
DesignandScalabilityof NLS, a ScalableNamingandLocationService

Y. CharlieHu, DanielA. Rodney andPeterDruschel
ComputerScienceDepartment

RiceUniversity
Houston,TX 77005

�

ychu@cs.rice.edu,drodney@rice.edu,druschel@cs.rice.edu�

PRELIMINARY DRAFT
Abstract

This papersketchesthedesign,andpresentsa scalabilityanalysisandevaluationof NLS, a scalablenamingandlocation
service.NLS resolvestextual namesto thenearestof a setof replicatedobjectsassociatedwith thatname,andis designedto
scaleto thedimensionsof a world-wideservice.ApplicationsincluderesolvingWebURIs to thenearestcachedor replicated
objectthatprovidestheassociatedcontent.Thekey designgoalsof NLS arescalability, performance,availability andeaseof
administration.NLS is basedon a dynamicallycon�gured,distributedsearchtree,with a fat-treebasedtopologyat theglobal
level andspanningtreesat thelocal level. Analysisandpreliminaryempiricalresultsobtainedwith aprototypeimplementation
indicatethatthesystemscalesasexpected.

1 Intr oduction
In orderto improve thescalability, performance,andavailability of theWorld Wide Web,thestrict client-server modelof the
�rst generationWebis graduallybeingabandonedin favor of amodelwhereWebcontentandservicesarereplicatedin different
geographiclocationsthroughouttheInternet.This trendcanbeseenin theproliferationof cachingproxies[7, 24, 16], content
deliveryserviceslike AkamaiandDigital Island[2, 9], andtherecentinterestin active proxy technology[6, 10].

An increasinglyimportantproblemin thiscontext is theability to locatethe“nearest”replicaof aWebresourcein response
to a client requestfor that resource.We have designedandimplementeda distributednamingandlocationservice(NLS) that
is ableto resolve anobjectname(for instance,a URI) to theaddressof thenearestobjectthatprovidestheassociatedresource,
while scalingto thedimensionsof theentireWWW. Thefocusof this paperis on theanalyticalandexperimentalevaluationof
NLS'sscalability.

Ourservicecanbeusedby acachingproxyto locatethenearestreplicaof aresource(storedatanotherproxyor server) that
wasrequestedby a clientbut not foundin thecacheof theclient's localproxy. Alternatively, theservicecouldbeuseddirectly
by Webbrowsersto locatethenearestreplicaof a resourcerequestedby theuser.

NLS is basedon distributedsearchin a treeof hierarchicaldomains,asoriginally proposedin the GLOBE locationser-
vice [22]. NLS extendsthisprior work in severaldirections,improving thescalability, �e xibility , andadministrativeeaseof the
previously proposedsystem.Moreover, this paperpresentsthe�rst analyticalandexperimentalevaluationof thescalabilityof
thisapproach.

NLS differsfrom theGLOBE locationservicein severalways:
� NLS integratesthenamingandlocationfunctions,which enablestheaggregationof locationinformationin thesearch

treefor co-locatedobjectswhosenameshave a commonpre�x, thusincreasingthescalability.
� NLS useshashcodesto storenamesof boundobjectsin theinteriornodesof thesearchtree,therebyreducingthestorage

requirementsperobjectandthusfurtherimproving scalability.
� TheNLS searchtreedynamicallycon�guresitself to re�ect themeasuredproximity of theNLS nodesin the network,

basedon a givenproximity metric (e.g.,latency, bandwidth,hopcountor a combinationthereof).This propertyallows
NLS to tracktopologychangesin thenetwork andthusgreatlyeasesadministration.

� NLS usesa two-level tree-basednamingarchitecturewith a fat tree [15] topologyat the global level, anda forestof
spanningtreesat the local level. The fat-treetopology allows the systematicuseof replication(for availability) and
partitioning(for scalability)in theupperportionsof thesearchtree. Theself-con�guring spanningtreetopologyat the
local level is ableto trackfrequentchangesin network topology, nodeavailability andcon�gurationat thefringesof the
network.
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This papersketchesthedesign,presentsa scalabilityanalysis,andpresentspreliminaryempiricalresultswith a prototype
implementationof NLS. Basedon small to mediumscaleexperiments,we concludethat NLS shouldscaleto a world-wide
serviceableto maintainin excessof 1 Billion bindings. However, larger scalesimulationswill be necessaryto con�rm this
conjecture.

The restof this paperis organizedasfollows. Section2 presentssomebackgroundon namingandcachingin the Web,
andon DNS.Thedesignof NLS is presentedin Section3. A scalabilityanalysisis presentedin Section4. Section5 presents
preliminaryexperimentalresultsobtainedwith a prototypeimplementationof NLS. Relatedwork is coveredin Section6 and
Section7 offerssomeconclusions.

2 Background
In this section,we cover sometechnicalbackgroundonnamingandcachingin theWeb,andon DNS.

Thedomainnamesystem(DNS) [17] is usedin the Internetto mapdomainnamesto IP addresses.Theserviceis imple-
mentedby a hierarchyof nameserversthat re�ects thestructureof theDNS namespace.Thenamespaceis partitionedinto
differentadministrative zonesrepresentingall nameswith a givensuf�x, andanorganizationin chargeof a zoneprovidesone
or moreDNSservers,whichperformnametranslationfor all nameswith thecorrespondingsuf�x.

For instance,Anon University operatesa setof DNS serversthatarein charge of mappingall domainnamesthatendin
anon.edu to theassociatedIP address.Theseserversarethechildrenof aDNSnodein chargeof all nameswith suf�x .edu .
Theserversinternally rely on child DNS serversin chargeof namesendingin cs.anon.edu, ece.anon.edu , etc. For
high availability, DNS servers are replicated. To reducequery load, DNS leaf servers cachepreviously resolved bindings.
Thebindingaretimedout to preventpersistentstalemappings.SinceDNS mappingarenot assumedto changefrequently, a
typically timeoutperiodis 15minutes.

A domainnamecanbemappedto multiple IP addresses,andDNS will resolve queriesfor the associateddomainto one
of the IP addressesin a round-robinfashion. This affords a primitive form of load balancingamongmultiple machinesthat
implementa givenserver.

Althoughnotstandardbehavior, a DNSserver implementationis ableto take into accountthenetwork locationfrom which
a queryoriginatesin choosinganIP addressusedin answeringthequery. Usingthis trick, DNS canbeusedto mapa domain
nameto the IP addressof a “nearby” (i.e., closeto the client) server or proxy. While technicaldetailsareundisclosed,it is
believedthatnetworkedproxyoperatorslike Akamai[2] andDigital Island[9] usethisapproach.

Oncea client requestarrivesat a proxy, andthatproxy doesnot hold therequestedresource,theproxy needsto locatethe
closestproxyor server thatdoeshave therequestedresource.In a large-scalesystem,this requiresadistributedlocationservice
like NLS.

Currently, namingandlocationin theWWW is basedon uniform resourcelocators(URLs) [4]. A URL containstheDNS
domainnameof theserverthathoststheassociatedresource.Duringalookup,theWebbrowserextractsthedomaincomponent
from theURL, obtainstheserver's IP addressusingDNS,contactstheWebserver applicationusingtheIP addressanda well-
known or speci�ed(in theURL) port number, andrequestthedocumentidenti�ed by theremainderof theURL relative to the
Webserver's localdocumentroot.

Cachingproxiesattemptto improveresponsetimes,reduceserver loadandnetwork traf�c by keepingcopiesof Webcontent
closeto aclient community. Client requestscanbeinterceptedby proxiesin oneof threeways:

Conventional proxies requirethateachuser's browserbecon�gured to sendall client requeststo a givenproxy. Theproxy
eitherrespondsto therequestusinga cachedcopy of therequesteddocument,or elseforwardstherequestto theserver.

Transparent proxies transparentlyinterceptoutgoingrequestpackets from client browsersin a given subnet.Like conven-
tionalproxies,they eitherrespondwith a cachedcopy or forwardtherequestto theserver.

Networkedproxies cachecontent,streamingmediaand,in thefuture,dynamicWebapplicationsfrom contentprovidersthat
contractwith the proxy network operator(e.g., Akamai or Digital Island). The contentproviders specifyURLs that
containtheproxy network operator's domainnamefor all contentthat they wish to be served from theproxy network.
Nametranslationproceedsasfollows. TheDNS server for theproxy network operator's domainreturnsan IP address
that dependson the subnetaddressfrom which the DNS queryoriginates(i.e., the client's locationin the network). It
doessoby lookingup theIP addressof theproxyclosestto theclient's location.As aresult,theclient'sHTTPrequestis
directedto a“nearby”proxy. If thatproxycachestherequestedcontent,thelatteris returnedto theclient. Else,theproxy
attemptsto locatethe“closest”copy of therequestedresourceat anotherproxy in thenetwork, fetchesthatcontent,and
returnsit to theclient. This requiresa locationservice.

Amongthe threetypesof proxies,the third is mostpowerful, asit automaticallylocatesa copy of the requestedresource
closestto theclient. Furthermore,networked proxiesarein principleableto serve not only staticWebcontentandstreaming
media,but alsoWebapplicationsthatcansupplydynamicallygeneratedcontent.

Networkedproxiesrequirea locationservicethatallows themto locatetheclosestcopy of a requestedresourcewithin the
proxy network. Today, commercialoperatorsuseproprietarylocationservicesfor this purpose,with a scopethat is limited to
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just thatoperator's proxies.TheNLS serviceis intendedasa generalsolutionto thelocationproblem,andis designedto scale
to thetotal numberof objectsin today's Webandbeyond( ������� objects).

3 Design
In this section,we sketchthedesignof NLS, our scalablenamingandlocationservice.Dueto spaceconstraints,we focuson
thoseaspectsof thedesignrelevantto scalability.

NLS mapshierarchical,textualnamesto asetof objectaddressesthatprovidetheassociatedresource.Namesin ourservice
consistof avariablenumberof textualnamecomponents,separatedby theslash“/” character. As aresult,URLsarelegalnames
in NLS, which is convenientfor backward compatibility. However, the servicemakesno assumptionsaboutthe meaningof
pathnamecomponents;in particular, no partof a nameis assumedto imply thelocationof theassociatedresource.Theobject
addressesare opaqueto NLS; in practice,they could represent�	��

���������������������������������! "��#$�

� triples, CORBA/IIOP
handles,or any otherform of objectaddress.

Thereareseveralkey requirementsthat togetherdifferentiateour namingandlocationservicefrom a purenamingservice
suchasDNS:

Replication and migration of objects Our namingandlocationserviceis designedfor environmentswhereWeb resources
(contentandservices)canmigratebetweennodes(e.g.,serversandproxies)in theInternet.Consequently, akey require-
mentfor thenamingandlocationserviceis supportfor multiplebindingsof anameto objectsatdifferentlocationsin the
Internet.This impliesthatthelocationservicemustnot rely on objectnamesto containlocationinformation.

Locating the nearestreplica A fundamentalrequirementin thedesignof NLS is theability to resolve a name(e.g.,a URL)
to the“nearest”of a setof replicatedobjectsthatcanprovide therequestedcontentor serviceassociatedwith thename.
Proximity is de�ned herein termsof thecharacteristics(e.g.,latency, bandwidth,hopcount,lossrate,cost,security)of
thenetwork connectionbetweentheparties.

Scalability NLS shouldbeableto supporta very largenumberof names(morethanonebillion), with associatedobjectsthat
canpotentiallybelocatedanywherein theworld.

Availability TheNLS serviceneedsto remainavailablein theeventof NLS servercrashes,andminimizethenumberof clients
for which theserviceis disrupted.In addition,afterrecovery, thecrashednameserver needsto beableto restorethelost
locationinformationto beconsistentwith theotherservers.

Easeof administration Lastly, theNLS serviceneedsto beeasyto manage,especiallywhenthenetwork topologychanges,
whenadding/removing nameresolvers,andduringfailureandrecovery of nameresolvers.

The existing InternetDNS servicedoesnot meetthe �rst requirement,for several reasons.First, in typical use,it maps
domainnamesto IP address(es),asopposedto full objectnamesto thenearestobjectaddress.Second,eventhoughDNS can
bemanipulatedinto mappingadomainnameto theaddressof a “nearby”server, thisdoesnotsolve theproblemof locatingthe
closestserver thatprovidestherequestedresource.In otherword, theDNS server thatneedsto resolve a domainnamequery
to a nearbyserver addressneedsto rely ona secondarylocationservicefor this purpose.

In thefollowing, we describethedesignof NLS, a servicethatsatis�esall therequirements.NLS is basedon a distributed
searchtreestructureof nameresolvers[21], which allows multiple bindingsandmigrationof objectsandlocatesthenearest
replica. Thescalabilityof the simplesearchtreeis thensigni�cantly enhancedwith the following techniques:(1) NLS uses
a fat-treebasedorganizationof resolversin theupperlevel of thesearchtreeto enablesystematicreplication(for availability)
and partitioning (for scalability) of location information amongmultiple resolvers; (2) NLS usespre�xes of object names
to aggregatelocation information, thus reducingthe amountof datastoredandconsequentlyimproving the scalability and
performanceat upperlevelsof thesearchtree;(3) NLS storesobjectnamesin theinterior nodesof thesearchtreein theform
of 64-bit hashcodes.(4) NLS cachesnamebindingsat leaf resolversto reducequeryloadon interior resolvers.

High availability is achieved by systematicallyreplicatinglocationinformationamongfat-treenodesat theupperlevel of
thesearchtree,andby usingautomatically(re-)con�guringspanningtreesof resolversat thelower level. Easeof administration
anddynamicadaptationto a changingnetwork topologyis achieved via the ability to dynamicallyrecon�gure the fat-treeat
upperlevelsandvia theuseof theautomatically(re-)con�guringspanningtreeof resolversat lower levels.

3.1 A Distrib uted Search TreeBasedApproach
TheNLS nameresolversform a distributedtree,with thepropertythat leaf resolversattachedto thesamesubtreeare“closer”
to eachother(accordingto theproximity metric) thanleaf resolversthatareattachedto differentsubtreesof thesameheight.
Objectsbind themselvesto a nameat theNLS leaf nodeclosestto theobject's location.

Thename-to-addressbindingof anobjectis storedonly at theleaf resolver thatrepresentstheregion in which theobject's
repositoryresides.For eachnew binding, it constructsa pathof forwarding pointers from theroot to the leaf resolver closest
to theobject's repository(that is, the leaf resolver wheretheobjectwasbound),shown in Figure1. A forwardingpointerin
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Figure1: Insertinga new objectin a distributedsearchtree.

a resolver mapsan objectnameto a (setof) child resolversthat is (are)onehopcloserto the leaf resolver(s)that has(have)
bindingsfor theassociatedobject(s).

Thisdesignensuresthatin theworsecase,theaddressof anobjectcanalwaysbefoundby following a chainfrom theroot
resolver. In general,thelocality inherentin thesearchtreestructureimpliesthatlookingupa namethathasa nearbyreplicaof
theassociatedobjectnever hasto goupbeyondthelowestcommonancestorin thetree.Thebasicoperationsprovidedby NLS
areimplementedasfollows:

Insertion An insertionof anobjectbindingat a leaf resolver resultsin thestorageof thename-to-addressbindingin theleaf
resolver, followedby anupwardtraversalfrom thatleaf resolver towardtheroot, insertingforwarding pointers alongthe
way. If at someresolver A alongthepath,its parentresolver B alreadycontainsa forwardingpointerto a differentchild
C, a new forwardingpointeris insertedat theparentresolver to point to A, andtheupwardpropagationis stoppedsince
all theresolversalongthepathbetweentheparentresolver andtherootalreadyhave forwardingpointers.

Deletion A deletionof anobjectfrom a leaf resolver whereit waspreviously boundcausesanupward traversaltowardsthe
root. It removes forwardingpointersalong the way, andstopsat the �rst internal resolver that hasat leastoneother
forwardingpointerfor thesameobject.

Lookup A lookupof anobjectataleafresolvercausesanupwardtraversal,but stopsatthe�rst nodethatcontainsaforwarding
pointer for the object. It then follows the forwarding pointersuntil it reachesthe leaf nodecontainingthe location
informationof theobjectbeinglookedup. A look-upoperationis guaranteedto �nd the �rst forwardingpointerin the
lowestcommonancestorof theresolver from which the look-uporiginatesandthenearestleaf resolver that containsa
bindingof theobjectbeinglookedup. In otherwords,thelook-upoperationis guaranteedto returnthenearestreplicaof
theobject.

NLS decentralizesthe taskof resolvingnamesandlocationsamonga groupof hierarchicallyorganizedresolverscorre-
spondingto the topological,hierarchicaldecompositionof the physicaldomainof objects. Thusit hasthe potentialto scale
well to wide-areanetworksby takingadvantageof theinherentlocality in thehierarchicalorganizationof locationinformation.
Theuseof forwardingpointersis whatenablesanobjectto have multiple bindingsat differentleaf resolvers,andtheinherent
locality in thetreestructureallows locatingthenearestreplica.

Thesimplesearchtreestructuredescribedsofar, however, cansuffer from bothpoorscalabilityandpooravailability. First,
thesingleroot of thesearchtreeneedsto know aboutevery objectin theuniverse,which severelylimits its scalability, bothin
termsof storageandqueryload. Second,thesingleparentof eachnodein thesearchtreeis vulnerableto single-pointfailure,
which resultsin disconnectionof its entiresubtree.Thedesignof NLS signi�cantly enhancesthescalabilityandavailability of
thesimplesearchtree,asdescribedin thefollowing sections.

3.2 Impr oving Scalability
We begin by describingseveral techniquesusedin NLS to improve the scalabilityof the basicdistributedsearchtreebased
approach.

UsingPre�xes to AggregateLocation Inf ormation NLS providesnametransparency, thatis, NLS makesnoassump-
tionsaboutthemeaningof any componentof a name.However, evenwhenusingnamesthatdo not re�ect the locationof an
object,conventionoftendictatesthatnamescontainthenameof theorganizationthatcreatedtheassociatedobject. This is to
ensureuniquenameassignmentwithout requiringcentralizedcontrolof thenamespace.
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NLS is able to take advantageof this convention as follows. When namescontain the nameof the organizationthat
createstheassociatedobject,theresultis a form of locality in thenamespace.For instance,all URLs with thedomainname
www.anon.edu are likely to be boundat the nameresolver on the Anon University campus. In this case,the Anon leaf
resolver is ableto createa pathof forwardingpointersfor all objectswith thepre�x www.anon.edu by insertingonly this
pre�x. To dealwith pre�xes,thelookupprocedurefollows theforwardingpointersassociatedwith thelongestpre�x match.

Note thatwhenobjectsarereplicatedat locationsotherthantheir primary (home)location,individual namebindingsfor
thesereplicatedobjectsmustbepropagatedup thetree.However, pre�xescanstill dramaticallyreducethenumberof bindings
maintainedin theupperportionsof thesearchtreeby allowing all theprimary(i.e.,home)bindingsof anameto berepresented
jointly with a singlepre�x.

UsingHashcodesto CompressNameInf ormation Insteadof storingfull namesassociatedwith theforwardingpoint-
ersin the interior nodesof thesearchtree,NLS storesonly a 64-bit hashcodefor eachname,thussubstantiallyreducingthe
storagecostsin the interior nodes.However, storinghashcodesinsteadof full namesaffectsthe lookup andbind procedure,
dueto thepossibilityof hashcollisions. During the lookupof a name,it is possiblethata chainof forwardingpointersleads
to a leaf nodethatdoesnot actuallyhave a binding for thedesiredname,but insteadhasa binding for a namewith thesame
hashcode.

To handlethis case,thelookupprocedureis augmentedasfollows. In theeventof a failureto locatethedesirednameat a
leafnode,thesearchbacktracksto thelowestinteriornodethathasanother, notyetexplored,forwardingpointer, andit follows
thatpointer. It is easyto seethatsucha nodemustexist if a binding for thegivennameexists. With a 64-bit hashcodeanda
suitablehashfunction,theexpectednumberof collisionsis low, evenwhenthenumberof boundnamesgoesinto thebillions.
Therefore,theimpactof backtrackingon theaveragelookupperformanceis expectedto bemarginal.

Caching NameBindings in the Leaf Resolvers After a leaf resolver hasobtaineda bindingfor a namein responseto
aclientquery, it insertsthebindinginto acache.Subsequentclientqueriesfor thesamenamearethenresolvedfrom thecache,
thusreducingqueryloadon theinterior nodes.

To controlstalebindingsin thecache,two measuresaretaken. First, cachedbindingareevictedaftera speci�ed timeout.
This is to ensurethata leaf resolver doesnot continueto returnbindingsfor a far away object,even thougha nearbycopy of
theobjecthasbecomeavailable.Second,aclient that�nds thatit cannotcontactanobjectat theaddressprovidedby NLS may
re-issuethelookupwith a special�ag thatcausesNLS to invalidateany cachedbindingsfor thename.

3.3 A Two-Level Tree-BasedNaming Ar chitecture for Scalability and Availability
Thedistributedsearchtreestructureof nameresolverscanbelogically dividedinto theglobal level, consistingof upperlevels
of the tree,andthe local level, consistingof lower levels of the tree. Thetwo levels have differentperformanceandcon�gu-
rationrequirements.At theglobal level, thescalabilityandavailability arethemainconcernssincetherearefewer andfewer
resolverscomparedto the local level. At the local level, thescalabilityis lessof a concern.However, topologychangesand
recon�gurationsaremuchmorefrequentat this level.

Fat-tr eefor theGlobal Level Thepressureonscalabilityatthegloballevel of thenamingandlocationservicenecessitates
thepartitioningof locationinformationamongmultiple resolversateachlevel. At thesametime, it is desirableto maintainthe
overall hierarchicalorganizationof resolversbecauseof its inherentlocality property. Therefore,we employ a fat-tree[15] to
organizetheresolversat thegloballevel of NLS. Figure2 shows oneexampleof a fan-in-3/fan-out-2depth-two fat-tree,where
everynon-rootnodehastwo parentsandevery non-leafnodehasthreechildren.

In thecontext of NLS, themultiple ancestorsin thefat-treecanbeusedfor scalabilityor availability. First, thesetof name
bindingsthatneedto bemaintainedin eachlogicalnodecanbepartitionedamongseveralphysicalnodes,reducingthestorage
requirementsandqueryprocessingloadon thephysicalnodes,thusimproving scalability. Figure3 shows anexamplewhere
thelocationinformationat a leaf nodeis recursively partitionedamongstits ancestornodes.

In addition,eachpartition of the setof namebindingsin a logical nodecanbe replicatedin multiple physicalnodesto
improve availability. Availability is improved because,upon a nodefailure, a replicatednodein the samepartition as the
failednodecanbecontacted.Figure4 shows anexamplewherethelocationinformationat a leaf nodeis replicatedamongits
parentnodesat level 1, which in turnpartitiontheinformationamongtheir parentnodesat level 2. Of course,partitioningand
replicationcanbeappliedto every logicalnodein thefat-tree.

Routing in the fat-tr ee We next sketch a routing algorithm for lookup and bind requestsin a fat-treethat usesboth
partitioningandreplicationateachlogicalnode.Thealgorithmguaranteesthatquerytraversalsareroutedupwardin thetreein
sucha way thata matchingnameis foundat thelowestcommonancestorof theleaf resolver from which thequeryoriginates
andthe leaf resolver wherethe closestobjectassociatedwith the nameis bound,regardlessof the leaf nodefrom which the
queryoriginates.

5



Level 1

Level 0

Level 2

Figure 2: A depth-2fan-in-3/fan-out-2fat-tree. Dashed
boxesdenotelogicalnodesin theoriginal simplesearchtree
andsolid boxes within eachdashedboxes denotephysical
nodesthatrepresentthelogicalnode.

Level 1

Level 0

Level 2

a,b c,d

a b c d

a,b
c,d

Figure3: Partitioninglocationinformationamongmultiple
ancestorsin a fat-treefor scalability. The locationinforma-
tion ata leafnodeis partitionedevenlyamongits two parent
nodesat level 1 andfour grandparentnodesat level 2.

Theroutingduringupward traversalsin thefat-treeis performedbasedon thehashcodeof theobject's name,dividedinto
� segments,where� is thedepthof thefat-tree.For simplicity, let usassumeafat-treewith full partitioning,whereeachobject
is storedin exactly oneresolver of a logical node. Here,the

�

th segmentis usedto uniquelydeterminewhich parentnodeat
level �

���

��� to routetheoperationto, in moving up from a nodeat level
�

. It canbeprovedthatsucha hashing-basedscheme
always�nds thenearestreplicafor a lookupoperation,just asin theoriginal simplesearchtree.

Whenreplicationis usedin additionto partitioning,the
�

th segmentis usedto selectthepartitionat level �

���

��� , andthen
oneof thereplicatedresolversin thatpartitionis selectedto sendthequeryto. Thereplicatedresolversin eachparentpartition
aremaintainedin theorderof their topologicalproximity to thechild node.Normally, queriesaredirectedto theclosestnode,
unlessthatnodefailedor is overloaded,in whichcasethequeryis forwardedto thenext closestreplicatedresolver.

Dynamic Spanning Treesfor the Local Level At the local level, scalability is lessof a concern,but the ability to
automaticallyrecon�gureandmaintainthetreestructureis moreimportantsincetheresolversaremuchmorelikely to beadded
or deleteddynamically. In addition,high availability of NLS remainsa necessity. Our approachto addressbothrequirements
is to automaticallyanddynamicallymaintaina spanningtreeof locationresolvers. Due to spaceconsiderations,we omit the
details.

3.4 Con�guration and Adaptation
As mentionedabove, thespanningtreeof resolversat thelower level of NLS is fully self-con�guring.

Theinitial con�gurationof thefat-treein theupperlevel of NLS is computedbasedon themeasuredor estimateddensity
anddistribution of objectsandnamesthroughoutthenetwork. Thecon�gurationshouldbalancelookupandstorageloadsand
canbegeneratedin two steps.First, we form a graphwith all thespanningtreerootsasthegraphnodes,andwith measured
proximity astheweightededgesbetweenthenodes.We canthenrecursively partitionsucha weighted-edgegraphusingwell-
known heuristicssuchasthe Kernighan-Linalgorithm[13]. Sucha recursively partitioningof the grapheffectively givesa
simpletreeof recursively decomposedsubdomainsof spanningtreeroots.In thesecondstep,we simplychoosea fan-out,and
constructa fat treeout of thesimpletree.

In adynamicnetwork environment,theproximity measuresbetweendifferentsubdomainsrepresentedby thefat-treenodes
canchangeover time, althoughthe rateof changecanbe expectedto be lower thanat the fringesof the network. Thus,the
fat-treecon�guration mustbeableto adaptto thechangingnetwork topologyandworkloads.Onekey observation aboutthe
fat-treeis thateventhoughtherearerich connectionsamongits nodes,thereexistsa localstructurebetweentwo adjacentlevels
thatcanbeexpandedwithout affecting therestof thefat-treestructure.Speci�cally, in a fan-in-# /fan-out- fat-tree,every  

consecutive nodesat a non-leaflevel form a parent group – they connectto the same# child nodesat the level below (see
Figure2 for anexample.)We canexploit this, for instance,if a nodein a parentgroupis becomingoverloaded.A new node
canbeaddedto theparentgroupin four steps,asshown in Figure5. Spacelimitationspreventusfrom a completediscussion
of thewaysin which thefat-treecanbedynamicallyrecon�guredandadapted.
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Level 1

Level 0
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c,d

a,b
c,d

a,b

a,b c,d a,b c,d

c,d

a,b

Figure4: Partitioningandreplicatinglocationinformation
amongmultiple ancestorsin a fat-treefor scalability and
availability. Thelocationinformationat a leaf nodeis repli-
catedamongits threeparentnodesat level 1, eachof which
thenpartitionsthelocationinformationamongits own three
parentnodesat level 2.

Level 2

A B C

parent
group

Level 1

Level 0

Add a fat-tree node C:

    them of the new parent

1. A/B replicate some location info to C

4. A/B unbinds upward replicated

them locally
    location info and remove

3. C adds links to children, and notifies

2. C adds links to A/B's parents, and 
    binds upward replicated location info 

Figure5: Adding a fat-treenodeC to of�oad nodeB. The
additioneffectively of�oads all thenodesin thesameparent
groupsincethe hashing-basedrouting schemebalancesthe
loadamongstthenodesin a parentgroup.

3.5 Discussion
We next turn to a qualitative discussionof the designof NLS with regard to scalability, performanceand availability. An
analyticalstudyof thescalabilityof NLS anda preliminaryquantitative evaluationof a prototypeimplementationof NLS will
bepresentedin thefollowing sections.

We begin with a discussionof NLS's scalability. Our goal is for NLS to scaleto a world-wide systemthat canmapon
theorderof 1 Billion names.Let us�rst considerthescalabilityof theroot with respectto storagerequirements.In theworst
case,every nameboundin NLS requiresa mappingin the logical root of thesearchtree. Every namebinding is represented
asa 64-bit hashcode,a bitmapre�ecting the forwardingpointersplus somedatastructureoverhead,for a total of no more
than16 bytes. This implies a total storagerequirementof 16 GBytesfor the logical root, which canbe implementedby 16
partitionedresolverswith 1+ GBytesof mainmemoryeach.This �gure mustbemultipliedby thereplicationfactorneededfor
high availability andloaddistribution. Assuminga minimal replicationof four, a minimumof 64 resolversareneededfor the
root,which is entirelyfeasible.

Also, dueto NLS'suseof pre�xes,this �gure is likely to bea looseupperboundon theactualstoragerequirements.Let us
assumethateachobjecthasa homelocation(e.g. theprimaryserver of a Webresource)andthatthenamesof all suchobjects
at a givenhomelocationhave a commonpre�x, dueto namingconventions.Underthis assumption,for anindividual nameto
propagateto thelogical root requiresthat thenamehave associatedobjectsboundin at leasttwo of thesubtreesof thelogical
root. Thesesubtreesrepresentlargeareaslike largecountriesor subcontinents.Sincea largefractionof Webcontentis of only
local interest,suchwidedistribution is unlikely.

A secondconsiderationis the scalabilityof NLS with respectto query load. Thereare threeaspectsto query load: the
numberof resolversinvolved in a query, the resultingqueryprocessingloadon any givennode,andthemessageloadon the
network. In general,thenumberof levelsthata queryascendsupward in thesearchtreeis relatedto thedistancebetweenthe
originatorof thequeryandtheclosestreplicaof theobjectassociatedwith thename.As a specialcase,objectqueriesthatdo
not resultin amatchwithin thesubtreeof theroot from which thequeryoriginated(includingqueriesfor non-existentobjects)
mustreacha resolver in the logical root. Due to spatiallocality of Web objectsandinterestedclients,many queriescanbe
expectedto terminateat low levels of the tree. Moreover, the useof binding cachingin the NLS resolverscanbe expected
to reducethe load on interior nodesof the searchtreeconsiderably, sincenamelookupstendto exhibit spatialandtemporal
locality.

Finally, we consideravailability in theNLS system.Nodesin thefat treeat thegloballevel arenormallyreplicated.When
a nodefails, the peerresolver automaticallycontactsoneof the replicatedresolvers in the samepartition. This processis
completelytransparentto users.Oncethefailedresolver comesbackon-line, it recoversits statefrom anotherresolver in the
samepartition. Whena resolver in a spanningtreeat the local level fails, its subtreebecomestemporarilydisconnected.The
childrenof thefailednodeentera con�gurationphaseduringwhich they re-attachto thespanningtree.Servicefor clientsand
objectsin thedisconnectedsubtreeis typically disruptedfor up to a smallnumberof secondsduringthisprocess.
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4 Scalability Analysisof Fat-Tree-BasedNLS
In thissection,weanalyzethescalabilityof thefat-tree-basedNLS in termsof storagerequirementswhenobjectsarereplicated.
Theanalysiswill thenbeusedto guidethescalabilityexperimentsin thenext section.

4.1 Scenario
Throughoutthis analysis,we considerthefollowing scenario.We assumethateachleaf resolver of a fat-tree-basedNLS hasa
�x edsetof objectspermanentlyboundlocally; thus,initially only onepre�x perleafnodeneedsto beboundin thefat-tree.An
(initially empty)objectcacheis co-locatedwith eachleaf node,which holdsreplicatedobjects.Sincethestoragerequirement
for thepre�xesis insigni�cant, theanalysisis only concernedwith thebindingsof objectsthatarecachedawayfrom theirhome
locations.

WhentheNLS is in operation,therewill bea continuoussequenceof namesis beinglookedup at eachleaf resolver. For
eachname,if theobjectfoundby NLS is neithera localobject,noranobjectcachedin thelocalobjectcache,thentheobjectis
fetchedfrom its nearestreplicaandaddedto thelocalobjectcache,andits nameboundat thelocal leafnodeandupthefat-tree.
Thelocal objectcachesimplementtheLRU replacementpolicy. If anobjectis replaced,its bindingis unboundfrom theleaf
nodeandup the fat-tree.Therefore,the total numberof namesboundup from eachleaf resolver is boundby the local object
cachesize.In addition,theupwardinsertionof a new bindingwill stopataninternalresolver whichalreadyhasanforwarding
pointerfor thesamename,asdescribedin Section3.1.

We assumeall resolvershave the sameamountof memory. Therefore,if the numberof bindingsper resolver during the
operationof NLS remainthesamefor all resolversat all levelsof the fat-tree,we saytheNLS is scalablein termsof storage
requirement.

Intuitively, if thereis nooverlapamongthenamesof replicatedobjectsboundatdifferentleaf resolvers,thenthescalability
of a fat-treebasedNLS is trivially achieved if the fan-in/fan-outratio at eachnodematchesthe bindupratio, de�ned asthe
total numberof bindingsreachinga node,divided by the numberof bindingsthat needto be propagatedfurther up the tree.
Undertheseconditions,thetotal numberof bindingsreachingthenext level will diminishby thesamefactorasthenumberof
resolvers,andthusthenumberof bindsateachresolver remainsconstant.

In practice,thenamesof remoteobjectsreplicatedat differentleaf resolverscanoverlap,andthenumberof uniquenames
boundatacertainlevel of thefat-treecanbesmallerthanthesumof thebindingsboundupfrom all thesub-fat-treesbelow that
level. The interestingquestionis thenwhetherthereexists a fat-treewith a fan-in/fan-outratio smallerthanthe bindupratio
thatwould still bescalable.

Theanalysisin thissectionshows thatsucha fat-treedoesnotexist, andthatthematchingbetweenthebindupratioandthe
fan-in/fan-outratio is requiredfor thefat-treeto bescalable.In addition,we give a simpleextensionto thebindingoperation
thatwould guaranteethescalabilityof thefat-treewhenthebindupratio is higherthanthefan-in/fan-outratio, i.e.,whenthere
is notenoughspatiallocality in thenamesof replicatedobjects.

Theanalysisbelow assumesa balancedfat-treetopology, asthis greatlysimpli�es theanalysis.Dueto pagelimitation, the
proofsof theanalyticalresultswereomitted.

4.2 Terminologies
We �rst introducesomeusefulterminologiesaboutfat-trees.Theshapeof a fat-treeis uniquelydeterminedby the fan-inand
fan-outateachnode. Figure6 showsonestepof therecursiveconstructionof afat-tree.Assumewehave

�

depth-� fat-trees,
eachwith

���

leavesand �

�

roots.To constructa depth-(�
�

� ) fat-tree,we add �����

���

�

�
	��

new roots,groupedinto
�

�

groupsof � rootseach.Next, we connectthe
�

th root of eachof the
�

depth-� fat-treeto all � rootsin the
�

th groupof
thenew roots.Theresultingtreestructureis adepth-(�

�

� ) fan-in-
�

/fan-out-� fat-tree,with
�

�
	��

leavesand �

�
	��

roots.

Lemma 1 A fan-in-M/fan-out-NFat-treewith
���

leaf nodeshasa depthof � , with �

�

root nodes. Thusthe ratio of the
numberof rootsover thenumberof leavesis �

�

�

�

�

.

Next, we de�ne the following notationsin the operatonof a fat-tree-basedNLS. ��� ������� denotesthe numberof objects
permanentlyboundateachleafnode.Theleafnodewhereanobjectis permanentlyboundis calledits homeleafnode. �������

���

denotesthesizeof theobjectcachesattachedto eachleaf node. ��� ���! #"�$ denotesthenumberof nameslookedup at eachleaf
node.

Thescalabilityof the fat-tree-basedNLS clearlydependson thespatiallocality of the objectsbeingreplicated.Herethe
spatiallocality of anobjectis de�ned in termsof thedistanceto its homeleafnodein thefat-treetopology, e.g.how many hops
away, or thesizeof thesmallestsub-fat-treethatcoversthehomeleaf nodeandthenodewhereit is replicated.We consider
two criteriafor thescalabilityof a fat-tree-basedNLS:

Criterion 1 Whenscalingup the sizeof a balancedfat-treewith the total numberof namesin the namespace,i.e. keeping
�

� ������� and �
�����

��� constant,doesthereexist a fat-treewith givenfan-inandfan-outthatcanmaintainthesamenumber
of bindingspernodeat theroot level?
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Criterion 2 Givena �x ednumberof names��� ���������

� �

in thenamespace,anda �x edtotal objectcachesize � �����

���

�

� �

,
doesthereexist a fat-treesuchthatthenumbersof bindingspernodeacrossall levelsareroughlybalanced?

Last,wedescribetwo Lemmasthatwill serve asthebasisof ouranalysis.

Lemma 2 If we uniformly sample� objectsout of a pool of � distinct objectswith replacement,meaningthat the pool of
source objectsstaythe sameafter each sampling, the expectednumberand the correspondingpercentage of distinct objects
within the � sampledobjectsare

 "!$#&%
'(#&)

�

' )

"+*-,

��.

� �$�
�

�

�

�0/1� �

�

/

�

�

��2 �

 "!�#3%�'(#3)

�

'

.

�

'(#

� � �$�4�

�

�

�5�6/7� �

�

/

�

�

��2 �48

�

Figure7 plots the
 "!$#&%
'(#&)

�

'

.

�

'

� � �$�4�

� function for 3 differentvaluesof � , 80K, 320K, and1310K,asa functionof the
ratio 2 9 . The�gure shows thatthefunctionis only a functionof 2 9 , invariantof theabsolutevaluesof � and � . Furthermore,
as 2 9 approaches0, thefunctionvalueapproaches1, suggestingthattherearevery few overlappedobjects.

Thefollowing Lemmasimpli�es thescalabilityanalysisby removing thecomplexities involvedwith cachereplacement.

Lemma 3 If each leaf nodein the fat-tree-basedNLSlooksup ��� ���! #"�$ objectswith replication,and there are more distinct
objectsthantheobjectcachesize� �����

�
� , thenthestateof theNLSat theendof all lookupswill bethesameasif each leafnode
hasonly lookedup thelast �;:

� ���! #"�$

objectsin its original lookupsequence, where there are � �����

�
� distinctremoteobjectsin
theselast �

:

� ���! #"�$

objects.

Basedon the above Lemma,the scalabilityanalysiscanbe describedin termsof �
:

� �������

, which is a function solely of
� �����

��� andthelocality in thereplicatedobjects.

4.3 Exponential-DecayLocality
As we increasethe depthof the fat-tree,the ratio of the numberof rootsover the numberof leavesdecreasesexponentially.
We next identify conditionsfor thespatiallocality in thesetof remoteobjectsboundat theleaf nodes,suchthat theresulting
numberof bindingspernodeateachlevel of thetreeis constant.

De�nition 1 Exponential-DecayRemoteFactor <>= : werecursivelyde�ne theremotefactor <>= to bethepercentage of objects
beingboundat the rootsof a depth-? sub-fat-tree, before �ltering out repeatedones,that are from the restof the depth-?

sub-fat-trees.

Remotefactor <>= is thusrecursively de�ned. In adepth-� fat-tree,i.e. with
�

�

leafnodes,outof the �
:

� �������

objectslooked
up at eachleaf node, <>=�� ��:

� �������

will be from therest �

� �

/

� � leaf nodes(depth-0subtrees),andwill reachlevel 1 nodes.
Amongthese<>=@�!�

:

� �������

objects,<BA

=

�!�
:

� �������

will befrom theother �

�
�DC �

/

� � depth-1subtrees,andwill reachlevel 2, and
soon. At thelevel � �E/

��� , <

�

=

���;:

� �������

out of theoriginal �;:

� �������

objectswill befrom therest
�

/

� depth-� �F/

��� subtrees
andwill reachtheroot level.

Theorem1 In thereplicationscenario,if thesetof objectsbeingreplicatedat each leaf resolverobservesexponential-decay
locality with remotefactor <>= , theaverage expectednumberof distinct objectsboundat each root of thedepth-� fat-treeis

�

�

 "!�#3%
'�#3)

�

' )

"+*-,

�
.

� �;:

� �������

��<

�

=

�

���DC �

��� � �������G�

���DC �

�48

�

�

.
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Theorem2 In the replication experiment,if the objectsbeing replicatedat each leaf resolvercontainsexponential-decay
locality with remotefactor <>= , the expectednumberof distinct objectsboundat each nodeat nonroot level ? of a depth-�

fat-treeis
�
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For NLS to be scalableunderCriterion 1, theexpectednumberof bindingsper root
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Similarly, the upperboundon < = that would make NLS scalableunderCriteria 2 is also
�

� , usingwhich, the expected
numberof bindingspernodeatany level of thefat-treeis alsoboundby � :

� �������

.
Therelationshipbetween� �����

�
� and �;:

� �������

is asfollows:

� ���#�

���

�
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��<>=

Theapproximationcomesfrom thefactthattheratioof the�rst parameterto thesecondparameterof
 !$#&%
'(#&)

�

' )

"+*-,

��. function
is verycloseto zeroin practice,in whichcasethe

 
!�#&%
'(#&)

�

' )

" *-,

�
. functionevaluatesto avalueverycloseto its �rst parameter.

4.4 Controlled Upward Bindings
In practice,wecannotguaranteethatthereis exponential-decaylocalitywith remotefactorboundedby

�

� in thesetof replicated
objects,andthustheabove scalabilityresultmaynot hold. To maintainthescalabilityof NLS undersuchconditions,we can
simply imposeanupperlimit on thenumberof bindingsthatareallowed to bind upward from eachresolver in theNLS. We
denotethis upperlimit asthebindupthreshold. Whenthenumberof bindingsboundupwardfrom a givenresolver reachesthe
bindupthreshold,new bindingsinsertedat that resolver (from its child nodes)that would have beenboundup further under
normalconditionsarenotboundupward.With thissimplemechanism,thereis atrivial upperboundonthestoragerequirement
pernode.

Lemma 4 In thereplicationexperiment,if wesetthethebindupthresholdto be
�

,

#3)+!

"�$ , thentheaverage expectednumberof
distinctbindingsboundat anyinterior nodeor anyrootof a depth-� fat-treeis boundby

�

�

�

�

,

#3)+!

"�$ .

Clearly, when the NLS is operatedwith controlledupward bindingsand with insuf�cient spatial locality in the bound
objects,theobjectsthatwerenotboundall theway upareonly visible in a limited topologicalscope.As a consequence,some
lookupsfrom nearbyregionsthatotherwisewould have beenservicedby these“nearby” bindingsmaynow have to travel into
higherlevelsof the fat-treeto �nd a matchof a forwardingpointer. Thus,theselookupsarepayinga higherlookupcostand
mayproducea referenceto anobjectthat is not strictly theclosestto theclient. In essence,controlledupwardbindingallows
NLS to gracefullydegradein the event of insuf�cient spatiallocality in thesetof boundobjects;insuf�cient locality merely
causesa slight increasein lookupcostsanda declineon thelocationprecision,but doesnot affect NLS's scalability. We will
quantifythis effect experimentallyin Section5.

5 Experimental Results
We have implementeda prototypeof NLS in Java. In this section,we experimentallyevaluatethe scalability of NLS by
measuringits performancefor binding,lookup,andmigration/replicationoperationsover a namespaceconsistingof up to 1.3
million of URLscollectedfrom 453organizationsin eightuniversitiesin theU.S.

5.1 Methodology
Weevaluatethescalabilityof ourNLS in termsof storagerequirementandlookupcost.To measurethescalability, werunNLS
in threecon�gurations,a depth-1fat-treewith four leaf nodes,a depth-2fat-treewith 16 leafnodes,anda depth-3fat-treewith
64 leaf nodes,respectively, all with fan-in-4andfan-out-3.For eachcon�guration, thereareabout20,000URLs permanently
boundat eachleaf node,with thelargestcon�gurationconsistingof about1.3million URLs total.

Wethenmeasuretheperformanceof NLS in thefollowing threescenarios:

Bindings only Eachleafresolverbindsupthepre�xesof localURLs. Wemeasurethestoragerequirementof NLS whenusing
pre�xes.

Lookups After initial bindingsof pre�xesabove, eachleaf resolver performslookupsof a pool of URLs. By comparingthe
lookupcostsin thethreecon�gurations,we evaluatethescalabilityof theNLS in termsof lookupcosts.

10



University # of Org. TotalURLs
MIT 63 163,276
Berkeley 90 165,257
Rice 35 163,498
U. Washington 35 165,770
Harvard 96 162,344
Stanford 83 162,512
U. Texas 24 165,750
UCSD 27 162,509

Table1: The numberof URLs collectedand
the numberof organizationsfrom eachof the
eightuniversities.

NLS Fat-Tree URL
Con�g. # of Leafs Depth SourceUniversities TotalURLs
Fat-4 4 1 half of MIT 83,627
Fat-16 16 2 MIT andBerkeley 328,533
Fat-64 64 3 All of 8 1310,916

Table2: Statisticsof NLS con�gurationsusedin theexperiments.

Replication After initial bindindsof pre�xes,eachleaf resolver performslookupsof a pool of URLs with its objectcache
turnedon. ThecachesimplementtheLRU replacementpolicy. We evaluatethestoragerequirementandlookupsin the
presenceof cachingof replicatedobjectsat eachleaf resolver. A lookupof a remoteURL at a leaf node,if not foundin
thecache,resultsin the fetchingandlocal bindingof theassociatedobject. In addition,any objectthat is evicted from
thecacheis unboundup thetree.

Weperformtheabove lookupandreplicationexperimentsusingtwo setsof URLs with differentlocality:

Exponential-decaylocality The pool of URLs being looked up/replicatedhave the exponential-decaylocality, asde�ne in
Section4.3.NLS is runningwith no limit on thenumberof URLsboundupat any node.

Flat locality Thepool of URLs beinglookedup/replicatedhave the�at locality, i.e. eachpool of URLs aresampledfrom the
URLswith theirhomebindingatall theleaf resolvers.TheNLS is runningwith controllednumberof URLsboundupat
eachnode.

In summary, with theabove measurements,we show thaton onehand,if theURLs beinglookedup/replicatedat eachleaf
nodehave suf�cient spatiallocality, i.e., theratio of thenumberof URLs boundat eachresolver andthenumberof theURLs
thatneedto beboundup furtheris about

�

� , thentheNLS scalesautomaticallywithouthaving to explicitly controlthenumber
of URLsboundup at any node.On theotherhand,if thereis poorlocality, with the�at locality beingtheworstcase,we show
thattheNLS still scalesin termsof storagerequirementif it limits thenumberof URLs beingboundupwardat eachresolver.
Thetradeoff hereis thereducedvisibility of thereplicatedURLs. Thevisibility is measuredastheaveragenumberof remote
lookupsperreplicatedURL whenlookedup atevery otherleaf nodein thefat-tree.

All themeasurementsreportedbelow assumethereis no cachingof name-to-locationbindingsin the leaf resolvers. This
assumptionmakessomeof themeasurementssuchastheaveragenumberof remotequeriesperlookuptheworstcase.Wewill
presentevaluationresultswith sucha cachingmechanismin the�nal versionof thepaper.

5.2 URL Traces
To drive our experiments,we usenamescollectedby crawling theWebsitesof eightUS universitiesandcollectingtheURLs
publishedby theseorganizations.Table1 shows somestatisticson theURLs we collected.Thecolumnlabeled“Numberof
Organizations”correspondsto theserver domainnamesthatappearin associatedURLs from eachuniversity. Thesedomain
namescorrespondto thepre�xesusedwhenbinding theURLs in NLS. Table2 shows the fat-treecon�gurationsof theNLS
nameresolversandthesetof namesusedfor eachcon�guration.

5.3 Experimental Setup
Ourexperimentalplatformconsistsof adual-processorCompaqAlphaServerES40(500MHz21264AlphaCPUs)with 1 GByte
of mainmemory, runningTrue64UNIX, version4.0F. Our prototypeNLS resolver wasimplementedin Java,usingCompaq's
portof theSUNJava 2 SDK, version1.2.1.

The NLS nameresolver instancesuseJava remoteobject invocation(RMI) to communicatewith eachother. However,
to allow experimentationwith signi�cantly large NLS con�gurations(up to 175 resolvers),unlessotherwisestated,all NLS
resolverswerecon�gured to run in a singleJava VM. This is largely transparentto the NLS resolver implementation— the
Java runtimesystemautomaticallyreducescommunicationamongtheNLS resolversto localobjectinvocations.

5.4 PerformanceResultsfor the Exponential-DecayLocality Case
In this section,we report performanceresultsfor the lookup and replicationexperimentsusing a pool of URLs with the
exponential-decaylocality. For eachleaf resolver, we generatea pool of 10k URLs with spatial locality that matchesthe
fan-in/fan-outratio of the fat-tree.Speci�cally, sincethe fan-in/fan-outratio of fat-treenodesin all threecon�gurationsis

�

� ,
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Con�guration Home Cacheentries Avg. numberof entriesperinternalnode
Fat-Tree Cachesize( �

�

� ) bindings perleaf node Level 1 Level 2 Level 3

Fat-4 bind 19906 0 18/0 n/a n/a
1K (1333) 19906 1000 18/1312 n/a n/a
2K (2667) 19906 2000 18/2580 n/a n/a
4K (5333) 19906 4000 18/4970 n/a n/a

8K (10667) 19906 7049 18/8324 n/a n/a
Fat-16 bind 20521 0 39/0 153/0 n/a

1K (1333) 20521 1000 39/1320 153/1314 n/a
2K (2667) 20521 2000 39/2629 153/2575 n/a
4K (5333) 20521 4000 39/5209 153/4989 n/a

8K (10667) 20521 7402 39/9497 153/8624 n/a
Fat-64 bind 20473 0 29/0 113/0 453/0

1K (1333) 20473 1000 29/1279 113/1327 453/1360
2K (2667) 20473 2000 29/2554 113/2633 453/2633
4K (5333) 20473 4000 29/5094 113/5239 453/5157

8K (10667) 20473 7446 29/9418 113/9491 453/9026

Table3: Numberof bindingsin theresolversat variouslevelsof the fat-treeswith fan-in-4andfan-out-3,exponential-decay
locality, unlimitedbind-up.“ �

���

” denotesthereare � pre�xesand
�

URLs. 10K URLsarelookedupor replicated.
Con�guration Avg. remotelookupspernode Avg. remotelookups

Fat-Tree Cachesize Level 0 Level 1 Level 2 Level 3 perURL

Fat-4 lookup 7500 10000 n/a n/a 1.50
1K 7378 9840 n/a n/a 1.48
2K 7279 9711 n/a n/a 1.46
4K 7132 9515 n/a n/a 1.43
8K 7049 9404 n/a n/a 1.41

Fat-16 lookup 7494 17994 10250 n/a 2.68
1K 7471 17862 10126 n/a 2.66
2K 7450 17745 10020 n/a 2.64
4K 7421 17582 9869 n/a 2.62
8K 7402 17477 9772 n/a 2.60

Fa-64 lookup 7488 21437 19043 10000 3.57
1K 7478 21300 18906 9913 3.53
2K 7469 21192 18802 9841 3.46
4K 7456 21018 18639 9733 3.44
8K 7446 20906 18530 9661 3.43

Table 4: The averagenumberof resolver queriesper object being looked-upat a leaf nodewith fan-in-4 and fan-out-3,
exponential-decaylocality, unlimitedbind-up.10K URLsarelookedupor replicatedateachleaf resolver.

we sampletheURLs from all URLs in theuniverseby �rst selecting� 8�� from the local resolver (theseURLs arenot bound
up by the leaf resolver). Amongthe remaining�

8�� URLs to besampled,we sample� 8�� from theother3 leaf resolversthat
are in the samedepth-� sub-fat-tree. TheseURLs areonly boundup to the rootsof the level-1 sub-fat-tree. This recursive
samplingprocesscontinuesuntil reachingthe root level, when �	�

8�� �

�

percentageof URLs will be uniformly sampledfrom
theleaf resolversof theother3 depth-� � /

� � sub-fat-trees.TheNLS is operatedwithout limiting thenumberof URLs bound
upwardatany resolver.

Binding Performance Our �rst setof experimentsexploresthe scalabilityof NLS, in termsof storagerequirementand
lookupcost,in asimplescenariowherenamesareonly boundonce,namelyat theirhomesite,andthenlookedupfrom various
locales.Thatis, NLS is usedin thisscenariolike a conventionalnamingsystem(e.g.,DNS).

The�rst row (labeled“bind”) undereachfat-treecon�gurationin Table3 shows thenumberof bindingsin eachresolverat
variouslevelsof thatfat-treecon�gurationandtheassociatednumbersof names.Themeasurementsre�ect thestateof theNLS
searchtreeafterall namesarebound.Thenumbersshow thatthetotalnumberof bindingin levels1 andabove aredramatically
lowerthatthoseat theleaf level. This is aresultof theuseof pre�xes– becauseobjectsareonly boundat thehomeleaf resolver
in this experiment,only pre�x bindingsexist at theinterior nodesof thesearchtree.

Lookup Performance The �rst row (labeled“lookup”) undereachfat-treecon�guration in Table4 shows the average
numberof resolver queriespernodeat eachlevel duringthelookupexperiment.

Thenumbersshow thattheaveragenumberof resolver lookupsgrows sublinearlywith thedepthof thefat-tree.In fact,the
expectedaveragenumberof remotelookupsperURL lookedupateachleafnodeis 
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practice,this is anupperboundsincetherearerepetitionsof someURLs from thesampling.With fan-in4 andfan-out3, the
above formulagivesanupperboundof 1.5,2.63,and3.47for a depth-1,a depth-2,anda depth-3fat-trees,respectively. The
averagenumbersof remotelookupsshown in Table4 conformwith thesebounds.
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Con�guration Home Cacheentries Avg. numberof entriesperinternalnode
Fat-Tree Cachesize( �

�

� ) bindings perleaf node Level 1 Level 2 Level 3

Fat-4 bind 19906 0 18/0 n/a n/a
1K (1333) 19906 1000 18/1309 n/a n/a
2K (2667) 19906 2000 18/2578 n/a n/a
4K (5333) 19906 4000 18/4984 n/a n/a

8K (10667) 19906 7040 18/8320 n/a n/a
Fat-16 bind 20521 0 39/0 153/0 n/a

1K (1333) 20521 1000 39/1318 153/1303 n/a
2K (2667) 20521 2000 39/2627 153/2575 n/a
4K (5333) 20521 4000 39/5213 153/5047 n/a

8K (10667) 20521 8000 39/10235 153/9589 n/a
Fat-64 bind 20473 0 29/0 113/0 453/0

1K (1333) 20473 1000 29/1316 113/1318 453/1304
2K (2667) 20473 2000 29/2628 113/2648 453/2615
4K (5333) 20473 4000 29/5246 113/5226 453/5074

8K (10667) 20473 8000 29/10444 113/10317 453/9810

Table5: Numberof bindingsin theresolversat variouslevelsof thefat-treeswith fan-in-4andfan-out-3,�at locality, limiting
bind-up.“ �

���

” denotesthereare � pre�xesand
�

URLs. 10K URLs arelookedupor replicated.

Replication Performance The replicationexperimentis performedto measurethe scalabilityandperformanceof NLS
whenobjectsarereplicated. For eachfat-treecon�guration,we vary theobjectcachesizeper leaf resolver between1K, 2K,
4K, and8K. As describedin Section4.1,for eachcachesize,thenumberof bindingsin theinternalresolversof theNLS is the
sameasif only theURLs thatareleft in thecacheswereever boundupward.

Table3 shows theperformanceresultsof thereplicationexperimentusingthesetof URLswith exponential-decaylocality.
For eachfat-treecon�guration, eachrow that is labeled“10K-X” whereX rangesfrom 1K to 8K shows the averagenumber
of pre�x andURL bindingsin thenodesat eachlevel with theleaf resolver cachesizesetto X. Theresultsshow thatfor each
cachesize,aswescaleupthesizeof thefat-treesalongwith thenumberof URLsin theuniverse,thenumberof entriesboundat
eachresolver is boundby � �����

���

�

�

� , aspredictedby Equation1. Weconcludethatif thelocality in theURLsbeingreplicated
coincideswith theshapeof the fat-tree,thenthe NLS is scalablein termsof storagewithout having to explicitly control the
numberof URLs boundupwardfrom any resolver.

Thecorrespondingnumberof lookupoperationsfor theabovereplicationexperimentareshown in Table4. For eachfat-tree
con�guration,eachrow that is labeled“10K-X” whereX rangesfrom 1K to 8K shows theaveragenumberof remotelookups
at thenodesat eachlevel, with the leaf resolver cachesizesetto X. Thetableshows thatcomparedto thenumberof lookups
in thepurelookupexperiment,thereis a gradualdecreasein thenumberof remotelookupsaswe increasethecachesize.This
is becausethereis somerepetitionof URLs in the pool of sampledURLs beinglooked up at eachleaf resolver, aspredicted
by theSamplingLemmain Section4.1. A repeatedURL is satis�edout of thecacheif it hasnot beenevictedfrom theobject
cache.

5.5 PerformanceResultsfor the Flat Locality Case
To demonstratethescalabilityof ourNLS whenthereis insuf�cient locality in theURLsbeinglookedup/replicatedateachleaf
resolver, we repeattheabove bind/lookup/replicationexperimentsonasetof URLswith �at locality ateachleaf resolver. This
testcasemodelstheworstcasescenarioin termsof locality in theURLs. Obviously, if we do not controlthenumberof URLs
boundupwardfrom eachresolver, thestoragerequirementateachroot resolverwill increaseby a factorof

�

8

� eachtimethe
depthof thefat-treeis increasedby one.This is becausethenumberof leaf nodesandthusURLs thatneedto beboundat the
rootswill increaseby a factorof

�

, while thenumberof rootsonly goesupby a factorof � . ThustheNLS is operatedwith a
controllednumberof URLsboundupwardateachresolver.

Binding Performance The binding resultsshown in Table 5 are identical to the resultswhen using the test set with
exponential-decaylocality, sincetheURLsboundat eachleaf resolver arethesame.

Lookup Performance The �rst row (labeled“lookup”) undereachfat-treecon�guration in Table6 shows the average
numberof resolverqueriespernodeateachlevel performedduringthelookupexperiment.Thenumbersshow thattheaverage
numberof resolversgrows superlinearlywith thedepthof thefat-tree.In fact,sincetheURLs lookedup at eachleaf resolver
is uniformly sampledfrom theURLs from all leaf resolversin thefat-tree,theexpectedaveragenumberof remotelookupsper
URL looked up at eachleaf nodeis � �

�

/

���
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. For fan-in4 andfan-out3, theabove formulagives
expectednumbersto be1.5,3.38,and5.34for a depth-1,a depth-2,anda depth-3fat-trees,respectively. Theaveragenumbers
of remotelookupsshown in Table6 conformwith thesebounds.Theseresultsshow thatif theURLsbeinglookedup have �at
locality, theaveragelookupcostwill increasewhenscalingup thefat-treeandtheURL space.
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Con�guration Avg. remotelookupspernode Avg. remotelookups
Fat-Tree Cachesize Level 0 Level 1 Level 2 Level 3 perURL

Fat-4 lookup 7485 9981 n/a n/a 1.50
1K 7371 9828 n/a n/a 1.47
2K 7272 9696 n/a n/a 1.45
4K 7129 9505 n/a n/a 1.43
8K 7040 9386 n/a n/a 1.41

Fat-16 lookup 9374 23128 13642 n/a 3.44
1K 9346 22954 13471 n/a 3.41
2K 9321 22796 13320 n/a 3.39
4K 9281 22546 13076 n/a 3.35
8K 9236 22286 12824 n/a 3.32

Fat-64 lookup 9841 31388 32589 17796 5.42
1K 9833 31164 32317 17615 5.38
2K 9826 30988 32090 17451 5.25
4K 9816 30688 31704 17177 5.23
8K 9804 30326 31236 16837 5.22

Table6: The averagenumberof resolver queriesper objectbeinglooked-upat a leaf nodewith fan-in-4andfan-out-3,�at
locality, limiting bind-up.10K URLs arelookedupor replicated.

Replication Performance We repeatthereplicationexperimentin usingthesetsof URLs with �at locality. Theperfor-
manceresultsareshown in Table5. For eachfat-treecon�guration, eachrow that is labeled“10K-X” whereX rangesfrom
1K to 8K shows theaveragenumberof pre�x andURL bindingsin thenodesat eachlevel with theleaf resolver cachesizeset
to X. Theresultsshow that for eachcachesize,aswe scaleup thesizeof the fat-treesalongwith thenumberof URLs in the
universe,thenumberof entriesboundat eachresolver is boundby �������

���

�

�

� , which is thesameasin theexperimentsusing
URLs with exponential-decaylocality andoperatingNLS without controlling thenumberof upward bindings. We conclude
thatevenif thereis poorlocality in theURLsbeingreplicated,theNLS canbemadescalablein termsof storageby controlling
thenumberof URLs boundupwardfrom any resolver.

Thecorrespondingnumbersof lookupoperationsfor theabove replicationexperimentsareshown in Table6. Thenumbers
aresimilar to thenumbersin thepurelookupexperiment.Again,thegradualdecreasewhenincreasingthecachesizeis dueto
somedegreeof repetitionof URLs in thesampledpool of URLs,aspredictedby theSamplingLemmain Section4.1.

ReducedVisibility with Controlled-Bindup To measurethe reducedvisibility dueto controlledupward binding,we
repeatthe replicationexperimentusing2K URLs with �at locality, varying the numberof URLs allowed to bind up at each
internalresolver. To measurethevisibility of replicatedURLs,we performa lookupof theURLs replicatedon Node0 at leaf
nodesof increasingdistancein the fat-tree,i.e. leaf Nodes1-3 of distance1 which arein thesamedepth-1sub-Fat-tree,leaf
Nodes4-15of distance2, andleafNodes16-63of distance3. Wethenmeasuretheaveragenumberof remotelookupspersuch
URL lookup.Note,however, thatfor theleafnodes16-63,thenumberof remotelookupsof theURLs replicatedatNode0 are
not affectedby the replication: if anURL hasits homebinding in any of the48 nodes,thathomebindingwill be no further
thanthenew bindingat Node0. This is becauseif anURL hasits homebindingin any of Nodes0-15,thelookupfrom any of
Nodes16-63hasto passarootnodeanyway.

Table7 showsthenumberof entriesboundpernodeateachlevel, varyingthebinduplimits. It showsthatasweincreasethe
numberof bindupsallowed,moreURLs arepropagatedup andhigher, until thebinduplimit reaches2.667k. This is because
with thelimit being2.667k,all thereplicatedbindingscanreachlevel 2. Thusthenumberof bindingsat levels2 andbelow will
not increasewhenincreasingthebinduplimit further. Thereasonthenumberof bindingsat theroot level alsostopsincreasing
is asfollows. Thenumberof URL bindingspernodeat level 2 is 
 ?E�

�

�

�

�

� . Amongthese,only thosewith homebindingsin
therestdepth-(�B/

� ) sub-Fat-treesneedto bindup to theroot level. With �at locality, thatratio is exactly
�

C �

�

�

�

� . Thusthe
numberof bindingsthatneedto goup ata level 2 nodeis 
 ? �

�

�

�




�

�����

? .
Table8 shows the visibility of the URLs replicatedat Node0. It shows theaveragenumberof remotelookupsfor these

URLsaveragedover all leaf resolversdecreasesaswe increasethebinduplimit, until reaching2.667k.

6 Relatedwork
The GLOBE project [21] proposeda locationservicebasedon a distributedsearchtree. Our NLS was inspiredby, and its
distributed searchtree is basedon the GLOBE location service. As previously explained,NLS differs from the GLOBE
location servicein several ways. Moreover, this paperpresentsa scalability analysisand an experimentalevaluationof a
prototypeimplementationof our enhanceddesignof sucha locationservice.

Severalprior worksconsiderissuesin replicatingWebcontentin theInternet,andselectingthenearestreplicarelative to a
clientHTTPquery[3, 11, 12]. NLS offersa generalandhighly scalablesolutionto theproblemof locatingthenearestcopy of
anobjectboundto a name.
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Bindups Avg. num.of entriesperinternalnode
allowed Level 1 Level 2 Level 3

1.6K 29/2586 113/2122 453/2100
1.8K 29/2586 113/2384 453/2358

2K 29/2586 113/2648 453/2616
2.2K 29/2586 113/2910 453/2873
2.4K 29/2586 113/3159 453/3129

2.667K 29/2586 113/3250 453/3422
3K 29/2586 113/3250 453/3436

Table7: Numberof bindingsin theresolversatvar-
iouslevelsof thefat-treewith fan-in-4andfan-out-3,
�at locality, controlledbind-up. Only 2K URLs are
beingreplicatedandthenlookedup. Thenumberof
homebindingsis 20473and the numberof caches
entriesperleafnodeis 1967.

Bindups Avg. num.of remotelookupsperURL
allowed Nodes1-4 Nodes5-16 Nodes17-64 Overall

1.6K 1.47 4.53 5.63 5.16
1.8K 1.47 4.37 5.60 5.11
2.0K 1.47 4.20 5.57 5.05
2.2K 1.47 4.06 5.54 5.01
2.4K 1.47 3.90 5.51 4.96

2.667K 1.47 3.83 5.48 4.92
3K 1.47 3.83 5.48 4.92

Table8: Theaveragenumberof resolver queriesperobjectbeing
looked-upat a leaf nodewith fan-in-4andfan-out-3,�at locality,
controlledbind-up.

As discussedearlier, the InternetDomainNameSystemis a scalablenamingsystemthat wasnot designedasa location
service.Althoughit canbeusedto allow theresolutionof a domainnameto the“nearest”hostaddress,this placestheburden
of locatingthehostaddressclosestto theclient from wheretheDNS lookuporiginatedon theDNS resolver for theassociated
domain.

Lampson'sGlobalNamingSystem(GNS)[14] is anotherexampleof ascalablenamingsystemthatreliesonahierarchyof
nameserversthatdirectly correspondsto thestructureof thenamespace.Like DNS, it is a purenamingsystemandwasnot
designedasa locationservice.

CheritonandMann[8] describeanotherscalablenamingservice.Like NLS, their serviceis basedon multiple levels(three
in their case),distinguishedby differentrequirementswith respectto scalability, reliability andadministration.Like DNS and
GNS,their serviceis a purenamingserviceandrelieson a hierarchyof nameresolversthat re�ects thestructureof thename
space.

Attributebasedandintentionalnamingsystems[5, 1], aswell asdirectoryservices[18, 19] resolve a setof attributesthat
describethepropertiesof anobjectto theaddressof anobjectinstancethatsatis�esthegivenproperties.Thus,thesesystems
supportfar morepowerful queriesthanNLS. However, this power comesat theexpenseof scalabilityandperformance.NLS
supportsonly simplenamequeriesandresolvesto thenearestreplicaof theassociatedobject,but it is designedto scaleto a
worldwideservicewith billions of objectsandacorrespondingqueryloadsimilar to thatexperiencedby DNS.

LDAP [23] is anstandardizedaccessprotocolfor naminganddirectoryservices,but doesnot specifytheserviceitself. It
is thereforelargely orthogonalto NLS. Active Names[20] areclient and/orserver providedmobileprogramsresponsiblefor
locatingandretrieving namedresourceson behalfof a client. Thelocationfunctionalityof NLS couldbeachievedwith active
names,but NLS's focusona singlepurposeaffordsit greateref�ciency andscalability.

7 Conclusion
Thispapersketchesthedesignof NLS, a scalablenamingandlocationservice,it presentsananalysisof NLS'sscalability, and
it presentsresultsof a performanceevaluationbasedon a prototypeimplementationin Java. NLS resolvestextual namesto
thenearestof a setof replicatedobjectsassociatedwith thatname,andis designedto scaleto a world-wideservicecapableof
maintainingin excessof 1 Billion namesandobjects.

ApplicationsincluderesolvingWeb URIs to the nearestcachedor replicatedobjectthat providesthe associatedcontent.
Thekey designgoalsof NLS arescalability, performance,availability andeaseof administration.NLS is basedonadistributed
searchtree,with a fat-treebasedtopologyat the global level andself-con�guring spanningtreesat the local level. Location
informationis aggregatedfor nameswith a commonpre�x, andhashcodesof namesarestoredin the interior nodesof the
searchtreeto improve scalability.

Thescalabilityanalysisyieldsboundson thespatiallocality requiredin thesetof namebindingfor NLS to scale.Analysis
alsoshows that alternatively, NLS canbe madeto scaleindependentlyof the locality in the namebinding,at theexpenseof
reducedvisibility of boundobjectswhen locality is insuf�cient. Resultsof experimentswith the prototypeimplementation
con�rm thescalabilityanalysis.
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