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Abstract. Smallerinstitutionscannow maintainlocal clustercomputingenvi-
ronmentsto supportresearchandteachingin high-performancescienti�c com-
putation.Researcherscandevelop,test,andrunsoftwareon thelocal clusterand
move later to larger clustersand supercomputersat an appropriatetime. This
presentschallengesin thedevelopmentof softwarethatcanberun ef�ciently on
a rangeof computingenvironmentsfrom the (often heterogeneous)local clus-
tersto the larger clustersandsupercomputers.Meanwhile,the clustersarealso
valuableteachingresources.We describethe useof a heterogeneousclusterat
Williams College andits role in the developmentof softwareto supportscien-
ti�c computationin suchenvironments,includingtwo summerresearchprojects
completedby Williams undergraduates.

Clustercomputingenvironmentsat smallerinstitutionshave provided a new plat-
form for researchandteachingin high-performancecomputing.Suchlocal computing
resourcessupportdevelopmentof softwarewhich canbeexecutedon the local cluster
or canbemovedlaterto largerclustersor supercomputersfor executionof largerprob-
lems.Meanwhile,clustersprovidevaluablelocal resourcesfor teachingandthesupport
of studentprojects.This paperdescribesa clusterat Williams Collegeandprovidesan
overview of a researcheffort thathasbeenmotivatedandsupportedby this cluster, in
particulartwo undergraduateprojectswhichhavecontributedto thiseffort.

1 A Cluster Envir onment

Our cluster(known as“Bullpen”1) is locatedin theDepartmentof ComputerScience
at Williams College. It consistsof oneSunEnterprise220Rserver with one450MHz
SparcUltraII processor;two Enterprise420Rservers,eachwith four 450MHz Sparc
UltraII processors;andsix Enterprise220Rservers,eachwith two 450MHzSparcUl-
traII processors;andfour SunUltra 10 Workstations,eachwith one300 or 333MHz
SparcUltraII processor.

Thisclusteris intentionallyheterogeneous,with its nodeshaving differentprocessor
speeds,numbersof processorsandamountof memorypernode.This makesit anex-
cellentplatformfor studiesof scienti�c computationin heterogeneousandhierarchical

1 http://bullpen.cs.williams.edu/



2 J.D. Teresco,L. Ef®nger-DeanandA. Sharma

environments.While mostclustersareinitially built usingidenticalnodes,incremental
growth is anattractive featuresof clusters.As new (likely faster)nodesareadded,old
nodesremainpartof thecluster, leadingto heterogeneity.

In addition to the supportof the researchdescribedherein,this clusterhasbeen
usedin ComputerSciencecoursesat Williams, mostextensively in the Parallel Pro-
cessingcourse.Studentshavebeenableto write multithreadedcodeusingbothPOSIX
threads[5] andOpenMP2 to usethe symmetricmultiprocessing(SMP) nodes.They
have usedtheMessagePassingInterface(MPI)3 to usemultiple nodesto performpar-
allel computationwith distributedmemoryandmessagepassing.Studentprojectshave
includeda parallel discreteevent simulation,parallel particle simulations,a parallel
photonmapperanda parallelray tracer. Having the local clusteravailablemeantthat
thestudentswerenot competingfor processorcycleson lab workstationsanddid not
have to developsoftwareremotelyatasupercomputingcenter.

2 Parallel AdaptiveComputation on Clusters

Ourgoalis to developtoolsandtechniquesto allow ef�cient paralleladaptivescienti�c
computationon heterogeneousclusterssuchasBullpen.We focuson solversfor sys-
temsof partialdifferentialequationsusing�nite elementandrelatedmethods(e.g.,[4,
6,7]) thatusemeshesto discretizeproblemdomains.Themeshis partitionedinto sub-
domainsconsistingof disjoint subsetsof meshentities(e.g.,elements,surfaces,nodes)
andthesesubdomainsareassignedto thecooperatingprocessesof a parallelcomputa-
tion. Adjacentmeshentitieswill exchangeinformationduringthesolutionprocess.So
in additionto its attemptsto divide the work evenly amongthe processes(to achieve
loadbalance),a meshpartitionerattemptsto minimizethenumberof pairsof adjacent
entitieswhich areassignedto differentprocesses(to minimize interprocesscommuni-
cation).

The methodsare adaptive, wheretime and spaceef�ciency is improved by con-
centratingcomputationaleffort in partsof the domainwhereit is neededto achieve
a solution to a prescribedaccuracy [1]. However, adaptivity will disturb a balanced
partitioning,necessitatingadynamicloadbalancingstep.Dynamicloadbalancingpro-
cedureshavesimilargoalsto meshpartitioners,but mustoperateonalready-distributed
dataandshouldminimizethechangebetweentheexisting decompositionandthenew
decomposition(to limit meshmigration).

A numberof approachesto dynamicload balancinghave beenproposed([8] in-
cludesa survey). TheZoltanParallelDataServicesToolkit [2] providesa commonin-
terfaceto high-qualityimplementationsof severalsuchprocedures.With Zoltan,appli-
cationscanquickly make useof andcaneasilyswitchamongavailableloadbalancing
methods.Fig. 1 shows the interactionbetweenparalleladaptive applicationsoftware
anda dynamicloadbalancingsuitesuchasthat in Zoltan.After aninitial partitioning,
theapplicationperformscomputationsteps,periodicallyevaluatingerrorestimatesand
checkingagainstspeci�ederrortolerances.If theerror is within tolerance,thecompu-

2 http://www.openmp.org
3 http://www-unix.mcs.anl.gov/mpi/
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Fig.1. Program�o w of a typical paralleladaptive computationusinga loadbalancingsuitesuch
asZoltan.

tationcontinues.Otherwise,anadaptive re�nementtakesplace,followedby dynamic
loadbalancingbeforethecomputationresumes.

Ourgoalis to runparalleladaptivecomputationsef�ciently onheterogeneousclus-
ters,while makingminimalchangesto theapplicationsoftware.Wehavebeenworking
with threesoftwarepackagesin clusterenvironments.LOCO [4] andDG [7] imple-
ment parallel adaptive discontinuousGalerkin procedures.The Parallel Hierarchical
Adaptive MultiLevel software(PHAML) [6] implementsa varietyof paralleladaptive
solutionprocedures.Eachof theseusesZoltan's dynamicloadbalancingprocedures.

3 Resource-AwareLoad Balancing

In clusterenvironments,load imbalancemaybe introducedbecauseof heterogeneous
or non-dedicatedprocessors.Therelativecostsof computationandcommunicationmay
changefrom oneenvironmentto thenext, suggestinga differentpartitioningstrategy.
On Bullpen, we are facedwith nonuniformprocessorspeeds,the mixture of 1-, 2-,
and4-processornodes,anda slower network relative to processingspeedthanprevi-
oustargetplatforms.A resource-aware computation,which requiresknowledgeof the
computingenvironmentandtoolsto make useof this knowledge,is neededto take full
advantageof the computingenvironment.Resource-aware adjustmentscan be made
anywherefrom low-level toolsto applicationprograms(see[11] for examples).

Ourfocusis onresource-awaredynamicloadbalancing,guidedby theDynamicRe-
sourceUtilization Model(DRUM) [3,10]4. Processor“speed”(megahertzor gigahertz)
ratingsmustbe combinedwith otherfactorssuchascache,memoryandinput/output
subsystemperformance,andcurrentusageto determinehow quickly a processorcan
performcomputation.DRUM evaluatesthecomputingenvironment's performanceus-
ing datafrom bothbenchmarkswhich arerun a priori eithermanuallyor from within
DRUM' s graphicalcon�guration tool (Section4) anda dynamicperformancemoni-
tors.DRUM distills this informationinto a single“power” value,readilyusedby load
balancingprocedures(includingall Zoltanprocedures)to produceappropriately-sized
partitions.

4 M
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Benchmarkresultsare storedin a model of the computingenvironmentthat en-
capsulatesinformationabouthardwareresources,their capabilitiesandtheir intercon-
nectiontopologyin a treestructure.Theroot of the treerepresentsthe total execution
environment.Thechildrenof therootnodearehighlevel divisionsof differentnetworks
connectedto form the total executionenvironment.Sub-environmentsarerecursively
divided,accordingto thenetwork hierarchy, with thetreeleavesbeingindividualsingle-
processor(SP)nodesor symmetricmultiprocessing(SMP)nodes.Computationnodes
attheleavesof thetreehavedatarepresentingtheirrelativecomputingandcommunica-
tion power. Networknodes, representingroutersor switches,have anaggregatepower
calculatedasa functionof thepowersof their childrenandthenetwork characteristics.
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Fig.2. A typical interactionbetweenanadaptive applicationcodeanda dynamicloadbalancing
suite,whenusinga resourcemonitoringsystem(e.g.,DRUM).

DRUM alsoprovidesa mechanismfor dynamicmonitoringandperformanceanal-
ysis.Monitoring agentsin DRUM arethreadsthat run concurrentlywith the userap-
plication to collect memory, network, and CPU utilization and availability statistics.
Fig. 2 shows theinteractionamonganapplicationcode,a loadbalancingsuitesuchas
Zoltan,anda resourcemonitoringsystemsuchasDRUM for a typical adaptive com-
putation.Whenload balancingis requested,the load balancerqueriesthe monitoring
system'sperformanceanalysiscomponentto determineappropriateparametersandpar-
tition sizesfor therebalancingstep.

DRUM canalsoadjustfor heterogenous,hierarchical,andnon-dedicatednetwork
resourcesby estimatinga node's communicationpower basedon the communication
traf�c at thenode.Informationaboutnetwork interfacesmaybegatheredusingkernel
statistics,a more portablebut still limited library called net-snmp 5, which imple-
mentsthe Simple Network ManagementProtocol(SNMP), or the Network Weather
Service(NWS) [13] (Section5). Giving morework to a nodewith a largercommuni-
cationpower cantake advantageof thefactthat it is lessbusywith communication,so
shouldbeableto performsomeextra computationwhile othernodesarein their com-
municationphase.Thecommunicationpower is combinedwith processingpower asa
weightedsumto obtainthesinglevaluethatcanbeusedto requestappropriately-sized
partitionsfrom theloadbalancer.

5 http://www.net-snmp.org
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WehaveusedDRUM to guideresource-awareloadbalancingfor boththePHAML
and DG applicationsoftware. DRUM-guided partitioning shows signi�cant bene�ts
over uniformly sizedpartitions,approaching,in many instances,the optimal relative
changein executiontimes.We have alsoseenthatDRUM caneffectively adjustto dy-
namicchanges,suchasshareduseof somenodes.This cannotbe donewith a static
modelthat takesinto accountonly nodecapabilities.Our focusin this paperis on the
two DRUM enhancementsdescribedin thefollowing sections;see[3] and[10] for per-
formancestudiesusingDRUM.

4 A Graphical Con�guration Tool for DRUM

DRUM constructsits run-timemodelof thecomputingenvironmentusinginformation
storedin anXML-format con�guration�le thatdescribespropertiesof thesystem(e.g.,
benchmarkresults,network topology).We have developeda graphicalcon�guration
programin Java calledDrumHeadthataidsin theconstructionof thesecon�guration
�les 6. DrumHeadcanbeusedto draw a descriptionof a cluster, automaticallyrun the
benchmarkson the clusternodes,andthencreatethe con�guration �le for DRUM to
readin whenconstructingits model.Fig. 3 shows anexcerptfrom anXML con�gura-
tion �le generatedby DrumHeadfor theBullpenClustercon�guration.

<machinemodel>
<node type="NETWORK" nodenum="0" name="" IP="" isMonitorable="false"
parent="-1" imgx="361.0" imgy="52.0">
<lbmethod lbm="HSFC" KEEP_CUTS="1"></lbmethod></node>
<node type="SINGLE_COMPUTING" nodenum="2" name="mendoza.cs.williams.edu"
IP="137.165.8.140" isMonitorable="true" parent="0"
benchmark="52.43" imgx="50.0" imgy="138.0"></node>
<node type="MULTIPLE_COMPUTING" nodenum="3" name="rivera.cs.williams.edu"
IP="137.165.8.130" isMonitorable="false" parent="0"
imgx="74.64 "imgy="263.0" benchmark="82.55" numprocs="4">
<lbmethod lbm="HSFC" KEEP_CUTS="1">
</lbmethod></node>
...
</machinemodel>

Fig.3. An excerptfrom acon�guration�le generatedby DrumHeadfor Bullpen.

Thelayoutof themainwindow (Fig.4) is simple:apanelof toolsandbuttonsonthe
left anda workspace(startingout empty)on theright. Thetool paneshows thecurrent
propertiesof the entire cluster, all the changeablefeaturesof the selectednodeand
buttonsto save changesto theselectednode's parameters.In themiddlepane,theuser
candraw nodes,representedby rectangles(thecomputingnodes)andovals(networking
nodes),connectedby lines.Thesenodescanbedragged,sotheusercanplacethemin
ameaningfularrangement.

6 The designand implementationof DrumHeadwaspart of the researchprojectof Williams
undergraduateArjun SharmaduringSummer2004.
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Fig.4. DrumHeadeditingadescriptionof theBullpenCluster.

DrumHeadallowsspeci�cationof dynamicloadbalancingmethodsandparameters
for network andSMP computingnodes.Theseparameterscanbe usedby DRUM to
guideahierarchicalloadbalancing,wheredifferentloadbalancingproceduresareused
in differentpartsof thecomputingenvironment.Theavailableprocedurespresenttrade-
offs in executiontime andpartitionquality (e.g., surfaceindices,interprocessconnec-
tivity, strictnessof loadbalance)[12] andsomemaybemoreimportantthanothersin
somecircumstances.For example,considera run usingtwo or moreof Bullpen's SMP
nodes.A morecostlygraphpartitioningcanbedoneto partitionamongtheSMPs,to
minimizecommunicationacrosstheslow network interface,possiblyat theexpenseof
somecomputationalimbalance.Then,a fastgeometricalgorithmcanbeusedto parti-
tion independentlywithin eachnode.Hierarchicalbalancing,which is implementedin
Zoltan,is describedin detail in [9].

5 Interface to the Network WeatherService

DRUM is intendedto work on a varietyof architecturesandoperatingsystems.We do
not want to requirethat DRUM usersinstall additionalsoftwarepackages,but we do
wantDRUM to takeadvantageof suchpackageswhenavailable.Wehavedevelopedan
interfacethatallows DRUM to accessinformationfrom NWS7, which providesinfor-

7 The implementationof the DRUM interface to NWS was part of the researchproject of
Williams undergraduateLauraEf�nger-DeanduringSummer2004.
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mationaboutnetwork andCPUusagefor Unix-basedsystems.NWS is moreintrusive
thanDRUM' sothernetwork monitoringcapabilties,asit will sendits own messagesto
measurenetwork status.

NWS usesa setof “sensor”serverswhich run separatelyon eachnodeof thepar-
allel system,interactingwith a “nameserver” andoneor more“memory” servers.The
nameserver allows easysearchingfor servers(“hosts”), sensorresources(“activities”
or “skills”), andpreviously-collecteddata(“series”).For instance,to searchfor statis-
tics aboutbandwidthbetweenmachineA andmachineB, you would querythename-
server for anobjectwith propertiesobjectClass “nwsSeries,” resource “band-
widthTcp,” host “A:8060,” andtarget “B:8060,” where8060is the port usedby
the sensorson A andB. Network datais gatheredwithin “cliques” of nodes:setsof
machineswhich tradepackets to measurebandwidth,connecttime, andlatency. The
conceptof cliques�ts well with DRUM' s treemodel,asa cliquemaybede�ned asall
leavesof anetwork node.

DRUM reliesontheuseror systemadministratorto con�gureandlaunchtheappro-
priateNWS serverson eachnodewithin theparallelsystem.NWS activities couldbe
startedfromwithin DRUM, but thiswouldbeineffectiveearlyin acomputationasNWS
needsat leastafew minutesto collectenoughdatato provideusefulinformation.When
it needsto gathernetwork statisticsfrom NWS, DRUM searchesthe nameserver for
available“bandwidthTcp”seriesandrandomlyselectsthree.Theseseriesarelimited to
thosewhosehostis thecurrentmachineandwhosetargetsharesaparentnodewith the
host.Fromthesethreeseries,DRUM calculatesthecommunicationpower of thenode
basedoneof threemethods:an averageof 20 measurements,the most recentsingle
measurement,or anNWS “forecast,” whichessentiallyprovidesa normalizedestimate
of bandwidth,undisturbedby small variations.This bandwidthcalculationsubstitutes
for the“communicationactivity factor”usedby thekstat-andSNMP-basedimplemen-
tationsfor thedeterminationof communicationpowersandweightsin DRUM' soverall
power formulas[3].
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