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Abstract. Smallerinstitutionscannow maintainlocal clustercomputingenvi-
ronmentsto supportresearchandteachingin high-performancescienti c com-
putation.Researchersandevelop,test,andrun softwareon thelocal clusterand
move later to larger clustersand supercomputerat an appropriatetime. This
presenthallengesn the developmentof softwarethatcanberun ef ciently on
a rangeof computingervironmentsfrom the (often heterogeneoudpcal clus-
tersto the larger clustersand supercomputergvieanwhile,the clustersare also
valuableteachingresourcesWe describethe useof a heterogeneouslusterat
Williams College andits role in the developmentof softwareto supportscien-
tic computatiorin suchervironmentsjncludingtwo summenmresearctprojects
completedby Williams undegraduates.

Clustercomputingervironmentsat smallerinstitutionshave provided a new plat-
form for researclandteachingin high-performanceomputing.Suchlocal computing
resourcesupportdevelopmentof softwarewhich canbe executedon the local cluster
or canbemoved laterto largerclustersor supercomputerfr executionof largerprob-
lems.Meanwhile clustergprovide valuablelocal resourcesor teachingandthe support
of studentprojects.This paperdescribes clusterat Williams College andprovidesan
overview of aresearcleffort thathasbeenmotivatedandsupportedoy this cluster in
particulartwo undegraduateprojectswhich have contritutedto this effort.

1 A Cluster Environment

Our cluster(known as“Bullpen”?) is locatedin the Departmenbf ComputerScience
at Williams College. It consistsof one SunEnterprise220R sener with one450MHz
SparcUltrall processortwo Enterprised20R seners, eachwith four 450MHz Sparc
Ultrall processorsandsix Enterprise220Rseners,eachwith two 450MHz SparcUl-
trall processorsandfour SunUIltra 10 Workstationsgachwith one 300 or 333 MHz
SparcUltrall processar

Thisclusteris intentionallyheterogeneousyith its nodeshaving differentprocessor
speedsnumbersof processoreandamountof memorypernode.This makesit an ex-
cellentplatformfor studiesof scienti c computationn heterogeneouandhierarchical

! http://ullpen.cs.williams.edu/
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ervironments While mostclustersareinitially built usingidenticalnodesjncremental
growth is an attractive featuresof clusters As new (likely faster)nodesareaddedold
nodesremainpartof the cluster leadingto heterogeneity

In additionto the supportof the researchdescribedherein, this clusterhasbeen
usedin ComputerSciencecoursesat Williams, mostextensviely in the Parallel Pro-
cessingcourse Student$ave beenableto write multithreadedcodeusingboth POSIX
threads[5] and OpenMP to usethe symmetricmultiprocessing SMP) nodes.They
have usedthe MessagePassinginterface(MPI)® to usemultiple nodesto performpar
allel computatiorwith distributedmemoryandmessag@assingStudentprojectshave
includeda parallel discreteevent simulation, parallel particle simulations,a parallel
photonmapperanda parallelray tracer Having the local clusteravailable meantthat
the studentswvere not competingfor processorycleson lab workstationsanddid not
have to develop softwareremotelyat a supercomputingenter

2 Parallel Adaptive Computation on Clusters

Ourgoalis to developtoolsandtechniquedo allow ef cient paralleladaptie scienti ¢
computationon heterogeneouslusterssuchas Bullpen. We focuson solversfor sys-
temsof partialdifferentialequationsising nite elementandrelatedmethodge.qg.,[4,
6,7]) thatusemeshego discretizeproblemdomains.The meshis partitionedinto sub-
domainsconsistingof disjoint subset®f meshentities(e.g.,elementssurfacesnodes)
andthesesubdomaingreassignedo the cooperatingprocessesf a parallelcomputa-
tion. Adjacentmeshentitieswill exchangeinformationduringthe solutionprocessSo
in additionto its attemptsto divide the work evenly amongthe processesto achiere
load balance)a meshpartitionerattemptsto minimize the numberof pairsof adjacent
entitieswhich areassignedo differentprocesse$to minimize interprocessommuni-
cation).

The methodsare adaptve, wheretime and spaceef ciency is improved by con-
centratingcomputationakffort in partsof the domainwhereit is neededo achieve
a solutionto a prescribedaccurag [1]. However, adaptvity will disturba balanced
partitioning,necessitating dynamicloadbalancingstep.Dynamicloadbalancingoro-
ceduresdave similar goalsto meshpartitionersput mustoperateon already-distribited
dataandshouldminimize the changebetweerthe existing decompositiorandthe new
decompositiorto limit meshmigration).

A numberof approacheso dynamicload balancinghave beenproposed([8] in-
cludesa sunwey). The Zoltan Parallel DataServicesToolkit [2] providesa commonin-
terfaceto high-qualityimplementation®f several suchprocedureswith Zoltan,appli-
cationscanquickly make useof andcaneasilyswitchamongavailableloadbalancing
methods Fig. 1 shavs the interactionbetweenparallel adaptve applicationsoftware
anda dynamicloadbalancingsuitesuchasthatin Zoltan.After aninitial partitioning,
theapplicationperformscomputatiorstepsperiodicallyevaluatingerrorestimatesand
checkingagainstspeci ed errortoleranceslf the erroris within tolerancethe compu-

2 http:/lwww.openmp.ay
% http://lwww-unix.mcs.anl.ggmpi/
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Fig. 1. Programo w of atypical paralleladaptve computatiorusingaloadbalancingsuitesuch
asZoltan.

tation continues Otherwise an adaptve re nementtakesplace,followed by dynamic
loadbalancingbeforethe computatiorresumes.

Ourgoalis to run paralleladaptve computation®f ciently onheterogeneoudus-
ters,while makingminimal changego theapplicationsoftware.We have beenworking
with threesoftware packagesn clusterenvironments.LOCO [4] and DG [7] imple-
ment parallel adaptve discontinuousGalerkin proceduresThe Parallel Hierarchical
Adaptive MultiLevel software (PHAML) [6] implementsa variety of paralleladaptive
solutionprocedureskEachof theseusesZoltan's dynamicload balancingporocedures.

3 Resource-Aware Load Balancing

In clusterervironments load imbalancemay be introducedbecausef heterogeneous
or non-dedicate@rocessorsT herelative costsof computatiorandcommunicationmay
changefrom oneervironmentto the next, suggesting differentpartitioning strateyy.
On Bullpen, we are facedwith nonuniformprocessorspeedsthe mixture of 1-, 2-,
and4-processonodes,anda slower network relative to processingspeedthan previ-
oustamgetplatforms.A resouce-awae computationwhich requiresknowledgeof the
computingervironmentandtoolsto make useof this knowledge,is neededo take full
adwantageof the computingervironment. Resource-aare adjustmentsan be made
arywherefrom low-level toolsto applicationprogramgsee[11] for examples).

Ourfocusis onresource-aaredynamicloadbalancingguidedby theDynamicRe-
sourceUtilization Model (DRUM) [3, 10]*. Processotspeed’(megahertzor gigahertz)
ratingsmustbe combinedwith otherfactorssuchascache memoryandinput/output
subsystenperformanceand currentusageto determinehow quickly a processorcan
performcomputationDRUM evaluateshe computingervironments performanceus-
ing datafrom both benchmarksvhich arerun a priori eithermanuallyor from within
DRUM's graphicalcon guration tool (Section4) and a dynamicperformancenoni-
tors. DRUM distills this informationinto a single“power” value,readily usedby load
balancingproceduregincluding all Zoltan proceduresjo produceappropriately-sized
partitions.

4 web page:http://iwww.cs.williams.edu/drum/
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Benchmarkresultsare storedin a model of the computingervironmentthat en-
capsulatesnformationabouthardwareresourcestheir capabilitiesandtheir intercon-
nectiontopologyin atreestructure.Theroot of the treerepresentshe total execution
environment.Thechildrenof therootnodearehighlevel divisionsof differentnetworks
connectedo form the total executionervironment.Sub-erironmentsarerecursvely
divided,accordingo thenetwork hierarcly, with thetreeleavesbeingindividual single-
processo(SP)nodesor symmetricmultiprocessind SMP) nodes.Computatiomodes
attheleavesof thetreehave datarepresentingheir relative computingandcommunica-
tion power. Networknodes representingoutersor switches have an aggreate powver
calculatedasa function of the pawersof their childrenandthe network characteristics.
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Fig. 2. A typical interactionbetweeran adaptve applicationcodeanda dynamicload balancing
suite,whenusingaresourcemonitoringsystem(e.g.,DRUM).

DRUM alsopraovidesa mechanisnfor dynamicmonitoringandperformancenal-
ysis. Monitoring agentsin DRUM arethreadsthat run concurrentlywith the userap-
plication to collect memory network, and CPU utilization and availability statistics.
Fig. 2 shavs theinteractionamongan applicationcode,a load balancingsuitesuchas
Zoltan, anda resourcanonitoringsystemsuchas DRUM for a typical adaptve com-
putation.Whenload balancingis requestedthe load balancemueriesthe monitoring
systems performancenalysiscomponento determineappropriatg@parameterandpar
tition sizesfor therebalancingtep.

DRUM canalsoadjustfor heterogenousiierarchicalandnon-dedicatecdhetwork
resourcedy estimatinga nodes communicationpowver basedon the communication
trafc atthe node.Informationaboutnetwork interfacesmay be gatheredusingkernel
statistics,a more portablebut still limited library called net-snmp 2, which imple-
mentsthe Simple Network Managemen®rotocol (SNMP), or the Network Weather
Service(NWS) [13] (Section5). Giving morework to a nodewith a larger communi-
cationpower cantake advantageof thefactthatit is lessbusywith communicationso
shouldbe ableto performsomeextra computationwhile othernodesarein their com-
municationphase The communicatiorpower is combinedwith processingpower asa
weightedsumto obtainthe singlevaluethatcanbe usedto requestppropriately-sized
partitionsfrom theloadbalancer

5 http://www.net-snmp.org
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We have usedDRUM to guideresource-aareload balancingfor boththe PHAML
and DG applicationsoftware. DRUM-guided partitioning shavs signi cant bene ts
over uniformly sized partitions,approachingin mary instancesthe optimal relative
changen executiontimes.We have alsoseenthat DRUM caneffectively adjustto dy-
namicchangessuchas shareduseof somenodes.This cannotbe donewith a static
modelthattakesinto accountonly nodecapabilities Our focusin this paperis on the
two DRUM enhancemenidescribedn thefollowing sectionssee[3] and[10] for per
formancestudiesusingDRUM.

4 A Graphical Con guration Tool for DRUM

DRUM constructsts run-timemodelof the computingenvironmentusinginformation
storedin anXML-format con guration le thatdescribegpropertieof thesystem(e.g.,
benchmarkresults,network topology). We have developeda graphicalcon guration
programin Java called DrumHeadthat aidsin the constructionof thesecon guration
les®. DrumHeadcanbe usedto draw a descriptionof a cluster automaticallyrun the
benchmark®n the clusternodes,andthen createthe con guration le for DRUM to
readin whenconstructingts model.Fig. 3 shovs anexcerptfrom an XML con gura-
tion le generatedy DrumHeador the Bullpen Clustercon guration.

<machinemodel>

<node type="NETWORK" nodenum="0" name="" [P="" isMonitorable="false"
parent="-1" imgx="361.0" imgy="52.0">

<lbmethod Ibm="HSFC" KEEP_CUTS="1"></lbmethod></node>

<node type="SINGLE_COMPUTING" nodenum="2" name="mendoza.cs.williams.edu"
1P="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"
1P="137.165.8.130" isMonitorable="false" parent="0"

imgx="74.64  "imgy="263.0" benchmark="82.55" numprocs="4">

<lbmethod Ibm="HSFC" KEEP_CUTS="1">

</lbmethod></node>

</machinemodel>

Fig. 3. An excerptfrom a con guration le generatedby DrumHeadfor Bullpen.

Thelayoutof themainwindow (Fig. 4) is simple:apanelof toolsandbuttonsonthe
left anda workspacegstartingoutempty)on theright. Thetool paneshowns the current
propertiesof the entire cluster all the changeabldeaturesof the selectednodeand
buttonsto save changedo the selectechode’s parameterdn the middle pane the user
candraw nodesrepresentetly rectanglegthecomputingnodes)yndovals(networking
nodes)connectedy lines. Thesenodescanbe draggedsothe usercanplacethemin
ameaningfularrangement.

8 The designandimplementationof DrumHeadwas part of the researctprojectof Williams
undegraduateArjun Sharmaduring Summer2004.
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Fig. 4. DrumHeadeditinga descriptionof the Bullpen Cluster

DrumHeadallows speci cationof dynamicloadbalancingmethodsandparameters
for network and SMP computingnodes.Theseparameterganbe usedby DRUM to
guideahierarchicaloadbalancingwheredifferentloadbalancingproceduresreused
in differentpartsof thecomputingervironment.Theavailableprocedurepresentrade-
offs in executiontime andpartition quality (e.g., surfaceindices,interprocesgonnec-
tivity, strictnessf load balance)12] andsomemay be moreimportantthanothersin
somecircumstanced-or example,considera run usingtwo or moreof Bullpen's SMP
nodes A morecostly graphpartitioningcanbe doneto partitionamongthe SMPs,to
minimize communicatioracrosghe slow network interface,possiblyat the expenseof
somecomputationalmbalance Then,afastgeometricalgorithmcanbe usedto parti-
tion independentlyithin eachnode.Hierarchicalbalancingwhich is implementedn
Zoltan,is describedn detailin [9].

5 Interface to the Network Weather Sewice

DRUM is intendedio work on a variety of architecturegandoperatingsystemsWe do
not wantto requirethat DRUM usersinstall additionalsoftware packagesbut we do
wantDRUM to take advantageof suchpackagesvhenavailable.We have developedan
interfacethatallows DRUM to accessnformationfrom NWS’, which providesinfor-

" The implementationof the DRUM interfaceto NWS was part of the researchproject of
Williams undegraduatd_auraEf nger-Deanduring Summer2004.
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mationaboutnetwork andCPU usageor Unix-basedsystemsNWS is moreintrusive
thanDRUM' s othernetwork monitoringcapabiltiesasit will sendits own message®
measuranetwork status.

NWS usesa setof “sensor’senerswhich run separatelyon eachnodeof the par
allel system,nteractingwith a “nameserer” andoneor more“memory” seners.The
nameserer allows easysearchingor seners (“hosts”), sensoresourceg“activities”
or “skills”), andpreviously-collecteddata(“series”). For instanceto searchfor statis-
tics aboutbandwidthbetweermachineA andmachineB, you would querythe name-
sener for anobjectwith propertiesobjectClass  “nwsSeries, resource  “band-
widthTcp; host “A:8060; andtarget “B:8060; where8060is the port usedby
the sensoron A andB. Network datais gatheredwithin “cliques” of nodes:setsof
machineswhich tradepacletsto measureébandwidth,connecttime, andlateng. The
concepbf cliques ts well with DRUM's treemodel,asa cliguemaybede ned asall
leavesof anetwork node.

DRUM reliesontheuseror systemadministratoto con gure andlaunchtheappro-
priate NWS senerson eachnodewithin the parallelsystem NWS actiities could be
startedrom within DRUM, butthiswouldbeineffective earlyin acomputatiorasNWS
needsatleastafew minutesto collectenoughdatato provide usefulinformation.When
it needsto gathernetwork statisticsfrom NWS, DRUM searcheshe nameserer for
available"bandwidthTcp”seriesandrandomlyselectghree. Theseseriesarelimited to
thosewhosehostis the currentmachineandwhosetargetsharesa parentnodewith the
host.Fromthesethreeseries DRUM calculategshe communicatiorpower of the node
basedone of three methods:an averageof 20 measurementshe mostrecentsingle
measuremengr anNWS “forecast; which essentiallyprovidesa normalizedestimate
of bandwidth,undisturbedoy small variations.This bandwidthcalculationsubstitutes
for the“communicatioractiity factor” usedby thekstat-andSNMP-basedmplemen-
tationsfor thedeterminatiorof communicatiorpowersandweightsin DRUM' s overall
power formulas[3].
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