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Abstract

As Grids try to achieve optimal and balancedutiliza-
tion of unusedresoucesin a distributed system fast and
efcient discovery of resouce statesis a key requirement.
For small to mediumscale Grids, solutionssud as the
appmoad in Globus work ne. However, for large, up to
global-scaleGrids, this approach is not efcient and does
not scale Additionally, evenfor smaller Grids, a central-
izedsolutionwill alwaysbe a performancebottlene& and
asinglepointof failure. In this paperweinvestigateheap-
plicability of a structued peerto-peersystemoverlay net-
work) for thediscoveryof Grid resouces.Each nodein the
Grid becomes peerin theoverlaynetwork,which provides
a distributed directory servicethat allows the participants
to discoverresoucesandmaintainresoucestates.Overlay
networksimplicitly balanceload, scalewell to very large
numbes in termsof nodesand data, and meetthe partial
failure property of distributed systemsi.e., the systenre-
mainsopeational despitepartial failures.We will outlinea
proof-of-concepimplementatiofbasednour P-Grid over-
lay network presenexperimentatesultsfromalarge-scale
deploymenbn PlanetLaband discussthe pros and consof
overlaynetworksin the contet of Grids.

1. Intr oduction

Fastdiscovery of availableresourcesndef cient main-
tenanceof resourcestatesare key requirementdor Grids
to achiese optimal utilization of the systemandto balance
load amongthe participatingcomputers. Currentsystems
suchasGlobus or Condorusesener-basedsolutionsto as-
signcomputatiorrequestgjobs)to availableresourcesRe-
sourcegpublishtheir currentstateat senerswhich canthen
be matchedwith job requirementso enableautomaticjob
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scheduling.This approactworks ne for smallto medium
scaleGrids, e.g.,sener clusters.For large-scaleGrids this
approachdoesnot scalewell and will be a performance
bottleneckand a single point of failure, evenif replicated
seners (clusters)are used, becausehoughthe computa-
tionalloadmaybesharedamongtheclusternodeshey still
would usea single network connectionwhich may break
down andrenderthewhole systemdysfunctional Only dis-
tributedapproachesanremedythis problem,which, how-
ever comesat certaincosts,as alwayswhena centralized
systemis beingdistributed. The questionwe wantto inves-
tigatein this paperis, whetheroverlaynetworksareaviable
solutionto addresgheseproblemsandto what extentthey
canhelpto minimizethe costsof the distribution in respect
to discovery.

Similar to Grids, P2Psystemduild on the principlesof
cooperationand sharingof resources. P2P systemssuch
asGnutella,KazZaA, andeMule have proventheir applica-
bility for global-scaleresourcediscovery and le-sharing.
Currently researchocuseson structued overlay networks
to optimize performance Examplesof structuredoverlays
are Chord, Tapestry and P-Grid. The underlyingideain
thesesystemss to build adistributedindex of theresources
available at the nodes. The index is constructedsuchthat
the searchspace(key space)is partitionedand eachkey
spacepartitionis assignedo a peer For beingableto an-
swer querieson all the resourcesvailablein the system,
eachpeerbuildsup aroutingtablethatenablest to forward
guerieswhich it cannotanswerlocally, to peersthat are
“closer” to theresult. The constructionandrouting strate-
giesfor theseindexesdiffer alot in termsof robustnesand

e xibility. However, their commongoalis to minimize the
forwardingstepsequiredfor successfullyesolvingqueries
in the presenceof arbitrary peerand connectionfailures,
asnetwork communications the major bottleneckin dis-
tributedsystemsAt themomenthebestpracticalsolutions
offer logarithmicsearclcompleity, i.e.,in adirectorycon-
sistingof nodeshe maximumnumberof communication
stepsamongthe nodesto resole a queryis . To
achieverobustnessmultiple peerqreplicas)areassignedo
eachkey spacepartition andthe systemhasto keepthem



in sync. The goalis to have atleastone peerper partition
availableto answer/forvardqueriesatary time. Thedegree
of fault toleranceis tunableto systemdependentequire-
mentsby thereplicationfactorandthe numberof entriesin
routingtables.A comprehensie overview of currentstruc-
turedoverlay networks andthe appliedtechniquess given
in[11].

In thefollowing we will presenta completelydecentral-
ized approachto resourcediscovery. We useP-Grid, our
implementatiorof astructurecbverlaynetwork, asthebase
technologyfor the distributed directory assumingthat the
softwareis installedon all Grid nodes.Without constrain-
ing generalapplicability, we usethe directory to manage
resourcerequestdor jobs which require CPU cycles. A
generalizatiorto multiple resourcess straight-forvard as
will becomeclearwhenwe presentheapproachThebasic
ideais that requesterpublishtheir resourcerequirements
(CPUcycles)in thedirectory resourceprovidersquerythe
directoryfor matchingrequestsandcanthendecidewhich
requesteto contactand offer the resourceto. To enable
this ef ciently, the directory (overlay network) hasto sup-
portef cient rangequeriesandupdatesvhich P-Gridoffers
andwe will describein the following. As an alternatve
stratgy, mary systemdndex the offeredresourcegndal-
low requestergo searchfor resourcesnatchingtheir job
requirementsWhile basicallyboth stratgjiescanoffer the
samelevel of functionality, this stratgly putsmuchhigher
requirementon the overlay network in respectto update
frequenciesaswe assumgob descriptiongto changeless
frequently Indexing job requirementgnableghe providers
to actively decidewhento offer resourcesand to whom,
i.e.,assoonascomputerhaveidle resourc§ CPUcyclesin
our experiments}hey canlook for jobsto processywhereas
with theotherstratgy usershaveto poll thesystemnfor suit-
ableresourcesintil they becomeavailable.

2. Related Work

The latestMonitoring and Discovery Service(MDS) of
Globus is basedaround WSRF (Web ServicesResource
Framevork) standardgroviding an index service,i.e., a
registry similar to UDDI, to maintainthe setof registered
Grid resourcesin virtual organizations. MDS provides
gueryandsubscriptioninterfacesto arbitrarily detailedre-
sourcedataand a trigger interfacethat can be con gured
to take actionwhenpre-con guredconditionsaremet. In-
dexescanbe combinedin a hierarchicalfashionto aggre-
gatedataat differentlevels. ThoughMDS works well for
smallto mediumscalesit remainsuncleathow it couldsup-
port global-scalgyrids asthe hierarchicalorganizationand
gueryroutinghashot-spotsaandsingle-points-ofailure.

Condor[10] targetsprimarily optimal CPUuutilization. It
usesa centralizedmatchmalkr to matchresourcerequests

with offers. The centralizedarchitectureis efcient for
small gridsin LANs for which Condorwas designedni-
tially but doesnot scaleupto largerscales.

lamnitchietal. [8] proposeresourcealiscorery basedon
anunstructuredhetwork similar to Gnutellacombinedwith
more sophisticatedjueryforwarding stratgiestaken from
theFreenebverlaynetwork. Requestareforwardedto one
neighboronly basedn experience®btainedrom previous
requeststhustrying to reducenetwork traf ¢ andthe num-
ber of requestger peercomparedo simple query ood-
ing asusedby Gnutella. The approactsuffersfrom higher
numbersof requiredhopsto resole a query comparedo
our approachand provides no lookup guaranteesi.e., an
unsuccessfulbokup doesnot necessarilymeanthat no re-
sourcameetingtherequirementss availablebecause suit-
ablepeerwassimply notreached.

The most similar approachto oursis presentedn [7]
andusesarange-query-enhanceersionof CAN [12]. Re-
sourcedescriptionsand jobs are storedin the overlay net-
work enablingusersto nd suitableresourcesand com-
putersto nd suitablejobs. The fundamentaproblemof
thisapproacHiesin theoverlaynetwork becaus¢heranges
themseles are hashed,and hence,simple key searchop-
erationsare not supportedor are highly inef cient. Since
both key and rangequeriesare needed,it is desirableto
have onemechanisnsupportingboth, insteadof maintain-
ing separatéashtablefor keys,andseparatéashtablesfor
rangesbecauseucha stratgy fails to reusethe resources
of thepeers.n thecontet of Gridsthesystenmaybecome
inef cient becauseesourceénformationssuchasavailable
memoryare highly dynamicandhave to be up-to-date.In
casearesourcechangests statea differentpeerwould be-
comeresponsibldor this resourcdeadingto frequentdele-
tionsandinserts(or updatesfor theoverlaynetwork which
CAN doesnottoleratewell. Moreover, sincethey useCAN
astheunderlyingnetwork, the searchef ciency guarantees
hold only for uniform partitioningof the spacewhich con-

icts with storageload which is arbitrarily distributed, as
will bethecasefor cachingrangequeriesmoresobecause
querieswill alsobenon-uniformlydistributed.

3. The P-Grid overlay network

We usethe P-Grid overlay network [1, 3] asthe base
technologyfor our distributed resourcediscovery service.
P-Grid is a structuredoverlay network basedon the so-
called distributed hashtable (DHT) approach. In DHTs
peeridenti cations and resourcekeys are hashednto one
key space.By this mappingresponsibilitiesfor partitions
of the key spacecanbe assignedo peers,.e., which peer
is responsibldor answeringqueriesfor what partition. To
ensurehateachpartitionof thekey spaces reachabldérom
ary peer eachpeermaintainsa routing table. The routing



table of a peeris constructedsuchthatit holdspeerswith
exponentiallyincreasingdistancein the key spacefrom its
own position in the key space. This techniquebasically
builds a small-world graph[9], which enablessearchin

steps.Basicallyall systemgeferredto asDHTs
are basedon variantsof this approachand only differ in
respecto x ed(P-Grid,Pastry)vs. variablekey spacepar
titioning (Chord),thetopologyof thekey spacdring, inter-
val, torus, etc.),andhow routing informationis maintained
(redundanentries dealingwith network dynamicsandfail-
ures,etc.).

Withoutconstraininggenerabpplicabilitywe usebinary
keys in P-Grid. This is not a fundamentalimitation asa
generalizatiorof the P-Grid systemto k-ary structuresis
natural,andexists. P-Grid peersreferto a commonunder
lying binary trie structurein orderto organizetheir rout-
ing tablesas opposedto other topologies, such as rings
(Chord), multi-dimensionalspacegCAN), or hypercubes
(HyperCuP).Triesarea generalizatiorof trees. A trie is a
treefor storingstringsin which thereis onenodefor every
commonpre X. Thestringsarestoredin extra leaf nodes.
In the following we will usethetermstrie andtreeconter
minously

In P-Grid eachpeer is associatedvith a leaf of
the binary tree. Eachleaf correspondgo a binary string
, alsocalledthe key spacepartition. Thuseachpeer

is associatedvith a path . For searchthepeerstores

for eachpre x of of length asetof references
to peers with property , where™

is thebinarystring with thelastbit inverted. This means
thatat eachlevel of thetreethe peerhasreferenceso some
other peersthat do not pertainto the peers subtreeat that
level which enablegheimplementatiorof pre x routingfor
ef cient search.The costfor storingthereferencesindthe
associatednaintenanceost scaleasthey are boundedby
thedepthof theunderlyingbinarytree.

Each peer storesa set of dataitems . For

the binary key is calculatedusing an order
preservinchashfunction,i.e.,

, which is pre-requisitefor ef cient rangequerying
asinformationis beingclustered. has aspre-
X but it is not excludedthat temporarilyalso other data
itemsarestoredat a peer thatis, the set of data
itemswhosekey matches can be a propersubsetof

. Moreover, for fault-tolerancegueryload-balancing
and hot-spothandling, multiple peersare associatedvith
the samekey-spacepartition (structuralreplication), and
peersadditionally also maintainreferences to peers
with the samepath, i.e., their replicas,and use epidemic
algorithmsto maintainreplicaconsisteng. Figurel shavs
a simple exampleof a P-Grid tree. Note that, while the
network usesa tree/trie abstraction the systemis in fact
hierarchy-lessandall peersresideat the leaf nodes. This

avoidshot-spotsandsingle-points-of-dilures.
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Figure 1. P-Grid overlay netw ork

P-Grid supportsa setof basicoperations:Retrieve(ley)
for searchinga certain key and retrieving the associated
dataitem, Insert(ley, value)for storingnew dataitems,Up-
date(ley, value) for updatinga dataitem, and Delete(ley)
for deletingadataitem. SinceP-Gridusesabinarytree,Re-
trieve(ley) is of compleity , measuredn mes-
sagegequiredfor resolvinga searctrequestjn a balanced
tree,i.e., all pathsassociatedvith peersareof equallength.
Skewed datadistributions may imbalancethe tree, so that
it may seemthat searchcostmay becomenon-logarithmic
in thenumberof messageddowever, in [2] it is shavn that
dueto therandomizedhoiceof routingreference$érom the
complimentarysubtree the expectedsearchcost remains
logarithmic( ), independentlyof how the P-Gridis
structured Theintuition why thisworksis thatin searctop-
erationskeys arenot resoled bit-wise but in larger blocks
thusthe searchcostsremainlogarithmicin termsof mes-
sagesThisis importantasP-Grid's orderpreservinghash-
ing mayleadto non-uniformkey distributions.

Thebasicsearchalgorithmis shavn in Algorithm 1.

Algorithm 1 Searchin P-Grid: Retrieve(key, p)

1: if then

2:  return( );
3: else

4: determine suchthat

5:

6:

7.

r = randomlyselectecelementrom
Retrieve(key, r);
endif

in the algorithm denotesthe peerthat currently pro-
cesseghe request. The algorithm always terminatessuc-
cessfully if the P-Grid is complete(ensuredby the con-
struction algorithm) and at least one peerin each parti-
tion is reachablgensuredhroughredundantouting table
entriesand replication). Due to the de nition of and
it will always nd thelocationof apeerat

which the searchcancontinue(useof completeness\With
eachinvocationof thelengthof thecom-



mon pre x of and increasest leastby oneand
thereforethe algorithmalwaysterminates.

Insert(ley, value)andDelete(ley) arebasedon P-Grid's
more generalupdatefunctionality [5], Update(ley, value)
which providesprobabilisticguaranteefor consisteng and
is efcient evenin highly unreliable, replicatedenviron-
ments,.e., . Aninsertop-
erationis executedn two logical phasesFirstanarbitrary
peerresponsibldor thekey-spacdo whichthekey belongs
is located(Retrieve(key)) andthenthefoundpeemoti es its
replicasaboutthe insertedkey usinga light-weight hybrid
push-and-pulgossipingnechanismDeletingandupdating
adataitemworksalike.

Besidessearchfor exactkeys, P-Gridalsosupportssub-
string searchand range queriesof arbitrary granularity
which arespeci cally importantin the context of discover-
ing Grid resourcesln fact,rangequeriecomequitenatural
with P-Grid's underlyingtrie abstractionwhich is a com-
mon datastructurein database$o enablegood clustering
andef cient queryprocessing.Given a queryfor arange

we canuseasequentia{min-may or aparallelstrat-
egy (showe) to resohethequery In thesequentiatasewe
justhave to locatea peerwhich is responsibldor us-
ing Retrieve(ley, p), andthenstepthroughthe leave nodes
of the trie until we hit a peerresponsiblefor . The
compl«ity in termsof messagesor this approachwould
be for locatingthe rst peerplusonemessagéor
eachpeerin theinterval. The parallelstratey would rst
determinethe longestcommonpre x of and
Whenthis pre x hasbeenresohedin the routing process,
therangequeryhasreachedhesub-triethatholdstherange
and thus the query can be forwardedto the peersin the
sub-triein parallel. This requiresa bit more messagebut
reducedateng. Both algorithmsare ef cient in termsof
messageompleity, cananswermueriesof arbitrarygranu-
larity, andareindependenbf the size of the queriedrange
andonly dependnthesizeof theresultset. Detailedanal-
ysesof the messageompleity of both approacheslong
with an experimentalevaluationof the implementatioron
PlanetLakaregivenin [6].

4. Our Approach

Our approactcanbe basedon an overlay network con-
structedand maintainedby peersparticipatingin a Grid or
peersdevotedexplicitly for resourceananagementlt may
be sufcient to use Grid nodesto managethe resources
but dedicatechodesmay improve the overall performance
becausdhey areindependenof the Grid's utilization and
load. If dedicatechodesareused,they shouldstill be dis-
tributedamongnstitutionsandacrossadministratve board-
ersto avoid asinglepoint of failureregardingnetwork con-
nectvity. Thenumberof peeravoulddepencdnthenumber

of nodesdn theGrid andthe numberof usersandjobswhich
canbevery high for P-Grid. With overlay networksit is as
well possibleto startwith a smallersetupandaddpeersas
neededvithout requiringrecon guration. Temporarypeer
failuresdueto hardware maintenancer defectsare com-
pensatedby the built-in replicationandfailure resilienceof

P-Grid(replicationof dataandroutinginformation).Jobre-
guestsaandqueriesto nd suitablejobsmaybeissuedfrom

ary peerin theoverlay, i.e., all peerscanactasentrypoints
providing equalperformancecharacteristics.However, to
avoid overloadinga single peer requestshouldbeissued
to peersuniformly andrandomlywhichis easyto achieve.

4.1 Job advertisements

In our setup usersde ne their jobs by the number
of required CPU cycles and optional resourcerequire-
mentssuchas disk spaceor free memory i.e., the num-
ber of required CPU cycles is used as the key for in-
dexing. The number of requirementsattachedto the
key (CPU cycles) is not limited and can be extended
but everyone must use the samevocahlulary to describe
them. A possiblejob adwertisementcould then be given
as CPU_cycles=3500, disk=50MB, mem=1024MB,
advertiser=http://need.cpu.com/job 42. Job
adwertisementsare storedin the overlay network and re-
sourceproviderscanlook for matchingjobsthey arewill-
ing to process Assumingthat CPU cycle requirementsre
distributed over a certainrange,differentkey distributions
mustbe handled. To shav the applicability of P-Grid, we
comparedhuniformdistributionof CPUcyclerequirements
which typically is easyto handle,with a highly skewed
Paretoor Zipf distribution, for example,if mostjob adwer
tisementare at the maximumof possiblevaluesand then
sharplydecreaseWe chosethesedistributionsto shav the
insensitvity of our approachowardsstandardlistributions
thatcanoccurfrequentlyin practice(P-Grid's performance
remainslogarithmiceven for suchskewed distributionsas
describedn Section3). Dueto spacdimitations, however,
we canonly presenthesetwo extremecases.

4.2 Job matching

Computershaving idle CPU cyclesusethe overlay net-
workto nd thenext suitablegjob(s)they canprocessA job
is suitablefor a computerif it not exceedsthe numberof
requiredCPU cyclesandthe computerful lls optionaljob
requirementsuchasdisk spacefree memory etc. How-
ever, the concreteprocesdo decidethis canbe handledby
eachnodeindividually. To nd a suitablejob, a computer
could useary thinkablestratgly. For example,if a com-
puterwould only wantto servicejobsinsideacertainrange
to optimize resourceusageand simplify scheduling,then



this would resultin a simple rangequery If a computer
would acceptary job up to a given maximum,thenagain
this would be a rangequerywith 0 asthe lower boundand
telling the overlayto only returna certainnumberof hits to
notoverloadthe network (this canbeenforcedvery easily).
Jobadwertisementgouldalsoincludeprioritiesto enablea
computerto selectthe mostrelevantone. Oncea matching
job hasbeendiscoveredby ary stratey, the computerwill-
ing to processt, would simply contactheadvertisingnode,
who then canremove the adwertisementirom the overlay
andsendthejob to the nodewhich contactedt.

5. Experimental evaluation

From the above descriptionof our approachit is clear
that it mostcritically dependson the ef cient implemen-
tation of rangequeries. In this sectionwe presentexperi-
mentalresultsfor rangequeryef ciency from alarge-scale
deploymentof P-Grid on the PlanetLalj4] infrastructure.
PalnetLaboffersa planet-widedistributedtestbedor prac-
tical testing of large-scaledistributed systems. We shav
resultsfor bothtypesof rangequeryalgorithms(min-max,
shawer) for two extremekey distributions. Theimplemen-
tation usedin our experimentsis available from http:
[Iwww.p- grid.org/

In the experimentsnve useda network of 250 peerseach
running on a dedicatedphysical PlanetLabnode. We in-
serted2500 unigue dataitemsinto the overlay; i.e., each
peer should be responsiblefor 75 dataitems on average
givenan averagereplicationfactorof 5. Dueto this repli-
cation of datawhich is necessaryo compensatéor node
and network failureswe had a total of 12500 dataitems
in the system. To shav that the algorithmswork for ary
datadistribution, we usedtwo differentdatasets,one uni-
formly distributedandone Paretodistributed (with a prob-
ability densityfunctionof —— andparameters and

) asshawn in Figure2. Paretois atypical long-tail
distribution which occursfrequentlyin querydistributions.
We will seein the experimentgshat P-Gridis insensibleto
suchdistributions due to the ef ciency of the underlying
load-balancinglgorithmwhich balancedoth storageand
replicationload. We canthussafelyinfer thatif theresults
aregoodfor a Paretodistribution, the systemwill perform
equallywell for otherfrequentlong-tail distributions,e.g.,
Zipf.

Eachpeerselectedrandomly 10 dataitems of a global
set accordingto one of thesedistributions. The peers
thenconstructeda P-Grid which had an averageheight of

— . Thenrangequerieswhich affecteddata
from all partitionsof the datasetswereissued.The queries
were startedfrom randompeerswith randomlower range
boundsandwereconstructedn away, suchthatthey would
return50, 100,150,200,400,and800dataitems. For each

Uniform data distribution Pareto data distribution
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Figure 2. Data set distrib utions

of thesix answeisetsizes eachof thetwo distributions,and
eachof thetwo algorithms onequerywasissuedy eachof
the250peersj.e.,atotal of queriege-
sultingin 250valuesperdatapointin the gures below. The
main objective of our experimentsvereto demonstrat¢he
cost/lateng trade-of of the algorithms,andto shaw, that
becausef the useof atrie-structurecoverlay network, the
costof rangequeriesis independenof the datadistribution
andthe size of the range,but only dependenbn the used
algorithmandthe sizeof theanswerset.

Figure 3 shaws the costsincurredby rangequeriesin
termsof messagéateng (hops).,i.e.,themaximumnumber
of messagesequiredto hit eachsub-partitionof the range,
i.e.,onepeerin eachsub-partition.Theerrorbarsin theplot
representhe standardleviation.

hops
©

L L L L L L L \
0 100 200 300 400 500 600 700 800
size of answer set

Figure 3. Message latency (hops)

On averagewe need3 hopsto reacha responsiblgeer
for both typesof algorithms, but the min-max algorithm
thensuffersa bit from the sequentiatraversalof the range
to reachall sub-partitionsafter reachingthe lower bound.
This leadsto increasinghop countswith increasingrange
sizeswhereador the shaver algorithmthe numberof hops
remainsconstantj.e., it is ratherinsensitve to the size of
the answerset. However, this bene t comesat the costof
anincreasen the overallmessageasshavn in Figure4.

The shower algorithmrequiresa slightly highernumber
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Figure 4. Message cost

of messagesbut improveslateny asit sendsthemto the
responsiblgeersin parallel. Thereforeall peersresponsi-
blefor arangearereachedfter3 hops(in the experiments
setup)independentbf the rangesize. Rangequerieswith
an answersetsize of 50 are answerednostly by onepeer
becausgeerson averageareresponsibldor 50to 100data
items. It canfurther be seenthat both algorithmsperform
equallywell for both datadistributionsandscalewell. An
increaseof the answersetsizeby a multiplicative factorof
the averagepeerstoragesizeyields an additionalmessage
onaveragewhichis thebestpossibleresultachievablewith
limited storageavailableatthepeers.

6. Conclusions

We have presentedan approachof using the P-Grid
structuredoverlay network for resourcediscovery in Grids
baseddnad\ertisingjobsin theoverlay. To demonstrat¢éhe
applicability and ef ciency of this approachwe presented
experimentalresultsfrom a large-scalePlanetLabdeploy-
mentof ourimplementationFromthe experimentakesults
we canobsene thatthe approachscaleswell, the costand
latenciesarelow, andthe systemoffersanef cient decen-
tralized discovery servicein a real-world networking sce-
nario.
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