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A key issuefor parallelsystemsis thedevelopmentof usefulpro-
grammingabstractionsthatcancoexist with goodperformance.We
describeacommunicationlibrary thatsupportsanobject-basedab-
stractionwith a bulk-synchronouscommunicationstyle;this is the
first timesuchalibraryhasbeenproposedandimplemented.By re-
strictingthelibrary to theexclusive useof barriersynchronization,
we areableto designa simpleandeasy-to-useobjectsystem.By
exploiting establishedtechniquesbasedon the bulk-synchronous
parallel(BSP)model,we areableto designalgorithmsandlibrary
implementationsthatwork well acrossplatforms.
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Portableparallelprogrammingsystemsshouldprovide usefulab-
stractionswithout precludingefficient execution. This paperde-
scribesa steptowardsthis goal throughthe useof a communica-
tion library called the BSPObjectSystem(BOS). BOS provides
the convenienceof efficient sharedobjectsin a systemoptimized
for (and restrictedto) batchcommunication.To our knowledge,
this is thefirst communicationlibrary to providesuchmechanisms.
Thelibrary is easyto useandeffective for all theapplicationsthat
westudied.

It is generallyagreedthat a shared-addressspaceis a useful
abstraction.Many systemsfor distributed-memoryenvironments
have focusedon providing a shared-addressspacewith communi-�
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cationatthepagelevel [13, 33,34,35] or at theuser-definedobject
level [4, 5,8,16, 41, 47, 49]. Anotherusefulabstractionis to define
simplecommunicationandsynchronizationmechanisms.A tech-
niquewecall batch communication, basedon theBSPmodel[43],
restrictsaccessto communicateddatauntil aftera barriersynchro-
nization. For the remainderof this paper, we usethe term syn-
chronousto describesystemsthatutilize batchcommunicationex-
clusively, andasynchronousto describeall othersystems.Batch
communicationhasinfluencedthe designof several communica-
tion libraries, including Oxford BSP [37], GreenBSP [28], and
BSPlib[31].

Weclaimthatbothapplicationprogrammingandsystemimple-
mentationaresimplerusingBOSthanusingothertechniquesthat
provide a shared-objectspace.Undermostshared-objectsystems,
processesrefer to consistentobjectsthroughthe useof a variety
of synchronizationmechanisms(e.g. locks,semaphores,andbar-
riers). Theflexibility andcomplexity of suchsystemsmake them
difficult to program.

Both theoreticalandexperimentalprojectshave demonstrated
thatsynchronoussystemsaresufficient in termsof performance[6,
25, 26, 27, 28, 29, 30, 36, 43, 44]. Furthermore,an explicit and
theoreticallyjustifiablecostmodelcanbeutilized for synchronous
systems,which canprovide clearguidanceto theapplicationpro-
grammerand the systemimplementer. Suchcost modelscanbe
usedto predict (or bound)execution times, memoryutilization,
or communicationrequirementsfor parallelprogramsrunningon
realplatforms.Otherprogrammingapproachesthatemphasizethe
useof a costmodel include the NESL [9] andCilk [10, 11] lan-
guages,which utilize a work-depthcost model, and the Split-C
language[20], whichutilizestheLogPcostmodel[21].

In comparisonto otherapproachesthatprovideshared-memory
communicationin a synchronousenvironment,BOS doesnot re-
quirepreallocationfor eachshareddatastructureby eachprocess.
This cangreatlyreducememoryusage,asmany objectsneedonly
be accessedby a subsetof the processes.In comparisonto ap-
proachesthat provide message-passingcommunicationin a syn-
chronousenvironment,BOSprovidestheconvenienceof ashared-
memoryabstractionandfacilitatesthereuseof code.

We supporttheseclaimsconcerningtheeaseandefficiency of
BOSby writing severalapplicationprograms:electromagneticpar-
ticle simulation,Cholesky factorization,shortestpathcomputation,
circuit simulation,and Groebnerbasiscalculation. We describe
performancecharacteristicsof theseapplicationson two parallel
platforms: an SGI Challengeanda network of PCs. SinceBOS
restrictsthesynchronizationmechanism,library implementationis
greatlysimplified.For example,theentireBOSsystemwasimple-



mentedin 1600linesof code."
The remainderof the paperis organizedas follows. Related

work is in Section2. The BSPmodelandBOS aredescribedin
Sections3 and4, respectively. Applicationsaredescribedin Sec-
tion 6. Experimentalresultsareanalyzedin Section7, andconclu-
sionsarein Section8.
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Oneapproachfor providing ashared-memoryabstractionfor adis-
tributedsystemis sharedvirtual memory(SVM), which provide
communicationat the level of pages[35]. Thoughsuchsystems
canbe efficient for someapplications,performanceis highly sen-
sitive to the interactionof datastructuresandpagesizes[33]. By
sharingdataat thepagelevel, extensive falsesharingcanoccur.

Thisinefficiency canbesubstantiallyreducedbyprovidingcom-
municationbetweenprocessesatthelevel of user-definedobjects[4,
5, 8, 16, 47]. To our knowledge,noneof thesesystemsrely on
the exclusive useof barrier synchronization.Of particularrele-
vanceto our work is ScalesandLam’s SAM system[41], which
providesa shared-memoryabstractionin conjunctionwith primi-
tivesthatallow many of theperformanceadvantagesof amessage-
passingsystem.SAM tiessynchronizationto dataaccesses,allows
prefetchingof dataandpushingdatato remoteprocesses,andpro-
videschaoticaccess.. Objectcommunicationis explicitly visible
to theprogrammer;theprogrammermaythereforeattemptto opti-
mizetheprogramby reducingcommunicationcosts.

Yelicketal.’sMultipol (Multi-portedobjectlibrary)project[49]
providesa varietyof datastructuresfor irregularapplicationsrun-
ning on distributed-memorymachines. Examplesinclude trees,
graphs,andsets.Theprogrammerassumesanevent-drivenmodel,
whereeachprocessrepeatsa schedulingloop that looks for avail-
ableworkvia interactionswith theunderlyingdatastructures.Com-
municationandpartitioningissuesarehandledby thedatastructure
implementer, andcanto a largeextentbehiddenfrom thehigher-
level programmer.

Culleretal.’sSplit-Cprogramminglanguage[20] alsosupports
sharedobjectsthroughtheuseof globalpointers.AlthoughSplit-C
is asynchronous,many efficient applicationprogramswritten with
thelanguagerely onbatchcommunication[20, 23].

Synchronouscommunicationlibrarieshave to dateassumeda
singleprogram,multipledata(SPMD)programmingapproachwith
primitivesto supporteithermessagepassingor directaccessto re-
motememorylocations.Hill etal.’sBSPliblibrary supportbothof
theseapproaches[31]. The BSPlib remotememoryaccess,how-
ever, requireseachprocessto preallocatememoryfor eachshared
object,whetherthatobjectis usedby the processor not. Further,
the approachrelies on an object registration techniquewhereby
all processesmustagreeon the sizeof eachobjecta priori . The
BSPlib messagepassingis quite efficient, but doesnot provide a
shared-memoryabstractionandhaslimitationswith respectto the
reuseof datastructures.
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The BOS designis basedon the BSP (Bulk-SynchronousParal-
lel) model [43]. UnderBSP, a parallelmachineconsistsof a set
of processors,eachwith its own local memory, andan intercon-
nectionnetwork thatcanroutepacketsof somefixedsizebetween
processors.The computationis divided into supersteps. In each
superstep,a processorcanperformoperationson local data,send9

This includescomments,but not thecodefor theunderlyingBSPlibrary.:
Chaoticalgorithmsdo not needto usethemostcurrentdata.More relaxedcom-

municationandsynchronizationthereforebecomespossible.

packets, and receive packets. A packet sent in one superstepis
deliveredto thedestinationprocessorat thebeginningof thenext
superstep.Consecutive superstepsareseparatedby a barriersyn-
chronizationof all processors.

Thecommunicationtime of analgorithmin theBSPmodelis
given by a simplecost function. The threebasicparametersthat
modela parallelmachineare: (i) the numberof processors; , (ii)
the gap < , which reflectsnetwork bandwidthon a per-processor
basis,and(iii) the latency = , which is theminimumdurationof a
superstep,andwhich reflectsthe latency to senda packet through
thenetwork aswell astheoverheadto performa barriersynchro-
nization.

Considera BSPprogramconsistingof > supersteps.Thenthe
executiontime for superstep? is givenas:

@BA�C <ED A�C = (1)

where @BA is the largestamountof work (local computation)per-
formed,and D A the largestnumberof packetssentor received,by
any processorduring the ? th superstep.Theexecutiontime of the
entireprogramis: F C <EG C =H> (2)

where
FJILK8M(N "APORQ @BA and G ISKTM(N "AUORQ D A . Wecall @BA and

F
the

workdepthsof thesuperstepandtheprogram,respectively.
Thus,efficientprogrammingof aBSPmachineis basedonsev-

eral simpleprinciples. To minimize the executiontime, the pro-
grammermust (i) minimize the work depthof the program,(ii)
minimizethemaximumnumberof packetssentor receivedby any
processorin eachsuperstep,and(iii) minimizethetotal numberof
superstepsin the program. In practice,theseobjectivescancon-
flict, andtrade-offs mustbe made. The correcttrade-offs canbe
selectedby taking into accountthe particular < and = parameters
of theunderlyingmachine.
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In the BOS system,all sharedobjectsareaddressedusingglobal
objectids. Eachprocessmaintainsa hashtableof sharedobjects,
whichwecall theobjectcache; thehashtableis indexedby apply-
ing a hashfunctionto objectids. Eachsharedobjecthasanowner
process,in whosememoryspaceit is initially created.Otherpro-
cessesmay storecopiesof the object in their objectcaches,and
are thereforecalled readers. As the computationproceeds,each
processmustknow duringthecurrentsuperstep? , which objectsit
needsin the next superstep( ? CSd ). It canthenissuerequestsfor
a copy of eachof theseobjectsduring superstep? . At the begin-
ning of superstep? CSd , a local andconsistentcopy will be made
availableto therequestingprocess.Theprocesscanthenaccessthe
copy duringsuperstep? Ced usingthecorrespondingobject-id.As
with theBSPmodel,weassumeaSPMDprogrammingmodelwith
oneprocessfixedon eachprocessor.

Theglobalnamespacefor theobjectssimplifiesthe job of the
programmer. In theory, the programmerneednot distinguishbe-
tweenlocalandremoteobjects.However, in practice,theprogram-
merwill in generalstill needto reasonaboutwhichobjectsarelocal
andwhich arenon-local,sincecommunicationincursa costunder
the BSPmodel. Nevertheless,the programmerdoesnot needto
know where(in which process’s cache)the remoteobjectsreside,
andmaysimply requestanupdatedcopy of a remoteobjectusing
its objectid.

The functionsthat constitutethe BOS interfacearedescribed
below.

f OBJ begin: Startsprogramwith thenumberof processes
requested.



f OBJ end: Calledby all processesat theendof theprogram.
f OBJ generate ids: Eachobject in the shared-memory

spacerequiresauniqueobjectid. Theusercaneitherchoose
an id, or call this function to obtain a block of previously
unusedids.

f OBJ create: Usedto createan objectwith a certainob-
ject id andnumberof bytes. Functioncall returnsa pointer
to systemspacewherethe objectwill be maintained. The
processcanthenproceedto initialize thevalueof theobject.

f OBJ cache new: Requestsa freshcopy of anobjectwith
therequestedid. TheBOSlibrary keepstrackof theobject’s
owner, andsendsit a requestfor a freshcopy. If it doesnot
yet know who theowner is, it sendsout a broadcastrequest
thatis answeredby theowner. A coherentcopy will beavail-
ablein thecallingprocess’s objectcacheat thebeginningof
thenext superstep.

f OBJ get: Returnsa pointer to the object requested.It is
typically usedafterOBJ cache new to requestanobjectin
superstep? , andOBJ get is usedto accesstheobjectin su-
perstep? Cgd . Thedatain theobjectcanbedirectlyaccessed
throughthepointerreturned.

f OBJ owner update: Theownerof anobject(i.e.,thepro-
cessthatcreatesit) canupdateall remotecopiesof anobject
by usingthis function. Theobjectlibrary keepstrackof the
currentsetof readersandforwardstheupdatesto them.Up-
datesarevisibleat thebeginningof thenext superstep.

f OBJ free: Removestheobjectwith thespecifiedobjectid
from thecallingprocess’sobjectcache.If thecallingprocess
wasa reader, theobjectlibrary simply informstheownerof
theobjectthattheprocessis nolongerareader. If theprocess
wastheowner, theobjectlibrary informsall thereadersof the
objectthat theobjectdoesnot exist andshouldbe removed
from their caches.The objectdoesnot exist in the system
afterthecurrentsuperstep.

f OBJ sync: Thebarriersynchronizationfunctioncall. After
thecall, all outstandingrequestsmustbesatisfied.

f OBJ nprocs: Returnsthenumberof processes.
f OBJ myid: Returnstheprocessid, in therangeof 0 to one

lessthanthenumberof processes.
f OBJ rpc: Requestsremoteexecutionof a specifiedproce-

dureon anobjectwith thespecifiedid. An additional,vari-
ablelengthargumentmaybesent.Theprocedureis executed
locally by theownerof theobjectbeforethestartof thenext
superstep.If thereareseveralOBJ rpc calls on the same
objectall theproceduresareexecutedin anarbitrarybut se-
rializedorder.

f OBJ modify remote: Allows a readerof anobjectto re-
questtheexecutionof aprocedurethatmodifiesthevalueof
an object in its owner’s objectcachebasedon the reader’s
local copy. If severalrequestsaremadeby onereaderin the
samesuperstep,only the last requestis sentby the object
library at the endof the superstep.This allows the reader
to modify an object’s local copy several times,while only
onemessageis sentat theendof thesuperstepto modify the
owner’s original copy. As with OBJ rpc, the procedureis
executedbeforethestartof thenext superstep.If morethan
onereadercallsOBJ modify remote onthesameobject,
they areall executedin anarbitrarybut serializedorder.
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Figure1: The BOSobjectsystem.The BOSlayer is built on top
of a regularBSPlibrary, which is usedfor communicationbetween
processors.TheBOSlayermaintainstheobjectcache,which can
beaccessedonly throughBOSfunctioncalls.

The BOS library is built on top of a regular BSPlibrary, and
is thereforeeasilyportableto any platformthatsupportsa BSPli-
brary. The object layer implementsthe above BOS functionsby
maintainingtheobjectcacheateachprocessor, andusingtheunder-
lying BSPlibrary to sendmessageswhenrequired(seeFigure1).
Eachentry in the objectcache,which is not directly accessibleto
theprogrammer, containsinformationaboutaBOSobject.Thein-
formationincludestheobjectid, thestateandownerof theobject,
a pointerto a local copy in theprocessor’s memory, anda bit vec-
tor indicating the currentreadersof the object (usedonly by the
owner). EachBOS-level barriersynchronization(OBJ sync) is
implementedusingtwo barriersynchronizationcalls(bsp sync)
of the underlyingBSPlibrary, that is, eachBOS superstepcorre-
spondsto two superstepsof theBSPlibrary. This allows theBOS
layer to make requestsfor objectsor remotefunction invocations
andreceive the responsebeforethe next BOS superstep.For ex-
ample,whena processorrequestsanupdatedcopy of a previously
cachedobject(usingOBJ cache new), the BOS layer looks up
the owner of the object in the object cache,sendsthe appropri-
atemessageto the owner, andcallsbsp sync. The owner then
replies,andtherequestingprocessorreceivesthereplyandupdates
its local copy after anotherbsp sync. Figure2 shows a simple
codefragmentto contrastthe interfaceof the BOS systemwith a
typicalasynchronousobjectsystem.
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Weusedtwo platformsfor ourexperiments.Thefirst platformwas
a 16-processorSGI Challenge.This machinehasrelatively slow
processors(150MHz R4400s)but sophisticatedbus-basedshared
memoryhardware. Our BSPlibrary usedsharedmemoryto com-
municate.Thesecondplatformwasaclusterof 16 200-MHzx686
PCsrunningLinux andconnectedby Myrinet network switches;a
morecompletedescriptionof thisplatformcanbefoundin [1, 24].
On the PC clusterour BSPlibrary usedVMMC [22] to commu-
nicate. BSP < and = parametersfor both platformsareshown in
Table1. Wenotethatthetwo platformshavequitecomparablegap
parameters,while theSGIhasasomewhatsuperiorlatency param-
eter.
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In this section,we discussfive applicationsthatusetheBOScom-
municationprimitives.For eachapplication,weattemptto explain
how barriersynchronizationdrivesthe algorithmdesign,andalso



UPDATING SHARED OBJECTS

(a) In an asynchronoussystem,shared objectsare updated by
obtaining locks. Each requestto a remoteobject incurs com-
munication, and the processtypically blocks until the commu-
nication is completed.

obtain(lock A) // incurs communication
Obj A = ...;

release(lock A)

obtain(lock B) // incurs communication
Obj B = ...;

release(lock B)

obtain(lock C) // incurs communication
Obj C = ...;

release(lock C)

(b) With a synchronoussystem,all the local copiesarefirst up-
dated,and then requestsare madeto propagatethe updatesto
the original copy. The original copy of object will be updated
after the barrier synchronization. Conflict is avoided by writ-
ing the codeso that no other processesattempt to update the
objectsduring the samesuperstep.

Obj A = ...;
OBJ_modify_remote(Obj A);

Obj B = ...;
OBJ_modify_remote(Obj B);

Obj C = ...;
OBJ_modify_remote(Obj C);

OBJ_sync; // incurs communication

Figure2: A codingexample.

PC,VMMC SGI,sharedmemory
bandwidth latency bandwidth latency

nprocs ( s sec/byte) ( s sec/step) ( s sec/byte) ( s sec/step)
2 0.087 56 0.139 24
4 0.101 182 0.141 29
6 0.111 295 0.148 35
8 0.121 414 0.142 41
10 0.126 532 0.145 47
12 0.141 650 0.147 52
14 0.168 781 0.149 104

Table1: BSPparametersfor ourplatforms.

how objectsareused.NotethatoptimizationbasedontheBSPcost
model, including load balancing,communicationbalancing,and
synchronizationreductionaredoneby theapplicationprogrammer.
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The electro-magneticparticle-in-cell (EMPIC) applicationsimu-
latesthemovementof chargedparticlesthatexertelectricandmag-
neticforceson eachother[18, 32, 46]. Weuseastandardparticle-
grid methodwhichdiscretizesthespaceon agrid, andusesa leap-
frog integrationschemeto solve Maxwell’s differentialequations
acrossdiscretetimesteps.Eachtimestepconsistsof four phases.
In thescatterphase,thecurrent-densityof eachgrid point is com-
putedfrom the particlesin the grid cells aroundit. In the solve
phase,new valuesof electricandmagneticfieldsarecomputedat
eachgrid point, basedon theold field valuesandthecurrentden-
sity computedin thescatterphase.In the gatherphase,the force
oneachparticleis computedfrom thefield valuesat thegrid points
aroundit, and in the pushphasethis force is usedto updatethe
particle’s positionandvelocity. A particlemaymove betweengrid
cellsasa resultof thepushphase.

We startedwith the sequentialC codewritten by I. Ashok,
which wasadaptedfrom D. Walker’s sequentialFortrancode. In
ourBOSversion,wedefinetheelectricandmagneticfieldsandthe
currentdensityat eachgrid point asseparateBOS objects. Each
grid point is associatedwith the list of particleslocatedin oneof
its neighboringgrid cells; this entirelist is alsodefinedasa BOS
object,andis local to theprocessorthatownsthegrid point. Each
objectassociatedwith a grid point wasassignedan object id de-
rivedfrom the zx{�|�}�|�~�� coordinatesof thegrid point,sothatall the
objectsassociatedwith agivengrid pointcouldbeeasilyaccessed.

ParallelizingtheoriginalserialcodeusingBOSwasstraightfor-
ward,becauseeachprocessorsimplyneedsto know thesetof grid
pointsin its partition,andthesetof grid pointsthatareneighbors
of its own grid pointsbut not local to (notownedby) theprocessor.
Weimplementedtwo partitioningschemes:in one,thegrid is parti-
tionedacrossprocessorsasslicesalongtheY-axis,andin theother,
it is partitionedinto 3D blocks. We first implementedthe former
scheme;it thentook oneof theauthorsanotherthreehoursto add
the latter scheme(including debugging time). The two schemes
simply differ in the functionsthat stepover andcacheneighbor-
ing, non-localgrid points.Consequently, addinganew partitioning
schemeandswitchingbetweenschemesat runtime is fairly sim-
ple. Our currentimplementationdoesnot includedynamicload
balancing.� However, becauseeachprocessorkeepstrack of the
boundariesof its own partition,weexpectthataddingtheloadbal-
ancingwill simply involve adjustingthe partition boundariesbe-
tweenprocessorsaccordingto the particledistribution. The orig-
inal sequentialprogramwas1150lines long; our parallelversion
with bothpartitioningschemeshas2050lines,of which,200lines
aredevotedto cachingneighboringgrid pointsaccordingto thepar-
titioning scheme.

Sincethis simulationproceedsin timesteps,it is well-suitedto
theBSPstyleof programming.Theadvantageof usingtheBOSli-
braryover a regularBSPlibrary is thetransparentaccessto neigh-
boring, non-localgrid points. For efficiency, we choseto distin-
guishbetweenlocal andnon-localobjects,that is, a processoral-
waysstoresthe upperandlower boundsof the coordinatesof the
grid pointslocal to it. However, a processorneednot know where
thenon-localobjectsit accessesreside.This wouldbeparticularly
usefulwhenthegrid pointsandparticlesaremovedbetweenpro-
cessorsto balancetheload.�

Thiswould requireasimple,new functionto changeownershipof anobjectto be
addedto theBOSlibrary.



To further explain how the object library was useful,we de-
scribein brief the implementationof someof the phases.In the
scatterphase,a processorstepsthroughparticleswithin its parti-
tion,andupdatesthecurrentdensitiesatthesurroundinggridpoints
accordingly. However, particlesalongtheedgesmayaffectthecur-
rent densitiesof non-localgrid points. Whenthe processorfinds
a currentdensityobjectto be non-local,it simply updatesa local
copy of it; several local particlesmay modify this local copy. At
theendof thephase,it usesOBJ rpc to updatetheoriginal copy
of eachnon-localcurrentdensityin thememoryof its ownerpro-
cessor, andthencallsOBJ sync to ensurethat thevaluesareup-
datedbeforethe next phase.In the solve phase,a processorfirst
callsOBJ cache new to cachelatestcopiesof field valuesof its
neighboring,non-localgrid points. It thencallsOBJ sync to en-
surethat the objectshave beencached,andproceedsto compute
localfield valuesbasedon theneighboringvalues.

Becausetheapplicationis highly bulk-synchronous,an imple-
mentationusing an asynchronousobject library (such as SAM)
would be very similar, with barrier-like synchronizationto sepa-
ratethephasesandensurethatall thedatahasbeencommunicated.
However, sincethe underlyingBSPlayer in our object library is
designedto combinemessagesandoptimizeperformancefor bulk-
synchronouscomputations,weexpectourobjectlibrary to bebetter
suitedfor writing suchapplications.Adhara[3] is aruntimesystem
designedspecificallyfor space-basedapplicationssuchasEMPIC.
Adharaautomaticallypartitionsthegrid andtheparticles,andbal-
ancestheloaddynamically. Therefore,codingEMPICin Adharais
likely to besimplerthanusingour BOSlibrary. However, Adhara
is optimizedspecificallyfor space-basedsimulations,while ourob-
ject library is designedto beamoregenerallibrary. Weconjecture
thattheoptimizationsperformedwithin theAdhararuntimesystem
couldbeimplementedmoreeasilywithin theapplicationusingour
BOSlayer, comparedto a regularBSPlibrary or anasynchronous
objectlayer.
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A matrix, � , issymmetricpositivedefiniteif � I �Y� and{����4{���

for everynonzerovector{ . TheCholesky factor, = , of arealsym-
metricpositivedefinitematrix, � , is definedasthelower-triangular
matrix thatsatisfies� I =c=H� . It is guaranteedthat if � is a real
symmetricpositive definitematrix, thenit hasa uniqueCholesky
factorization.

Cholesky factorizationis acomputation-intensive problemthat
hasinspiredseveralparallel-computingapproaches[7, 38,39, 40].
Efficientfactorizationof sparsematricesis considerablymorecom-
plex thanfor densematrices.(Thoughwehavebeguninvestigating
sparse-matrixfactorization,resultsarenot availableby thetime of
thewriting of this report.) In this section,we describea BOSim-
plementationfor denseCholesky factorization,which is relatively
straightforwardcomputationally, but takesadvantageof theobject-
level communication.

Thealgorithmusedhereis basedon a sequentialfactorization
algorithmthat transformsthelower-triangularportionof � into =
onecolumnat a time,startingfrom theleftmostcolumnandwork-
ing right. Calculatingelement� A�� � of = requiresknowledgeof all
theelementsof row ? upto column��� d , aswell asall theelements
of row � up to column � . Suchdatadependenciesmapquiteeas-
ily into aBOScomputationwherethe(lower-triangular)rowsof �
areobjectsthataretransferredbetweenprocesseswhennecessary.
Consideran implementationwhereonecolumnof = is calculated
per superstep,andthe rows aremappedto processesin a round-
robinmanner. Whencalculatingtheelementsin column� thatmap
to someprocess{ , all that is neededis row � andtherows thatare
alreadymappedto { .

FromaBSPperspective, thissimpleapproachperformsafairly
large numberof barriersynchronizations.Furthermore,the com-
municationis not balanced,as eachsuperstepone and only one
processis broadcastinga row to all theothers.Both problemscan
beaddressedby solving � columnspersuperstep(where� is typ-
ically far lessthanthenumberof columns).Theseadvantagesare
achievedat thecostof redundantcomputationthatallow eachpro-
cessto computetheupper��������� elementsof the � columns.
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Givena graph � I z��c|� ¡� , with weights @8¢  8£¥¤ anda node¦W§ � , we computetheshortestdistancesfrom ¦ to every nodein� . Wedevelopedcodefor solvingthis problemonthesamegraph
simultaneouslyfor anumberof sources.

Similar to previouswork [28], weuseavariantof Dijkstra’sal-
gorithmwith a heap.This algorithmessentiallyupdatesdistances
locally for awhile andthencommunicatesandrepeatsuntil all dis-
tancesarecorrect.Thecommunicationis initiatedwheneachpro-
cessoreitherhas“locally correctdistances”or hasdonemorethan
a specifiedamountof work: the “work factor” parameter. This
work factorparametertradesoff synchronizations(andcorrespond-
ing itemssuchasdataaggregation)againstloadimbalanceandex-
tra computationcausedby computingwith old values.

Wefirst implementedasinglesourcealgorithmasfollows. Each
nodein thegraphwasanobjectin theBOSsystem.Thus,all ac-
cessesto nodesof the graphusedthe object systemeven in the
local portion. This approachmadecodingof the algorithmvery
simple,from inputtingthegraphto organizingthecommunication.
However, becausethebasiccomputationunit is smallfor eachnode
access,it wasalsovery inefficient. For example,it wasa factorof
two slower thana previousparallelimplementation[28] anda fac-
tor of five slower thanthevery efficient sequentialimplementation
of Cherkassky, Goldberg, andRadzhik’s SPLIB [17]. The graph
representationin SPLIB is tunedcarefullyto suit theshortestpath
algorithm.

Wethereforeadopteda“crushandcompute”methodology;that
is, we packlocal piecesof the graphinto SPLIB’s representation
anduseSPLIB’s codeasour local computeengine. We useour
object representationto handlethe communicationboth between
processorsandto thecomputeengine.Oursingleprocessorversion
achievesthesamerunningtimeastheanalogousimplementationin
SPLIB.

We alsoaddedthe ability to solve the shortestpathsproblem
for many sourcessimultaneously. (Thiswasalsodonein [28].) We
refer to thecodeasmCrushSp.This is perhapsa moreinteresting
problemfor parallelcomputingsincecomputingshortestpathsfor a
singlesourceis extremelyfastsequentially. Moreover, applications
suchascircuit retimingandgraphpartitioninghavemultiplesource
shortestpathastheir innerloops.

Our input datais a set of geometricgraphsas in [28]. ¨ We
usea simpleheuristicto partition the graphthat attemptsboth to
balancethenumberof nodeson eachprocessandto minimizethe
numberof edgesbetweenprocesses.Finally, for our experiments
onmCrushSp,wealwaysran50simultaneousshortestpaths.
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We implementedthe parallel conservative discreteevent method
for numericallysimulatingacircuit. It is basedon theparallelsim-
ulatorCSWEC[48]. Theapproachis to decomposethecircuit into
subcircuitsthatoccasionallycommunicate.Thecommunicationisª

Ideally, onewould like to studya wider classof graphsbut it is perhapsbeyond
thescopeof this paper.



organizedvia a discreteeventgraphwhereeachnodecorresponds
to asubcircuit.Theeventgraphdeliverstimestampedmessagesbe-
tweentwo nodesof thegraphin orderandschedulesnodesthatare
readyto besimulated.

WenandYelick [48] implementsuchaneventgraphusingthe
Multipol system.Sincetheir systemis asynchronous(indeed,par-
alleldiscreteeventsimulationin generalisviewedasasynchronous)
theeventgraph’s semanticsarecomplex. Moreover, they provided
no way to reasonaboutits performance.

Theinterfacefor aneventgraphwith bulk-synchronousseman-
tics is muchsimpler. Moreover, the bulk-synchronousmodelal-
lows oneto reasonaboutits performance.As for theshortestpath,
we usea work factorparameterto set the tradeoffs betweensyn-
chronizationandprocessorutilization.

We usedan 8-bit ripple carry adderas the basisof our input
(it wasincludedwith the Multipol distribution.) We madecopies
of thecircuit tied to thesamepower andgroundto generatelarger
circuits.Notethatthecircuit piecesaredistributedrandomly, sowe
definitelydonotsimulatetheseparatecopiesondistinctprocessors.

o�t k «¬��� % � ��% � 2 
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Buchberger’s Ph.D.dissertation[12] describesanalgorithmfor the
calculationof a Groebnerbasisfrom an input basisof polynomi-
als. A Groebnerbasisgeneratesthesameidealasthe input basis,
but hascertainpropertiesthat make its usepreferablefor numer-
ousapplications,includingthe idealmembershipproblemandthe
solving of a systemof algebraicequations. Interestingly, Buch-
berger’s algorithmis quitesimple,yet analyzingits computational
complexity is difficult. Thespeedat whicha solutionis reachedis
highly dependenton theorderingof operations.Thebestordering
is notobvious,thoughcertainheuristicshaveprovento beusefulin
practice.A full descriptionof GroebnerbasesandtheBuchberger
algorithmis beyond the scopeof this paper;for moredetails,we
refertheinterestedreaderto Cox,Little, andO’Shea[19].

There has beena fair amountof work on parallelizationof
Buchberger’s algorithm. Vidal describesan algorithm designed
andtestedon a shared-memorymultiprocessor[45]. Chakrabarti
andYelick describean algorithmsuitablefor a distributedmem-
ory multiprocessor[14] andprove its correctnessin [15]. Sodanet
al. [42] describeexperimentalresultsfor a multithreadedarchitec-
tureimplementedonadistributed-memorymachine.

In this section,we describea very simpleparallel versionof
Buchberger’s algorithmthat is suitablefor a synchronoussystem.
Thebasicalgorithmis asfollows. It consistsof anumberof phases.
In eachphase,queuedpairsarecheckedin parallel,andatmostone¦ -polynomialis addedto thebasis.

1. Begin with ­ I z�® " |°¯
¯°¯°|�®°±²� , anorderedsetof ; inputpoly-
nomials.Thissetof polynomialsis readin by process0,who
createsanobjectfor eachof them.All otherprocessescache
copiesof ­ .

2. Eachprocessexaminesa distinct subsetof the ;�zr;�� d �����
pairsof input polynomials.Thesepairsareput into thepro-
cess’s localqueue.

3. Eachprocessremovesonepair from its local queueandcal-
culatesthe ¦ -polynomial. It thencalculatesthenormalform
of the ¦ -polynomialwith respectto the orderedset ­ . For
process? , call thenormalform ³ A .

4. Eachprocessnow informs process0, which is actingas a
centralizedcontroller, whetherits ³ A is non-zero.

5. If oneor moreof thenormalformsis non-zero,process0 se-
lectsoneor moreto addto ­ . All processesareinformedof
thedecision,andreceive a copy of theselectedpolynomial.
Thenew pairsthatareformedasa resultof theadditionare
distributedamongtheprocesses,andaddedto theirqueues.

6. If any process’s queueis not empty, go to step2. Otherwise,
terminate. The resultingset of polynomialsis a Groebner
basis.

The algorithmassumesthat eachprocessmaintainsan entire
up-to-datecopy of the basis, ­ . Sincethe polynomialsare large
(typicallyseveralhundredsto thousandsof bytes),thisisexpensive.
However, thebasissetis sofundamentalto thealgorithm,thereis
a strongintuitive casefor replicatingthe basis. Chakrabartiand
Yelick consideredtheissuein [14], andreportthatpartitioningthe
basishampersload-balancing,reducesavailableparallelism,and
suffers from high communicationoverhead. They concludethat
replicatingthebasisis superiorif permittedby memorycapacity.

In contrast,thequeueispartitionedamongtheprocessors.Each
processhasits own queueof distinct ¦ -polynomialsto normalize
relativeto thebasis.Tosavememoryspace,thequeueactuallydoes
not storethe ¦ -polynomials.Rather, theaqueueentryholdspoint-
ersto its two sourcepolynomialsfrom thebasis;the ¦ -polynomial
is only calculatedwhentheelementis dequeued.

Thebasicprioritizationusedis very closeto theoneproposed
by Buchberger; it orderspairs basedon the degreeof the lead-
ing term of the ¦ -polynomial. As mentionedearlier, the speedof
thealgorithmis heavily dependenton theorderin which pairsare
checked. To make the parallelversionsperformorderingasclose
aspossibleto thesequentialversion,we furtherprioritizedthe lo-
calqueuessuchthatif morethanonepolynomialpairhasthesame
priority, theonethatwasfirst addedto thequeuewouldbechecked
first. Theexperimentsdescribedin Section7 allow eachprocessto
try to reduceonly onepolynomialperstep.

Note that the polynomialsthemselves arerathercomplex ob-
jects,andwe thereforeachieve someconveniencefrom theuseof
theobjectlibrary. However, onceaddedto thebasis,thepolynomial
will not changeduring the program(unlesssomepost-processing
is doneto minimizetheGroebnerbasis).

Ourimplementationmakesheavy useof Groebnerbasislibraries
that had beenpreviously developed. In particular, we usecode
available throughUC Berkeley’s Multipol project,which in turn
utilizedseriallibrariesfor polynomialarithmeticdevelopedatCMU.

It is instructive to comparethissynchronousGroebnerbasisal-
gorithmwith theasynchronousapproachesdescribedbyChakrabarti
andYelick [14] andSodanet al. [42]. Of all the applicationswe
have examinedto date,this onewould seemto have the most to
gain from an asynchronousimplementation. Since the commu-
nication requiredis relatively small, the main performanceissue
becomesload balancing. For applicationswherethe basiccom-
putationaltaskhave predictableexecutiontimes,or wherewe can
utilize slacknessto helpwith loadbalancing,synchronoussystems
arequitesuitable.But for Groebnerbasiscalculation,theexecution
time of the basiccomputationaltask(reducinga polynomialrela-
tive to a set)is unpredictable,andperformingmultiple reductions
per superstepcancauseproblemssincethe additionof a polyno-
mial to a basissetcanhave animmediateeffect on all subsequent
tasks. On the otherhand,the asynchronousapproacheshave the
disadvantageof being inherentlynondeterministic;the execution
time dependsheavily on the orderingof the tasks,aswell as the
order in which processesbecomeawareof additionsto the basis
set.
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Figures3 and4 show thespeedupsfor eachapplicationwith sam-
ple inputs on the two executionplatforms. Speedupsshown are
with respectto the singleprocessorexecutiontime of the parallel
program.For our applications,this is a reasonablesequentialpro-
gramin termsof performance.Detailedresultsfor eachapplication
arepresentedanddiscussedbelow.

Resultsfor the EMPIC programare summarizedin table 2.
Note that we get goodspeedupson both the network of PCsand
theSGI for largerinputsand14processors.Theseresultsarecom-
parableto theresultsof Ashok[2], althoughwereportresultsfor a
fewer numberof timesteps(20). Theparticleshave a higherinitial
velocity in theX direction;therefore,wepartitionedthegrid across
processorsinto slicesin theY direction.With thispartitioning,we
did not seeany significantload imbalanceacrossprocessors.In
contrast,block partitioning,that is, partitioningacrossall threedi-
mensions,did not performaswell dueto load imbalancein theX
direction(we do not reporttheresultshere).Futurework involves
either addingdynamicload balancing(e.g., by addinga change
ownerfunctionto thelibrary), or overpartitioningof thegrid.

The Cholesky resultsaresummarizedin table3. This appli-
cation illustratesthe possibleperformancetradeoffs basedon the< and = parametersof the platform. The PCshave larger = , and
thereforehave moreto gainby reducingthenumberof supersteps,
in thiscaseby increasingthenumberof columnsprocessedduring
eachsuperstep(i.e. � ). For the smallerproblemsizeon 14 pro-
cessors,the programachievesspeedupsof 4.8 (with � I¸·

) on
thePCsand6.0 (with � I d ) on theSGI. For thelargerproblem
sizeon 14 processors,theprogramachievesspeedupsof 9.3 (with� I � ) on thePCsand9.3(with � I d ) on theSGI.Also notice
thatthePCsraw performanceis afactorof 10betterthantheSGI’s.

Our multiple shortestpathresultsaregiven in table4. We get
excellentperformanceeven for the small problemsizes. Indeed,
we getsuperlinearspeedupon thelargeproblemsizeson theSGI;
for example,the speedupis 16 on 14 processorsfor u100k. This
is consistentwith resultsreportedin [28] on shortestpathcompu-
tations. Our results,however, arebetterthanthosein [28], since
our single-processorBOS programis competitive with sequential
implementationsin SPLIB [17].

Our resultsfor thecircuit simulatoraresummarizedin tables5
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Figure 4: Samplespeedupsfor the five applicationson the SGI
Challenge. Input datasetsthat resultedin the longestexecution
timeswereusedto generatethesenumbers.

and6. Our sequentialperformanceis essentiallythe sameasthat
of CSWEC. We were unableto compareour resultsdirectly to
theirssincewe have, asyet, beenunableto obtain their testcir-
cuits. (Input formatsfor availablecircuitsarewidely varying.) In
orderto evaluatetheparallelperformanceof CSWEC,theCSWEC
programdistributedby WenandYelick measuredwhatthey called
the “concurrency”: this is theaveragenumberof itemswaiting in
the queueuponeachitem’s removal in a single-processorexecu-
tion. This is a roughupperboundon themaximumavailablepar-
allelism. CSWECreportedconcurrency numbersof 25 for ripple,
38for twiceRipple,and214for ripple16.For twiceRipplewewere
ableto geta speedupof 6.6 on a 10-processorPC farm; thus,we
getreasonablespeedupsevenwith aparallelslacknessof 4.

Theresultsof theGroebnerbasisexperimentsaredescribedin
Table7. Threebenchmarkinputbaseswereused.Out of thestan-
dardbenchmarkswe could find, we chosethosethat requiredthe
longestexecutiontime on oneprocessor. Evenso,theinitial bases
of thesebenchmarksarequitesmall—nonecontainmorethanfive
polynomials—andthe potentialfor parallelismis somewhat lim-
ited. Our resultsdemonstrateconsistentspeedup,achieving ap-
proximately50% efficiency for larger problemsizes. It is worth
noting that, aswith the circuit simulator, the amountof available
parallelismin theGroebnerbenchmarksis somewhat limited. For
example,Sodanet al. show that only 75 to 168 tasksneedto be
handledfor their threebenchmarkprograms[42] (oneof which is
the katsura4benchmark,which we alsouse). In termsof relative
performance,ChakrabartiandYelick’s datais somewhat lessex-
tensive [14], makingdirectcomparisonsdifficult. For eightbench-
marks,they show speedupsbetween4.5 and 32.4 on 10 proces-
sorson a CM-5, in threeof the eight casesachieving superlinear
speedup(12.5,21.3,and32.4).Again, this is reasonableconsider-
ing thedependenceon theorderingof queues.We oftenobserved
this effect beforerewriting thecodeto make theorderingcloserto
the sequentialordering. The resultsdescribedby Sodanet al. are
somewhat superior, as they obtaincloseto linear speedupfor up
to approximately10 processorsfor threebenchmarks,with perfor-
mancedegradingfor moreprocessors.As mentionedearlier, the
asynchronousnatureof theirapproachleadsto awide rangeof ex-
ecutiontimes for different testson the samedata; someof their
runtimesvary by a factorof up to 7 for thesameinputon thesame



numberof processors.This is not the casewith the BOS imple-
mentation,which is deterministic.

To demonstratethe useof the BSPcost model,Table8 con-
tainscommunicationandsynchronizationcostestimationsfor two
applications.Thetwo applicationswerechosenbecausethey have
relatively highcommunicationandsynchronization(i.e.,overhead)
costs. For “empic-small,” the overheadcostsare dominatedby
communication;sincethePCsandSGI have similar < parameters,
theiroverheadcostsin termsof absolutetimearequitesimilar. The
overheadpercentage,however, is larger for the PCssincethe PC
processorsarefaster. In contrast,the “msp-w100-sp-u10k”over-
headsare dominatedby synchronizationcosts,giving the SGI a
performanceadvantagein termsof absolutetimeof overheadcosts.

Finally, we mademeasurementson the overheadof the ob-
ject system.First, we calculatedtheoverheadcostof transferring
random D -relationswith BOS in comparisonto BSPlib message-
passingmechanisms.The BSPlib message-passingused“sends”
to transmit the data(one-way communication),while BOS used
“gets” (two-waycommunication).Notethat“get” is themorepow-
erful primitive. If we assumethecomputationaloverheadof BOS
is small,we expectBSPlibmessage-passingto beapproximatelya
factorof 2 fasterthanBOSfor smallpacketsizes.Thisis becausea
phaseof requestsis followedby aphaseof datatransfers.For large
messagesizes,weexpectthecostof communicationto swampthe
costof therequestoverhead.TheexperimentswererunontheSGI
where; I d · processorsandthe D -relationsizewas100packets.
For a packet sizeof 32 bytes,the BOS runningtime wasa factor
of 3 largerthantheBSPlibmessagepassingruntime—wecall this
factor the overheadratio. For 256 bytes,the overheadratio was
1.9;for 1024bytes,theoverheadwas1.4.Theexperimentalresults
matchourexpectationsof thegeneraltrend.

We alsoranoverheadexperimentsfor theEMPIC application.
Recall that eachgrid point is an object for this application. We
comparedit to asequentialprogramthatdoesnotusetheobjectsto
representgrid points.Theoverheadrangedfrom 15%on thelarge
input to 25%on themediuminput. Theoverheadsshouldbemuch
smallerfor the otherapplicationssincethey usefar fewer objects
duringthecourseof computation.
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This work maybe viewed asa furthersteptoward a cohesive ap-
proachto parallelsystemdesign. We definedandimplementeda
library for object-basedcommunication. In comparisonto other
object-level communicationlibraries,suchSAM andMultipol, it
seemsclearthatreasoningbasedonthebulk-synchronousmodelis
simpler. Our own experiences,andtheexperiencesof colleagues,
continually reinforcethis conclusion. In additionto easeof pro-
gramming,we demonstratedgoodperformancefor a rangeof ap-
plicationsontwo platforms:asymmetricmultiprocessorandanet-
work of PCs.

Our preliminaryparameterizationof applicationsbasedon the
BSPcostmodelindicatesthatcommunicationandsynchronization
costsarenot thelimiting factorsin theperformanceof ourapplica-
tionson thesetwo platform,at leastfor largeproblemsizes.This
indicatesthat further refinementof thesealgorithmsshouldfocus
on improving load-balancing.As mentionedearlier, the applica-
tion programmeris responsiblefor load-balancingwith the BOS
system,but for someof our applicationsthegranularityof a com-
putationunit is variable,makingtheproblemdifficult. For certain
applications,it maybe advantageousto investigatea strictly peri-
odicbarriersynchronizationmechanism,ratherthanonethatrelies
on processorscompletingapredeterminednumberof computation
unitsbeforerequestingsynchronization.

Themachineparameterizationalsocontradictsthepopularbe-
lief that “barrier synchronizationis too expensive.” TheSGI with
14 processorsis able to perform10,000barriersynchronizations
per second;the network of PCswith 14 processorscan handle
1,200barrier synchronizationsper second. Our experienceindi-
catesthatapplicationsthatarewritten with careareunlikely to in-
cur largepenaltiesdueto barriersynchronization.

We also note the promisingoverall performanceof the net-
work of PCs,which providedspeedupssimilar to theSGI. A syn-
chronousprogrammingdiscipline is an excellent matchfor such
scalablearchitectures,which arelikely to be prominentin the fu-
ture.

Finally, wenotethatthesystemwaseasyto program,especially
with respectto asynchronoussystems.For example,considerthe
rigorsof programmingthe(asynchronous)Multipol system[49]. A
Multipol programusesmultiple long-livedthreadsoneachproces-
sor to hide latency. The threadsaccessdistributeddatastructures
throughawell-definedsetof operations.Generally, threadsaresus-
pendedif necessaryto wait for the resultsof thesedataaccesses.
This suspensionof threads,theassociatedcontext savings,andthe
synchronizationrequirementsmust be managedexplicitly by the
applicationprogrammer. Furthermore,the schedulingof threads
relieson customizedschedulersprovided by the programmer. In
contrast,BOSutilizes batchcommunication,which allowedus to
reasonat thelevel of abatchof coordinateddataaccessratherthan
individualdataaccess;thissimplifiesprogrammingconsiderably.
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WethankRichardAlpert for helpingusutilize thenetwork of PCs.
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PC SGI
time time

problem nprocs (sec) speedup (sec) speedup
empic-small 1 20.826 1.00 46.77 1.00
empic-small 2 10.83 1.92 24.15 1.94
empic-small 4 5.88 3.54 13.43 3.48
empic-small 6 4.18 4.98 9.85 4.75
empic-small 8 3.30 6.31 7.71 6.07
empic-small 10 2.90 7.18 6.79 6.89
empic-small 12 2.57 8.10 5.96 7.85
empic-small 14 2.34 8.90 6.11 7.65
empic-medium 1 88.77 1.0 202.22 1.0
empic-medium 2 44.70 1.99 106.11 1.91
empic-medium 4 23.68 3.75 54.11 3.74
empic-medium 6 16.43 5.40 38.15 5.30
empic-medium 8 12.65 7.01 29.70 6.81
empic-medium 10 11.2 7.93 27.27 7.42
empic-medium 12 9.17 9.68 21.48 9.41
empic-medium 14 8.59 10.33 22.54 8.97
empic-large 1 80.33 1.0 184.86 1.0
empic-large 2 40.01 2.00 93.20 1.98
empic-large 4 20.81 3.86 47.90 3.86
empic-large 6 14.42 5.57 33.56 5.51
empic-large 8 10.93 7.35 25.45 7.26
empic-large 10 9.76 8.23 22.63 8.17
empic-large 12 7.71 10.42 18.76 9.85
empic-large 14 7.16 11.22 18.61 9.93

Table2: Executiontimesfor empicwith inputs“small”, “medium”
and“large.” The“small” inputusesa d
½ ��¾¿��� d°½ grid with ¾¿��À
particles.The“medium” and“large” inputsusea ¾²�&�¬¾¿�Z�Á¾²� grid
with d ��Â¿À and ��Ã ½ À particles,respectively. Inputdistributionfor
theparticlesis uniform. Thelargeinstanceis run for 10 timesteps
while themediumandsmallinstancesarerun for 20 timesteps.

PC SGI
time time

problem nprocs (sec) speedup (sec) speedup
cholesky-200-m-1 1 1.589 1.0 14.796 1.0
cholesky-200-m-1 2 0.834 1.9 7.667 1.9
cholesky-200-m-1 4 0.495 3.2 4.14 3.6
cholesky-200-m-1 6 0.404 3.9 2.913 5.1
cholesky-200-m-1 8 0.388 4.1 3.622 4.1
cholesky-200-m-1 10 0.404 3.9 2.519 5.9
cholesky-200-m-1 12 0.427 3.7 2.754 5.4
cholesky-200-m-1 14 0.463 3.4 2.472 6.0
cholesky-200-m-4 1 1.785 1.0 16.091 1.0
cholesky-200-m-4 2 0.944 1.9 8.884 1.8
cholesky-200-m-4 4 0.58 3.1 5.377 3.0
cholesky-200-m-4 6 0.468 3.8 4.21 3.8
cholesky-200-m-4 8 0.416 4.3 4.765 3.4
cholesky-200-m-4 10 0.395 4.5 3.617 4.4
cholesky-200-m-4 12 0.386 4.6 4.739 3.4
cholesky-200-m-4 14 0.375 4.8 4.096 3.9
cholesky-500-m-1 1 23.82 1.0 223.878 1.0
cholesky-500-m-1 2 12.18 1.9 112.698 2.0
cholesky-500-m-1 4 6.306 3.8 58.454 3.8
cholesky-500-m-1 6 4.461 5.3 39.95 5.6
cholesky-500-m-1 8 3.611 6.6 30.613 7.3
cholesky-500-m-1 10 3.151 7.6 41.603 5.4
cholesky-500-m-1 12 2.904 8.2 30.166 7.4
cholesky-500-m-1 14 2.805 8.5 24.175 9.3
cholesky-500-m-2 1 23.95 1.0 232.451 1.0
cholesky-500-m-2 2 12.27 1.9 118.466 2.0
cholesky-500-m-2 4 6.411 3.7 62.032 3.7
cholesky-500-m-2 6 4.521 5.3 45.152 5.1
cholesky-500-m-2 8 3.61 6.6 45.032 5.2
cholesky-500-m-2 10 3.1 7.7 29.457 7.9
cholesky-500-m-2 12 2.782 8.6 31.006 7.5
cholesky-500-m-2 14 2.571 9.3 33.655 6.9

Table3: Executiontimesfor densecholesky factorizationfor � �¿� �� �¿� matrix and Ã ��� �ÄÃ �¿� matrix. The � parameterspecifiesthe
numberof columnsthatareprocessedin eachsuperstep.

PC SGI
time time

problem nprocs (sec) speedup (sec) speedup
msp-w100-sp-u10k 1 3.59 1.0 12.411 1.0
msp-w100-sp-u10k 2 1.96 1.8 6.038 2.0
msp-w100-sp-u10k 4 1.08 3.3 3.269 3.8
msp-w100-sp-u10k 6 0.95 3.8 2.734 4.5
msp-w100-sp-u10k 8 0.87 4.1 2.195 5.7
msp-w100-sp-u10k 10 0.79 4.5 1.884 6.6
msp-w100-sp-u10k 12 0.70 5.1 1.595 7.9
msp-w100-sp-u10k 14 0.71 5.1 1.679 7.4
msp-w200-sp-u10k 1 3.34 1.0 11.032 1.0
msp-w200-sp-u10k 2 1.83 1.8 5.4680 2.0
msp-w200-sp-u10k 4 1.00 3.3 3.1147 3.5
msp-w200-sp-u10k 6 0.88 3.8 2.3729 4.6
msp-w200-sp-u10k 8 0.80 4.2 2.0884 5.3
msp-w200-sp-u10k 10 0.72 4.6 1.818 6.1
msp-w200-sp-u10k 12 0.63 5.3 1.588 6.9
msp-w200-sp-u10k 14 0.66 5.1 1.747 6.3
msp-w200-sp-u50k 1 24.07 1.0 125.937 1.0
msp-w200-sp-u50k 2 12.09 2.0 53.055 2.4
msp-w200-sp-u50k 4 6.43 3.7 24.032 5.2
msp-w200-sp-u50k 6 5.13 4.7 17.233 7.3
msp-w200-sp-u50k 8 4.36 5.5 13.068 9.6
msp-w200-sp-u50k 10 3.82 6.3 11.086 11.4
msp-w200-sp-u50k 12 3.39 7.1 9.520 13.2
msp-w200-sp-u50k 14 3.22 7.5 8.422 15.0
msp-w500-sp-u50k 1 22.04 1.0 115.47 1.0
msp-w500-sp-u50k 2 11.16 2.0 48.633 2.4
msp-w500-sp-u50k 4 5.94 3.7 22.043 5.2
msp-w500-sp-u50k 6 4.69 4.7 15.513 7.4
msp-w500-sp-u50k 8 3.97 5.5 12.710 9.1
msp-w500-sp-u50k 10 3.44 6.4 10.86 10.6
msp-w500-sp-u50k 12 2.98 7.4 8.525 13.5
msp-w500-sp-u50k 14 2.96 7.4 8.413 13.7
msp-w500-sp-u100k 1 48.39 1.0 281.502 1.0
msp-w500-sp-u100k 2 26.21 1.8 132.184 2.1
msp-w500-sp-u100k 4 14.49 3.3 62.202 4.5
msp-w500-sp-u100k 6 9.89 4.9 40.403 7.0
msp-w500-sp-u100k 8 8.90 5.4 31.603 8.9
msp-w500-sp-u100k 10 7.89 6.1 25.542 11.0
msp-w500-sp-u100k 12 6.51 7.4 20.913 13.4
msp-w500-sp-u100k 14 5.69 8.5 17.506 16.0

Table4: Executiontimesfor multiple shortestpath.Thework fac-
tor follows -w, andthenameof thegraphfollows sp. Thegraphs
u10k,u50K,andu100Khave10 thousand,50 thousand,anda 100
thousandnodes,respectively.

PC SGI
time time

problem nprocs (sec) speedup (sec) speedup
cswec-ripple-200 1 5.34 1.0 15.01 1.0
cswec-ripple-200 2 3.09 1.7 8.26 1.8
cswec-ripple-200 4 1.77 3.0 5.56 2.7
cswec-ripple-200 6 1.37 3.9 3.86 3.9
cswec-ripple-200 8 1.30 4.1 2.98 5.0
cswec-ripple-200 10 1.19 4.5 2.80 5.3
cswec-ripple-200 12 1.15 4.6 3.08 4.9
cswec-ripple-200 14 1.17 4.6 2.47 6.1
cswec-ripple-1000 1 5.27 1.0 15.38 1.0
cswec-ripple-1000 2 2.89 1.8 7.81 2.0
cswec-ripple-1000 4 1.55 3.4 5.33 2.9
cswec-ripple-1000 6 1.31 4.0 4.09 3.8
cswec-ripple-1000 8 1.33 4.0 3.68 4.2
cswec-ripple-1000 10 0.98 5.4 3.63 4.2
cswec-ripple-1000 12 1.18 4.5 3.40 4.5
cswec-ripple-1000 14 1.15 4.6 3.64 4.2
cswec-twiceripple-500 1 10.59 1.0 31.40 1.0
cswec-twiceripple-500 2 5.67 1.9 18.76 1.7
cswec-twiceripple-500 4 3.17 3.3 9.60 3.3
cswec-twiceripple-500 6 2.46 4.3 6.99 4.5
cswec-twiceripple-500 8 1.90 5.6 5.73 5.5
cswec-twiceripple-500 10 1.61 6.6 5.45 5.8
cswec-twiceripple-500 12 1.71 6.2 4.98 6.3
cswec-twiceripple-500 14 1.60 6.6 4.42 7.1
cswec-twiceripple-1000 1 10.59 1.0 31.23 1.0
cswec-twiceripple-1000 2 5.85 1.8 18.85 1.7
cswec-twiceripple-1000 4 3.18 3.3 9.96 3.1
cswec-twiceripple-1000 6 2.33 4.6 7.48 4.2
cswec-twiceripple-1000 8 1.90 5.6 5.87 5.3
cswec-twiceripple-1000 10 1.61 6.6 5.51 5.7
cswec-twiceripple-1000 12 1.75 6.1 5.27 5.9
cswec-twiceripple-1000 14 1.57 6.7 4.94 6.3

Table5: Executiontimesfor thecircuit simulatorwith inputs“rip-
ple” (with work factors200 and 1000) and “twiceripple” (with
work factors500and1000).



PC SGI
time time

problem nprocs (sec) speedup (sec) speedup
cswec-fiveripple-500 1 27.62 1.0 81.14 1.0
cswec-fiveripple-500 2 15.21 1.8 43.89 1.8
cswec-fiveripple-500 4 8.13 3.4 24.01 3.4
cswec-fiveripple-500 6 5.74 4.8 17.10 4.7
cswec-fiveripple-500 8 4.46 6.2 13.84 5.9
cswec-fiveripple-500 10 3.87 7.1 10.56 7.7
cswec-fiveripple-500 12 3.43 8.1 9.66 8.4
cswec-fiveripple-500 14 3.34 8.3 9.02 9.0
cswec-fiveripple-1000 1 27.54 1.0 82.43 1.0
cswec-fiveripple-1000 2 14.83 1.9 42.20 2.0
cswec-fiveripple-1000 4 7.81 3.5 22.85 3.6
cswec-fiveripple-1000 6 5.72 4.8 16.29 5.1
cswec-fiveripple-1000 8 4.20 6.6 12.81 6.4
cswec-fiveripple-1000 10 3.44 8.0 10.96 7.5
cswec-fiveripple-1000 12 3.33 8.3 9.58 8.6
cswec-fiveripple-1000 14 3.32 8.3 9.83 8.4
cswec-ripple16-500 1 97.09 1.0 293.06 1.0
cswec-ripple16-500 2 53.93 1.8 151.92 1.9
cswec-ripple16-500 4 27.56 3.5 80.55 3.6
cswec-ripple16-500 6 19.01 5.1 54.88 5.3
cswec-ripple16-500 8 14.55 6.7 44.19 6.6
cswec-ripple16-500 10 12.44 7.8 35.81 8.2
cswec-ripple16-500 12 10.61 9.2 31.16 9.4
cswec-ripple16-500 14 9.54 10.2 29.27 10.0
cswec-ripple16-2000 1 95.58 1.0
cswec-ripple16-2000 2 52.52 1.8
cswec-ripple16-2000 4 25.87 3.7
cswec-ripple16-2000 6 17.03 5.6
cswec-ripple16-2000 8 13.34 7.2
cswec-ripple16-2000 10 11.14 8.6
cswec-ripple16-2000 12 9.44 10.1
cswec-ripple16-2000 14 8.37 11.4

Table 6: Execution times for the circuit simulator with inputs
“fi veripple”(with work factors500and1000)and“ripple16” (with
work factors500and2000).

PC SGI
time time

problem nprocs (sec) speedup (sec) speedup
groebner-arnborg5 1 5.27 1.0 11.060 1.0
groebner-arnborg5 2 12.78 0.4 7.029 1.4
groebner-arnborg5 4 7.97 0.7 4.950 2.2
groebner-arnborg5 6 1.49 3.5 3.786 2.9
groebner-arnborg5 8 1.97 2.7 6.209 1.8
groebner-arnborg5 10 1.12 4.7 2.522 4.4
groebner-arnborg5 12 0.97 5.5 2.281 4.8
groebner-arnborg5 14 1.19 4.4 2.651 4.2
groebner-katsura4 1 1.21 1.0 2.968 1.0
groebner-katsura4 2 0.63 1.9 1.662 1.8
groebner-katsura4 4 0.39 3.2 1.191 2.5
groebner-katsura4 6 0.33 3.7 0.862 3.4
groebner-katsura4 8 0.29 4.2 0.684 4.3
groebner-katsura4 10 0.30 4.0 0.838 3.5
groebner-katsura4 12 0.28 4.4 0.708 4.2
groebner-katsura4 14 0.29 4.1 0.757 3.9
groebner-pavelle5 1 10.54 1.0 28.434 1.0
groebner-pavelle5 2 5.82 1.8 18.475 1.5
groebner-pavelle5 4 4.19 2.5 12.311 2.3
groebner-pavelle5 6 3.17 3.3 8.897 3.2
groebner-pavelle5 8 2.47 4.3 6.948 4.1
groebner-pavelle5 10 2.03 5.2 6.318 4.5
groebner-pavelle5 12 1.90 5.5 5.494 5.2
groebner-pavelle5 14 3.06 3.4 9.414 3.0

Table7: Executiontimesfor Groebnerbasiscalculation.Thearn-
borg5, katsura4,andpavelle5arestandardbenchmarksfor Groeb-
nerperformance.

PCÅ Æ Ç�ÅWÈ»É�Æ
time %

problem nprocs (bytes) (sec) (sec)
empic-small 2 2080208 240 0.19 10.83 1.8
empic-small 4 4835676 240 0.53 5.88 9.0
empic-small 6 5021720 240 0.63 4.18 15.1
empic-small 8 6200652 240 0.85 3.30 25.8
empic-small 10 5729256 240 0.85 2.90 29.3
empic-small 12 6441632 240 1.06 2.57 43.7
empic-small 14 6777272 240 1.33 2.34 56.8
msp-w100-sp-u10k 2 994152 896 0.14 1.96 7.1
msp-w100-sp-u10k 4 972956 626 0.21 1.08 19.4
msp-w100-sp-u10k 6 834128 506 0.24 0.95 25.3
msp-w100-sp-u10k 8 731388 426 0.26 0.87 29.9
msp-w100-sp-u10k 10 604468 446 0.31 0.79 39.2
msp-w100-sp-u10k 12 611668 366 0.32 0.70 45.7
msp-w100-sp-u10k 14 618868 366 0.39 0.71 54.9

SGIÅ Æ Ç�ÅWÈ»É�Æ
time %

problem nprocs (bytes) (sec) (sec)
empic-small 2 2080208 240 0.30 24.15 1.2
empic-small 4 4835676 240 0.69 13.43 5.1
empic-small 6 5021720 240 0.75 9.85 7.6
empic-small 8 6200652 240 0.89 7.71 11.5
empic-small 10 5729256 240 0.84 6.79 12.4
empic-small 12 6441632 240 0.96 5.96 16.1
empic-small 14 6777272 240 1.03 6.11 16.9
msp-w100-sp-u10k 2 994152 896 0.16 6.04 2.6
msp-w100-sp-u10k 4 972956 626 0.16 3.27 4.9
msp-w100-sp-u10k 6 834128 506 0.14 2.73 5.1
msp-w100-sp-u10k 8 731388 426 0.12 2.20 5.5
msp-w100-sp-u10k 10 604468 446 0.11 1.88 5.9
msp-w100-sp-u10k 12 611668 366 0.11 1.59 6.9
msp-w100-sp-u10k 14 618868 366 0.13 1.68 7.7

Table8: BSPcommunicationandsynchronizationparameteriza-
tion for “empic-small”and“msp-w100-sp-u10k.” Thecostmodel
is usedto estimatethepercentageof executiontime spenton com-
municationandsynchronization.


