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Abstract

As Grids try to achieve optimal and balancedutiliza-
tion of unusedresourcesin a distributedsystem,fast and
ef�cient discovery of resource statesis a key requirement.
For small to mediumscale Grids, solutionssuch as the
approach in Globus work �ne. However, for large, up to
global-scaleGrids, this approach is not ef�cient and does
not scale. Additionally, evenfor smallerGrids, a central-
izedsolutionwill alwaysbe a performancebottleneck and
a singlepointof failure. In thispaperweinvestigatetheap-
plicability of a structuredpeer-to-peersystem(overlaynet-
work) for thediscoveryof Grid resources.Each nodein the
Grid becomesa peerin theoverlaynetwork,which provides
a distributeddirectoryservicethat allows the participants
to discoverresourcesandmaintainresourcestates.Overlay
networksimplicitly balanceload, scalewell to very large
numbers in termsof nodesand data, and meetthe partial
failure propertyof distributedsystems,i.e., the systemre-
mainsoperationaldespitepartial failures.Wewill outlinea
proof-of-conceptimplementationbasedonour P-Grid over-
lay network,presentexperimentalresultsfroma large-scale
deploymenton PlanetLabanddiscusstheprosandconsof
overlaynetworksin thecontext of Grids.

1. Intr oduction

Fastdiscoveryof availableresourcesandef�cient main-
tenanceof resourcestatesare key requirementsfor Grids
to achieve optimalutilization of thesystemandto balance
load amongthe participatingcomputers.Currentsystems
suchasGlobusor Condoruseserver-basedsolutionsto as-
signcomputationrequests(jobs)to availableresources.Re-
sourcespublishtheir currentstateatserverswhichcanthen
be matchedwith job requirementsto enableautomaticjob
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scheduling.This approachworks�ne for small to medium
scaleGrids,e.g.,server clusters.For large-scaleGrids this
approachdoesnot scalewell and will be a performance
bottleneckanda singlepoint of failure, even if replicated
servers (clusters)are used,becausethough the computa-
tional loadmaybesharedamongtheclusternodesthey still
would usea single network connectionwhich may break
down andrenderthewholesystemdysfunctional.Only dis-
tributedapproachescanremedythis problem,which, how-
ever comesat certaincosts,asalwayswhena centralized
systemis beingdistributed.Thequestionwewantto inves-
tigatein thispaperis, whetheroverlaynetworksareaviable
solutionto addresstheseproblemsandto whatextent they
canhelpto minimizethecostsof thedistribution in respect
to discovery.

Similar to Grids,P2Psystemsbuild on theprinciplesof
cooperationand sharingof resources.P2Psystemssuch
asGnutella,KaZaA, andeMulehave proventheir applica-
bility for global-scaleresourcediscovery and �le-sharing.
Currently, researchfocuseson structuredoverlaynetworks
to optimizeperformance.Examplesof structuredoverlays
are Chord, Tapestry, and P-Grid. The underlyingidea in
thesesystemsis to build adistributedindex of theresources
availableat the nodes.The index is constructedsuchthat
the searchspace(key space)is partitionedand eachkey
spacepartition is assignedto a peer. For beingableto an-
swer querieson all the resourcesavailable in the system,
eachpeerbuildsuparoutingtablethatenablesit to forward
querieswhich it cannotanswerlocally, to peersthat are
“closer” to the result. Theconstructionandroutingstrate-
giesfor theseindexesdiffer a lot in termsof robustnessand
�e xibility . However, their commongoal is to minimizethe
forwardingstepsrequiredfor successfullyresolvingqueries
in the presenceof arbitrary peerand connectionfailures,
asnetwork communicationis the major bottleneckin dis-
tributedsystems.At themomentthebestpracticalsolutions
offer logarithmicsearchcomplexity, i.e., in adirectorycon-
sistingof � nodesthemaximumnumberof communication
stepsamongthe nodesto resolve a query is
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achieverobustness,multiplepeers(replicas)areassignedto
eachkey spacepartition andthe systemhasto keepthem



in sync. The goal is to have at leastonepeerper partition
availableto answer/forwardqueriesatany time. Thedegree
of fault toleranceis tunableto systemdependentrequire-
mentsby thereplicationfactorandthenumberof entriesin
routingtables.A comprehensiveoverview of currentstruc-
turedoverlaynetworksandtheappliedtechniquesis given
in [11].

In thefollowing we will presenta completelydecentral-
ized approachto resourcediscovery. We useP-Grid, our
implementationof astructuredoverlaynetwork,asthebase
technologyfor the distributeddirectoryassumingthat the
softwareis installedon all Grid nodes.Without constrain-
ing generalapplicability, we usethe directory to manage
resourcerequestsfor jobs which requireCPU cycles. A
generalizationto multiple resourcesis straight-forward as
will becomeclearwhenwepresenttheapproach.Thebasic
idea is that requesterspublish their resourcerequirements
(CPUcycles)in thedirectory, resourceprovidersquerythe
directoryfor matchingrequests,andcanthendecidewhich
requesterto contactand offer the resourceto. To enable
this ef�ciently , thedirectory(overlaynetwork) hasto sup-
portef�cient rangequeriesandupdateswhichP-Gridoffers
and we will describein the following. As an alternative
strategy, many systemsindex theofferedresourcesandal-
low requestersto searchfor resourcesmatchingtheir job
requirements.While basicallybothstrategiescanoffer the
samelevel of functionality, this strategy putsmuchhigher
requirementson the overlay network in respectto update
frequenciesaswe assumejob descriptionsto changeless
frequently. Indexing job requirementsenablestheproviders
to actively decidewhen to offer resourcesand to whom,
i.e.,assoonascomputershaveidle resource(CPUcyclesin
ourexperiments)they canlook for jobsto process,whereas
with theotherstrategy usershaveto poll thesystemfor suit-
ableresourcesuntil they becomeavailable.

2. RelatedWork

The latestMonitoring andDiscovery Service(MDS) of
Globus is basedaroundWSRF (Web ServicesResource
Framework) standardsproviding an index service, i.e., a
registry similar to UDDI, to maintainthe setof registered
Grid resourcesin virtual organizations. MDS provides
queryandsubscriptioninterfacesto arbitrarily detailedre-
sourcedataanda trigger interfacethat can be con�gured
to take actionwhenpre-con�guredconditionsaremet. In-
dexescanbe combinedin a hierarchicalfashionto aggre-
gatedataat differentlevels. ThoughMDS works well for
smallto mediumscales,it remainsunclearhow it couldsup-
port global-scalegridsasthehierarchicalorganizationand
queryroutinghashot-spotsandsingle-points-offailure.

Condor[10] targetsprimarily optimalCPUutilization. It
usesa centralizedmatchmaker to matchresourcerequests

with offers. The centralizedarchitectureis ef�cient for
small grids in LANs for which Condorwasdesignedini-
tially but doesnot scaleup to largerscales.

Iamnitchiet al. [8] proposeresourcediscoverybasedon
anunstructurednetwork similar to Gnutellacombinedwith
moresophisticatedqueryforwardingstrategiestaken from
theFreenetoverlaynetwork. Requestsareforwardedto one
neighboronly basedonexperiencesobtainedfrom previous
requests,thustrying to reducenetwork traf�c andthenum-
ber of requestsper peercomparedto simple query �ood-
ing asusedby Gnutella.Theapproachsuffers from higher
numbersof requiredhopsto resolve a querycomparedto
our approachand providesno lookup guarantees,i.e., an
unsuccessfullookup doesnot necessarilymeanthat no re-
sourcemeetingtherequirementsis availablebecauseasuit-
ablepeerwassimplynot reached.

The most similar approachto ours is presentedin [7]
andusesarange-query-enhancedversionof CAN [12]. Re-
sourcedescriptionsandjobs arestoredin the overlay net-
work enablingusersto �nd suitableresourcesand com-
putersto �nd suitablejobs. The fundamentalproblemof
thisapproachliesin theoverlaynetwork becausetheranges
themselvesare hashed,and hence,simple key searchop-
erationsarenot supportedor arehighly inef�cient. Since
both key and rangequeriesare needed,it is desirableto
have onemechanismsupportingboth, insteadof maintain-
ing separatehashtablefor keys,andseparatehashtablesfor
ranges,becausesucha strategy fails to reusetheresources
of thepeers.In thecontext of Gridsthesystemmaybecome
inef�cient becauseresourceinformationssuchasavailable
memoryarehighly dynamicandhave to be up-to-date.In
casea resourcechangesits statea differentpeerwould be-
comeresponsiblefor this resourceleadingto frequentdele-
tionsandinserts(or updates)for theoverlaynetwork which
CAN doesnot toleratewell. Moreover, sincethey useCAN
astheunderlyingnetwork, thesearchef�ciency guarantees
hold only for uniform partitioningof thespace,which con-
�icts with storageload which is arbitrarily distributed,as
will bethecasefor cachingrangequeries,moresobecause
querieswill alsobenon-uniformlydistributed.

3. The P-Grid overlay network

We usethe P-Grid overlay network [1, 3] as the base
technologyfor our distributed resourcediscovery service.
P-Grid is a structuredoverlay network basedon the so-
called distributed hashtable (DHT) approach. In DHTs
peeridenti�cations andresourcekeys arehashedinto one
key space.By this mappingresponsibilitiesfor partitions
of thekey spacecanbe assignedto peers,i.e., which peer
is responsiblefor answeringqueriesfor whatpartition. To
ensurethateachpartitionof thekey spaceis reachablefrom
any peer, eachpeermaintainsa routing table. The routing
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tableof a peeris constructedsuchthat it holdspeerswith
exponentiallyincreasingdistancein thekey spacefrom its
own position in the key space. This techniquebasically
builds a small-world graph [9], which enablessearchin
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� steps.Basicallyall systemsreferredto asDHTs
are basedon variantsof this approachand only differ in
respectto �x ed(P-Grid,Pastry)vs. variablekey spacepar-
titioning (Chord),thetopologyof thekey space(ring, inter-
val, torus,etc.),andhow routinginformationis maintained
(redundantentries,dealingwith network dynamicsandfail-
ures,etc.).

Withoutconstraininggeneralapplicabilityweusebinary
keys in P-Grid. This is not a fundamentallimitation asa
generalizationof the P-Grid systemto k-ary structuresis
natural,andexists. P-Gridpeersrefer to a commonunder-
lying binary trie structurein order to organizetheir rout-
ing tablesas opposedto other topologies,such as rings
(Chord), multi-dimensionalspaces(CAN), or hypercubes
(HyperCuP).Triesarea generalizationof trees.A trie is a
treefor storingstringsin which thereis onenodefor every
commonpre�x. Thestringsarestoredin extra leaf nodes.
In the following we will usethe termstrie andtreeconter-
minously.

In P-Grid eachpeer ����� is associatedwith a leaf of
the binary tree. Eachleaf correspondsto a binary string

�

��� , alsocalledthekey spacepartition. Thuseachpeer
� is associatedwith a path �

�

��� . For search,thepeerstores
for eachpre�x �

�

�
����� of �

�

��� of length � asetof references
�

�

�
����� to peers� with property �

�

�
�����! 

�

�

�"����� , where �

is thebinarystring � with thelastbit inverted.This means
thatat eachlevel of thetreethepeerhasreferencesto some
otherpeersthat do not pertainto the peer's subtreeat that
levelwhichenablestheimplementationof pre�x routingfor
ef�cient search.Thecostfor storingthereferencesandthe
associatedmaintenancecostscaleasthey areboundedby
thedepthof theunderlyingbinarytree.

Each peer storesa set of data items #

�

��� . For $%�

#

�

��� the binary key &('*)

�

$"� is calculatedusing an order-
preservinghashfunction,i.e., +-,�./�0,21435,/.768,*1:9<;

�

,=.>�?6

;

�

,21*� , which is pre-requisitefor ef�cient rangequerying
asinformationis beingclustered. &('*)

�

$"� has �

�

��� aspre-
�x but it is not excludedthat temporarilyalso other data
itemsarestoredat a peer, that is, theset #

�

�
�

�

�

���@� of data
itemswhosekey matches�

�

��� can be a propersubsetof
#

�

��� . Moreover, for fault-tolerance,query load-balancing
and hot-spothandling,multiple peersare associatedwith
the samekey-spacepartition (structuralreplication), and
peersadditionally also maintain referencesA

�

��� to peers
with the samepath, i.e., their replicas,and useepidemic
algorithmsto maintainreplicaconsistency. Figure1 shows
a simple exampleof a P-Grid tree. Note that, while the
network usesa tree/trieabstraction,the systemis in fact
hierarchy-less,andall peersresideat the leaf nodes.This

avoidshot-spotsandsingle-points-of-failures.

01 : 2
1   : 5

00 : 6
1   : 4

11 : 5
0   : 2 0   : 6

11 : 5 10 : 4
0   : 6

Routing table
(route keys with prefix P to peer X)

00 01 10 10 1100

0

00 01 10 11

1

query(5, 100)

query(4, 100), found!

query(6, 100)

01 : 2
1   : 3

Legend:

Peer X

Data store
(keys have prefix P)

3 4 521

P

6

X

P:X

Figure 1. P­Grid overlay netw ork

P-Grid supportsa setof basicoperations:Retrieve(key)
for searchinga certain key and retrieving the associated
dataitem,Insert(key, value)for storingnew dataitems,Up-
date(key, value) for updatinga dataitem, andDelete(key)
for deletingadataitem. SinceP-Gridusesabinarytree,Re-
trieve(key) is of complexity

���B�C�D
FE

�

E

� , measuredin mes-
sagesrequiredfor resolvinga searchrequest,in a balanced
tree,i.e.,all pathsassociatedwith peersareof equallength.
Skewed datadistributionsmay imbalancethe tree,so that
it may seemthat searchcostmaybecomenon-logarithmic
in thenumberof messages.However, in [2] it is shown that
dueto therandomizedchoiceof routingreferencesfrom the
complimentarysubtree,the expectedsearchcost remains
logarithmic( GIHKJ

�	��


� ), independentlyof how theP-Gridis
structured.Theintuition why thisworksis thatin searchop-
erationskeys arenot resolvedbit-wisebut in largerblocks
thus the searchcostsremainlogarithmic in termsof mes-
sages.This is importantasP-Grid'sorder-preservinghash-
ing mayleadto non-uniformkey distributions.

Thebasicsearchalgorithmis shown in Algorithm 1.

Algorithm 1 Searchin P-Grid: Retrieve(key, p)
1: if LNM O�P�QSR/T�U then
2: return(V:W7X>M O�PZY R/T�U[M\V]P�^_R/T�U );
3: else
4: determinè suchthat LNM\R/T@U�a�`CPb^ LNM O"a�`CP ;
5: r = randomlyselectedelementfrom c=M O(a�`CP ;
6: Retrieve(key, r);
7: end if

� in the algorithm denotesthe peerthat currentlypro-
cessesthe request. The algorithmalways terminatessuc-
cessfully, if the P-Grid is complete(ensuredby the con-
struction algorithm) and at least one peer in eachparti-
tion is reachable(ensuredthroughredundantrouting table
entriesand replication). Due to the de�nition of � and

d

'2egf/hg'*i5'

�

&('*)������ it will always�nd thelocationof apeerat
which thesearchcancontinue(useof completeness).With
eachinvocationof

d

'*egf*hg'*i"'

�

&('*)��B��� thelengthof thecom-
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mon pre�x of �

�

��� and &('*) increasesat leastby oneand
thereforethealgorithmalwaysterminates.

Insert(key, value)andDelete(key) arebasedon P-Grid's
moregeneralupdatefunctionality [5], Update(key, value),
whichprovidesprobabilisticguaranteesfor consistency and
is ef�cient even in highly unreliable,replicatedenviron-
ments,i.e.,
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FE

�

EZj

f/'�����hgk>l5eghgm/��n�l"koeZm/f[� . An insertop-
erationis executedin two logical phases:First anarbitrary
peerresponsiblefor thekey-spaceto whichthekey belongs
is located(Retrieve(key)) andthenthefoundpeernoti�es its
replicasaboutthe insertedkey usinga light-weight hybrid
push-and-pullgossipingmechanism.Deletingandupdating
adataitem worksalike.

Besidessearchfor exactkeys,P-Gridalsosupportssub-
string searchand range queriesof arbitrary granularity,
which arespeci�cally importantin thecontext of discover-
ing Grid resources.In fact,rangequeriescomequitenatural
with P-Grid's underlyingtrie abstraction,which is a com-
mon datastructurein databasesto enablegoodclustering
andef�cient queryprocessing.Given a queryfor a range

p

��q/�@r-q�s wecanuseasequential(min-max) or aparallelstrat-
egy (shower) to resolvethequery. In thesequentialcasewe
just have to locatea peerwhich is responsiblefor ;

�

��q>� us-
ing Retrieve(key, p), andthenstepthroughthe leave nodes
of the trie until we hit a peerresponsiblefor ;

�

r�q]� . The
complexity in termsof messagesfor this approachwould
be
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�
� for locatingthe�rst peerplusonemessagefor
eachpeerin the interval. The parallelstrategy would �rst
determinethe longestcommonpre�x of ;

�

��q>� and ;

�

r�q]� .
Whenthis pre�x hasbeenresolved in the routing process,
therangequeryhasreachedthesub-triethatholdstherange
and thus the query can be forwardedto the peersin the
sub-triein parallel. This requiresa bit moremessagesbut
reduceslatency. Both algorithmsareef�cient in termsof
messagecomplexity, cananswerqueriesof arbitrarygranu-
larity, andareindependentof thesizeof thequeriedrange
andonly dependon thesizeof theresultset.Detailedanal-
ysesof the messagecomplexity of both approachesalong
with an experimentalevaluationof the implementationon
PlanetLabaregivenin [6].

4. Our Approach

Our approachcanbe basedon an overlaynetwork con-
structedandmaintainedby peersparticipatingin a Grid or
peersdevotedexplicitly for resourcemanagement.It may
be suf�cient to use Grid nodesto managethe resources
but dedicatednodesmay improve the overall performance
becausethey areindependentof the Grid's utilization and
load. If dedicatednodesareused,they shouldstill be dis-
tributedamonginstitutionsandacrossadministrativeboard-
ersto avoid asinglepointof failureregardingnetwork con-
nectivity. Thenumberof peerswoulddependonthenumber

of nodesin theGrid andthenumberof usersandjobswhich
canbevery high for P-Grid. With overlaynetworksit is as
well possibleto startwith a smallersetupandaddpeersas
neededwithout requiringrecon�guration. Temporarypeer
failuresdue to hardwaremaintenanceor defectsarecom-
pensatedby thebuilt-in replicationandfailureresilienceof
P-Grid(replicationof dataandroutinginformation).Jobre-
questsandqueriesto �nd suitablejobsmaybeissuedfrom
any peerin theoverlay, i.e.,all peerscanactasentrypoints
providing equalperformancecharacteristics.However, to
avoid overloadinga singlepeer, requestsshouldbe issued
to peersuniformly andrandomlywhich is easyto achieve.

4.1. Job advertisements

In our setup users de�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 everyonemust use the samevocabulary to describe
them. A possiblejob advertisementcould then be given
as CPU_cycles=3500, disk=50MB, mem=1024MB,
advertiser=http://need.cpu.com/job 42. Job
advertisementsare storedin the overlay network and re-
sourceproviderscanlook for matchingjobs they arewill-
ing to process.AssumingthatCPUcycle requirementsare
distributedover a certainrange,differentkey distributions
mustbe handled.To show the applicabilityof P-Grid, we
comparedauniformdistributionof CPUcyclerequirements
which typically is easyto handle,with a highly skewed
Paretoor Zipf distribution, for example,if mostjob adver-
tisementareat the maximumof possiblevaluesand then
sharplydecrease.We chosethesedistributionsto show the
insensitivity of our approachtowardsstandarddistributions
thatcanoccurfrequentlyin practice(P-Grid'sperformance
remainslogarithmiceven for suchskewed distributionsas
describedin Section3). Dueto spacelimitations,however,
wecanonly presentthesetwo extremecases.

4.2. Job matching

Computershaving idle CPUcyclesusetheoverlaynet-
work to �nd thenext suitablejob(s)they canprocess.A job
is suitablefor a computerif it not exceedsthe numberof
requiredCPUcyclesandthecomputerful�lls optionaljob
requirementssuchasdisk space,free memory, etc. How-
ever, theconcreteprocessto decidethis canbehandledby
eachnodeindividually. To �nd a suitablejob, a computer
could useany thinkablestrategy. For example,if a com-
puterwouldonly wantto servicejobsinsideacertainrange
to optimize resourceusageand simplify scheduling,then
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this would result in a simple rangequery. If a computer
would acceptany job up to a given maximum,thenagain
this would bea rangequerywith 0 asthelower boundand
telling theoverlayto only returnacertainnumberof hits to
notoverloadthenetwork (thiscanbeenforcedveryeasily).
Jobadvertisementscouldalsoincludeprioritiesto enablea
computerto selectthemostrelevantone.Oncea matching
job hasbeendiscoveredby any strategy, thecomputerwill-
ing to processit, wouldsimplycontacttheadvertisingnode,
who then can remove the advertisementfrom the overlay
andsendthejob to thenodewhichcontactedit.

5. Experimental evaluation

From the above descriptionof our approachit is clear
that it most critically dependson the ef�cient implemen-
tation of rangequeries. In this sectionwe presentexperi-
mentalresultsfor rangequeryef�ciency from a large-scale
deploymentof P-Grid on the PlanetLab[4] infrastructure.
PalnetLaboffersa planet-widedistributedtestbedfor prac-
tical testingof large-scaledistributed systems. We show
resultsfor bothtypesof rangequeryalgorithms(min-max,
shower) for two extremekey distributions. The implemen-
tation usedin our experimentsis available from http:
//www.p- grid.org/ .

In theexperimentswe useda network of 250peerseach
running on a dedicatedphysicalPlanetLabnode. We in-
serted2500 uniquedataitems into the overlay, i.e., each
peershouldbe responsiblefor 75 data items on average
givenan averagereplicationfactorof 5. Due to this repli-
cationof datawhich is necessaryto compensatefor node
and network failureswe had a total of 12500data items
in the system. To show that the algorithmswork for any
datadistribution, we usedtwo differentdatasets,oneuni-
formly distributedandoneParetodistributed(with a prob-
ability densityfunctionof tvu>w

x=yBz

w

andparameters&{ }| and
l~ €•(H G ) asshown in Figure2. Paretois a typical long-tail
distribution which occursfrequentlyin querydistributions.
We will seein theexperimentsthatP-Grid is insensibleto
suchdistributions due to the ef�ciency of the underlying
load-balancingalgorithmwhich balancesboth storageand
replicationload. We canthussafelyinfer that if theresults
aregoodfor a Paretodistribution, thesystemwill perform
equallywell for otherfrequentlong-tail distributions,e.g.,
Zipf.

Eachpeerselectedrandomly10 dataitemsof a global
set accordingto one of thesedistributions. The peers
thenconstructeda P-Grid which hadan averageheightof
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 „JIH … . Thenrangequerieswhichaffecteddata
from all partitionsof thedatasetswereissued.Thequeries
werestartedfrom randompeerswith randomlower range
bounds,andwereconstructedin away, suchthatthey would
return50,100,150,200,400,and800dataitems.For each
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Figure 2. Data set distrib utions

of thesix answersetsizes,eachof thetwo distributions,and
eachof thetwo algorithms,onequerywasissuedby eachof
the250peers,i.e.,atotalof …

�

•

�

•

�

•�J[G! 8…DG�GDG queriesre-
sultingin 250valuesperdatapoint in the�gures below. The
mainobjective of our experimentswereto demonstratethe
cost/latency trade-off of the algorithms,and to show, that
becauseof theuseof a trie-structuredoverlaynetwork, the
costof rangequeriesis independentof thedatadistribution
andthe sizeof the range,but only dependenton the used
algorithmandthesizeof theanswerset.

Figure 3 shows the costsincurredby rangequeriesin
termsof messagelatency (hops),i.e.,themaximumnumber
of messagesrequiredto hit eachsub-partitionof therange,
i.e.,onepeerin eachsub-partition.Theerrorbarsin theplot
representthestandarddeviation.

0 100 200 300 400 500 600 700 800
0

2

4

6

8

10

12

14

16

size of answer set

ho
ps

shower, uniform
shower, pareto
min max, uniform
min max, pareto

Figure 3. Message latenc y (hops)

On averagewe need3 hopsto reacha responsiblepeer
for both typesof algorithms,but the min-max algorithm
thensuffersa bit from thesequentialtraversalof therange
to reachall sub-partitionsafter reachingthe lower bound.
This leadsto increasinghop countswith increasingrange
sizes,whereasfor theshoweralgorithmthenumberof hops
remainsconstant,i.e., it is ratherinsensitive to the sizeof
the answerset. However, this bene�t comesat thecostof
anincreasein theoverallmessagesasshown in Figure4.

Theshower algorithmrequiresa slightly highernumber
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Figure 4. Message cost

of messagesbut improves latency as it sendsthem to the
responsiblepeersin parallel. Thereforeall peersresponsi-
ble for a rangearereachedafter3 hops(in theexperiment's
setup)independentof the rangesize. Rangequerieswith
an answersetsizeof 50 areansweredmostly by onepeer
becausepeersonaverageareresponsiblefor 50 to 100data
items. It canfurther be seenthat both algorithmsperform
equallywell for bothdatadistributionsandscalewell. An
increaseof theanswersetsizeby a multiplicative factorof
theaveragepeerstoragesizeyields an additionalmessage
onaveragewhich is thebestpossibleresultachievablewith
limited storageavailableat thepeers.

6. Conclusions

We have presentedan approachof using the P-Grid
structuredoverlaynetwork for resourcediscovery in Grids
basedonadvertisingjobsin theoverlay. To demonstratethe
applicabilityandef�ciency of this approach,we presented
experimentalresultsfrom a large-scalePlanetLabdeploy-
mentof our implementation.Fromtheexperimentalresults
we canobserve that theapproachscaleswell, thecostand
latenciesarelow, andthesystemoffersanef�cient decen-
tralizeddiscovery servicein a real-world networking sce-
nario.
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