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Abstract

In this paperwe demonstratethat a classof moleculardynamicsapplicationscan be effectively
parallelizedon thescalerequiredfor efficient executionon a massively parallelcomputerwith millions
of concurrentthreadsof execution. Suchcellular architectureshave beenadvocatedasoneapproach
to building Petaflop-scalecomputers,as proposedin the IBM Blue Geneproject. Startingfrom the
sequentialversionof a well known moleculardynamicscode,we developeda new applicationthat
exploits themultiple levelsof parallelismin a cellulararchitecture.We performbothananalyticaland
a simulationstudyof thebehavior of this applicationwhenexecutedon a very largenumberof threads.
We demonstratethat this classof applicationscanexecuteefficiently on a large cellular machineand,
thus,providesupportfor thisapproachto achieving a Petaflopcomputer.

1 Intr oduction

Now thatseveralTeraflop-scalemachineshave beendeployedin variousindustrial,governmental,andaca-
demicsites,thehigh-performancecomputingcommunityis startingto look for thenext big step:Petaflop-
scalemachines.At leasttwo verydifferentapproacheshave beenadvocatedfor thedevelopmentof thefirst
generationof suchmachines.Ononehand,projectslikeHTMT (http://htmt.cacr .c al te ch. edu)
proposethe useof thousandsof very high speedprocessors(hundredsof GigaHertz).On theotherhand,
projectslike IBM’ s Blue Gene(http://www.rese arc h. ib m.co m/b lu egene) advancetheideaof
using a very large number(millions) of modestspeedprocessors(hundredsof MegaHertz). Thesetwo
approachescanbe seenasthe extremesof a wide spectrumof choices.We areparticularly interestedin
analyzingthefeasibilityof thelatter, Blue Genestyle,approach.

Million-processormachinescanbebuilt today, in arelatively straightforwardway, by adoptingacellular
architecture:a basicbuilding-block containingprocessors,memory, and interconnectsupport(preferably
implementedon a single silicon chip) is replicatedmany times following a regular pattern. Building a
cellularmachineto deliver aPetaflop/s– or �����
	 floating-pointoperationspersecond– is quiteachallenge,
which can only be justified if it can be demonstratedthat applicationscan executeefficiently on sucha
machine.

In this paper, we reporton the resultsof analytical-andsimulation-basedstudieson thebehavior of a
computationalmoleculardynamicsalgorithm.This is oneexampleof aclassof applicationsthatcanindeed
exploit the massive levels of parallelismofferedby a Petaflop-scalecellular machine,asdiscussedin [8].
Thisparallelapplicationwasderivedfrom theserialversionof amoleculardynamicscodedevelopedat the�
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Universityof Pennsylvania(http://www.cmm .up enn. edu/ ˜moor e/ co de/co de.h tml ). Theap-
plicationwasrewrittenwith new partitioningtechniquesto take advantageof multiple levelsof parallelism.
We analyzedthebehavior of this applicationon a cellulararchitecturewith millions of concurrentthreads
of execution. Our target cellular architectureis similar to someof the designsthat have beenproposed
for IBM’ s Blue Geneproject. In addition,we developedan analyticalmodel for the performanceof our
applicationandcomparedit with directsimulationmeasurements.

Thequantitative resultsfor ourmoleculardynamicscodedemonstratethatthis classof applicationscan
successfullyexploit a Petaflop-scalecellularmachine.In termsof absoluteperformance,simulationsindi-
catethatwecanachieve0.14Petaflop/s( ��������������
	 floating-pointoperationspersecond)and0.87Petaop/s
( ��������������
	 operationsper second)of sustainedperformance.In termsof speedof moleculardynamics
computation,weintegratetheequationsof motionfor atypicalproblemwith 32,000atomsattherateof one
time-stepevery ��������� . Thesameproblemcanbesolvedon a Power 3 workstationwith peakperformance
of 800Mflop/s in 140secondsper time step,usingthesequentialversionof thecode.Thus,on a machine
with 1,250,000timesthetotal peakfloating-pointperformanceof a uniprocessor, we achieve a speedupof
368,000.

Therestof thispaperis organizedasfollows: Section2 givesabrief overview of thecellularmachinewe
consider, at the level necessaryto understandhow our moleculardynamicsapplicationcanbeparallelized
for efficient execution. Section3 introducesthe parallelmoleculardynamicsalgorithmwe used. It also
presentsan analyticalperformancemodelfor the executionof that algorithmon our cellular architecture.
Section4 describesthesimulationandexperimentalinfrastructure.We usethis infrastructuringin deriving
experimentalperformanceresultswhich arepresented,togetherwith theresultsfrom theanalyticalmodel,
in Section5. Finally, Section6 presentsourconclusions.

2 A Petaflopcellular machine

Weareinterestedin investigatinghow amachinelike IBM’ sBlueGenewouldperformonaclassof molec-
ular dynamicsapplications. The fundamentalpremisein this designis that performanceis obtainedby
exploiting massive amountsof parallelism,ratherthanthevery fastexecutionof any threadof control. The
variousdesignandtechnologicalimpactsof this premisearebeyondthescopeof this paperandwe restrict
ourselvesto describingandanalyzingaparticulardesign.

Thebuilding blockof ourcellulararchitectureis a node. A nodeis implementedin asinglesiliconchip
andcontainsmemory, processingelements,andinterconnectionelements.A nodecanbeviewedasasingle-
chip shared-memorymultiprocessor. Multiple nodesareinterconnectedto form a muchlarger system.In
our design,a nodecontains16 MB of sharedmemoryand256 instructionunits. Eachinstructionunit is
associatedwith one threadof execution,giving 256 simultaneousthreadsof executionin onenode,and
executesinstructionsin a threadstrictly in order. Eachgroupof 8 threadssharesonedatacacheandone
floating-pointunit. Suchsimplificationsarenecessaryto keepinstructionunits simple,resultingin large
numbersof themin a die. Thefloating-pointunits(32 in a node)arepipelinedandcanperforma multiply
andanaddon every cycle. With a 500MHz clock cycle, this translatesinto 1 Gflop/sof peakperformance
per floating-pointunit, or 32 Gflop/sof peakperformanceper node. Eachnodealsohassix channelsof
communication,for direct interconnectionwith up to six othernodes.With 16-bit wide channelsoperating
at 500MHz, a communicationbandwidthof 1 Gbyte/sperchannel,on eachdirection,is achieved. Nodes
communicateby streamingdatathroughthesechannels.

Our designfor a nodeis ambitious,but within the realmof currentor near-future silicon technology.
Combinedlogic-memorymicroelectronicprocesseswill soondeliver chipswith hundredsof millions of
transistors.Several researchgroupshave advancedprocessor-in-memorydesignsthat rely on that technol-
ogy. ExamplesincludetheIllinois FlexRAM [4, 9] andBerkeley IRAM [5] projects.
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For the systemdesign,we usethe six communicationchannelsin eachnodeto interconnectthemin
a three-dimensionalmeshconfiguration. A nodeis connectedto two neighborsalongeachaxis,  , ! ,
and " . (Nodeson the facesor along the edgesof the meshhave fewer connections.)We usea mesh
topologybecauseof its regularity andbecauseit canbebuilt without any additionalhardware.We directly
connectthe communicationchannelsof a nodeto the communicationchannelsof its neighbors. With a�$#%�&�$#%�&�$# three-dimensionalmeshof nodes,webuild asystemof 32,768nodes.Sinceeachnodeattains
a peakcomputationrateof 32 Gflop/s,theentiresystemdeliversa peakcomputationrateof approximately
1 Petaflop/s.

An applicationrunningon this Petaflopmachinemustexploit both inter- and intra-nodeparallelism.
First, the applicationis decomposedinto multiple tasksandeachtaskassignedto a particularnode. As
discussedpreviously, the taskscancommunicateonly throughdatastreams.Second,eachtaskis decom-
posedinto multiple threads,eachthreadoperatingon a subsetof the problemassignedto the task. The
threadsin a taskinteractthroughshared-memory. Thegoalof thescalabilityanalysispresentedin Section5
is to demonstratethatat leastoneclassof moleculardynamicsapplicationscanbestructuredto effectively
exploit theparallelismofferedby cellularmachineson thescaleof IBM’ sBlueGene.

3 The molecular dynamicsalgorithm

The goal of a moleculardynamicsalgorithmis to determinehow the stateof a molecularsystemevolves
with time. Given a molecularsystemwith a set ' of ( atoms,the stateof eachatom ) at time * canbe
describedby its mass+�, , its charge -., , its position /0 ,213*54 andits velocity /6 ,213*54 . Theevolution of thissystem
is governedby theequationof motion +�,�798 /0 ,213*547 * 8 : /; ,<1>= 0? 13*54A@�4 (1)

subjectto initial conditions /0 ,<1B�94 : /0DC, and /6 ,<1B�94 : /6EC, for eachatom ) , where /; , is the force acting
on atom ) and /0 C, and /6 C, arethe initial positionandvelocity, respectively, of atom ) . Equation1 canbe
integratednumericallyfor a particularchoiceof time step FG* . Thepositionsof theatoms= 0�? 13*24A@ at time *
areusedto computetheforces /; , at time * . Thoseforcesarethenusedto computetheaccelerationsat time* . Velocitiesandaccelerationsat time * arefinally usedto computethenew positionsandvelocitiesat time*IHJFG* , respectively. Thesimulationcell is typically in theform of abox,which is replicatedindefinitelyin
all threedimensions,giving riseto aperiodicsystem.

3.1 A molecular dynamicsalgorithm

Theforce /; , 1>= 0 ? 13*54A@�4 appliedon anatom ) at time * is thevectorsumof thepairwiseinteractionsof that
atom ) with all the other atoms K in the system. Thosepairwiseinteractionscan take several forms, as
describedin [1]. We divide theminto two maingroups:intra-molecular forcesandinter-molecular forces.
Intra-molecularforcesoccur betweenadjacentor close-byatomsin the samemolecule. Thereare four
different typesof intra-molecularforces: bonds, bends, torsions, andone-four forces. Eachoneof these
forceshasa differentexpression. Inter-molecularforcesoccurbetweenany pair of atoms,and take two
forms: Lennard-Jones (or van der Walls) forces,andelectrostatic (or Coulombic) forces. The Lennard-
Jonesforcesdecayrapidly with distance. Therefore,for any given atom ) , it is enoughto considerthe
Lennard-Jonesinteractionswith theatomsinsidea spherecenteredat atom ) . The radiusof this sphereis
calledthecutoff radius.

Whencomputingelectrostaticforces,onehasto take into accounttheperiodicnatureof themolecular
system.Oneof themostcommonlyusedapproachesis theEwald summation[3]. In thismethod,thecom-
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putationof electrostaticforcesis divided into two fastconverging sums:a realspacepartanda reciprocal
space,alsocalled L -space, part.For therealspacepart,interactionsarecomputedbetweenanatom ) andall
theatomsinsideaspherecenteredatatom ) , asfor Lennard-Jonesforces.For thecomputationin reciprocal
space,first a set M of reciprocalspacevectorsis computed.Then,for each /LONPM , we computeQSRT , the

Fouriertransformof thepoint chargedistribution (structurefactor)for thatparticularvalueof /L , asQ RT : UEV �W,�X C -�,ZY ? RT.[ R\.]<^ (2)

where( is thenumberof atoms,-�, and 0 , arethechargeandpositionof atom ) , respectively. The QDRT terms
arealsocalled L -factors. The contribution of the reciprocalspacepart to the electrostaticforce actingon
eachatomcanthenbecomputedwith asummationfor all valuesof /L :/; T, : W_ RTa`�b /c T 1B-., ^ QDRT 4d� (3)

The /c T forcesarealsocalled L -forces. Theexactformulafor function /c T 1feg4 is not importantfor structuring
the parallelization;the preciseexpressionis specifiedin [1]. The point we want to make is that for each
atomweneedto performasummationoverall /LhNiM .

An efficient parallelmoleculardynamicsalgorithmrequiresthevariousforcesto bedistributedevenly
amongcomputenodes. Our moleculardynamicsapplicationusesan extensionof the decompositionof
inter-molecularforcesdescribedin [6]. Although our cellular machineis a three-dimensionalmeshof
nodes,we view its jIk nodesasa logical two-dimensionalmeshof l columnsand m rows. (In particular, we
use ln�im : jDk .) Thetwo- to three-dimensionalmeshembeddingwe useis describedlater. For now, let us
considerthetwo-dimensionallogical mesh.

Wepartitionthesetof atoms' in two ways:a target partition of ' into m sets=�o C ^ o � ^ ����� ^ oqp V � @ , each

of size rts�u vwup%x , anda source partition of ' into l sets =�y C ^ y � ^ ����� ^ yqz V � @ of size r{s�u v|uz}x . We replicate
thetargetsetsacrossrows of thetwo-dimensionalmesh.Every nodein row ) containsa copy of theatoms
in targetset oI, . Similarly, we replicatethesourcesetsacrosscolumns.Every nodein column K containsa
copy of theatomsin sourceset y ? .

Using the decompositiondescribedabove, node j ,3~ ? (row ) and column K of the logical mesh)can
computelocally andwith no communicationtheLennard-Jonesandrealspaceelectrostaticforcesbetween
atomsin sourceset y ? andtargetset oq, . As previously mentioned,only theinteractionsbetweenatomsthat
arecloserthanacertaincutoff radiusareactuallycomputed.

To computethereciprocalspaceelectrostaticforces,theset M of reciprocalspacevectorsis partitioned
into l sets=aM C ^ M � ^ ����� ^ M&z V � @ , eachof size � s�u vwuz x . We replicateeachset M ? alongall nodesin columnK of the logical mesh.Theactualcomputationis performedin threephases.In the L -factors phase,every
node jD,�~ ? computesthe contributionsof the atomsin oq, to all Q RT suchthat /L�N�M ? . An all-reductionof
thesecontributionsalongthecolumnsof thetwo-dimensionalmeshconstitutesthesecondphase.After this
reduction,everynodejS,3~ ? will havethevalueof Q RT for all /LhN�M ? . In thethird andfinal phase,alsocalledtheL -forces phase,the QDRT valuesareusedin eachnodeto computethecontribution to the

; T
forces,described

in Equation(3), for eachof theatomsin set oI, .
Onceall inter-molecularforcesare computed,we perform an all-reduction(a summation)of forces

alongtherows of thetwo-dimensionallogical mesh.As a result,every nodein row ) obtainstheresulting
forcesoverall its atomsin oq, .

Thecomputationof intra-molecularforces(bonds,bends,torsions,andone-four)is replicatedon every
columnof thelogicalmesh.(Notethateverycolumnhasanentiresetof atoms,formedby theunionof its o
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sets.)Wepartitiontheatomsamongthe oq, setssothatadjacentatomsin amoleculeareassignedto thesame
or adjacenttargetsets.Theonly communicationrequiredto computetheintra-molecularforcesis to update
thepositionsof theatomsin thesamemoleculethataresplit betweenadjacentrowsof thetwo-dimensional
logicalmesh.

Oncewe have computedall the forcesover the atomsin o , we cancomputetheir new positionsand
velocities.Wefinally updatethepositionsof theatomsin y ? from theatomsin oq, by performingabroadcast
operationalongthecolumnsof thetwo-dimensionalmesh.In this broadcastphaseeachnodejS,3~ ? sendsthe
positionsof theatomsin oI,S�iy ? to all thenodesin column K . Correspondingly, it receivesthepositionsof
theatomsin y ?�� oq,��iy ? from othernodesin thatcolumn.

Interactionsbetweenatomsthat areclosetogetherneedto be evaluatedmoreoften than interactions
betweenatomsthatarefar apart.For this reason,we usea multi-timestepalgorithmsimilar to RESPA [10,
11] to reducethe frequency of inter-molecularforcescomputation.We illustratethis conceptin Figure1,
wherea computationaltime stepis divided into a sequenceof short,intermediateandlong steps.Between
steps,computationthreadswait in abarrier(indicatedby “B” in Figure1) until thepositionsof all atomsare
receivedfrom othernodesandupdated.Thethreadsthencomputetheforcesrequiredin thestepin parallel
andsynchronizethe updateof a sharedvectorof forcesusingcritical regions. Threadswait in a second
barrieruntil all theforcesin thestephavebeencomputedbeforeupdatingthepositionsandvelocitiesof the
atoms.Figure1 alsopresentssummaryperformancenumbers,whichwill bediscussedin Section5.
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Figure1: Flowchartfor themoleculardynamicscomputationfor a completelong time stepandcomputa-
tional performanceof themoleculardynamicsapplication.

We now focuson theembeddingof thetwo-dimensionallogical meshon the three-dimensionalmesh.
Weconsidera two-dimensionalmeshof 128rows and256columns.Eachcolumnof thelogicalmesh(128
nodes)is mappedonto onephysicalplaneof the three-dimensionalcellular machine,asshown in Figure
2. Note that 8 logical columnsareembeddedin onephysicalplane. The broadcastof positionsandthe
reductionof complex numbersin reciprocalspacein eachcolumnof thelogical meshdo not interferewith
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broadcastsand reductionsin other logical columnsand useonly the  and ! dimensionsof the three-
dimensionalmesh. The reductionof forcesalong eachrow of the two-dimensionalmeshis performed
betweenadjacentplanesof thethree-dimensionalphysicalmeshandusesdisjointwiresin the " dimension.
Thenodesof eachlogicalrow assignedto thesameplanealsoneedto performareductionbut only onewire
is neededfor eachrow alongthe  dimension.
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Figure2: Mappingcolumnsof thelogical meshto thephysicalmachine(left). Communicationpatternsfor
verticalbroadcastof positionsandhorizontalreductionof forces(right).

3.2 A performancemodel for the molecular dynamicscomputation

Let o�� betheexecutiontime of a shortstep,let oq, betheexecutiontime of anintermediatestep,andlet o��
be theexecutiontime of a long step. Then,the total executiontime o of onecomputationaltime step(as
shown in Figure1) canbecomputedas o : ��o��|HJoq,�HJoq� ^ (4)

where � is thenumberof shortstepsin onecomputationaltime step.We candecomposethetime for each
stepinto two parts: a computation time o��� �5~ ,�~ ��� andan exposed communication time o��� �5~ ,�~ ��� . The exposed
communicationtime is thepartof thecommunicationtime thatis notoverlappedwith computation.

3.2.1 Computation time modeling

Let � bond and � bend be the total numberof bondsandbends,respectively, thatneedto be computedby a
node. Let � threadbe thenumberof computationthreadsavailablein thenode. Let o bond and o bend be the
time it takesto computeonebondandonebend,respectively, andlet o move be the time neededto update
anatom’s positionandvelocity. Let � atom bethenumberof targetatomsassignedto thenode.Finally, leto barrier13(|4 bethetime it takesto performa barrieroperationon ( threads.Thetime for a shortstepcanbe
expressedaso �� : � � bond� thread� o bond H � � bend� thread� o bend H�# o barrier1B� thread4�H � � atom� thread� o move � (5)

Let � torsion bethenumberof torsionsthatneedto becomputedby a node.Let � LJshort and � ESshortbe
thenumberof Lennard-Jonesand(realpart)electrostaticforceswithin ashortcutoff, respectively, thatneed
to becomputedin anode.Let o LJ and o ES bethetime it takesto computeoneLennard-Jonesandone(real
part)electrostaticforce,respectively. Thetime for anintermediatestepcanbeexpressedaso �, : � � bond� thread� o bond H � � bend� thread� o bend H�# o barrier1B� thread4�H � � atom� thread� o move H� � torsion� thread � o torsion H � � LJshort� thread � o LJ H � � ESshort� thread � o ES � (6)
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Let � LJlong and � ESlong be the numberof Lennard-Jonesand (real part) electrostaticforceswithin a
long cutoff, respectively, that needto be computedin a node. Let � T -factor be the numberof Q RT termsin
the node,i.e., the sizeof the M set in the node. Let o eta1B� T -factor4 be the time it takes to computeone
atom’s contribution to the QSRT termsin thenode.Let o redux1B� T -factor4 bethetime it takesto addtwo setsof
contributionsto the QDRT terms.Let o T -factor1B� T -factor4 bethetime it takesto finalizecomputingthe QSRT terms
in a node.Finally, let o T -force bethetime it takesto computethe L -forceon oneatom. Thetime for a long
stepcanbeexpressedaso �� : � � bond� thread� o bond H � � bend� thread� o bend H�� o barrier1B� thread4�H � � atom� thread� o move H� � torsion� thread � o torsion H � � LJlong� thread � o LJ H � � ESlong� thread � o ES H� � atom� thread� o eta1B� T -factor4�H¢¡B£¥¤$¦ 8 1B� thread4>§�o redux1B� T -factor4�H� � T -factor� thread � o T -factor1B� T -factor4�H � � atom� thread� o T -force 1B� T -factor4d� (7)

3.2.2 Communication time modeling

The dominantcommunicationoperationsin our moleculardynamicscodeare the force reductionsalong
therowsandthe L -factor( QSRT ) reductionsandpositionbroadcastsalongthecolumnsof thetwo-dimensional
logical mesh.Reductionsandbroadcastsareimplementedin our cellularmachineby organizingthenodes
within a logical row or a logicalcolumnaccordingto aspanningtree.Thecommunicationof atompositions
to atomsadjacentin the moleculemake a small contribution to the total communicationandarealways
performedbetweenadjacentnodesalongcolumnsof thelogicalmesh.

Wewantto computethetimefor four communicationoperations,whichoperateonvectorsof elements.
Let o positions be the time to broadcastpositionsalongcolumns,o T -factorsredux the time to reduceL -factors
alongcolumns, o forces the time to reduceforcesalongrows and o put the time to put a new position in a
neighboringrow. Thetimefor eachof theseoperationscanbedecomposedinto a latency timeandatransfer
time. The latency time is the time to completetheoperationfor thefirst elementof a vector. The transfer
time is therateat which eachelementis processedtimesthenumberof elementsin thevector. In equation
form: o positions : o latency

positions HJo triplet � sourcê (8)o T -factorsredux : o latencyT
-factorsredux HJo complex � T -factor̂ (9)o forces : o latency

forces HJo triplet � target
^

(10)o put : o latency
put HJo triplet � put

^
(11)

where � sourceand � T -factor arethe numberof sourceatomsand L -factorsassignedto the column,respec-
tively, and � target is thenumberof targetatomsassignedto therow. � put is thenumberof putsto neighbors
thata nodehasto perform. o triplet and o complex arethetime to transferonetriplet (forceor position)or one
complex number( L -factor),respectively. Eachpositionandforce is 24 byteslong (threedouble-precision
floating-pointnumbers)andeachL -factoris 16byteslong (two double-precisionfloating-pointnumbers).

Let � ,hop c be thenumberof hops(nodes)betweena node ) in a columnandtheroot of the fan-inand
fan-outtreesfor intra-columnoperations.Let o hop be the time to go througha hop (node)in the cellular
machineinterconnect.Then o latency

positions : #©¨«ª�¬_ , 1B� ,hop c 4
o hop̂ (12)
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wherethe factorof two accountsfor the roundtrip. Let � ,addc be thenumberof additionsthatneedto be
performedto reduceanitem originatingat a node ) in thecolumnuntil it getsto theroot of thefan-in tree.
Let o add bethetime to addoneitem. Theno latencyT

-factorsredux : #©¨ª�¬_ , 1B� ,hop c 4
o hop H®¨«ª�¬_ , 1B� ,addc 4
o add� (13)

Theanalysisfor theforcereductionalongtherows is similar. Let � ,hop r bethenumberof hopsbetween
a node ) in a row andtheroot of the fan-inandfan-outtreesfor intra-row operation.Let � ,add r bethethe
numberof additionsthatneedto beperformedto reducean item originatingat a node ) in therow until it
getsto theroot for thefan-intree.Theno latency

forces : #©¨ª�¬_ , 1B� ,hop r 4
o hop H�¨«ª�¬_ , 1B� ,add r 4
o add� (14)

From that table,we canderive worst caseestimatesfor the exposedcommunicationstimes o¯�� �5~ ,3~±° � . In
casethereis no overlapbetweencomputationandcommunication,o �, : o positions HJo forceŝ (15)o �� : o positions HJo T -factorsredux HJo forceŝ (16)o �� : o put � (17)

Theupperboundon theexposedcommunicationtime iso � : ���²o �� HJo �, HJo �� (18)

4 Simulation envir onment

To complementtheanalyticalmodelingdescribedabove, we alsoexecutedthemoleculardynamicsappli-
cationon aninstruction-level simulatorof our cellularmachine.Our machinehasa proprietaryinstruction
set,which is typically RISC(load/storearchitecture,three-registerinstructions)in nature.Theapplication
wascodedin C andcompiledwith the gcc (version2.95.2)compiler, properlymodifiedto generatecode
for our instructionset.Threadcreationandmanagementinsidea nodeis performedat theapplicationlevel
by calls to a pthread-compatiblelibrary. Inter-nodecommunicationis accomplishedthrougha proprietary
communicationlibrary thatimplementsput (one-sidedcommunication),broadcast,andreduceoperations.

Eachnodeof the machineruns a residentsystemkernel, which executeswith supervisorprivileges.
Thepurposeof thekernelis twofold: first, to protectmachineresources(threads,memory, channels)from
accidentalcorruptionby a misbehaving applicationprogram,so that resourcescanbeusedreliably for er-
ror detection,debugging, and performancemonitoring; and second,to isolateapplicationlibraries from
detailsof theunderlyinghardwareandcommunicationsprotocols,so asto minimize the impactof evolu-
tionarychangesin thoseareas.Theactualapplicationrunswith userprivilegesandinvokesthekernelfor
input/outputandinter-nodecommunication.

The instruction-level simulatoris architecturallyaccurate,executingbothkernelandapplicationcode.
It modelsall the featuresof a nodeandthecommunicationbetweennodes.Eachinstance(process)of the
simulatormodelsonenode,andmultiple instancescanbe usedto simulatea systemwith multiple nodes.
Internally, themultiple simulatorinstancescommunicatethroughMPI. As a resultof executinganapplica-
tion, the instruction-level simulatorproducesdetailedtracesof all instructionsexecuted.It alsoproduces
histogramsof theinstructionmix. Onetraceandonehistogramis producedfor every nodesimulated.

The instruction-level simulatordoesnot have timing information and, therefore,it doesnot directly
produceperformanceestimates.Instead,we usethe tracesproducedby the simulatorto feed two other
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performancetools.Oneof thesetoolsis a cachesimulatorandeventvisualizerthatprovidesmeasurements
of cachebehavior. Theothertool is a traceanalyzerthatdetectsdependencesandconflictsin theinstruction
trace,producingan estimateof actualmachinecyclesnecessaryto executethe code. The traceanalyzer
doesnot executetheinstructions,but it modelstheresourceusageof theinstructions.In thetraceanalyzer,
eachinstructionhasa pre-definedlatency to execute,andinstructionscompetefor sharedresources.The
threadsin anodeexecuteinstructionsin programorder. Thus,if resourcesfor aninstructionarenotavailable
whenthe threadtries to issuethat instruction,the issueis delayed,andthe threadstallsuntil all resources
becomeavailable.For memoryoperations,thelatency of theoperationsdependonhow deepin thememory
hierarchywe have to go to fetchtheresult.Our architectureprovidesonelevel of datacacheplusmemory.
Thetraceanalyzerusesaprobabilisticcachemodel,with a90%hit rate.Thisvaluewasvalidatedby running
thetracethroughthecachesimulator.

Simulatinga Petaflopmachineis no easytask.Straightforwardsimulationof theentiremachinewould
require32,768simulationprocesses,onefor eachsimulatednode. However, the moleculardynamicsap-
plication hasa structurethat allows us to simulatecompletelyonly one nodein the entiremachineand
extrapolatetheperformanceresultsfor themachine.As presentedpreviously, themoleculardynamicscode
runson a two-dimensionallogical meshof nodes.Eachnodesimulatesatomicinteractionsbetweentwo
setsof atoms:a targetsetanda sourceset.Becauseof theparticulardecompositionmethodused,commu-
nicationbetweennodesoccursintra-row andintra-columnonly. Thus,thesimulationof onerow provides
informationonthebehavior of all otherrows in thelogical two-dimensionalmesh.Similarly, thesimulation
of onecolumnprovides informationon the behavior of all othercolumnsin the logical two-dimensional
mesh.This reducesthenumberof nodesthatwe needto simulateto 383(256in onerow ³ plus128in one
column ´ ). This is illustratedin Figure3. We still needto provide correctvaluesfor incomingmessagesat
theboundaryof thesubsystemwe simulate.To do so,we modifiedour communicationlayer to “f ake” all
communicationexceptthatbetweennodesin row ³ or column ´ . With a balancedwork distribution, node1B´ ^ ³|4 performsa similar setof operationsto thatperformedby all othernodesin thesystem.Therefore,
theperformanceof node 1B´ ^ ³|4 canbeextrapolatedto obtaintheperformanceof theentiresystem.We use
theinstructionlevel simulatorto simulateall nodesin column ´ androw ³ , but wecollectandanalyzetrace
informationonly for node 1B´ ^ ³|4 .

µ}µ}µ¶}¶·}·}·}·}·}·}·}·}·}·}·¸}¸}¸}¸}¸}¸}¸}¸}¸}¸}¸¹}¹}¹}¹}¹}¹}¹}¹}¹}¹º}º}º}º}º}º}º}º}º}º»»»» ¼¼¼
½}½}½½}½}½¾}¾}¾¾}¾}¾
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Figure3: Strategy for performanceestimationby simulatingonly onerow andcolumnof thelogicalmesh.

5 Experimental Results

As a testcasefor our code,we assembleda molecularsystemwith thehumancarbonicanhydrase(HCA)
enzyme[7], whichplaysanimportantrole in thediseaseglaucoma.TheHCA enzymewassolvatedin 9000
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watermolecules,for a total of 32,000atomsin the system.We usedour moleculardynamicscode,run-
ning on thesimulatordescribedabove, to computetheevolution of this system.Thestartingexperimental
coordinatesaretaken from the NMR structureof carbonicanhydrase,asdescribedin [7]. The molecular
systemwaspreparedby taking thecrystallographicconfigurationof theHCA enzyme(ProteinDataBank
identificationlabel1AM6 – http://www.rcsb .or g/ pdb/ ) andsolvating it in a box of waterof size¿ 70Å. TheCHARMM22 [2] forcefield wasusedto treatthe interactionsbetweentheatomsin this pro-
tein/watersystem.Newtoniandynamicswasgeneratedunderstandardconditions,roomtemperatureand1
atmpressure,throughtheuseof thestandardVerletalgorithmsolver [12].

Table1 lists thevaluesfor thevariousparametersusedin theanalyticalperformancemodelin Section3.
Table2 lists thenumberof instructionsrequiredfor eachforce computation.Someforcesrequiretheuse
of critical sections.Thetime to acquireandreleasethecritical sectionsis shown in Table2. This, together
with thecountsin Table1, provide the informationneededfor estimatingperformancefrom theanalytical
performancemodelin Section3. Table3(a)summarizesthevaluesof thevariousprimitivecommunications
parameters.They areobtainedfrom intrinsic characteristicsof thearchitectureandapplication.Table3(b)
containstheresultingvaluesfor thederivedparameters,obtainedfrom theequationsabove.

Table1: Numberof forcescomputedby eachnodein onetime stepof thesimulationof theHCA protein,
with a14Å longrealcutoff anda7 Å shortcutoff, usingaforcedecompositionmethodwith a1 by 1 (serial
problem)anda256(columns)by 128(rows) logicalmeshes.�n�À� currentallocation#$�$Á«�Â�.#$� scalingfactor

targetatoms 31,747 249 128
electrostaticforces(realpart,longcutoff) 36,157,720 1,297 27,878
Lennard-Jonesforces(long cutoff) 36,241,834 1,313 27,602
electrostaticforces(realpart,shortcutoff) 4,430,701 127 34,887
Lennard-Jonesforces(shortcutoff) 4,440,206 127 34,962L -factors 8,139 23 354
sinesandcosinesin L -space 12,652,290 494 25,612
bonds 22,592 259 87
bends 16,753 456 37
torsions 11,835 748 16

Table4 summarizestotal instructioncountspernodefor variousthreadconfigurations,asobtainedfrom
thearchitecturalsimulator. Theseconfigurationsdiffer in thenumberof threadsthatareallocatedto perform
computations.Thenumberof floating-pointunits(FPUs)thatareallocatedto thecomputationis sÄÃ threadÅ x .
In addition,a fractionof thethreadsis allocatedto performcommunicationandothersystemservices.The
tablelists thetotal numberof loads,stores,branches,integerinstructions,logical instructions,systemcalls,
andfloating-pointinstructionsexecutedby all threadson a node. In thecaseof floating-pointinstructions
we detail thenumberof multiply-add(FMAD) andmultiply-subtract(FMSD) instructions.Eachof those
instructionsperformstwo floating-pointoperations.Thetotal numberof floating-pointoperationsis shown
in row “Flops” andthetotalnumberof instructionsin row “Total”. Wenotethat,asexpected,thenumberof
floating-pointinstructionsdoesnot changesignificantlywith thenumberof threads.On theotherhand,the
numberof loadsandbranchesdoesincreasesignificantlywith thenumberof threads,asthethreadsspend
moretimewaiting for barriersandlocks.

Table5 summarizesour resultsfor all theconfigurations(differentnumbersof computationalthreads)

10



Table2: Measuredparametersfor thecomputationof variousforces.

parameter instructions description
force locks totalo move 50 50 computenew positionandvelocityof anatomo bond 50 60 110 computationof abondforce(2 atoms)o bend 250 90 340 computationof abendforce(3 atoms)o torsion 600 120 720 computationof a torsionforce(4 atoms)o LJ 200 30 230 computationof aLennard-Jonesforceo ES 600 30 630 computationof real-partelectrostaticforceo eta 2,000 2,000 computationof oneatomcontribution to L -factoro redux 500 500 computationof onereductionstepfor L -factoro T -factor 1,000 1,000 final stageof computingL -factorso T -force 3,000 3,000 computationof Fourier-spaceelectrostaticforce

we tested.For eachconfigurationwe list thenumberof instructions/threadfor eachshortstep,intermediate
step,andlong step(SeeFigure1). We show thenumberof instructions/threadfor the L -factorand L -force
componentsof a longstep.Wealsoshow thetotalnumberof instructions/thread andcomputationcyclesper
time step,asdeterminedby thearchitecturalsimulatorandtraceanalyzer. TheCPI (clocksperinstruction)
is computedas the ratio of thosetwo last numbers.The CPF(clocksper floating-pointinstruction)is a
measureof theaveragenumberof clocksperfloating-pointinstruction,from theperspective of thefloating-
point units.Wecomputeit as

CPF : � cycles �P¡3� threadÆ ��§� float

^
(19)

where � float is thetotal numberof floating-pointinstructions,� cycles is thenumberof computationcycles,
and ¡3� threadÆ ��§ is thenumberof floating-pointunitsutilized. (8 threadsshareonefloating-pointunit.)

Thenumberof machinecyclesfor inter-nodecommunicationin Table5 is obtainedfrom Equation(18),
andit is independentof thenumberof threads.Thetotalnumberof cyclespertimestepisobtainedby adding
computationandcommunicationcycles.Wecomputethemultithreadedspeedupastheratio of total cycles
for single-andmulti-threadedexecution.Finally, theefficiency is computedasthe ratio betweenspeedup
(relative to single-threadedexecution)and numberof threads. The low CPI/high CPF numbersfor one
threadindicatesgoodthreadunit utilization,but low floating-pointunit utilization. Theotherconfigurations
haveeightactivethreadsperfloating-pointunit andperformroughlytwo timesmorework,perfloating-point
unit, thanasinglethreaddoes.

The curves in Figure4 indicatethe numberof instructions/threadderived from the analyticalperfor-
mancemodelfor theexecutionof differentcomponentsof themoleculardynamicsapplication.Themark-
ers in the figure indicatemeasurementsmadeon the simulator. The valuesplottedareaccumulated, that
is, the valueof eachcomponentis addedto the previous components.This figure shows the contribution
of theshort,intermediate,reciprocalspace( L -space)andfinally thelong range(realpart)electrostaticand
Lennard-Jonesforcesto the total computationaltime step. Thereis a very goodfit betweenanalysisand
simulation,indicatingthattheanalyticalmodelsdo indeedcapturethebehavior of theapplication.

The time chartsat thebottomof Figure1 summarizethecomputationalperformanceof themolecular
dynamicsapplication.Thefirst two time linesshow thenumberof instructions/threadfor a 250-threadexe-
cution. Theentirecomputationaltime steptakesapproximately39,000instructions/thread. Eachshortstep
takes1,700instructions.Theintermediatesteptakes5,000instructions.Thelongsteptakes19,000instruc-
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Table3: Summaryof communicationcostparameters.

(a)primitive parameters
parameter value description� source 125 numberof sourceatomsassignedto acolumn� target 249 numberof targetatomsassignedto a row� T -factor 23 numberof L -factorsassignedto acolumn� put 13 numberof putsto nearestneighboro triplet 12 machinecyclesto transfer24 bytesthroughtheinterconnecto complex 8 machinecyclesto transfer16 bytesthroughtheinterconnecto hop 6 machinecyclesto crossonenodein thecellularinterconnecto add 8 machinecyclesto completeonefloating-pointaddition¨«ª�¬ _ ,f1B� ,hop c 4 20 maximumnumberof hopsinsideacolumn¨«ª�¬ _ ,f1B� ,addc 4 28 maximumnumberof addsinsidea column¨«ª�¬ _ ,f1B� ,hop r 4 48 maximumnumberof hopsinsidea row¨«ª�¬ _ , 1B� ,add r 4 38 maximumnumberof addsinsidea row

(b) derivedparameters
parameter machinecycles descriptiono latency

positions 240 latency to broadcastfirst positiono latencyT
-factorsredux 464 latency to reducefirst k-factoro latency

forces 880 latency to reducefirst forceo latency
put 30 latency to memoryof nearestneighboro positions 1,740 total time to broadcastpositionso T -factorsredux 648 total time to reducek-factorso forces 3,838 total time to reduceforceso put 186 total time to putpositionsin nearestneighboro �, 5,608 communicationtime for intermediatestepo��� 6,256 communicationtime for longstepo �� 186 communicationtime for shortstepo�� 13,352 upperboundon exposedcommunicationtime pertime step

tions. The next time line summarizescommunicationbehavior, asobtainedfrom the simulator, showing
the total numberof bytestransmittedby the simulatednodealongeachof the axesof the physicalthree-
dimensionalmesh. We note that muchmoredatais transmittedalong the  and " axes thanalong the! axis. This is a resultof our particularembeddingof the two-dimensionallogical meshinto the three-
dimensionalphysicalmesh.Thebottomline shows the total numberof cyclesandthe estimatedtime for
oneiterationstep.

Resultsfrom thecachesimulatorareshown in Figure5. Weplot theaveragecachemissratefor different
cachesizesandsetassociativity values. The resultsshow that our probabilisticmodel is valid for 4- and
8-way set-associative cachesof size8 kbytes,andfor any associativity with a16-kbyteor largercache.

The resultsof this sectionindicatethat a moleculardynamicsimulationfor 32,000atomscanbe run
on a full Petaflopcellular machinewith goodperformance.It is possibleto exploit 32,768nodes,each
with 250 threadsor more,and run a full computationaltime step(Figure 1) in 375 ��� . This coderuns
at 0.87 Petaop/s,and0.14 Petaflop/s.However, we shouldstatethat the resultspresentedhereareonly
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Table4: Instructioncountsfor thesamplenode 1B´ ^ ³|4 .
instructionclass 1 thread 50 threads 100threads 150threads 180threads 200threads 250threads
Loads 932,617 1,380,652 2,013,751 2,367,753 3,000,583 3,253,284 3,277,406
Stores 314,545 350,290 386,740 423,190 445,060 459,640 495,778
Branches 392,998 810,678 1,412,827 1,735,879 2,350,139 2,590,460 2,584,124
Integerops 779,227 815,525 852,525 889,452 911,562 926,302 962,535
Logicalops 910,489 1,006,189 1,080,147 1,164,083 1,208,168 1,247,712 1,334,017
System 46,835 51,686 56,636 61,586 64,556 66,536 71,486
Floating-pointops 1,206,253 1,211,545 1,216,945 1,222,345 1,225,585 1,227,745 1,232,891

FMAD 288,217 288,805 289,405 290,005 290,365 290,605 291,169
FMSD 42,821 42,821 42,821 42,821 42,821 42,821 42,821

FLOPS 1,537,291 1,543,171 1,549,171 1,555,171 1,558,771 1,561,171 1,566,881
Total 4,582,964 5,626,565 7,019,571 7,864,288 9,205,653 9,771,679 9,958,237
% float instructions 26% 22% 17% 15% 13% 13% 12%

Table5: Instructionandcyclecountsfor thesamplenode 1B´ ^ ³|4 .
1 thread 50 threads 100threads 150threads 180threads 200threads 250threads

short 182,947 4,712 2,978 2,161 2,118 2,099 1,696
intermediate 656,383 15,191 9,226 6,533 6,409 5,683 4,703
long 2,460,789 56,954 34,867 26,061 25,221 23,713 18,791Ç

-factor 332,654 11,704 9,368 9,002 8,625 8,608 7,826Ç
-force 661,631 14,024 8,491 5,738 5,738 5,738 2,987

instructions/thread 4,582,740 111,975 69,585 51,790 50,502 48,228 39,162
computationcycles 10,847,196 607,530 346,797 249,002 228,668 214,153 173,896
CPI 2.37 5.41 4.99 4.80 4.53 4.44 4.44
CPF 8.99 3.51 3.70 3.87 4.29 4.36 4.51
inter-node
communicationcycles 13,352 13,352 13,352 13,352 13,352 13,352 13,352
total cycles 10,860,548 620,882 360,149 262,354 242,020 227,505 187,248
speedup 1 17.5 30.2 41.4 44.9 47.7 58.0
efficiency 1.00 0.35 0.30 0.28 0.25 0.24 0.23

approximate,asthesimulatoris not a detailedcycle level simulator. This wasnot feasible,bothbecauseof
theslow performanceof sucha simulatorandbecauseof thelack of detailedlogic designfor our machine.
Rather, the traceanalyzerusesestimatedinformationon thedepthof variouspipelinesandusesa queuing
modelfor congestionat key sharedresources.

We expect that changesin software, algorithms,andmathematicalmethodswill significantly further
improve theperformanceof thecodewe simulated.On theotherhand,we canalsoexpectmany surprises
andchallengesaswe proceedfrom simulationsto actualsystem.

6 Conclusions

Wehaveestimatedtheexecutionof amoleculardynamiccodefor asystemof 32,000atomsonafull Petaflop
cellularsystem,onthescaleenvisionedby IBM’ sBlueGeneproject.A sequentialversionof theapplication
executedat140s/timestepin an800Mflop/sworkstation.Theparallelversionexecutedat375��� /time step
in our Petaflopmachine.This correspondsto a parallelspeedupof 368,000in a machine1,250,000times
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Figure4: Performanceof componentsof moleculardynamicscode. Thesolid linesrepresentvaluesfrom
theanalyticalmodel.Themarkersaremeasurementsfrom simulation.
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Figure5: Cachesimulationresultsfor thetracescollectedfrom executingourmoleculardynamicscode.

faster, for anefficiency of 30%.This resultis in agreementwith theestimatesderivedin [8].
This exercisedemonstratesthat this classof moleculardynamicsapplicationshasenoughparallelism

to exploit millions of concurrentthreadsof executionwith reasonableefficiency. It demonstrates,in broad
lines, the validity of a massively parallelcellular systemdesignasoneapproachto achieving 1 Petaflop
of computingpower. It alsoprovidesuswith a clearunderstandingof a representative moleculardynamic
applicationcode,for whichwe now have anaccurateperformancemodel.

Westill havemuchwork to doto refineandimprovetheresultspresentedhere:thesimulatorshave to be
upgradedto representadetailedhardwaredesign;theperformancemodelsneedtobeupgradedandvalidated
againstcyclefaithful simulations;thecommunicationanalysisneedsto reflectoverlapbetweencomputation
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and communication;nodefailuresin a machineof this scalehave to be addressed;and algorithmsand
methodswill continueto beimproved.

References

[1] M. P. Allen andD. J.Tildesley. Computer Simulation of Liquids. OxfordSciencePublications,Oxford,
UK, 1987.

[2] B. R.Brooks,R.E.Bruccoleri,B. D. Olafson,D. J.States,S.Swaminathan,andM. Karplus.Charmm:
A programfor macromolecularenergy minimization,anddynamicscalculations.J. Comput. Chem.,
4:187–217,1983.

[3] P. Ewald. Die BerechnungoptischerundelektrostatischerGitterpotentiale.Ann. Phys., 64:253–287,
1921.

[4] Y. Kang, M. Huang,S.-M. Yoo, Z. Ge, D. Keen,V. Lam, P. Pattnaik,andJ. Torrellas. FlexRAM:
Toward an advancedintelligent memorysystem. In International Conference on Computer Design
(ICCD), October1999.

[5] D. Patterson,T. Anderson,N. Cardwell, R. Fromm, K. Keeton,C. Kozyrakis, R. Thomas,and
K. Yelick. A casefor intelligentRAM: IRAM. In Proceedings of IEEE Micro, April 1997.

[6] S.Plimpton. Fastparallelalgorithmsfor short-rangemoleculardynamics.J. Comp. Phys., 117:1–19,
1995.

[7] L. R. Scolnick,A. M. Clements,J. Liao, L. Crenshaw, M. Hellberg, J. May, T. R. Dean,andD. W.
Christianson.Novel bindingmodeof hydroxamateinhibitorsto humancarbonicanhydraseII. J. Am.
Chem. Soc., 119:850–851,1997.

[8] V. E. Taylor, R. Stevens,andK. Arnold. Parallel moleculardynamics: Implicationsfor massively
parallelmachines.Journal on Parallel and Distributed Computing, 45(2):166–175,September1997.

[9] J. Torrellas,L. Yang, and A.-T. Nguyen. Toward a cost-effective DSM organizationthat exploits
processor-memory integration. In Sixth International Symposium on High-Performance Computer
Architecture, January2000.

[10] M. E. TuckermanandB. J.Berne.Moleculardynamicsin systemswith multiple timescales.J. Comp.
Chem., 95:8362–8364,May 1992.

[11] M. E. Tuckerman,B. J.Berne,andG. J.Martyna.Reversiblemultiple timescalemoleculardynamics.
J. Chem. Phys.,, 97:1990–2001,1992.

[12] L. Verlet. Computerexperimentson classicalfluids. I. thermodynamicalpropertiesof Lennard-Jones
molecules.Phys. Rev., 159:98–103,1967.

15


