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Abstract

We describeMW – a software framework that allows
usersto quickly and easily parallelize scienti�c computa-
tions using the master-worker paradigm on the computa-
tionalgrid. MWprovidesbotha “top level” interfaceto ap-
plication software anda “bottom level” interfaceto exist-
ing grid computingtoolkits. Both interfacesare brie�y de-
scribed.Weconcludewitha casestudy, wherethenecessary
Grid servicesare providedby theCondorhigh-throughput
computingsystem,andtheMW-enabledapplicationcodeis
usedto solvea combinatorialoptimizationproblemof un-
precedentedcomplexity.

�
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1 Intr oduction

By its very de�nition, the Grid [12] is a powerful and
complex computingenvironment. In orderto helpharness
its power, a large numberof differentprogrammingefforts
areunderwaythat seekto provide robust middlewareser-
vices [11] [16] [19] [10] [3] [24]. For usershoping to
parallelizea large,single,coordinatedapplicationover the
Grid, the overheadrequiredto learn and assemblethese
Grid-enablingsoftwarecomponentscould (at this stageof
their implementation)be discouraging.Thus, to enablea
larger communityof usersto build applicationsrunningin
parallelon theGrid, higher-level programmingframeworks
leveragingexisting Grid servicessoftwareareneeded.Net-
Solve [5] providesan API to accessandscheduleGrid re-
sourcesin a seamlessway but it is not suitedfor writing
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non-embarrassinglyparallel codes. Everyware [25] is a
heroiceffort thatshowsthatanapplicationcandraw compu-
tationalpower transparentlyfrom the Grid, but Everyware
is not abstractedasa programmingtool at this stageof its
implementation.CARMI/Wodi [22] wasa usefulprogram-
ming interfacefor developingmaster-workerbasedparallel
applicationsto run on the Grid, but it wasstronglytied to
theCondor-PVM [21] softwaretool, limited to applications
with �x edwork cycles,and�nally abandoned.

Our abstractprogrammingframework MW is a com-
plete,easyto usetool wherebyuserscandistribute large,
diverse,scienti�c computationsin a Grid computingenvi-
ronment. The focus is on parallelapplicationswith weak
synchronizationandreasonablylargegrainsizethatcanbe
�t into amaster-workerparadigmwithoutsigni�cant lossof
ef�ciency. To parallelizesuchalgorithmson Grid comput-
ing platforms,usersmustaddressissuessuchas fault tol-
erance,task scheduling,and interprocesscommunication.
By handlingsomeof theseissuesautomaticallyandexpos-
ing others,MW providesanAPI for rapidly implementing
Grid-enabledmaster-workeralgorithms.MW alsoabstracts
an InfrastructureProgrammingInterface(IPI) suchthat it
can be portedto usevariousGrid softwaretoolkits with-
out any changesfrom the applicationdeveloper. MW has
beenusedin theMetaNEOSproject[20] to implementef�-
cientparallelnumericaloptimizationalgorithmswith com-
plex controlstructures.Themarriageof ef�cient algorithms
with Grid computationalresourceshasallowedthesolution
of problemsof record-breakingsizes[2] [4] [17]. Other
authorshave alsofocusedon providing supportfor master-
workerapplicationsin a dynamiccomputingenvironment;
Piranha[13] andBayanihan[23] arenotableexamples.

Thepaperis organizedasfollows. In Section2,weintro-
duceMW, andwedescribetheinterfacesto bothapplication
softwareandGrid infrastructuresoftware. Section3 dis-
cussesadditionalfeaturesof MW thathelpdevelopersbuild
ef�cient androbustapplications.Section4 presentsa case
studywheretheGrid servicesareprovidedby Condor[19],
and the applicationcodeis usedto solve a combinatorial
optimizationproblemof unprecedentedcomplexity. Con-
clusionsaboutthis line of researcharealsogiven.

2 MW

MW is a softwareframework thatallowsauserto easily
parallelizea master-worker applicationon Grid resources.
MW is a setof C++ abstractclassesproviding interfacesto
both applicationprogrammerand Grid-infrastructurepro-
grammer. To Grid-enablean applicationwith MW, theap-
plication programmermust re-implementa small number
of virtual functions. Likewise, to port the MW framework
to a new Grid softwaretoolkit, theGrid infrastructurepro-
grammerneedonly re-implementasmallnumberof virtual

functions.

����� ���	��
���
���
���������
�����������
��������

To distributea master-workercomputationon the Grid,
we at leastrequiresoftwarethatcanperform

� Communication– Portionsof thecomputationandre-
sultsmustbepassedbetweenmasterandworkers,

� ResourceManagement– The stateof the available
computationalresourceson theGrid mustbeknown.

Our usageof the term resource managementis a bit
broaderthan most. In this context, resourcemanagement
encompasses

� Resourcerequestanddetection– Asking for andiden-
tifying availableprocessors,

� Infrastructure querying – Determining information
about processorsand the interconnectionsbetween
them,

� Fault-detection– Noticing whenprocessorsleave the
computation,

� Remoteexecution– Startingprocesseson remotema-
chineswhenthey becomeavailable.

There are a numberof tools being built that provide
thesebasicservices,aswell asfeaturesnecessaryto other
Grid applications(suchassecurityandremotedataaccess).
The Infrastructure programminginterface (IPI) abstracts
thecorecommunicationandresourcemanagementrequire-
ments for master-worker applicationsinto the MWRM-
Commclass.To allow MW applicationsto interactwith ex-
istingGrid-servicessoftware,aconcreteinstanceof theab-
stractMWRMComm classis derived,wherethe function-
ality requiredby MWRMCommis providedby theservices
in thespeci�c Grid softwaretoolkit.

2.1.1 Communication

The sole communications functionality required by
MWRMCommis thatpoint-to-point messagescanbe sent
betweenthe masterand the worker processes.As such,
MWRMCommhasthe(pure)virtual functions:

� pack(<type> array, int size)

� unpack(<type> array, int size)

� send(int to whom, int message tag)

� recv(int from whom, int message tag)
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All messagesmust be buffered by the MWRMComm
implementation,andthesend() functionshouldbeimple-
mentedasa nonblockingcall. Thesedesigncriteriaaredue
to thefact thatprocessorsmaydisappearduringthecourse
of the computation. Sincethe Grid is heterogeneous,the
pack() andunpack() functionsmustaccountfor dif-
ferentnative datatypes. In MWRMComm, the recv()
routineshouldbe implementedasa blockingfunctioncall,
for reasonsdescribedin Section2.1.2.

2.1.2 Resource management

Theapplicationprogrammermaymakea resourcerequests
by calling thefunction
MWRMComm::settarget num workers( int
num workers ) . It is up to the MWRMComm im-
plementationto make appropriateresourcerequestsin
an attempt to garner this number of workers for the
master-worker application,andalsoto makenew requests
if participatingworkersleave thecomputation.

An important design decision for MW is that both
communicationandresourcemanagementfunctionality is
included in a common class. MW relies on an up-
call mechanismfrom the resourcemanagementsoftware
to signal changesin the state of the computationalre-
sources. The changesare signalledas messagesreceived
by the masterwith speci�c tags such as HOSTADDand
HOSTDELETE. Thus, an implementationof the (block-
ing) MWRMComm::recv() functiononthemasterprocess
shouldnot only testfor incomingmessagesfrom workers,
but alsocheckfor changesto thestateof theexisting com-
putationalresourcesandreportthesechangesasmessages.

For example, when a HOSTADDmessageis received,
the MWRMComm speci�cation requiresthat the function
call MWRMComm::start worker(MWWorkerID *w)
will (attemptto) starta remoteprocesson themachinethat
hasbeenadded,and will assigna uniqueprocessidenti-
�er in theMWWorkerID.Whena HOSTDELETEmessage
is received,MWRMCommrequiresthattheuniqueprocess
identi�er bepackedin themessagebuffer.

A �nal importantfunctionin theMWRMCommclassis
MWRMComm::getworker info( MWWorkerID *w
) . This functionusesunderlyingGrid servicesto populate
the MWWorkerID classwith “useful” information about
the remoteprocessor. Datamembersof theMWWorkerID
classincludethearchitecture,operatingsystem,amountof
memory, disk space,andspeedof theremotemachine.

Clearly, this is not the entire speci�cation of the
MWRMComm class. Indeed,we considerthe IPI that we
have laid out in MW to be a work in progress.The inter-
facewill likely change,andadditionalfunctionalitywill be
addedaswarranted.Duethe layereddesignof MW, appli-
cationprogramswill beshieldedfrom theinterfacechanges.

2.1.3 Example MWRMComm Implementations

Thereare currently two implementationsof the MWRM-
Comm class. Both rely on the resourcemanagementfa-
cilities providedby theCondorhigh-throughputcomputing
system[19]. As such,theMWDriver mustdealwith many
processorfaults,sincethedefaultCondorbehavior is to va-
catea runningprocesswhenthe ownerof the machinere-
turns.

In one implementation,communicationis done with
PVM, and in the other, communicationis doneby using
Condor's remoteI/O mechanism[18] to write a seriesof
shared�les. Preliminaryplansare beingmadefor a port
to theGlobussoftwaretoolkit [11]. Table1 highlightshow
the Grid servicesoftwareprovides (or could provide) the
functionalityrequiredby MWRMComm.

Theadditionalsoftwarelayeractsasa�lter , hidingcom-
plexity of Grid servicesoftware,but alsopotentiallyhiding
underlyingfunctionalityandknowledgeof how thecommu-
nicationandresourcemanagementservicesareperformed.
A signi�cant challengeis how to impart this functionality
andknowledgeto the applicationprogrammer, while still
presentinga simpleinterface.MW errson thesideof sim-
plicity, with the thoughtthat additionalGrid servicefunc-
tionality will bemadeavailableto theapplicationprogram-
merasneeded.

An advantageof the layeredapproachis that somead-
vancesin Grid servicessoftwarecan be leveragedby the
application programmersto increaseapplication perfor-
mance.For our Condor-basedMWRMCommimplementa-
tions, two examplesinclude�ocking [9], wheregeograph-
ically distributedCondorpoolsareconceptuallylinked as
one, and glide-in [8], where processorsfrom an existing
Globusresourcecanbeaddedto aCondorpoolonatempo-
rarybasis.TheseadvancedCondorfeaturesareusedby the
applicationpresentedin Section4.
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In a companionwork [15], wearguethatmany scienti�c
applicationscanbeparallelizedquiteeffectively for a Grid
environment by using the master-worker paradigm. Our
speci�c experienceis with algorithmsfor solvingnumerical
optimizationproblemsandmany of thesealgorithmsshare
thefollowing characteristics:

� IncrementalDataRequirement,

� WeakSynchronization,

� DynamicGrainSize.

TheMW API wasdesignedto provide an interfacethat
would be easy for application programmersto use, but
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Services
Condor-
PVM

Condor-Files Globus

Communi-
cation

Messages
bufferedand
passed
through
PVM
pvm pk()
in XDR
format.

Messages
passed
through
shared
worker�les
via Condor
RemoteI/O.

Messages
passedand
handledvia
Nexus
nexus
send rsr() .

Resource
Request
and
Detection

Requests
formulated
with Condor
ClassAds,
servedby
Condor
matchmak-
ing, and
detectionis
noti�ed by
pvm
notify() .

Requests
formulated
with Condor
ClassAds,
servedby
Condor
matchmaking
anddetected,
by checking
Condorlogs.

Requestsin
GlobusRSL
handledand
queuedby
GRAM via
gram
client job
request() .

Info
Querying

Information
collectedvia
condorstatus
command

Information
collectedvia
condorstatus
command

Information
queriedfrom
MDS via
LDAP
protocol.

Fault
Detection

Faults
detectedby
Condor-
PVM and
passed
through
pvm
notify() .

Faults
detectedby
checking
Condorlogs.

Faults
detectedby
HBM local
monitorsare
collectedby
HBM data
collector
agentrunning
onmaster.

Remote
Execution

Jobstarted
by pvm
spawn() .

Jobstarted
by
condorstartd
daemonon
remote
resource.

Jobstartedby
GRAM when
requestsare
served.

Table 1. Summary of How Grid Services are
Provided

alsowouldallow thesealgorithmiccharacteristicsto beex-
ploitedto build ef�cient master-workerapplications.

In orderto parallelizeanapplicationwith MW, theappli-
cationprogrammermust re-implementthreeabstractbase
classes– MWDriver, MWTask,andMWWorker.

2.2.1 MWDriver

To createtheMWDriver, theuserneedonly implementfour
purevirtual functions:

� get userinfo(int argc, char *argv[])
– Processesargumentsanddoesbasicsetup.

� setup initial tasks(int *n, MWTask
***tasks) – Returnsa set of taskson which the
computationis to begin.

� pack worker init data() – Packs the initial
datato besentto theworkeruponstartup.Useof this
functionallowstheapplicationto exploit anincremen-
tal datarequirement.

� act on completed task(MWTask *task)
– Is called every time a task �nishes. Some ac-
tions that the user could take include adding more
tasks or making calculations based on the result
of the task. Tasks are addedby calling the MW-
Driver::addTasks(MWTask **tasks) base
method.

By carefully deciding on actions to take in the
act on completed task() method,theusercantake
advantageof weaksynchronizationinherentin the parallel
application.

TheMWDriver managesa setof MWTasksanda setof
MWWorkersto executethosetasks. The MWDriver base
classhandlesworkersjoining andleaving thecomputation,
assignstasksto appropriateworkers,and rematchesrun-
ning taskswhenworkersare lost. All this complexity is
hiddenfrom theapplicationprogrammer. Further, theMW-
Driver offersmoreadvancedfunctionality, asexplainedin
Section3.

2.2.2 MWTask

The MWTaskis the abstractionof oneunit of work. The
classholds both the datadescribingthat task and the re-
sults computedby the worker. By deciding on the size
of the task, the applicationcanusedynamicgrain sizeto
its advantage,easingcontentionat the masterprocess,and
increasingparallelef�ciency. The derived taskclassmust
implementfunctionsfor sendingandreceiving its databe-
tweenthemasterandworker. Thenamesof thesefunctions
are self-explanatory: pack work() , unpack work() ,
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pack results() , and unpack results() . These
functions will call associatedpack() and unpack()
functionsin theMWRMCommclass.

2.2.3 MWWorker

TheMWWorkerclassis thecoreof theworkerexecutable.
Two purevirtual functionsmustbeimplemented:

� unpack init data() – Unpacks the initial-
ization information passed in the MWDriver's
pack worker init data() .

� execute task( MWTask *task ) – Given a
task,computestheresults.

After doing somebasic initialization, the MWWorker
sits in a simple loop. Given a task, it computesthe re-
sults, reportsthe resultsback,andwaits for anothertask.
The loop �nishes whenthe masterasksthe workerto end.
It is an easymatter to bring in other libraries, such as
highly optimizedFORTRAN routinesto theworker. They
canbe linked with the C++ code,andcalledby the exe-
cute task() function.

3 Additional Functionality

A number of other useful featuresthat are available
throughmethodsin thebaseMWDriverclass.

����� ��� ����� �	� 
 ��� 
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BecausetheMWDriver reschedulestaskswhenthepro-
cessorsrunning thesetasks fail, applicationsrunning on
top of MW are fault tolerant in the presenceof all pro-
cessorfailures—exceptfor the masterprocessor. In order
to makecomputationsfully reliable,MWDriver offers fea-
turesto logically checkpointthe stateof the computation
on the masterprocesson a user-de�ned frequency. To en-
ablecheckpointing,the usermustimplementfunctionsfor
writing andreadingthe statecontainedin its application's
masterandtaskclasses.Useof themastercheckpointfacil-
ity is demonstratedin Section4.
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The heterogeneousand dynamic nature of the Grid
makesapplicationperformancedif�cult to assess.Standard
performancemeasuressuchaswall clock timeandcumula-
tiveCPUtimedonotseparateapplicationcodeperformance
from computingplatformperformance.By normalizingthe
CPU time spenton a given task with the performanceof
the correspondingworker, the MWDriver aggregatestime

statisticsthat are comparablebetweenruns. The normal-
ization factor canbe basedon vendorinformationsuchas
MIPS or KFLOPS,if this informationis availablefrom the
underlyingGrid servicesoftware. Alternatively, MW al-
lows theuserto registeran applicationspeci�c benchmark
taskthat is sentto all workersthat join the computational
pool. Thespeedat which thebenchmarktaskis completed
is usedasthenormalizationfactor.

If we makethefollowingde�nitions:
����
���� – Worker � , 
�������� , performancenormalization

factor,
����
���� – Wall clock time thatworker � is available,
����
���� – Index of workerwhosolvedtask � , 
����� !� ,
�#"$
%�&� – CPUtime spentin solvingtask � ,
��' – Wall clock time,
� T – CumulativeworkerCPUtime: (*),+&- "$
%�&� .

We canthende�ne thefollowing statistics:
�*. – Normalizedcumulative time :

.0/21
),+&-

��
���
����3� � "$
����54

�#6 – EquivalentPoolPerformance:

60/ (87�+:9 ��
���� � ��
����
( 7�+:9 ��
����

4
�#; – Averagenumberof workers:

;</ (87�+:9 ��
����' 4
��= – Parallelef�ciency :

=�/ ( ),+&- "$
%�&�
( 7�+:9 ��
����?>

Table3.2 shows the variationsof performancestatistics
betweenruns of a Grid-enabledapplication(presentedin
Section4). The sameprobleminstancewassolved eight
times,eachtime on a differentsetof processors.A user-
de�ned benchmarktaskwasusedto de�ne the normaliza-
tion factor.

As expected,the statisticsexhibit large varianceof '
andT dueto the dynamicandheterogenousnatureof the
computingplatform. However, there is little varianceof. , whichcanthereforebeusedto docomparisonsbetween
runsandassesstheapplicationperformance.Useof thenor-
malizedperformancemeasurementhasproved invaluable
for tuningparametersof variousGrid-enabledapplications,
like theonepresentedin Section4.
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Mean Std.Dev. Min Max' 915 1019 489 1780
T 22182 27900 8844 37671. 5864 341 5739 60546 7.27 7.16 3.2 12.4; 27.5 21.7 16 39= 0.87 0.07 0.84 0.92

Table 2. Mean, Variance and Extreme Value on
8 different runs.
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Internally, theMWDriver managesa list of workersand
a list of tasks.Taskschedulingis accomplishedby assign-
ing the�rst taskin thetasklist to the�rst idle workerin the
worker list. In MWDriver, thereis an interfaceto specify
that the task list be orderedby a user-de�ned key, ensur-
ing that “important” tasksareperformed�rst. Theworker
list maybesimilarly ordered,so that “good” machinesare
the �rst to receive tasks. By default, the worker list is or-
deredusingthemachineKFLOPSinformation(if provided
by the Grid softwareimplementingMWRmComm),or by
thebenchmarkfactor if the userhasregisteredan applica-
tion speci�c benchmarktask.

While this is a rudimentaryschedulingalgorithm,it has
proven suf�cient for all applicationsimplementedto date
with MW. Theapplicationshave hadnoneedto matchspe-
ci�c taskswith speci�c workers. Also, the applicationsto
datehave not beendata-intensive, so useof advancedser-
vicessuchastheNetworkWeatherService[26] to improve
schedulinghasnotbeenwarranted.

4 Application to Combinatorial Optimiza-
tion

MW hasbeenusedin theMetaNEOSproject[20] to im-
plementseveral grid-enabledparallel optimizationsolvers
[7] [14] [17]. Onesolver hasbeenspecializedto solve the
quadraticassignmentproblem(QAP) [6]. Despiteits sim-
ple statement—tominimizetheassignmentcostof � facil-
ities to � locations—itis extremelydif�cult to solve even
modestsizedinstancesof theQAP. Problemswith �����
	
aredif�cult; problemswith �����
	 have not evenbeenat-
temptedyet. By embeddinga new relaxationtechnique[1]
into a branch-and-boundframework, andimplementingthe
resultingsolver within MW, we managedto solve what is
regardedby expertsin the �eld asthe mostdif�cult QAP
instance(size � =27) to provableoptimality [2].

In orderto usethe computationalresourceswith maxi-
mum ef�ciency, the parallelizationstrategy of the branch-

and-boundtreesearchhasbeencarefullydesigned.Issues
suchastheproperorderingof thetasklist andtheselection
of thegrainsizewerecarefullyconsideredin orderto mini-
mizecommunicationoverheadandcontentionat themaster
processwithoutintroducinglargeparallelsearchanomalies.
By usingthe intuitiveMW API, implementingtheparallel
versionof the sequentialbranch-and-boundcodewas ex-
tremely simple and fast. The MW-ized QAP application
codewascompiledto usethe Condor/File-BasedMWRM-
Commimplementation.

The computationalpool was composedof machines
from the Condorpool and a Linux clusterat the Univer-
sity of Wisconsin,a �ocked Condorpool at the Univer-
sity of New Mexico, a �ocked Condor pool at the Na-
tionalInstitutefor NuclearPhysics(Bologna,Italy), andthe
SGI/Origin2000at ArgonneNationalLaboratoryacquired
via Globusthroughtheglide-in mechanism.Furtherinfor-
mationaboutthecomputationalpool is summarizedin Ta-
ble3.

(Peak)
Number Arch-OS Where How GFLOPS

179 INTEL/LINUX Wisc Main Pool 13.88
34 INTEL/LINUX UNM Flocked 1.12
64 INTEL/LINUX INFN Flocked 2.76
150 INTEL/SOLARIS Wisc Main Pool 7.64
35 SUN/SOLARIS Wisc Main Pool 1.44
8 SUN/SOLARIS INFN Flocked 0.38
32 SGI/IRIX Argonne Glide-in 3.84

502 - - - 31.06

Table 3. The Computational Pool.

Figure 1 depictsthe cumulative evolution of the num-
berof machinesof eachtypeduringour run. A few events
areof note. At 11:30AM a glide-in requestwasmadefor
32 SGI processorson Argonne's Origin for a periodof 12
hours. (The readercannotethesemachinesappearin Fig-
ure1 aroundthistime). At 6:30PM, theCondorscheduling
daemonwasrecon�guredto allow �ocking with the INFN
Condorpool in Bologna,Italy. Thejob wasstoppedmanu-
ally at 11PM,andwe restartedit at 8AM from themaster's
checkpoint�le, asexplainedin Section3.1.Whenrestarted,
we did not placeanew glide-in request.

In all, 87,036tasks,eachconsistingof anumberof nodes
of thebranchandboundtree,weresentfrom themasterto
workers. It is impossibleto predict the numberof nodes
in a task, resultingin a wide variancein task grain sizes.
Thetaskgrainsizesvariedfrom 0.01CPUsecondsto over
1200CPU seconds,with a meanvalueof 190.6seconds.
567,793,866nodeswereexplored in solving the problem.
Figure2 shows a moving averageof the numberof nodes
evaluatedpersecond.Over thecourseof thecomputation,
we usedan averageof 211.3machinesandwith a peakof
285. The parallel ef�ciency obtainedduring the run was
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= / 	 >�� � . The averageperformanceof the computational
poolwas195timestheperformanceof oneof thededicated
Linux nodes.Neglectingparallelsearchanomalies,theso-
lution of this problemin sequentialwould have required
aroundover 177 daysof computationwith the sequential
algorithmona dedicatedLinux node.Themarriageof Grid
resourceswith theadvancedalgorithmallowedthesolution
of a heretoforeunsolvedproblem.
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5 Conclusionsand Futur eWork

MW hasallowedalgorithmdevelopersto bring together
a largenumberof heterogeneous,geographicallydispersed
resourcesto solve extremely large problems. The simple
API of MW provided a convenient programmingmodel
enablingthe userto focuson algorithmicfeatureswithout
worrying on thedetailsof settingup computations,andthe
IPI hasalloweda betterportability of the resultingcodeto
differentgrid computingenvironments.

It is thecontinuedgoalof this work to draw furtherap-
plicationdevelopersby providing asimpleinterface,access
to Grid resources,andusefulfunctionalityat noexpenseto
the applicationcode. We also wish to enticeGrid infras-
tructuredevelopersto supportMW by providing a simple,
well-de�ned interface,and interestinganduseful applica-
tions.Thereis still work to bedoneto turn thesegoalsinto
realities.

FurtherinformationaboutMW is availablefrom

http://www.cs.wisc.edu/condor/mw
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