for all requests
(Figure 8(b)) is a little higher than for anycast requests
(Figure8(a)). Thisis becauseof thesimulationconfigura-
tion: sincethereareonly five anycastservers,bottlenecks
are formednearthe server domains,which causesmore
anycastrequeststo berejected.

B. Reservation granularity

In this section, we evaluate the impact of reserva-
tion granularityonreservationperformanceandsignalling
overhead.Backwardsignalling,unrestrictedpre-selection
andrandomsortingareused. We experimentwith three
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differentlevelsof traffic load: light, medium,andheavy 5

Figure9(a)shows thereservationperformanceunderdif-
ferent reservation granularitiesfor the anycast requests.
We observe that the demandacceptanceratio decreases
with the increasein reservation granularity; and the ef-
fect is more dramaticwhen the traffic load is relatively
higher. This is becauseit is generallyeasierto satisfy
ananycastrequestwhenthegranularityis small,sincere-
sourcescanbereservedfrommultipleserverdomains(and
paths)in casethatasingledomain(andpath)doesnothave
enoughresources.Granularityaffectsperformancemore
significantlywhentraffic load is higherandhencefewer
resourcesare available,becausethereis a larger chance
thatmulti-domainreservationscanhelp.

However, the total demandacceptanceratio for both
anycastandunicastrequestsdoesnotchangesignificantly
with the changein reservation granularity, as shown in
Figure9(b). In other words,aboutthe sameamountof
userrequests(countingboth anycastandunicast)canbe
accommodatedregardlessof the reservation granularity;
however, the reservation mechanismfavors anycast re-
questswhen the granularity is small, and tendsto grab
moreresourcesaway from unicastapplications.

Figure10showsthesignallingoverheadunderdifferent
reservation granularitiesand different traffic load. We
observe that the signalling overheaddecreaseswith the
increasein reservationgranularity;theoverheaddecreases
fasterwhenthetraffic loadis higher. This resultindicates
thatthebetterreservationresultsundersmallergranularity
thatweobservedin Figure9(a)donotcomefor “free”: the
costis highersignallingoverhead.

We also observe that when granularityis smaller, the
signallingoverheadfirst increasesandthendecreaseswith
the increasein thetraffic load,sothattheoverheadunder
mediumloadis largerthanbothlight andheavy load. This
isconsistentwith ourobservationin SectionVI-A — recall

5Thetotaluserdemandunderlight, medium,andheavy loadare1200
Mbps,1500Mbps,and2000Mbps,respectively.

thatFigure7 correspondsto relatively smallerreservation
granularity(4 Mbps). However, whenthe granularityis
larger, theoverheadmonotonicallydecreaseswith the in-
creasein the traffic load. This is becauseit is easierto
prunea link underlarger reservation granularity, so that
thepruningeffect is thedominantfactor thatdecidessig-
nallingoverhead.

C. Pre-selection algorithms

Wecomparetwopre-selectionalgorithmsin thissection:
unrestrictedselectionand closest-onlyselection. Unre-
strictedselectionchoosesall serversthatareableto sup-
port the anycast resourcerequirement,regardlessof the
distancebetweentheserver andclient domains.Closest-
only selectionimposesoneadditionalrestriction:only the
serverswith theminimumdistance(in termsof thenum-
ber of domains)arechosen. Unrestrictedselectionis in
somesensemore“greedy”sinceit trieseverypossibilityto
makea reservation. Closest-onlyselectiontendsto make
efficient usageof networkresourcessinceit only tries to
usetheserver domainswith shortestdistanceto theclient
domaineventhoughotherserverdomainswith longerdis-
tancemaybeavailable.

We usebackwardsignallingandrandomsortingin this
setof experiments.Thereservationgranularityis 4 Mbps.
Figures11(a)(b)show thereservationperformancefor any-
castuserrequestsandall userrequests,respectively. Fig-
ure12showsthesignallingoverheadfor anycastrequests.
We make the following observations acrossthe experi-
ments:(1) Unrestrictedselectioncanaccommodatemore
anycastrequeststhanclosest-onlyselection,becauseit tries
to maximizethechanceof makingreservationsfor anycast
requests.(2)Unrestrictedselectionalsohasbetterreserva-
tion performancewhenbothanycastandunicastrequests
areconsidered,which suggeststhatunrestrictedselection
makesuseof theresourcesthatwouldotherwisebewasted.
However, thedifferencebetweenunrestrictedandclosest-
only selectionsis smaller for all user requeststhan for
only anycastrequests.This implies that closest-onlyse-
lection tendsto accommodatemoreunicastrequests.(3)
Unrestrictedselectionhaslargersignallingoverheadthan
closest-onlyselectionbecauseit ismoreaggressivein mak-
ing reservations. This is the price that it paysfor better
reservationperformance.

D. Sorting algorithms

Thesortingalgorithmdetermineswhich server domain
is tried first during the signallingprocess. As we men-
tionedin SectionIV, therearefeweralternativesin forward
signallingsinceno pathinformationis available. In this
section,weevaluatethethreesortingalgorithmsfor back-
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Fig. 13. Sortingalgorithms:anycastreservationperformance

ward signalling: random,widest-first,and probabilistic
balancing.

We useunrestrictedselectionin this setof experiments.
The reservation granularityis 4 Mbps. We observe that
thesortingalgorithmsmakevery little differencein both
reservation performanceand signalling overhead. Fig-
ure13 shows thereservation performancefor anycastre-
quests.Resultsof signallingoverheadarenotshowndueto
spacelimit. This resultsuggeststhat it is not immediately
clearwhetheronecanimprovereservationperformanceby
taking theadvantageof the local resourceavailability in-
formationin eachdomain,sincea local optimalselection
doesnot necessarilylead to a global optimal selection.

However, we do not have enoughevidenceto conclude
how thethreesortingalgorithmsperformin generalcases.
For instance,widest-firstor probabilisticbalancingmight
performbetterthanrandomsortingwhenthedistancebe-
tweenall server andclient domainsarevery short, if we
couldassumetheresourceavailability in two neighboring
domainsarepositively correlated.

VII. CONCLUSIONS

In this paper, we have presenteda QoS-basedanycast
architectureto supportserver selectionin diff-serv net-
works. Resourcesfor theclientsin a domainthat request
thesameanycastserviceareaggregatedandreserved to-
gether. Resourcesarediscoveredandreserved by using
signallingbetweenthebandwidthbrokersof thedomains
on thepath. We have evaluatedseveraldesignissuesim-
plied by the architecture,including signalling direction,
server pre-selectionandsortingalgorithms,andresource
reservation granularity. We find that: (1) Backwardsig-
nallingismuchmoreefficientthanforwardsignalling.The
advantageof backwardsignallingis moresignificantun-
derhighertraffic load. However, backwardsignallingre-
quiresadditionalsupportfrom thebandwidthbrokers,and
henceaddscomplexity to thebandwidthbrokersignalling
protocols. (2) Smallerreservation granularityallows re-
sourcesto be reserved from multiple servers, andhence
leadsto moreflexible reservation. But smallergranularity
alsoincreasesthesignallingoverhead.Henceit is possi-
ble to trade-off betweenanycastrequestacceptanceratio
and bandwidthbroker signalling overheadby adjusting
thereservationgranularity. (3) Unrestrictedpre-selection
can admit more anycast requeststhan closest-onlypre-
selection,but it alsoincursmoresignallingoverheadthan
closest-only. (4) The resultsfrom our experimentsshow
thatthedifferencebetweenrandom,widest-first,andprob-
abilistic balancingsortingalgorithmsis small. However,
in general,it is not yet clear whetherone can improve
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reservation performanceby taking the advantageof the
local resourceavailability informationin eachdomain.

Thereare still many open issuesfor future research.
First, we needto have a betterunderstandingof the ex-
istingpre-selectionandserversortingalgorithmsandalso
explore new algorithms. The pre-selectionand sorting
algorithmsare in somesensesimilar to the QoSrouting
algorithms[7], if we assumeall theserversareconnected
by virtual links thathave infinite resourcesandzerocost.
Onemajordifferenceis that thepre-selectionandsorting
algorithmsarenotbasedonglobalinformation,whilemost
conventionalQoSroutingalgorithmsarebasedonrouting
tablesthat essentiallyreflectthe global networkstate. It
will beinterestingto seewhethersomeQoSroutingalgo-
rithmscanbeadaptedto theserverselectionproblem.

Second,althoughour architecturecan accommodate
both server andpathQoScharacteristicsin server selec-
tion,wehavebeenfocusingontheimpactof pathresource
constraintsin theperformanceevaluation. Furtherexper-
imentsareneededto understandthe interactionbetween
pathandserver resourceconstraints,andtheir impacton
reservationperformance.

Third, our architectureis basedon signallingbetween
bandwidthbrokers. In doing so, we can makeexplicit
reservationsfor anycastapplicationsand makestringent
end-to-endQoSguarantees.But the signallingoverhead
is still a concernfor thescalabilityof theapproach.An-
otherpossibilityis to takea measurement-basedapproach
withoutusingsignalling.For instance,it mightbepossible
to measurethetraffic patternsof eachdomainandpredict
thedomainresourceavailability. Server selectionscanbe
donebasedon suchpredictions. However, the downside
of this approachis that we will not beableto makehard
QoSguaranteessincewedonot reserve resources.
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