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Abstract

Dynamic, hetengenous and distributively owned re-
souiceernvironmentgpresentuniquechallengesto the prob-
lems of resouce representation,allocation and manage-
ment.Corventionalresoucemanagemenimethodshatrely
on staticmodelsof resouceallocationpolicy andbehavior
fail to addressthesechallenges. We previouslyarguedthat
Matchmakingprovidesan elegantandrobustsolutionto re-
soucemanaemenin sud dynamicandfedeatederviron-
ments.Howerer, Matchmakingis limited by its purely bilat-
eral formalismof matcing a singlecustomemvith a single
resouce, precludingmore advancedesouce mangement
servicessud as co-allocation. In this paper we present
Gangmatbing, a multilateral extensionto the Matchmak-
ing model,anddiscusghe Gangmatbingmodelandits as-
sociatedmplementatiorand performancassuesn context
of areal-worldlicensemanayementco-allocationproblem.

Keywords: distributed resouce manaement, matc-
making gangmatbing, hetepgenouscomputing Condor

1. Intr oduction

Federatedlistributedsystemgresennew challengeso
resourcenanagemeniCorventionalresourcananagersre
basednarelatively staticresourcanodelanda centralized
allocatorthat assigngresourcego customers.This model
doesnot adaptwell to highly dynamicervironmentschar
acterizedy distributedmanagemerdanddistributedowner
ship. Distributed managemenintroducesresouce heteo-
geneity Notonly thesetof availableresourceshut eventhe
setof resourcaypesis constantlychanging3]. Distributed
ownershipintroducespolicy heteogeneity Eachresource
may have its own idiosyncraticallocationpolicy. We pre-
viously arguedthat Matchmakingprovidesan elegantand
robust solution to the problemof heterogeneousesource
managementn dynamic, distributed ervironments[13].
Matchmakingprovidesa powerful languagdor aconsumer

to expressconstraintandpreferencesnaresourceand for
theresourceo expressconstraintandpreferencesnacon-
sumer

But Matchmaking has an important limitation: It
matcheseachcustomerwith a single resource. In mary
important applicationdomains, a collection of resources
may be requiredto perform an action. Often, complex
consisteng requirementsold betweenthe consumerand
the resources,and amongstthe resources. This paper
presentsGangmatchinga formalism that extendsMatch-
making from a bilateral to a multilateral model, and dis-
cussedhe implementatiorand performancdssuesassoci-
atedwith Gangmatching.

We begin with a brief introductionto Matchmakingin
Section2, andcontinuein Section3 with adiscussiorof the
necessityof a multilateralmatchmakingnodelby present-
ing a real-world multi-resourceproblemthat hasno prac-
tical bilateral matchmakingsolution. We then presentthe
Gangmatchingnodelin Section4 and discussimplemen-
tationandperformancef the Gangmatchingnodelin Sec-
tions5 and6 respectrely. Relatedwvork is presentedh Sec-
tion 7 andfuturedirectionsareidenti ed in Section8.

2. Matchmaking

The underlyingideasof the matchmakingparadigmare
intuitiveandverysimple.In thissectionwebrie y describe
the fundamentabrocessesind componentof our match-
making framework. Interestedeadersarereferredto [13]
for furtherdetails.

Agentsdescribetheir capabilitiesand requirementdy
sendingnessage® aMatchmaler. Thesemessagesyhich
we call classi ed advertisementgclassads)n analogyto
their newspapercounterpartscontainboth descriptve in-
formationaboutentitiesand policy constrainton compat-
ible matches. The Matchmaler nds compatiblepairs of
classadsindinforms agentsof the results. The agentamay
thenusebilateral protocolsto establishbindingsbasedon
theseresults. For example,Submissioragentamayinform



theMatchmaleraboutJobswaitingto berun, while Execu-
tion agentsendclassadslescribingMachinesandtheir ca-
pabilities. EachJobclassaddescribeshe characteristicof
theJob,constraint©n Machinessuitablefor runningit, and
preferenceso chooseamongcompatibleMachines. Simi-
larly, eachMachineclassadnayimposeimposeconstraints
and indicate preferenceamongJobsit is willing to run.
Whenthe Matchmaler nds a compatible(Job, Machine)
pair, it informs the correspondingsubmissionand Execu-
tions agentswhich thenengagen a claiming protocolto
cementherelationshipandstartrunningthe Joh

Ourmatchmakindramework is composedf thefollow-
ing components:

1. A languagefor specifying the characteristics,con-
straintsandpreferencesf agents Ourframewvork uses
theclassi edadvertisemenfclassad)anguagédor this
purpose.Classadsre semi-structured10] recordsof
(name; expression) pairs which may be thoughtof
as“attribute lists” that describeagents.The language
hasspecialunde ned anderror valuesaswell asspe-
cial operatoisemanticso operataobustlyin heteroge-
neousandsemi-structure@rvironments.

2. TheMatchmaler Protocoldescribefiow entitiescom-
municatewith the Matchmaler to postadwertisements
andreceve noti cations.

3. The Matchmaking Algorithm is usedby the Match-
maler to creatematches.In the abstractthe match-
makingalgorithmtransformghecontentf submitted
adwertisementandthe stateof the systento the setof
matchesreated.

4. Claiming Protocols are activated betweenmatched
partiesto con rm the match, establishthe allocation
and utilize the adwertisedservices. Either party may
chooseo withdraw from a matchby rejectinga claim,
whichmayhapperif thestateof theagenthaschanged
sincethelastadwertisementvasposted.

The e xibility and expressvenessof the classadlan-
guagegreatlycontributesto the effectivenesof our Match-
making framework. Figure 1 shows a classaddescrib-
ing a workstationin the University of Wisconsin—Madison
Condor[7] pool! While most attributesin the classad
describethe machines characteristicsthe Constraint
and Rank identify the adwertising entity's constraintsand
preferences—i.e.the entity's policy. When testing the
compatibilityandpreferencesf two adwertisement#\ and
B, the Matchmaler placesthe two adwertisementsn an

1TheWisconsinCondorpoolis currentlycomposeaf over 900nodes,
running seven differentarchitecture/operiaig systemcombinations.The
pool is usedcontinuouslyas a productionsystemto provide computation
servicedor severalresearclprojects.

evaluationervironmentsuchthatin classad, thereference
other evaluatedo B, andviceversa If A.Constraint
andB .Constraint  bothevaluateto true, thetwo adwer-
tisementaredeemedompatibleandtheRank expressions
of A andB may be evaluatedto determinetheir respectre
preferences.

The classadlanguagespeci es the syntaxand seman-
tics of the expressionsn Figure 1, while the matchmaking
protocolandalgorithmgive specialsigni canceto the key-
words Constraint , Rank, andother . All policy in-
formationis expressedn the Rank andConstraint  ex-
pressionsthe classadanguageand matchmakingprovide
the mechanisnfor enforcingit. For example,the worksta-
tion in Figurel hasthefollowing policy: Jobsbelongingto
userrif fraff” areneveracceptedandjobsareonly serviced
whenthe machinehasa low load averageand its console
hasbeenidle for atleast fteen minutes.Furthermorejobs
with low imagesizesarepreferrechetweer@amand5pm.

[

Type = "Machine";

Activity = "Idle";

Keybrdldle = '00:23:12"; /I h:m:s

Disk = 323.4M; /I mbytes

Memory = 256M; /I 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 && Keybrdldle>'00:15'

Figure 1. Classad describing a Machine

Many interestingand useful policies may be easily de-
ned within this framework; interestedeadersarereferred
to reference14] for more sophisticatedexamplesderived
from the policiesof real-world usersof the Condorsystem.

3. Moti vation for Gangmatching

Oneof the rst indicationsof practicallimitationsto bi-
lateralmatchmakingrosein thecontect of Condor A Con-
dor userhadpurchasedicensesfor varioussoftware pack-
ages. Jobsthat usesuchpackageseedto allocateboth a
machineandalicensebeforethey canrun. Licensingterms
imposea variety of constraintson runninginstancef an
application. For example,in additionto issuinga limited
numberof licenses,somelicensesmay be valid only on
someworkstations,while othersmay be valid on certain



subnetsOtherlicensegnay” oat” throughouthesite, but
onceclaimedon a particularmachinemaybevalid for sev-
eral instancesf the applicationon that machine. In the
context of suchpolicies,it becomesecessaryo treatsoft-
warelicensesasresourceghat mustbe managedwith the
samedegreeof e xibility androbustnesssotherresources
in aresourcananagemergystem.

Due to the dependenciebetweenjob, workstationand
license,corventionalbilateral matchmakings inadequate
for solving this problem. An attemptto work aroundthe
problemmight usetwo interactionswith the Matchmaler.
Onthe rst round,the submissioragentwould submitan
ad describinga Joband seekinga matchingMachine. On
receving aresponsef couldthensendanaddescribinghe
(Job,Machine)pairandlookingfor asuitabldicense.How-
ever, if licensesarein shortsupply the rst matchmighttie
upamachineor lengthyperiodswhile waitingfor alicense.
In the worst case deadlockis possible.A similar problem
arisesif the Submissioragentrequestghelicense rst and
thenthe machine.Stratgjiesthatallocateoneresourceand
subsequentlyree it if the other otheris not available are
highly inef cient and canleadto livelock and stanation.
The needfor a matchmakingschemethat can marshala
consistentaggreyationof dependentlassadsn an atomic
operations thereforeclear

It isimportantto notethatwe arenotmerelyproposinga
mechanisnto solve speci ¢ licensemanagemergcenarios,
which may be individually solved by ad hoc mechanisms
thataresimplerthanour Gangmatchingolution. Our goal
is to develop a single methodof multilateralmatchmaking
thatis agnostido thekindsof resourcedeingmatchedand
thus capableof marshalingconsistenresourceaggreates
whosecompositionand inter-dependencieare not known
to the Matchmalera priori.

4. The GangmatchingModel

Thechallengeof developinga multilateralmatchmaking
modelis in de ning a solutionthatinheritsandextendsthe
full generalityof the bilateral matchmakingscheme. The
power of the Matchmakingmodelis in managingesources
whosepropertiesand dependenciesre not known a pri-
ori. In directanalogy we requiredour multilateralmodel
to beableto marshakandidategroupsin whichthespeci ¢
kindsof candidateandtheirinter-dependenciesrede ned
only by the candidateshemseles. Therearemary conse-
guence®f thisrequirement.

Themostimportantrequiremenbdf a multilateralmatch-
makingmodelis a schemeo expressthe needto marshal
anarbitrarynumberof candidatesSinceno centralschema
is legislated, it is importantthat the “interfaces”of these
differentcandidateresourcetypesbe separatedo prevent
namespaceollisions and ambiguity Next, the solution

must provide the ability to relatethe propertiesof multi-
ple candidateshrougharbitraryconstraintsle ned on can-
didateindividuals and groups. Sincethe constraintsmay
themselesbede nedin differentadwertisementsamecha-
nismmustbeprovidedfor propertiesaboutsomecandidates
to be corveyed to other candidatesvho might not know
the full compositionof the group. For example,a com-
putesener may needinformationabouta data le without
knowing if the le datais expresseaspartof theusersjob
attributes, or if the useris marshalingin a replicafrom a
storagesener aspartof the multilateralmatch.Finally, the
solutionmustbe amenablédo ef cient implementation.

Gangmatchings our solutionto the multilateralmatch-
makingproblem.TheGangmatchingnodelfollowsadock-
ing paradigmwhereaggreyate“gangsof classadsarecre-
atedby binding together(i.e., “docking”) individual clas-
sadswith a matchingoperation.Intuitively, Gangmatching
extendsregular matchmakingoy replacinga classadb sin-
gle implicit bilateralmatchimperative with an explicit list
of requiredbilateralmatcheswith the additionalability of
allowing classads$o accessnformationfrom otherbilateral
matchlocalities.

Eachbasicdocking operationoccursbetweenports of
classads. The port abstractionsernes multiple purposes.
First, ports sene as matchmakingnterfaces,allowing in-
formationto be providedto candidatesndependenof how
the informationis generatedi.e., someconstantvalue, or
from propertiesof othercandidatesn the gang). Second,
theportabstractiorseparatethe namespacesf candidates,
andprovidesa namingschemehatallows the propertiesof
candidateso beaccesseffom otherlocalities. Finally, the
abstractiorimposesa structureon the aggreyategangthat
simpli es the de nition andimplementatiorof algorithms
thatoperateon the entiregroup.

We introducethe Gangmatchingnodel by discussing
the licensemanagemenproblemin contet of the compo-
nentsof amatchmakingramework: classadepresentation,
matchmakingalgorithm,matchmakingrotocolsandclaim-
ing protocols.More complex examplesf thecapabilitieof
the Gangmatchingnodelareprovidedin referencg12].

4.1 ClassAdRepresentation

The classadepresentinghejob in the licensemanage-
mentproblemis illustratedin Figure2. The mostnotable
featureof the exampleis the Ports  attribute. A classads
portsde ne thenumberandcharacteristicef matchingads
requiredfor thatclassado be satis ed. In the Gangmatch-
ing model,bilateralmatchmakingpccursbetweerthe ports
of classadénsteadof entireclassads.

Each port de nes a Label that namesthe candidate
boundto that port, replacingthe x edother attribute of
bilateralmatching. The scopeof a label extendsfrom the



[ Type = "Job"
/I some common attributes
Owner = "raman”;

QDate = 'Mon Feb 28 14:22:22 2000 (CST) -06:00'
Cmd = "run_sim";
Ports =
[ /I 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;
I
[ /I 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 declaratiorto the endof the portlist. Thus,expres-
sionsin the secondport with declaredabel “license” can
refer to the “cpu” label declaredin the rst port, but not
vice versa Furthermore port labelsare private and local
to the hostingclassadpreventingnamespaceollution and
collisions.

In this example asin mary case®f Gangmatchingson-
straintson somematchesarein uenced by the attributesof
otherclassadgarticipatingin the match. Speci cally, the
validity of alicensedepend®n the particularmachinethat
hasbeenchosento hostthe application. By allowing the
scopef labelsto extend beyond the port of declaration,
the Gangmatchingnechanismallows the ability to corvey
informationfrom one matchlocality to another Thus,the
licenserequestport can corvey the locationof the chosen
workstationto thelicenseoffer viatheHost attribute. Note
that labelsof succeedingorts may not be referredto by
precedingports,which limits the dependeng relationsbe-
tweenports and makes the model more amenableo ef -
cientimplementation.Speci cally, the scopingrulesguar
anteethatthe rst portof anadwertisements notdependent
onary otherport.

Exampleadwertisementsf workstationsandlicenseqas
would be adwertisedby workstationandlicenseagentsyre
illustratedin Figures3 and4 respectiely. Theworkstation
classads very similarto its bilateralmatchmakingounter
part,exceptfor the presencef a port to explicitly indicate
its imperatve to matchoneentity.

The mostnoteworthy aspecbf thelicenseclassads the
presencef requester.Host in the Constraint  ex-
pressionwhich, refersto theHost attributeof thematching
port. Sincethis attributewasde ned ascpu.Name in Fig-
ure 2, the referencedralueis the nameof the workstation

[ Type = "Machine";
Activity = "Idle";
Keybrdldle = '00:23:12 /I him:s
Disk = 323.4M; /I mbytes
Memory = 256M; /I 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 = l/requester.ImageSize;
Constraint = requester.Type=="Job" &&
requester.Owner!="riffraff" &&
LoadAvg < 0.3 && Keybrdldle>'00:15'
1
}
]
Figure 3. Workstation Advertisement
[ 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 Advertisement

chosento run thejob. Thus,the licenses constraintis sat-
is ed only if thechosenworkstationis thesinglevalid host
“foo.cs.wisc.edu. Clearly, morecomplex constraintamay
be expressedn thelicenseconstraintto implementsophis-
ticatedlicensemanagemerpolicies.

Notethatthe Gangmatchingnodelrequireshejob clas-
sadto corvey hostinformationto the licenseclassadvia
the appropriateport. The licensead cannotdirectly access
the Nameattribute of the machinead. This scopingrestric-
tion wasdeliberate Thelicense  portdeclaredn the Job
ad actsas an abstract‘interface” to potentiallicenseads.
Thejob classadn turn “implements”that interfaceby ex-
portinga matchingworkstations namethroughits attribute
Ports[1].Host

4.2 Matchmaking Algorithm

The role of the Matchamkingalgorithm in the Gang-
matchingschemds to marshala consistentgang” of clas-
saddor thejob classadi the system Conceptuallyagang
is constructedy startingwith a degenerat@angcomposed
of asingleroot classadandthenbindingeachunboundport
of the gangto a compatibleport of a new classadonenot



alreadyin thegang)until all portsin thegangareboundand
thegangis consistenfi.e., all constraintaresatis ed).

Different concretealgorithmsmay be employed to im-
plementthis conceptualizationWe describea few speci ¢
algorithmsdevelopedto exploit the known structureof the
Gangmatchingroblemin Section5.

In the licenseexample,a gangconsistsof threeads: a
job, amachineanda license. If oneof the ads,for exam-
ple the license,had anotherport, the matchwould not be
completeuntil anotherad was found to matchagainstthe
“unbound” port. In general,a matchconsistsof a tree of
ads. Eachpair of adjacentadsis boundby choosinga port
adfrom eachandchecledby evaluatingthe Constraint
attributesof thetwo portads.EachConstraint  expres-
sioncanreferto attributesof its own adaswell asattributes
of the Port adsboundto its port and earlier portsin its
containingad.

Although this conceptualmodel suggestsa “left-to-
right” evaluationof Constraint  expressionsit doesnot
requireit. In fact,we shallseein Section5 thatotherorder
ingscanbesubstantiallymoreef cient.

4.3 Matchmaking Protocols

The Gangmatchingnodel doesnot requireary modi-
cation to the the adwertisementprotocol that is usedby
agentdo sendtheir classadso the matchmalkr. However,
the noti cation protocol (usedby the matchmakr to no-
tify matchedagentsyequiresa modestandstraightforvard
extension: The matchmakr mustnow notify every agent
whoseclassadvasmatchedn thegang,andit mustinclude
in the noti cation all relevantinformationaboutthe other
adsit matched.A simpleway to provide this information
is simply to sendthe entiregangto eachagent,letting the

agentextractwhatever partsof it they nd useful.

4.4. Claiming Protocols

The claiming protocolsfor Gangmatchingnustproceed
in a two-phasemannerto accommodatéhe possibility of
ary agentin thegangrejectingthe match.Claimingis initi-
atedby theagentwhoseadwertisemensenesastheroot of
thegang(therootagent), andproceedsecursvely in atop-
down manner Theroot agentbegins by checkingwhether
eachof its gangneighborsis willing to participatein the
transaction.During the delay betweenthe initial message
from the agentto the matchmalkr andthe time whenit is
contactedduring the claiming protocol,its local conditions
may have changedsothatit no longerconsiderghe match
valid. If so,it respondsn the negative andthe root agent
tells all membersf the gangto discardthe matchandstart
over. If the matchis still valid andit is not a leaf in the
gangtree, it contactsts childrento validatethe match. Af-

rmati ve responsepassup thetreeto theroot. If theroot

agentget af rmati ve response$rom all its children, it en-
tersthe secondphasejn which claimsandallocationsare
established.

5. Gangmatchinglmplementation

Givenasetof classadszangmatchingroceedsasa pe-
riodic actiity by identifying a subsetf classadghat will
sene asgangroots,andsortingtheserootsusingsomecri-
terion. For example job classadsnaybeidenti ed asroots
andsortedby priority order Thereafterthe Gangmatching
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 descriptiongo the licensemanagemenproblem
for purpose®f clarity andsimplicity.

We bggin by describinga simple naive algorithm that
senesto illustrate the obvious solution, and provide con-
text to the algorithmsthat follow. The naie algorithmis
a simplerecursve backtrackingsearch.Given aroot clas-
sadthematchmakrproceedsequentiallythroughits ports
from rst to last,attemptingto nd acandidatecompatible
with that port. If a candidates foundto be incompatible,
anothercandidates tried, until the a successfutandidate
is discovered,or all candidatesare exhausted. If no can-
didate could be found for a particularport, the algorithm
backtrackgo the previous port andattemptsto replacethe
incumbentat that port with anothercompatiblecandidate,
proceedindgorwardif the attemptwassuccessfullf theal-
gorithm reacheghe end of the root's port list, a ganghas
beensuccessfullymarshaledandif the algorithmattempts
to backtrackfrom the rst port, no consistenggangexists.
If a matchingad hasmore than one port (so that the re-
sulting gangis a multi-level tree), the algorithmis called
recursvely to iteratethroughpotentialsub-gangsisingit as
aroot.

Although the naive algorithm will give the correctre-
sult, it maybeveryinef cient, dependingnthenatureand
distribution of the availableads. In relationaldatabaseer-
minology, the Gangmatchingproblemis similar to a multi-
way join?. Relationaldatabaseystemausetwo techniques
for optimizing suchqueries:reorderingthe pairwisejoins,
andchoosingtheright algorithmfor eachjoin.

The naive algorithm performseachpairwisejoin using
simplenestedoops. We usea classadndexing schemehat
indexesbothattributesandconstraintgo ef ciently exclude
largenumbersf incompatiblecandidatesThebasicideais

2Thedifferencebetweeradatabasgin andmatchmakings thatwhen
multiple matchesare found, a join returnsthemall, while matchmaking
choose®ne.Also, amatch“consumes'the matchedads.



to usecorventionalsearchreesfor attributeindexesandin-
tenal treesto index the constituentomparisorexpressions
of constraintswhich may be thoughtof asintervals over
somedomain.Dueto the ef ciency of theindexing scheme
andits ability to provide tight supersetef candidatesit is
alsousedin heuristicfunctionsto guidethe strateyy of the
Gangmatchinglgorithmby estimatingcandidatesetsizes
for ports.

As in the caseof relationalqueriesyeorderingjoins can
yield ordersof magnitudespeedup For example,consider
our licenseexamplewhenthereare mary compatiblema-
chinesbut a smallnumberof highly selectve licenses.The
naive algorithmwould iteratethroughall matchesof jobs
to machinestrying to nd anappropriatdicensefor each
suchmatch. Most of the effort spentmatchingjobsto ma-
chineswould be wasted. A muchmoreefcient approach
would be to rst matcha job to a license,and thenlook
for acompatiblemachine Thelicenses Constraint  ex-
pressiormakesindirectreferenceo the Nameattributeof a
machinead,soit cannotbefully evaluateduntil amachine
adis chosen.However, it canbe partially evaluated. Per
hapsa licensecandidatecan be rejectedout of hand. For
example,if theclause&& Owner == "solomon" were
addedto the licensead of Figure 4, a matchwith the ad
of Figure2 could berejectedregardlesf machine.If the
partial gangcannotbe rejectedat this stage,it canstill be
representedsa classadvith a Constraint  expressions
to be matchedagainstpotentialmachineads. Theindexing
techniquesnentionedabore canbeusein this stepaswell.

Sinceit is alwayspossible(andoftenlikely) for a x ed
stratgy to work extremely poorly in realistic workloads
whichconstantlychangeit isimportantto developanadap-
tive algorithmthat chooseghe right stratgy dynamically
We augmentedhe naive algorithm with heuristicsto |l
portsin ascendingrderof candidatesetsizes.Thus,for ex-
ample,if therearealarge numberof compatiblemachines
but a small setof licensesthe algorithm rst chooses li-
censaandthenattemptdo nd amachineghatis compatible
with thelicense dynamicallyshuntingconstraintdrom the
licenseclassado the cpuport of thejob classado accom-
plishthetask. Furthermoreif thereareno licensesthe al-
gorithmcanimmediatelyterminatewithouthaving to check
for machinecompatibilityat all.

6. GangmatchingPerformance

In this section,we presenthe performancef the x ed-
order x ed-orderwith indexes, and dynamicalgorithms.
Classadausedfor theseexperimentsare similar in struc-
ture to the job, workstationandlicenseclassadgresented
in Figures2, 3 and4, exceptthatonly architecturepperat-
ing system physicalmemoryandvirtual memoryattributes
were modeledfor workstations,with correspondingcon-

straintsimposedon themby jobs. In additionwe modeleda
memorysizeattribute for jobs, whichis constrainedy the
workstationclassads.

Workloadsarecharacterizetdy threeparametersi , the
numberof job andworkstationclassadgalwaysequal),L,
thelicensedensity(therelative numberof licenseclassads,
either50%or 100%o0f N ), andS, theselectvity index of li-
censelassadg$l, 2,4 or 8). For selectvity index S, thesets
of licenseandworkstationclassadareeachdividedinto S
disjoint equally sized partitions; licensesin eachpartition
areonly valid on workstationdrom the correspondingpar
tition.

Figure5 illustratesthe elapsedime performanceof the
naive x ed-orderalgorithmon this benchmarlk(Intel Pen-
tium ProLinux workstationwith 256 MB RAM). Curvesfall
into two bandsthosewith licensedensitylL. of 50% (above)
andthosewith licensedensity100% (belowv). Two points
areworth noting: First, thenaive algorithmis especiallyin-
ef cient whenmatchescannotbe madedueto scarcityof
licenses Whenlicensesarescarcethe algorithmmustfre-
guentlybacktrack]eadingto arunningtimethatis highand
grows quadraticallywith the numberof ads. Second the
costsof backtrackingand evaluationdominatethe elapsed
time sothattheselectvity S hasnearlyno additionaleffect
on performance.

Figure 6 shavs what happensvhenindexesare usedto
speedup thesearch.As in Figure5, theuppercurve corre-
spondgo the50%licensedensityworkloads.Althoughthis
graphlooks similar to Figure5, thereadershouldnotethe
scale;performances improved by an orderof magnitude
overall. Theindexedalgorithmhandlesupto4000job clas-
sadsn atmost580secondsgomparedo only 500classads
in 800 secondsin the worst case.Again, selectvity is not
seento beasigni cant factor

The elapsedtime of the indexed algorithm is closely
alignedwith the numberof index probes.asshowvn in Fig-
ure7. Thereforewe presentherestof our resultsin probe
countsratherthansecond®f elapsedime, asprobecounts
arelesssensitve to implementatiordetailssuchasproces-
sorandmemoryspeeds.

Figure 8 exhibits the performanceof the dynamicalgo-
rithm on the sameworkload,asmeasuredby the numberof
index probes.In contrasto thepreviousalgorithmstheper
formanceof the dynamicalgorithmdoesnot differ signi -
cantlybetweernthe 50% and100%licensedensityregimes,
demonstratinghe ef cacy of thedynamicscheme.

To contrastthe performanceof the dynamicandthe in-
dexed x edorder(i.e., “left-to-right”) algorithmswe com-
parethe numberof probesissuedby eachalgorithmin the
two licensedensityregimes.Figure9 illustratesrepresenta-
tive curves of the numberof probesissuesby the two al-
gorithmsin the 100% licensedensity casewith selecti-
ity S = 1. We notethatthe dynamicalgorithm actually
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issuesmore probesthanthe indexed x ed-orderalgorithm
dueto the additionalprobesrequiredby the heuristicfunc-
tion, whichthenchooseshesame'left-to-right” strategy as
the x ed-orderalgorithm. However, the situationis drasti-
cally reversedn Figure10, whichillustratesthe numberof
probesissuedwhenthe licensedensityis only 50% — the
x ed-orderlgorithmissueaupto425,000probeswhile the
dynamicalgorithmissuedessthan11,000probes.

To highlight the performancegainedby the dynamical-
gorithm due its agility, we presentthe performanceof a
x ed-orderindexed algorithmthat runsright-to-left  The
performanceof the algorithmis dualto 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 the 50%
workload. This is dueto the fact that unlike workstation
that have attributessuchasoperatingsystemandarchitec-
ture, thereare no attributesto differentiatelicensesfrom
one another Thus, the right-to-left algorithmis severely
handicappedy having to considerevery singlelicenseasa
possiblecandidate Furthermoreselectvity playsa signif-
icantrole in this experiment.For higherselectvity values,
thereducedmachineto licenseratio of the 100%workload
malesit lesslik ely to obtainaworkstationmatchingajob's
constraintsoncea licensehasalreadybeenpicked from a
particular partition. Thus, higher selectvity indexes pro-
voke correspondinglyvorseperformancdrom theright-to-
left algorithm.

Thus,we seethatthedynamicalgorithmis distinctly bet-
terthanary x ed-orderalgorithm.The heuristicallowsthe
dynamicalgorithmto avoid the pathologicalcasesof the
x ed-ordemlgorithms.The stability of thealgorithmunder
workload variations,as characterizedy the proximity of
the 50% and100%regime curvesin Figure 8 indicatethat
it is afar betterchoicethanary x ed-orderalgorithm.
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7. Related Work

The conceptof matchmakings not new in itself since
thetopic is widely studiedfor agentsystems.Agentssys-
temssuchasACL [5] andRETSINA [16, 17] employ pow-
erful adwertisementanguagesvith inferencingcapabilities
sothat generalbehaioral speci cationsof agentsmay be
describecindreasonedbout.In contrasto theknowledge-
baserepresentationgsedin thesesystemsthe classadan-
guageusesadatabaseepresentatiorExpressiorevaluation
semanticsare simple and lightweight, facilitating ef cient
androbustimplementation.

The classadnotationis very similar to that of general-
ized tuplesfound in constraintdatabase$4]. The bilat-
eral matchmakingoperationis intuitively similar to a spa-
tial join betweersenerandcustomerclassadsMatchmak-
ing differs from a spatialjoin in that matchmaking‘con-
sumes”classadsluring the matchingprocess— a classad
may be matchedat mostonce. Also, in contrastto con-
straint databasesystems,our framewvork employs a semi-
structureddatamodel.

Glohus[2, 1] de nes anarchitecturefor resourceman-
agemenbf autonomouslistributedsystemsawith provisions
for policy extensibility and co-allocation. Customersde-
scriberequiredresourceghrougha resourcespeci cation
language(RSL) that is basedon a pre-de ned schemaof
theresourceslatabaseAlthough Globus provides e xible
APIsto performmoresophisticateado-allocationthesere-
quirementgannotbe statedn RSL.

Most resourcemanagemensystemssuchas LSF [18],
Prosperd11], PBS[6] andNQE [15] processisersubmit-
tedjobsby nding resourceshathave beenidenti ed either
explicitly througha job controllanguagepr implicitly, by

submittingthe job to a particularqueuethat is associated
with a setof resourcesJobsthatrequiremultiple resources

mustbe submittedto queueghatcanservicethe specialre-
guirementsf thesejobs. Thereis no mechanisnfor ajob
to marshabh uniqguemix of resourceso serviceits particular
needs.

Set-matchingxtendsthe ClassAddanguageo provide
a multilateral matchmakingmechanisnwherethe number
of resourcess not known a priory[9]. However, the set
matchingmechanisnis not capableof marshalinga hetero-
geneousnix of resources.

The RedLinesystemcastsmultilateralmatchmakingas
a constraintsatishiction problem[8, andis thuscapableof
usingmary of thetechniquesievelopedfor constraintpro-
gramming. The schemeborrovs and extendsmary of the
principles and techniquesdevelopedin our matchmaking
framawork, but usesa substantiallymore complex adwer-
tising language Thereceng of the systemandlack of ex-
periencewith it makesmoredetailedcomparisordif cult.

8. Conclusionsand Futur e Work

Dynamic, heterogenousand distributively owned re-
sourceenvironmentgpresenuniquechallengego the prob-
lems of resourcerepresentationallocation and manage-
ment.We have previouslydemonstratethatthematchmak-
ing paradigmoffers a natural solution to theseproblems,
andhasbeendemonstratetb work well in practice.In this
paper we have introduceda multilateralmatchmakingex-
tensionto addressheproblemof heterogenouesourceo-
allocation motivatedby theintentof solvingarealproblem
encounteretby productionusersof the Condorsystem.

Our contributionis in de ning theabstractionshatcom-
prise the Gangmatchingscheme,and accompaying im-
plementationsof multiple algorithmsthat implementthe
model, demonstratinghe feasibility of the Gangmatching
solution. A semi-structuredlataindexing methodand a
heuristic-driven dynamicalgorithm have beenusedto ef-

ciently implementthe Gangmatchingnodel.

A signi cant goal of our future work is to incorporate
preferencednto the gangmatchinglgorithm,and develop
more sophisticatedilgorithmsto copewith the possibility
of larger(i.e.,both“wider” and“deeper”)classadjangs.

Thereremainsomeusefulextensionsto be madeto the
gangmatchingnodel. A shortcomingof our currentfor-
mulationis thatthe numberof resourcesequiredfor a co-
allocationmustbe known a priori. While this restriction
is reasonabléor heterogenousesourceco-allocationthere
aremary situations suchasworkstationallocationfor par
allel computationswhen a dynamicnumberof relatively
homogeneousesourcesrerequired. It would be interest-
ing to generalizethe gangmatchingnodelto addresghis
possibility
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