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Abstract

CHARMM is a popularmoleculardynamicscodefor computationabiology. For mary CHARMM appli-
cationssuchasproteinfolding, desktopgrids could becomeviable alternativesto clustersof PCs.

In this technicalreport, we presenta prototypeand discussthe viability of a proteinfolding application
with CHARMM on the United Devices MetaProcessom platform for widely distributed computing. We
identify the algorithmicapproactof proteinfolding asa hybrid searchalgorithmwith best-first,depth-first
andbreadth-firscomponentandaddressheissuef taskschedulingandfault tolerance.

The performancesvaluationof our systemindicatesthatthe calculationis robustagainsthe heterogeneity
of computenodesandlimited communicatiorcapabilitiestypically found in desktopgrids. We shaow that
thereis aninterestingradeof betweeraccurag andtaskparallelismresultingin optimalwork-poolsizefor
agivenplatformandagivensimulation.Surprisinglythe platformheterogeneitpf adesktopgrid positively
affectsthe quality of proteinfolding simulations.

Proteinfolding calculationswith CHARMM turn out to be well suitablefor desktopgrids like e.g. the
United Devices MetaProcessor Our software systemcan make a large amountof nearly free compute
cyclesavailableto computationabiologists.

Keywords: proteinfolding, widely distributedcomputing,desktopgrids,workloadcharacterizatiorsearch
algorithms,CHARMM, UnitedDevicesMetaProcessor

1 Introduction

Millions of PCsarein useeverywherebut remainunderusedmostof the time, utilizing only 18% of their

power on averageduring normaluse (word processingweb browsing, e-mail etc.) [3, 31, 23]. At the same
time, somecomputationallyintensve problemsaretoo large for eventodayslargestsupercomputer® solve in

reasonablamountf time. We find examplesof suchcomputationsn mary fieldsof computationakciences,
cryptographyandmathematics.

The goal of a wide variety of technologiedike Globus[11, 12], Condor[2], EU DataGrid[27, 16], and Gri-

PhyN[10], is to transformthe Internetinto a powerful computationablatform. Moreover, a significantin-

dustrialeffort will provide standardsoftwarefor similar systemsn the nearfuture (e.g. Entropia[5], United

Devices[1]).



Marny projectstry to utilize the unused computing power availableonthe Intranetor the Internetfor large-scale
problems. The possibility of harnessinghe power of idle processorén a compary or all over the world has
beenproven by the succes®of technologydemonstratorsike Seti@home for the analysisof radio telescope
data[24] or distributed.net for testingcryptographickeys againstsecurityflaws [7]. Theseprojectsinvolve
so-calledembarrassinglyparallelproblemsmeaninghateachparticipatingnodeperformsalot of work thatis
not dependenbn thework of othernodes.

Proteinfolding researchs anareaof computationabiology thatcould greatlybenefitfrom free computational
power. Proteinfolding simulationsusingmoleculardynamicsrequirehugeamountsof computingpower, but
unlike cryptographidey-spacesearchesr cosmicsignalanalysisthey arenotembarrassinglyparallel.
Previous researchaddresseshe issueof proteinfolding simulationson distributed platforms, but no project
explicitly investigateghe amountof task parallelismavailableandthe effect of taskingon the accurag of the
results. CHARMM onthedistributedcomputingplatformLegionhasbeenstudiedin [20]. Theimplementation
describedherespecializesn high-performancestronglyinterconnectedlustersanda fairly smallnumberof
tasks.Ourwork appliesmorebroadlyto desktopgrids built from commodityPCsconnectedy a wide variety
of strongemndwealer network technologiesThe Folding@home projectconductedy researcherat Stanford
University[9, 35, 34] is basedonthe TINKER moleculardynamicspackageandusesplain taskparallelismon
PCsconnectedria Internet. For a first implementatiorthe supercomputecodewasre-designedo thatonly
trajectoriesovercomingenegy barrierswere continued[25]. The resulting study dealtwith a collection of
foldingsof a 16 residueB-hairpinpeptide[35]. In amoreadwancedmplementatiorthe sameteamremovedall
dependencieamongtrajectoriegresultingin a mostscalablecodedesignedo collectasmuchsimulationtime
aspossible[34]. The latterversionof the codewasappliedto the unfoldedstateof 3 small proteins(ranging
from 12to 36 residuesandnoneof the proteinsshaved clearfolding eventsin the simulatedtime.

As a startingpoint to the work describedn this technicalreport, we also useplain task parallelismto suc-
cessfullymigratethe CHARMM codefor a proteinfolding simulationto the widely distributed platform [30]
of United Devices(UD): the UD MetaProcessorHowever, in our study of the viability and effectivenessof
CHARMM onthe UD MetaProcessawe focusour attentionon thewhole complex systemincluding boththe
platformandthe applicationparametersln this first prototypeof the proteinfolding application,we carefully
studyissuedik e the effect of the heterogeneityf the computatiorplatform underinvestigationandthe effect
of severalworkload parameterssuchasthe numberof moleculardynamicsstepsperwork-unit (or work-unit
size)andthe maximumnumberof work-unitsin progressatary time (i.e. work-poolsize).

As aresultof this studyon workloadcharacteristicandapplicationperformancewe find thattherearesignif-
icantlimitations of the scalabilitydueto thelimited amountof taskparallelismgeneratedby a proteinfolding
calculation. In particular large work-unit sizesproviding simulationswith betterquality factors,and calcu-
lation methodssuchasPME providing higheraccurayg, bothincreasehe amountof work perwork-unitand
thereforetheturn-aroundime of asingletask.On the otherhand,simulationswith a shortoverall turn-around
time make the biologistsmoreproductie in their research.

In Section2, we briefly introducethe protein folding processusing CHARMM code. We also presentthe
United Devices MetaProcesspla commercialplatform for widely distributing computingthat we usedasa
grid platformin our investigation. We shav the adaptatiorandthe migrationof the proteinfolding process
to our platformfor widely distributed computingandidentify the algorithmicapproactof proteinfolding asa
hybrid searchalgorithmwith best-first,depth-firstandbreadth-firscomponentsin Section3, we presenbour
experimentalresultsof the study of critical issuedlike the effect of heterogeneitywork-unit size and work-
pool size on the executiontime andthe quality of the resultsfor the proteinfolding of a specificprotein, the
SH3domain.In Sectiond, we concludesummarizingour resultsandpointing out somerelevantlimits of task
parallelismfor proteinfolding applicationon suchawidely distributedplatform.



2 Protein Folding on Computational Desktop Grid

2.1 Protein Folding with CHARMM

CHARMM is a codefor simulatingthe structureof biologically relevant macromoleculegproteins,DNA,
RNA) [4]. It usesclassicaimechanicamethodgto investigatepotentialenegy surfacesderived from experi-
mentaland”ab initio” quantumchemicalcalculationg18]. We useCHARMM for MolecularDynamics(MD)
simulationsat constantemperaturdo investigatethe proteinfolding processjn which the Newton equation
of motion of the system(protein+ thermalbath)is discretizeand solved by an integration procedurgVerlet
algorithm). Theforce on the atomsis the negative gradientof the CHARMM potentialenegy [18].

Basically in aproteinfolding simulationwe performasearctor trajectoriedeadingto conformationsloseto
the native (folded) conformationof a protein,startingfrom anunfoldedconformation.An entiretrajectoryfor
which a certainamountof sub-trajectorie®r work-unitshave beencompleteds characterizedby its starting
conformationwith a startingquality factor aswell asthe bestcalculatedquality factorfor the entiretrajectory
with the relatedconformationandthe the setof work-unitsleadingfrom the startingconformationto the best
conformation.

In eachwork-unit, an MD simulationof a certainnumberof moleculardynamicssteps(or work-unit size)
andwith constantemperaturas performed.The entirefolding procesds guidedby the measuref a quality
factor, whichis repeatectalculatedor a certainamountof snapshotsalongeachwork-unit computation.The
bestquality factorfound in a sub-trajectory(lower quality factorsare better!) guidesthe overall branchand
boundsearchfor the bestconformation. The bestconformationwith lower quality factoris returnedat the
endwhenthe work-unit is completed. The quality factor usedhereis the @-RMSD introducedin [33]. In
ourimplementatiorwe usea slightly differentdefinition[15]. Accordingto this definition, the conformations
minimizing the quality factorshouldbelongto the folding transitionstateensembiléi.e. they lie onthetop of
thefreeeneqy barrierseparatinghe foldedfrom the unfoldedpopulation).

During a proteinfolding simulation,multiple work-unitsareprocessedimultaneouslyn parallel. New work-
units arealwaysgeneratedisingthe bestresultobtainedso far as startingconformationandassigningto this
conformatiomew randomatomvelocitiesatthe sametemperatureTheeffectivenesf thiskind of algorithms
in moleculardynamicssimulationshasbeendiscussedn [26].

2.2 TheUnited Devices M etaProcessor

TheUnitedDevices(UD) MetaProcessaglatform(MP platform)[31, 32] providesanernvironmentfor running
computeintensvie tasksdistributed over mary desktop-classachinesn a corporate-widéntranetor over the
worldwideInternet. The MP platformis well establishedor problemswith low communicatiorio computation
ratio andinvolving coarse-grairparallelismwith no dependenciebetweenwork-units. Figure 1 shavs the
MetaProcessaplatformarchitectureandcomponents.

TheMP seneristhelink betweertheMP platformandtheparticipatingagentslt is responsibldor scheduling,
aswell asfor the distribution of task modules,residentdataand work-unitsto the agents,andfor receving
resultsreturnedby the agents. The managemensener allows accesdgo the internaldatastructuresvia the
Management API (Application Programminginterface), allowing for instancethe submissionof work-units
andretrieval of results. The databaseontainsall relevantinformationof the MP platform. The databaseMP
senerandManagemensener form the sener sideof the MP platform.

TheUD agentis asmallprogramwhichrunson eachparticipatingdevice (or worker). Theagentcommunicates
with the MP sener to requestvork-units, residentdataandtaskmodulesasneededgexecuteghe taskmodule
ontheparticipatingdevice, andreturnsthetasksresultsto thesener. Themanagemergonsoleprovidesaweb-
basednterfaceto the MP platform,allowing administratie tasksto be performed Work-units aresubmittedto
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the sener via the ManagemenAPI by a controller process which performsthe generatiorof work-unitsand
theretrieval of results.

2.3 Porting Protein Folding to the UD M etaProcessor

Marny uniquepropertiesof the UD MetaProcessoplatform mustbe taken into accountto successfullyport
a protein folding applicationto this distributed platform. An application-spefic controller processwhich
generatesvork-unitsand submitsthemto the MP sener hasto be designedandimplemented.However, this
controllerdoesnot interactdirectly with the workers. Workers communicateonly with the MP sener, which
performsthe schedulingdecisions.

For our proteinfolding application,we implementedsucha controller processtaking into accountboth the
issuegelatedto the proteinfolding listedin the previous sectionandthe featuresof the UD MetaProcessor
At the beginning of a proteinfolding simulation,our controller processcreatesand submitsa setof starting
work-unitsto the MP sener (initialization phase). Thesework-unitsall have the sameprotein conformation
but a differentrandomseednumber Thework-unitsarealsocharacterizethy a startingbestquality factor The
work-unit setis definedasthe work-pool. The userdecidesthe dimensionof the work-pool. The numberof
work-unitsin thework-poolis calledthe work-pool size.

During the whole simulation,besideghe setof work-unitswhich have beencompletedandfor which results
have alreadybeenreturnedwe have the setof work-unitswhich areeitherin procesdy a worker or waiting
until they areassignedo aworker. At regularintenals duringa so calledupdatephasethe stateof the work-
poolis inspectedyy the controllerprocessThe controlprocesss responsibldor generatingandsubmittingto
thework-pool additionalwork-unitsin substitutionto the oneswhich have reachedhe endsothatthe sumof
the work-unitsin procesdy a worker andthe onesin waiting in the sener queueis the work-pool size. The
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userdecidesthe dimensionof the updateintenal. For the generatiorof nev work-units, the control process
sortsout whethermetweerthe setof work-unitswhich have reachedhe endsincethelastupdate thereareary
work-unitswhichimprove thebestquality factoratthattime. In casethereis awork-unitwith improvedquality
factorthenthe new work-unitsare generatedisingits conformationwhile the relatedquality factorbecomes
the new bestquality factor In the casethatno improvementhasbeenfound,the lastbestconformationis used
for generatinghe work-unitsto addto thework-poolwhile the bestquality factorremainsunchanged.

For schedulinghework-units(tasks)we incorporatehe mastetworker settingprescribedy the UD MetaPro-
cessorsoftware toolkit becauset is well suitablefor the task parallelismresultingfrom the applicationof
CHARMM to proteinfolding.

Oncenewn work-unitsarequeuedo the MP sener in its work-pool, it is the sener which distributesthe new
work-unitsandtheonesalreadypresentn thequeueacrosgheagentsn thedistributedsystem.Thescheduling
decisionover which taskto selectnext areleft to the United DevicesMetaProcessandin the currentversion
of the softwarethereis little influenceleft to the applicationwriter.

The scheduleiin the MP sener provides so-calledeager scheduling, which basicallymeansthat aslong as
the sener haswork-unitsqueuedhat arenot beingprocessedby otherworkers, it will sendout one of these
work-unitsto aworker requestingvork [17]. A worker onwhich afinishedwork-unithasbeenrunningasksfor
andrecevesanen work-unitfrom the MP sener. If however, all work-unitshave alreadybeensentto workers,
thesener will re-sendwork-unitsfor which no resultshave beenobtainedyet. This eagerschedulingprovides
asimplemethodfor faulttolerancej.e. if aworker hascrashedeventuallythework-unitit wasprocessingvill
getresento a differentworker. This schemecanalsohave negative effects,for instancecausingwork-unitsof
slow machinego berescheduledesultingin redundantesultsandthusa potentialwasteof computatiortime.
Sothereschedulindgeatureof the MP platformis in factnotdesirable.To avoid reschedulingf work-units,we
take a simpleapproachby ensuringthatthe size of the work-poolis alwayslargerthanthe numberof workers
contrikuting.

Sincethestartingconformationof eachnewnly generatedvork-unitdepend®ntheresultsreturnedsofar, there
aredependencieletweerwork-units,makingthetaskgeneratiorandschedulingof this applicationa bit more
challenginghantypical “embarrassinglyarallel” caseof a staticallygeneratedearchapplication.

The proteinfolding algorithmusedis in itself fault tolerant, becausehe work-unitsgeneratedrom a certain
conformationare identical exceptfrom a randomnumberseedthat is usedto assignnev atom velocities.
Thereforetheresultsareonly maginally affectedby theinfrequentiossof anonlinework-unit.

2.4 Protein Folding asa Search Algorithm

The processof proteinfolding for a given proteinis a searchthrougha tree of a large numberof possible
configurationof the atomsin the protein, a so called conformation,underinvestigation. Eachnodein the
tree correspondso a differentconfigurationof the atomsin the molecule. For eachconfigurationthereis an
heuristicfunctionto guidefurtherdecisionsn the search.This function calculateghe quality factorbasedon
thetotal enegy of theatomconfiguration.

In theprocesof looking for bestconformationswe performasearchn breadthandin depthon atreeof three-
dimensionalatom configurations. Correspondinglithereare two kinds of changedo the three-dimensional
atomconfigurations.

2.4.1 Energy minimization assearch in depth

Thefirst kind of changesresmoothchangesnddueto themechanicaforcesbetweertheatoms.Theprocess
of calculationfor thesechangess a physicalsimulationcalledenegy minimization. A sub-trajectonyof states
within suchanenegy minimizationis alinear chainwithout ary branchesandis encapsulatedh a work-unit



or atask, whichwill be ourbasicquantunfor thedistribution andthe schedulingof the proteinfolding compu-
tation. Sinceit is too expensve to evaluateevery configurationduring enegy minimization,the calculationof
the quality factoris limited to certainsnapshotsluringthe enegy minimization.In the calculationsconsidered

for this report,snapshotsveretaken every 100 simulationsteps.
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Figures2 and3 shav examplesof the paththe quality factortakes alongtwo differentsub-trajectorie®f an
enegy minimizationwith the samework-unit sizeof 50000steps.Onepropertyof this simulationis thatit is
not possibleto predictif or whenanimprovementof the quality factorwill occur Specificallyin our casesa
simulationconcludesafter a fixed numberof stepsbut in generaladaptve criteriabasedon the quality factors
are alsosupported.The resultof the simulationis the snapshobf configurationwith the bestquality factor
obtainedwithin the entiresub-trajectory At a higherlevel of abstractionthe procesof enegy minimization
for asingleconformationcandidatecanbe collapsednto asingleedgein the higherlevel searchree.

2.4.2 Randomized conformations as search in breadth

The searchin breadthis triggeredby a secondkind of changego the configurationsof a moleculeunder
investigation.Thefolding processntentionallyintroducedisturbanceo themolecularsystemby reassigning
theatomvelocitiesof a conformationwith randomnumberswhile preservinghetemperatureEachwork-unit
generatedn the procesf randomizatiorrecevesa differentrandomseed.Multiple work-unitsaregenerated
from onesingleconformationusingdifferentseedsThis resultsin the branche®of a breadth-firssearch.
Figure4 shawvs a possibleconfiguratiorof thesearchree. In thepicture,we have threeupdatephasegor which
new work-unitsaregenerate@ndqueuedn awork-pool.

In Figure4, the proteinconformation(Mol,) in thefirst updatds the bestfoundatthattime andwe assumehat
anemptywork-poolis fully completedy new work-unitseachonewith adifferentrandomseed.In thesecond
updatephaseonly two work-unitshave reachedhe endwhile two othersareeitherin progressy workersor
waiting at the MP sener. Betweenthe work-units which reachthe end, the conformationwith bestquality
factor(Mol,) is chosenandtwo new work-unitsare generatecand addedto the sener queueby the control
process.Note that the work-units not finishedyet remainin the work-pool queue. During the third update,
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all the four work-poolsarefinished. This time the bestconformationfound (Mol3) is usedto addfour new
work-unitsto thework-pool.
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Figure5.ashaws the casein which no improvementof the quality factor canbe obsered for the work-units
completedbetweerntwo updatephasesin this casethe two new conformationsarediscardecandMols, which
is still the conformationwith the bestquality factor is usedagainas the starting conformationof the two
newly generatedvork-units(Figure5.b). If this situationoccursrepetitvely, the proteinfolding simulationhas
reachedhlocal minimum,andnew stratgiesareneededo escapehis minimum.



2.4.3 Parametersaffecting the search process

The branchingfactor of the searchin breadthis adaptve anddependson the work-pool sizeandthe number
of taskcompletedn the meantime, while the searchin depthdeterminegrimarily the waiting time andturn-
aroundtime of thework-unitsin thequeues.

Thewaiting time depend®n the ratio of the work-pool sizeover the numberof workersthatareavailableon
a particularplatform. Theturn-aroundime of the singlework-unitsis dueto thework-unit sizeaswell asthe
CPUclockratesandthe network technologie®f the nodeson the heterogenouplatform.

3 Characterization of Protein Folding on UD M etaProcessor

3.1 TheBiological Structure Folded

As an exampleof workloadfor our studywe chosethe src-SH3domain. It is a 56 residueproteinconsisting
of two anti-parallel-sheetgacled to form a singlehydrophobiccore (seeFigure6). The folding character
istics of src-SH3domain(andstructurallyhomologousproteins)have beenthoroughlystudiedboth from the
experimentabindthetheoreticaboint of view [6, 13, 19, 22], anda detailedpictureof thefolding nucleuqd21]
andthe transitionstateensembld22] is now available. The SH3 domainrepresents sortof testingtablefor
theoriesor algorithmsdealingwith proteinfolding. Its shortlengthandthe alundanceof comparablestudies
male this proteinthe optimaltarget for our computations.The sizeof this proteindoesnot allow to simulate
its behaior with an explicit treatmentfor water; neverthelesghe implicit solvation modelusedhere,thatis
basedonthe solventaccessiblesurfaceareaof the atoms(SASA) [8] successfullydescribedseveralaspectof
thedynamicpropertiesof this protein[13, 14].

Figure6: Thesrc-SH3domainis a 56 residueproteinconsistingof two anti-parallel3-sheetgacledto form a
singlehydrophobiccore.

3.2 Platform and Application Parameters

We usedifferenttestbedconfigurationsvith machinesat ETH Zurich andat the privateresidencesf several
researchersor studyingthe effect that platform and applicationparameterdiave on quality and total turn-
aroundtime of the proteinfolding of the SH3domain.



First of all, we investigatethe impact of the heterogeneityon the quality of the protein folding results. In
particular we look atthe kind of CPU clock ratesandnetwork technologyasa representate of the platform
parametersf the heterogenousomputationagrid.

We also study the effect of aspectdirectly relatedto the application(i.e. applicationparameters)ike the
work-unit sizeandwork-pool sizeon the quality andturn-aroundime of the proteinfolding.

3.3 Effect of Heterogeneity on the Quality Parameter
3.3.1 Testbed for the study of heterogeneity effect

Two long-runningtestsusingmachinesvailablearoundtheclock on afirst testbedareconductedveraperiod
of 20 days. The machinegangein CPU clock ratefrom 350 MHz to 1.6 GHz, providing a wide performance
spectrum.Also, awidely varyingrangeof network connectiity technologiesrein use,from machinesn the
sameLAN segmentasthe sener (100 Mbit/s switchedEthernet)to machinesat homeconnectedsia ADSL
(128kbit/s to 512kbit/s).

Most of the machinesnvolved are usedduring the courseof the testsfor normalday-to-daytasks. Because
the UD agentspavns the taskmoduleprocessest low priority, only otherwiseunusedprocessorcyclesare
consumedy thetests.

Thefollowing applicationparameterfiave beenchoserfor thesetests:

e 100’000simulationstepsperwork-unit,
¢ platformsize:45machines,

e awork-poolof 50 work-units,

¢ polling frequeng: onceevery 5 minutes.

Thetwo testsaresubjectto a numberof unforeseemisruptionge.g. network failures,failure of machinesin-
cludingthemachinerunningthecontrollerprocesssener’s disk full), which causehetestto stalloccasionally
exhibiting mary propertiesvhich usuallycharacterizeealwidely distributedgrid platforms.

3.3.2 Experimental results of heterogeneity effect

An importantquestionin a heterogeneousrvironmentlik e the onewe arestudying,is whetherslov machines
areableto provide enoughcontritutionsto the overall computatiorto justify their participation. In our case,
work-unitsare generatedasedon the resultsof previous work-units. The time at which a resultis returned
is thereforea parametemwhich cannot be ignored. It is possiblethat, during the processingime of a work-
unit on one machine the stateof the entire systemhasprogressedo that the result of the work-unit of the
consideredmachineis obsoleteand thereforenot usedfor the generationof new work-units configurations.
If slow machinegseturna disproportionateljfarge amountof obsoleteresults,their contritution to the entire
calculationwill belessvaluable.

Thelong-runningtestsshaw thatresultsreturnedby all machinesfastandslow, areacceptegsgoodconfigu-
rations.Figures7 and8 shav the CPU clock ratefor eachresultwhich wasacceptedn the long-runningtests.
Most resultsare from machineswith CPU clock ratesbetween910 MHz and1010MHz. This is dueto the
factthatmary suchmachinesareused,andthusthe total numberof work-unitscompletedoy thesemachines
waslarge. Neverthelessslowver machinesnake contritutionsduringall phase®f the simulation. Note thatin
Figure8, no machinefasterthan1010MHz participatedn the calculation.
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3.4 Effect of Work-Unit Size on the Execution Time and the Quality Parameter
3.4.1 Testbed for the study of work-unit size effect

An importantparameteof our simulationsis the work-unit size. To studythe effect of the work-unit size on
the quality factorandthe resourceusagea numberof short-runningtestsof 12 hoursare conductedon two
testbedconfigurationswith differentnumbersof machinesconnectedy 100 Mbit/s switchedEthernet. The
first testbeccomprises:

e 12machinegfl00MHz Pentiumlll (Katmai)
¢ 12machine00MHz Pentiumlll (Katmai)

¢ 12machine600MHz Pentiumill (Katmai)

12 machine®933MHz Pentiumlll (Coppermine)
e 12machinesl000MHz Pentiumlll (Coppermine)
Thesecondestbedusesa subsebf theabove listedmachinesandcomprises:

e 6 machinest00MHz Pentiumlll (Katmai)

6 machiness00MHz Pentiumlll (Katmai)

6 machiness00MHz Pentiumlll (Katmai)

6 machine®33MHz Pentiumlll (Coppermine)
e 6 machinestO0O0MHz Pentiumlll (Coppermine)

In thesetests,two differentwork-unit sizesareconsideredandtheir effect on theturn-aroundime aswell as
the quality factoris investigated.The work-unit sizesare: 20000simulationstepsand40000simulationsteps
perwork-unit.
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3.4.2 Experimental results of work-unit size effect

Figure 9 shaws theresultsof the quality factorfor the two differentwork-unit sizechosen(20000and40000
simulationsteps). The testswith 40000 stepsreachgood quality factorsafter fewer processedvork-units.
Althoughtheothertestswith 20000stepsalsoreachedimilar quality factorsafterlargeramountsof processed
work-units,in two of the threecasespresentedn Figure 9, the testwith 40000stepsstill obtainedthe best
quality factorattheend.

The amountof datacommunicatedrom the sener to the worker per work-unit for the applicationchosenis
around15 kilobytes. The amountof datareturnedby the worker to the sener dependson whetherthe work-
unit simulationactuallygenerateanimprovementof the quality factor If thisis thecasetheworker sendshe
entiresub-trajectoryto thesener. Figure10 shavs the datacommunicatedn kilobytesfor differentwork-unit
sizesfor this case.In caseof no improvementof the quality factorby a work-unit computationwhich is the
mostcommoncase theamountof datareturnedo the MP sener is drasticallyreduced.

The applicationperformanceis limited by the CPU clock rate. As the work-unit size increaseswe have
obseredanunexpectednon-lineariseof thetotal floatingpoint operationgperwork-unit. Figurell shavsthe
amountof floatingpointoperationgor differentwork-unitsizesandtherelatednon-linearbehaior (thedashed
line shawvs thelinearbehaior). Thedatarelatedto theresourcausagevasmeasuredy meansof aframework
for monitoringperformanceon limited wide areatestbeddevelopedby our group[29, 28§].

3.5 Effect of Work-Pool Size on the Execution Time and the Quality Factor

3.5.1 Testbed for the study of work-pool size effect

Differentvaluesfor thework-poolsizeondifferentplatformsizesarechoserto investigatehework-pooleffect

on the quality factor For the investigationof the effect of the work-pool size, a numberof short-runningests
of 12 hoursareconductedn two differenttestbedconfigurationseachonecharacterizedy a differentsubset
of work-poolsizes. Both the testbedconfigurationsare connectedy 100 Mbit/s switchedEthernetwhile the

work-poolsizeis constan{10000simulationssteps).

Thefist testbeccompriseghefollowing machines:

e 12machine00MHz Pentiumlll (Katmai)
e 12machiness00MHz Pentiumlll (Katmai)
e 24 machine®933MHz Pentiumill (Coppermine)

Thework-poolsizesconsideredor thefirst testbedare: 70,120, 200.
Thesecondestbedhasthefollowing structure:

¢ 12machinesfl00MHz Pentiumlll (Katmai)
e 12machinesl000MHz Pentiumlll (Coppermine)

Thedifferentwork-poolsizesconsideredor the secondestbedare: 30,45, 60.

3.5.2 Experimental results of work-pool size effect

Figure 12 shawvs the minimum, averageand maximum quality factorsobtainedusing three different levels
of the work-pool size for the short-runningtestson the larger testbedunderinvestigation. The work-unit
sizeis maintainedconstanf{10000simulationstepsperwork-unit). Figure 13 shavs the samequality factors
(minimum, averageand maximum)for the smallertestbed.Again the work-unit sizeis 10000. For the larger
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Quiality factor for different work-unit sizes: 20000 and 40000 simulation steps
(work-pool size 60, simulation time 12 hours)
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Figure9: Effect of work-unit size on the quality factor Two platformswith differentnumbersof nodesare
taken into account,.e. a platformwith 30 nodes(np 30) anda platform with 60 nodes(np 60). Eachpoint
in the picturesis a work-unit which returneda resultacceptediueto improvementof the quality factor In all
casesthetestswith 40000simulationstepsperwork-unit reachedyoodquality factorsafter fewer work-units
thanthetestswith lessstepsperwork-unit.

testbedthetestswith awork-poolsizeof 120reachedhebestquality factorin average.Onthesmallertestbed,
the bestquality factorin averageis reachedvith a work-poolsizeof 45. This impliesthatfor eachplatform
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Quality factor (min, avr, max) for different work-pool sizes: 70, 120, 200
(work-unit 10000, simulation time 12 hours, number of nodes (np) 48)

0.12+

0.1

o
o
©

quality factor
o
o
[}

I
o
=

R

T T
70 120 200
work-pool size

o©
o
N

Figure1l2: Minimum, averageandmaximumqual-
ity factorfor differentwork-poolsizes(i.e.70,120,
200)on atestbedwith 48 machines.
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Figure11: Amountof floating point operationgor
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ior).

Quality factor (min, avr, max) for different work-pool sizes: 30, 45, 60
(work-unit 10000, simulation time 12 hours, number of nodes (np) 24)
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Figure13: Minimum, averageandmaximumqual-
ity factorfor differentwork-poolsizes(i.e. 30,45,
60) on atestbedwith 24 machines.

sizethereis anoptimalwork-poolsizewhich leadsto the bestresults(i.e. quality factor). To keepall workers
busythe work-poolsizeshouldbelargerthanthe numberof participatingworkers. Thereforethe dependenc
betweerthe quality factorandthe work-pool sizeinherentlylimits the amountof task-parallelismavailablein

theapplicationandthe potentialfor speed-upn awidely distributedcomputation.

Overly large work-pool sizescancausea slow corvergenceof the quality function andcanthereforeresultin

longerturn-aroundime asdisplayedn Figure14. Thefigurereportsthe quality factorof repeatedestson the
smallertestbed.For the severaltests thework-poolsizeis 10000simulationsteps.On the otherhand,we can
alsoseecomparingthe threepicturesthat asthe work-pool size increasesthe contrikution to the simulation
provided by the slowver machineq400 MHz) becomesnore and morerelevant. Moreover, larger work-pool
sizeshelpto avoid local minimumandfacilitatethe resolutionof simulationsstuckin alocal minimum.



Quality factor over work—-units with work—-pool size = 30
(work-unit size 10000, number of processors 24, simulation time 12 hours)
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Figure 14: Effect of work-poolsize on the quality factorandthe kind of machinesproviding acceptedvork-
units(i.e. CPUclockrate). Theseveraltestslastaboutl2 hoursandrunson 24 nodeq12 nodeswith 400MHz

CPUclockrateand12 nodeswith 1 GHz CPUclockrate).

4 Conclusion

In thisreport,we migratea proteinfolding simulationusingCHARMM from PCclustergo the United Devices
MetaProcessora commercialplatformfor widely digltérlimted computingon Intra- andInternet. We alsolook



atthe performanceharacterizatioof the migratedapplicationon the heterogenouplatform.

The performanceevaluationwith a 56 residueprotein (the src-SH3 domain)shaws thatthereare interesting
trade-ofs in work-unit size and work-pool size which even affect the quality of the resultsin the folding
simulation.Largerwork-unitsizesprovide betterquality factorswith a smallernumberof work-units,but result
in longerturn-aroundtimesandlessparallelism. We prove thatthe quality of the proteinfolding simulation
is sensitve to the platform configuration,i.e. the numberof workers andthe clock ratesof the workers. In
particular the properchoiceof work-poolsizefor a given platform size (numberof workers)canimprove the
final quality factorby 20%-30%with the sametotal amountof computatiorperformed.We demonstrate¢hat
with larger work-pool sizesthe active contritution of slover machinego the entirefolding processhecome
moresignificantandthe computatiorbecomedesssusceptibldo local minima. But choosingwork-poolsthat
aretoo largewill adwerselyaffectthe convergenceof the quality factor

Theexperienceawith ourresearclprototypeindicateghattheapplicationof proteinfolding is robustagainsthe
heterogeneousrvironmentsandthelimited communicatiorcapabilitiesof desktopgrids. In fact,all compute
nodesnvolveddo provide contritutionsto the progresf the proteinfolding simulation,despitetheir different
CPUclock ratesandslower network interconnectionsBasedon our performancetudypresentedh this paper
we canconcludethat the platform heterogeneityositively affectsthe quality of proteinfolding simulations,
becausef its positive influenceon task generationsand scheduling. The differencesn clock ratesand net-
work speedseento contritute additionalrandomnesso the searchHor an optimal conformationby simulated
annealingandhelpto getbetterresults.

In short,we cansaythatproteinfolding calculationsvith CHARMM arewell suitablecandidategor widely
distributed computationon a desktopcomputationalgrid. The suggestedoftware systemcanmake a large
amountof nearlyfree computecyclesavailableto computationabiologistsin needof a large amountof addi-
tional computepower for proteinfolding calculationgfor their research.
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