A Studyon Peerto-PeeBasedDiscovery of Grid Resource
Information

Rajiv Ranjan AaronHarwoodandRajkumarBuyya
P2PNetworks GroupandGRIDS Laboratory
Departmenbf ComputerScienceandSoftware Engineering
University of Melbourne Victoria, Australia
f rranjan,ahar@od,rag@csse.unimelkedu.au

Decembet, 2006

Abstract

Ef cient Resourcaliscorery mechanisnis oneof the fundamentatequiremenfor Grid computingsystemsas
it aidsin resourcenanagemerandschedulingof applications Resourcealiscovery actiity involve searchingor the
appropriataesourceaypesthatmatchthe users applicationrequirementsVariouskinds of solutionsto grid resource
discovery have beensuggestedincluding the centralisedand hierarchicalinformation sener approach. However,
bothof theseapproachebave serioudimitationsin regardsto scalability, fault-tolemnceandnetworkcongestion To
overcomethesdimitations,indexing resourcénformationusingadecentralise¢suchasPeerto-Pee(P2P))network
modelhasbeenactively proposedn the pastfew years.

This article investigatesvariousdecentralisedesourcediscovery techniquesprimarily driven by P2P network
model. To summarisethis article presents: (i) summaryof currentstateof art in grid resourcediscovery; (ii)
resourcetaxonomywith focus on computationalgrid paradigm;(iii) P2Ptaxonomywith focuson extendingthe
currentstructuredsystemgsuchasDistributed Hash Tables)for indexing d-dimensionalrid resourcequeries;(iv)
detailedsuney of existing worksthatcansupportd-dimensionabrid resourcequeries;and(v) classi cationof the
suneyedapproachebasedntheproposed®2Ptaxonomy We believe thatthis taxonomyandits mappingto relevant
systemswould be usefulfor academi@andindustrybasedesearcheraho areengagedin thedesignof scalableGrid
andP2Psystems.

1 Intr oduction

The lastfew yearshave seenthe emegenceof a nenv generatiorof distributed systemshat scaleover the Internet,
operateunderdecentralisedettingsand are dynamicin their behaior (participantscanleave or join the system).
Onesuchsystemis referredto asGrid Computingandothersimilar systemdnclude P2PComputing[78], Semantic
Web [82], Penasive Computing[102] andMobile Computing[14, 45]. Grid Computing[47] providesthe basicin-
frastructuraequiredfor sharingdiversesetsof resourcesncludingdesktopscomputationatlusters supercomputers,
storage data,sensorsapplicationsand online scienti ¢ instruments.Grid Computingoffers its vastcomputational
power to solve grandchallengeproblemsin scienceand engineeringsuchas proteinfolding, high enegy physics,
nancial modeling,earthquak simulation,climate/weathemodeling, aircraft enginediagnostics earthquak engi-
neering,virtual obseratory, bioinformatics,drug discovery, digital image analysis,astroplysics, and multi-player
gaming.etc.

Grids canbe primarily classi ed [123] into varioustypes,dependingon natureof their emphasis€omputation,
data,applicationservice,interaction,knowledge,and utility. Accordingly, Grids are proposedasthe emeging cy-
ber infrastructureto power utility computingapplications. ComputationalGrids aggrejate computationapower of
globally distributedcomputerge.g., TeraGrid,ChinaGrid,and APACGrid). DataGrids emphasizen a global-scale
managementf datato provide dataaccessjntegration and processinghroughdistributed datarepositories(e.g.,
LHCGrid, GriPhyN). Applicationservice(provisioning) Gridsfocuson providing accesso remoteapplicationsmod-
ules;librarieshostedon datacentersor computationaGrids(e.g.,NetSohe andGridSolwe). InteractionGridsfocused
oninteractionandcollaboratve visualizationbetweerparticipantge.g.,AccessGrid) KnowledgeGrids aim towards



knowledgeacquisition,processingmanagementand provide businessanalyticsservicesdriven by integrateddata
mining services.Utility Gridsfocuson providing all the grid servicesncludingcomputepower, data,serviceto end
usersasIT utilities on subscriptiorbasisandprovidesinfrastructurenecessaryor negotiationof requiredquality of

service establishmerandmanagementdf contractsandallocationof resourceso meetcompetingdemandsTo sum-
marize,thesegrids follow a layereddesignwith computationabrid beingat the bottommostlayerwhile the utility

grid beingatthetop mostlayer. A grid at higherlevel utilizesthe servicesof gridsthatoperateat lower layersin the
design.For example,a DataGrid utilizesthe servicesof ComputationalGrid for dataprocessingandhencebuilds on
it. In addition,lower-level Gridsfocusheavily oninfrastructureaspectsvhereasigherlevel onesfocuson usersand
quality of servicedelivery.

In this work, we mainly focuson the ComputationalGrids. ComputationalGrids enableaggreation of different
typesof computeresourcesncluding clusters,supercomputergjesktops.In general,computeresourcedave two
typesof attributes: (i) staticattributessuchasthetype of operatingsysteminstalled,network bandwidth(both Local
Area Network (LAN) andWide Area Network (WAN) interconnection)processoispeedand storagecapacity(in-
cluding physicalandsecondarynemory);and(ii) dynamicattributessuchasprocessoutilization, physicalmemory
utilization, free secondarynemorysize,currentusageprice andnetwork bandwidthutilization.

1.1 The SuperschedulingProcessand Resource Indexing

The Grid superschedulinfL04] problemis de ned as: “schedulingjobs acrossthe grid resoucessud as computa-
tional clustes, parallel supecomputes, desktopmadinesthat belongto differentadministative domains™ Super
schedulingin computationalgrids is facilitatedby specializedGrid schedulers/brais suchasthe Grid Federation
Agent [90], MyGrid [3], NASA-Superschedulgl05], Nimrod-G [2], GridBus-Broler [118], CondorG [48] and
work ow engines[124, 43]. Fig.1 shavs an abstractmodelof a decentraliseduperschedulingystemover a dis-
tributedquerysystem.The superschedulemccesshe resourcanformationby issuinglookup queries.Theresource
providersregisterthe resourcenformationthroughupdatequeries.Superschedulingwvolves: (i) identifying andan-
alyzing users job requirements(ii) queryingGRIS [25, 62, 38, 125 103 5] for locatingresourceshat matchthe
job requirements(iii) coordinatingand negotiating ServiceLevel Agreement(SLA) [85, 39, 36, 92]; and(iv) job
scheduling Grid resourcesremanagedy their local resourcenanagemergystemgLRMSes)suchasCondor[71],
PortableBatchSystem(PBS)[22], SunGrid Engine(SGE)[53], Legion [30], Alchemi[74] andLoad SharingFacil-
ity LSF[129]. TheLRMSesmanaggob queuesinitiate andmonitortheir execution.

Traditionally, superscheduleiacludingNimrod-G,CondorG andTycoon[69] usedservicesof centralisednfor-
mationservices(suchas R-GMA [127], Hawkeye [126], GMD [125], MDS-1 [44]) to index resourcanformation.
Undercentralisedbrganisation the superschedulersendresourcejueriesto a centralisedesourcendexing service.
Similarly, theresourceprovidersupdatetheresourcestatusat periodicintervalsusingresourceipdatemessagesrhis
approachhasseveral designissuesincluding: (i) highly proneto a single point of failure; (ii) lacksscalability; (iii)
high network communicatiorcostat links leadingto theinformationsener (i.e. network bottleneck congestion)and
(iv) the machinerunningthe informationservicesmight lack the requiredcomputationapower requiredto sene a
large numberof resourcequeriesandupdates.

To overcomeheabove shortcoming®f centralisechpproaches hierarchicabrganisatiorof informationservices
hasbeenproposedn systemsuchasMDS-3[61] andGanglia[98]. MDS-3 organizesVirtual Organisation\VO) [47]
speci c informationdirectoriesin a hierarcly. A VO includesa setof GPsthatagreeon commonresourcesharing
policies. Every VO in grid designates machinethat hoststhe informationservices.A similar approachhasbeen
followed in the Gangliasystem,which is designedfor monitoring resourcestatuswithin a federationof clusters.
Eachclusterdesignates nodeasa representate to the federatednonitoring system. This nodeis responsibleor
reportingclusterstatugo thefederation However, this approactalsohassimilar problemsasthecentralisecdapproach
suchasone-pointof failure,anddoesnot scalewell for alarge numberof users/praiders.

1.2 DecentralisedResource Indexing

Recently proposaldor decentralizinga GRIS have gainedsigni cant momentum.The decentralizatiorof GRIS can
overcomethe issuesrelatedto currentcentralisedandhierarchicalorganisations.A distributedsystemcon guration
is considerecasdecentralised‘if noneof the participantsin the systemnis more importantthan others, in caseone
of the participantfails thenit is neithermore or lessharmful to the systenthan causedby the failure of any other
participantin the system” An early proposalfor decentralizingGrid information serviceswas madeby lamnitchi
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andFoster[62]. Thework proposedh P2Pbasedapproactfor organizingthe MDS directoriesn a at, dynamicP2P
network. It ervisageghatevery VO maintainsits informationservicesandmalesit availableaspartof a P2Pbased
network. In otherwords,informationservicesarethe peersin a P2Pnetwork basedcouplingof VOs. Application
schedulerén variousVOsinitiate aresourcdook-up querywhichis forwardedin the P2Pnetwork using ooding (an
approachsimilar to oneappliedin the unstructured®2Pnetwork Gnutella[31]. However, this approachhasa large
volumeof network messagegeneratediueto ooding. To avoid this,a Timeto Live (TTL) eld is associatedavith

every message,e. the peersstopforwardinga querymessag®encethe TTL expires. To anextent, this approactcan
limit thenetwork messagérafc, butthesearchgueryresultsmaynotbedeterministidn all casesThus,theproposed
approactcannotguarante¢o nd thedesiredresourceaventhoughit existsin the network.

Recently organizinga GRIS over structuredP2Pnetworks hasbeenwidely explored. StructuredP2P networks
offer deterministicsearchquery resultswith logarithmic boundson network messageompleity. StructuredP2P
look-upsystemsncluding Chord[111], CAN [93], Pastry[97] andTapestry{128] areprimarily basedon Distributed
HashTables(DHTs). DHTs provide hashtablelik e functionality at the Internetscale.A DHT is a datastructurethat
associates key with a data. Entriesin the distributedhashtablearestoredasa (key,data)pair. A datacanbelooked
up within alogarithmicoverlayroutinghopsif the correspondindsey is known.

It is widely acceptedhat DHTs are the building blocks for next-generationarge scaledecentralisegystems.
Someof theexampledistributedsystemghatutilizesDHT routingsubstrateéncludedistributeddatabasef9], group
communicatior28], E-mail serviceq79], resourcediscorery systemq13, 32, 114,103 83] anddistributedstorage
systemdq40]. Currentimplementation®of DHTs are known to be efcient for 1-dimensionalqueries[59] suchas
“nd all resourceshatmatchthe givensearchpoint”. In this casedistinctattribute valuesarespeci ed for resource
attributes. ExtendingDHTSs to supportd-dimensionatangequeriessuchas nding all resourceshatoverlapa given



searctspacds acomplex problem.Rangequeriesarebasedn rangeof valuesfor attributesratherthanon aspeci c
value.Currentworksincluding[32, 114, 103 25, 37,5, 83, 20,88, 109 have studiedandproposedlifferentsolutions
to this problem.

1.3 ConceptualDesignof a Distrib uted Resource Indexing System
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Figure2: Distributedresourcendexing: alayeredapproach

A layeredarchitecturdo build a distributedresourceéndexing systemis shavn in Fig. 2. Thekey component®f
alnternet-basedesourcandexing systemincludes:

Resource layer: This layer consistsof all globally distributedresourceshat aredirectly connectedo the In-
ternet. Therangeof resourcesncludedesktopmachines,les, supercomputergomputationatlustersstorage
devices,databasescienti ¢ instrumentsandsensonetworks. A computationatesourceanrun variantsof op-
eratingsystemg suchasUNIX or Windows) andqueuingsystemgsuchasCondor Alchemi, SGE,PBS,LSF).

Lookup layer: Thislayerofferscoreservicedor indexing resourcestthelnternetscale.Themaincomponents
at this layer arethe middlewaresthat supportinternet-wideresourcdook-ups. Recentproposalsat this layer
have beenutilizing structured®2PprotocolssuchasChord,CAN, PastryandTapestry DHTsoffer deterministic
searchqueryperformancevhile guaranteeindpgarithmic boundson the network messageompleity. Other
middlewvaresat this layer includesJXTA [119], Grid Market Directory (GMD) [125] and unstructuredP2P
substratesuchasGnutella[31] andFreene{34].

Application layer: Thislayerincludestheapplicationservicesn variousdomaingncluding: (i) Grid comput-
ing; (ii) distributedstoragefiii) P2Pnetworks;and(iv) ContentDelivery Networks (CDNs)[101], [86]. Grid
computingsystemsncluding CondorFlock P2P[24] usesservicesof Pastry DHT to index condorpoolsdis-
tributedoverthelnternet.Grid brokeringsystermsuchasthe Nimrod-Gutilizesdirectoryserviceof Globus[46]



for resourcendexing andsuperschedulinglThe OurGridsuperschedulinframenork incorporateg XTA for en-
ablingcommunicatiorbetweenOGPeersn the network. DistributedstoragesystemsncludingPAST [42] and
OceansStor68] utilizesservicesof DHTs suchasPastryandTapestryfor resourcendexing.

1.4 Paper organisation

The restof the paperis organizedasfollows. Section2 summarizeghe approacheshat are basedon a non-P2P
resourceorganisationmodel, speci cally the centralisedand hierarchicalnetwork models. Section3 presentdax-

onomiesrelatedto generakcomputationatesourcesattributes,look-up queriesandorganisationmodel. In section4,

we presentaxonomiedor P2Pnetwork organisation,d-dimensionaldatadistribution mechanismandqueryrouting
mechanismSection5 summarizesariousalgorithmsthatmodelGRISoveraP2Pnetwork. Finally, we endthis paper
with discussioron openissuedn sectioné andconclusionin section?.

2 The Stateof Art in Grid Information Indexing

Thework in [126] presentss comprehensie taxonomyon existing centralisedcandhierarchicallyorganisedGRISes.
We summarizethis work hereand classify existing systemsaccordingto the proposedaxonomyin Table1. The
proposedaxonomyis basedon the Grid Monitoring Architecture(GMA) [115] put forward by the Global Grid Fo-
rum (GGF).Themaincomponent®f GMA are: (i ) producerdaemorthatmonitorsandpublishegesourceattributes
to theregistry; (ii) consumersuperschedulethatquerytheregistry for resourcenformation;(iii) registry—aservice
or a directorythat allows publishingandindexing of resourceinformation; (iv) republisherary objectthatimple-
mentsboth producerand consumerfunctionality; and (v) schemaepository—holdsietailssuchastype andschema
aboutdifferentkinds of eventsthatareambientin a GRIS. The work de nes a scope-orientethxonomyof existing
GRIS.Thesystemsareidenti ed dependingn the provision andcharacteristicsf its producersandrepublishers.

Tablel: SummarizingcentralisedandhierarchicalGRIS

Level 0 Level 1 Level 2 Level 3

MapCenter [23], | Autopilot[95] CODE [10€], | Ganglia [98],

GridICE[4] GridRM [9], | Globus MDS [38],
Hawkeye [126], | MonALISA [81],
HBM [11Q], | Paradyn [77],

Mercury [12], | RGMA [127]
NetLogger [55],
NWS [121],
OCM-G [120],
Remos [41],
SCALEA-G[117]

Level O (Self-ContainedSystems)The resourceconsumersaredirectly informedof variousresourceattribute
changedy the sensordaemon(a sener programattachedo the resourcefor monitoringits status). The noti-
cation processnay take placein anofine or anonline setting. In the online case the sensordocally store
the resourcemetrics,which canbe accessedh an applicationspeci c way. Thesesystemsnormally offer a
browsableweb interfacethat providesinteractive accesgso HTML-formattedinformation. Thesesystemsdo
not provide ary kind of producerapplicationprogrammingnterface(API), thuslackingany programmingsup-
port that can enableautomaticdistribution of eventsto remotely deployed applications. Systemsincluding
MapCentef23] andGridICE [4] belongto level 0 resourcenonitoringsystems.

Level 1 (ProducetOnly Systems):Systemsin this catejory have event sensorshostedon the samemachine
asthe producer or the sensordaemonfunctionality is provided by the produceritself. Additionally, these
systemsrovide API at the resourcdevel (producerevel), hencethey areeasilyandautomaticallyaccessible



from remoteapplications.In this case thereis no needto browsethroughthe webinterfacein-orderto gather
resourcanformation. Systemsncluding Autopilot [95] belongto thelevel 1 cateyory of monitoringsystems.

Level 2 (ProducerandRepublishers)This cateyory of systemincludesarepublisheattachedo eachproducer
The republisherof differentfunctionality may be staclked uponeachotherbut only in a prede nedway. The
only differencefrom Level 1 systemsbeingthe presenceof a republisherin the system. Systemsincluding
GridRM [9], CODE[106] andHawkeye arelevel 2 systems.

Level 3 (Hierarchieof Republishers)This catgyory of systemallows for thehierarchicabrganisatiorof repub-
lishersin anarbitraryfashion.This functionalityis not supportedn the Level 2 systems.In this arrangement,
every nodecollectsandprocessesventsfrom its lower level producersaandrepublishers Thesesystemspro-
vide betterscalabilitythana Level 0, Level 1 or Level 2 system.SystemssuchasMDS-3 [38] belongto this

category.
Thetaxonomyalsoproposeghreeotherdimensions/quali erdo characterizéhe existing systemsThey include:

Multiplicity: thisquali er refersto the scalabilityaspec{organisatiorof therepublishein a Level 2 system)of
aGRIS.A republishecanbe completelycentralisedor distributedwith supportof replication.

Typeof entities:denotedypesof resourceindexedby a GRIS.Differentresourcaypesincludehosts networks,
applicationsandgeneric.A genericresourcdypeattheleastsupportsventfor hostsandnetwork types.

Stackabledenotesvhetherthe concernedsRIS canwork on top of anothe!GRIS.

3 Resource Taxonomy

Thetaxonomyfor acomputationafjrid resources dividedinto thefollowing (referto Fig. 3): (i) resourcerganisation;
(ii) resourceattribute;and(iii) resourcegquery

ResourceOrganisation
Taxonomy

Resource Resource Attribute
Taxonomy Taxonomy

Resource Query
Taxonomy

Figure3: Resourcgaxonomy

3.1 Resource/GRISorganisationtaxonomy
Thetaxonomyde nes GRISorganisatioras(referto Fig. 4) :

CentralisedCentralisatiorrefersto the allocationof all query processingcapabilityto single resource.The
maincharacteristicef acentralisedapproactincludecontrolandef ciency. All look-upandupdatequeriesare
sentto a singleentity in the system.GRISesincludingRGMA [127] andGMD [125] arebasedon centralised

organisation.

Hierarchical:A hierarchicabpproacHinks GRIS's eitherdirectly or indirectly, andeithervertically or horizon-
tally. Theonly directlinks in a hierarcly arefrom the parentnodesto their child nodes.A hierarcly usually
forms a treelike structure. GRIS systemincluding MDS-3 [38] and Ganglia[98] are basedon this network

model.



DecentralisedNo centralisedcontrol, completeautonomy authority and query processingcapability is dis-
tributedover all resourcedn the system.The GRIS organizedunderthis modelis fault-tolerantself-oiganizing
andis scalableto large numberof resourcesMore detailson this organisationcanbefoundin sectiord4.

Therearefour fundamentathallengegelatedto differentorganisationmodelsincluding: (i) scalability; (ii)
adaptability;(iii) availability; and(iv) manageability Centralisednodelsare easyto managebut do not scale
well. Whennetwork links leadingto the centralsener get congestedr fail, thenthe performancesufers.
Hence this approachmay not adaptwell to dynamicnetwork conditions. Further it presentsa single point of
failure,sooverallavailability of thesystendegradesonsiderablyHierarchicalbrganisatiorovercomesomeof
thesdimitationsincludingscalability adaptabilityandavailability. However, theseadwantage®veracentralised
modelcomesat the costof overall systemmanageability In this case every site speci ¢ administratohasto
periodicallyensurehe functionality of their local daemonsFurther theroot nodein the systemmay presenta
singlepointfailure similarto the centralisednodel. Decentralisedystemsincluding P2R arecoinedashighly
scalable adaptablgo network conditionsand highly available. But manageabilityis a complec taskin P2P
networksasit incursalot of network traf c.

Centralised
GRIS organisation |
~beceniaiee

Figure4: Resourcerganisatiortaxonomy

3.2 ResourceAttrib ute Taxonomy

A computegrid resourceds describedoy a setof attributeswhich is globally known to the applicationsupersched-
ulers. The superschedulewrhich is interestedn nding aresourceto executea users job issuesqueriesto GRIS.
The queriesare a combinationof desiredattribute valuesor their rangesdependingon the users job composition.
In general,computeresourcehave two typesof attributes: (i) staticor x ed value attributessuchas: type of op-
eratingsysteminstalled,network bandwidth(both LAN andWAN interconnection)network location, CPU speed,
CPUarchitecturesoftwarelibrary installedandstoragecapacity(including physicalandsecondarynemory);and(ii)
dynamicor rangevaluedattributessuchasCPU utilisation,physicalmemoryutilisation, free secondarynemorysize,
currentusageprice andnetwork bandwidthutilisation. Figure5 depictsthe resourceattribute taxonomy

3.3 ResourceQuery Taxonomy

Theability of superscheduleuchasMyGrid, Grid-FederatiorAgent,, NASA-SuperscheduleNimrod-G, Condor
Flock P2Pto make effective applicationschedulingdecisionis directly governedby the ef ciency of GRIS. Super
schedulersieedto querya GRIS to compileinformationaboutresources utilisation, load and currentacces9rice
for formulatingthe ef cient schedulesFurther a superschedulezanalsoquerya GRIS for resourcedasedon se-
lectedattributessuchasnodeswith large amountsof physicalandsecondarymemory interresourceattributessuch
asnetwork lateng, numberof routinghopsor physicalattributessuchasgeographidocation. Similarly, theresource
ownersquerya GRISto determinesupplyanddemandpatternandaccordinglysetthe price. The actualsemantic®of
theresourcequerydepend®n the underlyingGrid superschedulingnodelor Grid systemmodel.

3.3.1 ResourceQuery Type

Superschedulingystemsrequiretwo basictypesof queries: (i) resourcdook-up query (RLQ) ; and (ii) resource
updatequery (RUQ). An RLQ is issuedby a superscheduleo locateresourcesnatchinga users job requirements,
while anRUQ is anupdatemessagesentto a GRIS by aresourceowneraboutthe underlyingresourceconditions.In



CPUarchitecture
Physicalmemory
Queue length size
OperatingSystem
CPUo utilization Resource
attribute CPU speed
Physicalmemory
utilization
Dynamic Static Softwareinstalled
Secondarynemory
utilization
Secondarynemory
- size
Network bandwidth
utilization
Network bandwidth
Resourceaccesgost
Network location
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Condor ock P2Psystem, ocking requiressendingRLQsto remotepoolsfor resourcestatusandthe willingnessto

acceptremotejobs. Willingnessto acceptremotejobsis a policy speci ¢ issue.After receving anRLQ messagethe
contactecpool managereplieswith an RUQ thatincludesthe job queueength,averagepool utilization andnumber
of resourcesvailable. Thedistributed ocking is basednthe P2PquerymechanismOncethejob is migratedto the
remotepool, basicmatchmakind89] mechanisnis appliedfor resourceallocation.In Table2, we presenRLQ and
RUQ queriesn somewell-known superschedulingystems.

3.3.2 An Example SuperschedulingResource Query

In this sectionwe brie y analysethe superschedulinguery compositionin the superschedulingystemcalled Ty-
coon[69]. The Tycoon systemappliesmarket-basedprinciples,in particularan auctionmechanismfor resource
management Auctions are completelyindependentvithout ary centralisedcontrol. Every resourceowner in the
systemcoordinatests own auctionfor local resourcesThe Tycoonsystemprovidesa centralisedServiceLocation
Serviceg(SLS)for superschedulets index resourcauctioneersinformation. Auctioneersegistertheir statuswith the
SLSevery 30 secondslf anauctioneefails to updatets informationwithin 120secondshenthe SLS deletests en-
try. Applicationlevel superschedulerntactthe SLSto gatherinformationaboutvariousauctioneern the system.
Oncethis informationis available, the superscheduler®n behalf of users)issuebids for differentresourcegcon-
trolled by differentauctions) constrainedy resourceequirementindavailablebudget. A resourcebid is de ned by
thetuple (h; r; b;t) whereh is the hostto bid on, r is the resourcetype, b is the numberof creditsto bid, andt is
thetime interval over which to bid. Auctioneersdeterminethe outcomeby usinga bid-basedproportionalresource
sharingeconomymodel.

Auctioneersin the Tycoonsuperschedulingystemsendan RUQ to the centralisedGRIS (referredto asservice
local services).The updatemessageonsistsof the total numberof bids currentlyactive for eachresourcetype and
thetotalamountof eachresourcdype available(suchasCPU speedmemorysize,disk space) An auctioneerUQ
hasthe following semantics:

total bids= 10 && CPU Arch= \pentium\ && CPU Speed= 2 GHz &% Memory = 512



Similarly, the superscheduleon behalfof the Tycoonusers,issuesan RLQ to the GRIS to acquireinformation
aboutactive resourceauctioneersn the system A userresourcdook-upqueryhasthefollowing semantics:

return auctioneers whose CPU Arch=\i686\ && CPU Speed 1 GHz && Memory 256
Table2: Resourcejueryin superschedulingystems
System Resource Lookup Query Resource Update Query GRIS Model
Name
CondorFlock | Queryremotepoolsin therouting | Queuelength, average pool uti- | Decentralised
P2P table for resourcestatusand re- | lization and numberof resources
sourcesharingpolicy available
Grid- Querydecentralisefederationdi- | Updateresourceaccessrice and | Decentralised
Federation rectoryfor resourceshatmatches| resourceconditions(CPU utilisa-
users job QoSrequiremen{CPU | tion, memory disk space,no. of
architecture,no. of processors, freeprocessors)
availablememory CPUspeed)
Nimrod-G Query GMD or MDS for re- | Updateresourceservicepriceand | Centralised
sourceghatmatchegobsresource| resourcaypeavailable
andQoSrequirement
CondorG Queryfor availableresourcausing | Update resourceinformation to | Centralised
Grid Resourcelnformation Pro- | MDS usingGRRP
tocol (GRIP), thenindividual re-
sourcesarequeriedfor currentsta-
tusdependingon superscheduling
method
Our-Grid MyPeer queries OGPeerfor re- | Update network of favors credit | Decentralised
sourcesthat matchusers job re- | for OurGrid sitesin the commu-
quirements nity
Gridbus Bro- | Query GMD or MDS for re- | Updateresourceservicepriceand | Centralised
ker sourceghatmatchegobsresource| resourcaypeavailable
andQoSrequirement
Tycoon Queryfor auctioneershatarecur- | Updatenumberof bids currently | Centralised
rently acceptingoidsandmatches| active and currentresourceavail-
users resourceequirement ability condition
Bellagio Queryfor resourcebasedbnCPU | Update resource conditions in- | Decentralised
load, available memory inter- | cluding CPU, memory and net-
nodelateng, physicalandlogical | work usagestatus
proximity
Mosix-Grid Informationavailableateachnode | UpdateCPU usage,currentload, | Hierarchical
throughgossipingalgorithm memorystatusandnetwork status

In Fig. 6, we presentthe taxonomyfor GRIS RLQ and RUQ. In general,the queries[96] canbe abstracteds
lookupsfor objectsbasedon a singledimensionor multiple dimensions.Since,a grid resources identi ed by more
thanoneattribute,anRLQ or RUQ is alwaysd-dimensional Further boththe 1-dimensionabndd-dimensionatjuery
canspecifydifferentkinds of constraintson the attribute values.If the queryspeci 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-dimensionaWindow Query(DWQ) or d-dimensionaRang Query(DRQ).
Dependingon how valuesareconstrainedndsearchedor, thesequeriesareclassi ed as:

Exactmatchquery: Thequeryspeci esthedesiredvaluesfor all resourcattributessought.For example Archi-



Query

Singledimension Multiple dimension

Exactmatch Rangequeries Partialmatch Booleanqueries

Figure6: Resourcejuerytaxonomy

tecture='x86'andCPU-Speed='35hz' andtype="'SMP"' andprice="2 Grid dollarspersecond'andRAM='256
MB' andNo. of processors=18ndSecondaryreespace='10(MB' andInterconnecbandwidth="1GB/s' and
OS='linux'. (Multiple DimensionExactMatchQuery).

Partialmatchquery:Only selectedttributevaluesarespeci ed. For example Architecture=§parc'andtype='SMP'
andNo. of processors=1{Multiple DimensionPartial Match Query).

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

Booleanqueries: All or someattribute valuessatisfyingcertainbooleanconditions. Suchas, ((hot RAM
'256 MB'") andnotNo. of processors 5). (Multiple DimensionBooleanQuery).
4 P2PTaxonomy

Thetaxonomyfor P2PbasedGRISis dividedinto the following (referto Fig. 7): (i) P2Pnetwork organisation;(ii)
dataorganisationand(iii) d-dimensionabueryroutingorganisation.

P2P Network
Organisation

P2p Data
Taxonomy Organisation

d-dimensional
QueryRouting

Figure7: Peerto-Peemetwork taxonomy

4.1 P2PNetwork Organisation

The network organisationrefersto how peersarelogically structuredrom the topologicalperspectie. Fig. 8 shavs
the network organisationtaxonomyof generalP2P systems. Two cateyoriesare proposedn P2P literature[78]:
unstructuredndstructured.An unstructureagsystemis typically describedy a power law randomgraphmodel[19,
35], aspeerconnectiongirebasedn thepopularityof content.Thesesystemslo not putary constraint®n placement
of dataitemson peersandhow peeramaintaintheir network connectionsDetailedevaluationandanalysisof network
modelg65], [26] for unstructuredystemsanbefoundin [75]. UnstructuredystemsncludingNapsterGnutellaand
Kazaaoffer differing degreesof decentralizationThedegreeof decentralizatiomefersto theextentpeerscanfunction
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Figure8: Peerto-Peemetwork organisationtaxonomy

independentlywvith respecto ef cient objectlook-upandqueryrouting. Ourtaxonomyclassi esunstructuregystems
asdeterministioor non-deterministi¢75].

Deterministicsystemmeansthat a look-up operationwill be successfulvithin prede nedbounds. Systemsin-
cluding Napstey BitTorrentfall into this cateory. In thesesystemsthe objectlookup operationis centralisedvhile
downloadis decentralisedUnder centralisedorganisation,a specialisedindex) sener maintainsthe indexes of all
objectsin the system(e.gNapster BitTorrent). Theresourcegueriesareroutedto index senersto identify the peers
currentlyresponsibldor storingthe desiredobject. Theindex sener canobtaintheindexesfrom peersin oneof the
following ways: (i) peersdirectly inform the sener aboutthe les they arecurrentlyholding (e.g. Napster);or (ii)
by crawling the P2Pnetwork ( anapproactsimilar to awebsearchengine).The look up operationsn thesesystems
is deterministicandis resohed with a compleity of O(1). We classify JXTA asan unstructuredP2P systemthat
offers deterministicsearchperformance At the lowestlevel JXTA is arouting overlay, not unlike routersthatinter
connecto form anetwork. Hencethereis no structure put thereis aroutingalgorithmthatallows ary routerto router
communicationln JXTA bothobjectlook-upanddownloadoperationsarecompletelydecentralised.

OtherunstructuredystemsncludingGnutella FreenetFastTrackandKazaaoffer non-deterministiqueryperfor
mance.Unlike Napsteror BitTorrent,both objectlookup anddownloadoperationin thesesystemsaredecentralised.
Eachpeermaintaingndexesfor theobjectsit is currentlyholding. In otherwords,indexesarecompletelydistributed.
The Gnutellasystememplays a query ooding model for routing object queries. Every requestfor an objectis

ooded (broadcastedjo the directly connectedpeerswhichin turn ood their neighboringpeers.This approachs
usedin the GRIS modelproposedoy [62]. Every RLQ messagdiasa TTL eld associatedvith it (i.e. maximum
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numberof ooding hops/stepsllowed). Drawbacksfor ood-basedrouting include high network communication
overheadandnon-scalability Thisissueis addressetb anextentin FastTrackandKazaaby introducingthe notion of
superpeers.This approachreducesietwork overheadout still usesa ooding protocolto contactsuperpeers.

Structuredsystemssuchas DHTSs offer deterministicquery searchresultswithin logarithmic boundson network
messageompl«ity. Peersn DHTs suchasChord,CAN, Pastryand Tapestrymaintainanindex for O(log (n)) peers
wheren is the total numberof peersin the system. Inherentto the designof a DHT arethe following issueq[11]:
(i) generatiorof node-idsandobject-ids,calledkeys, usingcryptographic/randomizingashfunctionssuchas SHA-
1[10, 66, 87]. Theobjectsandnodesaremappecdon the overlay network dependingon their key value. Eachnodeis
assignedesponsibilityfor managinga small numberof objects;(ii) building up routinginformation(routing tables)
at variousnodesin the network. Eachnodemaintainsthe network locationinformationof a few othernodesin the
network; and (iii) anefcient look-up queryresolutionscheme.Wheneer a nodein the overlay recevesa look-up
requestjt mustbeableto resoleit within acceptabléoundssuchasin O(log (n)) time. Thisis achiezed by routing
thelook-uprequesto the nodesin the network thataremostlik ely to storethe informationaboutthe desiredobject.
Suchprobablenodesareidenti ed by usingtheroutingtableentries. Thoughatthe corevariousDHTs (Chord,CAN,
Pastryetc.) aresimilar, still thereexists substantiabifferencesn the actualimplementatiorof algorithmsincluding
the overlay network construction(network graphstructure) routingtable maintenanc@ndnodejoin/leave handling.
The performanceametricsfor evaluatinga DHT include fault-tolerance)oad-balancingef ciency of lookupsand
insertsandproximity awarenes$73, 91]. In Table-3,we presenthe comparatre analysisof Chord,Pastry CAN and
Tapestrybasedon basicperformanceandorganisationparametersComprehense detailsaboutthe performanceof
somecommonDHTs underchurncanbefoundin [70].

Table3: Summaryof the complexity of structuredP2Psystems

P2P Overlay Lookup Proto- | Network parame- | Routingta- | Routing join/leave
sys- Structure col ter ble size complexity | overhead
tem
Chord | 1- Matching key | n= number of | O(log(n)) O(log(n)) O((log(n))?)
dimensional, | andNodelD nodes in the
circularID network
space
Pastry | Plaxton- Matching key | n= number of | O(logy(n)) | O(b logy(n)+ O(log(n))
style  mesh| and prex in | nodesin the net- b)
structure NodelD work, b=base of
theidenti er
CAN d- key,value pairs | n= number of | O(2 d) O(d n*9) O(2 d)
dimensional | mapto a point | nodesin the net-
ID space P in the d- | work, d=number
dimensional of dimensions
space
Tapestry Plaxton- Matching suf- | n= number of | O(logy(n)) | O(b log,(n)+ O(log(n))
style  mesh| x in NodelD nodesin the net- b)
structure work, b=base of
theidenti er

Otherclasse®f structuredsystemssuchasMercury do not apply randomisinchashfunctionsfor organisingdata
itemsandnodes. The Mercury systemorganisesnodesinto a circular overlay and placesdatacontiguouslyon this
ring. As Mercury doesnot apply hashfunctions,datapartitioningamongnodesis non-uniform.Henceit requiresan
explicit load-balancingscheme In recentdevelopmentsnew generatiorP2Psystemsave evolvedto combineboth
unstructurecand structuredP2P networks. We refer to this classof systemsashybrid. Structella[27] is onesuch
P2Psystemthat replaceshe randomgraphmodel of an unstructurecoverlay (Gnutella)with a structuredoverlay,
while still adoptingthe searcrandcontentplacemenmechanisnof unstructureaverlaysto supportcomplex queries.
Otherhybrid P2PdesignincludesKelips[60] andits variants.Nodesin Kelipsoverlay periodicallygossipto discover
nev memberf the network, andduring this processnodesmay alsolearnaboutothernodesasa resultof lookup
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communication Othervariantof Kelips[56] allows routingtableentriesto storeinformationfor every othernodein

the system.However, this approachis basedon assumptiorthat systemexperiencedow churnrate[70]. Gossiping
andone-hoprouting approacthasbeenusedfor maintainingthe routing overlay in the work [108]. In Table4, we

summarizeghe differentP2Prouting substratehatareutilized by the existing algorithmsfor organizinga GRIS.

4.2 Data Organisation Taxonomy

Traditionally DHTs have beenefcient for 1-dimensionalueriessuchas nding all resourceghat matchthe given
attribute value. ExtendingDHTs to supportDRQs,to index all resourcesvhoseattribute valueoverlapa givensearch
spacejs acomplex problem.DRQsarebasedon rangesof valuesfor attributesratherthanon speci ¢ values.Com-
paredto 1-dimensionaljueriesresolvingDRQsis far morecomplicatedasthereis no obvioustotal orderingof the
pointsin the attribute space.Further the queryinterval hasvaryingsize,aspectatio andpositionsuchasa window
guery Themainchallengesnvolvedin enablingDRQsin a DHT network [51] includeef cient: (i) datadistribution
mechanismsand (ii) dataindexing or queryroutingtechniquesin this section,we discussvariousdatadistribution
mechanismsvhile we analysedataindexing techniquesn the next section.

A datadistribution mechanisnpartitionsthed-dimensiona[17, 49 attribute spaceover thesetof peersin aDHT
network. Ef ciency of thedistributionmechanisndirectly governshow thequeryprocessingoadis distributedamong
thepeers. A gooddistribution mechanisnshouldpossesshefollowing characteristic§51]:

Locality: tuplesor datapointsnearbyin the attribute spaceshouldbe mappedo the samenode,hencdimiting
thelookupcompleity.

Load balance:ithe numberof datapointsindexed by eachpeershouldbe approximatelythe sameto ensure
uniform distribution of queryprocessing21, 1].

Minimal metadataprior informationrequiredfor mappingthe attribute spaceo the peerspaceshouldbe mini-
mal.

Minimal managementverhead:during peerjoin andleave operation,updatepolicies suchasthe transferof
datapointsto a newly joined peershouldcauseminimal network traf c.

In thecurrentP2Pliterature(referto sectionb), d-dimensionatlatadistributionmechanismbasednthefollowing
structureshave beenproposedreferto Fig. 5): (i) spacelling curves;(ii) tree-basedtructuresand (iii) variantof
SHA-1/2 hashing.In Table5, we summarisevariousdatastructuresusedin differentalgorithmsfor d-dimensional
datadistribution. Further in Table 6, we presenta classi cation of the existing algorithmsbasedon the numberof
routingoverlaysutilized for managingd-dimensionabata.

The SpaceFilling Curwves datastructure(SFC$ [6], [63] includesthe Z-curve [84] and Hilbert's curve [64].
SFCsmapthe given d-dimensionahttribute spaceinto a 1-dimensionakpace.Thework in [5] utilisesspace- lling
curves(SFC),in particularthereverseHilbert SFCfor mappinga 1-dimensionahttribute spaceto a two-dimensional
CAN P2P space. Similarly, the work in [103] usesthe Hilbert SFCto map a d-dimensionalindex spaceinto a
1-dimensionakpace Theresultingl-dimensionalndexesarecontiguouslymappedna ChordP2Pnetwork. Theap-
proachproposedn [51] utilisesZ-curvesfor mappingd-dimensionakpaceo 1-dimensionakpace SFCsexhibit the
locality propertyby mappingthe pointsthatareclosein d-dimensionakpaceo adjacenspacesn the 1-dimensional
space.However, asthe numberof dimensionsgncreaseslocality becomesvorsesince SFCssuffer from “curse of
dimensionality”’[67]. Further SFC basedmappingfails to uniformly distribute the load amongpeersif the data
distributionis skawed. Hence this leadsto a non-uniformqueryprocessindoadfor peersin the network.

Someof therecentworks[113, 37, 52, 88] utilize tree-basedatastructuredor organisingthe data. Theapproach
proposedn [113] adoptsthe MX-CIF quadtred100] index for P2Pnetworks. A distributedquadtreendex assigns
regionsof space(a quadtreeblock) to the peers.If the extentof a spatialobjectgoesbeyond a quadtreeblock, then
recursve subdiision of thethatblock canbe performed.With a goodbasehashfunctiononecanachieze a uniform
randommappingof the quadtreeblocksto the peersin the network. This approactwill maptwo quadtreeblocksthat
arecloseto eachotherto to-tally differentlocationson the Chordspace Anotherrecentwork [29], useshesamebase
algorithmwith an enhancedoad balancingtechniquecalledrecursve bisection[18]. Recursie bisectionworks by
dividing a cell/block recursvely into two halvesuntil a certainload conditionis met. The load conditionis de ned
basedon two load parameter&nown asthe load limit andthe load threshold. Hence this approachhasbetterload
balancingpropertiesascomparedo the SFC-base@pproaches the caseof a skeweddataset.
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Otherapproachescluding[114, 25 manipulatexisting SHA-1/2hashingor mappingd-dimensionatiatato the
peers.MAAN addressethe 1-dimensionafrangequeryproblemby mappingattribute valuesto the Chordidenti er
spacevia a uniform locality preservinghashingscheme.A similar approachs alsoutilized in [116]. However, this
approactshaws poorloadbalancingcharacteristicavhenthe attribute valuesareskewed.

To concludethechoiceof datastructures directly governedby the datadistribution pattern.A datastructurethat
performswell for aparticulardata-semaynotdothesamen casehedistributionchangesAdditionaltechniquesuch
aspeervirtualization(asproposedn Chord)or multiple realities(asproposedn CAN) may be utilized to improve
thequeryprocessindoad.

Locality Preserving

Hashing Hashing
Technique
OrderPreserving

Hashing

SpaceFilling Hilbert
DataStructur Cunes
Z-Curwe

Pre x Hash
— Tree

RangeSearch
— Tree

— P-tree

Single
dimensional

QuadTree

Tree-based
Structure

Space
Multi - driven ] KD tree

dimensional Bat
ata
driven R tree

Figure9: Datastructuretaxonomy

4.3 D-dimensionalQuery Routing Taxonomy

DHTs guaranteedeterministicquery lookup with logarithmic boundson network messageost for 1-dimensional
queries.However, Grid RLQsarenormally DPQ or DRQ. Hence existing routing techniqueseedto be augmented
in orderto ef ciently resolve a DRQ. Variousdatastructureghatwe discussedh previoussectioneffectively createa
logical d-dimensionaindex spaceovera DHT network. A look-up operationinvolvessearchindgor aindex or setof
indexesin a d-dimensionabpace However, the exactqueryroutingpathin the d-dimensionalogical spaces directly
governedby the datadistribution mechanisn{i.e. basedon the datastructurethatmaintainsthe indexes).

In this contet, variousapproachesave proposedifferentrouting/indeing heuristics. Ef cient queryrouting
algorithmshouldexhibit thefollowing characteristic§51]:

Routingloadbalanceevery peerin the network onthe averageshouldrouteforward/routeapproximatelysame
numberof querymessages.

Low pernodestate:eachpeershouldmaintaina small numberof routing links hencelimiting new peerjoin
andpeerstateupdatecost. In Table5, we summarizethe querylook-up compleity involved with the existing
algorithms.
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Resolvinga DRQ over a DHT network that utilises SFCsfor datadistribution consistsof two basicsteps[103]:
(i) mappingthe DRQ ontothe setof relevant clustersof SFC-basedndex space;and(ii) routingthe messageo all
peersthatfall underthe computedSFC-basedndex space.The simulationbasedstudy proposedn [51] hasshavn
that SFCs(Z-curves)incur constantrouting costsirrespectve of the dimensionalityof the attribute space.Routing
usingthis approachs basedn a skip graph,whereeachpeermaintainsO(log(n)) additionalroutinglinks in thelist.
However, this approachasserioudoadbalancingproblemshatneedto be x edusingexternaltechnique$50].

RoutingDRQsin DHT networks thatemploy tree-basedtructuredor datadistribution requiresrouting to start
from the root node. However, the root peerpresents single point of failure andloadimbalance.To overcomethis,
theauthorsin [113] introducedthe conceptof fundamentaminimumlevel. This meanghatall the queryprocessing
andthe datastorageshouldstartat thatminimallevel of thetreeratherthanattheroot. Anotherapproach51] utilises
a P2Pversionof a Kd-tree[16] for mappingd-dimensionaldataonto a CAN P2P space. The routing utilisesthe
neighboringcells of the datastructure. The nodesin this network that managea denseregion of spacearelikely to
have large numberof neighborshencdeadingto anunbalancedoutingload.

Otherapproachebsasedon variantsof standarchashingschemegsuchasMAAN) apply differentheuristicsfor
resolvingrangequeries.Thesingle-attritute dominatedjueryrouting (SAQDR) heuristicabstractsesourceattributes
into two categories: (i) dominantattribute; and (i) non-dominantattribute. The underlyingsystemqueriesfor the
nodethatmaintaingheindex informationfor thedominantattribute. Oncesucha nodeis found,the nodesearchegs
local index informationlooking at satisfyingthe valuesfor othernon-dominantttributesin the DRQ. Therequesis
thenforwardedto the next nodewhich indexesthe subsequemntangevaluefor the dominantattribute. This approach
comprehenskly reduceshe numberof routing stepsneededo resole a DRQ. However, this approactsuffersfrom
routingload-imbalancén the caseof a skewedattribute spaceln Table7, we presentheclassi cationof the existing
algorithmsbasedn queryresolutionheuristic,anddatalocality preservingcharacteristics.

Table4: Classi cationbasedn P2Proutingsubstrate

Routing Substrate | Network Organisation | Distributed Indexing Algorithm
Name

Chord Structured PHT  [88], MAAN [25],
Dgrid [114], Adaptve [52],
DragonFly [29], QuadTee [113],
Pub/Sub-4116], P-treg[37]

Pastry Structured XenoSearch [109], Adeep-
Grid [32], Pub/Sub-1112]
CAN Structured HP-protocol [5], Squid [103],

Kd-tree [51],Meghdoot [57],Z-
curve [51], SuperP2PR*-Tree[72]

Bamboo Structured SWORD [83]
Epidemic-DHT[56] Hybrid XenoSearch-1[108]
Others Unstructured Mercury [20], JXTA search[54],

P2PR-tre¢80]

5 Surveyof P2PbasedGrid Information Indexing

5.1 Pastry BasedApproaches
5.1.1 Pub/Sub-1:Building Content-BasedPublish/SubscribeSystemswith Distrib uted Hash Tables

The content-base®ublish/SubscribéPub/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
publicationand subscriptionmessagefor eachapplicationdomain(suchasa stock market or an auctionmarlet).
The proposedpproachs capableof handlingmultiple domainschemaimultaneouslyEachschemancludesseveral
tables,eachwith a standarchame. Eachtable maintainsinformationabouta setof attributes,including their type,
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Table5: Classi cationbasedn datastructureappliedfor enablingrangedsearchandlook-up compleity

Algorithm Name Data Structure Lookup Complexity

PHT[88] Trie O(logjDj); D is the total numberof bits in the binary
stringrepresentatiorfpr 1-dimensionatangequery

MAAN [25] Locality preserving| O(n logn+ N Smin ), Smin IS theminimumrange

hashing selectvity perdimensionn total peers

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

SWORD [83] N.A. N.A.

JXTA searcH54] RDBMS N.A.

DragonFly[29] QuadTee O(E[K] (loen+ fmax  fmin )) ; nisthetotal peers
in the network; f max is the maximumallowed depthof
thetree,f nin is thefundamentaminimumlevel, E[K ]
is themeannumberdisjoint pathtraversedor awindow
guery its distributionis functionof thequerysize

QuadTee[113] QuadTee O(E[K] (loggn+ fmax  fmin )) ; nisthetotal peers

in the network; f nax is the maximumallowed depthof
thetree,f nin is thefundamentaminimumlevel, E[K ]
is the meannumberdisjoint pathtraversedfor awindow
query its distributionis functionof thequerysize

Pub/Sub-7116]

Order preserving hash-
ing

1=2 O(logn); Equalityquery n is total peers,1=2
O(nslogn), ng is stepfactor;for rangedquery in a 1-
dimensionakearctspace

P-tree[37]

DistributedB-+ tree

O(m + logy n); n is total peersm is numberof peers
in selectedrange,d is order of the 1-dimensionaldis-
tributedB-tree

Pub/Sub-1112]

SHA-1 hashing

O(n, logn); n is total peers)n, is the numberof range
intervalssearchedh a 1-dimensionakearchspace

XenoSearcHil09] SHA-1 hashing N.A.
XenoSearch-1[108] | Hilbert space lling | N.A.
curve
AdeepGrid32] SHA-1 hashing N.A.
HP-protocol[5] Reverse hilbert space| N.A.
lling curve
Squid[103] Hilbert space Illing | nc O(logn); n. is thetotal no. of isolatedindex clus-
curve tersin the SFCbasedsearchindex spacen is the total
numberof peers
Mercury[20] N.A. O((log n)=K); k Long distancdinks; n is total peersjn
a l-dimensionakearchspace
Adaptive [52] Rangesearchree O(log Ry); Rq is rangeselectiity, in a 1-dimensional
searctspace
Kd-tree[51] Kd-tree, skip pointer | N.A.
basedon skip graphs
Meghdoot[57] SHA-1 hashing N.A.
Z-cune[51] Z-curves, skip pointer | N.A.
basedn skip graphs
P2PR-tre¢80] DistributedR-tree N.A.
SuperP2P R*- | DistributedR*-tree O(E[K] (d=4)(n*9)); E[K] is the meannumberof
Tree[72] MBRs indexed per rangequery or NN query d is the

dimensionalityof theindexed/CANspacen is thenum-
berof peersn thesystem.
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Table6: Classi cationbasedn No. of routingoverlaysfor d-dimensionakearchspace

Single Multiple

JXTA search [54], Dragon-| PHT [88], MAAN [25], Adap-
Fly [29], XenoSearch-ll [108], | tive [52], Pub/Sub-2 [116],
SWORD [83], Squid [103], | P-tree [37],XenoSearch [109],
Kd-tree [51],Meghdoot [57],Z- | Pub/Sub-1 [112], Mer-
curve [51], QuadTee [113], | cury[20],HPPROTOCOL[5]
P2PR-tree [80], Dgrid [114],
AdeepGrid [32],SupefP2P R*-
Tree[72]

name,andconstrainton possiblevalues.Further thereis a setof indicesde ned on atable,whereeachindex is an
orderedcollectionof stratgically selectedattributes. The modelrequiresapplicationdesignergso manuallyspecify
thedomainscheme.

Whenareques{publicationor subscription)s submittedto the systemi|t is parsedor variousindex digests.An
index digestis astringof characterghatis formedby concatenatingheattributetype,name andvalueof eachattribute
in theindex. An exampleindex digestis [USD : Price : 100: I nch : M onitor : 19: String : Quality : Used.
Handling publication/subscriptiomvith exact attribute valuesis straightforvard asit involveshashingthe published
requesbr subscriptiorrequestWhena publicationwith attribute valuesthatmatcha subscriptioris submittecto the
systemi|jt is mappedo the samehashkey asthe original subscription.WhensuchPub/Subevent matchingoccurs,
thenthe subscribingnodeis noti ed accordingly The modeloptimizesthe processingf popularsubscription(mary
nodessubscribingor an event) by building a multicasttree of nodeswith the samesubscriptiorinterest. Theroot of
thetreeis the hashkey's homenode(nodeat which publicationandsubscriptiorrequestis storedin the network), and
its branchesreformedalongthe routesfrom the subscribenodesto therootnode.

The systemhandlesrangevaluesby building a separaténdex hashkey for every attribute valuein the speci ed
range.This methodhasseriousscalabilityissues.The proposedapproacho overcomethis limitation is to divide the
rangeof valuesinto intervals and a separatéhashkey is built for eachsuchindex digestrepresentinghatinterval.
However, this approachcan only handlerangevaluesof single attribute in a index digest(doesnot supportmulti-
attributerangevaluein asingleindex digest).

5.1.2 XenoSeach: Distrib uted Resouice Discovery in the XenoSewer Open Platform

XenoSearchl109] is aresourcaliscorery systembuilt for the XenoSerer [58] executionplatform. The XenoSerer
systemis a Internet-basedesourcesharingplatform that allows usersto run programsat topologically distributed
nodes. The XenoSearchndexesthe resourceinformationthat are adwertisedperiodically by the XenoSerers. An
adwertisementontainsinformationaboutthe identity, ownership,location,resourceavailability, andaccesgpricesof
a XenoSerer. The XenoSearchsystemcornvertstheseadwertisementgo pointsin a d-dimensionalspace wherein
differentdimensiongepresentlifferentattributes(suchastopologicallocation,QoSattributesetc). The XenoSearch
systemis built overthe Pastry[97] overlayroutingprotocol.

A separatdPastry ring operatedor eachdimensionwith XenoSearchmodesregisteringseparatelyin eachring.
A XenoSerer registersfor eachdimensionand derivesthe overlay key by hashingits co-ordinatepositionin that
dimension. Effectively, in differentdimensionsa XenoSerer is indexed by differentkeys. In eachdimensionthe
resourceinformationis logically held in the form of a tree wherethe leaves are the individual XenoSerers and
interior nodesare aggr egation points (APs)which summarizegshe membershipf rangesof hodesbelon them.
TheseAP s areidenti ed by locationsin thekey spacewhich canbedeterminedlgorithmicallyby forming keys with
successiely longersufx es. The XenoSearcmodeclosestin the key spaceto an AP is responsibldor managing
thisinformationandfor dealingwith messages receves. This locality in searchs provided by the proximity-avare
routing characteristiof the Pastry system. The d-dimensionakangesearchesre performedby makinga seriesof
searctrequestsn eachdimensionand nally computingtheirintersection.

Recently XenoSearclhasbeenenhancedvith new searchanddataplacementechniqug108]. Thenew approach
putsemphasisiponboththelocationandresourceconstraint@ssociatedvith asearchentity. Locationconstraintsare
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Table7: Classi cation basedon queryresolutionheuristic,datadistribution ef ciency anddatalocality preserving
characteristic

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

PHT[88] Chordrouting N.A.
MAAN [25] Iterative resolution,single attribute | N.A.
dominatedroutingbasedn Chord
Dgrid [114] Chordrouting N.A.
SWORD [83] Bamboorouting No
JXTA searcH54] Broadcast N.A.
DragonFly[29] GenericDHT routing No
QuadTee[113] GenericDHT routing No
Pub/Sub-7116] Chordrouting N.A.
P-tree[37] GenericDHT routing N.A.
Pub/Sub-1112] Pastryrouting N.A.
XenoSearcli109] GenericDHT routing N.A.
XenoSearch-1[108] GenericDHT routing N.A.
AdeepGrid[32] Single shot, recursve and parallel | No
searchingasedn Pastry
HP-protocol[5] Bruteforce,controlled ooding, di- | N.A.
rectedcontrolled ooding basedon
CAN
Squid[103] GenericDHT routing Yes
Mercury[20] Range-seleatity basedouting N.A.
Adaptive [52] GenericDHT routing N.A.
Kd-tree[51] Skip pointerbasedouting Yes
Meghdoot[57] CAN basedouting Yes
Z-curve[51] Skip pointerbasedouting Yes
P2PR-tre¢80] Block/group/subgroup  pointer | Yes
basedouting
SuperP2PR*-Tree[72] | CAN basedouting Yes
de ned usingthe primitivesof disjunction(_), conjunction("), proximity (near(A1; Az;:::;Ap)), Aj denotes th

in the network) andfree senersto locate—i.e.the resourcerequestermsto be matchedto machines.A quadtree-
based100] datastructureis usedfor the centralisedmplementatiorand an epidemic/gossifpaseddistributed data
structurefor the distributedresourcediscovery system. Gossiptechniquedetweenpeernodesseparatehe mainte-

nanceanddistribution of summariegrom theimplementatiorof thealgorithm.Nodesdeterminghenetwork location

of the indexed machinesby usinga co-ordinatelocation system[107]. Thesed-dimensionalco-ordinatesare then

mappedo a 1-dimensionalinearindex spaceusingtheHilbert SFC.

5.1.3 AdeepGrid: Peerto-Peer Discovery of Computational Resourcesfor Grid Applications

AdeepGrid32] presentanalgorithmfor Grid resourceéndexing basednthePastryDHT. TheproposedsRISmodel
incorporatesoth staticand dynamicresourceattributes. A d-dimensionakattribute space(with staticand dynamic
attributes)is mappedo a DHT network by hashingthe attributes. The resultingkey formsa ResourcdD, which is
alsothekey for the Pastryring. Thekey sizeis 160-bit longascomparedo 128-bit in the standardPastryring. In this
casethe rst 128 bits areusedto encodethe staticattributeswhile the remaining32-bits for the dynamicattributes.
The static part of the ResourcdD is mappedto a x ed point while the dynamicpartis representedby potentially
overlappingarcsontheoverlay Thebeginningof eacharcrepresents resources staticattribute set,while thelength

18



of thearcsigni es thespectrunof thedynamicstateghataresourceanexhibit. Effectively, thecircularnodeld space
containsonly a nite numberof nodeswhile they storeanin nite numberof objectsrepresentinglynamicattributes.
RUQs canbe periodicallyinitiated, if the dynamicattribute value changedy a signi cant amount(controlledby a
system-widdJCHANGE parameter)Suchupdatesarecarriedoutusingan UPDATE messag@rimitive. However, in
somecaseghenew updatemessagenay mapto a differentnode(dueto achangen anattributevalue)ascomparedo
the previousINSERT or UPDATE. This canleadto defunctobjectsin the system.The proposedpproactovercomes
this by making nodesperiodically ush resourceentriesthat have not changedrecentlyor by sendingREMOVE
message® prior nodemappings.

ResolvingRLQ involveslocatingthe nodethatcurrentlyhoststhe desiredresourceattributes(ResourcdD). This
is accomplishedby utilizing standardPastryrouting. Threedifferentheuristicsfor resolvingthe RLQs areproposed:
(i) single-shosearching(ii) recursve searchingand(iii) parallelsearchingSingleshotsearchings appliedin cases
wherethe Grid applicationimplementslocal stratgiesfor searching.In this casea queryfor a particularkind of
resourcas madeandif thesearchwassuccessfuthenthe nodehostingthe desirednformationreplieswith a REPLY
(thatcontaingresourcanformation)messageOn the otherhand,recursve searchings a TTL (timeto live) restricted
searchthatcontinuouslyqueriesthe nodesthatarelikely to know the desiredresourceénformation. At eachstepthe
queryparameterdn particularthe dynamicattribute searchbits aretuned. Suchatuningcanhelpto locateresources
thatmay not matchexactly, but thatarecloseapproximation®f the original requirementsFinally, the parallelsearch
techniquanitiatesmultiple searchgueriesin additionto abasicsearchHor the exactmatchrequestegharameters.

5.2 Chord BasedApproaches
5.2.1 DGRID: A DHT-BasedGrid Resource Indexing and Discovery Scheme

Work by Teoetal. [114] proposedr modelfor supportingGRIS overthe ChordDHT. Theuniquecharacteristi@about
this approachs thatthe resourcanformationis maintainedn the originatingdomain.Every domainin DGRID des-
ignatesanindex senerto the ChordbasedGRIS network. Theindex serner maintainsstateandattribute information
for the local resourceset. The modeldistributesthe multi-attribute resourcanformation over the overlay usingthe
following schemes:acomputationalGrid domainis denotedhy G = f dg, whered is anadministratve domain.Every
domaind = fS; R; Tg, consistof S; anindex senersuchasMDS [46], R; asetof computeresourcesandT = fag;

differentresourcetype set,wherea = fattr type;attr valueg (e.g. fCPU Speed;1:7GH zg). An index sener

r = ft; dg, which denoteghatr is apointerto aresourcdypet. Thereis aone-to-oneelationshipbetweers andT.

The DGRID avoids nodeidenti er collisionsby splitting it into two parts:a pre x thatdenotesa dataidenti er
r andasufx thatdenotesanindex-seneridenti er S. Givenanoden representing = (t; d), the m-bit identi er
of n is the combinationof i-bit identi er of t, wherei ~m, andm i bit identi er of S. Soeffectively, id  (n) =
idi(t) idm i(S). Hence DGRID guaranteethatall id , (n) areunique giventhattheidenti ers of two nodediffer
in eitherpre xesor sufx es. Thesysteminitialization procesgequiregheindex sener S to performthevirtualization
of itsindicesonto T virtual seners. Eachvirtual sener joins the DGRID systemto becomean overlay Chordnode.
This processs referredto asaj oin.

The searchor look-up operationin the DGRID is basedon Chordlook-up primitives. Givenakey p, is mapped
to a particularvirtual index sener on the overlay network usingthe queryget(p). The DGRID indexing approach
alsosupportslomainspeci c resourcaypesearch.To facilitatesuchlook-upoperationaindex S for thedomaind is
identi ed byid? (S) = id; (d) idm i j(S); ] < (m ). Inthiscaseaqueryfor resourcen of typet is routed
to anoden thatmapsto S; whereprefix; (id%, ;(S)) = id; (d); d 2 D. In generalaqueryq to look-uparesource
typet is translatedo the queryq® id, (g% = id;(t) 0. Thisis doneasid(t) is i-bit length,whereagheidenti er
spaceds m-bit long. Overall, thelook-up costis boundedy the underlyingChordprotocoli.e. O(log N ). In general
thelook-up costfor a particularresourceypet is O(log Y), Y is thetotal numberof resourceypesavailablein the
network.

5.2.2 Adaptive: An Adaptive Protocolfor Ef cient Support of RangeQueriesin DHT-basedSystems

Theworkin [52] presentanalgorithmto supportrangequeriesbasednadistributedlogical RangeSearchree(RST).
Inherently the RSTis a completeandbalancedinarytreewith eachlevel correspondingo a differentdatapartition-
ing granularity The systemabstractshe databeingregisteredandsearchedn the network asa setof attribute-value
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mentissuesA typical rangegquerywith lengthR is resohedby decomposingt into O(log(Rq)) sub-queriesThese
sub-queriesrethensentto the nodesthatindex the correspondinglata. The systemsupportaupdatesaandqueriesfor
bothstaticanddynamicresourceattributes.

Thecontentrepresentetly a AV-pairis registeredwith thenodewhosel D is numericallyclosesto thehashof the
AV-pair. To overcomethe skewed distribution, the systemorganizesnodesin alogical load balancingmatrix (LBM).
Eachcolumnin theLBM represents partition,i.e. a subsebf contenthameghatcontaina particularAV-pair, while
nodesin differentrows within a columnarereplicaof eachother Initially, aLBM hasonly onenodebut wheneer
theregistrationload on a particularnodein the systemexceedsa threshold(T, ¢5) thenthe matrix sizeis increasedy
1. All futureregistrationrequestsaresharedoy the new nodesin the LBM. Notethat, the numberof partitionsP, is
proportionatto theregistrationload: P = d% e, whereL R is thedataitem's registrationload,andCg is the capacity
of eachnode.

An attributea, canhave numericalvaluesdenotedy domainD ,. D, is boundedandcanbediscreteor continuous.
D, is split up into sub-rangesndassignedo differentlevels of the RST. An RSTwith n nodeshasO(dogn + 1e€)
levels. Levelsarelabeledconsecutiely with theleaf level beinglevel 0. Eachnodein the RST holdsindexing infor-
mationfor differentsub-rangesTypically, therangeof thei-th nodefrom theleft representsherange[vi; Vviso1 1]
Theunionof all therangesat eachlevel coversthefull D 5. In astaticRST, the attribute valuev is registeredat each
nodein thetreewhichliesonthepathpath(v) to theleafnodethatindexestheexactvalue. Thenew valueinformation
is updatednto the LBM if a nodeonthe pathmaintainst.

In astaticsetting,aqueryQ : [s; €] for valuesof anattributea is decomposehto k sub-queriesgorresponding

whichis givenbyr = PkR—qR, whereR; is nodeN;'srangelength,andRg is thequerylength. Therelevancefactor

r denoteshow ef cientIy' the queryrangematcheshe RST nodesthat are beingqueried. The queryQ is resohed
by queryingthe nodewhich hasthe largestrangewithin [s; €] (alsoreferredto asthe nodewhich hasthe minimum
cover (MC) for the queryrange).Furthermorethis processs recursvely repeatedor the sgmentsof the rangethat
arenotyetdecomposedi/henthe MC is determinedthequeryis triggeredon all theoverlaynodeghatcorrespondo
eachMC node.For dynamicsetting,the authorsproposedadditionaloptimizationandorganisationtechniquesmore
detailsontheseaspect®f the systemcanbefoundin thereferencedrticle.

5.2.3 Pub/Sub-2:Content-basedPublish-SubscribeOver Structur ed P2P Networks

Theworkin [116] presents content-basedublish-subscribendexing systembasednthe ChordDHT. Thesystems
capableof indexing d-dimensionalndex spacey having aseparateverlayfor eachdimension Everyi-th dimension
or aattributea; hasadistinctdata-typenameandvaluev(a;). A attributetypebelongsto aprede nedsetof primitive
datatypescommonlyde ned in mostprogramminganguages.A attribute nameis normally a string, whereashe
value canbe a string or numericin ary rangede ned by the minimum and maximum (Vmin (&i); Vmax (&)) along
with the attribute's precisionvy, (a;). The modelsupportsa generalizedsubscriptionschemahatincludesdifferent
data-setandconstrainton their valuessuchas=, 6, >, <. With every subscriptionthe modelassociatea unique
Subscriptiondenti er (subID). The sublDis the concatenatiomf threeparts-c;, ¢, andcs. ¢; is theid of thenode
which is receving the subscription the numberof bits in the sublD is equalto the m-bits in the Chordidenti er
spacec; istheid of thesubscriptiontself, andcs is the numberof attributeson which the constraintsaredeclared.
An attributea; of asubscriptiorwith identi er sublD is placedonanodesuccessolh(v(a;))) in theChordring.
A subscriptiorcandeclarearangeof valuesfor theattribute,a; , suchasviow (8;) andvnig h(a;). In thiscasethemodel

follows ns stepswherens = % ateachstepa Chordnodeis choserby the successo h(viow (&) +
Vpr (&))) function. In the subsequendtepsthe previous attribute valueis incrementedy the precisionvaluevy (&)
andmappedo thecorrespondinghordnode.Updatingtherangevaluesis doneby following the sameprocedurdor
all ChordnodesghatstorethesublDfor thegivenrangeof values.The overallmessageoutingcomplity dependsn
thetypeof constraintsle ned overtheattributesfor agivensublD . In caseof equalityconstraintstheaveragenumber
of routinghopsis O(1=2log(n)) . Whenthe constrainis arangethenthecompleity involvedis O(ns  1=2log(n)),
wheren is the stepfactor

An informationpublisheventin thesystemis denotedby N, event thatincludesvariousattributeswith searchval-
ues.A event-publishto event-notifymatchingalgorithmprocessesachattributeassociateavith N5 event SEparately
It locatesvariousnodesthatstorethe sublDsfor anattribute a;, by applyingthe functionsuccessofh(v(a;))). The
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matchingalgorithmthenstoresthelist of uniquesublDs,thatarefoundatanoden in thelist L 5, designatedor a; .
TheNy gup list storeghesublDsthatmatchtheeventN, event - A sublDy matchesneventif andonly if it appears
in exactly Ny sup derivedfrom thedifferentChordring. Theoverallmessageoutingcompleity involvedin locating
thelist of sublIDsmatchingan eventN, event is O(1=2log(n)). The authorsalsoproposea routing optimization
technigueo reducethelook-up searchcompleity.

5.2.4 QuadTree:Using a Distrib uted Quadtreelndex in the Peerto-Peer Networks

Thework in [113] proposes distributedquad-treéndex thatadoptsan MX-CIF quadtreg100] for accessingpatial
dataor objectsin P2P networks. A spatialobjectis an objectwith extentsin a d-dimensionalsetting. A query
that seeksall the objectsthat are containedin or overlap a particularspatialregion is called a spatialquery Such
queriesareresohedby recursvely subdiiiding theunderlyingd-dimensionakpaceandthensolvingapossiblysimpler
intersectionproblem. This recursve subdvision procesautilizes the basicquad-treerepresentationln generalthe
termquad-treds usedto describea classof hierarchicadatastructuresvhosecommonpropertyis thatthey arebased
ontheprinciple of commondecompositiorof space.

The work builds uponthe region quad-treedatastructure. In this case,by applyingthe fundamentafuad-tree
decompositiorpropertythe underlyingtwo-dimensionakquarespaces recursvely decomposeéhto four congruent
blocksuntil eachblockis containedn oneof the objectsin its entiretyor is not containedn ary of the objects.The
distributed quad-treeindex assignsregions of d-dimensionalspaceto the peersin a P2Psystem. Every quad-tree
block is uniquelyidenti ed by its centroid,termedasthe control point. Using the control point, a quad-treeblock
is hashedo a peerin the network. The Chordmethodis usedfor hashingthe blocksto the peersin the network. If
a peeris assignech quad-treeblock, thenit is responsibldor processingll query computationghatintersectshe
block. Multiple controlpoints(i.e. quad-treeblocks)canbe hashedo the samepeerin the network. To avoid asingle
pointof failureattherootlevel of thequad-tregheauthorsancorporateatechniquecalledfundamentaminimumlevel,
fmin - Thistechniguemeanghatobjectsareonly allowedto be storedatlevels|  f i, andthereforeall the query
processingtartsatlevels|  f,in . Theschemealsoproposeghe conceptof a fundamentamaximumevel, f oy ,
which limits the maximumdepthof the quad-treeat which objectsareinserted.

A peerinitiatesa new objectinsertionor queryoperatiorby callingthemethoddnsertObject(pr ReceveClients-
Query(). Thesemethodsnturn call a subdvide() methodthatcomputedheintersectingcontrol point associatedavith
the new objector look-up query Oncethe control points are computed the peerbroadcastshe insertionor query
operationto the peer(s)that own(s) the respectie control points. The contactedpeersevokes Dolnsert()and Do-
Query() methodsto determinethe locationfor the insertedobjector to locatethe peersthat cananswerthe query
The operationmay propagtedown to thef 5« level or until all relevantpeersarelocated.Theauthorsalsopropose
someoptimizationssuchaseachnodemaintainsa cacheof addressefor its immediatechildrenin the hierarcly. This
reduceghe subsequenbok-up complity to O(1) beyondtheroot peeratf i, level, asit is nolongerrequiredto
traversethe Chordring for eachchild. However, thisis only true whenthe operationis aregulartreetraversal. Note
that,ontheaverageO(log, n) messagearerequiredto locatearoot peerfor aquery

5.2.5 DragonFly: A Publish-SubscribeSchemewith Load Adaptability

The work in [29] proposesa content-basegublish-subscribesystemwith load adaptability They apply a spatial
hashingtechniqueor assigningdatato the peersin the network. The systemsupportanulti-attribute pointandrange
queries.Thequeryroutingandobjectlocation(subscriptiorandpublication)mechanisntanbebuilt usingtheservices
of ary DHT. Eachdistinctattributeis assignea dimensionin ad-dimensionalCartesiarspace Hence adomainwith

haslower andupperboundon its values. The boundsactas constraintsor subscriptionandeventsindexing. The
d-dimensionalCartesiarspaceis arrangedasa tree structurewith the domainspacemappedo the root nodeof the
tree. In particular the tree structureis basedon a quadtree[100]. To negate a single point of failure at the root
node, systemadoptsa techniquecalled the fundamentaiminimumlevel. More detailsaboutthis techniquecanbe
foundin [113]. Thistechniquerecursvely dividesthelogical spacento four quadrantsWith eachrecursionstepon
a existing quadrantfour new quadrantaregeneratedHence multiple recursionstepsbasicallycreatea mutli-level
quadtreedatastructure. The quadtreebasedrganisatiorof DragonFlyintroducegparent-childrelationshipsbetween
treecells. A cellatalevel d is alwaysachild of aparticularcell atleveld 1. However, thisrelationshipsxistsbetween
consecutie levelsonly. In otherwords,every cell hasadirectrelationshipwith its child cellsandno relationshipwith
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its grandchildcells. Anotherimportantfeatureof DragonFlyis the diagonalhyperplane. This hyperplaneis used
to handlepublish and subscriberegion pruning and selectionin d-dimensionalspace. In 2-d space,the diagonal
hyperplands aline spanningrom the north-westo the south-easterticesof therectangulaspaceln d-dimensional
contet, this hyperplaneis representedby the equationxmax lxlxmm - R zxzxmm - + o+ dexidxmd = K,
whereXmax , andxmin , aretheupperandlower boundaryvaluesfor d-th attributein the domainspace.

The d-dimensionaldlomainspaceactsasthe basisfor objectroutingin DragonFly Every subscriptioris mapped
to aparticularcell or setof cellsin thedomainspace.ln this case the cell actsasthe subscriptioncontainer A point
subscriptiortakestheformf A; = 10; A, = 5g while arangesubscriptiorisrepresenteyfA;  10;A, 5g. The
root cells at the fundamentaminimum level arethe entry pointsfor a subscriptions objectrouting. Theseroot cells
aremanagedy the peersin the network. Every subscriptionis mappedo a particularregion in the d-dimensional
space.The peerresponsibldor theregion (root cell) is locatedby hashingthe coordinatevalues.If theroot cell has
undegonethedivision processlueto overload thenthechild cells(peersatlower level in the hierarcly) aresearched
usingthe DHT routing method.Oncea child cell is located the root cell routesthe subscriptiormessagdo it. This
procesds repeateduntill all relevantchild cells are noti ed for this subscription.However, if the root cell hasnot
undegoneary division procesghenit is maderesponsibldor this subscription.

Mappingpublicationeventsto the peersin the network is similar to the subscriptiormappingprocess.Thereare
two kinds of publishingeventsi.e. point andrangeevent. Mapping point eventsis straightforvard, asthe relevant
root cell (peer)is locatedby hashingthe coordinatedvalues. Resolvingcells correspondindgo rangeeventscanbe
compl. In this casetheroutingsystemsendsout the publishedeventto all theroot cellsthatintersecwith theevent
region. Whenthemessageeachesherootcells,amethodsimilarto theoneadoptedn caseof thesubscriptiorevents
is appliedto locatethechild cells.

5.2.6 MAAN: A Multi-Attrib ute AddressableNetwork for Grid Information Sewices

Cai et al. [25] presenta multi-attribute addressablaetwork (MAAN) approachfor enablinga GRIS. They extend
the Chord[111] protocolto supportbRQs. MAAN addressethe d-dimensionakangequery problemby mapping
the attribute valuesto the Chordidenti er spacevia a uniform locality preservinghashing. Note that, for every at-
tribute dimensiona separateChord overlay is maintained.For attributeswith the numericalvalues,MAAN applies
locality preservinghashingfunctionsto assignan identi er in the m-bit identi er space. A basicrangequeryin-
cludesthe numericattribute valuesv betweenl andu for a attribute a, suchthat| v < u, wherel andu are
the lower andupperboundrespectiely. In this case,noden formulatesa look-up requestand usesthe underlying
Chordrouting algorithmto routeit to noden; suchthatn, = successo(H (1)). The look-up is doneusingthe
SEARCH _REQUEST (k; R; X) primitive, k = successolH (1)) is thekey to look up, R is the desiredattribute
valuerange[l; u] andX is thelist of resourceshat hasthe requiredattributesin the desiredrange. A noden, after
receving the searchrequesimessageindexesits local resourcdist entriesandaugmentsll the matchingresources
to X . In casen, is thesuccessolH (u)) thenit sendsareply messagéo thenoden. Otherwisethelook-uprequest
messagés forwardedto its immediatesuccessountil the requesteacheghe noden,, the successoof H (u). The
total routing compleity involved in this caseis O(logN + K, whereO(log N) is the underlyingChord routing
compleity andK is thenumberof nodesbetweem; andn,.

MAAN alsosupportamulti-attribute queryresolutionby extendingthe above single-attritute rangequeryrouting
algorithm. Thesystenmaintainsa separateverlay/mappindunctionfor everyattributea; . In thiscasegachresource
hasM attributesay; az; ::;; am andcorrespondingttributevaluepairs< a;;v; >, suchthatl i M. Eachresource
registersits information(attributevaluepairs)atanoden; = successolH (v;)) for eachattributevaluev;. Thuseach
nodein theoverlaynetwork maintaingheresourceénformationin theform of < attr ibute value;resource inf o>
for differentattributes. The resourcelook-up queryin this caseinvolves a multi-attribute rangequery which is a
combinationof sub-querie®n eachattribute dimension;.e. v a Vi wherel i M, v; andyvy, arethe
lower andupperboundsof the look-up query MAAN supportswo routing algorithmsto resohe multiple-attritute
queries(i) iterativequeryresolutiongR); and(ii) singleattributedominatedjueryresolution(SADQR).Theoverall
routing compleity with IQR is O( i'vll (logN + N sj)), while usingthe SAQDR techniquethe look-up canbe
resohedin O(logN + N Spin ), whereSy,n is theminimumselectvity for all attributes.
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5.2.7 Squid: Flexible Information Discovery in DecentralisedDistrib uted Systems

Schmidtet al. [103] proposeda GRIS modelthat utilizes SFCsfor mappingd-dimensionalattribute spaceto a 1-
dimensionakearchspace.The proposedGRIS modelconsistsof the following main components(i) alocality pre-
servingmappingthat mapsdataelementgo indices;(ii) anoverlay network topology; (iii) a mappingfrom indices
to nodesin the overlay network; (iv) aload balancingmechanismand(v) a queryenginefor routingandef ciently
resolvingattribute queriesusing successie re nementsand pruning. All dataelementsare describedusing a se-
quenceof attributessuchasmemory CPU speedand network bandwidth. The attributesform the coordinatesf a
d-dimensionakpacewhile thedataelementsarethepoints. Thismappingis accomplishedisingalocality-preserving
mappingcalledSpacd-illing Curves(SFQ) [6], [63]. SFCsareusedto generatea 1-dimensionalndex spacerom the
d-dimensionahttribute spacewhered is the numberof differentattribute types.Any rangequeryor querycomposed
of attributes,partial attributes,or wild-cards,canbe mappedo regionsof the attribute spaceandsubsequentlyo the
correspondinglustersn the SFC.

The Chordprotocolis utilized to form the overlay network of peers.Eachdataelementis mappedpasedon its
SFC-basedndex or key, to the rst nodewhoseidenti er is equalto or follows the key in theidenti er space.The
look-up operationinvolving partial queriesand rangequeriestypically requiresinterrogating more than one node,
sincethe desiredinformationis distributedacrosamultiple nodes.Thelook-up queriescanconsistof combinationof
a attributes,partial attributesor wildcards. Theresultof the queryis a completesetof dataelementghat matcheghe
users query Valid queriesinclude (computey network), (computemet*) and (comp*,*). The rangequeryconsists
of atleastonedimensionthatis neededo be looked up for rangevalues. The queryresolutionprocessconsistsof
two steps:(i) translatingthe attribute queryto relevant clustersof the SFC-basedndex spaceand (ii) queryingthe
appropriatenodesn theoverlay network for data-elements.

The systemalso supportstwo load balancingalgorithmsin the overlay network. The rst algorithm proposes
exchangeof informationbetweemeighboringnodesabouttheir loads.In this case the mostloadednodesgive a part
of theirloadto their neighbors.The costinvolvedin this operationat eachnodeis O(Iog% N ) messagesThesecond
approachusesa virtual nodeconcept.In this algorithm,eachphysicalnodehousesnultiple 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,the virtual nodeis split into morevirtual nodes.If the physical nodeis overloadedoneor more of
its virtual nodescanmigrateto lessloadedneighborsor ngers. Notethat, creationof virtual nodeis inherentto the
Chordroutingsubstrate.

5.2.8 P-tree: Querying Peerto-Peer Networks Using P-trees

Crainniceantet al. [37] proposea distributed, fault-tolerantP2Pindex structurecalledP-tree. The mainideabehind
the proposedschemds to maintainpartsof semi-independer® * treesat eachpeer The Chordprotocolis utilized
asa P2Prouting substrate.Every peerin the P2P network believesthat the searchkey valuesare organizedin a
ring, with the highestvaluewrappingaroundto the lowestvalue. Wheneer a peerconstructsts searchree,the peer
pretendghatits searchkey valueis the smallestvaluein thering. Eachpeerstoresandmaintainsonly the left-most
root-to-leafpath of its correspondind®*  tree. Theremainingpartof the sub-treeinformationis storedat a subset
of otherpeerdn the overlay network. Furthermoregachpeeronly storesreenodeson theroot-to-leafpath,andeach
nodehasatmost2d entries.In this casethetotal storagaequiremenperpeeris O(d loggN ). Theproposedpproach
guarantee®(logy N ) searctperformancdor equalityqueriesn aconsistenstate.Hered is theorderof thesub-tree
andN is thetotal numberof peersin the network. Overall, in a stablesystemwhenno insertsor deletesoperationis
beingcarriedout, the systemprovidesO(m + logyN ) searchcostfor rangequerieswherem is the numberof peers
in theselectedangein 1-dimensionakpace.

The datastructurefor a P-treenodep is a doubleindexed array p:noddi][j ], whereO i  p:maxLevel and
0 j p:noddi]:numE nter ies, maxLev el is the maximumallowed heightof the P-treeandN umE nter ies is
the numberof entry allowed per node. Eachentry of this 2-dimensionahrrayis a pair (valugpee, which pointsto
the peer that holdsthe dataitem with the searchkey value. In orderthatthe proposedschemeworks properly the
P-treeshouldsatisfythefour prede nedproperties Thesepropertiedncludesthe constrainton the numberof entries
allowed per node, left-mostroot-to leaf path, coverageand separatiorof sub-trees.The coveragepropertyensures
thatthereareno gapsbetweerthe adjacensub-treesWhile the separatiompropertyensureshatthe overlapbetween
adjacensub-treestalevel i have atleastd non-overlappingentriesatleveli 1. Thisensureshatthesearchcostis
O(logg N).
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5.3 CAN BasedApproaches
5.3.1 Onetorus to rule them all (Kd-tr eeand Z-curve basedindexing)

Thework in [51] proposeswo approachefor enablingDRQsoverthe CAN DHT. The d-dimensionatiatais indexed
usingthe well known spatialdatastructures:(i) z-cunes; and(ii) Kd-tree. First schemds referredto as SCRAP:
SpaceFilling Curveswith RangePartitioning. SCRAPinvolvestwo fundamentakteps:(i) the d-dimensionalatais

rst mappedo a 1-dimensionalsingthe z-cunes;and(ii) thenl-dimensionabatais contiguouslyrangepartitioned
acrosspeersin the DHT space. Eachpeeris responsibldor maintainingdatain the contiguousrangeof values.
ResolvingDRQsin SCRAPnetwork involvestwo basicsteps:(i) mappingDRQ into SRQusingthe SFCs;and(ii)
routing the 1-dimensionarangequeriesto the peersthatindexesthe desiredlook-up value. For routing queryin 1-
dimensionabkpacehework proposes schemebasedn skip graph[7]. A skip graphis acircularlinkedlist of peers,
which areorganizedin accordancevith their partitionboundariesAdditionally, peerscanalsomaintainskip pointers
for fasterrouting. Every peermaintainsskip pointersto O(log(n)) otherpeersat a exponentiallyincreasingdistances
from itself to thelist. A SRQqueryis resolhed by the peerthatindexesminimum valuefor the desiredrange. The
messageoutingis doneusingthe skip graphpeerlists.

Otherapproacheferredo asd-dimensionaRectangulatiowith Kd-treesfMURK). In thisschemed-dimensional
spacgfor instancea 2-d space)s representeds’rectangles’i.e. (hypercuboidsn high dimensions)with eachnode
maintainingonerectangle.In this case theserectanglesare usedto constructa distributed Kd—tree. The leaf node
in the tree are storedby the peersin the network. Routingin the network is basedon the following schemes(i)
CAN DHT is usedasbasisfor routing the DRQs; (ii) randompointers—eaclpeerhasto maintainskip pointersto
randompeersin the network. This schemeprovidessimilar queryandroutingef ciency asmultiple realitiesin CAN;
and(iii) space- llingskip graph-eacipeermaintainskip pointersto O(log(n)) otherpeersatexponentiallyincreasing
distancedromitselfin thenetwork. Simulationresultsindicatethatrandomandskip-graphbasedoutingoutperforms
the standardCAN basedoutingfor DRQs.

5.3.2 Meghdoot: Content-BasedPublish/Subscribeover P2P Networks

The work in [57] proposesa content-basedPub/Subsystembasedon CAN routing substrate. Basic modelsand
de nitions are basedon the schemeproposedn the work [99]. The modelde nes a d-dimensionalattribute space

Max. DifferentTypeincludesainteger, oating pointandstringcharacterwWhile Min andMax denotegsherangeover
whichvalueslie. All peersin the systemusethe sameschemas.

Typically, a subscriptionis a conjunctionof predicatesover one or more attributes. Eachpredicatespeci esa
constantvalue or rangeusingthe operatorgsuchas=, , , and ) for anattribute. An examplesubscriptionis
givenby S = (A1  wvi) ™ (v2 Az v3). A systemconsistingof d attributesis always mappedo a cartesian
spaceof 2d dimensions.An attribute A; with domainvalue[L;;H;] correspondso dimension®2i 1 and2i in a
2d-dimensionalkartesiarspace.The 2d dimensionalogical spaceis partitionedamongthe peersin the system. A

is referredto asthe subscriptiorpoint. Pub/Subapplicationssubmittheir subscriptiorto arandomlychoserpeerPy.
A origin peerP, routesthesubscriptiorrequesto thetargetpeerP; usingthebasicCAN routingschemeThepeerP;
ownsa pointin the d-dimensionakpaceto which a subscriptionS maps.The overall compleity involvedin routing
asubscriptioris O(d n=9), wheren is the numberof peersin the systemandd is the dimensionalityof the cartesian
space.

Similarly every publisheventis mappedto a particularpoint in the d-dimensionakpace alsoreferredto asthe
eventpoint/esentzone. The eventis thenroutedto the P, from the origin peerusingthe standardCAN routing. All
the peersthatown the region affectedby a eventarenoti ed accordingly Following this, all the peersin the affected
region matcheghenew eventagainstthepreviously storedsubscriptionsFinally, theeventis deliveredto applications
thathave subscribedor the event.

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

Andrejaket al. [5] extendthe CAN routing substrateéo supportl-dimensionakangequeries. They apply the SFC
in particularthe Hilbert Curves for mappinga 1-dimensionalattribute space(suchasno. of processorsjo a d-
dimensionalCAN spaceFor eachresourcettribute/dimensiora separat€AN spaces required.To locatearesource
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basedn multiple attributes the proposedystemiteratively queriedor eachattributein differentCAN spaceFinally,
theresultfor differentattributesareconcatenatedimilarto "join” operationn thedatabase.

The resourcanformationis organizedin pairs (attribute-value,resource-ID)are referredto asobjects. Thus,in
this casethereis one object per resourceattribute. Hence,if a resourcehasm attributesthen therewould be m
differentobject type. The rangeof an attribute lies in the interval [0:0; 1:0]. A subsebf the senersaredesignated
asinformationsenersin the underlyingCAN-basedP2Pnetwork (for e.g. oneinformationsener percomputational
resourceor storageesourcalomain).Eachof themis responsibldor acertainsub-interal of [0:0; 1:0] of theattribute
values.Suchsenersarecalledinterval keeper(IK). Eachcomputationatesourcesener or storagesener in the Grid
registersits currentattribute valueto anIK. EachlK ownsa zonein the logical d-dimensionalCartesiarspace(or a
d-torus).

The CAN spacss partitionedinto zoneswith anode(in this caseaninformationsener) servingasa zoneowner.
Similarly, objects(in this case(attribute, value)pair) is mappedo logical pointsin thespace A nodeR is responsible
for all theobjectsthataremappedo its zone. It is assumedhatthedimensiord andtheHilbert Curve'sapproximation
levelis 1 are x ed,andknown throughouthenetwork. Givena (attribute \alue)pair, ahypercubés determinedy the
Hilbert Function,the functionreturnsthe correspondingntenal that containsthe value. Following this, the message
containingthis objectis routedto anIK whosezoneencompassesis hypercube.

Givenarangequeryr with lower andupperbounds2[l; u], a querymessagés routedto aninformationsener
which is responsibldor the point "'T“ Oncesucha sener is located,thenthe requests recursvely ooded to all
its neighborsuntil all the IKs arelocated. Threedifferentkinds of messageooding schemearepresentedncluding
the bruteforce, controlled ooding anddirectedcontrol ooding. Eachof thesescheméhasdifferentsearctstratayy
andhencehave differentmessageouting compleities. The systemhandlessener failures/dynamicityby de ning
aninformationupdateinterval. If the updatefor one of the objectsis not received in the next reportinground, the
correspondingpbjectis erased/remeed from the network. In case the objectvalue changegattribute value)to the
extentthatit is mappedo anew IK thenpreviousobjectis erasedn the next reportinground.

5.3.4 SuperP2PR*-Tree:Supporting Multi-dimensional Queriesin P2P Systems

Theauthorsn thework [72] extendthe d-dimensionalndex R*-tree[15], for supportingrangeandk-NearestNeigh-
bour(kN N ) queriesn asupefpeer[122] based?2Psystem.TheresultingdistributedR*-treeis referredto asa NR-
tree. Routingin the distributedd-dimensionakpaces accomplishedhroughthe CAN protocol. The d-dimensional
distributed spaceis partitionedamongthe supefpeernetworks basedon the Minimum BoundingRectanglg MBR)
of objects/points.Eachpartition (superpeernetwork) refersto a index-cluster(i.e. a MBR), andcanbe controlled
by oneor moresuperpeer Effectively, aindex-clusterincludesa setof passie peersandsuperpeers.Evey index-
clustermapsto a zonein the CAN basedP2Pspace.The functionality of a supefpeeris similar to a routet it keep
tracksof otherindex-clusters performsinter-clusterrouting,indexesdatain othersuperpeerpartitionandmaintains
clusterspeci ¢ NR-tree. Every passie peerjoins the network by contactingary availablesuperpeer The contacted
superpeerroutesthe join requesto othersuperpeer which is responsibldor the zoneindexed by the passie peer
Every passie peermaintainsa partof the clusterspeci c NR-tree.

The bulk of queryprocessindoad is coordinatedby superpeers. Superpeerscanforward queryto its passve-
peersjn casetheindexeddatais managedy them.Everylook-uprequests forwardedto thelocal supefrpeer which
in turn forwardsto other superpeers,if the requestedndicesare not availablein the local zone. Peersinitiating
rangequeryusuallysendthelook-uprectanglewhile in caseof a kNN query querypointandthe desirednumberof
nearesheighborgk). In caseof arangequery the contactedsuperpeerroutesthe queryto the index-clusterwhere
the centroidof the querymapsto. The owner of this index-clusteris referredto as primary superpeer The primary
superpeersearchedts NR-treeand nds passve peerswith index intersectingthe queryregion. The passie peers
directly reply to the queryinitiating peerwhena matchoccurs.Everylook-upqueryhasa TTL factor which controls
thelife time for a queryin the network. KNN queryresolutionprocesgollows a recursve path,at every successful
matchthe min _dist (distancefrom the querypoint) is updatedwith a new value. The kNN resolutionprocessstarts
at root level of NR-tree,sortingentriesby their min _dist to query point, andthenrecursvely traversessub-treeof
entrieswith minimummin _dist.

25



5.4 Miscellaneous
5.4.1 SWORD: Distrib uted Resource Discovery on PlanetLab

SWORD [83] is a decentralisedesourcediscovery servicethat supportamulti-attribute queries. This systemis cur-
rently deployed andtestedover PlanetLab[33] resourcesharinginfrastructure. It supportsdifferentkind of query
compositionincluding pernode characteristicsuchas load, physical memory disk spaceand inter-node network
connectity attributessuchasnetwork lateng. Themodelabstractsesourceasanetworksof interconnectedesource
groupswith intra-group,inter-group, and pernodenetwork communicatiorattributes. In particular SWORD sys-
temis a sener daemorthatrunson variousnodes. The main modulesof the daemonincludesthe distributedquery
processofDQP) andthe queryoptimizer (QO). SWORD systemgroupsthe nodesinto two sets. Onesetof nodes
calledsener nodesform the partof the structured®2Poverlay network [94, 20] andareresponsibldor managinghe
distributedresourcanformation. While othersetof nodesare computatiomodesthatreporttheir resourceattribute
valuesto thesesener nodes.

For eachresourceattribute A;, a correspondindHT key k; is computedusingthe standardSHA-1 scheme.A
key k; is computedbasednthecorrespondingalueof A; atthetime attribute valueis sent.Eachattributeis hashed
to a160-bit DHT key. The mappingfunction corvert attribute valuesfrom their native data-type(String) andrange
(numeric)to arangeof DHT keys. Onreceving the attribute valuetuple, the sener nodestoresthe tuplein thelocal
table. In case thesevaluesarenot updatedwithin timeoutinterval thenaredeleted(assuminghodehasprobablyleft
thenetwork or ownerof thekey haschangedlueto changen attributevalues).SWORD resohesmulti-attributerange
querysimilarto [20].

Usersin generalspecify resourcemeasurementsaluesincluding the node characteristicand inter/intra-node
network lateng. A queryalsoincludesthe nodecharacteristicsuchas penaltylevels for selectingnodesthat are
within the requiredrangebut outsidethe preferredrange. Thesequeriesare normally written in ExtendedMarkup
LanguagegXML). A usersubmitsqueryto alocal DQPwhichin turnissuesadistributedrangequery Oncetheresult
is computedthenit is passeanto the QO (thenodesn resultthatarereferredas’candidatenodes”). The QO selects
thosecandidatenodeswhich hasleastpenaltyandpasseshere ned list to theuser

5.4.2 Mercury: Supporting ScalableMulti-Attrib ute RangeQueries

Mercury[20] is a distributedresourcaliscovery systemthat supportamulti-attribute basednformationsearch.Mer-

cury handlesmulti-attribute lookupsby creatinga separateouting hub for every resourcedimension. Eachrouting
hub represents logical collectionof nodesin the systemandis responsibldor maintainingrangevaluesfor a par

ticular dimension.Thus,hubsarebasicallyorthogonadimensionsn the d-dimensionahttribute space Further each
hubis partof a circularoverlaynetwork. Mercury systemabstractshe setof attributesassociatedvith anapplication
by A. Ag anddenoteghesetof attributesin a querymessageisingQ. Attribute setfor data-record is denotedoy
Ap .Thefunction j returnsthevalue(range)for a particularattributea in aquery A attributehubfor anattributea is
denotecby H,. Eachnodein aH ; is responsibldor acontiguouganger , of values.Rangesreassignedo different
overlaynodesduringtheinitial join processlUnderidealcondition,thesystemguaranteegnge-basetbokupswithin

eachroutinghubin O Iog2 n=k wheneachnodemaintainsk x edlinks to the othernodes.

Notethat, while the notion of a circularoverlayis similarto DHTs, Mercury do not useary randomizingcrypto-
graphichashfunctionsfor placingthenodesanddataontheoverlay. In contrastMercuryoverlaynetwork is organized
basedon setof links. Theselinks includethe: i) successoand predecessadinks within the local attribute hub; ii)
k links to othernodesin thelocal attribute hub (intra-hublinks) ; andiii) onelink perhub (interhublink) thataids
in communicatingwith otherattribute hubsandresolvingmulti-attribute rangequeries.Note that, k intra-hubslinks
is a con gurable parameterand could be differentfor differentnodesin the attribute overlay. In this case the total
routing table size at a nodeis k + 2. Whena nodeny is presentedvith messageéo nd a nodethat maintainsa
rangevaluell;;ri], it chooseghe neighborn; suchthatthe clockwisedistanced(l;; v) is minimized,in this casethe
noden; maintainsthe attributerangevalue[l;;r;]. Key to messageouting performancef Mercuryis the choiceof
k intra-hublinks. To setup eachlink i, a nodedravs a numberx 2 | usingthe harmonicprobability distribution
function: p, (x) = ﬁ Following this, a noden; attemptsto addthe noden in its routing tablewhich manages
theattributerangevaluer + (M5  my)  X; wherem, andM , aretheminimumandmaximumvaluesfor attribute
a. For routinga datarecordD , the systenrouteto thevalue (D). For queryQ, 4(Q) isarange.In thiscase,rst
the messagés routedto the rst nodethatholdsthe startingrangevaluesandthenrangecontiguity propertyis used
to spreadhe queryalongthe overlay network.
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5.4.3 PHT: Pre x HashTree

The work in [88] presentsa mechanisnfor implementingrangequeriesover DHT basedsystemvia a trie-based
schemeThebucketin thetrie is storedatthe DHT nodeobtainedoy hashingts correspondingre x es.Theresulting
datastructures referredasatriel. In the PHT, every vertex correspondso a distinctpre x of the datadomainbeing
indexed. The pre x esof thenodesin the PHT form auniversalpre x set?. Theschemeassociatea pre x labelwith
eachvertex of thetree.Givenavertex with labell, its left andright child verticess arelabeledasl ; andl; respectiely.
Theroot of thetreeis alwayslabeledwith the attribute nameandall the subsequentertexesarelabeledrecursvely.
A dataitem is mappedandstoredat the nodehaving longestpre x matchwith the nodelabel. A nodecanstore
upto B items, in casethis thresholdis exceededa nodeis recursvely divided into two child nodes. Hence,this
suggestshatdataitemsareonly storedin the leaf nodesin the PHT andthe PHT itself grows dynamicallybasedon
distribution of insertedvalues.Thislogical PHT is distributedacrossiodesn the DHT-basecetwork. UsingtheDHT
look-upoperationa PHT nodewith labell is thusassignedo anodewith identi er closesto HASH(l). Look-upfor
arangequeryin PHT network is performedby locatingthe nodecorrespondingo the longestcommonpre x in the
range.Whensucha nodeis found,thenparalleltraversalof its sub-treds doneto retrieve all the desireditems. Note
thatsigni cant querylook-upspeed-uganbeachiezed by dividing the rangeinto a numberof sub-ranges.

5.4.4 JXTA: JXTA Search

JXTA Search119] is an openframeavork basedon the JXTA [54] routing substrate JXTA searchnetwork consists
of searchhubs,informationprovidersandinformationconsumersThe network messageommunicatiomprotocolis
basedon the XML format. In the IJXTA network, searchhubsare organizedinto N distinct groups. Thesegroups
are referredto as advertisemengroups Thesesearchhubsact as point of contactfor providers and consumers.
Furthereachsearchhubis a memberof a network of hubswhich hasat leastonerepresentatie of hubsfrom every
adwertisemengroup. Thesegroupsaretermedasquerygroups Hence,in this casethereis 100%reachabilityto all
storedinformationin the network.

Every informationprovider in the network registersits resourcanformationwith its local searchhuh Eachhub
periodically sendsupdatemessagdénen additionsand deletionsof registrations)to all the hubin its adwertisement
group.In casethegroupingof hubsis content-basedhe adwertisements forwardedto therelevantrepresentatie for
thatcontent.Whene&eraninformationconsumewishego look for dataonthesearchmetwork, it issuesaninformation
requesigueryto the hubit knows or hasmembership.The hubthatrecevesthis query rst searchedts local index
andthenotherhubsin its adwertisemengroup. If a matchis foundin the sameadwertisemengroup,thenthe query
is forwardedto thathuh In casethe querycantberesohedin thelocal adwertisemengroupthenit is broadcastetb
all remainingadwertisemengroupsusinga querygroupmembershipnformation. However, if the searchnetwork is
organizedbasedon content,thenthe queryis routedto the adwertisemengroupresponsibldor indexing the desired
content.

5.4.5 P2PR-Tree:An R-TreeBasedSpatial Index for P2P Environments

The work in [80] presentsaa schemefor adoptingthe R-tree[76] in a P2Psetting. P2PR-treestatically dividesthe
d-dimensionahttribute spacguniverse)into a setof blocks(rectangulatiles). Theblocksformedasaresultof initial
division of thespacdormslevel 0 of thedistributedtree. Further eachblockis staticallydividedinto a setof groups,
which constitutelevel 1 in the tree. Any further division on the grouplevel ( andsubsequentlpn the subgroup)s
donedynamicallyandaredesignategssubgroupstlevel i (i 2). Whena new peerjoins the systemijt contacts
oneof the existing peerswhich informsit aboutthe Minimum BoundingRectanglg MBR) of the blocks. Using this
overall block structureinformation,a peerdecidesvhich block(s)it belongso.
Whenrelevantblock(s)aredetermineda peerqueriesotherpeersin the sameblock for compiling group-related
MBR information. It alsoqueriesatleastonepeerin every othergroup. Usingthis groupstructureinformation,a peer
knows aboutits own group. After determiningthe group,the sameprocesss utilized for determiningthe subgroups
andsoon. Effectively, a peermaintainsfollowing routing information: (i) pointersto all blocksin the universe;(ii)
pointersto all groupsin its block;; (iii) pointerto all subgroupsn its groupand;(iv) nally pointersto all peersn its

1A trie is amulti-way retrieval treeusedfor storingstringsover analphabein which thereis onenodefor every commonpre x andall nodes
thatshareacommonpre x hangoff thenodecorrespondingo thecommonpre x.

2A setof pre x is auniversalpre x setif andonly if for ary in nite binary sequencé thereis exactly oneelementin the setwhich is a pre x
of b
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subgroup.Theschemeale nesathresholdvalueon maximumnumberof peersn agroupanda subgroupdenotedoy
Gm ax andSGy ax , respectiely.

A queryQ, for aobjectis propagtedrecursvely top down startingfrom level 0. Whenaqueryarrivesatary peer
P; in thesystemP; checkswhetherits MBR coverstheregionindexed by the query If so,thenP; searcheds own
R-treeandreturnstheresultsandthe searchis terminatedat that point. Otherwisethe peerforwardsthe queryto the
relevantblock, group,subgroupor peerusingits routingtablepointers.This processs repeatedintill thequeryblock
is locatedor the queryreachesleadendof thetree.

6 Openlssues

Thecurrentmodelsof distributedsystemsncluding Grid computingandP2Pcomputingsuffer from aknowledgeand
resourcdragmentatiorproblem.By knowledgefragmentationye meanthatvariousresearclyroupsin bothacademia
andindustrywork in aindependeninanner They de ne standardsvithout ary propercoordination.They give very
little attentionto the inter-operatibility betweerthe relatedsystems.Suchdisparity canbe seenin the operationof
variousgrid systemsncludingCondorG, Nimrod-G,OurGrid,Grid-FederationTycoonandBellagio. Thesesystems
de ne independeninterfaces communicatiorprotocols,superschedulingndresourceallocationmethodologies In
this caseusershave accesgo only thoseresourceshat canunderstandhe underlyingGrid systemprotocol. Hence,
thisleadsto thedistributedresourcdragmentatiorproblem.In otherwords,auserfrom CondorG grid cannotsubmit
hisjobto aTycoongrid etc. A possiblesolutionto this canbefederatingheseayrid systemdasednuniversallyagreed
standardg¢similarto the TCP/IPmodelthatgovernsthecurrentinternet). Thecoreto theoperatiorandinteroperability
of Internetcomponents the commonresourceéndexing systemi.e. DNS. Both the Grid andP2Pcommunitieslearly
lackary suchglobalor widely acceptedervice.Thesesystemslo notexposeary API or interfaceshatcanhelpthem
to interoperate.

Possiblesolutionsto overcomeknowledgeandresourcdragmentatiorprobleminclude: (i) availability of arobust,
distributed,scalableesourcéndexing/organisatiorsystem{ii) evolution of commonstandard$or resourcellocation
andapplicationsuperscheduling(ii) agreemenbn usingcommonmiddlevarefor managinggrid resourcesuchas
clustersSMPsetc;and(iv) de ning commoninterfacesandAPIsthatcanhelpdifferentrelatedsystento inter-operate
andcoordinateactivities. In recentimes,we have seersomeeffortstowardsdevelopingageneriagrid service-oriented
architecturd61], morecommonlyreferredto asOpenGrid ServiceArchitecture(OGSA). Coregrid developersalso
de ne commonstandardghroughthe GGF In spite of all this, thereis clearly a lack of global adoptionof these
standardsyet.

7 Summary and Conclusion

In the recentpast,we have obsered anincreasen the compl«ity involvedwith grid resourcesncluding their man-
agemenpolicies,organisationandscale. Key elementdhat differentiatea computationafrid systemfrom a PDCS
include: (i) autonomy;(ii) decentralise@wnership;(iii) heterogeneityn managemenpolicies, resourcetypesand
network inter-connect;and(iv) dynamicityin resourceconditionsandavailability. Traditionalgrid systemd48, 8, 2]
basedon centralisednformationservicesare proving to be bottleneckwith regard to scalability fault-toleranceand
mechanisndesignissues.To addresghis, P2Pbasedresourceorganisationis beingadwocated.P2Porganisationis
scalableadaptabldo dynamicnetwork conditionsandhighly available.

In thiswork, we presented detailedtaxonomythatcharacterizessuesnvolvedin designinga P2P/decentralised
GRIS. We classi ed thetaxonomiesnto two sections:(i) resourcaaxonomy;and(ii) P2Ptaxonomy Our resource
taxonomyhighlightedthe attributesrelatedto a computationagrid resource Further we summarizedlifferentkinds
of queriesthat are beingusedin currentcomputationabgrid systems.In general,Grid superschedulingueryfalls
underthe category of d-dimensionapoint or window query However, it still remainsto be seenwhethera universal
grid resourcequerycompositionanguages requiredto expressdifferentkinds of Grid RLQsandRUQs.

We presentedlassi cationof P2Papproachebasednthreedimensionsncluding: (i) P2Pnetwork organisation;
(i) approacheso distribution of the dataamongthe peers;and(iii) routing of d-dimensionalqueries.In principle,
datadistribution mechanisndirectly dictateshow a queryis routedamongtherelevantpeers.D -dimensionatesource
index is distributedamongpeersby utilizing thedatastructuresuchasSFCs,quad-treeskR-treesandKd-trees.Some
of theapproachebave alsomaodi ed existing hashingschemeso facilitatethe 1-dimensionatangequeriesn aDHT
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network. Every approachhasits own meritsandlimitations. Someof theseissueswerehighlightedin the resource
andP2Pnetwork organisationtaxonomysection.

However, afew questionghatstill remainto beanswerednclude: (i) which of thesuneyedapproachs bestsuited
for organizinga GRIS?(ii) do currentapproacheprovide enoughe xibility in querycompositionandresolutionthat
is requiredto undertale compleity of Grid superschedulingystems?(iii) is therea needto de ne a new query
compositionlanguagenhichis capableof representingll possiblekinds of queriegpresennow or thatcouldarisein
future?and(iv) arethecurrentDHT basedP2Ptechniquesrerobustenougho supportsuchcomplex querysystems?
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