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Abstract

Rapidadvancementsin processorandnetworkingtech-
nologieshaveled to theevolutionof clusterandgrid com-
putingframeworks.Thesehigh-performancecomputingen-
vironmentsexploit geographically distributed, diverse re-
sourceswith the goal of providing ef�cient computingso-
lutions to all kinds of parallel and distributed applica-
tions. OCEAN(OpenComputationExchange andArbitra-
tion Network)providesa scalablemarket-basedinfrastruc-
ture to such meta-computingframeworks. OCEANaimsto
build a marketplacewhereresourceslikeCPUtime, associ-
atedmemoryusage andnetworkbandwidthare the traded
commodities.Thispaperexplainsthe technical challenges
facedin thedesignof OCEANanddiscussesour proposed
solution.To facilitate �nding suitableresourcesfor buyers,
wedevelopedef�cient matchingandevolutionprotocolsfor
the peer-to-peermatching network. The architecture and
variouscomponentsof OCEANare describedin detail. We
implementedOCEANon Javaand.NETplatformsandde-
scriberesultsfromour preliminaryexperiments.

1. Intr oduction

At no othertime in humanhistoryhave somany people
hadaccessto powerful computingresources.Proliferation
of workstation-classprocessorsandgrowth of high-speed
networks has madeInternet computingpervasive world-
wide. Many of theseresourceslie idle for long periods
of time. Thetotal computingpower in many organizations
mayoftenbeseverelyunder-utilized. Conversely, thereare
many individualsandorganizationsthathave intensecom-
putationsto perform,but only have accessto limited and
restrictedresourcesthatareavailableto executethem.Sci-
enti�c applicationsin domainslike High Energy Physics,

Bioinformatics,Medical ImageProcessingandEarthOb-
servationsoften requiremassive amountsof computation
andstorage.

This overwhelming disparity in resource utilization
induced the development of the cluster[2] and grid
computing[8] paradigms. The key to these high-
performancecomputationalframeworks is effective man-
agementand exploitation of all available computing re-
sources. These infrastructures,often known as meta-
computing systems[16][3], transparentlyintegrate geo-
graphicallydistributedresourcesto providecoordinatedre-
sourcesharing. The conceptof resourcesharing is not
simply restrictedto �le sharing,but rather direct access
to computers,software,data,andother resourcesthat be-
long to multiple institutionsandorganizations.Hencethe
needarisesfor collaborativeproblemsolvingandresource-
brokering strategies. The vision is to greatly increasethe
overallef�ciency of theworld'sutilizationof computingre-
sources,therebyleadingto increasedproductivity.

OCEAN (OpenComputationExchangeandAuctioning
Network) providesa softwareinfrastructureto supportau-
tomatedcommercialbuying and selling of dynamic dis-
tributedcomputingresourcesover the Internet. The major
componentsof sucha market are the users,the computa-
tional resourcesassociatedwith them,and the underlying
marketmechanismsthatfacilitatethetrade.

The goals of OCEAN are twofold: (1) Anyone who
hasunderutilizedcomputationalresourcesshouldbe able
to easilydeploy OCEAN serverswhich canrun otherpeo-
ple's computingtasksfor pro�t, and(2) Any user, with a
creditcardnumber(or othermeansof automatedpayment),
shouldbeeasilyableto buy resourcesfor his distributedor
parallelapplications.

In this paper, we explore the technicalchallengesin-
volved in providing a market-orienteddistributedcomput-
ing infrastructure. Then, we review existing distributed



computingprojects,their mechanismsandhow they com-
parewith OCEAN. Next, we describethe architectureof
OCEAN. We concludewith detailsof implementationand
experimentalresults.

2. Previous Work

Distributed computinghas beenan active �eld of re-
searchfor over two decades. Systemslike Amoeba[18]
andSprite[6] hadgreatimpacton distributedprogramming
paradigm. Recently, therehasbeentremendousresearch
activity in grid computing.TheGrid[8], asit is known, en-
ablesthesharing,selection,andaggregationof awidevari-
etyof geographicallydistributedresourcesincludingsuper-
computers,storagesystems,datasourcesand specialized
devicesownedby differentorganizationsadministeredwith
differentpolicies.

In the last few years,a numberof exciting projectslike
Globus[7] andLegion[10] have developedthesoftwarein-
frastructureandprotocolsneededfor grid computing.Var-
ious distributed computingissueshave beensolved using
thesetools andlibraries. Thesetools have beenvery suc-
cessfulin providing high-performancedistributedcomput-
ing for scienti�c projects like GriPhyN[1](Grid Physics
Network) andiVDgL (InternationalVirtual DataGrid Lab-
oratory).But theseprojectsfall shortof providing a frame-
work for trading(buyingandselling)of resources.

On theotherhand,economicmodelshave beenapplied
to computingin variousways.In 1968,Sutherlanddemon-
stratedhow auctionmethodscanbe usedto allocatetime
to userson the PDP-1Computerin the Aiken Computa-
tion Laboratoryat Harvard University[17]. But Suther-
land'swork failedto addresstheproblemin distributedsys-
tems. Drexler andMiller approachedthis problemin their
paper[13], whichprovidedmarketbasedmechanismsto al-
locatedistributedresourcesandaddressedthe problemof
stabilityof pricing in computationalmarket.

More recently, projectslike Spawn[5] andPopcorn[14]
have explored market basedapproaches. Unfortunately,
many of themarelimited to solving problemsfor speci�c
domainsandaremonolithic in nature. Theseprojectsare
alsonotinter-operablewith currentgrid technologies.Writ-
ing applicationsfor someplatforms(e.g. Spawn andPop-
corn),requirea new programminginterface.Consequently,
developingapplicationsor convertingexisting applications
is moredif�cult.

Nimrod/G[4] is similar to OCEAN in employing market
approachesto grid computing.But it is limited to resource
managementanddoesn't provide a completeinfrastructure
that can be easily deployed on a userdesktop. Ef�cient,
customizablematchingprotocolsfor resourcematchingare
missingtoo.

3. Requirements& Design

Thefollowing arethebroadrequirementsthatdrove the
designof OCEAN.

� Self-evolving, ScalableMatching Network: Providesa
mechanismfor matchingresources.We havechosena
Peer-to-Peermatchingnetworkwith ef�cient evolution
andmatchingprotocols.

� Resourcedescriptionframework: A �e xible andpow-
erful resourcedescriptionframework for describing
variousresourcesis required. The framework should
provideAPIs for writing thesedescriptionseasily. We
have a simple and �e xible framework for describing
resourcesin XML.

� Portable, OpenProtocolsand APIs: For widespread
adoptionof OCEAN for resourcesharing,a portable
andopenimplementationis required.TheAPIsshould
be�e xible andpowerful enoughto exploit variousfea-
turesof OCEAN.

� Interoperability with existing grid technologies: Grid
middlewarelike GlobusandLegion arepowerful and
solvevariousissuesin distributedcomputing.OCEAN
caninter-operatewith thegrid usingtheexisting tools
andtechnologiesfor functionslike datatransfer, com-
municationandsecurity. Notethat,OCEAN provides
a completesystemthat can work as an independent
systemwith outany grid middleware.

� Security: The buying and selling require a secure
framework for billing andcreditingthe users.Mech-
anismsfor encryptingmessagessent over OCEAN
framework arerequired.We have developedanXML
signaturemechanismfor this purpose.

� Easy Deployment: Since OCEAN will be used by
naive usersaswell asby sophisticateduserslike sci-
entists,it is essentialthatdeploying anOCEAN node
beeasy.

4. Ar chitecture

TheOCEANis composedof OCEANnodes.Eachnode
canact asa buyer or selleror both. The primary compo-
nentsof OCEAN can be divided into two parts: Market
componentsandTransportcomponents.The market com-
ponentsarematching,negotiationandaccounting. These
provide the market framework for resourcesharing. The
transportcomponentsincludedmobility, securityandcom-
munication. Theseprovide featuresfor transportingmes-
sagesandjobs securely. Note that,OCEAN is interopera-
ble with existing grid infrastructurelike Globus. OCEAN



providesa market-orientedframework that canbe usedto
enhancetheservicesprovidedby variousgrid middleware.

Theapplicationsmake useof OCEAN market services,
which in turn usetransportservices.Thetransportservices
areimplementedusingexisting runtimeplatformsandspe-
ci�c languageenvironments.

4.1. Interaction Among Components

For a potentialbuyer, the Matching layer of the Ocean
Node serves to locateand rate resourcesavailable on the
network. It doessoby sendingsearchrequestsoutandthen
collectingsearchhits it receives.It thenorganizesthesehits
basedon their possibleutility andgivesthebestonesto the
NegotiationLayer.

The Negotiation layer startsa contractingprocesswith
the desiredhostor hostsfor the buyer. Negotiationeither
producesa contractor fails. If a contractis produced,then
theMobility Layeris noti�ed of thetaskandit canmigrate
to andspawns the job. If the contractis not producedthe
Negotiationlayer asksthe Matchinglayer for morepossi-
ble sellers. Upon completionof the task, transferringof
fundsis carriedoutby theNegotiationlayerandthecentral
accountingserver. In the following sections,we seeeach
componentin detail.

4.2. Matching

Thematchingnetwork is thecoreof OCEAN providing
a framework for buying andselling of resources.Match-
ing componentis responsiblefor maintainingthematching
network. Thematchingcomponentincludesa resourcere-
quest/descriptionlanguage,resourcematchingandsearch-
ing algorithms, PLUM (Peer List Update Manager) for
trackingthe list of peers,andnetwork evolution andopti-
mizationalgorithms.

4.2.1 ResourceRequest/DescriptionLanguage

We have de�ned an XML-based constraintlanguagefor
matchingtheneedsof resourceusersto theofferingsof re-
sourceproviders. The languageis very generalandcanbe
easily extendedto describeany type of resourcerequire-
ments, including constraintson the CPU, memory, disk,
network bandwidth,auxiliary hardware,software runtime
environment,auxiliary libraries/databases,aswell asvari-
ous constraintson the acceptablesalesagreementdetails,
such as price details (currency, units), schedulefor us-
ageof resources,limits on use,methodof payment(play
money, OCEANaccounttransfer, intra-organizationaljour-
nal transfer, OFX,PayPal, e-Gold,digital cash,creditcard),
meansof payment(direct transfer, OCEAN-mediated,es-
crow throughOCEANCAS)andscheduleof payments(up-

front, on-delivery, post-hoc,periodic).Eachapplicationus-
ing or providing resourcescandecidehow many constraints
to specifyup-front in a tradeproposalfor usein the dis-
tributedP2Pmatchingsystem.

To reducethe computationaldemandon the matching
system,thesemanticsof theconstraintlanguageis keptvery
simple(specifyingonly abooleancombinationof minimum
constraintsthatmustbesatis�ed). More involved(Turing-
universal)custommatchingcriteriacanbeappliedlaterby
thebuyerandsellerin thenegotiationstage,if desired.The
matchingprocesseventually leadsto a one-on-onenego-
tiation betweenbuyer and seller, at which point complex
customstrategiesfor dealoptimizationcanbeused.

We areexploring variouswaysof representingthecom-
plex requirementsof users. A requestfrom a buyer for
an accessagreementallows him to leasea certainpack-
ageof resourcesif accepted.The useof inequality con-
straintson the numericvaluesof variousparameters,to-
getherwith booleancombinations(conjunction/disjunction)
thereof,will be processedby the matchingsystemat each
node, to determinewhetherany of the locally-available
tradeproposalsarecompatiblewith thegivenproposal.For
buy tradeproposals,any unspeci�eddetailsareassumedto
beunconstrained,whereasfor sell tradeproposals,only the
explicitly speci�eddetailsareassumedto beavailable.

4.2.2 Matching/Searching Protocols

Thematchingmodulepropagatesthebuyer'stradeproposal
toasubsetof itspeers,in afashionintendedto maximizethe
numberof matchesfound,while limiting theresourcescon-
sumedin the matchingsystem. A successfulmatchleads
to communicationof the matchingtradeproposalback to
the buyer, and possibleinitiation of detailednegotiations
betweenthebuyerandseller.

Ef�cient protocols for messagepropagation in the
matchingnetwork are essentialfor quick matching. We
have developeda protocolcalledMarcoPolo(namedafter
theswimming-poolgame)for matching.It is basedonundi-
rectedpeeringrelationshipsbetweennodes,which consti-
tute mutualagreementsto directly processand/orforward
network searchrequestsfrom eachother. A nodejoins the
network by queryinganinitial peer, which, if its peerquota
is full, pushesthenew nodefurtherout towardsthenetwork
edges.A nodecanconvenientlyretrieve a list of all nodes
thatarelocatedwithin n peeringhops(Who'sthere?) broad-
cast,to which all nodeswithin thegivenrangereply with a
Polo (Hello I'm here) response.For a detailedaccountof
MarcoPolo,see[11].

A nodecan graduallyoptimize its location in the P2P
network by modifying its set of active peeringarrange-
ments,soasto belocatednearby(within few hops)of nodes
thathavearecordof pastmatchingsuccess.Thisis doneus-



ing theoptimizationalgorithmdiscussedin thenext section.
To ensurethat messagesdo not live forever, andto de-

creasetheoverall communicationloadon eachnode,mes-
sagesaregivena maximumnumberof hops(time-to-live),
whichthey cantravel. Eachtimeamessagetravelsalink its
time-to-live is decremented.Messagescontinueuntil their
time-to-live is zero.

Eachhop exposesone's requeststo a new setof peers.
Dueto theexponentialgrowth of communicationwith each
hop,many nodescanbereachedquickly. However, in this
dynamicP2Pnetwork, eachnodeis limited to communi-
cation with a subsetof the total nodesavailable. Nodes
communicateall requestswith their direct peers,and the
requestsarethenpropagatedvia thesedirect links to even
more nodes. If the peeris very discriminating,or if it is
lookingfor arareresourceonsuchanetwork,many desired
matchesmay exist which areout of its reach. Becauseof
this, it is in thebestinterestof a nodeto maximizetheuse-
fulnessof this subset.This is thefocusof theself evolving
nodes.

A nodeonly hasdirectcontrolof thedirectpeersit con-
nectsto. Choosingthesepeerswisely basedon their utility
helpsimprove overall performancefor a node. This utility
includesbothadirectpeer'sability to provideaserviceand
thatpeer's connectionsto otherpeerswhich canprovide a
service.

4.2.3 PLUM (PeerList UpdateManager)

For theevolution of thematchingnetwork, every nodehas
to maintaininformation aboutother peers. The basicre-
quirementsareasfollows.

1. Having eachnodecollectstatisticsonits peersin order
to evaluatetheir effectivenessat handlingrequests.

2. Forwardingrequests�rst to thosepeersthat aremost
likely to beableto handlethemsuccessfully.

3. Reducingthenumberof hopsthatmessagesmusttra-
versebetweenbuyersandsellersby allowing nodesto
learnaboutthepeersof peersthatareparticularlyef-
fectiveat handlingtransactions.

4. Allowing statisticsto decayover time so as to bias
themtowardsmorerecentdata(soasto morerapidly
accommodatechangesin performance).

5. An incentive systemthat rewardsnodeoperatorsfor
tuning their nodesfor maximumeffectivenessin the
distributedalgorithm.

The adaptive peerlist having thesecharacteristicsis man-
agedby PLUM (PeerList UpdateManager). It maintains
thedatastructuresusedby evolutionprotocolsexplainedin
the next section. It alsoperiodicallyprobesthe peersand
collectsinformationaboutbandwidth,latency etc.

4.2.4 Evolution and Optimization Protocols

Weexploredtwo evolutionalgorithms,whicharedescribed
below.

Wave Algorithm : Thealgorithmseeksto maximizethe
effectivenessof directpeersby establishingaratingfor each
direct peer. This rating is directly basedon the historical
dataof successfulsearchesand the numberof hits. This
algorithmis alimited implementationof completeevolution
algorithm(MPF)describedin anearlierpaper[9].

Theratingis obtainedfrom thefollowing formula:
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Over time thenumberof successesandattemptsarede-
cayedby a fractionto insurethatresultsarebiasedtowards
newerdata.

Theevolutionprocedureis asfollows

� Starteachdirectpeeroutwith numberof successesand
numberof attemptsat zero.

� Eachsearchaddoneto theattemptscounterandeach
successaddoneto thesuccessescounter.

� OverTimedo thefollowing:

– Decaythenumberof attemptsandsuccessesby a
small fractionevery few secondsto ensuremore
recentdatait weightedmoreheavily.

– Every200or sodecays:
1 Make a decisionto remove the worst per-

formingdirectpeer.
1 Obtain the peerlist of the bestperforming

peer.

This algorithm has the advantageof being straight-
forward andso requireslittle book-keeping. On the other
hand,full MPF algorithm[9] may producebetterresultsat
thecostof moretimeandcomplexity.

Undertow algorithm: This is anotheralgorithmwhich
seeksto maximizetheeffectivenessof directpeers.It mea-
sureshow well eachdirectnodeis performingandtheuse-
fulnessof the pathof peersit makesavailable. The num-
berof peersavailablethrougha directpeerat a certainring
is obtainedusinga hop-targetedMarco Messageandthen
searchrequestsaresentto this ring to determinetheireffec-
tiveness.Like thepreviousalgorithm,this methodobtains
possibleserviceproviders in the process,however it is a
shorttimehistoryapproach.

Theevolutionprocedureis asfollows:

� Measuretheeffectivenessof directpeersby sendinga
setof searchmessagesto eachandobtaintheirsuccess
ratio.



� For eachhopup to thetime to live:

– Sendout a hop targetedMarco via eachdirect
peerto the currenthop. RecordPolo responses
to obtain the numberof nodesavailable though
this peer.

– Sendout a setof hop targetedSearchmessages
via eachdirectpeerto thecurrenthop.

– If anindirectpeerdrasticallyoutperformsthedi-
rect peer, attemptto make it a direct peerand
dropthecurrentdirectpeer.

This algorithm also hasthe advantageof being simple
andrequireslittle bookkeeping.On theotherhand,It takes
time andactive work to obtain the numberof direct peers
for eachring, and it also initially limits your searchesto
only a subsetof thereachablepeers.

4.3. Negotiation

Whenthe matchingcomponentreturnsmultiple results
from potentialsellers,thereis a needfor negotiation. The
Negotiation componentprovides automatedand manual
mechanismsfor resourcenegotiation. The automationof
negotiationsis not a new concept.Maeset al.[12] of MIT
medialabputnegotiationatthecenterof theconsumerbuy-
ing behavior (CBB) modelfor e-commerce.Rosenscheinet
al.[15] givesmany goodexamplesof negotiationstrategies.
But, a standardsetof rulesexpressedin succinctform for
resourcenegotiationarelacking.

Wehavedeveloped�e xibleXML basedmechanismsthat
allow usersto dynamicallysetuprulesfor negotiation. We
alsoimplementedtwo basicnegotiationprotocols:yes-no,
andstaticbargain.

In theyes-noprotocol,thefollowing arethesequenceof
eventsthathappen.

1. After buyerreceivesmatchingresources,shesendsher
offer as a contractin the contractspeci�cation lan-
guageto sellers.

2. Thesellerveri�es thecontractandchecksto seeif all
theelementsin thecontractmatchhis speci�cations.

3. If everythingis in orderthesellerupdatesthestatusof
thecontractto “Accepted”andsendsbackthecontract
to the buyer. If somethingis wrong, that is, if some
elementsin the contractdon't match, then the seller
updatesthestatusof thecontractto “Rejected”andin-
cludesthe rejecteditemsin the contractalongwith a
reasonwhy they wererejectedandsendsbacktheup-
datedcontractto thebuyer.

4. Thebuyerreceivestheupdatedcontractandchecksthe
statusof the contract. If the contractis “Accepted”.

thenthebuyersignsthecontractandsendsthesigned
contractbackto theseller. If thecontractis “Rejected”,
thebuyereithergoesonto thenext sellerin the list or
tries to take careof the rejecteditemsandsendsback
an updatedoffer back to the sameseller. The seller
treatsthis updatedoffer asanew offer.

5. If the seller receives a signedcontract, it makes all
the necessarychecksagainandif everythingis in or-
der, countersignsthecontractandsendsit backto the
buyer. If anything is wrong the contractstatusis up-
datedto “Rejected”andsentbackto thebuyer.

6. Whenthe buyer receivesthe counter-signedContract
it takesthenecessarystepsto startthedeal.

NegotiationusesXML signaturemechanismsprovided
by OCEAN'ssecuritycomponentfor signingthecontracts.

As you canseetheyes-noprotocolhastwo phases.The
tradingpartnerscometo agreementon the contractin the
�rst phase.Thesigningof thecontractsconstitutesthesec-
ond phase. This designwas decidedupon to provide the
buyerwith moreleverage.A buyercansimultaneouslybe
negotiatingin the�rst phasewith severalsellersat thesame
time. Onceshegetsbackseveraloffers thebuyercanthen
chooseaselleraccordingto herliking andsealthedealwith
thatsellerby signingthecontract.

In thestatic-bargainprotocols,thesequenceis similar to
theyes-noprotocolabove. Prior to negotiation,eachtrader
mustspecifythebargainingrules.Theserulesarespeci�ed
asanXML document.A contractreturnedfrom theSeller
maybelabelled“Negotiate” in additionto “Accepted”and
“Rejected.” In a “Negotiate”document,thesellerspeci�es
thoseresourceswhich werenot accepted.The buyer can
thenreconstructthe requestdocumentandresend,or con-
tinueto attemptto negotiatewith thenext matchedpeer.

In theStaticBargainprotocolarulesdocument(XML) is
usedto make dynamicdecisionsduringnegotiation.When
theuserselectsStaticBargainprotocolin theinitial con�g-
uration, the usermust set up his negotiation rules. Once
the rules have beensetup the usermakeshis negotiation
decisionsbasedon therulesdocument.

When the negotiation takes place,the rule enginewill
make decisionsandtakesactionsbasedon the facts. The
advantageof using an expert systemshell is that we can
make thesystemto learnfrom previousnegotiations.

4.3.1 Naming

TheNamingcomponentis responsiblefor nameresolution
in theOCEAN systemnetwork. TheCommunicationcom-
ponentreliesheavily on this component.It is undesirable
for componentsto refer to OCEAN nodesstrictly by their
IPaddresses,sinceIPaddressescanchangeandbeobscured
by �re walls. Moreover, in grid frameworksthereis a need



to locatenot just computersin the network, but alsoother
entitiessuchascomputingtasks,data,andotherresources.
Namesof OCEANresourcesaresyntacticallyde�nedasex-
tensionsto the URL/URI standard. Any resourcecan be
locatedusingapath-namingschemeasshown in Figure3.

Eachhostnameor IP address,following the�rst, maybe
a privatehostname(or IP addresson a privateintranet)of
a machinereachablefrom theprecedinghost.Sucha nam-
ing schemehelpsin reachingany targetmachineor entity,
whetheror not it hasa public, staticIP address.Messages
areforwardedalongthedesignatedpathuntil they reachthe
eventualdestination.This is equivalentto usingIP asa link
layerprotocol,andbuilding a network-routinglayeron top
of it, to get throughthebarriersseparatingdifferentIP ad-
dressspaces.

4.3.2 Mobility - TSM (Task Spawningand Migration)

We have developeda light weight task spawning andmi-
gration mechanismfor OCEAN. The Task Spawning and
Migration (TSM) componentis responsiblefor codemo-
bility acrossremoteOCEAN nodeserversandmonitoring
task execution. Dependingon when a task is scheduled
for execution,theTSM subsystemspawnscomputingtasks
on remoteservers and monitorstheir execution. This in-
cludestransferof computationaltasksto allocatednodes,
settingupof executables,checkingaccesspoliciesandper-
missions,creatingadequateexecutionenvironments,initial-
izing taskexecution,passingarguments,and�nally manag-
ing tasktermination.

OCEAN tasksthat form the partsof a userjob canbe
migratedto a remotemachine.Thecode(compressed�le),
which is migrated,includesa taskdescription,executable
classesthat comprisetheactualwork thatneedsto beper-
formedandauthenticationinformationin theform of digital
signaturesandcerti�cates.In thecurrentversion,tasksthat
arenot serializablecannotbemigrated.

4.3.3 Security

Securityis oneof themajorissuesdiscussedduringthede-
signof OCEAN.It needsspecialattentionin any distributed
systemin generalandautomatedcomputationalmarketsin
particular. The Securitycomponentin OCEAN works in
conjunctionwith the Matching,NegotiationandAccount-
ing components.It comesinto playevery timeamessageis
sentout or an incomingmessageneedsto bevalidated.At
presentonly the contractsarebeingsignedandvalidated.
But in the future versionseven the matchingrequest,and
thenegotiationtransactionsmight besignedfor greaterse-
curity.

We have developedan XML SignatureModule (XSM)
for securityof XML messagessentover OCEAN network.

Theprimaryreasonfor usingXML digital signaturesin se-
curity componentfor securingtransactions,which other-
wise canbe handledby SSL, is to ensurepermanentnon-
repudiabilityandimpossibilityof forgery. XML signatures
ensurethatapplicationlayerattackssuchasrepudiationof
authorshipcan be prevented. A secondaryreasonfor us-
ing XML signaturesis to enablethesigningof selectedele-
mentsof acontract.

The XSM consistsof two protocols: Registrationand
SigningandValidationProtocols. The implementationof
XSM is carriedout in accordancewith the recommenda-
tions passedthe joint proceedingsof a W3C and IETF
workinggroup.Foradetailedaccountof designprocessand
security issuesthat are identi�ed and solved, seeSahib's
thesis[19]. The thesisalsopresentsan excellent literature
survey of existing securitymechanismsin distributedsys-
tems.

5. Implementation

We have implementedOCEAN both on Java and .Net
platforms. The idea is to show that OCEAN canbe built
on varying platformswith equalease. In both the imple-
mentations,our goalwasto provide a basicframework, on
top of which, complex protocolscanbe developed. Each
componentin OCEANcanbecompiledandrun asa single
entity. For example,the TSM componentcanbe usedby
normalapplicationsfor migratingjobswithout theneedof
othermarketcomponents.We areworking onexposingthe
marketservicesaswebservices.

In boththeimplementations,we have developedtheba-
sicmatching,negotiationandevolutionprotocolsdiscussed
in section4. The communication,mobility and security
modulesall provide the basicservicesexpectedof them.
Morework needsto bedonein migratingrunningjobswith
statefulinformation.TheAccountingmoduleis fairly com-
pleteandprovidesa gateway to the�nancial world.

6. Experimental Results

We have donesimulationsusingthe OCEAN matching
network for measuringthe performanceof our protocols.
We created60 nodeswith varying mix of seeker(buyer)s
and provider(seller)s. For matching,we useda synthetic
matching criteria shown in Figure 3. The servicess1
throughs5 representgenericserviceswhich the nodesat-
temptto match.Eachseekersearchesfor aservicewith the
probabilitydistribution shown. Thesupplyanddemandfor
resourcesin thenetwork arevariedasfollows.

� 30%seekerto providerratio- 30%of nodesin thenet-
work areseekers



� 70%seeker to providerratio- 70%of nodesin thenet-
work areseekers

All threeprotocolssimplenet(network with marcopolo
matchingwith noevolutionalgorithms),waveandundertow
aretestedwith 50 samples.Resultsareshown in Figures1
and2.

Figures1(a)and1(b) show searchperformancefor 30%
and70%mix. Bothwaveandundertow performedbetterfor
30%mix. Thisis promisingbecausethemostlikely mix for
OCEAN seemsto bemany providersandfew seekers. On
theotherhand,wave performedpoorly for 70%mix dueto
low successratefor theseekers' attempts.

Figures2(a) and 2(b) show matchperformanceon the
provider side. As you cansee,thereis little changein the
performancefor either 30% or 70% mix with or without
evolution protocols.We areexploring the ideaof provider
evolutionfor improvingmatchperformanceontheprovider
side.Wewould liketo cautionthattheseresultsareprelimi-
naryandwearebeginningexperimentswith realmachines.

7. Future Work

We brie�y discussconceptsthat we plan to explore in
future versionsof the OCEAN. We have provided a basic
framework with simpleand�e xible protocolsfor exploring
market-orientedapproachesfor distributedcomputing.We
envision developmentof complex protocolson top of this
framework.

We are exploring a more versatilemethodof handling
resourcerequestsvia a matchscheme.MatchSchemesare
simplenamedprotocolswhich allow reviewersof requests
to interpret the dataas the searcherintended. Userscan
havemultipleMatchSchemesinstalledandhandlerequests
for all simultaneously. Match Schemesprovide both the
ability to build searchrequestsfor seekersandamethodfor
comparisonof local resourcesandrequestedrequirements
for providers.

Weareplanningto exploreandinterestingconceptcalled
“Peerranking”. This is similar to rating systemsavailable
onEbay.com,Epinions.comandResellerratings.com.Each
peerranksthe peersthat participatedin the tradedepend-
ing on its interactionwith them. It is importantto have a
“collusion-proof”mechanismfor theranking.

We are developing web serviceson top of OCEAN
framework. Currently, the CAS(Central Accounting
Server) canbe accessedasa web service. We would like
to standardizeand provide matchingandnegotiationweb
services.

8. Conclusions

We have describeda framework for a market-basedap-
proachto distributedcomputing.We have identi�ed there-
quirementsand technicalchallengesin suchan approach.
A distributedscalablepeer-to-peermatchingnetwork with
ef�cient matchingandevolution protocolsis proposedfor
�nding distributedresourcequickly. The architectureand
variouscomponentsthat form thebasisof OCEAN arede-
scribedin detail.

The authorswould like to thankpastandpresentmem-
bersof OCEAN for their valuablecontributionsandcom-
ments.
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Figure 1. Search Results
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Figure 2. Match Results

Figure 3. Matching Probability Distrib ution

Figure 4. Legend


