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Abstract

Dynamic, heterogenousand distributively owned re-
sourceenvironmentspresentuniquechallengesto theprob-
lems of resource representation,allocation and manage-
ment.Conventionalresourcemanagementmethodsthatrely
onstaticmodelsof resourceallocationpolicyandbehavior
fail to addressthesechallenges.We previouslyarguedthat
Matchmakingprovidesanelegantandrobustsolutionto re-
sourcemanagementin such dynamicandfederatedenviron-
ments.However, Matchmakingis limitedby its purelybilat-
eral formalismof matching a singlecustomerwith a single
resource, precludingmore advancedresourcemanagement
servicessuch as co-allocation. In this paper, we present
Gangmatching, a multilateral extensionto the Matchmak-
ing model,anddiscusstheGangmatchingmodelandits as-
sociatedimplementationandperformanceissuesin context
of a real-worldlicensemanagementco-allocationproblem.

Keywords: distributed resource management,match-
making, gangmatching, heterogenouscomputing, Condor

1. Intr oduction

Federateddistributedsystemspresentnew challengesto
resourcemanagement.Conventionalresourcemanagersare
basedonarelatively staticresourcemodelandacentralized
allocatorthat assignsresourcesto customers.This model
doesnot adaptwell to highly dynamicenvironmentschar-
acterizedby distributedmanagementanddistributedowner-
ship. Distributedmanagementintroducesresourcehetero-
geneity: Not only thesetof availableresources,but eventhe
setof resourcetypesis constantlychanging[3]. Distributed
ownershipintroducespolicy heterogeneity: Eachresource
may have its own idiosyncraticallocationpolicy. We pre-
viously arguedthat Matchmakingprovidesan elegantand
robust solution to the problemof heterogeneousresource
managementin dynamic, distributed environments[13].
Matchmakingprovidesapowerful languagefor aconsumer

to expressconstraintsandpreferencesonaresourceandfor
theresourcetoexpressconstraintsandpreferencesonacon-
sumer.

But Matchmaking has an important limitation: It
matcheseachcustomerwith a single resource. In many
important applicationdomains,a collection of resources
may be requiredto perform an action. Often, complex
consistency requirementshold betweenthe consumerand
the resources,and amongstthe resources. This paper
presentsGangmatching,a formalism that extendsMatch-
making from a bilateral to a multilateral model, and dis-
cussesthe implementationandperformanceissuesassoci-
atedwith Gangmatching.

We begin with a brief introductionto Matchmakingin
Section2,andcontinuein Section3 with adiscussionof the
necessityof a multilateralmatchmakingmodelby present-
ing a real-world multi-resourceproblemthat hasno prac-
tical bilateralmatchmakingsolution. We thenpresentthe
Gangmatchingmodel in Section4 anddiscussimplemen-
tationandperformanceof theGangmatchingmodelin Sec-
tions5 and6 respectively. Relatedwork is presentedin Sec-
tion 7 andfuturedirectionsareidenti�ed in Section8.

2. Matchmaking

Theunderlyingideasof thematchmakingparadigmare
intuitiveandverysimple.In thissection,webrie�y describe
the fundamentalprocessesandcomponentsof our match-
makingframework. Interestedreadersarereferredto [13]
for furtherdetails.

Agentsdescribetheir capabilitiesand requirementsby
sendingmessagesto aMatchmaker. Thesemessages,which
we call classi�ed advertisements(classads)in analogyto
their newspapercounterparts,containboth descriptive in-
formationaboutentitiesandpolicy constraintson compat-
ible matches. The Matchmaker �nds compatiblepairs of
classadsandinformsagentsof theresults.Theagentsmay
thenusebilateralprotocolsto establishbindingsbasedon
theseresults.For example,Submissionagentsmay inform
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theMatchmakeraboutJobswaitingto berun,while Execu-
tion agentssendclassadsdescribingMachinesandtheirca-
pabilities.EachJobclassaddescribesthecharacteristicsof
theJob,constraintsonMachinessuitablefor runningit, and
preferencesto chooseamongcompatibleMachines.Simi-
larly, eachMachineclassadmayimposeimposeconstraints
and indicatepreferencesamongJobsit is willing to run.
Whenthe Matchmaker �nds a compatible(Job,Machine)
pair, it informs the correspondingSubmissionandExecu-
tions agents,which thenengagein a claiming protocol to
cementtherelationshipandstartrunningtheJob.

Ourmatchmakingframework is composedof thefollow-
ing components:

1. A languagefor specifying the characteristics,con-
straintsandpreferencesof agents.Ourframeworkuses
theclassi�edadvertisement(classad)languagefor this
purpose.Classadsaresemi-structured[10] recordsof
(name; expression) pairs which may be thoughtof
as“attribute lists” thatdescribeagents.The language
hasspecialunde�ned anderror values,aswell asspe-
cial operatorsemanticsto operaterobustlyin heteroge-
neousandsemi-structuredenvironments.

2. TheMatchmaker Protocoldescribeshow entitiescom-
municatewith theMatchmaker to postadvertisements
andreceivenoti�cations.

3. The MatchmakingAlgorithm is usedby the Match-
maker to creatematches.In the abstract,the match-
makingalgorithmtransformsthecontentsof submitted
advertisementsandthestateof thesystemto thesetof
matchescreated.

4. Claiming Protocols are activated betweenmatched
partiesto con�rm the match,establishthe allocation
andutilize the advertisedservices. Either party may
chooseto withdraw from amatchby rejectingaclaim,
whichmayhappenif thestateof theagenthaschanged
sincethelastadvertisementwasposted.

The �e xibility and expressivenessof the classadlan-
guagegreatlycontributesto theeffectivenessof ourMatch-
making framework. Figure 1 shows a classaddescrib-
ing a workstationin theUniversityof Wisconsin–Madison
Condor [7] pool.1 While most attributes in the classad
describethe machine's characteristics,the Constraint
andRank identify the advertisingentity's constraintsand
preferences—i.e.,the entity's policy. When testing the
compatibilityandpreferencesof two advertisementsA and
B , the Matchmaker placesthe two advertisementsin an

1TheWisconsinCondorpool is currentlycomposedof over900nodes,
runningseven differentarchitecture/operating systemcombinations.The
pool is usedcontinuouslyasa productionsystemto provide computation
servicesfor severalresearchprojects.

evaluationenvironmentsuchthatin classadA, thereference
other evaluatesto B , andviceversa. If A.Constraint
andB .Constraint bothevaluateto true, thetwo adver-
tisementsaredeemedcompatibleandtheRank expressions
of A andB maybeevaluatedto determinetheir respective
preferences.

The classadlanguagespeci�es the syntaxand seman-
tics of theexpressionsin Figure1, while thematchmaking
protocolandalgorithmgivespecialsigni�canceto thekey-
wordsConstraint , Rank, andother . All policy in-
formationis expressedin theRank andConstraint ex-
pressions;the classadlanguageandmatchmakingprovide
themechanismfor enforcingit. For example,theworksta-
tion in Figure1 hasthefollowing policy: Jobsbelongingto
user“rif fraff ” areneveraccepted,andjobsareonly serviced
whenthe machinehasa low load averageand its console
hasbeenidle for at least�fteen minutes.Furthermore,jobs
with low imagesizesarepreferredbetween9amand5pm.

[
Type = "Machine";
Activity = "Idle";
KeybrdIdle = '00:23:12'; // h:m:s
Disk = 323.4M; // mbytes
Memory = 256M; // mbytes
State = "Unclaimed";
LoadAvg = 0.042969;
Mips = 104;
Arch = "INTEL";
OpSys = "LINUX";
KFlops = 21893;
Name = "foo.cs.wisc.edu";
Subnet = "128.105.175";
Rank = DayTime() >= '9:00' &&

DayTime() <= '17:00' ?
1/other.ImageSize : 0;

Constraint = other.Type=="Job" &&
other.Owner!="riffraff" &&
LoadAvg < 0.3 && KeybrdIdle>'00:15'

]

Figure 1. Classad describing a Machine

Many interestingandusefulpoliciesmay be easilyde-
�ned within this framework; interestedreadersarereferred
to reference[14] for moresophisticatedexamplesderived
from thepoliciesof real-world usersof theCondorsystem.

3. Moti vation for Gangmatching

Oneof the�rst indicationsof practicallimitationsto bi-
lateralmatchmakingarosein thecontext of Condor. A Con-
dor userhadpurchasedlicensesfor varioussoftwarepack-
ages. Jobsthat usesuchpackagesneedto allocateboth a
machineanda licensebeforethey canrun. Licensingterms
imposea variety of constraintson runninginstancesof an
application. For example,in addition to issuinga limited
numberof licenses,somelicensesmay be valid only on
someworkstations,while othersmay be valid on certain
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subnets.Otherlicensesmay“�oat” throughoutthesite,but
onceclaimedonaparticularmachine,maybevalid for sev-
eral instancesof the applicationon that machine. In the
context of suchpolicies,it becomesnecessaryto treatsoft-
warelicensesasresourcesthat mustbe managedwith the
samedegreeof �e xibility androbustnessasotherresources
in a resourcemanagementsystem.

Due to the dependenciesbetweenjob, workstationand
license,conventionalbilateral matchmakingis inadequate
for solving this problem. An attemptto work aroundthe
problemmight usetwo interactionswith the Matchmaker.
On the �rst round, the submissionagentwould submitan
ad describinga Jobandseekinga matchingMachine. On
receiving aresponse,it couldthensendanaddescribingthe
(Job,Machine)pairandlookingfor asuitablelicense.How-
ever, if licensesarein shortsupply, the�rst matchmight tie
upamachinefor lengthyperiodswhilewaitingfor alicense.
In theworstcase,deadlockis possible.A similar problem
arisesif theSubmissionagentrequeststhe license�rst and
thenthemachine.Strategiesthatallocateoneresourceand
subsequentlyfree it if the other other is not available are
highly inef�cient and can lead to livelock and starvation.
The needfor a matchmakingschemethat can marshala
consistentaggregationof dependentclassadsin an atomic
operationis thereforeclear.

It is importantto notethatwearenotmerelyproposinga
mechanismto solvespeci�c licensemanagementscenarios,
which may be individually solved by ad hoc mechanisms
thataresimplerthanour Gangmatchingsolution.Our goal
is to developa singlemethodof multilateralmatchmaking
thatis agnosticto thekindsof resourcesbeingmatchedand
thuscapableof marshalingconsistentresourceaggregates
whosecompositionandinter-dependenciesarenot known
to theMatchmakera priori .

4. The GangmatchingModel

Thechallengeof developingamultilateralmatchmaking
modelis in de�ning a solutionthatinheritsandextendsthe
full generalityof the bilateralmatchmakingscheme.The
powerof theMatchmakingmodelis in managingresources
whosepropertiesand dependenciesare not known a pri-
ori. In direct analogy, we requiredour multilateralmodel
to beableto marshalcandidategroupsin whichthespeci�c
kindsof candidatesandtheir inter-dependenciesarede�ned
only by thecandidatesthemselves. Therearemany conse-
quencesof this requirement.

Themostimportantrequirementof amultilateralmatch-
makingmodel is a schemeto expressthe needto marshal
anarbitrarynumberof candidates.Sincenocentralschema
is legislated,it is importantthat the “interfaces”of these
differentcandidateresourcetypesbe separatedto prevent
namespacecollisions and ambiguity. Next, the solution

must provide the ability to relatethe propertiesof multi-
plecandidatesthrougharbitraryconstraintsde�ned oncan-
didateindividualsand groups. Sincethe constraintsmay
themselvesbede�ned in differentadvertisements,amecha-
nismmustbeprovidedfor propertiesaboutsomecandidates
to be conveyed to other candidateswho might not know
the full compositionof the group. For example,a com-
puteserver mayneedinformationabouta data�le without
knowing if the�le datais expressedaspartof theuser's job
attributes,or if the useris marshalingin a replica from a
storageserveraspartof themultilateralmatch.Finally, the
solutionmustbeamenableto ef�cient implementation.

Gangmatchingis our solutionto themultilateralmatch-
makingproblem.TheGangmatchingmodelfollowsadock-
ing paradigm,whereaggregate“gangsof classads”arecre-
atedby binding together(i.e., “docking”) individual clas-
sadswith a matchingoperation.Intuitively, Gangmatching
extendsregularmatchmakingby replacinga classad's sin-
gle implicit bilateralmatchimperative with an explicit list
of requiredbilateralmatches,with theadditionalability of
allowing classadsto accessinformationfrom otherbilateral
matchlocalities.

Eachbasicdocking operationoccursbetweenports of
classads. The port abstractionserves multiple purposes.
First, portsserve asmatchmakinginterfaces,allowing in-
formationto beprovidedto candidatesindependentof how
the informationis generated(i.e., someconstantvalue,or
from propertiesof othercandidatesin the gang). Second,
theportabstractionseparatesthenamespacesof candidates,
andprovidesa namingschemethatallows thepropertiesof
candidatesto beaccessedfrom otherlocalities.Finally, the
abstractionimposesa structureon the aggregategangthat
simpli�es the de�nition andimplementationof algorithms
thatoperateon theentiregroup.

We introducethe Gangmatchingmodel by discussing
the licensemanagementproblemin context of thecompo-
nentsof amatchmakingframework: classadrepresentation,
matchmakingalgorithm,matchmakingprotocolsandclaim-
ingprotocols.Morecomplex examplesof thecapabilitiesof
theGangmatchingmodelareprovidedin reference[12].

4.1. ClassAdRepresentation

The classadrepresentingthe job in the licensemanage-
mentproblemis illustratedin Figure2. The mostnotable
featureof theexampleis thePorts attribute. A classad's
portsde�ne thenumberandcharacteristicsof matchingads
requiredfor thatclassadto besatis�ed. In theGangmatch-
ing model,bilateralmatchmakingoccursbetweentheports
of classadsinsteadof entireclassads.

Each port de�nes a Label that namesthe candidate
boundto that port, replacingthe �x ed other attribute of
bilateralmatching. The scopeof a label extendsfrom the
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[ Type = "Job";
// some common attributes
Owner = "raman";
QDate = 'Mon Feb 28 14:22:22 2000 (CST) -06:00';
Cmd = "run_sim";
Ports = {

[ // request a workstation
Label = cpu;
ImageSize = 28M;
Rank = cpu.KFlops/1E3 + cpu.Memory/32;
Constraint = cpu.Type=="Machine" &&

cpu.Arch == "INTEL" &&
cpu.OpSys == "LINUX" &&
cpu.Memory >= Imagesize;

],
[ // request a license

Label = license;
Host = cpu.Name; // cpu name
Rank = 0;
Constraint = license.Type=="License" &&

license.App == Cmd;
]

}
]

Figure 2. A Gangmatc h request

port of declarationto theendof theport list. Thus,expres-
sionsin the secondport with declaredlabel “license” can
refer to the “cpu” label declaredin the �rst port, but not
vice versa. Furthermore,port labelsareprivateand local
to thehostingclassad,preventingnamespacepollution and
collisions.

In thisexample,asin many casesof Gangmatching,con-
straintsonsomematchesarein�uencedby theattributesof
otherclassadsparticipatingin the match. Speci�cally, the
validity of a licensedependson theparticularmachinethat
hasbeenchosento host the application. By allowing the
scopesof labelsto extendbeyond the port of declaration,
theGangmatchingmechanismallows theability to convey
informationfrom onematchlocality to another. Thus,the
licenserequestport canconvey the locationof the chosen
workstationto thelicenseoffer via theHost attribute.Note
that labelsof succeedingports may not be referredto by
precedingports,which limits thedependency relationsbe-
tweenports andmakes the model more amenableto ef�-
cient implementation.Speci�cally, thescopingrulesguar-
anteethatthe�rst portof anadvertisementis notdependent
onany otherport.

Exampleadvertisementsof workstationsandlicenses(as
would beadvertisedby workstationandlicenseagents)are
illustratedin Figures3 and4 respectively. Theworkstation
classadis verysimilar to its bilateralmatchmakingcounter-
part,exceptfor thepresenceof a port to explicitly indicate
its imperativeto matchoneentity.

Themostnoteworthyaspectof thelicenseclassadis the
presenceof requester.Host in theConstraint ex-
pressionwhich,refersto theHost attributeof thematching
port. Sincethis attributewasde�ned ascpu.Name in Fig-
ure 2, the referencedvalueis the nameof the workstation

[ Type = "Machine";
Activity = "Idle";
KeybrdIdle = '00:23:12'; // h:m:s
Disk = 323.4M; // mbytes
Memory = 256M; // mbytes
State = "Unclaimed";
LoadAvg = 0.042969;
Mips = 104;
Arch = "INTEL";
OpSys = "LINUX";
KFlops = 21893;
Name = "foo.cs.wisc.edu";
Subnet = "128.105.175";
Ports = {

[ Label = requester;
Rank = 1/requester.ImageSize;
Constraint = requester.Type=="Job" &&

requester.Owner!="riffraff" &&
LoadAvg < 0.3 && KeybrdIdle>'00:15'

]
}

]

Figure 3. Workstation Adver tisement

[ Type = "License";
App = "sim_app";
ValidHost = "foo.cs.wisc.edu";
Ports = {

[ Label = requester;
Rank = 0;
Constraint = requester.Type=="Job" &&

requester.Host==ValidHost
]

}
]

Figure 4. License Adver tisement

chosento run the job. Thus,the license's constraintis sat-
is�ed only if thechosenworkstationis thesinglevalid host
“foo.cs.wisc.edu.” Clearly, morecomplex constraintsmay
beexpressedin thelicenseconstraintto implementsophis-
ticatedlicensemanagementpolicies.

NotethattheGangmatchingmodelrequiresthejob clas-
sadto convey host information to the licenseclassadvia
theappropriateport. The licenseadcannotdirectly access
theNameattributeof themachinead.This scopingrestric-
tion wasdeliberate.Thelicense portdeclaredin theJob
ad actsas an abstract“interface” to potentiallicenseads.
The job classadin turn “implements”that interfaceby ex-
portinga matchingworkstation'snamethroughits attribute
Ports[1].Host .

4.2. Matchmaking Algorithm

The role of the Matchamkingalgorithm in the Gang-
matchingschemeis to marshala consistent“gang” of clas-
sadsfor thejob classadsin thesystem.Conceptually, agang
is constructedby startingwith adegenerategangcomposed
of asinglerootclassad,andthenbindingeachunboundport
of thegangto a compatibleport of a new classad(onenot
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alreadyin thegang)until all portsin thegangareboundand
thegangis consistent(i.e.,all constraintsaresatis�ed).

Differentconcretealgorithmsmay be employed to im-
plementthis conceptualization.We describea few speci�c
algorithmsdevelopedto exploit theknown structureof the
Gangmatchingproblemin Section5.

In the licenseexample,a gangconsistsof threeads: a
job, a machineanda license. If oneof the ads,for exam-
ple the license,hadanotherport, the matchwould not be
completeuntil anotherad wasfound to matchagainstthe
“unbound” port. In general,a matchconsistsof a treeof
ads.Eachpair of adjacentadsis boundby choosinga port
adfrom eachandcheckedby evaluatingtheConstraint
attributesof thetwo port ads.EachConstraint expres-
sioncanreferto attributesof its own adaswell asattributes
of the Port adsboundto its port and earlierports in its
containingad.

Although this conceptualmodel suggestsa “left-to-
right” evaluationof Constraint expressions,it doesnot
requireit. In fact,weshallseein Section5 thatotherorder-
ingscanbesubstantiallymoreef�cient.

4.3. Matchmaking Protocols

The Gangmatchingmodel doesnot requireany modi-
�cation to the the advertisementprotocol that is usedby
agentsto sendtheir classadsto thematchmaker. However,
the noti�cation protocol (usedby the matchmaker to no-
tify matchedagents)requiresa modestandstraightforward
extension: The matchmaker must now notify every agent
whoseclassadwasmatchedin thegang,andit mustinclude
in the noti�cation all relevant informationaboutthe other
adsit matched.A simpleway to provide this information
is simply to sendthe entiregangto eachagent,letting the
agentsextractwhateverpartsof it they �nd useful.

4.4. Claiming Protocols

Theclaimingprotocolsfor Gangmatchingmustproceed
in a two-phasemannerto accommodatethe possibility of
any agentin thegangrejectingthematch.Claimingis initi-
atedby theagentwhoseadvertisementservesastheroot of
thegang(therootagent), andproceedsrecursively in a top-
down manner. Theroot agentbeginsby checkingwhether
eachof its gangneighborsis willing to participatein the
transaction.During the delaybetweenthe initial message
from the agentto the matchmaker andthe time whenit is
contactedduringtheclaimingprotocol,its local conditions
mayhave changedso that it no longerconsidersthematch
valid. If so, it respondsin the negative andthe root agent
tells all membersof thegangto discardthematchandstart
over. If the matchis still valid and it is not a leaf in the
gangtree,it contactsits childrento validatethematch.Af-

�rmati ve responsespassup the treeto theroot. If the root
agentget af�rmati ve responsesfrom all its children,it en-
tersthe secondphase,in which claimsandallocationsare
established.

5. GangmatchingImplementation

Givenasetof classads,Gangmatchingproceedsasa pe-
riodic activity by identifying a subsetof classadsthat will
serve asgangroots,andsortingtheserootsusingsomecri-
terion.For example,job classadsmaybeidenti�ed asroots
andsortedby priority order. Thereafter, theGangmatching
algorithm attemptsto marshala consistentgangfor each
root (in order),eliminatingmatchedadsfrom further con-
sideration. Note that our implementationshandlethe full
generalityof the Gangmatchingscheme;however, we re-
strict our descriptionsto the licensemanagementproblem
for purposesof clarity andsimplicity.

We begin by describinga simple naive algorithm that
servesto illustrate the obvious solution,andprovide con-
text to the algorithmsthat follow. The naive algorithmis
a simplerecursive backtrackingsearch.Given a root clas-
sad,thematchmakerproceedssequentiallythroughits ports
from �rst to last,attemptingto �nd a candidatecompatible
with that port. If a candidateis found to be incompatible,
anothercandidateis tried, until the a successfulcandidate
is discovered,or all candidatesare exhausted. If no can-
didatecould be found for a particularport, the algorithm
backtracksto thepreviousport andattemptsto replacethe
incumbentat that port with anothercompatiblecandidate,
proceedingforwardif theattemptwassuccessful.If theal-
gorithm reachesthe endof the root's port list, a ganghas
beensuccessfullymarshaled,andif thealgorithmattempts
to backtrackfrom the �rst port, no consistentgangexists.
If a matchingad hasmore than one port (so that the re-
sulting gangis a multi-level tree), the algorithm is called
recursively to iteratethroughpotentialsub-gangsusingit as
a root.

Although the naive algorithm will give the correct re-
sult, it maybevery inef�cient, dependingon thenatureand
distribution of theavailableads. In relationaldatabaseter-
minology, theGangmatchingproblemis similar to a multi-
way join2. Relationaldatabasesystemsusetwo techniques
for optimizingsuchqueries:reorderingthepairwisejoins,
andchoosingtheright algorithmfor eachjoin.

The naive algorithmperformseachpairwisejoin using
simplenestedloops.Weuseaclassadindexing schemethat
indexesbothattributesandconstraintsto ef�ciently exclude
largenumbersof incompatiblecandidates.Thebasicideais

2Thedifferencebetweenadatabasejoin andmatchmakingis thatwhen
multiple matchesare found, a join returnsthemall, while matchmaking
choosesone.Also, amatch“consumes”thematchedads.
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to useconventionalsearchtreesfor attributeindexesandin-
terval treesto index theconstituentcomparisonexpressions
of constraints,which may be thoughtof as intervals over
somedomain.Dueto theef�ciency of theindexing scheme
andits ability to provide tight supersetsof candidates,it is
alsousedin heuristicfunctionsto guidethestrategy of the
Gangmatchingalgorithmby estimatingcandidatesetsizes
for ports.

As in thecaseof relationalqueries,reorderingjoins can
yield ordersof magnitudespeedup.For example,consider
our licenseexamplewhentherearemany compatiblema-
chinesbut a smallnumberof highly selective licenses.The
naive algorithmwould iteratethroughall matchesof jobs
to machines,trying to �nd an appropriatelicensefor each
suchmatch.Most of theeffort spentmatchingjobs to ma-
chineswould be wasted.A muchmoreef�cient approach
would be to �rst matcha job to a license,and then look
for acompatiblemachine.Thelicense'sConstraint ex-
pressionmakesindirectreferenceto theNameattributeof a
machinead,soit cannotbefully evaluateduntil a machine
ad is chosen.However, it canbe partially evaluated.Per-
hapsa licensecandidatecanbe rejectedout of hand. For
example,if theclause&& Owner == "solomon" were
addedto the licensead of Figure 4, a matchwith the ad
of Figure2 couldberejectedregardlessof machine.If the
partial gangcannotbe rejectedat this stage,it canstill be
representedasa classadwith a Constraint expressions
to bematchedagainstpotentialmachineads.Theindexing
techniquesmentionedabovecanbeusein this stepaswell.

Sinceit is alwayspossible(andoften likely) for a �x ed
strategy to work extremely poorly in realistic workloads
whichconstantlychange,it is importantto developanadap-
tive algorithmthat choosesthe right strategy dynamically.
We augmentedthe naive algorithm with heuristicsto �ll
portsin ascendingorderof candidatesetsizes.Thus,for ex-
ample,if therearea largenumberof compatiblemachines
but a small setof licenses,thealgorithm�rst choosesa li-
censeandthenattemptsto �nd amachinethatis compatible
with thelicense,dynamicallyshuntingconstraintsfrom the
licenseclassadto thecpuport of thejob classadto accom-
plish thetask.Furthermore,if thereareno licenses,theal-
gorithmcanimmediatelyterminatewithouthaving to check
for machinecompatibilityatall.

6. GangmatchingPerformance

In this section,we presenttheperformanceof the�x ed-
order, �x ed-orderwith indexes, and dynamicalgorithms.
Classadsusedfor theseexperimentsare similar in struc-
ture to the job, workstationandlicenseclassadspresented
in Figures2, 3 and4, exceptthatonly architecture,operat-
ing system,physicalmemoryandvirtual memoryattributes
were modeledfor workstations,with correspondingcon-

straintsimposedonthemby jobs. In additionwemodeleda
memorysizeattributefor jobs,which is constrainedby the
workstationclassads.

Workloadsarecharacterizedby threeparameters:N , the
numberof job andworkstationclassads(alwaysequal),L ,
thelicensedensity(therelativenumberof licenseclassads,
either50%or 100%of N ), andS, theselectivity index of li-
censeclassads(1,2,4 or 8). For selectivity index S, thesets
of licenseandworkstationclassadsareeachdividedinto S
disjoint equallysizedpartitions; licensesin eachpartition
areonly valid on workstationsfrom thecorrespondingpar-
tition.

Figure5 illustratestheelapsedtime performanceof the
naive �x ed-orderalgorithmon this benchmark(Intel Pen-
tiumProLinux workstationwith 256MBRAM). Curvesfall
into two bands,thosewith licensedensityL of 50%(above)
andthosewith licensedensity100%(below). Two points
areworthnoting:First, thenaivealgorithmis especiallyin-
ef�cient whenmatchescannotbe madedueto scarcityof
licenses.Whenlicensesarescarce,thealgorithmmustfre-
quentlybacktrack,leadingto arunningtimethatis highand
grows quadraticallywith the numberof ads. Second,the
costsof backtrackingandevaluationdominatethe elapsed
timesothattheselectivity S hasnearlynoadditionaleffect
onperformance.

Figure6 shows whathappenswhenindexesareusedto
speedup thesearch.As in Figure5, theuppercurvecorre-
spondsto the50%licensedensityworkloads.Althoughthis
graphlookssimilar to Figure5, the readershouldnotethe
scale;performanceis improved by an orderof magnitude
overall. Theindexedalgorithmhandlesupto4000job clas-
sadsin atmost580seconds,comparedto only 500classads
in 800seconds,in theworstcase.Again, selectivity is not
seento beasigni�cant factor.

The elapsedtime of the indexed algorithm is closely
alignedwith thenumberof index probes,asshown in Fig-
ure7. Therefore,we presenttherestof our resultsin probe
countsratherthansecondsof elapsedtime,asprobecounts
arelesssensitive to implementationdetailssuchasproces-
sorandmemoryspeeds.

Figure8 exhibits theperformanceof thedynamicalgo-
rithm on thesameworkload,asmeasuredby thenumberof
index probes.In contrastto thepreviousalgorithms,theper-
formanceof thedynamicalgorithmdoesnot differ signi�-
cantlybetweenthe50%and100%licensedensityregimes,
demonstratingtheef�cacy of thedynamicscheme.

To contrasttheperformanceof thedynamicandthe in-
dexed�x edorder(i.e., “left-to-right”) algorithms,we com-
parethenumberof probesissuedby eachalgorithmin the
two licensedensityregimes.Figure9 illustratesrepresenta-
tive curvesof the numberof probesissuesby the two al-
gorithms in the 100% licensedensitycasewith selectiv-
ity S = 1. We note that the dynamicalgorithm actually
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Figure 5. Naive Algorithm Performance

issuesmore probesthanthe indexed �x ed-orderalgorithm
dueto theadditionalprobesrequiredby theheuristicfunc-
tion,whichthenchoosesthesame“left-to-right” strategy as
the �x ed-orderalgorithm. However, thesituationis drasti-
cally reversedin Figure10,which illustratesthenumberof
probesissuedwhenthe licensedensityis only 50%— the
�x ed-orderalgorithmissuesupto425,000probes,while the
dynamicalgorithmissueslessthan11,000probes.

To highlight theperformancegainedby thedynamical-
gorithm due its agility, we presentthe performanceof a
�x ed-orderindexed algorithm that runs right-to-left. The
performanceof thealgorithmis dual to the left-to-right al-
gorithm in that it performswell in the 50% licenseden-
sity case. However, in the 100%workload, the algorithm
performsworsethanthe left-to-right algorithmin the50%
workload. This is due to the fact that unlike workstation
thathave attributessuchasoperatingsystemandarchitec-
ture, thereare no attributesto differentiatelicensesfrom
one another. Thus, the right-to-left algorithm is severely
handicappedby having to considereverysinglelicenseasa
possiblecandidate.Furthermore,selectivity playsa signif-
icant role in this experiment.For higherselectivity values,
thereducedmachineto licenseratio of the100%workload
makesit lesslikely to obtainaworkstationmatchinga job's
constraintsoncea licensehasalreadybeenpicked from a
particularpartition. Thus, higher selectivity indexespro-
vokecorrespondinglyworseperformancefrom theright-to-
left algorithm.

Thus,weseethatthedynamicalgorithmis distinctlybet-
ter thanany �x ed-orderalgorithm.Theheuristicallows the
dynamicalgorithm to avoid the pathologicalcasesof the
�x ed-orderalgorithms.Thestabilityof thealgorithmunder
workloadvariations,as characterizedby the proximity of
the50%and100%regimecurvesin Figure8 indicatethat
it is a farbetterchoicethanany �x ed-orderalgorithm.
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7. RelatedWork

The conceptof matchmakingis not new in itself since
the topic is widely studiedfor agentsystems.Agentssys-
temssuchasACL [5] andRETSINA [16, 17] employ pow-
erful advertisementlanguageswith inferencingcapabilities
so that generalbehavioral speci�cationsof agentsmay be
describedandreasonedabout.In contrastto theknowledge-
baserepresentationsusedin thesesystems,theclassadlan-
guageusesadatabaserepresentation.Expressionevaluation
semanticsaresimpleandlightweight, facilitating ef�cient
androbustimplementation.

The classadnotationis very similar to that of general-
ized tuples found in constraintdatabases[4]. The bilat-
eral matchmakingoperationis intuitively similar to a spa-
tial join betweenserverandcustomerclassads.Matchmak-
ing differs from a spatial join in that matchmaking“con-
sumes”classadsduring the matchingprocess— a classad
may be matchedat most once. Also, in contrastto con-
straint databasesystems,our framework employs a semi-
structureddatamodel.

Globus [2, 1] de�nes an architecturefor resourceman-
agementof autonomousdistributedsystemswith provisions
for policy extensibility and co-allocation. Customersde-
scriberequiredresourcesthrougha resourcespeci�cation
language(RSL) that is basedon a pre-de�nedschemaof
the resourcesdatabase.AlthoughGlobusprovides�e xible
APIs to performmoresophisticatedco-allocation,thesere-
quirementscannotbestatedin RSL.

Most resourcemanagementsystemssuchasLSF [18],
Prospero[11], PBS[6] andNQE [15] processusersubmit-
tedjobsby �nding resourcesthathavebeenidenti�ed either
explicitly througha job control language,or implicitly, by
submittingthe job to a particularqueuethat is associated
with asetof resources.Jobsthatrequiremultiple resources
mustbesubmittedto queuesthatcanservicethespecialre-
quirementsof thesejobs. Thereis no mechanismfor a job
to marshalauniquemix of resourcesto serviceits particular
needs.

Set-matchingextendstheClassAdslanguageto provide
a multilateralmatchmakingmechanismwherethe number
of resourcesis not known a priory[9]. However, the set
matchingmechanismis notcapableof marshalingahetero-
geneousmix of resources.

The RedLinesystemcastsmultilateralmatchmakingas
a constraintsatisfactionproblem[8], andis thuscapableof
usingmany of thetechniquesdevelopedfor constraintpro-
gramming. The schemeborrows andextendsmany of the
principlesand techniquesdevelopedin our matchmaking
framework, but usesa substantiallymore complex adver-
tising language.Therecency of thesystemandlack of ex-
periencewith it makesmoredetailedcomparisondif�cult.

8. Conclusionsand Future Work

Dynamic, heterogenousand distributively owned re-
sourceenvironmentspresentuniquechallengesto theprob-
lems of resourcerepresentation,allocation and manage-
ment.Wehavepreviouslydemonstratedthatthematchmak-
ing paradigmoffers a naturalsolution to theseproblems,
andhasbeendemonstratedto work well in practice.In this
paper, we have introduceda multilateralmatchmakingex-
tensionto addresstheproblemof heterogenousresourceco-
allocation,motivatedby theintentof solvingarealproblem
encounteredby productionusersof theCondorsystem.

Ourcontributionis in de�ning theabstractionsthatcom-
prise the Gangmatchingscheme,and accompanying im-
plementationsof multiple algorithmsthat implementthe
model,demonstratingthe feasibility of the Gangmatching
solution. A semi-structureddata indexing methodand a
heuristic-driven dynamicalgorithm have beenusedto ef-
�ciently implementtheGangmatchingmodel.

A signi�cant goal of our future work is to incorporate
preferencesinto the gangmatchingalgorithm,anddevelop
moresophisticatedalgorithmsto copewith the possibility
of larger(i.e.,both“wider” and“deeper”)classadgangs.

Thereremainsomeusefulextensionsto be madeto the
gangmatchingmodel. A shortcomingof our current for-
mulationis that thenumberof resourcesrequiredfor a co-
allocationmustbe known a priori . While this restriction
is reasonablefor heterogenousresourceco-allocation,there
aremany situations,suchasworkstationallocationfor par-
allel computations,when a dynamicnumberof relatively
homogeneousresourcesarerequired.It would be interest-
ing to generalizethe gangmatchingmodel to addressthis
possibility.
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