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Abstract

Ef�cient Resourcediscovery mechanismis oneof the fundamentalrequirementfor Grid computingsystems,as
it aidsin resourcemanagementandschedulingof applications.Resourcediscovery activity involvesearchingfor the
appropriateresourcetypesthatmatchtheuser'sapplicationrequirements.Variouskindsof solutionsto grid resource
discovery have beensuggested,including the centralisedandhierarchicalinformationserver approach.However,
bothof theseapproacheshaveseriouslimitationsin regardsto scalability, fault-toleranceandnetworkcongestion. To
overcometheselimitations,indexing resourceinformationusingadecentralised(suchasPeer-to-Peer(P2P))network
modelhasbeenactively proposedin thepastfew years.

This article investigatesvariousdecentralisedresourcediscovery techniquesprimarily driven by P2Pnetwork
model. To summarise,this article presentsa: (i) summaryof currentstateof art in grid resourcediscovery; (ii)
resourcetaxonomywith focus on computationalgrid paradigm;(iii) P2Ptaxonomywith focus on extendingthe
currentstructuredsystems(suchasDistributedHashTables)for indexing d-dimensionalgrid resourcequeries;(iv)
detailedsurvey of existing works thatcansupportd-dimensionalgrid resourcequeries;and(v) classi�cationof the
surveyedapproachesbasedontheproposedP2Ptaxonomy. Webelievethatthistaxonomyandits mappingto relevant
systemswouldbeusefulfor academicandindustrybasedresearcherswhoareengagedin thedesignof scalableGrid
andP2Psystems.

1 Intr oduction

The last few yearshave seenthe emergenceof a new generationof distributedsystemsthat scaleover the Internet,
operateunderdecentralisedsettingsandaredynamicin their behavior (participantscan leave or join the system).
Onesuchsystemis referredto asGrid Computingandothersimilar systemsincludeP2PComputing[78], Semantic
Web[82], Pervasive Computing[102] andMobile Computing[14, 45]. Grid Computing[47] providesthebasicin-
frastructurerequiredfor sharingdiversesetsof resourcesincludingdesktops,computationalclusters,supercomputers,
storage,data,sensors,applicationsandonline scienti�c instruments.Grid Computingoffers its vastcomputational
power to solve grandchallengeproblemsin scienceandengineeringsuchasprotein folding, high energy physics,
�nancial modeling,earthquake simulation,climate/weathermodeling,aircraft enginediagnostics,earthquake engi-
neering,virtual observatory, bioinformatics,drug discovery, digital imageanalysis,astrophysics, and multi-player
gaming.etc.

Grids canbe primarily classi�ed [123] into varioustypes,dependingon natureof their emphasis-computation,
data,applicationservice,interaction,knowledge,andutility. Accordingly, Grids areproposedasthe emerging cy-
ber infrastructureto power utility computingapplications.ComputationalGrids aggregatecomputationalpower of
globally distributedcomputers(e.g.,TeraGrid,ChinaGrid,andAPACGrid). DataGridsemphasizeon a global-scale
managementof datato provide dataaccess,integration and processingthroughdistributed datarepositories(e.g.,
LHCGrid,GriPhyN). Applicationservice(provisioning)Gridsfocusonproviding accessto remoteapplications,mod-
ules;librarieshostedondatacentersor computationalGrids(e.g.,NetSolveandGridSolve). InteractionGridsfocused
on interactionandcollaborative visualizationbetweenparticipants(e.g.,AccessGrid).KnowledgeGridsaim towards
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knowledgeacquisition,processing,management,andprovide businessanalyticsservicesdriven by integrateddata
mining services.Utility Gridsfocuson providing all thegrid servicesincludingcomputepower, data,serviceto end
usersasIT utilities on subscriptionbasisandprovidesinfrastructurenecessaryfor negotiationof requiredquality of
service,establishmentandmanagementof contracts,andallocationof resourcesto meetcompetingdemands.To sum-
marize,thesegrids follow a layereddesignwith computationalgrid beingat thebottommostlayerwhile theutility
grid beingat thetop mostlayer. A grid at higher-level utilizestheservicesof gridsthatoperateat lower layersin the
design.For example,a DataGrid utilizestheservicesof ComputationalGrid for dataprocessingandhencebuilds on
it. In addition,lower-level Gridsfocusheavily on infrastructureaspectswhereashigher-level onesfocuson usersand
qualityof servicedelivery.

In this work, we mainly focuson theComputationalGrids. ComputationalGridsenableaggregationof different
typesof computeresourcesincluding clusters,supercomputers,desktops.In general,computeresourceshave two
typesof attributes:(i) staticattributessuchasthetypeof operatingsysteminstalled,network bandwidth(bothLocal
Area Network (LAN) andWide Area Network (WAN) interconnection),processorspeedandstoragecapacity(in-
cludingphysicalandsecondarymemory);and(ii) dynamicattributessuchasprocessorutilization,physicalmemory
utilization, freesecondarymemorysize,currentusagepriceandnetwork bandwidthutilization.

1.1 The SuperschedulingProcessand ResourceIndexing

TheGrid superscheduling[104] problemis de�ned as: “schedulingjobsacrossthegrid resourcessuch ascomputa-
tional clusters, parallel supercomputers, desktopmachinesthat belongto differentadministrativedomains”. Super-
schedulingin computationalgrids is facilitatedby specializedGrid schedulers/brokerssuchasthe Grid Federation
Agent [90], MyGrid [3], NASA-Superscheduler[105], Nimrod-G [2], GridBus-Broker [118], Condor-G [48] and
work�o w engines[124, 43]. Fig.1 shows an abstractmodelof a decentralisedsuperschedulingsystemover a dis-
tributedquerysystem.Thesuperschedulersaccesstheresourceinformationby issuinglookupqueries.Theresource
providersregistertheresourceinformationthroughupdatequeries.Superschedulinginvolves:(i) identifying andan-
alyzing user's job requirements;(ii) queryingGRIS [25, 62, 38, 125, 103, 5] for locatingresourcesthat matchthe
job requirements;(iii) coordinatingandnegotiatingServiceLevel Agreement(SLA) [85, 39, 36, 92]; and(iv) job
scheduling.Grid resourcesaremanagedby their local resourcemanagementsystems(LRMSes)suchasCondor[71],
PortableBatchSystem(PBS)[22], SunGrid Engine(SGE)[53], Legion [30], Alchemi [74] andLoadSharingFacil-
ity LSF [129]. TheLRMSesmanagejob queues,initiateandmonitortheirexecution.

Traditionally, superschedulersincludingNimrod-G,Condor-G andTycoon[69] usedservicesof centralisedinfor-
mationservices(suchasR-GMA [127], Hawkeye [126], GMD [125], MDS-1 [44]) to index resourceinformation.
Undercentralisedorganisation,thesuperschedulerssendresourcequeriesto a centralisedresourceindexing service.
Similarly, theresourceprovidersupdatetheresourcestatusatperiodicintervalsusingresourceupdatemessages.This
approachhasseveral designissuesincluding: (i) highly proneto a singlepoint of failure; (ii) lacksscalability; (iii)
highnetwork communicationcostat links leadingto theinformationserver (i.e. network bottleneck,congestion);and
(iv) the machinerunningthe informationservicesmight lack the requiredcomputationalpower requiredto serve a
largenumberof resourcequeriesandupdates.

To overcometheaboveshortcomingsof centralisedapproaches,ahierarchicalorganisationof informationservices
hasbeenproposedin systemssuchasMDS-3[61] andGanglia[98]. MDS-3organizesVirtual Organisation(VO) [47]
speci�c informationdirectoriesin a hierarchy. A VO includesa setof GPsthat agreeon commonresourcesharing
policies. Every VO in grid designatesa machinethat hoststhe informationservices.A similar approachhasbeen
followed in the Gangliasystem,which is designedfor monitoringresourcesstatuswithin a federationof clusters.
Eachclusterdesignatesa nodeasa representative to the federatedmonitoringsystem.This nodeis responsiblefor
reportingclusterstatusto thefederation.However, thisapproachalsohassimilarproblemsasthecentralisedapproach
suchasone-pointof failure,anddoesnotscalewell for a largenumberof users/providers.

1.2 DecentralisedResourceIndexing

Recently, proposalsfor decentralizinga GRIShave gainedsigni�cant momentum.Thedecentralizationof GRIScan
overcomethe issuesrelatedto currentcentralisedandhierarchicalorganisations.A distributedsystemcon�guration
is consideredasdecentralised“if noneof theparticipantsin thesystemis more importantthanothers, in caseone
of the participant fails thenit is neithermore or lessharmful to the systemthan causedby the failure of any other
participant in the system”. An early proposalfor decentralizingGrid informationserviceswasmadeby Iamnitchi
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Figure1: Superschedulingandresourcequeries

andFoster[62]. Thework proposeda P2Pbasedapproachfor organizingtheMDS directoriesin a �at, dynamicP2P
network. It envisagesthatevery VO maintainsits informationservicesandmakesit availableaspartof a P2Pbased
network. In otherwords,informationservicesarethe peersin a P2Pnetwork basedcouplingof VOs. Application
schedulersin variousVOsinitiatea resourcelook-upquerywhich is forwardedin theP2Pnetwork using�ooding (an
approachsimilar to oneappliedin theunstructuredP2Pnetwork Gnutella[31]. However, this approachhasa large
volumeof network messagesgenerateddueto �ooding. To avoid this, a Time to Live (TTL) �eld is associatedwith
every message,i.e. thepeersstopforwardinga querymessageoncetheTTL expires.To anextent,this approachcan
limit thenetwork messagetraf�c, but thesearchqueryresultsmaynotbedeterministicin all cases.Thus,theproposed
approachcannotguaranteeto �nd thedesiredresourceeventhoughit existsin thenetwork.

Recently, organizinga GRIS over structuredP2Pnetworks hasbeenwidely explored. StructuredP2Pnetworks
offer deterministicsearchquery resultswith logarithmic boundson network messagecomplexity. StructuredP2P
look-upsystemsincludingChord[111], CAN [93], Pastry[97] andTapestry[128] areprimarily basedon Distributed
HashTables(DHTs). DHTs provide hashtablelike functionalityat theInternetscale.A DHT is a datastructurethat
associatesa key with a data.Entriesin thedistributedhashtablearestoredasa (key,data)pair. A datacanbelooked
upwithin a logarithmicoverlayroutinghopsif thecorrespondingkey is known.

It is widely acceptedthat DHTs are the building blocks for next-generationlarge scaledecentralisedsystems.
Someof theexampledistributedsystemsthatutilizesDHT routingsubstrateincludedistributeddatabases[59], group
communication[28], E-mail services[79], resourcediscovery systems[13, 32, 114,103, 83] anddistributedstorage
systems[40]. Currentimplementationsof DHTs areknown to be ef�cient for 1-dimensionalqueries[59] suchas
“�nd all resourcesthatmatchthegivensearchpoint”. In this case,distinctattributevaluesarespeci�ed for resource
attributes.ExtendingDHTs to supportd-dimensionalrangequeriessuchas�nding all resourcesthatoverlapa given
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searchspaceis a complex problem.Rangequeriesarebasedon rangeof valuesfor attributesratherthanona speci�c
value.Currentworksincluding[32, 114, 103, 25, 37,5, 83, 20,88,109] havestudiedandproposeddifferentsolutions
to thisproblem.

1.3 ConceptualDesignof a Distrib uted ResourceIndexing System
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Figure2: Distributedresourceindexing: a layeredapproach

A layeredarchitectureto build a distributedresourceindexing systemis shown in Fig. 2. Thekey componentsof
a Internet-basedresourceindexing systemincludes:

� Resource layer: This layer consistsof all globally distributedresourcesthataredirectly connectedto the In-
ternet.Therangeof resourcesincludedesktopmachines,�les, supercomputers,computationalclusters,storage
devices,databases,scienti�c instrumentsandsensornetworks.A computationalresourcecanrunvariantsof op-
eratingsystems( suchasUNIX or Windows) andqueuingsystems(suchasCondor, Alchemi,SGE,PBS,LSF).

� Lookup layer: This layerofferscoreservicesfor indexing resourcesattheInternetscale.Themaincomponents
at this layer arethe middlewaresthat supportInternet-wideresourcelook-ups. Recentproposalsat this layer
havebeenutilizing structuredP2PprotocolssuchasChord,CAN, PastryandTapestry. DHTsoffer deterministic
searchqueryperformancewhile guaranteeinglogarithmicboundson thenetwork messagecomplexity. Other,
middlewaresat this layer includesJXTA [119], Grid Market Directory (GMD) [125] and unstructuredP2P
substratessuchasGnutella[31] andFreenet[34].

� Application layer: This layerincludestheapplicationservicesin variousdomainsincluding: (i) Grid comput-
ing; (ii) distributedstorage;(iii) P2Pnetworks;and(iv) ContentDelivery Networks(CDNs) [101], [86]. Grid
computingsystemsincludingCondor-Flock P2P[24] usesservicesof PastryDHT to index condorpoolsdis-
tributedovertheInternet.Grid brokeringsystemsuchastheNimrod-Gutilizesdirectoryservicesof Globus[46]
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for resourceindexing andsuperscheduling.TheOurGridsuperschedulingframework incorporatesJXTA for en-
ablingcommunicationbetweenOGPeersin thenetwork. DistributedstoragesystemsincludingPAST [42] and
OceanStore[68] utilizesservicesof DHTssuchasPastryandTapestryfor resourceindexing.

1.4 Paper organisation

The restof the paperis organizedas follows. Section2 summarizesthe approachesthat arebasedon a non-P2P
resourceorganisationmodel, speci�cally the centralisedandhierarchicalnetwork models. Section3 presentstax-
onomiesrelatedto generalcomputationalresources'attributes,look-upqueriesandorganisationmodel. In section4,
we presenttaxonomiesfor P2Pnetwork organisation,d-dimensionaldatadistribution mechanismandqueryrouting
mechanism.Section5 summarizesvariousalgorithmsthatmodelGRISoveraP2Pnetwork. Finally, weendthispaper
with discussiononopenissuesin section6 andconclusionin section7.

2 The Stateof Art in Grid Inf ormation Indexing

Thework in [126] presentsa comprehensive taxonomyon existing centralisedandhierarchicallyorganisedGRISes.
We summarizethis work hereandclassifyexisting systemsaccordingto the proposedtaxonomyin Table1. The
proposedtaxonomyis basedon theGrid Monitoring Architecture(GMA) [115] put forwardby theGlobalGrid Fo-
rum(GGF).Themaincomponentsof GMA are:(i ) producer–daemonthatmonitorsandpublishesresourceattributes
to theregistry; (ii) consumer–superschedulersthatquerytheregistry for resourceinformation;(iii) registry–aservice
or a directory that allows publishingand indexing of resourceinformation; (iv) republisher–any object that imple-
mentsboth producerandconsumerfunctionality; and(v) schemarepository–holdsdetailssuchastype andschema
aboutdifferentkindsof eventsthatareambientin a GRIS.Thework de�nes a scope-orientedtaxonomyof existing
GRIS.Thesystemsareidenti�ed dependingon theprovisionandcharacteristicsof its producersandrepublishers.

Table1: SummarizingcentralisedandhierarchicalGRIS

Level 0 Level 1 Level 2 Level 3
MapCenter [23],
GridICE [4]

Autopilot [95] CODE [106],
GridRM [9],
Hawkeye [126],
HBM [110],
Mercury [12],
NetLogger [55],
NWS [121],
OCM-G [120],
Remos [41],
SCALEA-G[117]

Ganglia [98],
Globus MDS [38],
MonALISA [81],
Paradyn [77],
RGMA [127]

� Level 0 (Self-ContainedSystems):Theresourceconsumersaredirectly informedof variousresourceattribute
changesby thesensordaemon(a server programattachedto theresourcefor monitoringits status).Thenoti-
�cation processmay take placein an of�ine or an online setting. In the onlinecase,the sensorslocally store
the resourcemetrics,which canbe accessedin an applicationspeci�c way. Thesesystemsnormally offer a
browsableweb interfacethat providesinteractive accessto HTML-formattedinformation. Thesesystemsdo
notprovideany kind of producerapplicationprogramminginterface(API), thuslackingany programmingsup-
port that can enableautomaticdistribution of eventsto remotelydeployed applications. Systemsincluding
MapCenter[23] andGridICE [4] belongto level 0 resourcemonitoringsystems.

� Level 1 (Producer-Only Systems):Systemsin this category have event sensorshostedon the samemachine
as the producer, or the sensordaemonfunctionality is provided by the produceritself. Additionally, these
systemsprovide API at the resourcelevel (producerlevel), hencethey areeasilyandautomaticallyaccessible
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from remoteapplications.In this case,thereis no needto browsethroughthewebinterfacein-orderto gather
resourceinformation.SystemsincludingAutopilot [95] belongto thelevel 1 categoryof monitoringsystems.

� Level 2 (ProducersandRepublishers):Thiscategoryof systemincludesarepublisherattachedto eachproducer.
The republisherof differentfunctionality may be stacked uponeachotherbut only in a prede�nedway. The
only differencefrom Level 1 systemsbeing the presenceof a republisherin the system. Systemsincluding
GridRM [9], CODE[106] andHawkeyearelevel 2 systems.

� Level 3 (Hierarchiesof Republishers):Thiscategoryof systemallowsfor thehierarchicalorganisationof repub-
lishersin anarbitraryfashion.This functionality is not supportedin theLevel 2 systems.In this arrangement,
every nodecollectsandprocesseseventsfrom its lower level producersandrepublishers. Thesesystemspro-
vide betterscalabilitythana Level 0, Level 1 or Level 2 system.SystemssuchasMDS-3 [38] belongto this
category.

Thetaxonomyalsoproposesthreeotherdimensions/quali�ersto characterizetheexistingsystems.They include:

� Multiplicity: thisquali�er refersto thescalabilityaspect(organisationof therepublisherin aLevel 2 system)of
aGRIS.A republishercanbecompletelycentralised,or distributedwith supportof replication.

� Typeof entities:denotestypesof resourcesindexedby aGRIS.Differentresourcetypesincludehosts,networks,
applicationsandgeneric.A genericresourcetypeat theleastsupportseventfor hostsandnetwork types.

� Stackable:denoteswhethertheconcernedGRIScanwork on topof anotherGRIS.

3 ResourceTaxonomy

Thetaxonomyfor acomputationalgrid resourceisdividedinto thefollowing (refertoFig.3): (i) resourceorganisation;
(ii) resourceattribute;and(iii) resourcequery.
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3.1 Resource/GRISorganisationtaxonomy

Thetaxonomyde�nesGRISorganisationas(referto Fig. 4) :

� Centralised:Centralisationrefersto the allocationof all queryprocessingcapability to singleresource.The
maincharacteristicsof acentralisedapproachincludecontrolandef�ciency. All look-upandupdatequeriesare
sentto a singleentity in thesystem.GRISesincludingRGMA [127] andGMD [125] arebasedon centralised
organisation.

� Hierarchical:A hierarchicalapproachlinks GRIS'seitherdirectlyor indirectly, andeitherverticallyor horizon-
tally. Theonly direct links in a hierarchy arefrom theparentnodesto their child nodes.A hierarchy usually
forms a treelike structure. GRIS systemincluding MDS-3 [38] andGanglia[98] arebasedon this network
model.
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� Decentralised:No centralisedcontrol, completeautonomy, authorityand query processingcapability is dis-
tributedoverall resourcesin thesystem.TheGRISorganizedunderthismodelis fault-tolerant,self-organizing
andis scalableto largenumberof resources.Moredetailson thisorganisationcanbefoundin section4.

Thereare four fundamentalchallengesrelatedto differentorganisationmodelsincluding: (i) scalability; (ii)
adaptability;(iii) availability; and(iv) manageability. Centralisedmodelsareeasyto managebut do not scale
well. When network links leadingto the centralserver get congestedor fail, then the performancesuffers.
Hence,this approachmaynot adaptwell to dynamicnetwork conditions.Further, it presentsa singlepoint of
failure,sooverallavailability of thesystemdegradesconsiderably. Hierarchicalorganisationovercomessomeof
theselimitationsincludingscalability, adaptabilityandavailability. However, theseadvantagesoveracentralised
modelcomesat thecostof overall systemmanageability. In this case,every sitespeci�c administratorhasto
periodicallyensurethefunctionalityof their local daemons.Further, theroot nodein thesystemmaypresenta
singlepoint failuresimilar to thecentralisedmodel.Decentralisedsystems,includingP2P, arecoinedashighly
scalable,adaptableto network conditionsandhighly available. But manageabilityis a complex task in P2P
networksasit incursa lot of network traf�c.
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3.2 ResourceAttrib ute Taxonomy

A computegrid resourceis describedby a setof attributeswhich is globally known to the applicationsupersched-
ulers. The superschedulerwhich is interestedin �nding a resourceto executea user's job issuesqueriesto GRIS.
The queriesarea combinationof desiredattribute valuesor their ranges,dependingon the user's job composition.
In general,computeresourceshave two typesof attributes: (i) staticor �x ed valueattributessuchas: type of op-
eratingsysteminstalled,network bandwidth(both LAN andWAN interconnection),network location,CPU speed,
CPUarchitecture,softwarelibrary installedandstoragecapacity(includingphysicalandsecondarymemory);and(ii)
dynamicor rangevaluedattributessuchasCPUutilisation,physicalmemoryutilisation,freesecondarymemorysize,
currentusagepriceandnetwork bandwidthutilisation.Figure5 depictstheresourceattributetaxonomy.

3.3 ResourceQuery Taxonomy

Theability of superschedulerssuchasMyGrid, Grid-FederationAgent,, NASA-Superscheduler, Nimrod-G,Condor-
Flock P2Pto make effective applicationschedulingdecisionis directly governedby the ef�ciency of GRIS.Super-
schedulersneedto querya GRIS to compile informationaboutresource's utilisation, load andcurrentaccessprice
for formulatingthe ef�cient schedules.Further, a superschedulercanalsoquerya GRIS for resourcesbasedon se-
lectedattributessuchasnodeswith largeamountsof physicalandsecondarymemory, inter-resourceattributessuch
asnetwork latency, numberof routinghopsor physicalattributessuchasgeographiclocation.Similarly, theresource
ownersquerya GRISto determinesupplyanddemandpatternandaccordinglysettheprice. Theactualsemanticsof
theresourcequerydependson theunderlyingGrid superschedulingmodelor Grid systemmodel.

3.3.1 ResourceQuery Type

Superschedulingsystemsrequiretwo basictypesof queries: (i) resourcelook-up query (RLQ) ; and (ii) resource
updatequery(RUQ). An RLQ is issuedby a superschedulerto locateresourcesmatchinga user's job requirements,
while anRUQ is anupdatemessagesentto a GRISby a resourceownerabouttheunderlyingresourceconditions.In
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Condor-�ock P2Psystem,�ocking requiressendingRLQsto remotepoolsfor resourcestatusandthewillingnessto
acceptremotejobs.Willingnessto acceptremotejobsis a policy speci�c issue.After receiving anRLQ message,the
contactedpool managerreplieswith anRUQ that includesthejob queuelength,averagepool utilization andnumber
of resourcesavailable.Thedistributed�ocking is basedon theP2Pquerymechanism.Oncethejob is migratedto the
remotepool, basicmatchmaking[89] mechanismis appliedfor resourceallocation.In Table2, we presentRLQ and
RUQ queriesin somewell-known superschedulingsystems.

3.3.2 An ExampleSuperschedulingResourceQuery

In this sectionwe brie�y analysethe superschedulingquerycompositionin the superschedulingsystemcalledTy-
coon [69]. The Tycoon systemappliesmarket-basedprinciples,in particularan auctionmechanism,for resource
management.Auctionsarecompletelyindependentwithout any centralisedcontrol. Every resourceowner in the
systemcoordinatesits own auctionfor local resources.TheTycoonsystemprovidesa centralisedServiceLocation
Service(SLS)for superschedulersto index resourceauctioneers'information.Auctioneersregistertheirstatuswith the
SLSevery 30 seconds.If anauctioneerfails to updateits informationwithin 120secondsthentheSLSdeletesits en-
try. Applicationlevel superschedulerscontacttheSLSto gatherinformationaboutvariousauctioneersin thesystem.
Oncethis informationis available, the superschedulers(on behalfof users)issuebids for differentresources(con-
trolled by differentauctions),constrainedby resourcerequirementandavailablebudget.A resourcebid is de�ned by
the tuple (h; r; b;t) whereh is the host to bid on, r is the resourcetype, b is the numberof creditsto bid, andt is
the time interval over which to bid. Auctioneersdeterminetheoutcomeby usinga bid-basedproportionalresource
sharingeconomymodel.

Auctioneersin the Tycoonsuperschedulingsystemsendan RUQ to the centralisedGRIS (referredto asservice
local services).Theupdatemessageconsistsof the total numberof bidscurrentlyactive for eachresourcetypeand
thetotal amountof eachresourcetypeavailable(suchasCPUspeed,memorysize,disk space).An auctioneersRUQ
hasthefollowing semantics:

total bids = 10 && CPU Ar ch = \ pentium \ && CPU Speed= 2 GH z && M emory = 512
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Similarly, thesuperscheduler, on behalfof theTycoonusers,issuesanRLQ to theGRIS to acquireinformation
aboutactive resourceauctioneersin thesystem.A userresourcelook-upqueryhasthefollowing semantics:

r etur n auctioneers whose CPU Ar ch = \ i686\ && CPU Speed� 1 GH z && M emory � 256

Table2: Resourcequeryin superschedulingsystems

System
Name

ResourceLookup Query ResourceUpdateQuery GRIS Model

Condor-Flock
P2P

Queryremotepoolsin therouting
table for resourcestatusand re-
sourcesharingpolicy

Queuelength, averagepool uti-
lization and numberof resources
available

Decentralised

Grid-
Federation

Querydecentralisedfederationdi-
rectoryfor resourcesthatmatches
user's job QoSrequirement(CPU
architecture,no. of processors,
availablememory, CPUspeed)

Updateresourceaccessprice and
resourceconditions(CPU utilisa-
tion, memory, disk space,no. of
freeprocessors)

Decentralised

Nimrod-G Query GMD or MDS for re-
sourcesthatmatchesjobsresource
andQoSrequirement

Updateresourceservicepriceand
resourcetypeavailable

Centralised

Condor-G Queryfor availableresourceusing
Grid ResourceInformation Pro-
tocol (GRIP), then individual re-
sourcesarequeriedfor currentsta-
tusdependingon superscheduling
method

Update resource information to
MDS usingGRRP

Centralised

Our-Grid MyPeer queriesOGPeerfor re-
sourcesthat matchuser's job re-
quirements

Update network of favors credit
for OurGrid sites in the commu-
nity

Decentralised

Gridbus Bro-
ker

Query GMD or MDS for re-
sourcesthatmatchesjobsresource
andQoSrequirement

Updateresourceservicepriceand
resourcetypeavailable

Centralised

Tycoon Queryfor auctioneersthatarecur-
rently acceptingbidsandmatches
user's resourcerequirement

Updatenumberof bids currently
active andcurrentresourceavail-
ability condition

Centralised

Bellagio Queryfor resourcesbasedonCPU
load, available memory, inter-
nodelatency, physicalandlogical
proximity

Update resource conditions in-
cluding CPU , memory and net-
work usagestatus

Decentralised

Mosix-Grid Informationavailableateachnode
throughgossipingalgorithm

UpdateCPU usage,currentload,
memorystatusandnetwork status

Hierarchical

In Fig. 6, we presentthe taxonomyfor GRIS RLQ andRUQ. In general,the queries[96] canbe abstractedas
lookupsfor objectsbasedon a singledimensionor multiple dimensions.Since,a grid resourceis identi�ed by more
thanoneattribute,anRLQ or RUQ is alwaysd-dimensional.Further, boththe1-dimensionalandd-dimensionalquery
canspecifydifferentkindsof constraintson theattributevalues.If thequeryspeci�esa �x edvaluefor eachattribute
thenit is referredto asa d-dimensionalPoint Query(DPQ).However, in casethe queryspeci�esa rangeof values
for attributes,thenit is referredto asa d-dimensionalWindowQuery(DWQ) or d-dimensionalRange Query(DRQ).
Dependingonhow valuesareconstrainedandsearchedfor, thesequeriesareclassi�edas:

� Exactmatchquery: Thequeryspeci�esthedesiredvaluesfor all resourceattributessought.Forexample,Archi-
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tecture='x86'andCPU-Speed='3Ghz' andtype='SMP' andprice='2Grid dollarspersecond'andRAM='256
MB' andNo. of processors=10andSecondaryfreespace='100MB' andInterconnectbandwidth='1GB/s' and
OS='linux'. (Multiple DimensionExactMatchQuery).

� Partialmatchquery:Onlyselectedattributevaluesarespeci�ed.Forexample,Architecture='sparc'andtype='SMP'
andNo. of processors=10.(Multiple DimensionPartialMatchQuery).

� Rangequeries: Rangevaluesfor all or someattributesarespeci�ed. For example,Architecture='Macintosh'
andtype='Cluster'and'1 GHz' � CPU-Speed� '3 GHz' and'512MB' � RAM � '1 GB'. (Multiple Dimen-
sionRangeQuery).

� Booleanqueries: All or someattribute valuessatisfyingcertainbooleanconditions. Suchas,((not RAM �
'256 MB') andnotNo. of processors� 5). (Multiple DimensionBooleanQuery).

4 P2PTaxonomy

The taxonomyfor P2PbasedGRIS is divided into the following (refer to Fig. 7): (i) P2Pnetwork organisation;(ii)
dataorganisation;and(iii) d-dimensionalqueryroutingorganisation.
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Figure7: Peer-to-Peernetwork taxonomy

4.1 P2PNetwork Organisation

Thenetwork organisationrefersto how peersarelogically structuredfrom thetopologicalperspective. Fig. 8 shows
the network organisationtaxonomyof generalP2Psystems. Two categoriesare proposedin P2Pliterature[78]:
unstructuredandstructured.An unstructuredsystemis typically describedby a power law randomgraphmodel[19,
35], aspeerconnectionsarebasedonthepopularityof content.Thesesystemsdonotputany constraintsonplacement
of dataitemsonpeersandhow peersmaintaintheirnetwork connections.Detailedevaluationandanalysisof network
models[65], [26] for unstructuredsystemscanbefoundin [75]. UnstructuredsystemsincludingNapster, Gnutellaand
Kazaaoffer differingdegreesof decentralization.Thedegreeof decentralizationrefersto theextentpeerscanfunction
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independentlywith respectto ef�cient objectlook-upandqueryrouting.Ourtaxonomyclassi�esunstructuredsystems
asdeterministicor non-deterministic[75].

Deterministicsystemmeansthat a look-up operationwill be successfulwithin prede�nedbounds.Systemsin-
cludingNapster, BitTorrentfall into this category. In thesesystems,theobjectlookupoperationis centralisedwhile
downloadis decentralised.Undercentralisedorganisation,a specialised(index) server maintainsthe indexesof all
objectsin thesystem(e.gNapster, BitTorrent). Theresourcequeriesareroutedto index serversto identify thepeers
currentlyresponsiblefor storingthedesiredobject.Theindex server canobtainthe indexesfrom peersin oneof the
following ways: (i) peersdirectly inform the server aboutthe �les they arecurrentlyholding (e.g. Napster);or (ii)
by crawling theP2Pnetwork ( anapproachsimilar to a websearchengine).Thelook up operationsin thesesystems
is deterministicandis resolved with a complexity of O(1). We classifyJXTA asan unstructuredP2Psystemthat
offersdeterministicsearchperformance.At the lowestlevel JXTA is a routingoverlay, not unlike routersthat inter-
connectto form anetwork. Hencethereis nostructure,but thereis aroutingalgorithmthatallowsany routerto router
communication.In JXTA bothobjectlook-upanddownloadoperationsarecompletelydecentralised.

OtherunstructuredsystemsincludingGnutella,Freenet,FastTrackandKazaaoffer non-deterministicqueryperfor-
mance.Unlike Napsteror BitTorrent,bothobjectlookupanddownloadoperationin thesesystemsaredecentralised.
Eachpeermaintainsindexesfor theobjectsit is currentlyholding. In otherwords,indexesarecompletelydistributed.
The Gnutellasystememploys a query �ooding model for routing object queries. Every requestfor an object is
�ooded (broadcasted)to thedirectly connectedpeers,which in turn �ood their neighboringpeers.This approachis
usedin the GRIS modelproposedby [62]. Every RLQ messagehasa TTL �eld associatedwith it (i.e. maximum
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numberof �ooding hops/stepsallowed). Drawbacksfor �ood-basedrouting includehigh network communication
overheadandnon-scalability. This issueis addressedto anextentin FastTrackandKazaaby introducingthenotionof
super-peers.Thisapproachreducesnetwork overheadbut still usesa �ooding protocolto contactsuper-peers.

StructuredsystemssuchasDHTs offer deterministicquerysearchresultswithin logarithmicboundson network
messagecomplexity. Peersin DHTssuchasChord,CAN, PastryandTapestrymaintainanindex for O(log (n)) peers
wheren is the total numberof peersin the system.Inherentto the designof a DHT arethe following issues[11]:
(i) generationof node-idsandobject-ids,calledkeys, usingcryptographic/randomizinghashfunctionssuchasSHA-
1 [10, 66,87]. Theobjectsandnodesaremappedon theoverlaynetwork dependingon their key value.Eachnodeis
assignedresponsibilityfor managinga smallnumberof objects;(ii) building up routing information(routingtables)
at variousnodesin thenetwork. Eachnodemaintainsthe network locationinformationof a few othernodesin the
network; and(iii) anef�cient look-upqueryresolutionscheme.Whenever a nodein theoverlay receivesa look-up
request,it mustbeableto resolve it within acceptableboundssuchasin O(log (n)) time. This is achievedby routing
thelook-uprequestto thenodesin thenetwork thataremostlikely to storetheinformationaboutthedesiredobject.
Suchprobablenodesareidenti�ed by usingtheroutingtableentries.Thoughat thecorevariousDHTs(Chord,CAN,
Pastryetc.) aresimilar, still thereexistssubstantialdifferencesin theactualimplementationof algorithmsincluding
theoverlaynetwork construction(network graphstructure),routingtablemaintenanceandnodejoin/leave handling.
The performancemetricsfor evaluatinga DHT include fault-tolerance,load-balancing,ef�ciency of lookupsand
insertsandproximity awareness[73, 91]. In Table-3,we presentthecomparative analysisof Chord,Pastry, CAN and
Tapestrybasedon basicperformanceandorganisationparameters.Comprehensive detailsabouttheperformanceof
somecommonDHTsunderchurncanbefoundin [70].

Table3: Summaryof thecomplexity of structuredP2Psystems
P2P
sys-
tem

Overlay
Structure

Lookup Proto-
col

Network parame-
ter

Routing ta-
ble size

Routing
complexity

join/leave
overhead

Chord 1-
dimensional,
circular-ID
space

Matching key
andNodeID

n= number of
nodes in the
network

O(log(n)) O(log(n)) O((log(n)) 2)

Pastry Plaxton-
style mesh
structure

Matching key
and pre�x in
NodeID

n= number of
nodes in the net-
work, b=base of
theidenti�er

O(logb(n)) O(b logb(n)+
b)

O(log(n))

CAN d-
dimensional
ID space

key,value pairs
map to a point
P in the d-
dimensional
space

n= number of
nodes in the net-
work, d=number
of dimensions

O(2 d) O(d n1=d) O(2 d)

Tapestry Plaxton-
style mesh
structure

Matching suf-
�x in NodeID

n= number of
nodes in the net-
work, b=base of
theidenti�er

O(logb(n)) O(b logb(n)+
b)

O(log(n))

Otherclassesof structuredsystemssuchasMercurydo not applyrandomisinghashfunctionsfor organisingdata
itemsandnodes.The Mercury systemorganisesnodesinto a circular overlay andplacesdatacontiguouslyon this
ring. As Mercurydoesnot applyhashfunctions,datapartitioningamongnodesis non-uniform.Henceit requiresan
explicit load-balancingscheme.In recentdevelopments,new generationP2Psystemshave evolvedto combineboth
unstructuredandstructuredP2Pnetworks. We refer to this classof systemsashybrid. Structella[27] is onesuch
P2Psystemthat replacesthe randomgraphmodelof an unstructuredoverlay (Gnutella)with a structuredoverlay,
while still adoptingthesearchandcontentplacementmechanismof unstructuredoverlaysto supportcomplex queries.
Otherhybrid P2PdesignincludesKelips[60] andits variants.Nodesin Kelipsoverlayperiodicallygossipto discover
new membersof thenetwork, andduring this processnodesmay alsolearnaboutothernodesasa resultof lookup
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communication.Othervariantof Kelips[56] allows routingtableentriesto storeinformationfor every othernodein
thesystem.However, this approachis basedon assumptionthatsystemexperienceslow churnrate[70]. Gossiping
andone-hoprouting approachhasbeenusedfor maintainingthe routing overlay in the work [108]. In Table4, we
summarizethedifferentP2Proutingsubstratethatareutilizedby theexistingalgorithmsfor organizingaGRIS.

4.2 Data OrganisationTaxonomy

Traditionally, DHTs have beenef�cient for 1-dimensionalqueriessuchas�nding all resourcesthatmatchthegiven
attributevalue.ExtendingDHTs to supportDRQs,to index all resourceswhoseattributevalueoverlapagivensearch
space,is a complex problem.DRQsarebasedon rangesof valuesfor attributesratherthanon speci�c values.Com-
paredto 1-dimensionalqueries,resolvingDRQsis far morecomplicated,asthereis no obvioustotal orderingof the
pointsin theattributespace.Further, thequeryinterval hasvaryingsize,aspectratio andpositionsuchasa window
query. Themainchallengesinvolvedin enablingDRQsin a DHT network [51] includeef�cient: (i) datadistribution
mechanisms;and(ii) dataindexing or queryrouting techniques.In this section,we discussvariousdatadistribution
mechanismswhile weanalysedataindexing techniquesin thenext section.

A datadistributionmechanismpartitionsthed-dimensional[17, 49] attributespaceover thesetof peersin aDHT
network. Ef�ciency of thedistributionmechanismdirectlygovernshow thequeryprocessingloadis distributedamong
thepeers.A gooddistributionmechanismshouldpossessthefollowing characteristics[51]:

� Locality: tuplesor datapointsnearbyin theattributespaceshouldbemappedto thesamenode,hencelimiting
thelookupcomplexity.

� Load balance:the numberof datapoints indexed by eachpeershouldbe approximatelythe sameto ensure
uniformdistributionof queryprocessing[21, 1].

� Minimal metadata:prior informationrequiredfor mappingtheattributespaceto thepeerspaceshouldbemini-
mal.

� Minimal managementoverhead:during peerjoin andleave operation,updatepoliciessuchasthe transferof
datapointsto anewly joinedpeershouldcauseminimalnetwork traf�c.

In thecurrentP2Pliterature(referto section5),d-dimensionaldatadistributionmechanismsbasedonthefollowing
structureshave beenproposed(refer to Fig. 5): (i) space�lling curves;(ii) tree-basedstructures;and(iii) variantof
SHA-1/2 hashing.In Table5, we summarisevariousdatastructuresusedin differentalgorithmsfor d-dimensional
datadistribution. Further, in Table6, we presenta classi�cationof the existing algorithmsbasedon the numberof
routingoverlaysutilized for managingd-dimensionaldata.

The SpaceFilling Curves datastructure(SFCs) [6], [63] includesthe Z-curve [84] and Hilbert's curve [64].
SFCsmapthegivend-dimensionalattributespaceinto a 1-dimensionalspace.Thework in [5] utilisesspace-�lling
curves(SFC),in particularthereverseHilbert SFCfor mappinga 1-dimensionalattributespaceto a two-dimensional
CAN P2Pspace. Similarly, the work in [103] usesthe Hilbert SFC to map a d-dimensionalindex spaceinto a
1-dimensionalspace.Theresulting1-dimensionalindexesarecontiguouslymappedonaChordP2Pnetwork. Theap-
proachproposedin [51] utilisesZ-curvesfor mappingd-dimensionalspaceto 1-dimensionalspace.SFCsexhibit the
locality propertyby mappingthepointsthatareclosein d-dimensionalspaceto adjacentspacesin the1-dimensional
space.However, asthe numberof dimensionsincreases,locality becomesworsesinceSFCssuffer from “curseof
dimensionality”[67]. Further, SFC basedmappingfails to uniformly distribute the load amongpeersif the data
distribution is skewed.Hence,this leadsto anon-uniformqueryprocessingloadfor peersin thenetwork.

Someof therecentworks[113, 37, 52, 88] utilize tree-baseddatastructuresfor organisingthedata.Theapproach
proposedin [113] adoptstheMX-CIF quadtree[100] index for P2Pnetworks. A distributedquadtreeindex assigns
regionsof space(a quadtreeblock) to thepeers.If theextentof a spatialobjectgoesbeyonda quadtreeblock, then
recursive subdivision of thethatblock canbeperformed.With a goodbasehashfunctiononecanachieve a uniform
randommappingof thequadtreeblocksto thepeersin thenetwork. This approachwill maptwo quadtreeblocksthat
arecloseto eachotherto to-tally differentlocationsontheChordspace.Anotherrecentwork [29], usesthesamebase
algorithmwith an enhancedload balancingtechniquecalledrecursive bisection[18]. Recursive bisectionworks by
dividing a cell/block recursively into two halvesuntil a certainloadconditionis met. The loadconditionis de�ned
basedon two load parametersknown asthe load limit andthe load threshold.Hence,this approachhasbetterload
balancingpropertiesascomparedto theSFC-basedapproachesin thecaseof askeweddataset.
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Otherapproachesincluding[114, 25] manipulateexistingSHA-1/2hashingfor mappingd-dimensionaldatato the
peers.MAAN addressesthe1-dimensionalrangequeryproblemby mappingattributevaluesto theChordidenti�er
spacevia a uniform locality preservinghashingscheme.A similar approachis alsoutilized in [116]. However, this
approachshowspoorloadbalancingcharacteristicswhentheattributevaluesareskewed.

To conclude,thechoiceof datastructureis directlygovernedby thedatadistributionpattern.A datastructurethat
performswell for aparticulardata-setmaynotdothesamein casethedistributionchanges.Additionaltechniquessuch
aspeervirtualization(asproposedin Chord)or multiple realities(asproposedin CAN) maybeutilized to improve
thequeryprocessingload.
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4.3 D-dimensionalQuery Routing Taxonomy

DHTs guaranteedeterministicquery lookup with logarithmic boundson network messagecost for 1-dimensional
queries.However, Grid RLQsarenormallyDPQor DRQ. Hence,existing routingtechniquesneedto beaugmented
in orderto ef�ciently resolveaDRQ.Variousdatastructuresthatwediscussedin previoussectioneffectively createa
logical d-dimensionalindex spaceover a DHT network. A look-upoperationinvolvessearchingfor a index or setof
indexesin ad-dimensionalspace.However, theexactqueryroutingpathin thed-dimensionallogicalspaceis directly
governedby thedatadistributionmechanism(i.e. basedon thedatastructurethatmaintainstheindexes).

In this context, variousapproacheshave proposeddifferent routing/indexing heuristics. Ef�cient queryrouting
algorithmshouldexhibit thefollowing characteristics[51]:

� Routingloadbalance:everypeerin thenetwork on theaverageshouldrouteforward/routeapproximatelysame
numberof querymessages.

� Low per-nodestate:eachpeershouldmaintaina small numberof routing links hencelimiting new peerjoin
andpeerstateupdatecost. In Table5, we summarizethequerylook-upcomplexity involvedwith theexisting
algorithms.
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Resolvinga DRQ over a DHT network thatutilisesSFCsfor datadistribution consistsof two basicsteps[103]:
(i) mappingtheDRQ onto thesetof relevantclustersof SFC-basedindex space;and(ii) routing themessageto all
peersthat fall underthecomputedSFC-basedindex space.Thesimulationbasedstudyproposedin [51] hasshown
that SFCs(Z-curves) incur constantrouting costsirrespective of the dimensionalityof the attribute space.Routing
usingthisapproachis basedonaskipgraph,whereeachpeermaintainsO(log(n)) additionalroutinglinks in thelist.
However, thisapproachhasseriousloadbalancingproblemsthatneedto be�x edusingexternaltechniques[50].

RoutingDRQsin DHT networks that employ tree-basedstructuresfor datadistribution requiresrouting to start
from theroot node.However, theroot peerpresentsa singlepoint of failureandload imbalance.To overcomethis,
theauthorsin [113] introducedtheconceptof fundamentalminimumlevel. This meansthatall thequeryprocessing
andthedatastorageshouldstartat thatminimal level of thetreeratherthanat theroot. Anotherapproach[51] utilises
a P2Pversionof a Kd-tree [16] for mappingd-dimensionaldataonto a CAN P2Pspace. The routing utilises the
neighboringcellsof thedatastructure.Thenodesin this network thatmanagea denseregion of spacearelikely to
have largenumberof neighbors,henceleadingto anunbalancedroutingload.

Otherapproachesbasedon variantsof standardhashingschemes(suchasMAAN) applydifferentheuristicsfor
resolvingrangequeries.Thesingle-attributedominatedqueryrouting(SAQDR)heuristicabstractsresourceattributes
into two categories: (i) dominantattribute; and(ii) non-dominantattribute. The underlyingsystemqueriesfor the
nodethatmaintainstheindex informationfor thedominantattribute.Oncesuchanodeis found,thenodesearchesits
local index informationlooking at satisfyingthevaluesfor othernon-dominantattributesin theDRQ.Therequestis
thenforwardedto thenext nodewhich indexesthesubsequentrangevaluefor thedominantattribute. This approach
comprehensively reducesthenumberof routingstepsneededto resolve a DRQ.However, this approachsuffersfrom
routingload-imbalancein thecaseof askewedattributespace.In Table7, wepresenttheclassi�cationof theexisting
algorithmsbasedonqueryresolutionheuristic,anddatalocality preservingcharacteristics.

Table4: Classi�cationbasedonP2Proutingsubstrate

Routing Substrate Network Organisation Distrib uted Indexing Algorithm
Name

Chord Structured PHT [88], MAAN [25],
Dgrid [114], Adaptive [52],
DragonFly [29], QuadTree [113],
Pub/Sub-2[116], P-tree[37]

Pastry Structured XenoSearch [109], Adeep-
Grid [32], Pub/Sub-1[112]

CAN Structured HP-protocol [5], Squid [103],
Kd-tree [51],Meghdoot [57],Z-
curve[51], Super-P2PR*-Tree[72]

Bamboo Structured SWORD [83]
Epidemic-DHT[56] Hybrid XenoSearch-II[108]

Others Unstructured Mercury [20], JXTA search[54],
P2PR-tree[80]

5 Surveyof P2PbasedGrid Inf ormation Indexing

5.1 Pastry BasedApproaches

5.1.1 Pub/Sub-1:Building Content-BasedPublish/SubscribeSystemswith Distrib uted HashTables

The content-basedPublish/Subscribe(Pub/Sub)system[112] is built usinga DHT routing substrate.They usethe
topic-basedScribe[28] systemwhich is implementedusing Pastry [97]. The model de�nes different schemafor
publicationandsubscriptionmessagesfor eachapplicationdomain(suchasa stockmarket or an auctionmarket).
Theproposedapproachis capableof handlingmultipledomainschemasimultaneously. Eachschemaincludesseveral
tables,eachwith a standardname. Eachtablemaintainsinformationabouta setof attributes,including their type,
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Table5: Classi�cationbasedondatastructureappliedfor enablingrangedsearchandlook-upcomplexity

Algorithm Name Data Structure Lookup Complexity
PHT [88] Trie O(log jD j); D is the total numberof bits in the binary

stringrepresentation,for 1-dimensionalrangequery
MAAN [25] Locality preserving

hashing
O(n � logn + n � smin ), smin is theminimumrange
selectivity perdimension;n totalpeers

Dgrid [114] SHA-1hashing O(log2 Y) for eachdimension,Y is the total resource
typein thesystem

SWORD [83] N.A. N.A.
JXTA search[54] RDBMS N.A.
DragonFly[29] QuadTree O(E[K ] � (log2n + f max � f min )) ; n is thetotalpeers

in thenetwork; f max is themaximumalloweddepthof
thetree,f min is thefundamentalminimumlevel, E [K ]
is themeannumberdisjointpathtraversedfor awindow
query, its distribution is functionof thequerysize

QuadTree[113] QuadTree O(E[K ] � (log2n + f max � f min )) ; n is thetotalpeers
in thenetwork; f max is themaximumalloweddepthof
thetree,f min is thefundamentalminimumlevel, E [K ]
is themeannumberdisjointpathtraversedfor awindow
query, its distribution is functionof thequerysize

Pub/Sub-2[116] Order preserving hash-
ing

1=2 � O(log n); Equalityquery, n is total peers,1=2 �
O(ns logn), ns is stepfactor; for rangedquery, in a 1-
dimensionalsearchspace

P-tree[37] DistributedB-+ tree O(m + logd n); n is total peers,m is numberof peers
in selectedrange,d is order of the 1-dimensionaldis-
tributedB-tree

Pub/Sub-1[112] SHA-1hashing O(nr logn); n is total peers,nr is thenumberof range
intervalssearchedin a1-dimensionalsearchspace

XenoSearch[109] SHA-1hashing N.A.
XenoSearch-II[108] Hilbert space �lling

curve
N.A.

AdeepGrid[32] SHA-1hashing N.A.
HP-protocol[5] Reverse hilbert space

�lling curve
N.A.

Squid[103] Hilbert space �lling
curve

nc � O(log n); nc is thetotalno. of isolatedindex clus-
tersin the SFCbasedsearchindex space,n is the total
numberof peers

Mercury[20] N.A. O((log n)=k); k Long distancelinks; n is total peers,in
a1-dimensionalsearchspace

Adaptive [52] Rangesearchtree O(log Rq); Rq is rangeselectivity, in a 1-dimensional
searchspace

Kd-tree[51] Kd-tree, skip pointer
basedonskipgraphs

N.A.

Meghdoot[57] SHA-1hashing N.A.
Z-curve [51] Z-curves, skip pointer

basedonskipgraphs
N.A.

P2PR-tree[80] DistributedR-tree N.A.
Super-P2P R*-
Tree[72]

DistributedR*-tree O(E[k] � (d=4)(n1=d)) ; E [k] is the meannumberof
MBRs indexed per rangequery or NN query, d is the
dimensionalityof theindexed/CANspace,n is thenum-
berof peersin thesystem.
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Table6: Classi�cationbasedonNo. of routingoverlaysfor d-dimensionalsearchspace

Single Multiple
JXTA search [54], Dragon-
Fly [29], XenoSearch-II [108],
SWORD [83], Squid [103],
Kd-tree [51],Meghdoot [57],Z-
curve [51], QuadTree [113],
P2PR-tree [80], Dgrid [114],
AdeepGrid [32],Super-P2P R*-
Tree[72]

PHT [88], MAAN [25], Adap-
tive [52], Pub/Sub-2 [116],
P-tree [37],XenoSearch [109],
Pub/Sub-1 [112], Mer-
cury [20],HPPROTOCOL[5]

name,andconstraintson possiblevalues.Further, thereis a setof indicesde�ned on a table,whereeachindex is an
orderedcollectionof strategically selectedattributes. Themodelrequiresapplicationdesignersto manuallyspecify
thedomainscheme.

Whena request(publicationor subscription)is submittedto thesystem,it is parsedfor variousindex digests.An
index digestis astringof charactersthatis formedby concatenatingtheattributetype,name,andvalueof eachattribute
in the index. An exampleindex digestis [USD : Pr ice : 100 : I nch : M onitor : 19 : Str ing : Qual ity : Used].
Handlingpublication/subscriptionwith exact attribute valuesis straightforward asit involveshashingthe published
requestor subscriptionrequest.Whena publicationwith attributevaluesthatmatcha subscriptionis submittedto the
system,it is mappedto thesamehashkey astheoriginal subscription.WhensuchPub/Subeventmatchingoccurs,
thenthesubscribingnodeis noti�ed accordingly. Themodeloptimizestheprocessingof popularsubscription(many
nodessubscribingfor anevent)by building a multicasttreeof nodeswith thesamesubscriptioninterest.Theroot of
thetreeis thehashkey'shomenode(nodeatwhichpublicationandsubscriptionrequestis storedin thenetwork), and
its branchesareformedalongtheroutesfrom thesubscribernodesto therootnode.

Thesystemhandlesrangevaluesby building a separateindex hashkey for every attributevaluein thespeci�ed
range.This methodhasseriousscalabilityissues.Theproposedapproachto overcomethis limitation is to divide the
rangeof valuesinto intervals anda separatehashkey is built for eachsuchindex digestrepresentingthat interval.
However, this approachcanonly handlerangevaluesof singleattribute in a index digest(doesnot supportmulti-
attributerangevaluein asingleindex digest).

5.1.2 XenoSearch: Distrib uted ResourceDiscovery in the XenoServer OpenPlatform

XenoSearch[109] is a resourcediscovery systembuilt for theXenoServer [58] executionplatform. TheXenoServer
systemis a Internet-basedresourcesharingplatform that allows usersto run programsat topologicallydistributed
nodes. The XenoSearchindexesthe resourceinformationthat areadvertisedperiodicallyby the XenoServers. An
advertisementcontainsinformationabouttheidentity, ownership,location,resourceavailability, andaccesspricesof
a XenoServer. The XenoSearchsystemconverts theseadvertisementsto points in a d-dimensionalspace,wherein
differentdimensionsrepresentdifferentattributes(suchastopologicallocation,QoSattributesetc). TheXenoSearch
systemis built over thePastry[97] overlayroutingprotocol.

A separatePastryring operatesfor eachdimensionwith XenoSearchnodesregisteringseparatelyin eachring.
A XenoServer registersfor eachdimensionandderivesthe overlay key by hashingits co-ordinateposition in that
dimension.Effectively, in differentdimensionsa XenoServer is indexed by differentkeys. In eachdimension,the
resourceinformation is logically held in the form of a tree wherethe leaves are the individual XenoServers and
interior nodesareaggr egation points (APs) which summarizesthe membershipof rangesof nodesbelow them.
TheseAP s areidenti�ed by locationsin thekey spacewhichcanbedeterminedalgorithmicallyby formingkeyswith
successively longersuf�x es. The XenoSearchnodeclosestin the key spaceto an AP is responsiblefor managing
this informationandfor dealingwith messagesit receives.This locality in searchis providedby theproximity-aware
routing characteristicof the Pastrysystem.The d-dimensionalrangesearchesareperformedby makinga seriesof
searchrequestsin eachdimensionand�nally computingtheir intersection.

Recently, XenoSearchhasbeenenhancedwith new searchanddataplacementtechnique[108]. Thenew approach
putsemphasisuponboththelocationandresourceconstraintsassociatedwith asearchentity. Locationconstraintsare
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Table7: Classi�cationbasedon queryresolutionheuristic,datadistribution ef�ciency anddatalocality preserving
characteristic

Algorithm Name Heuristic Name Preserves
Data Local-
ity (Yes/No)

PHT[88] Chordrouting N.A.
MAAN [25] Iterative resolution,singleattribute

dominatedroutingbasedonChord
N.A.

Dgrid [114] Chordrouting N.A.
SWORD[83] Bamboorouting No

JXTA search[54] Broadcast. N.A.
DragonFly[29] GenericDHT routing No
QuadTree[113] GenericDHT routing No
Pub/Sub-2[116] Chordrouting N.A.

P-tree[37] GenericDHT routing N.A.
Pub/Sub-1[112] Pastryrouting N.A.

XenoSearch[109] GenericDHT routing N.A.
XenoSearch-II[108] GenericDHT routing N.A.

AdeepGrid[32] Single shot, recursive and parallel
searchingbasedonPastry

No

HP-protocol[5] Bruteforce,controlled�ooding, di-
rectedcontrolled�ooding basedon
CAN

N.A.

Squid[103] GenericDHT routing Yes
Mercury[20] Range-selectivity basedrouting N.A.
Adaptive [52] GenericDHT routing N.A.
Kd-tree[51] Skippointerbasedrouting Yes

Meghdoot[57] CAN basedrouting Yes
Z-curve [51] Skippointerbasedrouting Yes

P2PR-tree[80] Block/group/subgroup pointer
basedrouting

Yes

Super-P2PR*-Tree[72] CAN basedrouting Yes

de�ned usingtheprimitivesof disjunction(_), conjunction(^ ), proximity (near(A 1; A2; : : : ; An )), A i denotesi � th
resourceattribute, distribution (near(A1; A2; : : : ; An )), termsrepresenting�x ed locations(e.g. clients' positions
in the network) andfree serversto locate–i.e. the resourcerequesttermsto be matchedto machines.A quadtree-
based[100] datastructureis usedfor the centralisedimplementationandan epidemic/gossipbaseddistributeddata
structurefor the distributedresourcediscovery system.Gossiptechniquesbetweenpeernodesseparatethe mainte-
nanceanddistributionof summariesfrom theimplementationof thealgorithm.Nodesdeterminethenetwork location
of the indexed machinesby usinga co-ordinatelocationsystem[107]. Thesed-dimensionalco-ordinatesare then
mappedto a1-dimensionallinearindex spaceusingtheHilbert SFC.

5.1.3 AdeepGrid: Peer-to-PeerDiscovery of Computational Resourcesfor Grid Applications

AdeepGrid[32] presentsanalgorithmfor Grid resourceindexing basedonthePastryDHT. TheproposedGRISmodel
incorporatesboth staticanddynamicresourceattributes. A d-dimensionalattribute space(with staticanddynamic
attributes)is mappedto a DHT network by hashingtheattributes. The resultingkey formsa ResourceID, which is
alsothekey for thePastryring. Thekey sizeis 160-bit longascomparedto 128-bit in thestandardPastryring. In this
case,the �rst 128-bits areusedto encodethestaticattributeswhile theremaining32-bits for thedynamicattributes.
The staticpart of the ResourceID is mappedto a �x ed point while the dynamicpart is representedby potentially
overlappingarcson theoverlay. Thebeginningof eacharcrepresentsa resource'sstaticattributeset,while thelength
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of thearcsigni�es thespectrumof thedynamicstatesthataresourcecanexhibit. Effectively, thecircularnodeId space
containsonly a �nite numberof nodeswhile they storeanin�nite numberof objectsrepresentingdynamicattributes.
RUQs canbe periodicallyinitiated, if the dynamicattribute valuechangesby a signi�cant amount(controlledby a
system-wideUCHANGEparameter).SuchupdatesarecarriedoutusinganUPDATE messageprimitive. However, in
somecasesthenew updatemessagemaymapto adifferentnode(dueto achangein anattributevalue)ascomparedto
thepreviousINSERT or UPDATE. This canleadto defunctobjectsin thesystem.Theproposedapproachovercomes
this by making nodesperiodically �ush resourceentriesthat have not changedrecentlyor by sendingREMOVE
messagesto prior nodemappings.

ResolvingRLQ involveslocatingthenodethatcurrentlyhoststhedesiredresourceattributes(ResourceID). This
is accomplishedby utilizing standardPastryrouting. Threedifferentheuristicsfor resolvingtheRLQsareproposed:
(i) single-shotsearching;(ii) recursivesearching;and(iii) parallelsearching.Singleshotsearchingis appliedin cases
wherethe Grid applicationimplementslocal strategies for searching.In this casea query for a particularkind of
resourceis madeandif thesearchwassuccessfulthenthenodehostingthedesiredinformationreplieswith aREPLY
(thatcontainsresourceinformation)message.On theotherhand,recursivesearchingis aTTL (time to live) restricted
searchthatcontinuouslyqueriesthenodesthatarelikely to know thedesiredresourceinformation. At eachstepthe
queryparameters,in particularthedynamicattributesearchbits aretuned.Sucha tuningcanhelpto locateresources
thatmaynotmatchexactly, but thatarecloseapproximationsof theoriginal requirements.Finally, theparallelsearch
techniqueinitiatesmultiplesearchqueriesin additionto abasicsearchfor theexactmatchrequestedparameters.

5.2 Chord BasedApproaches

5.2.1 DGRID: A DHT-BasedGrid ResourceIndexing and Discovery Scheme

Work by Teoetal. [114] proposedamodelfor supportingGRISover theChordDHT. Theuniquecharacteristicabout
this approachis thattheresourceinformationis maintainedin theoriginatingdomain.Every domainin DGRID des-
ignatesanindex server to theChordbasedGRISnetwork. Theindex server maintainsstateandattributeinformation
for the local resourceset. The modeldistributesthe multi-attribute resourceinformationover the overlay usingthe
following schemes:-acomputationalGrid domainis denotedby G = f dg, whered is anadministrativedomain.Every
domaind = f S; R; Tg, consistsof S; anindex serversuchasMDS [46], R; asetof computeresources,andT = f ag;
differentresourcetypeset,wherea = f attr type;attr valueg (e.g. f CPU � Speed;1:7GH zg). An index server
S maintainsindicesto all the resourcetypesin its homedomain,S = f r 1; r 2; : : : ; r n g. An index r is de�ned as
r = f t; dg, whichdenotesthatr is apointerto a resourcetypet. Thereis aone-to-onerelationshipbetweenS andT.

The DGRID avoids nodeidenti�er collisionsby splitting it into two parts:a pre�x that denotesa dataidenti�er
r anda suf�x thatdenotesan index-server identi�er S. Givena noden representingr = (t; d), them-bit identi�er
of n is thecombinationof i -bit identi�er of t, wherei � m, andm � i bit identi�er of S. Soeffectively, id m (n) =
id i (t) � idm � i (S). Hence,DGRID guaranteesthatall idm (n) areunique,giventhattheidenti�ers of two nodesdiffer
in eitherpre�xesor suf�x es.Thesysteminitializationprocessrequirestheindex serverS to performthevirtualization
of its indicesontoT virtual servers. Eachvirtual server joins theDGRID systemto becomeanoverlayChordnode.
Thisprocessis referredto asa j oin.

Thesearchor look-upoperationin theDGRID is basedon Chordlook-upprimitives. Givena key p, is mapped
to a particularvirtual index server on the overlay network usingthe queryget(p). The DGRID indexing approach
alsosupportsdomainspeci�c resourcetypesearch.To facilitatesuchlook-upoperation,a index S for thedomaind is
identi�ed by id0

m � i (S) = id j (d) � idm � i � j (S); j < (m � i ). In this case,a queryfor resourcen of typet is routed
to a noden thatmapsto S; wherepref ix j (id0

m � i (S)) = id j (d); d 2 D . In general,a queryq to look-upa resource
typet is translatedto thequeryq0, idm (q0) = id i (t) � 0. This is doneasid(t) is i -bit length,whereasthe identi�er
spaceis m-bit long. Overall, thelook-upcostis boundedby theunderlyingChordprotocoli.e. O(log N ). In general
the look-upcostfor a particularresourcetypet is O(log Y), Y is thetotal numberof resourcetypesavailablein the
network.

5.2.2 Adaptive: An Adaptive Protocol for Ef�cient Support of RangeQueriesin DHT-basedSystems

Thework in [52] presentsanalgorithmtosupportrangequeriesbasedonadistributedlogicalRangeSearchTree(RST).
Inherently, theRSTis a completeandbalancedbinarytreewith eachlevel correspondingto adifferentdatapartition-
ing granularity. Thesystemabstractsthedatabeingregisteredandsearchedin thenetwork asa setof attribute-value
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pairs(AV-pairs):f a1 = v1; a2 = v2; : : : ; an = vn g. It utilizestheChordfor distributedroutingandnetwork manage-
mentissues.A typical rangequerywith lengthRq is resolvedby decomposingit into O(log(Rq)) sub-queries.These
sub-queriesarethensentto thenodesthatindex thecorrespondingdata.Thesystemsupportsupdatesandqueriesfor
bothstaticanddynamicresourceattributes.

Thecontentrepresentedby aAV-pair is registeredwith thenodewhoseI D is numericallyclosestto thehashof the
AV-pair. To overcometheskeweddistribution, thesystemorganizesnodesin a logical loadbalancingmatrix (LBM).
Eachcolumnin theLBM representsa partition,i.e. a subsetof contentnamesthatcontaina particularAV-pair, while
nodesin differentrows within a columnarereplicaof eachother. Initially, a LBM hasonly onenodebut whenever
theregistrationloadon a particularnodein thesystemexceedsa threshold(Tr eg) thenthematrix sizeis increasedby
1. All futureregistrationrequestsaresharedby thenew nodesin theLBM. Notethat,thenumberof partitionsP, is
proportionalto theregistrationload:P = dL R

CR
e, whereL R is thedataitem's registrationload,andCR is thecapacity

of eachnode.
An attributea, canhavenumericalvaluesdenotedby domainD a . Da is boundedandcanbediscreteor continuous.

Da is split up into sub-rangesandassignedto differentlevelsof theRST. An RSTwith n nodeshasO(dlogn + 1e)
levels. Levelsarelabeledconsecutively with theleaf level beinglevel 0. Eachnodein theRSTholdsindexing infor-
mationfor differentsub-ranges.Typically, therangeof the i -th nodefrom the left representstherange[v i ; vi +2 l � 1].
Theunionof all therangesat eachlevel coversthefull D a . In a staticRST, theattributevaluev is registeredat each
nodein thetreewhichliesonthepathpath(v) to theleafnodethatindexestheexactvalue.Thenew valueinformation
is updatedinto theLBM if anodeon thepathmaintainsit.

In a staticsetting,a queryQ : [s; e] for valuesof anattributea is decomposedinto k sub-queries,corresponding
to k nodesin theRST, N1; : : : ; Nk . Theef�ciency of thequeryresolutionalgorithmdependson ther elevancefactor
which is givenby r = R qP k

i =1 R i
, whereRi is nodeN i 's rangelength,andRq is thequerylength.Therelevancefactor

r denoteshow ef�ciently the queryrangematchesthe RST nodesthat arebeingqueried. The queryQ is resolved
by queryingthenodewhich hasthe largestrangewithin [s; e] (alsoreferredto asthenodewhich hastheminimum
cover (MC) for thequeryrange).Furthermore,this processis recursively repeatedfor thesegmentsof therangethat
arenotyetdecomposed.WhentheMC is determined,thequeryis triggeredonall theoverlaynodesthatcorrespondto
eachMC node.For dynamicsetting,theauthorsproposedadditionaloptimizationandorganisationtechniques,more
detailson theseaspectsof thesystemcanbefoundin thereferencedarticle.

5.2.3 Pub/Sub-2:Content-basedPublish-SubscribeOver StructuredP2PNetworks

Thework in [116] presentsacontent-basedpublish-subscribeindexing systembasedontheChordDHT. Thesystemis
capableof indexing d-dimensionalindex spaceby having aseparateoverlayfor eachdimension.Every i -th dimension
or aattributeai hasadistinctdata-type,nameandvaluev(ai ). A attributetypebelongsto aprede�nedsetof primitive
datatypescommonlyde�ned in mostprogramminglanguages.A attribute nameis normally a string, whereasthe
valuecanbe a string or numericin any rangede�ned by the minimum andmaximum(vmin (ai ); vmax (ai )) along
with theattribute's precisionvpr (ai ). Themodelsupportsa generalizedsubscriptionschemathat includesdifferent
data-setsandconstraintson their valuessuchas= , 6= , > , < . With every subscription,themodelassociatesa unique
SubscriptionIdenti�er (subID).ThesubIDis theconcatenationof threeparts-c1, c2 andc3. c1 is the id of thenode
which is receiving the subscription,the numberof bits in the subID is equalto the m-bits in the Chord identi�er
space.c2 is theid of thesubscriptionitself, andc3 is thenumberof attributesonwhich theconstraintsaredeclared.

An attributeai of asubscriptionwith identi�er subID is placedonanodesuccessor(h(v(ai ))) in theChordring.
A subscriptioncandeclarearangeof valuesfor theattribute,ai , suchasvl ow (ai ) andvhig h (ai ). In thiscase,themodel
follows ns steps,wherens = vhig h (a i ) � v low (a i )

vpr (a i ) , at eachstepa Chordnodeis chosenby thesuccessor(h(vl ow (ai ) +
vpr (ai ))) function. In thesubsequentstepsthepreviousattributevalueis incrementedby theprecisionvaluevpr (ai )
andmappedto thecorrespondingChordnode.Updatingtherangevaluesis doneby following thesameprocedurefor
all ChordnodesthatstorethesubIDfor thegivenrangeof values.Theoverallmessageroutingcomplexity dependson
thetypeof constraintsde�nedovertheattributesfor agivensubID . In caseof equalityconstraints,theaveragenumber
of routinghopsis O(1=2log(n)) . Whentheconstraintis a rangethenthecomplexity involvedis O(n s � 1=2log(n)) ,
wheren is thestepfactor.

An informationpublisheventin thesystemis denotedby N a� event thatincludesvariousattributeswith searchval-
ues.A event-publishto event-notifymatchingalgorithmprocesseseachattributeassociatedwith N a� event separately.
It locatesvariousnodesthatstorethesubIDsfor anattributeai , by applyingthefunctionsuccessor(h(v(ai ))) . The
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matchingalgorithmthenstoresthelist of uniquesubIDs,thatarefoundat a noden in thelist L a i designatedfor ai .
TheNk � sub list storesthesubIDsthatmatchtheeventNa� event . A subID k matchesaneventif andonly if it appears
in exactlyNk � sub derivedfrom thedifferentChordring. Theoverallmessageroutingcomplexity involvedin locating
the list of subIDsmatchingan event Na� event is O(1=2log(n)) . The authorsalsoproposea routing optimization
techniqueto reducethelook-upsearchcomplexity.

5.2.4 QuadTree:Usinga Distrib uted QuadtreeIndex in the Peer-to-PeerNetworks

Thework in [113] proposesa distributedquad-treeindex thatadoptsanMX-CIF quadtree[100] for accessingspatial
dataor objectsin P2Pnetworks. A spatialobject is an object with extents in a d-dimensionalsetting. A query
that seeksall the objectsthat arecontainedin or overlapa particularspatialregion is calleda spatialquery. Such
queriesareresolvedby recursivelysubdividing theunderlyingd-dimensionalspaceandthensolvingapossiblysimpler
intersectionproblem. This recursive subdivision processutilizes the basicquad-treerepresentation.In general,the
termquad-treeis usedto describeaclassof hierarchicaldatastructureswhosecommonpropertyis thatthey arebased
on theprincipleof commondecompositionof space.

The work builds uponthe region quad-treedatastructure. In this case,by applyingthe fundamentalquad-tree
decompositionpropertytheunderlyingtwo-dimensionalsquarespaceis recursively decomposedinto four congruent
blocksuntil eachblock is containedin oneof theobjectsin its entiretyor is not containedin any of theobjects.The
distributedquad-treeindex assignsregionsof d-dimensionalspaceto the peersin a P2Psystem. Every quad-tree
block is uniquely identi�ed by its centroid,termedasthe control point. Using the control point, a quad-treeblock
is hashedto a peerin thenetwork. TheChordmethodis usedfor hashingtheblocksto thepeersin thenetwork. If
a peeris assigneda quad-treeblock, thenit is responsiblefor processingall querycomputationsthat intersectsthe
block. Multiple controlpoints(i.e. quad-treeblocks)canbehashedto thesamepeerin thenetwork. To avoid asingle
pointof failureat theroot level of thequad-treetheauthorsincorporateatechniquecalledfundamentalminimumlevel,
f min . This techniquemeansthatobjectsareonly allowedto bestoredat levels l � f min andthereforeall thequery
processingstartsat levels l � f min . Theschemealsoproposestheconceptof a fundamentalmaximumlevel, f max ,
which limits themaximumdepthof thequad-treeatwhichobjectsareinserted.

A peerinitiatesanew objectinsertionor queryoperationby calling themethodsInsertObject()or ReceiveClients-
Query().Thesemethodsinturn call a subdivide()methodthatcomputestheintersectingcontrolpoint associatedwith
the new objector look-up query. Oncethe control pointsarecomputed,the peerbroadcaststhe insertionor query
operationto the peer(s)that own(s) the respective control points. The contactedpeersevokesDoInsert()andDo-
Query()methodsto determinethe locationfor the insertedobjector to locatethe peersthat cananswerthe query.
Theoperationmaypropagatedown to thef max level or until all relevantpeersarelocated.Theauthorsalsopropose
someoptimizationssuchaseachnodemaintainsacacheof addressesfor its immediatechildrenin thehierarchy. This
reducesthesubsequentlook-upcomplexity to O(1) beyondtheroot peerat f min level, asit is no longerrequiredto
traversetheChordring for eachchild. However, this is only truewhentheoperationis a regular treetraversal.Note
that,on theaverageO(log2 n) messagesarerequiredto locatea rootpeerfor aquery.

5.2.5 DragonFly: A Publish-SubscribeSchemewith Load Adaptability

The work in [29] proposesa content-basedpublish-subscribesystemwith load adaptability. They apply a spatial
hashingtechniquefor assigningdatato thepeersin thenetwork. Thesystemsupportsmulti-attributepoint andrange
queries.Thequeryroutingandobjectlocation(subscriptionandpublication)mechanismcanbebuilt usingtheservices
of any DHT. Eachdistinctattributeis assignedadimensionin ad-dimensionalCartesianspace.Hence,adomainwith
d attributesf A1; A2; : : : ; Adg will berepresentedby and-dimensionalCartesianspace.Every attributein thesystem
haslower andupperboundon its values.The boundsact asconstraintsfor subscriptionsandeventsindexing. The
d-dimensionalCartesianspaceis arrangedasa treestructurewith thedomainspacemappedto the root nodeof the
tree. In particular, the treestructureis basedon a quadtree [100]. To negatea singlepoint of failure at the root
node,systemadoptsa techniquecalled the fundamentalminimumlevel. More detailsaboutthis techniquecanbe
foundin [113]. This techniquerecursively dividesthelogical spaceinto four quadrants.With eachrecursionstepon
a existing quadrant,four new quadrantsaregenerated.Hence,multiple recursionstepsbasicallycreatea mutli-level
quadtreedatastructure.Thequadtreebasedorganisationof DragonFlyintroducesparent-childrelationshipsbetween
treecells.A cell atalevel d is alwaysachild of aparticularcell at level d� 1. However, thisrelationshipexistsbetween
consecutive levelsonly. In otherwords,everycell hasadirectrelationshipwith its child cellsandnorelationshipwith
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its grandchildcells. Another importantfeatureof DragonFlyis the diagonalhyperplane.This hyperplaneis used
to handlepublish and subscriberegion pruning and selectionin d-dimensionalspace. In 2-d space,the diagonal
hyperplaneis a line spanningfrom thenorth-westto thesouth-eastverticesof therectangularspace.In d-dimensional
context, this hyperplaneis representedby the equation x 1

x max 1 � x min 1
+ x 2

x max 2 � x min 2
+ : : : + x d

x max d � x min d
= K ,

wherexmax d andxmin d aretheupperandlowerboundaryvaluesfor d-th attributein thedomainspace.
Thed-dimensionaldomainspaceactsasthebasisfor objectroutingin DragonFly. Every subscriptionis mapped

to a particularcell or setof cells in thedomainspace.In this case,thecell actsasthesubscriptioncontainer. A point
subscriptiontakestheform f A1 = 10; A2 = 5g while arangesubscriptionis representedby f A 1 � 10; A2 � 5g. The
root cellsat thefundamentalminimumlevel aretheentrypointsfor a subscription's objectrouting. Theseroot cells
aremanagedby the peersin the network. Every subscriptionis mappedto a particularregion in the d-dimensional
space.Thepeerresponsiblefor theregion (root cell) is locatedby hashingthecoordinatevalues.If theroot cell has
undergonethedivisionprocessdueto overload,thenthechild cells(peersat lower level in thehierarchy) aresearched
usingtheDHT routingmethod.Oncea child cell is located,theroot cell routesthesubscriptionmessageto it. This
processis repeateduntill all relevant child cells arenoti�ed for this subscription.However, if the root cell hasnot
undergoneany divisionprocessthenit is maderesponsiblefor thissubscription.

Mappingpublicationeventsto thepeersin thenetwork is similar to thesubscriptionmappingprocess.Thereare
two kinds of publishingeventsi.e. point andrangeevent. Mappingpoint eventsis straightforward,asthe relevant
root cell (peer)is locatedby hashingthe coordinatedvalues. Resolvingcells correspondingto rangeeventscanbe
complex. In thiscase,theroutingsystemsendsout thepublishedeventto all therootcellsthatintersectwith theevent
region. Whenthemessagereachestherootcells,amethodsimilar to theoneadoptedin caseof thesubscriptionevents
is appliedto locatethechild cells.

5.2.6 MAAN: A Multi-Attrib ute Addr essableNetwork for Grid Information Services

Cai et al. [25] presenta multi-attribute addressablenetwork (MAAN) approachfor enablinga GRIS. They extend
the Chord[111] protocolto supportDRQs. MAAN addressesthe d-dimensionalrangequeryproblemby mapping
the attribute valuesto the Chordidenti�er spacevia a uniform locality preservinghashing.Note that, for every at-
tribute dimensiona separateChordoverlay is maintained.For attributeswith the numericalvalues,MAAN applies
locality preservinghashingfunctionsto assignan identi�er in the m-bit identi�er space. A basicrangequery in-
cludesthe numericattribute valuesv betweenl andu for a attribute a, suchthat l � v < u, wherel andu are
the lower andupperboundrespectively. In this case,noden formulatesa look-up requestandusesthe underlying
Chord routing algorithm to route it to noden l suchthat n l = successor(H (l)) . The look-up is doneusing the
SEARCH REQUEST(k; R; X ) primitive, k = successor(H (l)) is thekey to look up, R is thedesiredattribute
valuerange[l ; u] andX is the list of resourcesthathasthe requiredattributesin thedesiredrange.A noden l after
receiving thesearchrequestmessage,indexesits local resourcelist entriesandaugmentsall thematchingresources
to X . In casen l is thesuccessor(H (u)) thenit sendsa reply messageto thenoden. Otherwise,thelook-uprequest
messageis forwardedto its immediatesuccessoruntil the requestreachesthenodenu , thesuccessorof H (u). The
total routing complexity involved in this caseis O(log N + K ), whereO(log N ) is the underlyingChord routing
complexity andK is thenumberof nodesbetweenn l andnu .

MAAN alsosupportsmulti-attributequeryresolutionby extendingtheabove single-attributerangequeryrouting
algorithm.Thesystemmaintainsaseparateoverlay/mappingfunctionfor everyattributeai . In thiscase,eachresource
hasM attributesa1; a2; :::; am andcorrespondingattributevaluepairs< ai ; vi > , suchthat1 � i � M . Eachresource
registersits information(attributevaluepairs)atanoden i = successor(H (vi )) for eachattributevaluevi . Thuseach
nodein theoverlaynetworkmaintainstheresourceinformationin theformof < attr ibute� value;r esource� inf o >
for differentattributes. The resourcelook-up query in this caseinvolves a multi-attribute rangequery which is a
combinationof sub-querieson eachattributedimension,i.e. vil � ai � viu where1 � i � M , vil andviu arethe
lower andupperboundsof the look-upquery. MAAN supportstwo routingalgorithmsto resolve multiple-attribute
queries:(i) iterativequeryresolution(IQR); and(ii) singleattributedominatedqueryresolution(SADQR).Theoverall
routingcomplexity with IQR is O(

P M
i =1 (log N + N � si )) , while usingtheSAQDR techniquethe look-upcanbe

resolvedin O(log N + N � Smin ), whereSmin is theminimumselectivity for all attributes.
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5.2.7 Squid: Flexible Information Discovery in DecentralisedDistrib uted Systems

Schmidtet al. [103] proposeda GRIS model that utilizes SFCsfor mappingd-dimensionalattribute spaceto a 1-
dimensionalsearchspace.TheproposedGRISmodelconsistsof the following maincomponents:(i) a locality pre-
servingmappingthatmapsdataelementsto indices;(ii) an overlaynetwork topology; (iii) a mappingfrom indices
to nodesin theoverlaynetwork; (iv) a loadbalancingmechanism;and(v) a queryenginefor routingandef�ciently
resolvingattribute queriesusing successive re�nementsand pruning. All dataelementsare describedusing a se-
quenceof attributessuchasmemory, CPU speedandnetwork bandwidth. The attributesform the coordinatesof a
d-dimensionalspace,while thedataelementsarethepoints.Thismappingis accomplishedusingalocality-preserving
mappingcalledSpaceFilling Curves(SFC) [6], [63]. SFCsareusedto generatea1-dimensionalindex spacefrom the
d-dimensionalattributespace,whered is thenumberof differentattributetypes.Any rangequeryor querycomposed
of attributes,partialattributes,or wild-cards,canbemappedto regionsof theattributespaceandsubsequentlyto the
correspondingclustersin theSFC.

TheChordprotocolis utilized to form theoverlaynetwork of peers.Eachdataelementis mapped,basedon its
SFC-basedindex or key, to the �rst nodewhoseidenti�er is equalto or follows thekey in the identi�er space.The
look-up operationinvolving partial queriesand rangequeriestypically requiresinterrogating more thanonenode,
sincethedesiredinformationis distributedacrossmultiple nodes.Thelook-upqueriescanconsistof combinationof
a attributes,partialattributesor wildcards.Theresultof thequeryis a completesetof dataelementsthatmatchesthe
user's query. Valid queriesinclude(computer, network), (computer,net*) and(comp*,*). The rangequeryconsists
of at leastonedimensionthat is neededto be looked up for rangevalues. The queryresolutionprocessconsistsof
two steps:(i) translatingthe attribute queryto relevant clustersof the SFC-basedindex spaceand(ii) queryingthe
appropriatenodesin theoverlaynetwork for data-elements.

The systemalsosupportstwo load balancingalgorithmsin the overlay network. The �rst algorithmproposes
exchangeof informationbetweenneighboringnodesabouttheir loads.In this case,themostloadednodesgive a part
of their loadto their neighbors.Thecostinvolvedin this operationat eachnodeis O(log2

2 N ) messages.Thesecond
approachusesa virtual nodeconcept.In this algorithm,eachphysicalnodehousesmultiple virtual nodes.The load
at a physical nodeis the sumof the load of its virtual nodes.In casethe load on a virtual nodeexceedsprede�ned
thresholdvalue,thevirtual nodeis split into morevirtual nodes.If thephysicalnodeis overloaded,oneor moreof
its virtual nodescanmigrateto lessloadedneighborsor �ngers. Notethat,creationof virtual nodeis inherentto the
Chordroutingsubstrate.

5.2.8 P-tree:Querying Peer-to-PeerNetworks UsingP-trees

Crainniceanuet al. [37] proposea distributed,fault-tolerantP2Pindex structurecalledP-tree.Themain ideabehind
theproposedschemeis to maintainpartsof semi-independentB + � treesat eachpeer. TheChordprotocolis utilized
as a P2Prouting substrate.Every peerin the P2Pnetwork believes that the searchkey valuesareorganizedin a
ring, with thehighestvaluewrappingaroundto thelowestvalue.Whenever a peerconstructsits searchtree,thepeer
pretendsthat its searchkey valueis thesmallestvaluein thering. Eachpeerstoresandmaintainsonly the left-most
root-to-leafpathof its correspondingB + � tree. Theremainingpartof thesub-treeinformationis storedat a subset
of otherpeersin theoverlaynetwork. Furthermore,eachpeeronly storestreenodeson theroot-to-leafpath,andeach
nodehasatmost2d entries.In thiscase,thetotalstoragerequirementperpeeris O(d logdN ). Theproposedapproach
guaranteesO(logd N ) searchperformancefor equalityqueriesin aconsistentstate.Hered is theorderof thesub-tree
andN is thetotal numberof peersin thenetwork. Overall, in a stablesystemwhenno insertsor deletesoperationis
beingcarriedout, thesystemprovidesO(m + logdN ) searchcostfor rangequeries,wherem is thenumberof peers
in theselectedrangein 1-dimensionalspace.

The datastructurefor a P-treenodep is a doubleindexed arrayp:node[i ][j ], where0 � i � p:maxLevel and
0 � j � p:node[i ]:numE nter ies, maxLev el is themaximumallowedheightof theP-treeandN umE nter ies is
thenumberof entryallowedpernode.Eachentryof this 2-dimensionalarrayis a pair (value,peer), which pointsto
thepeer thatholdsthedataitem with thesearchkey value. In orderthat theproposedschemeworksproperly, the
P-treeshouldsatisfythefour prede�nedproperties.Thesepropertiesincludestheconstraintson thenumberof entries
allowed per node,left-mostroot-to leaf path,coverageandseparationof sub-trees.The coveragepropertyensures
thatthereareno gapsbetweentheadjacentsub-trees.While theseparationpropertyensuresthattheoverlapbetween
adjacentsub-treesata level i haveat leastd non-overlappingentriesat level i � 1. Thisensuresthatthesearchcostis
O(logd N ).
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5.3 CAN BasedApproaches

5.3.1 One torus to rule them all (Kd-tr eeand Z-curve basedindexing)

Thework in [51] proposestwo approachesfor enablingDRQsover theCAN DHT. Thed-dimensionaldatais indexed
usingthe well known spatialdatastructures:(i) z-curves; and(ii) Kd-tree. First schemeis referredto asSCRAP:
SpaceFilling Curveswith RangePartitioning. SCRAPinvolvestwo fundamentalsteps:(i) thed-dimensionaldatais
�rst mappedto a 1-dimensionalusingthez-curves;and(ii) then1-dimensionaldatais contiguouslyrangepartitioned
acrosspeersin the DHT space. Eachpeeris responsiblefor maintainingdatain the contiguousrangeof values.
ResolvingDRQsin SCRAPnetwork involvestwo basicsteps:(i) mappingDRQ into SRQusingtheSFCs;and(ii)
routing the1-dimensionalrangequeriesto thepeersthat indexesthedesiredlook-upvalue. For routingqueryin 1-
dimensionalspacethework proposesaschemebasedonskipgraph[7]. A skipgraphis acircularlinkedlist of peers,
whichareorganizedin accordancewith theirpartitionboundaries.Additionally, peerscanalsomaintainskippointers
for fasterrouting.Everypeermaintainsskippointersto O(log(n)) otherpeersataexponentiallyincreasingdistances
from itself to the list. A SRQqueryis resolvedby thepeerthat indexesminimumvaluefor thedesiredrange.The
messageroutingis doneusingtheskipgraphpeerlists.

Otherapproachreferredtoasd-dimensionalRectangulationwith Kd-trees(MURK). In thisscheme,d-dimensional
space(for instancea 2-d space)is representedas”rectangles”i.e. (hypercuboidsin high dimensions),with eachnode
maintainingonerectangle.In this case,theserectanglesareusedto constructa distributedKd–tree. The leaf node
in the treearestoredby the peersin the network. Routing in the network is basedon the following schemes:(i)
CAN DHT is usedasbasisfor routing the DRQs; (ii) randompointers–eachpeerhasto maintainskip pointersto
randompeersin thenetwork. Thisschemeprovidessimilarqueryandroutingef�ciency asmultiple realitiesin CAN;
and(iii) space–�llingskipgraph-eachpeermaintainskippointersto O(log(n)) otherpeersatexponentiallyincreasing
distancesfrom itself in thenetwork. Simulationresultsindicatethatrandomandskip-graphbasedroutingoutperforms
thestandardCAN basedroutingfor DRQs.

5.3.2 Meghdoot: Content-BasedPublish/Subscribeover P2PNetworks

The work in [57] proposesa content-basedPub/Subsystembasedon CAN routing substrate.Basic modelsand
de�nitions arebasedon the schemeproposedin the work [99]. The modelde�nes a d-dimensionalattribute space
givenby thesetS = A1; A2; : : : ; Ad. Further, eachattributevalueA i is denotedusingthe tupleName:Type,Min,
Max. DifferentTypeincludesainteger, �oating pointandstringcharacter. While Min andMax denotestherangeover
whichvalueslie. All peersin thesystemusethesameschemaS.

Typically, a subscriptionis a conjunctionof predicatesover oneor moreattributes. Eachpredicatespeci�es a
constantvalueor rangeusingthe operators(suchas=,� ,� ,� and� ) for an attribute. An examplesubscriptionis
givenby S = (A1 � v1) ^ (v2 � A3 � v3) . A systemconsistingof d attributesis alwaysmappedto a cartesian
spaceof 2d dimensions.An attribute A i with domainvalue[L i ; H i ] correspondsto dimensions2i � 1 and2i in a
2d-dimensionalcartesianspace.The 2d dimensionallogical spaceis partitionedamongthe peersin the system.A
subscriptionS for d attributesis mappedto thepoint< l1; h1; l2; h2; : : : ; ld; hd > in the2d dimensionalspacewhich
is referredto asthesubscriptionpoint. Pub/Subapplicationssubmittheir subscriptionto a randomlychosenpeerP0.
A origin peerP0 routesthesubscriptionrequestto thetargetpeerPt usingthebasicCAN routingscheme.ThepeerPt

ownsa point in thed-dimensionalspaceto which a subscriptionS maps.Theoverall complexity involvedin routing
a subscriptionis O(d n1=d), wheren is thenumberof peersin thesystemandd is thedimensionalityof thecartesian
space.

Similarly every publishevent is mappedto a particularpoint in the d-dimensionalspace,alsoreferredto asthe
eventpoint/eventzone.Theevent is thenroutedto thePt from theorigin peerusingthestandardCAN routing. All
thepeersthatown theregion affectedby a eventarenoti�ed accordingly. Following this,all thepeersin theaffected
regionmatchesthenew eventagainstthepreviouslystoredsubscriptions.Finally, theeventis deliveredto applications
thathavesubscribedfor theevent.

5.3.3 HP-protocol: Scalable,Ef�cient RangeQueriesfor Grid Information Services

Andrejaket al. [5] extendthe CAN routing substrateto support1-dimensionalrangequeries.They apply the SFC
in particular the Hilbert Curves for mappinga 1-dimensionalattribute space(suchas no. of processors)to a d-
dimensionalCAN space.For eachresourceattribute/dimensionaseparateCAN spaceis required.To locatearesource

24



basedonmultipleattributes,theproposedsystemiteratively queriesfor eachattributein differentCAN space.Finally,
theresultfor differentattributesareconcatenatedsimilar to ”join” operationin thedatabase.

The resourceinformationis organizedin pairs(attribute-value,resource-ID),arereferredto asobjects. Thus,in
this casethereis one object per resourceattribute. Hence,if a resourcehasm attributesthen therewould be m
differentobject type. The rangeof anattribute lies in the interval [0:0; 1:0]. A subsetof theserversaredesignated
asinformationserversin theunderlyingCAN-basedP2Pnetwork (for e.g. oneinformationserver percomputational
resourceor storageresourcedomain).Eachof themis responsiblefor acertainsub-interval of [0:0; 1:0] of theattribute
values.Suchserversarecalledinterval keeper(IK). Eachcomputationalresourceserver or storageserver in theGrid
registersits currentattributevalueto anIK. EachIK ownsa zonein the logical d-dimensionalCartesianspace(or a
d-torus).

TheCAN spaceis partitionedinto zones,with anode(in thiscaseaninformationserver)servingasazoneowner.
Similarly, objects(in thiscase(attribute,value)pair) is mappedto logicalpointsin thespace.A nodeR is responsible
for all theobjectsthataremappedto its zone.It is assumedthatthedimensiond andtheHilbert Curve'sapproximation
level is 1 are�x ed,andknown throughoutthenetwork. Givena(attribute,value)pair, ahypercubeis determinedby the
Hilbert Function,thefunctionreturnsthecorrespondinginterval thatcontainsthevalue.Following this, themessage
containingthisobjectis routedto anIK whosezoneencompassesthishypercube.

Givena rangequeryr with lower andupperbounds2[l ; u], a querymessageis routedto an informationserver
which is responsiblefor the point l + u

2 . Oncesucha server is located,thenthe requestis recursively �ooded to all
its neighborsuntil all theIKs arelocated.Threedifferentkindsof message�ooding schemearepresentedincluding
thebruteforce,controlled�ooding anddirectedcontrol �ooding. Eachof theseschemehasdifferentsearchstrategy
andhencehave differentmessagerouting complexities. The systemhandlesserver failures/dynamicityby de�ning
an informationupdateinterval. If the updatefor oneof the objectsis not received in the next reportinground,the
correspondingobjectis erased/removed from the network. In case,the objectvaluechanges(attribute value)to the
extentthatit is mappedto anew IK thenpreviousobjectis erasedin thenext reportinground.

5.3.4 Super-P2PR*-Tree:Supporting Multi-dimensional Queriesin P2PSystems

Theauthorsin thework [72] extendthed-dimensionalindex R*-tree[15], for supportingrangeandk-NearestNeigh-
bour(kN N ) queriesin asuper-peer[122] basedP2Psystem.TheresultingdistributedR*-treeis referredto asaNR-
tree. Routingin thedistributedd-dimensionalspaceis accomplishedthroughtheCAN protocol. Thed-dimensional
distributedspaceis partitionedamongthe super-peernetworks basedon the Minimum BoundingRectangle(MBR)
of objects/points.Eachpartition (super-peernetwork) refersto a index-cluster(i.e. a MBR), andcanbe controlled
by oneor moresuper-peer. Effectively, a index-clusterincludesa setof passive peersandsuper-peers.Evey index-
clustermapsto a zonein theCAN basedP2Pspace.The functionalityof a super-peeris similar to a router, it keep
tracksof otherindex-clusters,performsinter-clusterrouting,indexesdatain othersuper-peerpartitionandmaintains
cluster-speci�c NR-tree.Every passive peerjoins thenetwork by contactingany availablesuper-peer. Thecontacted
super-peerroutesthe join requestto othersuper-peer, which is responsiblefor thezoneindexedby thepassive peer.
Everypassivepeermaintainsapartof thecluster-speci�c NR-tree.

The bulk of queryprocessingload is coordinatedby super-peers.Super-peerscanforward queryto its passive-
peers,in casetheindexeddatais managedby them.Every look-uprequestis forwardedto thelocalsuper-peer, which
in turn forwardsto other super-peers,if the requestedindicesare not available in the local zone. Peersinitiating
rangequeryusuallysendthelook-uprectangle,while in caseof a kNN query, querypoint andthedesirednumberof
nearestneighbors(k). In caseof a rangequery, thecontactedsuper-peerroutesthequeryto the index-clusterwhere
thecentroidof thequerymapsto. Theownerof this index-clusteris referredto as primary super-peer. Theprimary
super-peersearchesits NR-treeand�nds passive peerswith index intersectingthe queryregion. The passive peers
directly reply to thequeryinitiating peerwhenamatchoccurs.Every look-upqueryhasaTTL factor, whichcontrols
the life time for a queryin thenetwork. kNN queryresolutionprocessfollows a recursive path,at every successful
matchthemin dist (distancefrom thequerypoint) is updatedwith a new value. ThekNN resolutionprocessstarts
at root level of NR-tree,sortingentriesby their min dist to querypoint, andthenrecursively traversessub-treeof
entrieswith minimummin dist .
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5.4 Miscellaneous

5.4.1 SWORD: Distrib uted ResourceDiscovery on PlanetLab

SWORD [83] is a decentralisedresourcediscovery servicethatsupportsmulti-attributequeries.This systemis cur-
rently deployed andtestedover PlanetLab[33] resourcesharinginfrastructure. It supportsdifferentkind of query
compositionincluding per-nodecharacteristicssuchas load, physical memory, disk spaceand inter-nodenetwork
connectivity attributessuchasnetwork latency. Themodelabstractsresourceasanetworksof interconnectedresource
groupswith intra-group,inter-group,andper-nodenetwork communicationattributes. In particular, SWORD sys-
temis a server daemonthat runson variousnodes.Themainmodulesof thedaemonincludesthedistributedquery
processor(DQP) andthe queryoptimizer(QO). SWORD systemgroupsthe nodesinto two sets. Onesetof nodes
calledservernodesform thepartof thestructuredP2Poverlaynetwork [94, 20] andareresponsiblefor managingthe
distributedresourceinformation. While othersetof nodesarecomputationnodesthat reporttheir resourceattribute
valuesto theseservernodes.

For eachresourceattribute A i , a correspondingDHT key ki is computedusingthe standardSHA-1 scheme.A
key ki is computedbasedon thecorrespondingvalueof A i at thetimeattributevalueis sent.Eachattributeis hashed
to a 160-bit DHT key. Themappingfunctionconvert attributevaluesfrom their native data-type(String)andrange
(numeric)to a rangeof DHT keys. On receiving theattributevaluetuple,theserver nodestoresthetuplein thelocal
table. In case,thesevaluesarenot updatedwithin timeoutinterval thenaredeleted(assumingnodehasprobablyleft
thenetwork or ownerof thekey haschangeddueto changein attributevalues).SWORDresolvesmulti-attributerange
querysimilar to [20].

Usersin generalspecify resourcemeasurementsvaluesincluding the nodecharacteristicsand inter/intra-node
network latency. A queryalso includesthe nodecharacteristicssuchaspenaltylevels for selectingnodesthat are
within the requiredrangebut outsidethe preferredrange. Thesequeriesarenormally written in ExtendedMarkup
Language(XML). A usersubmitsqueryto a localDQPwhich in turn issuesadistributedrangequery. Oncetheresult
is computed,thenit is passedonto theQO(thenodesin resultthatarereferredas”candidatenodes”).TheQOselects
thosecandidatenodeswhichhasleastpenaltyandpassesthere�ned list to theuser.

5.4.2 Mercury: Supporting ScalableMulti-Attrib ute RangeQueries

Mercury[20] is a distributedresourcediscovery systemthatsupportsmulti-attributebasedinformationsearch.Mer-
cury handlesmulti-attribute lookupsby creatinga separateroutinghub for every resourcedimension.Eachrouting
hub representsa logical collectionof nodesin thesystemandis responsiblefor maintainingrangevaluesfor a par-
ticulardimension.Thus,hubsarebasicallyorthogonaldimensionsin thed-dimensionalattributespace.Further, each
hubis partof acircularoverlaynetwork. Mercurysystemabstractsthesetof attributesassociatedwith anapplication
by A . A Q anddenotesthesetof attributesin a querymessageusingQ. Attributesetfor data-recordD is denotedby
A D .Thefunction� a returnsthevalue(range)for aparticularattributea in aquery. A attributehubfor anattributea is
denotedby Ha . Eachnodein aH a is responsiblefor acontiguousranger a of values.Rangesareassignedto different
overlaynodesduringtheinitial join process.Underidealcondition,thesystemguaranteesrange-basedlookupswithin
eachroutinghubin O log2 n=k wheneachnodemaintainsk �x edlinks to theothernodes.

Notethat,while thenotionof a circularoverlayis similar to DHTs,Mercurydo not useany randomizingcrypto-
graphichashfunctionsfor placingthenodesanddataontheoverlay. In contrast,Mercuryoverlaynetwork is organized
basedon setof links. Theselinks includethe: i) successorandpredecessorlinks within the local attribute hub; ii)
k links to othernodesin the local attributehub(intra-hublinks) ; andiii) onelink perhub(inter-hub link) thataids
in communicatingwith otherattributehubsandresolvingmulti-attributerangequeries.Note that,k intra-hubslinks
is a con�gurableparameterandcould be differentfor differentnodesin the attribute overlay. In this case,the total
routing tablesizeat a nodeis k + 2. Whena nodenk is presentedwith messageto �nd a nodethat maintainsa
rangevalue[l i ; r i ], it choosestheneighborn i suchthat theclockwisedistanced(l i ; v) is minimized,in this casethe
noden i maintainstheattributerangevalue[l i ; r i ]. Key to messageroutingperformanceof Mercury is thechoiceof
k intra-hublinks. To setup eachlink i , a nodedraws a numberx 2 I usingthe harmonicprobability distribution
function: pn (x) = 1

n log x . Following this, a noden i attemptsto addthenoden` in its routingtablewhich manages
theattributerangevaluer + (M a � ma) � x; wherema andM a aretheminimumandmaximumvaluesfor attribute
a. For routinga datarecordD , thesystemrouteto thevalue� a(D ). For queryQ, � a(Q) is a range.In this case,�rst
themessageis routedto the �rst nodethatholdsthestartingrangevaluesandthenrangecontiguitypropertyis used
to spreadthequeryalongtheoverlaynetwork.
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5.4.3 PHT: Pre�x HashTree

The work in [88] presentsa mechanismfor implementingrangequeriesover DHT basedsystemvia a trie-based
scheme.Thebucket in thetrie is storedat theDHT nodeobtainedby hashingits correspondingpre�xes.Theresulting
datastructureis referredasa trie1. In thePHT, every vertex correspondsto a distinctpre�x of thedatadomainbeing
indexed.Thepre�xesof thenodesin thePHT form a universalpre�x set2. Theschemeassociatesa pre�x labelwith
eachvertex of thetree.Givenavertex with labell , its left andright child vertices'sarelabeledasl 0 andl1 respectively.
Therootof thetreeis alwayslabeledwith theattributenameandall thesubsequentvertexesarelabeledrecursively.

A dataitem is mappedandstoredat thenodehaving longestpre�x matchwith thenodelabel. A nodecanstore
upto B items, in casethis thresholdis exceeded,a nodeis recursively divided into two child nodes. Hence,this
suggeststhatdataitemsareonly storedin the leaf nodesin thePHT andthePHT itself grows dynamicallybasedon
distributionof insertedvalues.ThislogicalPHTis distributedacrossnodesin theDHT-basednetwork. UsingtheDHT
look-upoperation,a PHTnodewith labell is thusassignedto a nodewith identi�er closestto HASH(l). Look-upfor
a rangequeryin PHT network is performedby locatingthenodecorrespondingto the longestcommonpre�x in the
range.Whensucha nodeis found,thenparalleltraversalof its sub-treeis doneto retrieve all thedesireditems.Note
thatsigni�cant querylook-upspeed-upcanbeachievedby dividing therangeinto anumberof sub-ranges.

5.4.4 JXTA: JXTA Search

JXTA Search[119] is anopenframework basedon theJXTA [54] routingsubstrate.JXTA searchnetwork consists
of searchhubs,informationprovidersandinformationconsumers.Thenetwork messagecommunicationprotocolis
basedon the XML format. In the JXTA network, searchhubsareorganizedinto N distinct groups. Thesegroups
are referredto as advertisementgroups. Thesesearchhubsact as point of contactfor providers and consumers.
Furthereachsearchhub is a memberof a network of hubswhich hasat leastonerepresentative of hubsfrom every
advertisementgroup. Thesegroupsaretermedasquerygroups. Hence,in this casethereis 100%reachabilityto all
storedinformationin thenetwork.

Every informationprovider in thenetwork registersits resourceinformationwith its local searchhub. Eachhub
periodicallysendsupdatemessage(new additionsanddeletionsof registrations)to all the hub in its advertisement
group.In case,thegroupingof hubsis content-based,theadvertisementis forwardedto therelevantrepresentative for
thatcontent.Wheneveraninformationconsumerwishesto look for dataonthesearchnetwork, it issuesaninformation
requestqueryto thehub it knows or hasmembership.Thehub that receivesthis query�rst searchesits local index
andthenotherhubsin its advertisementgroup. If a matchis found in thesameadvertisementgroup,thenthequery
is forwardedto thathub. In casethequerycantberesolvedin thelocal advertisementgroupthenit is broadcastedto
all remainingadvertisementgroupsusinga querygroupmembershipinformation. However, if thesearchnetwork is
organizedbasedon content,thenthequeryis routedto theadvertisementgroupresponsiblefor indexing thedesired
content.

5.4.5 P2PR-Tree:An R-TreeBasedSpatial Index for P2PEnvir onments

The work in [80] presentsa schemefor adoptingthe R-tree[76] in a P2Psetting. P2PR-treestaticallydividesthe
d-dimensionalattributespace(universe)into asetof blocks(rectangulartiles). Theblocksformedasaresultof initial
divisionof thespaceformslevel 0 of thedistributedtree.Further, eachblock is staticallydividedinto asetof groups,
which constitutelevel 1 in the tree. Any further division on the grouplevel ( andsubsequentlyon the subgroup)is
donedynamicallyandaredesignatedassubgroupsat level i (i � 2). Whena new peerjoins thesystem,it contacts
oneof theexisting peerswhich informsit abouttheMinimum BoundingRectangle(MBR) of theblocks.Usingthis
overall blockstructureinformation,apeerdecideswhichblock(s)it belongsto.

Whenrelevantblock(s)aredetermined,a peerqueriesotherpeersin thesameblock for compilinggroup-related
MBR information.It alsoqueriesatleastonepeerin everyothergroup.Usingthisgroupstructureinformation,apeer
knows aboutits own group. After determiningthegroup,thesameprocessis utilized for determiningthesubgroups
andsoon. Effectively, a peermaintainsfollowing routing information:(i) pointersto all blocksin theuniverse;(ii)
pointersto all groupsin its block ; (iii) pointerto all subgroupsin its groupand;(iv) �nally pointersto all peersin its

1A trie is a multi-way retrieval treeusedfor storingstringsover analphabetin which thereis onenodefor every commonpre�x andall nodes
thatshareacommonpre�x hangoff thenodecorrespondingto thecommonpre�x.

2A setof pre�x is a universalpre�x setif andonly if for any in�nite binarysequenceb thereis exactly oneelementin thesetwhich is a pre�x
of b
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subgroup.Theschemede�nesa thresholdvalueon maximumnumberof peersin a groupanda subgroupdenotedby
GM ax andSGM ax , respectively.

A queryQL for aobjectis propagatedrecursively topdown startingfrom level 0. Whenaqueryarrivesatany peer
Pi in thesystem,Pi checkswhetherits MBR coverstheregion indexedby thequery. If so,thenPi searchesits own
R-treeandreturnstheresultsandthesearchis terminatedat thatpoint. Otherwisethepeerforwardsthequeryto the
relevantblock,group,subgroupor peerusingits routingtablepointers.Thisprocessis repeateduntill thequeryblock
is locatedor thequeryreachesdeadendof thetree.

6 Open Issues

Thecurrentmodelsof distributedsystemsincludingGrid computingandP2Pcomputingsuffer from aknowledgeand
resourcefragmentationproblem.By knowledgefragmentation,wemeanthatvariousresearchgroupsin bothacademia
andindustrywork in a independentmanner. They de�ne standardswithout any propercoordination.They give very
little attentionto the inter-operatibility betweenthe relatedsystems.Suchdisparitycanbe seenin the operationof
variousgrid systemsincludingCondor-G, Nimrod-G,OurGrid,Grid-Federation,TycoonandBellagio.Thesesystems
de�ne independentinterfaces,communicationprotocols,superschedulingandresourceallocationmethodologies. In
this caseusershave accessto only thoseresourcesthatcanunderstandtheunderlyingGrid systemprotocol. Hence,
this leadsto thedistributedresourcefragmentationproblem.In otherwords,auserfrom Condor-G grid cannotsubmit
hisjob to aTycoongrid etc.A possiblesolutionto thiscanbefederatingthesegrid systemsbasedonuniversallyagreed
standards(similarto theTCP/IPmodelthatgovernsthecurrentInternet).Thecoreto theoperationandinteroperability
of Internetcomponentis thecommonresourceindexing systemi.e. DNS.Both theGrid andP2Pcommunitiesclearly
lackany suchglobalor widely acceptedservice.Thesesystemsdonotexposeany API or interfacesthatcanhelpthem
to inter-operate.

Possiblesolutionsto overcomeknowledgeandresourcefragmentationprobleminclude:(i) availability of arobust,
distributed,scalableresourceindexing/organisationsystem;(ii) evolutionof commonstandardsfor resourceallocation
andapplicationsuperscheduling;(iii) agreementon usingcommonmiddlewarefor managinggrid resourcessuchas
clusters,SMPsetc;and(iv) de�ning commoninterfacesandAPIsthatcanhelpdifferentrelatedsystemto inter-operate
andcoordinateactivities. In recenttimes,wehaveseensomeeffortstowardsdevelopingagenericgrid service-oriented
architecture[61], morecommonlyreferredto asOpenGrid ServiceArchitecture(OGSA).Coregrid developersalso
de�ne commonstandardsthroughthe GGF. In spiteof all this, thereis clearly a lack of global adoptionof these
standards,yet.

7 Summary and Conclusion

In therecentpast,we have observedanincreasein thecomplexity involvedwith grid resourcesincludingtheir man-
agementpolicies,organisationandscale.Key elementsthatdifferentiatea computationalgrid systemfrom a PDCS
include: (i) autonomy;(ii) decentralisedownership;(iii) heterogeneityin managementpolicies,resourcetypesand
network inter-connect;and(iv) dynamicityin resourceconditionsandavailability. Traditionalgrid systems[48, 8, 2]
basedon centralisedinformationservicesareproving to bebottleneckwith regard to scalability, fault-toleranceand
mechanismdesignissues.To addressthis, P2Pbasedresourceorganisationis beingadvocated.P2Porganisationis
scalable,adaptableto dynamicnetwork conditionsandhighly available.

In thiswork, wepresentedadetailedtaxonomythatcharacterizesissuesinvolvedin designingaP2P/decentralised
GRIS.We classi�ed the taxonomiesinto two sections:(i) resourcetaxonomy;and(ii) P2Ptaxonomy. Our resource
taxonomyhighlightedtheattributesrelatedto a computationalgrid resource.Further, we summarizeddifferentkinds
of queriesthat arebeingusedin currentcomputationalgrid systems.In general,Grid superschedulingquery falls
underthecategory of d-dimensionalpoint or window query. However, it still remainsto beseenwhethera universal
grid resourcequerycompositionlanguageis requiredto expressdifferentkindsof Grid RLQsandRUQs.

Wepresentedclassi�cationof P2Papproachesbasedonthreedimensionsincluding: (i) P2Pnetwork organisation;
(ii) approachesto distribution of the dataamongthe peers;and(iii) routing of d-dimensionalqueries.In principle,
datadistributionmechanismdirectlydictateshow aqueryis routedamongtherelevantpeers.D -dimensionalresource
index is distributedamongpeersby utilizing thedatastructuressuchasSFCs,quad-trees,R-treesandKd-trees.Some
of theapproacheshavealsomodi�ed existinghashingschemesto facilitatethe1-dimensionalrangequeriesin aDHT

28



network. Every approachhasits own meritsandlimitations. Someof theseissueswerehighlightedin the resource
andP2Pnetwork organisationtaxonomysection.

However, afew questionsthatstill remainto beansweredinclude:(i) whichof thesurveyedapproachis bestsuited
for organizinga GRIS?(ii) docurrentapproachesprovideenough�e xibility in querycompositionandresolutionthat
is requiredto undertake complexity of Grid superschedulingsystems?(iii) is therea needto de�ne a new query
compositionlanguagewhich is capableof representingall possiblekindsof queriespresentnow or thatcouldarisein
future?and(iv) arethecurrentDHT basedP2Ptechniquesarerobustenoughto supportsuchcomplex querysystems?
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