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PRELIMINARY DRAFT
Abstract

This papersketchesthe design,and presents scalabilityanalysisand evaluationof NLS, a scalablenamingandlocation
service.NLS resolestextual namego the nearesbf a setof replicatedobjectsassociatedvith thathame,andis designedo
scaleto the dimensionsf a world-wide service.ApplicationsincluderesolvingWeb URIs to the nearestachedor replicated
objectthatprovidesthe associatedontent. The key designgoalsof NLS arescalability performanceavailability andeaseof
administration NLS is basedon a dynamicallycon gured, distributedsearcttree,with a fat-treebasedopologyat the global
level andspanningreesatthelocal level. Analysisandpreliminaryempiricalresultsobtainedwith a prototypeimplementation
indicatethatthe systemscalesasexpected.

1 Intr oduction

In orderto improve the scalability performanceandavailability of the World Wide Web, the strict client-sener modelof the

rst generationWebis graduallybeingabandoneih favor of amodelwhereWebcontentandservicesarereplicatedn different
geographidocationsthroughouthe Internet. This trendcanbe seenin the proliferationof cachingproxies[7, 24, 16], content
delivery servicedik e AkamaiandDigital Island[2, 9], andtherecentinterestin active proxy technology[6, 10].

An increasinglyimportantproblemin this context is theability to locatethe“nearest’replicaof a Webresourcen response
to a clientrequestor thatresource We have designecandimplementeda distributednamingandlocationservice(NLS) that
is ableto resole anobjectname(for instancea URI) to theaddres®f the nearesbbjectthatprovidesthe associatedesource,
while scalingto the dimension®of theentire WWW. Thefocusof this paperis on theanalyticalandexperimentalkevaluationof
NLS's scalability

Ourservicecanbeusedby acachingproxyto locatethenearesteplicaof aresourcgstoredatanothermproxy or sener) that
wasrequestedby a clientbut notfoundin the cacheof theclient's local proxy. Alternatively, the servicecouldbeuseddirectly
by Webbrowsersto locatethe nearesteplicaof aresourceequestedy the user

NLS is basedon distributed searchin a tree of hierarchicaldomains,as originally proposedn the GLOBE locationser
vice[22]. NLS extendsthis prior work in severaldirections improving thescalability e xibility, andadministratve easeof the
previously proposedsystem.Moreover, this papemresentshe rst analyticalandexperimentalevaluationof the scalabilityof
thisapproach.

NLS differsfrom the GLOBE locationservicein severalways:

NLS integratesthe namingand locationfunctions,which enableghe aggrgation of locationinformationin the search
treefor co-locatecbbjectswhosenameshave acommonpre X, thusincreasinghe scalability

NLS useshashcodeto storenamesf boundobjectsin theinterior nodesof thesearctiree,therebyreducingthe storage
requirementperobjectandthusfurtherimproving scalability

The NLS searchtree dynamicallycon guresitself to re ect the measuregroximity of the NLS nodesin the network,
basedon a given proximity metric (e.g.,lateng, bandwidth,hop countor a combinationthereof). This propertyallows
NLS to tracktopologychangesn the network andthusgreatlyeasegdministration.

NLS usesa two-level tree-basedhamingarchitecturewith a fat tree [15] topology at the global level, and a forest of
spanningtreesat the local level. The fat-treetopology allows the systematiause of replication (for availability) and
partitioning (for scalability)in the upperportionsof the searchiree. The self-con guring spanningreetopologyat the
local level is ableto track frequentchangesn network topology nodeavailability andcon guration at thefringesof the
network.



This papersketcheshe design,presentsa scalabilityanalysis,and presentgreliminaryempiricalresultswith a prototype
implementatiorof NLS. Basedon smallto mediumscaleexperimentswe concludethat NLS shouldscaleto a world-wide
serviceableto maintainin excessof 1 Billion bindings. However, larger scalesimulationswill be necessaryo con rm this
conjecture.

Therestof this paperis organizedasfollows. Section2 presentsomebackgroundon namingand cachingin the Web,
andon DNS. The designof NLS is presentedn Section3. A scalabilityanalysisis presentedn Section4. Section5 presents
preliminaryexperimentalresultsobtainedwith a prototypeimplementatiorof NLS. Relatedwork is coveredin Section6 and
Section? offerssomeconclusions.

2 Background

In this sectionwe cover sometechnicalbackgroundn namingandcachingin the Web,andon DNS.

The domainnamesystem(DNS) [17] is usedin the Internetto mapdomainnamedo IP addressesThe serviceis imple-
mentedby a hierarchyof namesenersthatre ects the structureof the DNS namespace.The namespaceis partitionedinto
differentadministratve zonesrepresenting@ll nameswith agivensufx, andanorganizationin chage of azoneprovidesone
or moreDNS seners,which performnametranslationfor all nameswith the correspondingufx.

For instance Anon University operatesa setof DNS senersthatarein chage of mappingall domainnamesthatendin
anon.edu totheassociatedP addressThesesenersarethechildrenof aDNS nodein chageof all nameswith sufx .edu .
Thesenersinternally rely on child DNS senersin chage of namesendingin cs.anon.edu, ece.anon.edu , etc. For
high availability, DNS seners are replicated. To reducequery load, DNS leaf seners cachepreviously resolhed bindings.
The binding aretimed out to prevent persistenstalemappings.SinceDNS mappingarenot assumedo changefrequently a
typically timeoutperiodis 15 minutes.

A domainnamecanbe mappedo multiple IP addressesand DNS will resole queriesfor the associatedlomainto one
of the IP addresse@ a round-robinfashion. This affords a primitive form of load balancingamongmultiple machineghat
implementa givensener.

Althoughnotstandarcdehaior, a DNS senerimplementatioris ableto take into accounthe network locationfrom which
aqueryoriginatesin choosingan IP addresaisedin answeringhe query Usingthis trick, DNS canbe usedto mapa domain
nameto the IP addresf a “nearby” (i.e., closeto the client) sener or proxy. While technicaldetailsare undisclosedit is
believedthatnetworked proxy operatorgik e Akamai[2] andDigital Island[9] usethis approach.

Onceaclientrequestarrivesat a proxy, andthatproxy doesnot hold the requestedesourcethe proxy needgo locatethe
closesproxy or senerthatdoeshave therequestedesourceln alarge-scalesystemthis requiresa distributedlocationservice
like NLS.

Currently namingandlocationin the WWW is basedon uniform resourcdocators(URLS) [4]. A URL containsthe DNS
domainnameof the senerthathoststheassociatedesource During alookup,theWebbrowserextractsthedomaincomponent
from the URL, obtainsthesener's IP addresaisingDNS, contactshe Web sener applicationusingthe IP addressanda well-
known or speci ed (in the URL) port numberandrequesthe documenidenti ed by theremainderof the URL relative to the
Websener's local documentoot.

Cachingproxiesattemptto improve responséimes,reducesenerloadandnetwork traf ¢ by keepingcopiesof Webcontent
closeto aclientcommunity Clientrequestsanbeinterceptedy proxiesin oneof threeways:

Conventional proxies requirethateachusers bronvserbe con guredto sendall client requestgo a given proxy. The proxy
eitherrespondso therequesusinga cachedcopy of therequestediocumentpr elseforwardstherequesto thesener.

Transparent proxies transparentlyinterceptoutgoingrequestpaclets from client browvsersin a given subnet. Like corven-
tional proxies,they eitherrespondvith a cachedcopy or forwardtherequesto thesener.

Network ed proxies cachecontent,streamingnediaand,in thefuture,dynamicWeb applicationdrom contentprovidersthat
contractwith the proxy network operator(e.g., Akamai or Digital Island). The contentproviders specify URLSs that
containthe proxy network operators domainnamefor all contentthatthey wish to be sered from the proxy network.
Nametranslationproceedsasfollows. The DNS sener for the proxy network operators domainreturnsan IP address
that dependsn the subnetaddresgrom which the DNS queryoriginates(i.e., the client's locationin the network). It
doessoby looking up the IP addres®f the proxy closesto theclient'slocation. As aresult,theclient'sHTTP requests
directedto a“nearby” proxy. If thatproxy cachegherequestedontentthelatteris returnedo theclient. Else,theproxy
attemptgo locatethe“closest” copy of therequestedesourceat anotherproxy in the network, fetchesthatcontent,and
returnsit to theclient. Thisrequiresalocationservice.

Amongthe threetypesof proxies,the third is mostpowerful, asit automaticallylocatesa copy of the requestedesource
closestto the client. Furthermorenetworked proxiesarein principle ableto sene not only staticWeb contentand streaming
media,but alsoWebapplicationghatcansupplydynamicallygenerateadontent.

Networked proxiesrequirea locationservicethatallows themto locatethe closestcopy of arequestedesourcewithin the
proxy network. Today commercialoperatoraiseproprietarylocationservicedor this purposewith a scopethatis limited to



justthatoperators proxies. The NLS serviceis intendedasa generakolutionto thelocationproblem,andis designedo scale
to thetotal numberof objectsin today's Webandbeyond ( objects).

3 Design

In this section,we sketchthe designof NLS, our scalablenamingandlocationservice.Dueto spaceconstraintsye focuson
thoseaspect®f thedesignrelevantto scalability

NLS mapshierarchicaltextualnamego asetof objectaddressethatprovide theassociatedesourceNamesn ourservice
consisbof avariablenumberof textualnamecomponentsseparatetly theslash'/” characterAs aresult,URLsarelegalnames
in NLS, which is corvenientfor backward compatibility However, the servicemakes no assumptiongboutthe meaningof
pathnamesomponentsin particular no partof a nameis assumedo imply thelocationof the associatedesource The object
addressesare opaqueto NLS; in practice,they could represent triples, CORBA/IIOP
handlespr ary otherform of objectaddress.

Thereareseveral key requirementshattogetherdifferentiateour namingandlocationservicefrom a purenamingservice
suchasDNS:

Replication and migration of objects Our namingandlocationserviceis designedior ervironmentswhereWeb resources
(contentandservices)anmigratebetweemodege.g.,senersandproxies)in theInternet.Consequentlya key require-
mentfor thenamingandlocationserviceis supportfor multiple bindingsof anameto objectsatdifferentlocationsin the
Internet.Thisimpliesthatthelocationservicemustnotrely on objectnameso containlocationinformation.

Locating the nearestreplica A fundamentatequiremenin the designof NLS is the ability to resohe a name(e.g.,a URL)
to the “nearest’of a setof replicatedobjectsthat canprovide the requestedontentor serviceassociateavith the name.
Proximity is de ned herein termsof the characteristicge.g.,lateng, bandwidth,hop count,lossrate,cost,security)of
thenetwork connectiorbetweerthe parties.

Scalability NLS shouldbe ableto supporta very large numberof namegmorethanonebillion), with associate@dbjectsthat
canpotentiallybelocatedarywherein theworld.

Availability TheNLS serviceneedgo remainavailablein theeventof NLS senercrashesandminimizethenumberof clients
for which the serviceis disrupted.In addition,afterrecorery, the crashechamesener needgo beableto restorethe lost
locationinformationto be consistentvith the otherseners.

Easeof administration Lastly, the NLS serviceneedgo be easyto managegspeciallywhenthe network topologychanges,
whenadding/remwing nameresohers,andduringfailure andrecovery of nameresol\ers.

The existing InternetDNS servicedoesnot meetthe rst requirementfor several reasons.First, in typical use,it maps
domainnamesgo IP address(esasopposedo full objectnameso the nearesbbjectaddressSecondgeventhoughDNS can
bemanipulatednto mappingadomainnameto theaddres®f a “nearby” sener, this doesnot solve the problemof locatingthe
closestsener thatprovidestherequestedesource In otherword, the DNS sener thatneedsto resole a domainnamequery
to anearbysener addressieeddo rely on a secondaryocationservicefor this purpose.

In the following, we describethe designof NLS, a servicethatsatis esall therequirementsNLS is basedon a distributed
searchiree structureof nameresolers[21], which allows multiple bindingsand migrationof objectsandlocatesthe nearest
replica. The scalability of the simple searchtreeis thensigni cantly enhancedvith the following techniquesi(1) NLS uses
afat-treebasedorganizationof resolersin the upperlevel of the searchtreeto enablesystematiaeplication(for availability)
and partitioning (for scalability) of locationinformation amongmultiple resohers; (2) NLS usespre xes of objectnames
to aggr@atelocationinformation, thus reducingthe amountof datastoredand consequentlymproving the scalability and
performancet upperlevels of the searchree;(3) NLS storesobjectnamesn theinterior nodesof the searchreein theform
of 64-bithashcodeg4) NLS cacheshamebindingsatleafresolhersto reducequeryloadoninterior resolers.

High availability is achieved by systematicallyreplicatinglocationinformationamongfat-treenodesat the upperlevel of
thesearchree,andby usingautomatically(re-)con guringspanningreesof resohersatthelower level. Easeof administration
anddynamicadaptatiorto a changingnetwork topologyis achiered via the ability to dynamicallyrecon gure the fat-treeat
upperlevelsandvia the useof theautomatically(re-)con guring spanningreeof resohersatlower levels.

3.1 A Distributed Seaich TreeBasedApproach

TheNLS nameresohersform a distributedtree,with the propertythatleaf resohersattachedo the samesubtreeare“closer”
to eachother(accordingto the proximity metric) thanleaf resohersthatareattachedo differentsubtree®f the sameheight.
Objectshind themselesto anameatthe NLS leaf nodeclosesto the object's location.

Thename-to-addredsinding of anobjectis storedonly attheleafresolher thatrepresentsheregionin which the objects
repositoryresides.For eachnew binding, it constructsa pathof forwarding pointeis from the root to the leaf resoler closest
to the object’s repository(thatis, the leaf resoher wherethe objectwasbound),shavn in Figurel. A forwardingpointerin
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Figurel: Insertinga new objectin adistributedsearchree.

aresolher mapsan objectnameto a (setof) child resol\ersthatis (are)onehop closerto the leaf resoler(s)that has(have)
bindingsfor the associatedbject(s).

This designensureshatin theworsecasethe addres®f anobjectcanalwaysbe foundby following a chainfrom theroot
resoler. In generalthelocality inherentin the searchtreestructureimpliesthatlooking up a namethathasa nearbyreplicaof
theassociatedbjectnever hasto go up beyondthelowestcommonancestoin thetree. Thebasicoperationgrovidedby NLS
areimplementedasfollows:

Insertion An insertionof anobjecthinding at a leaf resoler resultsin the storageof the name-to-addredsindingin theleaf
resoler, followed by anupwardtraversalfrom thatleaf resoher towardtheroot, insertingforwarding pointeis alongthe
way. If atsomeresoher A alongthe path,its parentresolher B alreadycontainsa forwardingpointerto a differentchild
C, anew forwardingpointeris insertedat the parentresoher to pointto A, andthe upward propagatioris stoppedsince
all theresohersalongthe pathbetweerthe parentresoher andtheroot alreadyhave forwardingpointers.

Deletion A deletionof anobjectfrom aleaf resoher whereit waspreviously boundcausesan upward traversaltowardsthe
root. It removesforwarding pointersalongthe way, and stopsat the rst internal resoher that hasat leastone other
forwardingpointerfor the sameobject.

Lookup A lookupof anobjectataleafresohercausesanupwardtraversalbut stopsatthe rst nodethatcontainsaforwarding
pointer for the object. It then follows the forwarding pointersuntil it reacheghe leaf node containingthe location
informationof the objectbeinglooked up. A look-up operationis guaranteedo nd the rst forwardingpointerin the
lowestcommonancestoiwof the resoler from which the look-up originatesandthe nearesteaf resoher that containsa
binding of the objectbeinglooked up. In otherwords,thelook-up operationis guaranteedb returnthe nearesteplicaof
theobject.

NLS decentralizeshe task of resolvingnamesandlocationsamonga group of hierarchicallyorganizedresolerscorre-
spondingto the topological,hierarchicaldecompositiorof the physicaldomainof objects. Thusit hasthe potentialto scale
well to wide-areanetworks by takingadwantageof theinherentiocality in the hierarchicabrganizationof locationinformation.
Theuseof forwardingpointersis whatenablesan objectto have multiple bindingsat differentleaf resohers,andtheinherent
locality in thetreestructureallows locatingthe nearesteplica.

Thesimplesearchreestructuredescribedsofar, hovever, cansufer from both poorscalabilityandpooravailability. First,
the singleroot of the searchireeneedso know aboutevery objectin the universe which severelylimits its scalability bothin
termsof storageandqueryload. Secondthe singleparentof eachnodein the searchireeis vulnerableto single-pointfailure,
whichresultsin disconnectiorof its entiresubtree The designof NLS signi cantly enhanceshe scalabilityandavailability of
thesimplesearchree,asdescribedn thefollowing sections.

3.2 Improving Scalability

We begin by describingseveral techniquesusedin NLS to improve the scalability of the basicdistributed searchtree based
approach.

Using Pre xes to AggregateLocation Information NLS providesnametranspareng thatis, NLS makesno assump-
tions aboutthe meaningof arny componenbf a name.However, evenwhenusingnameshatdo notre ect thelocationof an
object,corventionoften dictatesthatnamescontainthe nameof the organizationthat createdhe associatebject. Thisis to
ensurainiquenameassignmentvithout requiringcentralizedcontrol of the namespace.



NLS is able to take adwantageof this corvention as follows. When namescontainthe nameof the organizationthat
createghe associate@bject,the resultis a form of locality in the namespace.For instanceall URLs with the domainname
www.anon.edu arelikely to be boundat the nameresoher on the Anon University campus. In this case,the Anon leaf
resoler is ableto createa pathof forwardingpointersfor all objectswith the pre x www.anon.edu by insertingonly this
pre x. To dealwith pre xes,thelookup procedurdollows the forwardingpointersassociateavith thelongestpre x match.

Note thatwhenobjectsarereplicatedat locationsotherthantheir primary (home)location, individual namebindingsfor
thesereplicatedobjectsmustbe propagatedip thetree.However, pre x escanstill dramaticallyreducethe numberof bindings
maintainedn the upperportionsof the searchreeby allowing all theprimary (i.e., home)bindingsof anameto berepresented
jointly with asinglepre x.

Using Hashcodedo CompressNamelnformation Insteadof storingfull namesassociateavith theforwardingpoint-
ersin theinterior nodesof the searchtree, NLS storesonly a 64-bit hashcoddor eachname,thussubstantiallyreducingthe
storagecostsin the interior nodes. However, storinghashcodeinsteadof full namesaffectsthe lookup andbind procedure,
dueto the possibility of hashcollisions. During the lookup of a namei,it is possiblethata chainof forwardingpointersleads
to aleaf nodethatdoesnot actuallyhave a binding for the desiredname,but insteadhasa binding for a namewith the same
hashcode.

To handlethis case thelookup procedurds augmentedsfollows. In the eventof afailureto locatethe desiredhameat a
leafnode thesearctbacktrackgo thelowestinterior nodethathasanothernotyet explored,forwardingpointer andit follows
thatpointer It is easyto seethatsucha nodemustexist if a binding for the given nameexists. With a 64-bit hashcodenda
suitablehashfunction, the expectednumberof collisionsis low, evenwhenthe numberof boundnamesgoesinto the billions.
Thereforetheimpactof backtrackingon the averageookup performances expectedto be maginal.

Caching NameBindings in the Leaf Resolers After aleaf resoher hasobtaineda bindingfor a namein responseo
aclientquery it insertsthebindinginto acache Subsequentlient queriesfor the samenamearethenresolhedfrom thecache,
thusreducingqueryloadontheinterior nodes.

To control stalebindingsin the cache two measuresiretaken. First, cachedbinding areevicted aftera speci ed timeout.
Thisis to ensurethata leaf resoler doesnot continueto returnbindingsfor a far away object,even thougha nearbycopy of
theobjecthasbecomeavailable. Secondaclientthat nds thatit cannotcontactanobjectattheaddresgprovidedby NLS may
re-issuehelookupwith aspecial ag thatcausesd\LS to invalidateary cachedindingsfor thename.

3.3 A Two-Level Tree-BasedNaming Ar chitecture for Scalability and Availability

Thedistributedsearchreestructureof nameresoherscanbe logically dividedinto the global level, consistingof upperlevels
of thetree,andthelocal level, consistingof lower levels of thetree. The two levels have differentperformanceandcon gu-
rationrequirementsAt the global level, the scalabilityandavailability arethe main concernssincetherearefewer andfewer
resoherscomparedo the local level. At thelocal level, the scalabilityis lessof a concern.However, topologychangesand
recon gurationsaremuchmorefrequentat this level.

Fat-tr eefor the Global Level Thepressurenscalabilityatthegloballevel of thenamingandlocationservicenecessitates
the partitioningof locationinformationamongmultiple resolersat eachlevel. At thesametime, it is desirableto maintainthe
overall hierarchicalorganizationof resohersbecausef its inherentlocality property Thereforewe emplg afat-treg[15] to
organizetheresohersatthegloballevel of NLS. Figure2 shavs oneexampleof afan-in-3/fin-out-2depth-tvo fat-tree where
every non-rootnodehastwo parentsaandevery non-leafnodehasthreechildren.

In the context of NLS, the multiple ancestorén the fat-treecanbe usedfor scalabilityor availability. First, the setof name
bindingsthatneedto be maintainedn eachlogical nodecanbe partitionedamongseveralphysicalnodesyeducingthe storage
requirement&ndqueryprocessindoad on the physicalnodes thusimproving scalability Figure3 shavs anexamplewhere
thelocationinformationat aleaf nodeis recursvely partitionedamongsits ancestonodes.

In addition, eachpartition of the setof namebhindingsin a logical nodecanbe replicatedin multiple physicalnodesto
improve availability. Availability is improved becauseppon a nodefailure, a replicatednodein the samepatrtition as the
failednodecanbe contacted Figure4 shavs anexamplewherethe locationinformationat a leaf nodeis replicatedamongits
parentnodesatlevel 1, whichin turn partitiontheinformationamongtheir parentnodesatlevel 2. Of course partitioningand
replicationcanbe appliedto every logical nodein thefat-tree.

Routing in the fat-tr ee We next sketch a routing algorithm for lookup and bind requestsin a fat-treethat usesboth
partitioningandreplicationateachlogicalnode. The algorithmguaranteethatquerytraversalsareroutedupwardin thetreein

suchaway thata matchingnameis found at the lowestcommonancestoof the leaf resoher from which the queryoriginates
andthe leaf resoler wherethe closestobjectassociatedvith the nameis bound,regardlessof the leaf nodefrom which the
queryoriginates.
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Level 1

Figure 2: A depth-2fan-in-3/fan-out-2fat-tree. Dashed Figure3: Partitioninglocationinformationamongmultiple
boxesdenotedogical nodesin theoriginal simplesearchiree  ancestorsn afat-treefor scalability The locationinforma-
and solid boxes within eachdashedoxes denotephysical tion ataleafnodeis partitionedevenly amongits two parent
nodesthatrepresenthelogical node. nodesat level 1 andfour grandparentodesatlevel 2.

Therouting duringupward traversalsin the fat-treeis performedbasedon the hashcodef the objects name dividedinto
sggmentswhere isthedepthof thefat-tree.For simplicity, let usassume fat-treewith full partitioning,whereeachobject
is storedin exactly oneresoler of alogical node. Here,the th segmentis usedto uniquelydeterminewhich parentnodeat

level to routethe operatiorto, in moving up from anodeatlevel . It canbe provedthatsuchahashing-basedcheme
always nds thenearesteplicafor alookupoperationjust asin theoriginal simplesearchree.
Whenreplicationis usedin additionto partitioning,the th segmentis usedto selectthe partitionat level , andthen

oneof thereplicatedresolersin thatpartitionis selectedo sendthe queryto. Thereplicatedresohersin eachparentpartition
aremaintainedn theorderof their topologicalproximity to the child node.Normally, queriesaredirectedto the closestode,
unlessthatnodefailedor is overloadedijn which casethe queryis forwardedto the next closestreplicatedresoher.

Dynamic Spanning Treesfor the Local Level At thelocal level, scalabilityis lessof a concern,but the ability to
automaticallyrecon gureandmaintainthetreestructureés moreimportantsincetheresohersaremuchmorelik ely to beadded
or deleteddynamically In addition,high availability of NLS remainsa necessity Our approacho addresdoth requirements
is to automaticallyanddynamicallymaintaina spanningree of locationresohers. Due to spaceconsiderationswe omit the
details.

3.4 Con guration and Adaptation

As mentionedabore, the spanningreeof resolersatthelower level of NLS is fully self-con guring.

Theinitial con guration of the fat-treein the upperlevel of NLS is computedbasedon the measurear estimateddensity
anddistribution of objectsandnameshroughouthe network. The con guration shouldbalancdookup andstoragdoadsand
canbe generatedn two steps.First, we form a graphwith all the spanningreerootsasthe graphnodesandwith measured
proximity asthe weightededgedetweerthe nodes.We canthenrecursvely partition suchaweighted-edggraphusingwell-
known heuristicssuchasthe Kernighan-Linalgorithm[13]. Sucha recursvely partitioning of the grapheffectively givesa
simpletreeof recursvely decomposedubdomain®f spanningreeroots. In the secondstep,we simply choosea fan-out,and
constructafattreeout of the simpletree.

In adynamicnetwork ervironment,the proximity measurebetweerdifferentsubdomainsepresentetly thefat-treenodes
canchangeover time, althoughthe rate of changecanbe expectedto be lower thanat the fringes of the network. Thus,the
fat-treecon guration mustbe ableto adaptto the changingnetwork topologyandworkloads. Onekey obsenation aboutthe
fat-treeis thateventhoughtherearerich connection@mongits nodesthereexistsalocal structurebetweertwo adjacentevels
thatcanbe expandedwithout affecting the restof the fat-treestructure.Speci cally, in afan-in- /fan-out- fat-tree,every
consecutie nodesat a non-leaflevel form a parentgroup — they connectto the same  child nodesat the level belov (see
Figure2 for an example.) We canexploit this, for instancejf a nodein a parentgroupis becomingoverloaded.A nev node
canbeaddeduo the parentgroupin four stepsasshavn in Figure5. Spacdimitations preventusfrom a completediscussion
of thewaysin which thefat-treecanbedynamicallyrecon guredandadapted.
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Figure4: Partitioningandreplicatinglocationinformation
amongmultiple ancestordn a fat-treefor scalability and
availability. Thelocationinformationat aleaf nodeis repli-
catedamongits threeparentnodesat level 1, eachof which

Level 2
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Add a fat-tree node C: Level 1

1. A/B replicate some location info to C

2. C adds links to A/B's parents, and
binds upward replicated location info
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them locally Level O
Figure5: Adding afat-treenodeC to of oad nodeB. The
additioneffectively of oads all thenodesin the sameparent
groupsincethe hashing-baseduting schemebalanceghe
loadamongsthenodesin a parentgroup.

thenpartitionsthe locationinformationamongits own three
parentnodesatlevel 2.

3.5 Discussion

We next turn to a qualitative discussionof the designof NLS with regardto scalability performanceand availability. An
analyticalstudyof the scalabilityof NLS anda preliminaryquantitatve evaluationof a prototypeimplementatiorof NLS will
be presentedh thefollowing sections.

We beagin with a discussiornof NLS's scalability Our goalis for NLS to scaleto a world-wide systemthat canmapon
theorderof 1 Billion names.Let us rst considerthe scalabilityof the root with respecto storagerequirementsin the worst
case every nameboundin NLS requiresa mappingin the logical root of the searchiree. Every namebinding is represented
asa 64-bit hashcodea bitmapre ecting the forwarding pointersplus somedatastructureoverhead for a total of no more
than 16 bytes. This implies a total storagerequiremenbf 16 GBytesfor the logical root, which canbe implementedby 16
partitionedresoherswith 1+ GBytesof mainmemoryeach.This gure mustbe multiplied by thereplicationfactorneededor
high availability andload distribution. Assuminga minimal replicationof four, a minimumof 64 resohersareneededor the
root,whichis entirelyfeasible.

Also, dueto NLS'suseof pre xes,this gure is likely to bealooseupperboundontheactualstorageequirementsLet us
assumehateachobjecthasa homelocation(e.g.the primary sener of a Webresourceandthatthe namesof all suchobjects
ata givenhomelocationhave acommonpre X, dueto nhamingconventions.Underthis assumptionfor anindividual nameto
propagateo thelogical root requiresthatthe namehave associate@bjectsboundin atleasttwo of the subtree®of thelogical
root. Thesesubtreesepresentargeareadik e large countriesor subcontinentsSincea largefraction of Web contentis of only
localinterest,suchwide distribution is unlikely.

A secondconsideratioris the scalability of NLS with respectto queryload. Therearethreeaspectdo queryload: the
numberof resohersinvolvedin a query theresultingqueryprocessindoad on ary given node,andthe messagéoad on the
network. In generalthe numberof levelsthata queryascendsipwardin the searchtreeis relatedto the distancebetweerthe
originatorof the queryandthe closestreplicaof the objectassociatedvith the name.As a specialcase pobjectqueriesthatdo
notresultin amatchwithin the subtreeof the root from which the queryoriginated(including queriesfor non-eistentobjects)
mustreacha resoher in the logical root. Dueto spatiallocality of Web objectsandinterestedclients, mary queriescanbe
expectedto terminateat low levels of the tree. Moreover, the useof binding cachingin the NLS resohers canbe expected
to reducethe load on interior nodesof the searchtree considerablysincenamelookupstendto exhibit spatialandtemporal
locality.

Finally, we consideravailability in the NLS system.Nodesin thefattreeat the globallevel arenormallyreplicated. When
a nodefails, the peerresoler automaticallycontactsone of the replicatedresolersin the samepartition. This processis
completelytransparento users.Oncethe failed resolver comesbackon-line, it recoversits statefrom anothemresoher in the
samepartition. Whenaresolher in a spanningreeat thelocal level fails, its subtreebecomegemporarilydisconnectedThe
childrenof the failed nodeentera con guration phaseduringwhich they re-attachto the spanningree. Servicefor clientsand
objectsin thedisconnectegubtreds typically disruptedfor up to a smallnumberof secondsluringthis process.



4 Scalability Analysis of Fat-Tree-Based\LS

In this sectionwe analyzethescalabilityof thefat-tree-basebLS in termsof storageequirementsvhenobjectsarereplicated.
Theanalysiswill thenbeusedto guidethescalabilityexperimentsn the next section.

4.1 Scenario

Throughouthis analysiswe considerthe following scenario We assumehateachleafresoher of a fat-tree-basedllLS hasa
x edsetof objectspermanentlyboundlocally; thus,initially only onepre x perleafnodeneedso beboundin thefat-tree.An
(initially empty)objectcacheis co-locatedwith eachleaf node,which holdsreplicatedobjects.Sincethe storagerequirement
for thepre xesis insigni cant, theanalysiss only concernedvith thebindingsof objectsthatarecachedawvay from theirhome
locations.

Whenthe NLS is in operationtherewill bea continuoussequenc®f namess beinglooked up at eachleaf resoher. For
eachname,f theobjectfoundby NLS is neitheralocal object,nor anobjectcachedn thelocal objectcachethentheobjectis
fetchedfrom its nearesteplicaandaddedo thelocal objectcache andits nameboundatthelocal leafnodeandup thefat-tree.
Thelocal objectcachegmplementthe LRU replacemenpolicy. If anobjectis replacedjts bindingis unboundfrom theleaf
nodeandup the fat-tree. Therefore the total numberof namesbhoundup from eachleaf resoher is boundby the local object
cachesize.In addition,the upwardinsertionof a new bindingwill stopataninternalresoherwhich alreadyhasanforwarding
pointerfor the samename asdescribedn Section3.1.

We assumaall resolers have the sameamountof memory Therefore,if the numberof bindingsper resoher during the
operationof NLS remainthe samefor all resohersat all levels of the fat-tree,we saythe NLS is scalablein termsof storage
requirement.

Intuitively, if thereis no overlapamongthe namef replicatedobjectsboundat differentleafresohers,thenthescalability
of a fat-treebased\LS is trivially achieved if the fan-in/fan-outratio at eachnodematcheghe bindupratio, de ned asthe
total numberof bindingsreachinga node,divided by the numberof bindingsthat needto be propagatedurther up the tree.
Undertheseconditions thetotal numberof bindingsreachingthe next level will diminish by the samefactorasthe numberof
resolers,andthusthe numberof bindsat eachresolher remainsconstant.

In practice the namesof remoteobjectsreplicatedat differentleaf resolherscanoverlap,andthe numberof uniguenames
boundata certainlevel of thefat-treecanbesmallerthanthe sumof the bindingsboundup from all the sub-ft-treeselow that
level. The interestingquestionis thenwhetherthereexists a fat-treewith a fan-in/ffan-outratio smallerthanthe bindupratio
thatwould still bescalable.

Theanalysisn this sectionshavs thatsucha fat-treedoesnot exist, andthatthe matchingbetweerthe bindupratio andthe
fan-in/flan-outratio is requiredfor the fat-treeto be scalable.In addition,we give a simpleextensionto the binding operation
thatwould guarante¢he scalabilityof thefat-treewhenthebindupratiois higherthanthe fan-in/fan-outratio, i.e., whenthere
is notenoughspatiallocality in the nameof replicatedobjects.

Theanalysisbelov assumes balancedat-treetopology asthis greatlysimpli es the analysis.Dueto pagelimitation, the
proofsof theanalyticalresultswereomitted.

4.2 Terminologies

We rst introducesomeusefulterminologiesaboutfat-trees.The shapeof a fat-treeis uniquelydeterminedoy the fan-inand
fan-outateachnode. Figure6 shavs onestepof therecursve constructiorof afat-tree. Assumevehave  depth- fat-trees,

eachwith leavesand roots. To constructa depth-( ) fat-tree we add new roots,groupedinto

groupsof  rootseach.Next, we connectthe th rootof eachof the  depth- fat-treetoall rootsin the th groupof
thenew roots. Theresultingtreestructureis adepth-( ) fan-in- /fan-out- fat-tree with leavesand roots.
Lemmal A fan-in-M/fan-out-NFat-tree with leaf nodeshasa depthof , with root nodes. Thusthe ratio of the
numberof rootsover thenumberof leavess —

Next, we de ne the following notationsin the operatonof a fat-tree-basedLS. denoteghe numberof objects
permanentlboundat eachleaf node.Theleaf nodewhereanobjectis permanenthpoundis calledits homeleafnode
denotedhe sizeof the objectcachesattachedo eachleaf node. denoteghe numberof namedooked up at eachleaf
node.

The scalability of the fat-tree-base®LS clearly dependson the spatiallocality of the objectsbeingreplicated. Herethe
spatiallocality of anobjectis de ned in termsof thedistanceo its homeleafnodein thefat-treetopology e.g.hon mary hops
away, or the size of the smallestsub-ft-treethat coversthe homeleaf nodeandthe nodewhereit is replicated.We consider
two criteriafor the scalabilityof afat-tree-basedlILS:

Criterion 1 Whenscalingup the size of a balancedat-treewith the total numberof namesin the namespace,.e. keeping
and constantdoesthereexist a fat-treewith givenfan-inandfan-outthatcanmaintainthe samenumber
of bindingspernodeattherootlevel?
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Criterion 2 Givena x ednumberof names in thenamespaceanda x edtotal objectcachesize ,

doesthereexist afat-treesuchthatthe numbersf bindingspernodeacrossall levelsareroughlybalanced?
Last,we describewo Lemmasghatwill sene asthebasisof ouranalysis.

Lemma?2 If we uniformly sample objectsout of a pool of  distinct objectswith replacementmeaningthat the pool of
source objectsstaythe sameafter ead sampling the expectednumberand the correspondingpercentaye of distinct objects
withinthe  sampledbjectsare

Figure7 plotsthe _ functionfor 3 differentvaluesof , 80K, 320K, and1310K, asa function of the
ratio —. The gure shaws thatthe functionis only afunctionof —, invariantof theabsolutevaluesof and . Furthermore,
as— approache$§, thefunctionvalueapproaches, suggestinghattherearevery few overlappecdbijects.

Thefollowing Lemmasimpli es the scalabilityanalysishy removing the compleities involvedwith cachereplacement.

Lemma3 If eadt leaf nodein the fat-tree-basedNLSlooksup objectswith replication,and there are more distinct
objectsthantheobjectcacesize , thenthe stateof theNLSat theendof all lookupswill bethesameasif ead leafnode
hasonly looked up thelast objectsin its original lookupsequencewhele there are distinctremoteobjectsin
theselast objects.

Basedon the abore Lemma, the scalability analysiscan be describedn 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 leaves decreasesxponentially
We next identify conditionsfor the spatiallocality in the setof remoteobjectsboundat the leaf nodessuchthatthe resulting
numberof bindingspernodeat eachlevel of thetreeis constant.

De nition 1 Exponential-DecajRemotdractor : werecusivelyde netheremotefactor  to bethepercentaye of objects
beingboundat the roots of a depth- sub-fat-tee befoe Itering out repeatedones,that are from the restof the depth-
sub-fat-tees.

Remotefactor  isthusrecursvely de ned. In adepth- fat-treej.e. with leafnodesputof the objectdooked
up ateachleaf node, will befrom therest leaf nodes(depth-Osubtrees)andwill reachlevel 1 nodes.
Amongthese objects, will befrom theother depth-1subtreesandwill reachlevel 2, and
soon. At thelevel , out of theoriginal objectswill befrom therest depth- subtrees

andwill reachtherootlevel.

Theorem1 In thereplicationscenario,if the setof objectsbeingreplicatedat eat leaf resolverobservesxponential-decay
locality with remotefactor , the avelage expectednumberof distinct objectsboundat ead root of the depth- fat-treeis



Theorem2 In the replication experiment,if the objectsbeing replicatedat ead leaf resolvercontainsexponential-decay
locality with remotefactor , the expectednumberof distinct objectsboundat each nodeat nonroot level of a depth-
fat-treeis

For NLS to be scalableunderCriterion 1, the expectednumberof bindingsper root _
— shouldnotincreasewith thedepth . Sinceas

increases, _ increasesthe only value of thatsatis esthe above conditionis —.
In fact,assigning — givesasimpleboundof to theaverageload perroot:

. @)

Similarly, the upperboundon that would make NLS scalableunderCriteria 2 is also —, usingwhich, the expected
numberof bindingspernodeatary level of thefat-treeis alsoboundby

Therelationshipbetween and is asfollows:
Theapproximatiorcomesrom thefactthattheratio of the rst parameteto theseconcarameteof _ function
is very closeto zeroin practice jn which casethe _ functionevaluatego avalueverycloseto its rst parameter

4.4 Controlled Upward Bindings

In practice we cannotguarante¢hatthereis exponential-decajocality with remotefactorboundedy — in thesetof replicated
objects,andthusthe above scalabilityresultmay not hold. To maintainthe scalabilityof NLS undersuchconditions,we can
simply imposean upperlimit on the numberof bindingsthatare allowed to bind upward from eachresoler in the NLS. We
denotethis upperlimit asthe bindupthreshold Whenthe numberof bindingsboundupward from a givenresoler reacheghe
bindupthreshold,new bindingsinsertedat that resoler (from its child nodes)that would have beenboundup further under
normalconditionsarenotboundupward. With this simplemechanismthereis atrivial upperboundonthestorageequirement
pernode.

Lemma4 In thereplicationexperimentjf we setthethebindupthresholdto be , thentheaveliage expectechumberof
distinctbindingsboundat anyinterior nodeor anyrootof a depth- fat-treeis boundby —

Clearly, whenthe NLS is operatedwith controlledupward bindingsand with insufcient spatiallocality in the bound
objects the objectsthatwerenotboundall theway up areonly visible in alimited topologicalscope As a consequencesome
lookupsfrom nearbyregionsthatotherwisewould have beenservicedby these'nearby” bindingsmay now have to travel into
higherlevels of the fat-treeto nd a matchof aforwardingpointer Thus,theselookupsare payinga higherlookup costand
may producea referenceto anobjectthatis not strictly the closesto the client. In essencegontrolledupward binding allows
NLS to gracefullydegradein the event of insufcient spatiallocality in the setof boundobjects;insufcient locality merely
causes slightincreasean lookup costsanda 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
measuringts performancdor binding,lookup,andmigration/replicatioroperationver a namespaceconsistingof upto 1.3
million of URLSs collectedfrom 453 organizationsn eightuniversitiesin theU.S.

5.1 Methodology

We evaluatethescalabilityof our NLS in termsof storagerequiremenandlookupcost. To measurehescalability we run NLS
in threecon gurations,a depth-1fat-treewith four leaf nodes a depth-2fat-treewith 16 leafnodes anda depth-3fat-treewith
64 leaf nodesrespectiely, all with fan-in-4andfan-out-3.For eachcon guration, thereareabout20,000URLS permanently
boundat eachleaf node,with thelargestcon guration consistingof about1.3million URLstotal.

We thenmeasurdhe performancef NLS in thefollowing threescenarios:

Bindings only Eachleafresoherbindsupthepre x esof local URLs. We measurg¢hestorageequiremenbdf NLS whenusing
pre xes.

Lookups After initial bindingsof pre xesabove, eachleaf resoher performslookupsof a pool of URLs. By comparingthe
lookupcostsin thethreecon gurations,we evaluatethe scalabilityof the NLS in termsof lookup costs.
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University #0of Org. | TotalURLs
MIT 63 163,276
Berlkeley 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 NLS Fat-Tree __URL
UCSD 27 162,509 Cong. | #ofLeafs | Depth | SourceUniversities | TotalURLs
Fat-4 4 1 half of MIT 83,627
. Fat-16 16 2 MIT andBerkel 328,533
Tablel: The numberof URLs collectedand Fat-64 64 3 Al O% 1310916
the numberof organizationsfrom eachof the
eightuniversities. Table2: Statisticsof NLS con gurationsusedin the experiments.

Replication After initial bindindsof pre xes, eachleaf resoler performslookupsof a pool of URLs with its objectcache
turnedon. The cachesmplementthe LRU replacemenpolicy. We evaluatethe storagerequirementaindlookupsin the
presencef cachingof replicatedobjectsat eachleaf resoher. A lookup of aremoteURL ataleaf node,if notfoundin
the cacheresultsin the fetchingandlocal binding of the associate@bject. In addition,ary objectthatis evicted from
thecacheis unboundupthetree.

We performthe abore lookup andreplicationexperimentausingtwo setsof URLs with differentlocality:

Exponential-decaylocality The pool of URLs beinglooked up/replicatechave the exponential-decayocality, asde ne in
Section4.3. NLS is runningwith no limit onthe numberof URLs boundup atary node.

Flat locality Thepool of URLs beinglooked up/replicatechave the at locality, i.e. eachpool of URLs aresampledrom the
URLs with theirhomebindingatall theleafresolhers. The NLS is runningwith controllednumberof URLs boundup at
eachnode.

In summarywith the abore measurementsye shav thaton onehand,if the URLs beinglooked up/replicatedat eachleaf
nodehave sufcient spatiallocality, i.e., theratio of the numberof URLs boundat eachresolher andthe numberof the URLs
thatneedto beboundup furtheris about—, thenthe NLS scalesautomaticallywithout having to explicitly controlthenumber
of URLs boundup atany node.Onthe otherhand,if thereis poorlocality, with the at locality beingtheworstcasewe shav
thatthe NLS still scaledn termsof storagerequirementf it limits the numberof URLs beingboundupward at eachresoler.
Thetradeof hereis thereducedvisibility of thereplicatedURLs. Thevisibility is measuredsthe averagenumberof remote
lookupsperreplicatedURL whenlooked up atevery otherleaf nodein thefat-tree.

All the measurementeportedbelonv assumehereis no cachingof name-to-locatiorbindingsin the leaf resolers. This
assumptiormalessomeof themeasurementsuchasthe averagenumberof remotequeriesperlookuptheworstcase We will
presenevaluationresultswith sucha cachingmechanisnin the nal versionof the paper

5.2 URL Traces

To drive our experimentswe usenamescollectedby cravling the Web sitesof eightUS universitiesandcollectingthe URLs
publishedby theseorganizations.Table 1 shavs somestatisticson the URLs we collected. The columnlabeled“Number of
Organizations’correspondso the sener domainnameshat appeaiin associatedJRLs from eachuniversity Thesedomain
namescorrespondo the pre xesusedwhenbindingthe URLs in NLS. Table2 shavs the fat-treecon gurationsof the NLS
nameresolhersandthe setof namesusedfor eachcon guration.

5.3 Experimental Setup

Ourexperimentaplatformconsistof adual-processaCompacAlphaSenrer ES40(500MHz21264Alpha CPUs)with 1 GByte
of mainmemory running True64UNIX, version4.0F Our prototypeNLS resolher wasimplementedn Java, usingCompads
portof theSUN Java 2 SDK, versionl1.2.1.

The NLS nameresoher instancesuse Java remoteobjectinvocation(RMI) to communicatewith eachother However,
to allow experimentatiorwith signi cantly large NLS con gurations(up to 175 resohers), unlessotherwisestated,all NLS
resoherswerecon guredto runin asingleJava VM. This is largely transparento the NLS resoher implementation— the
Javaruntimesystemautomaticallyreducesommunicatiormmongthe NLS resolersto local objectinvocations.

5.4 PerformanceResultsfor the Exponential-DecayLocality Case

In this section,we report performanceresultsfor the lookup and replication experimentsusing a pool of URLs with the
exponential-decayocality. For eachleaf resolher, we generatea pool of 10k URLs with spatiallocality that matchesthe
fan-inffan-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 | perleafnode | Levell | 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 the resohersat variouslevels of the fat-treeswith fan-in-4andfan-out-3,exponential-decay

locality, unlimitedbind-up.“ " denoteghereare pre xesand URLs. 10K URLsarelookedup or replicated.

Con guration Avg. remotelookupspernode Avg. remotelookups
Fat-Tree  Cachesize | LevelO | Levell | Level2 | Level3 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 143

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 resoler queriesper object being looked-up at a leaf node with fan-in-4 and fan-out-3,
exponential-decajocality, unlimited bind-up. 10K URLs arelookedup or replicatedat eachleaf resoher.

we samplethe URLs from all URLs in theuniverseby rst selecting  from thelocal resoher (theseURLs arenot bound
up by the leaf resoler). Amongthe remaining URLsto be sampledwe sample  from the other3 leaf resohersthat
arein the samedepth- sub-ft-tree. TheseURLSs areonly boundup to the roots of the level-1 sub-fit-tree. This recursve
samplingprocesscontinuesuntil reachingthe root level, when percentagef URLs will be uniformly sampledfrom
theleaf resolhersof the other3 depth- sub-ft-trees.TheNLS is operatedvithoutlimiting the numberof URLs bound
upwardatary resoher.

Binding Performance Our rst setof experimentsexploresthe scalability of NLS, in termsof storagerequirementand
lookupcost,in asimplescenariovherenamesareonly boundonce,namelyattheirhomesite,andthenlooked up from various
locales.Thatis, NLS is usedin this scenaridik e a conventionalnamingsystem(e.g.,DNS).

The rst row (labeled'bind”) undereachfat-treecon gurationin Table3 shavs the numberof bindingsin eachresoher at
variouslevelsof thatfat-treecon gurationandtheassociatedumbersof namesThemeasurement® ect thestateof theNLS
searchtreeafterall namesarebound.Thenumbersshav thatthetotal numberof bindingin levels 1 andabove aredramatically
lowerthatthoseattheleaflevel. Thisis aresultof theuseof pre x es—becaus@bjectsareonly boundatthehomeleafresoher
in this experiment,only pre x bindingsexist attheinterior nodesof the searchree.

Lookup Performance The rst row (labeled‘lookup”) undereachfat-treecon guration in Table 4 shavs the average
numberof resoher queriegpernodeat eachlevel duringthelookup experiment.

Thenumbersshav thatthe averagenumberof resoher lookupsgrows sublinearlywith thedepthof thefat-tree.In fact,the
expectedaveragenumberof remotelookupsperURL looked up ateachleaf nodeis —_— — .In
practice this is anupperboundsincetherearerepetitionsof someURLSs from the sampling. With fan in4 andfan-out3, the
above formulagivesanupperboundof 1.5,2.63,and3.47 for a depth-1,a depth-2,anda depth-3fat-treesrespectiely. The
averagenumbersof remotelookupsshavn in Table4 conformwith thesebounds.
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Con guration Home | Cacheentries | Avg. numberof entriesperinternalnode
Fat-Tree Cachesize( —) | bindings | perleafnode 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 theresolersat variouslevelsof the fat-treeswith fan-in-4andfan-out-3, at locality, limiting
bind-up.“ " denoteghereare pre xesand URLs. 10K URLsarelookedup or replicated.

Replication Performance The replicationexperimentis performedto measurehe scalability and performanceof NLS
whenobjectsarereplicated. For eachfat-treecon guration, we vary the objectcachesizeperleaf resoher betweenlK, 2K,
4K, and8K. As describedn Sectior4.1,for eachcachesize,the numberof bindingsin theinternalresohersof the NLS is the
sameasif only the URLsthatareleft in the cachesvereever boundupward.

Table3 shavs the performanceesultsof the replicationexperimentusingthe setof URLs with exponential-decajocality.
For eachfat-treecon guration, eachrow thatis labeled“10K-X" whereX rangesfrom 1K to 8K shavs the averagenumber
of pre x andURL hindingsin the nodesat eachlevel with the leaf resolher cachesizesetto X. Theresultsshav thatfor each
cachesize,aswe scaleupthesizeof thefat-treesalongwith thenumberof URLsin theuniverse the numberof entriesboundat
eachresoleris boundby —, aspredictedby Equationl. We concludethatif thelocality in the URLsbeingreplicated
coincideswith the shapeof the fat-tree,thenthe NLS is scalablein termsof storagewithout having to explicitly controlthe
numberof URLs boundupward from ary resoher.

Thecorrespondingumberof lookupoperationdor theabove replicationexperimentareshavn in Table4. For eachfat-tree
con guration, eachrow thatis labeled“10K-X" whereX rangesrom 1K to 8K shaws the averagenumberof remotelookups
atthenodesat eachlevel, with the leaf resoler cachesizesetto X. Thetableshavs thatcomparedo the numberof lookups
in the purelookup experimentthereis a gradualdecreasén the numberof remotelookupsaswe increasehe cachesize. This
is becausehereis somerepetitionof URLs in the pool of sampledURLs beinglooked up at eachleaf resoler, aspredicted
by the SamplingLemmain Section4.1. A repeatedJRL is satis ed out of the cacheif it hasnot beenevicted from the object
cache.

5.5 PerformanceResultsfor the Flat Locality Case

To demonstratéhescalabilityof our NLS whenthereis insufcient locality in the URLs beinglookedup/replicatedateachleaf
resoler, we repeatheabove bind/lookup/replicatiorexperimenton asetof URLswith at locality ateachleafresoher. This
testcasemodelstheworstcasescenaridn termsof locality in the URLs. Olviously; if we do not controlthe numberof URLs
boundupwardfrom eachresoler, thestoragaequiremenateachrootresoherwill increaseby afactorof eachtimethe
depthof thefat-treeis increasedy one. This is becausehe numberof leaf nodesandthusURLs thatneedto be boundat the
rootswill increaseéby afactorof , while thenumberof rootsonly goesup by afactorof . ThustheNLS is operatedvith a
controllednumberof URLs boundupward ateachresol\er.

Binding Performance The binding resultsshavn in Table 5 are identical to the resultswhen using the test set with
exponential-decajocality, sincethe URLs boundat eachleafresolher arethe same.

Lookup Performance The rst row (labeled“lookup”) undereachfat-treecon guration in Table 6 shavs the average
numberof resoher queriespernodeat eachlevel performedduringthelookupexperiment. Thenumbershaw thattheaverage
numberof resolhersgrows superlinearlywith the depthof thefat-tree.In fact, sincethe URLs looked up at eachleaf resoler
is uniformly sampledrom the URLs from all leafresolersin thefat-tree the expectedaveragenumberof remotelookupsper
URL looked up at eachleaf nodeis . For fan-in4 andfan-out3, the above formula gives
expectechumbergo be1.5,3.38,and5.34for adepth-1,adepth-2,anda depth-3fat-treesrespectrely. The averagenumbers
of remotelookupsshavn in Table6 conformwith thesebounds.Theseresultsshav thatif the URLs beinglookedup have at
locality, theaveragedookup costwill increasevhenscalingup thefat-treeandthe URL space.
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Con guration Avg. remotelookupspernode Avg. remotelookups
Fat-Tree  Cachesize | LevelO | Levell | Level2 | Level3 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 143
8K 7040 9386 n/a n/a 141
Fat-16 lookup 9374 | 23128 | 13642 n/a 3.44
1K 9346 | 22954 | 13471 n/a 341
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 resoher queriesper objectbeinglooked-upat a leaf nodewith fan-in-4andfan-out-3, at
locality, limiting bind-up.10K URLs arelookedup or replicated.

Replication Performance We repeatthe replicationexperimentin usingthe setsof URLs with at locality. The perfor
manceresultsare shavn in Table5. For eachfat-treecon guration, eachrow thatis labeled“10K-X" whereX rangesfrom
1K to 8K shaws the averagenumberof pre x andURL bindingsin the nodesat eachlevel with theleaf resoher cachesizeset
to X. Theresultsshav thatfor eachcachesize,aswe scaleup the size of the fat-treesalongwith the numberof URLs in the
universe the numberof entriesboundat eachresoler is boundby —, whichis the sameasin the experimentausing
URLSs with exponential-decayocality andoperatingNLS without controlling the numberof upward bindings. We conclude
thatevenif thereis poorlocality in the URLs beingreplicatedthe NLS canbe madescalablen termsof storageby controlling
thenumberof URLs boundupwardfrom ary resoher.

Thecorrespondingnhumbersof lookup operationdor the above replicationexperimentsareshavn in Table6. Thenumbers
aresimilarto thenumberdn the purelookup experiment.Again, the gradualdecreasevhenincreasinghe cachesizeis dueto
somedegreeof repetitionof URLs in the sampledhool of URLSs, aspredictedby the SamplingLemmain Sectiond. 1.

ReducedVisibility with Controlled-Bindup To measurehe reducedvisibility dueto controlledupward binding, we
repeatthe replicationexperimentusing 2K URLs with at locality, varying the numberof URLs allowed to bind up at each
internalresoher. To measureahevisibility of replicatedURLs, we performalookup of the URLs replicatedon NodeO at leaf
nodesof increasingdistancein the fat-tree,i.e. leaf Nodes1-3 of distancel which arein the samedepth-1sub-Fat-tree leaf
Nodes4-150f distance2, andleaf Nodes16-63of distance3. We thenmeasurghe averagenumberof remotelookupspersuch
URL lookup. Note,however, thatfor theleaf nodesl6-63,the numberof remotelookupsof the URLs replicatedat NodeO are
not affectedby the replication: if an URL hasits homebindingin ary of the 48 nodes thathomebinding will be no further
thanthe new bindingat NodeO. Thisis becauséf anURL hasits homebindingin ary of Nodes0-15,thelookupfrom ary of
Nodesl6-63hasto passaroot nodeanyway.

Table7 shavs the numberof entriesboundpernodeateachlevel, varyingthebinduplimits. It shavsthataswe increasehe
numberof bindupsallowed, more URLs arepropagatedip andhigher until the binduplimit reache®.667k. This is because
with thelimit being2.667k,all thereplicatedbindingscanreachlevel 2. Thusthenumberof bindingsatlevels2 andbelow will
notincreasevhenincreasinghebinduplimit further Thereasorthe numberof bindingsat theroot level alsostopsincreasing
is asfollows. The numberof URL bindingspernodeat level 2 is - -. Amongtheseonly thosewith homebindingsin
therestdepth-( ) sub-Rat-treesneedto bind up to therootlevel. With at locality, thatratiois exactly ——  -. Thusthe
numberof bindingsthatneedto go up atalevel 2 nodeis -

Table 8 shaws the visibility of the URLSs replicatedat NodeO. It shcws the averagenumberof remotelookupsfor these
URLs averagedver all leaf resolersdecreaseaswe increasehe binduplimit, until reaching2.667k.

6 Relatedwork

The GLOBE project[21] proposeda location servicebasedon a distributed searchtree. Our NLS wasinspiredby, andits
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
prototypeimplementatiorof our enhancedlesignof suchalocationservice.

Severalprior works considelissuedn replicatingWeb contentin the Internet,andselectingthe nearesteplicarelatve to a
clientHTTP query[3, 11, 12]. NLS offersageneralandhighly scalablesolutionto the problemof locatingthe nearestopy of
anobjectboundto aname.
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Bindups | Avg. num.of entriesperinternalnode
allowed | Levell Level 2 Level 3
1.6K | 29/2586 | 113/2122 453/2100
1.8K | 29/2586 | 113/2384 453/2358 Bindups Avg. num. of remotelookupsperURL
2K | 29/2586 | 113/2648 453/2616
allowed | Nodesl-4 | Nodes5-16 | Nodes17-64 | Overall
2.2K | 29/2586 | 113/2910 453/2873
1.6K 1.47 4.53 5.63 5.16
2.4K | 29/2586 | 113/3159 453/3129 18K 147 437 560 511
2.667K | 29/2586 | 113/3250 453/3422 ' ’ ' ' '
3K | 29/2586 | 113/3250 453/3436 20K La7 4.20 557 5.05
2.2K 1.47 4.06 5.54 5.01
Table7: Numberof bindingsin theresohersatvar- ) ezeélé i'i; g-gg g-ié i-gg
iouslevelsof thefat-treewith fan-in-4andfan-out-3, 3K 147 383 548 492

at locality, controlledbind-up. Only 2K URLs are
beingreplicatedandthenlooked up. The numberof Table8: Theaveragenumberof resoler queriesperobjectbeing
homebindingsis 20473andthe numberof caches  looked-upat a leaf nodewith fan-in-4andfan-out-3, at locality,
entriesperleafnodeis 1967. controlledbind-up.

As discussedearlier the InternetDomain Name Systemis a scalablenamingsystemthat was not designedasa location
service.Althoughit canbe usedto allow theresolutionof a domainnameto the “nearest’hostaddressthis placesthe burden
of locatingthe hostaddreslosesto the client from wherethe DNS lookup originatedon the DNS resoher for theassociated
domain.

Lampsons GlobalNamingSystem(GNS)[14] is anotherexampleof a scalablenamingsystenthatrelieson a hierarchyof
namesenersthatdirectly correspondso the structureof the namespace.Like DNS, it is a purenamingsystemandwasnot
designedhsalocationservice.

CheritonandMann[8] describeanotherscalablenamingservice.Like NLS, their serviceis basedn multiple levels (three
in their case) distinguishedy differentrequirementsvith respecto scalability reliability andadministration.Like DNS and
GNS, their serviceis a purenamingserviceandrelieson a hierarchyof nameresohersthatre ects the structureof the name
space.

Attribute basedandintentionalnamingsystemg5, 1], aswell asdirectoryserviceq18, 19] resol\e a setof attributesthat
describethe propertiesof anobjectto the addresof anobjectinstancehatsatis esthe given properties.Thus,thesesystems
supportfar more powerful queriesthanNLS. However, this powver comesat the expenseof scalabilityandperformanceNLS
supportonly simple namequeriesandresohesto the nearesteplicaof the associatedbject,but it is designedo scaleto a
worldwide servicewith billions of objectsanda correspondingjueryloadsimilar to thatexperiencedy DNS.

LDAP [23] is anstandardizeéccesgprotocolfor naminganddirectoryservicesbut doesnot specifythe serviceitself. It
is thereforelargely orthogonatto NLS. Active Names[20] are client and/orsener provided mobile programsresponsibldor
locatingandretrieving namedresource®n behalfof a client. Thelocationfunctionality of NLS could be achiezed with active
namesput NLS'sfocuson a singlepurposeaffordsit greateref ciency andscalability

7 Conclusion

This papersketcheghe designof NLS, a scalablenamingandlocationservice,it present&nanalysisof NLS's scalability and
it presentgesultsof a performancesvaluationbasedon a prototypeimplementationin Java. NLS resohestextual namesto
the nearesbf a setof replicatedobjectsassociatedvith thatname andis designedo scaleto a world-wide servicecapableof
maintainingin excessof 1 Billion namesandobjects.

ApplicationsincluderesolvingWeb URIs to the nearesttachedor replicatedobjectthat providesthe associatedontent.
Thekey designgoalsof NLS arescalability performanceavailability andeaseof administrationNLS is basednadistributed
searchtree,with a fat-treebasediopologyat the global level and self-con guring spanningtreesat the local level. Location
informationis aggreyatedfor nameswith a commonpre x, andhashcodesof namesare storedin the interior nodesof the
searchreeto improve scalability

Thescalabilityanalysisyields boundson the spatiallocality requiredin the setof namebindingfor NLS to scale.Analysis
alsoshaws that alternatvely, NLS canbe madeto scaleindependentlyof the locality in the namebinding, at the expenseof
reducedvisibility of boundobjectswhenlocality is insufcient. Resultsof experimentswith the prototypeimplementation
con rm the scalabilityanalysis.
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