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Abstract

A key issuefor parallelsystemss the developmentof usefulpro-
grammingabstractionshatcancoexist with goodperformanceWe
describea communicationibrary thatsupportsanobject-basedb-
stractionwith a bulk-synchronougommunicatiorstyle;thisis the
firsttime suchalibrary hasbeempropose@ndimplementedBy re-
strictingthelibrary to the exclusive useof barriersynchronization,
we areableto designa simpleandeasy-to-us@bjectsystem.By
exploiting establishedechniquesasedon the bulk-synchronous
parallel(BSP)model,we areableto designalgorithmsandlibrary
implementationshatwork well acroslatforms.

1 Introduction

Portableparallelprogrammingsystemsshouldprovide usefulab-
stractionswithout precludingefficient execution. This paperde-
scribesa steptowardsthis goal throughthe useof a communica-
tion library calledthe BSP Object System(BOS). BOS provides
the convenienceof efficient sharedobjectsin a systemoptimized
for (andrestrictedto) batchcommunication. To our knowledge,

thisis thefirst communicationibrary to provide suchmechanisms.

Thelibrary is easyto useandeffective for all the applicationghat
we studied.

It is generallyagreedthat a shared-addresspaceis a useful
abstraction. Mary systemdor distributed-memoryervironments
have focusedon providing a shared-addresgpacewith communi-
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cationatthepagelevel [13, 33,34, 35] or attheuserdefinedobject
level[4,5,8, 16,41, 47, 49]. Anotherusefulabstractions to define
simple communicatiorand synchronizatiormechanismsA tech-
niguewe call batch communicationbasedn the BSPmodel[43],
restrictsaccesso communicatedlatauntil aftera barriersynchro-
nization. For the remainderof this paper we usethe term syn-
chronousto describesystemghatutilize batchcommunicatiorex-
clusively, andasyntironousto describeall other systems.Batch
communicatiorhasinfluencedthe designof several communica-
tion libraries, including Oxford BSP [37], GreenBSP [28], and
BSPIib[31].

We claimthatbothapplicationprogrammingandsystenmmple-
mentationare simplerusingBOS thanusingothertechniqueghat
provide a shared-objecspace.Undermostshared-objecsystems,
processesefer to consistenbbjectsthroughthe useof a variety
of synchronizatioomechanismge.g. locks, semaphoresandbar
riers). Theflexibility andcompleity of suchsystemanake them
difficult to program.

Both theoreticaland experimentalprojectshave demonstrated
thatsynchronousystemsresuficientin termsof performancg6,
25, 26, 27, 28, 29, 30, 36, 43, 44]. Furthermorean explicit and
theoreticallyjustifiablecostmodelcanbe utilized for synchronous
systemswhich canprovide clearguidanceto the applicationpro-
grammerand the systemimplementer Suchcostmodelscanbe
usedto predict (or bound) executiontimes, memory utilization,
or communicatiorrequirementgor parallelprogramsrunningon
realplatforms.Otherprogrammingapproachethatemphasiz¢he
useof a costmodelincludethe NesL [9] and Cilk [10, 11] lan-
guageswhich utilize a work-depthcost model, and the Split-C
languagg?20], which utilizesthe LogP costmodel[21].

In comparisoro otherapproachethatprovide shared-memory
communicatiorin a synchronougrnvironment,BOS doesnot re-
quire preallocatiorfor eachshareddatastructureby eachprocess.
This cangreatlyreducememoryusageasmary objectsneedonly
be accessedby a subsetof the processes.In comparisorto ap-
proacheghat provide message-passingpmmunicationn a syn-
chronouservironment,BOS providesthe corvenienceof a shared-
memoryabstractiorandfacilitatesthe reuseof code.

We supporttheseclaimsconcerninghe easeandefficiengy of
BOShby writing severalapplicationprogramselectromagnetipar
ticle simulation,Cholesly factorizationshortespathcomputation,
circuit simulation, and Groebnerbasiscalculation. We describe
performancecharacteristicof theseapplicationson two parallel
platforms: an SGI Challengeand a network of PCs. SinceBOS
restrictsthe synchronizatioomechanismlibrary implementations
greatlysimplified. For example the entireBOS systemwasimple-



mentedn 1600linesof code!

The remainderof the paperis organizedas follows. Related
work is in Section2. The BSP modelandBOS are describedn
Sections3 and4, respectrely. Applicationsaredescribedn Sec-
tion 6. Experimentatesultsareanalyzedn Section7, andconclu-
sionsarein Section8.

2 Related Work

OneapproacHor providing ashared-memorgbstractiorfor a dis-
tributed systemis sharedvirtual memory (SVM), which provide
communicatiorat the level of pages[35]. Thoughsuchsystems
canbe efficient for someapplications performances highly sen-
sitive to the interactionof datastructuresandpagesizes[33]. By
sharingdataatthe pagelevel, extensve falsesharingcanoccur

Thisinefficiengy canbesubstantiallyeducedy providing com-
municatiorbetweerprocesseatthelevel of userdefinedobjectd4,
5, 8, 16, 47]. To our knowledge, noneof thesesystemsrely on
the exclusive use of barrier synchronization. Of particularrele-
vanceto our work is ScalesandLam’s SAM system[41], which
provides a shared-memorgbstractiorin conjunctionwith primi-
tivesthatallow mary of theperformancadwantage®f amessage-
passingsystem.SAM tiessynchronizatiorno dataaccessesllows
prefetchingof dataandpushingdatato remoteprocessesandpro-
videschaoticaccesg. Objectcommunicatiors explicitly visible
to the programmerthe programmemaythereforeattemptto opti-
mizethe programby reducingcommunicatiorcosts.

Yelick etalsMultipol (Multi-portedobjectlibrary) project[49]
providesa variety of datastructuredor irregularapplicationsun-
ning on distributed-memorymachines. Examplesinclude trees,
graphsandsets.The programmerassumesnevent-drivenmodel,
whereeachprocesgepeats schedulingoop thatlooks for avail-
ablework viainteractionswith theunderlyingdatastructuresCom-
municationandpartitioningissuesarehandledby thedatastructure
implementerandcanto a large extentbe hiddenfrom the higher
level programmer

Culleretal’s Split-C programmindanguagd20] alsosupports
sharedbjectsthroughtheuseof globalpointers.Although Split-C
is asynchronougnary efficient applicationprogramsaritten with
thelanguageely on batchcommunicatiorf20, 23].

Synchronougommunicatioribrarieshave to dateassumedh
singleprogrammultiple data(SPMD)programmingpproactwith
primitivesto supporteithermessag@assingr directaccesgo re-
motememorylocations.Hill etal’sBSPliblibrary supportboth of
theseapproache$31]. The BSPIlib remotememoryaccesshow-
ever, requireseachprocesgo preallocatenemoryfor eachshared
object,whetherthat objectis usedby the processor not. Further
the approachrelies on an object registrationtechniquewhereby
all processesnustagreeon the size of eachobjecta priori. The
BSPIlib messaggassingis quite efficient, but doesnot provide a
shared-memorgbstractiorandhaslimitationswith respecto the
reuseof datastructures.

3 The BSP Model

The BOS designis basedon the BSP (Bulk-SynchronoudParal-
lel) model[43]. UnderBSR a parallelmachineconsistsof a set
of processorseachwith its own local memory and an intercon-
nectionnetwork thatcanroutepacletsof somefixedsizebetween
processors.The computationis divided into supesteps In each
superstepa processocan performoperationson local data,send

I Thisincludescommentsbut notthe codefor the underlyingBSPlibrary.
2 Chaoticalgorithmsdo not needto usethe mostcurrentdata. More relaxed com-
municationandsynchronizatiothereforebecomegossible.

paclets, and receve paclets. A paclet sentin one supersteps
deliveredto the destinationprocessont the beginning of the next
superstep.Consecutie superstepare separatedby a barriersyn-
chronizatiorof all processors.

The communicatiortime of analgorithmin the BSPmodelis
given by a simple costfunction. The threebasicparametershat
modela parallelmachineare: (i) the numberof processorg, (ii)
the gap g, which reflectsnetwork bandwidthon a perprocessor
basis,and(iii) thelatencyL, whichis the minimumdurationof a
superstepandwhich reflectsthe lateny to senda paclet through
the network aswell asthe overheado performa barriersynchro-
nization.

Considera BSPprogramconsistingof S superstepsThenthe
executiontime for superstep is givenas:

w; + gh; + L 1)

wherew; is the largestamountof work (local computation)per
formed,andh; the largestnumberof pacletssentor receved, by
ary processoduringtheith superstep.The executiontime of the
entireprogramis:

W+gH+ LS 2)
whereW = 37" "w; andH = Y7 h;. Wecallw; andW the
work depthsof the superste@ndthe program respectiely.

Thus,efficientprogrammingof aBSPmachines basednsev-
eral simple principles. To minimize the executiontime, the pro-
grammermust (i) minimize the work depth of the program,(ii)
minimizethe maximumnumberof pacletssentor receved by ary
processom eachsuperstepand(iii) minimizethetotal numberof
superstep# the program. In practice,theseobjectves cancon-
flict, andtrade-ofs mustbe made. The correcttrade-ofs canbe
selectedby taking into accountthe particularg and L parameters
of theunderlyingmachine.

4 The BSP Object System (BOS)

In the BOS system,all sharedobjectsare addressedisingglobal
objectids. Eachprocesanaintainsa hashtable of sharedobjects,
whichwe call the objectcache the hashtableis indexed by apply-
ing a hashfunctionto objectids. Eachsharedbjecthasanowner
processjn whosememoryspacseit is initially created.Otherpro-
cessesnay storecopiesof the objectin their objectcachesand
arethereforecalledreades. As the computationproceedsgach
processnustknow duringthe currentsuperstep, which objectsit
needsin the next supersteffz + 1). It canthenissuerequestgor
a copy of eachof theseobjectsduring superstep. At the begin-
ning of superstep + 1, alocal andconsistentopy will be made
availableto therequestingrrocessTheprocessanthenaccesshe
copy duringsuperstep + 1 usingthe correspondin@bject-id. As
with theBSPmodel,we assume SPMDprogrammingnodelwith
oneprocesdixedon eachprocessor

The global namespacéor the objectssimplifiesthe job of the
programmer In theory the programmemeednot distinguishbe-
tweenlocalandremoteobjects.However, in practice theprogram-
merwill in generaktill needto reasoraboutwhichobjectsarelocal
andwhich arenon-local,sincecommunicatiorincursa costunder
the BSP model. Neverthelessthe programmeroesnot needto
know where(in which process cache)the remoteobjectsreside,
andmay simply requestan updatedcopy of a remoteobjectusing
its objectid.

The functionsthat constitutethe BOS interface are described
below.

e OBJ_begi n: Startsprogramwith the numberof processes
requested.



OBJ _end: Calledby all processeattheendof the program.

OBJ_gener at e_i ds: Eachobjectin the shared-memory
spacaequiresauniqueobjectid. Theusercaneitherchoose
anid, or call this function to obtaina block of previously
unusedds.

OBJ _cr eat e: Usedto createan objectwith a certainob-
jectid andnumberof bytes. Functioncall returnsa pointer
to systemspacewherethe objectwill be maintained. The
processanthenproceedo initialize the valueof the object.

OBJ_cache_new. Requests freshcopy of anobjectwith
therequestedd. TheBOSlibrary keepsrackof theobjects
owner, andsendst arequesftor afreshcopy. If it doesnot
yetknow who the owneris, it sendsout a broadcastequest
thatis answeredby theowner A coherentopy will beavail-
ablein thecalling processs objectcacheat the beginning of
thenext superstep.

OBJ_get : Returnsa pointerto the objectrequested.It is
typically usedafterOBJ _cache_newto requestinobjectin
superstep, andOBJ _get is usedto accesshe objectin su-
perstep + 1. Thedatain theobjectcanbedirectly accessed
throughthe pointerreturned.

OBJ_owner _updat e: Theownerof anobject(i.e., thepro-
cesghatcreatest) canupdateall remotecopiesof anobject
by usingthis function. The objectlibrary keepstrack of the
currentsetof readersaandforwardsthe updatego them. Up-
datesarevisible at the beginning of the next superstep.

OBJ _f r ee: Remwestheobjectwith the specifiedobjectid
from thecalling processs objectcache If thecalling process
wasa readerthe objectlibrary simply informsthe owner of
theobjectthattheprocesss nolongerareaderlf theprocess
wastheowner, theobjectlibrary informsall thereader®sf the
objectthatthe objectdoesnot exist andshouldbe removed
from their caches.The objectdoesnot exist in the system
afterthe currentsuperstep.

OBJ_sync: Thebarriersynchronizatioriunctioncall. After
thecall, all outstandingequestsnustbe satisfied.

OBJ _npr ocs: Returnghenumberof processes.

OBJ_nyi d: Returnsthe processd, in therangeof 0 to one
lessthanthe numberof processes.

OBJr pc: Requestsemoteexecutionof a specifiedproce-
dureon an objectwith the specifiedid. An additional,vari-
ablelengthagumentmaybesent.Theproceduras executed
locally by the ownerof the objectbeforethe startof the next
superstep.If thereare several OBJ_r pc calls on the same
objectall the proceduresreexecutedn anarbitrarybut se-
rializedorder

OBJ _nodi f y_r enpt e: Allows areaderof anobjectto re-

questthe executionof a procedurehatmodifiesthe valueof

an objectin its owner’s objectcachebasedon the readers

local copy. If severalrequestaremadeby onereadefin the
samesupersteppnly the last requestis sentby the object
library at the end of the superstep.This allows the reader
to modify an objects local copy several times, while only

onemessagés sentattheendof thesuperstepo modify the
owner’s original copy. As with OBJ_r pc, the procedurds

executedbeforethe startof the next supersteplf morethan
onereadercallsOBJ _nodi f y_r enpot e onthe sameobject,
they areall executedn anarbitrarybut serializedorder

Processor A Processor B

BOS layer i BOS layer
cacne E
cache cache
BSP lib.

Figurel: The BOSobjectsystem.The BOSlayeris built on top
of aregularBSPlibrary, whichis usedfor communicatiorbetween
processorsThe BOS layer maintainsthe objectcache which can
beaccessednly throughBOS functioncalls.

BSP lib.

The BOSlibrary is built on top of a regular BSPlibrary, and
is thereforeeasilyportableto ary platformthatsupportsa BSPIi-
brary The objectlayer implementsthe abore BOS functionsby
maintainingheobjectcacheateachprocessqrandusingtheunder
lying BSPlibrary to sendmessagewhenrequired(seeFigurel).
Eachentryin the objectcachewhich is not directly accessibldo
the programmercontaingnformationabouta BOS object. Thein-
formationincludesthe objectid, the stateandowner of the object,
apointerto alocal copy in the processos memory anda bit vec-
tor indicating the currentreadersof the object(usedonly by the
owner). EachBOS-level barrier synchronizatiofOBJ_sync) is
implementedusingtwo barriersynchronizatiorcalls (bsp_sync)
of the underlyingBSP library, thatis, eachBOS supersteorre-
spondso two superstepsf the BSPlibrary. This allows the BOS
layerto male requestdor objectsor remotefunction invocations
andreceve the responsédeforethe next BOS superstep.For ex-
ample,whena processorequest@anupdatedcopy of a previously
cachedobject(usingOBJ_cache_new), the BOS layerlooks up
the owner of the objectin the object cache,sendsthe appropri-
atemessagéo the owner, andcallsbsp_sync. Theownerthen
replies,andtherequestingrocessorecevesthereply andupdates
its local copy afteranotherhsp_sync. Figure2 shavs a simple
codefragmentto contrastthe interfaceof the BOS systemwith a
typicalasynchronousbjectsystem.

5 Platforms

We usedtwo platformsfor our experiments Thefirst platformwas
a 16-processoBGI Challenge. This machinehasrelatively slow
processor$150 MHz R4400s)but sophisticatedus-basedhared
memoryhardware. Our BSPlibrary usedsharednemoryto com-
municate.The secondplatformwasa clusterof 16 200-MHzx686
PCsrunningLinux andconnectedy Myrinet network switchesa
morecompletedescriptiorof this platformcanbefoundin [1, 24].
On the PC clusterour BSP library usedVMMC [22] to commu-
nicate. BSP g and L parametergor both platformsare shavn in
Tablel. We notethatthetwo platformshave quitecomparablegap
parametersyhile the SGl hasa somevhatsuperiodateny param-
eter

6 Applications

In this sectionwe discusdive applicationghatusethe BOS com-
municationprimitives. For eachapplication we attemptto explain
how barriersynchronizatiordrivesthe algorithmdesign,andalso



UPDATING SHARED OBJECTS

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

obt ai n(l ock A) /1 incurs conmunication
Q) A= ...,

rel ease(l ock A)

obt ai n(l ock B) /1 incurs conmunication
) B=...;

rel ease(l ock B)

obt ai n(l ock C) /1 incurs comunication
hj C=...;

rel ease(l ock Q)

(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 code sothat no other processesttempt to update the
objectsduring the samesuperstep.

o) A= ...
OBJ_nodify_remote(Chj A);

vj B=...;
OBJ_nodify_renmote(Obj B);

o) C=...;
OBJ_nodify _remte(Qhj O);

OBJ_sync; /1 incurs comunication

Figure2: A codingexample.

PC,VMMC SGl,sharednemory
bandwidth lateny bandwidth lateny
nprocs | (usec/byte)| (usec/step)| (usec/byte)| (usec/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

Tablel: BSPparameteror our platforms.

how objectsareused.NotethatoptimizationbasedntheBSPcost
model, including load balancing,communicationbalancing,and
synchronizatiomeductionaredoneby theapplicationprogrammer

6.1 Electro-Magnetic Particle-In-Cell Simulation

The electro-magnetigarticle-in-cell (EMPIC) applicationsimu-
latesthemovementof chagedparticlesthatexertelectricandmag-
neticforceson eachother[18, 32, 46]. We usea standardparticle-
grid methodwhich discretizeghe spaceon agrid, andusesaleap-
frog integrationschemeto solve Maxwell’s differentialequations
acrossdiscretetimesteps. Eachtimestepconsistsof four phases.
In the scatterphasethe current-densitypf eachgrid pointis com-
putedfrom the particlesin the grid cells aroundit. In the solve
phasenew valuesof electricand magneticfields are computedat
eachgrid point, basedon the old field valuesandthe currentden-
sity computedn the scatterphase.In the gatherphasethe force
oneachparticleis computedrom thefield valuesatthegrid points
aroundit, andin the pushphasethis force is usedto updatethe
particle’s positionandvelocity. A particlemaymove betweergrid
cellsasaresultof thepushphase.

We startedwith the sequentialC code written by I. Ashok,
which wasadaptedrom D. Walker’s sequentiaFortrancode. In
our BOSversion,we definetheelectricandmagnetidieldsandthe
currentdensityat eachgrid point as separatBOS objects. Each
grid pointis associateavith thelist of particleslocatedin one of
its neighboringgrid cells; this entirelist is alsodefinedasa BOS
object,andis local to the processothatownsthegrid point. Each
objectassociatedvith a grid point was assignecan objectid de-
rivedfromthe(z, y, z) coordinate®f thegrid point, sothatall the
objectsassociateavith agivengrid pointcouldbeeasilyaccessed.

Parallelizingtheoriginal serialcodeusingBOSwasstraightfor
ward, becauseachprocessosimply needso know the setof grid
pointsin its partition, andthe setof grid pointsthatareneighbors
of its own grid pointsbut notlocal to (notownedby) the processor
Weimplementedwo partitioningschemesin one,thegrid is parti-
tionedacrosgrocessorasslicesalongthe Y-axis,andin theother
it is partitionedinto 3D blocks. We first implementedhe former
schemejt thentook oneof the authorsanotherthreehoursto add
the latter scheme(including dehuggingtime). The two schemes
simply differ in the functionsthat stepover and cacheneighbor
ing, non-localgrid points.Consequentlyaddinga new partitioning
schemeand switching betweenschemest runtimeis fairly sim-
ple. Our currentimplementationdoesnot include dynamicload
balancing® However, becausesachprocessokeepstrack of the
boundarie®f its own partition,we expectthataddingtheloadbal-
ancingwill simply involve adjustingthe partition boundariedbe-
tweenprocessoraccordingto the particledistribution. The orig-
inal sequentiaprogramwas 1150lines long; our parallelversion
with both partitioningscheme$ias2050lines, of which, 200lines
aredevotedto cachingneighboringgrid pointsaccordingo thepar
titioning scheme.

Sincethis simulationproceedsn timestepsit is well-suitedto
the BSPstyleof programming Theadwantageof usingthe BOSIi-
braryover aregularBSPlibrary is thetransparenaccesdo neigh-
boring, non-localgrid points. For efficieng/, we choseto distin-
guishbetweenocal andnon-localobjects,thatis, a processoal-
ways storesthe upperandlower boundsof the coordinatef the
grid pointslocal to it. However, a processoneednot knov where
thenon-localobjectsit accesseseside.This would be particularly
usefulwhenthe grid pointsand particlesare moved betweenpro-
cessorgo balanceheload.

3Thiswould requirea simple,new functionto changeownershipof anobjectto be
addedo theBOSlibrary.



To further explain how the objectlibrary was useful, we de-
scribein brief the implementatiorof someof the phases.In the
scatterphase a processostepsthroughparticleswithin its parti-
tion, andupdateshecurrentdensitiesatthesurroundingyrid points
accordingly However, particlesalongtheedgesnayaffectthecur
rent densitiesof non-localgrid points. Whenthe processofinds
a currentdensityobjectto be non-local,it simply updatesa local
copy of it; severallocal particlesmay modify this local copy. At
theendof the phasejt usesOBJ_r pc to updatethe original copy
of eachnon-localcurrentdensityin the memoryof its owner pro-
cessorandthencalls OBJ_sync to ensurethatthe valuesare up-
datedbeforethe next phase.In the solve phase a processoffirst
calls OBJ _cache_newto cachelatestcopiesof field valuesof its
neighboringnon-localgrid points. It thencallsOBJ_sync to en-
surethat the objectshave beencached,and proceeddo compute
localfield valuesbasedn the neighboringvalues.

Becausedhe applicationis highly bulk-synchronousanimple-
mentationusing an asynchronou®bject library (suchas SAM)
would be very similar, with barrierlike synchronizatiorto sepa-
ratethe phasesndensurehatall the datahasbeencommunicated.
However, sincethe underlyingBSP layer in our objectlibrary is
designedo combinemessageandoptimizeperformancédor bulk-
synchronousomputationsye expectourobjectlibrary to bebetter
suitedfor writing suchapplications Adhara[3] is aruntimesystem
designedspecificallyfor space-baseapplicationssuchaseMPIC.
Adharaautomaticallypartitionsthe grid andtheparticles,andbal-
ancegheloaddynamically ThereforecodingEMPICin Adharais
likely to be simplerthanusingour BOSlibrary. However, Adhara
is optimizedspecificallyfor space-basesimulationswhile ourob-
jectlibrary is designedo beamoregeneralibrary. We conjecture
thattheoptimizationgerformedwithin the Adhararuntimesystem
couldbeimplementednoreeasilywithin theapplicationusingour
BOS layer, comparedo aregularBSPlibrary or anasynchronous
objectlayer

6.2 Dense Cholesky Factorization

A matrix, A, is symmetrigpositive definiteif A = AT andz” Az >
0 for everynonzerovectorz. TheCholesly factor L, of arealsym-
metricpositive definitematrix, A, is definedasthelower-triangular
matrix thatsatisfiesd = LLT. It is guaranteedhatif A is areal
symmetricpositive definite matrix, thenit hasa uniqueCholesky
factorization.

Cholesky factorization's acomputation-intenge problemthat
hasinspiredseveral parallel-computing@pproache§?, 38,39, 40].
Efficientfactorizatiorof sparsematricess considerablynorecom-
plex thanfor densematrices (Thoughwe have beguninvestigating
sparse-matrifactorization resultsarenot availableby the time of
the writing of this report.) In this section,we describea BOSim-
plementatiorfor denseCholesly factorizationwhich is relatively
straightforvard computationallybut takesadwantageof the object-
level communication.

The algorithmusedhereis basedon a sequentiafactorization
algorithmthattransformshe lower-triangularportionof A into L
onecolumnatatime, startingfrom theleftmostcolumnandwork-
ing right. Calculatingelementa;,; of L requiresknowledgeof all
theelement®f row ¢ upto columnj — 1, aswell asall theelements
of row j upto columnj. Suchdatadependenciemapquite eas-
ily into aBOScomputatiorwherethe (lowertriangular)rows of A
areobjectsthataretransferrechetweerprocessesvhennecessary
Consideranimplementatiorwhereonecolumnof L is calculated
per superstepandthe rows are mappedto processe# a round-
robinmannerWhencalculatingtheelementsn columnj thatmap
to someprocess, all thatis neededs row j andtherowsthatare
alreadymappedo z.

FromaBSPperspectie, thissimpleapproactperformsafairly
large numberof barriersynchronizations Furthermorethe com-
municationis not balancedas eachsuperstepne and only one
processs broadcasting row to all the others.Both problemscan
beaddressedly solvingm columnspersuperstegwherem is typ-
ically far lessthanthe numberof columns). Theseadvantagesre
achieved atthe costof redundantomputatiorthatallow eachpro-
cessto computetheupperm x m/2 element®f them columns.

6.3 Multiple Source Shortest Path Algorithms

GivenagraphG = (V, E), with weightsw : E — R andanode
s € V, we computethe shortestistancesrom s to every nodein
V. We developedcodefor solvingthis problemonthe samegraph
simultaneouslyor a numberof sources.

Similarto previouswork [28], we usea variantof Dijkstra’s al-
gorithmwith a heap. This algorithmessentialljupdatedistances
locally for awhile andthencommunicateandrepeatsuntil all dis-
tancesarecorrect. The communications initiated wheneachpro-
cessoeitherhas“locally correctdistances’dr hasdonemorethan
a specifiedamountof work: the “work factor” parameter This
work factorparametetradesoff synchronizationgandcorrespond-
ing itemssuchasdataaggr@ation)againsioadimbalanceandex-
tracomputatiorcausedy computingwith old values.

Wefirstimplementedsinglesourcealgorithmasfollows. Each
nodein the graphwasan objectin the BOS system.Thus,all ac-
cessego nodesof the graphusedthe object systemeven in the
local portion. This approachmadecoding of the algorithmvery
simple,from inputtingthe graphto organizingthe communication.
However, becaus¢hebasiccomputatiorunitis smallfor eachnode
accessit wasalsovery inefficient. For example,it wasa factorof
two slower thana previous parallelimplementatiorj28] andafac-
tor of five slower thanthe very efficient sequentialmplementation
of Cherkassk Goldbeg, and Radzhiks SPLIB [17]. The graph
representatiom SPLIB is tunedcarefullyto suitthe shortespath
algorithm.

Wethereforeadoptedh “crushandcompute”’methodologythat
is, we packlocal piecesof the graphinto SPLIB’s representation
anduse SPLIB’s codeas our local computeengine. We useour
objectrepresentatiotio handlethe communicatiorboth between
processorandto thecomputeengine.Oursingleprocessoversion
achivesthesameunningtime astheanalogousmplementationn
SPLIB.

We also addedthe ability to solve the shortestpathsproblem
for mary sourcesimultaneously(Thiswasalsodonein [28].) We
referto the codeasmCrushSp.This is perhapsa moreinteresting
problemfor parallelcomputingsincecomputingshortespathsfor a
singlesourcds extremelyfastsequentiallyMoreover, applications
suchascircuit retimingandgraphpartitioninghave multiple source
shortespathastheirinnerloops.

Our input datais a setof geometricgraphsasin [28].* We
usea simple heuristicto partition the graphthat attemptsboth to
balancethe numberof nodeson eachprocessandto minimizethe
numberof edgeshetweerprocessesFinally, for our experiments
on mCrushSpwe alwaysran50 simultaneoushortespaths.

6.4 Parallel Circuit Simulation

We implementedhe parallel conserative discreteevent method
for numericallysimulatinga circuit. It is basedbn the parallelsim-
ulatorCSWECI48]. Theapproachis to decomposéhecircuitinto
subcircuitshatoccasionalljcommunicateThe communicatioris

41deally, onewould like to studya wider classof graphsbut it is perhapseyond
the scopeof this paper



organizedvia a discreteeventgraphwhereeachnodecorresponds
to asubcircuit. Theeventgraphdeliverstimestampednessagele-
tweentwo nodesof thegraphin orderandschedulesiodeshatare
readyto besimulated.

WenandYelick [48] implementsuchan eventgraphusingthe
Multipol system.Sincetheir systemis asynchronougindeed par
allel discretesventsimulationin generals viewedasasynchronous)
theeventgraphs semanticarecomple. Moreover, they provided
no way to reasoraboutits performance.

Theinterfacefor aneventgraphwith bulk-synchronouseman-
tics is muchsimpler Moreover, the bulk-synchronousnodelal-
lows oneto reasoraboutits performanceAs for the shortespath,
we usea work factorparameteto setthe tradeofs betweensyn-
chronizationandprocessouitilization.

We usedan 8-bit ripple carry adderasthe basisof our input
(it wasincludedwith the Multipol distribution.) We madecopies
of thecircuit tied to the samepower andgroundto generatdarger
circuits. Notethatthecircuit piecesaredistributedrandomly sowe
definitelydonotsimulatetheseparateopiesondistinctprocessors.

6.5 Groebner Bases

Buchbeger’s Ph.D.dissertatiorf12] describesnalgorithmfor the
calculationof a Groebnerbasisfrom aninput basisof polynomi-
als. A Groebnelbasisgenerateshe sameideal asthe input basis,
but hascertainpropertiesthat male its usepreferablefor numer
ousapplicationsjncludingthe ideal membershigproblemandthe
solving of a systemof algebraicequations. Interestingly Buch-
bemger’s algorithmis quite simple,yet analyzingits computational
compleity is difficult. The speedat which a solutionis reacheds
highly dependentn the orderingof operations The bestordering
is notobvious,thoughcertainheuristicshave provento be usefulin
practice.A full descriptionof Groebnebasesandthe Buchbeger
algorithmis beyond the scopeof this paper;for more details,we
refertheinterestedeaderto Cox, Little, andO’Shea[19].

There hasbeena fair amountof work on parallelizationof
Buchbeger’s algorithm. Vidal describesan algorithm designed
andtestedon a shared-memorynultiprocessof45]. Chakrabarti
and Yelick describean algorithm suitablefor a distributed mem-
ory multiprocessof14] andprove its correctnesi [15]. Sodanet
al. [42] describeexperimentakesultsfor a multithreadedarchitec-
tureimplementedn a distributed-memorymachine.

In this section,we describea very simple parallel versionof
Buchbeger’s algorithmthatis suitablefor a synchronousystem.
Thebasicalgorithmis asfollows. It consistof anumberof phases
In eachphasequeuedairsarechecledin parallel,andatmostone
s-polynomialis addedo thebasis.

1. Beginwith F' = (f1,. .., fp), anorderedsetof p inputpoly-
nomials.This setof polynomialss readin by proces®, who
createsaanobjectfor eachof them.All otherprocessesache
copiesof F.

2. Eachprocessexaminesa distinct subsetof the p(p — 1) /2
pairsof input polynomials. Thesepairsareputinto the pro-
cessslocalqueue.

3. Eachprocesgemoresonepairfrom its local queueandcal-
culatesthe s-polynomial. It thencalculateshe normalform
of the s-polynomialwith respecto the orderedset . For
process, callthenormalformr;.

4. Eachprocessnow informs process0, which is actingasa
centralizeccontroller whetherits r; is non-zero.

5. If oneor moreof thenormalformsis non-zeroproces® se-
lectsoneor moreto addto F'. All processeareinformedof
the decision,andreceve a copy of the selectedbolynomial.
Thenew pairsthatareformedasaresultof the additionare
distributedamongthe processesandaddedo their queues.

6. If any processs queueis notempty goto step2. Otherwise,
terminate. The resultingsetof polynomialsis a Groebner
basis.

The algorithm assumeghat eachprocessmaintainsan entire
up-to-datecopy of the basis,F. Sincethe polynomialsarelarge
(typically severalhundredgo thousandsf bytes) thisis expensve.
However, the basissetis sofundamentato the algorithm,thereis
a strongintuitive casefor replicatingthe basis. Chakrabartiand
Yelick consideredheissuein [14], andreportthat partitioningthe
basishamperdoad-balancingreducesavailable parallelism,and
suffers from high communicationoverhead. They concludethat
replicatingthe basisis superiorif permittedoy memorycapacity

In contrastthequeuds partitionedamongtheprocessorsEach
processhasits own queueof distinct s-polynomialsto normalize
relativeto thebasis.To save memoryspacethequeueactuallydoes
not storethe s-polynomials.Rather the a queueentry holdspoint-
ersto its two sourcepolynomialsfrom the basis;the s-polynomial
is only calculatedvhenthe elemenis dequeued.

The basicprioritizationusedis very closeto the oneproposed
by Buchbeger; it orderspairs basedon the degree of the lead-
ing term of the s-polynomial. As mentionedearlier the speedof
the algorithmis heavily dependentn the orderin which pairsare
checled. To malke the parallelversionsperformorderingasclose
aspossibleto the sequentialersion,we further prioritized the lo-
calqueuesuchthatif morethanonepolynomialpair hasthesame
priority, theonethatwasfirst addedo thequeuewould bechecled
first. The experimentglescribedn Section? allow eachprocesgo
try to reduceonly onepolynomialperstep.

Note that the polynomialsthemseles are rathercomplex ob-
jects,andwe thereforeachieze someconveniencefrom the useof
theobjectlibrary. However, onceaddedo thebasis thepolynomial
will not changeduring the program(unlesssomepost-processing
is doneto minimizethe Groebnebasis).

Ourimplementatiomalkesheary useof Groebnebasidibraries
that had beenpreviously developed. In particular we use code
available throughUC Berkeley’s Multipol project, which in turn
utilizedseriallibrariesfor polynomialarithmeticdevelopedatCMU.

It is instructive to comparehis synchronousroebnebasisal-
gorithmwith theasynchronouapproachedescribedy Chakrabarti
andYelick [14] and Sodanet al. [42]. Of all the applicationswe
have examinedto date,this one would seemto have the mostto
gain from an asynchronousmplementation. Since the commu-
nication requiredis relatively small, the main performancédssue
becomedoad balancing. For applicationswherethe basiccom-
putationaltaskhave predictablesxecutiontimes,or wherewe can
utilize slacknesso helpwith loadbalancing synchronousystems
arequitesuitable.But for Groebnebasiscalculationtheexecution
time of the basiccomputationatask (reducinga polynomialrela-
tive to a set)is unpredictableandperformingmultiple reductions
per superstepran causeproblemssincethe addition of a polyno-
mial to a basissetcanhave animmediateeffect on all subsequent
tasks. On the otherhand,the asynchronousipproachesave the
disadantageof beinginherentlynondeterministicthe execution
time dependseaily on the orderingof the tasks,aswell asthe
orderin which processebecomeaware of additionsto the basis
set.
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Figure3: Samplespeedup$or thefive applicationnthenetwork
of PCs. Input datasetshatresultedin the longestexecutiontimes
wereusedto generatéhesenumbers.

7 Results and Discussion

Figures3 and4 shav the speedup$or eachapplicationwith sam-
ple inputs on the two executionplatforms. Speedupshavn are
with respecto the single processoexecutiontime of the parallel
program.For our applicationsthis is a reasonablsequentiapro-
gramin termsof performanceDetailedresultsfor eachapplication
arepresenteénddiscussedbelon.

Resultsfor the EMPIC programare summarizedn table 2.
Note that we getgood speedup®n both the network of PCsand
the SGlfor largerinputsand14 processorsTheseresultsarecom-
parableto theresultsof Ashok[2], althoughwe reportresultsfor a
fewer numberof timestepg20). The particleshave a higherinitial
velocityin the X direction;thereforewe partitionedthegrid across
processornto slicesin the Y direction. With this partitioning,we
did not seeary significantload imbalanceacrossprocessors.In
contrastblock partitioning,thatis, partitioningacrossall threedi-
mensionsdid not performaswell dueto loadimbalancen the X
direction(we do not reporttheresultshere). Futurework involves
either addingdynamicload balancing(e.g., by addinga change
ownerfunctionto thelibrary), or overpartitioningof thegrid.

The Cholesky resultsare summarizedn table3. This appli-
cationillustratesthe possibleperformancdradeofs basedon the
g and L parametersf the platform. The PCshave larger L, and
thereforehave moreto gainby reducingthe numberof supersteps,
in this caseby increasinghe numberof columnsprocesseduring
eachsuperstefi.e. m). For the smallerproblemsizeon 14 pro-
cessorsthe programachieves speedup®f 4.8 (with m = 4) on
the PCsand6.0 (with m = 1) onthe SGI. For thelarger problem
sizeon 14 processorghe programachievesspeedupsf 9.3 (with
m = 2) onthePCsand9.3 (with m = 1) onthe SGI. Also notice
thatthe PCsraw performancés afactorof 10 betterthanthe SGI's.

Our multiple shortespathresultsaregivenin table4. We get
excellentperformanceeven for the small problemsizes. Indeed,
we getsuperlineaspeedumn the large problemsizeson the SGI,;
for example,the speedups 16 on 14 processor$or u100k. This
is consistentvith resultsreportedin [28] on shortesipathcompu-
tations. Our results,howvever, arebetterthanthosein [28], since
our single-processoBOS programis competitve with sequential
implementationsn SPLIB[17].

Our resultsfor the circuit simulatoraresummarizedn tabless
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Figure 4: Samplespeedupdor the five applicationson the SGI
Challenge. Input datasetghat resultedin the longestexecution
timeswereusedto generatehesenumbers.

and6. Our sequentiaperformances essentiallythe sameasthat
of CSWEC. We were unableto compareour resultsdirectly to
theirs sincewe have, asyet, beenunableto obtaintheir testcir-
cuits. (Input formatsfor availablecircuits arewidely varying.) In
orderto evaluatetheparallelperformancef CSWEC the CSWEC
programdistributedby WenandYelick measureavhatthey called
the“concurreng”: thisis the averagenumberof itemswaiting in
the queueuponeachitem’s removal in a single-processogxecu-
tion. Thisis aroughupperboundon the maximumavailablepar
allelism. CSWECreportedconcurreng numbersof 25 for ripple,
38for twiceRipple,and214for ripple16.For twiceRipplewe were
ableto geta speedupf 6.6 on a 10-processoPC farm; thus,we
getreasonablspeedupsvenwith aparallelslacknessf 4.
Theresultsof the Groebnebasisexperimentsaredescribedn
Table7. Threebenchmarknputbasesvereused.Out of the stan-
dardbenchmarksve could find, we chosethosethat requiredthe
longestexecutiontime on oneprocessorEvenso, theinitial bases
of thesebenchmarksrequite small—nonecontainmorethanfive
polynomials—andhe potentialfor parallelismis somevhat lim-
ited. Our resultsdemonstrateonsistentspeedupachievsing ap-
proximately50% efficiengy for larger problemsizes. It is worth
noting that, aswith the circuit simulator the amountof available
parallelismin the Groebnebenchmarkss somevhatlimited. For
example,Sodanet al. shav that only 75 to 168 tasksneedto be
handledfor their threebenchmarkprogramg42] (oneof whichis
the katsuradbenchmarkwhich we alsouse). In termsof relative
performanceChakrabartiand Yelick’s datais somevhat lessex-
tensve [14], makingdirectcomparisonslifficult. For eightbench-
marks,they shav speedupdetweend.5 and 32.4 on 10 proces-
sorson a CM-5, in threeof the eight casesachieving superlinear
speeduf12.5,21.3,and32.4). Again, this is reasonableonsider
ing the dependencen the orderingof queues We often obsered
this effect beforerewriting the codeto malke the orderingcloserto
the sequentiabrdering. The resultsdescribedoy Sodanet al. are
somavhat superioy asthey obtaincloseto linear speedugor up
to approximatelyl0 processoror threebenchmarkswith perfor
mancedegradingfor more processors.As mentionedearlier the
asynchronousatureof their approacHeadsto a wide rangeof ex-
ecutiontimes for differenttestson the samedata; someof their
runtimesvary by afactorof upto 7 for the samenputonthesame



numberof processors.This is not the casewith the BOS imple-
mentationwhichis deterministic.

To demonstratehe use of the BSP costmodel, Table 8 con-
tainscommunicatiorandsynchronizatiorcostestimationgor two
applications.Thetwo applicationsverechoserbecausehey have
relatively highcommunicatiorandsynchronizatioti.e.,overhead)
costs. For “empic-small, the overheadcostsare dominatedby
communicationsincethe PCsandSGI have similar g parameters,
theiroverheactostsin termsof absolutdime arequitesimilar. The
overheadpercentagehowever, is larger for the PCssincethe PC
processorgrefaster In contrast,the “msp-w100-sp-ulOk'bver
headsare dominatedby synchronizatiorcosts,giving the SGI a
performancadwantagen termsof absolutdime of overheadtosts.

Finally, we mademeasurementsn the overheadof the ob-
ject system.First, we calculatedthe overheadcostof transferring
randomh-relationswith BOS in comparisorto BSPIlib message-
passingmechanisms.The BSPIlib message-passingsed“sends”
to transmitthe data (one-way communication)while BOS used
“gets” (two-way communication)Notethat“get” is themorepow-
erful primitive. If we assumehe computationabverheadof BOS
is small,we expectBSPlibmessage-passirig be approximatelya
factorof 2 fasterthanBOSfor smallpacletsizes.Thisis becausa
phaseof requestss followedby a phaseof datatransfersFor large
messagsizes,we expectthe costof communicatiorto swampthe
costof therequesbverhead Theexperimentsvererun onthe SGI
wherep = 14 processorandthe h-relationsizewas100 paclets.
For a paclet size of 32 bytes,the BOS runningtime wasa factor
of 3 largerthanthe BSPlib messag@assinguntime—wecall this
factorthe overheadratio. For 256 bytes,the overheadratio was
1.9;for 1024bytes theoverheadvasl.4. Theexperimentatesults
matchour expectation®f thegeneratrend.

We alsoran overheadexperimentsfor the EMPIC application.
Recallthat eachgrid point is an objectfor this application. We
comparedt to asequentiaprogramthatdoesnot usethe objectsto
represengrid points. The overheadangedirom 15%on the large
inputto 25%on themediuminput. Theoverheadshouldbe much
smallerfor the otherapplicationssincethey usefar fewer objects
duringthe courseof computation.

8 Conclusions

This work may be viewed as a further steptoward a cohesie ap-
proachto parallelsystemdesign. We definedandimplementeca
library for object-basedommunication. In comparisonto other
object-lerel communicatioribraries, suchSAM and Multipol, it
seemglearthatreasonindasedn the bulk-synchronousnodelis
simpler Our own experiencesandthe experiencef colleagues,
continually reinforcethis conclusion. In additionto easeof pro-
gramming,we demonstratedood performancédor a rangeof ap-
plicationsontwo platforms:asymmetricmultiprocessoandanet-
work of PCs.

Our preliminaryparameterizationf applicationsbasedon the
BSPcostmodelindicateshatcommunicatiorandsynchronization
costsarenotthelimiting factorsin the performancef ourapplica-
tions on thesetwo platform, at leastfor large problemsizes. This
indicatesthat further refinementof thesealgorithmsshouldfocus
on improving load-balancing.As mentionedearlier the applica-
tion programmeiis responsibleor load-balancingwith the BOS
system but for someof our applicationshe granularityof a com-
putationunit is variable,makingthe problemdifficult. For certain
applicationsjt may be adwantageouso investigatea strictly peri-
odic barriersynchronizatioomechanismratherthanonethatrelies
on processorsompletinga predeterminetiumberof computation
unitsbeforerequestingsynchronization.

The machineparameterizatioalsocontradictshe popularbe-
lief that“barrier synchronizations too expensve! The SGIwith
14 processorss ableto perform 10,000barrier synchronizations
per second;the network of PCswith 14 processorsan handle
1,200 barrier synchronizationger second. Our experienceindi-
catesthatapplicationghatarewritten with careareunlikely to in-
curlarge penaltiesdueto barriersynchronization.

We also note the promising overall performanceof the net-
work of PCs,which provided speedupsimilarto the SGI. A syn-
chronousprogrammingdisciplineis an excellentmatchfor such
scalablearchitectureswhich arelikely to be prominentin the fu-
ture.

Finally, we notethatthesystemwaseasyto program gspecially
with respecto asynchronousystems.For example,considerthe
rigorsof programminghe (asynchronoudylultipol systen{49]. A
Multipol programusesmultiple long-livedthreadson eachproces-
sorto hide lateng. The threadsaccesdistributed datastructures
throughawell-definedsetof operationsGenerallythreadsaresus-
pendedf necessaryo wait for the resultsof thesedataaccesses.
This suspensionf threadsthe associatedontect savings,andthe
synchronizatiorrequirementsnust be managecdexplicitly by the
applicationprogrammer Furthermore the schedulingof threads
relieson customizedschedulergprovided by the programmer In
contrast,BOS utilizes batchcommunicationwhich allowed us to
reasoratthelevel of a batchof coordinatedlataaccessatherthan
individual dataaccessthis simplifiesprogrammingconsiderably
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PC SGI
time time
problem nprocs (sec) speedup (sec) speedup
PC SGI msp-w100-sp-ul0k 1 3.59 1.0 12.411 1.0
time fime msp-w100-sp-ul0k 2 1.96 1.8 6.038 2.0
problem nprocs (sec) speedup | (sec) speedup msp-w100-sp-u10k 4 1.08 33 3.269 3.8
empic-small 1 20.826 1.00 46.77 1.00 msp-w100-sp-ul0k 6 0.95 38 2.734 4.5
empic-small 2 10.83 1.92 24.15 1.94 msp-w100-sp-u10k 8 0.87 4.1 2.195 5.7
empic-small 4 5.88 3.54 13.43 3.48 msp-w100-sp-ul0k 10 0.79 4.5 1.884 6.6
empic-small 6 4.18 4.98 9.85 4.75 msp-w100-sp-ul0k 12 0.70 5.1 1.595 7.9
empic-small 8 3.30 6.31 7.71 6.07 msp-w100-sp-ul0k 14 0.71 5.1 1.679 7.4
empic-small 10 2.90 7.18 6.79 6.89 msp-w200-sp-u10k 1 3.34 1.0 11.032 1.0
empic-small 12 2,57 8.10 5.96 7.85 msp-w200-sp-u10k 2 1.83 18 5.4680 2.0
empic-small 14 2.34 8.90 6.11 7.65 msp-w200-sp-ul0k 4 1.00 33 3.1147 35
empic-medium 1 88.77 1.0 202.22 1.0 msp-w200-sp-u10k 6 0.88 3.8 2.3729 4.6
empic-medium 2 4470 1.99 106.11 1.91 msp-w200-sp-u10k 8 0.80 4.2 2.0884 53
empic-medium 4 23.68 3.75 54.11 3.74 msp-w200-sp-u10k 10 0.72 4.6 1.818 6.1
empic-medium 6 16.43 5.40 38.15 5.30 msp-w200-sp-u10k 12 0.63 53 1.588 6.9
empic-medium 8 12.65 7.01 29.70 6.81 msp-w200-sp-u10k 14 0.66 5.1 1747 6.3
empic-medium 10 11.2 7.93 27.27 7.42 msp-w200-sp-u50k 1 24.07 1.0 125.937 1.0
empic-medium 12 9.17 9.68 21.48 9.41 msp-w200-sp-u50k 2 12.09 2.0 53.055 24
empic-medium 14 8.59 10.33 22.54 8.97 msp-w200-sp-u50k 4 6.43 3.7 24.032 5.2
empic-lage 1 80.33 1.0 184.86 1.0 msp-w200-sp-u50k 6 5.13 4.7 17.233 7.3
empic-lage 2 40.01 2.00 93.20 1.98 msp-w200-sp-u50k 8 4.36 55 13.068 9.6
empic-lage 4 20.81 3.86 47.90 3.86 msp-w200-sp-u50k 10 3.82 6.3 11.086 11.4
empic-lage 6 14.42 557 33.56 551 msp-w200-sp-u50k 12 3.39 7.1 9.520 13.2
empic-lage 8 10.93 7.35 25.45 7.26 msp-w200-sp-u50k 14 3.22 7.5 8.422 15.0
empic-lage 10 9.76 8.23 22.63 8.17 msp-w500-sp-u50k 1 22.04 1.0 115.47 1.0
empic-lage 12 7.71 10.42 18.76 9.85 msp-w500-sp-u50k 2 11.16 2.0 48.633 2.4
empic-lage 14 7.16 11.22 18.61 9.93 msp-w500-sp-u50k 4 5.94 3.7 22.043 5.2
msp-w500-sp-US0k 6 4.69 47 15,513 7.4
msp-w500-sp-uS0k 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 8.525 135
Table2: Executiontimesfor empicwith inputs“small”, “medium” meowio0anusok | 14 | 206 74 8413 137
“ ” “ " i i msp-w500-sp-ul00K| 1 4839 1.0 281.502 1.0
and“large: T‘r?e smallnlnplitusesﬁlﬁ x 32 x 16 grid with 32K T vesoeruioo 2 | ses 18 | seies  2s
particles. The“medium” and"large” inputsusea32 x 32 x 32 grid mepwS0.SpulOOK| 4| 1449 33 | 2202 45
. . . P msp-w500-sp-u100| 6 9.89 49 40.403 7.0
with 128 K and256 K particlesrespectiely. Inputdistribution for mawi00spuiook| 8 | oo 54 | s1e0s 6o
i i i i i i msp-w500-sp-ul00k| 10 7.89 6.1 25.542 11.0
the.partlcle3|s.un|form. Thellarge instances run for .10 timesteps T a0 eoioon| 19 789 o do2 1o
while themediumandsmallinstancesrerun for 20 timesteps. msp-w500-spul0Ok| 14 | 569 85 | 17506 160
Table4: Executiontimesfor multiple shortespath. Thework fac-
tor follows -w, andthe nameof the graphfollows sp. The graphs
ul0k,u50K, andul00K have 10 thousand50 thousandanda 100
thousandchodesrespectiely.
PC SGI
time time
problem nprocs (sec) speedup (sec) speedup
cholesk-200-m-1 T 1.589 1.0 14.796 1.0 BC SGT
cholesy-200-m-1 2 0.834 1.9 7.667 1.9 ime ime
cholesly-200-m-1 4 0.495 3.2 4.14 3.6 problem nprocs | (sec) speedup | (sec)  speedup
cholesy-200-m-1 6 0.404 3.9 2.913 5.1 Cswec-nipple-200 T 534 10 15.01 10
cholesly-200-m-1 8 0.388 41 3.622 41 cswec-ripple-200 2 3.00 17 8.26 18
cholesly-200-m-1 10 0.404 3.9 2519 5.9 cswec-ripple-200 4 177 30 556 27
cholesly-200-m-1 12 0.427 37 2.754 5.4 cswec-ripple-200 6 1.37 3.9 3.86 39
cholesly-200-m-1 14 0.463 3.4 2.472 6.0 cswec-ripple-200 8 1.30 41 2.98 5.0
cholesly-200-m-4 1 1785 1.0 16.091 1.0 cswec-ripple-200 10 1.19 45 2.80 5.3
cholesly-200-m-4 2 0.944 19 8.884 1.8 cswec-ripple-200 12 1.15 4.6 3.08 4.9
cholesly-200-m-4 4 0.58 31 5.377 3.0 cswec-ripple-200 14 1.17 4.6 2.47 6.1
cholesly-200-m-4 6 0.468 3.8 4.21 3.8 cswec-ripple-1000 1 527 1.0 15.38 1.0
cholesly-200-m-4 8 0.416 4.3 4.765 34 cswec-ripple-1000 2 2.89 18 7.81 2.0
cholesly-200-m-4 10 0.395 45 3.617 4.4 cswec-ripple-1000 4 1.55 34 5.33 29
cholesly-200-m-4 12 0.386 4.6 4.739 3.4 cswec-ripple-1000 6 1.31 4.0 4.09 338
cholesly-200-m-4 14 0.375 4.8 4.096 3.9 cswec-ripple-1000 8 1.33 4.0 3.68 4.2
cholesly-500-m-1 1 23.82 1.0 223.878 1.0 cswec-ripple-1000 10 0.98 5.4 363 4.2
cholesly-500-m-1 2 12.18 19 112.698 2.0 cswec-ripple-1000 12 1.18 45 3.40 45
cholesly-500-m-1 4 6.306 3.8 58.454 3.8 cswec-ripple-1000 14 1.15 4.6 3.64 4.2
cholesly-500-m-1 6 4.461 5.3 39.95 5.6 cswec-twiceripple-500 1 10.59 1.0 31.40 1.0
cholesly-500-m-1 8 3.611 6.6 30.613 73 cswec-twiceripple-500 2 5.67 1.9 18.76 17
cholesly-500-m-1 10 3.151 76 41.603 5.4 cswec-twiceripple-500 4 3.17 33 9.60 33
cholesly-500-m-1 12 2.904 82 30.166 74 cswec-twiceripple-500 6 2.46 4.3 6.99 45
cholesly-500-m-1 14 2.805 85 24.175 9.3 cswec-twiceripple-500 8 1.90 5.6 5.73 5.5
cholesly-500-m-2 1 23.95 1.0 232.451 1.0 cswec-twiceripple-500 10 161 6.6 5.45 5.8
cholesly-500-m-2 2 12.27 1.9 118.466 2.0 cswec-twiceripple-500 12 171 6.2 4.98 6.3
cholesly-500-m-2 4 6.411 37 62.032 37 cswec-twiceripple-500 14 1.60 6.6 4.42 7.1
cholesly-500-m-2 6 4.521 53 45.152 51 cswec-twiceripple-1000 T 10.59 1.0 31.23 1.0
cholesly-500-m-2 8 3.61 6.6 45.032 5.2 cswec-twiceripple-1000 2 5.85 1.8 18.85 17
cholesly-500-m-2 10 31 77 29.457 7.9 cswec-twiceripple-1000 4 3.18 33 9.96 31
cholesly-500-m-2 12 2.782 8.6 31.006 75 cswec-twiceripple-1000 6 2.33 4.6 7.48 4.2
cholesly-500-m-2 14 2571 9.3 33.655 6.9 cswec-twiceripple-1000 8 1.90 5.6 5.87 53
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

Table3: Executiontimesfor densecholesly factorizatiorfor 200 x

200 matrixand500 x 500 matrix. Them parametespecifieghe

numberof columnsthatareprocesseéh eachsuperstep. Table5: Executiontimesfor the circuit simulatorwith inputs*rip-
ple” (with work factors200 and 1000) and “twiceripple” (with
work factors500and1000).



PC SGI
time fime
problem nprocs (sec) speedup (sec) speedup
cswec-freripple-500 1 27.62 1.0 81.14 1.0
cswec-fieripple-500 2 15.21 1.8 43.89 1.8
cswec-fieripple-500 4 8.13 34 24.01 34
cswec-fieripple-500 6 5.74 4.8 17.10 4.7
cswec-fieripple-500 8 4.46 6.2 13.84 5.9
cswec-fieripple-500 10 3.87 7.1 10.56 7.7
cswec-fieripple-500 12 3.43 8.1 9.66 8.4
cswec-fieripple-500 14 3.34 8.3 9.02 9.0
cswec-eripple-1000 1 27.54 1.0 82.43 1.0
cswec-fieripple-1000 2 14.83 1.9 42.20 2.0
cswec-fieripple-1000 4 7.81 35 22.85 3.6
cswec-fieripple-1000 6 5.72 4.8 16.29 5.1
cswec-fieripple-1000 8 4.20 6.6 12.81 6.4
cswec-fieripple-1000 10 3.44 8.0 10.96 75
cswec-fieripple-1000 12 3.33 8.3 9.58 8.6
cswec-fieripple-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 35 80.55 3.6
cswec-ripple16-500 6 19.01 5.1 54.88 53
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 PC i}
cswec-ripple16-500 14 9.54 10.2 29.27 10.0 oroblem nprocs (bI;es) S QH(S-:C)LS E'Smes) %
22&:2_;:%:212_5383 ; 22;22 1;2 empic-small 2 2080208 240 0.19 1083 18
cswec-ripple16-2000 4 2587 37 empic-small 4 4835676 240 0.53 588 9.0
cswec-ripple16-2000 6 17.03 56 empic-small 6 5021720 240 0.63 418 151
cswec-ripple16-2000 8 1334 75 empic-small 8 6200652 240 0.85 330 258
cowec-ripple16-2000 | 10 1114 86 empic-small 10 5729256 240 0.85 290 293
cswec-ripple16-2000 12 9.44 10.1 empic-small 12 6441632 240 1.06 2.57 43.7
cswec-ripple16-2000 14 8.37 11.4 empic-small 14 6777272 240 1.33 2.34 56.8
msp-w100-sp-ul0k 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 0.95 253
. . . . . . . msp-w100-sp-ul0k 8 731388 426 0.26 0.87 29.9
Table 6: Executiontimes for the circuit simulator with inputs msp-wl00-spulok| 10 | 604468 446 031 079 392
“wer H ” H (7 ” H msp-w100-sp-ul0k 12 611668 366 0.32 0.70 45.7
fiveripple” (with work factors500and1000)and“ripple16” (with mowi00ehulok| 14 | eisees 366 039 071 a9
work factors500and2000). 6l
H S gH + LS tme %
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 7.71 115
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-ul0k 2 994152 896 0.16 6.04 26
msp-w100-sp-u10k 4 972956 626 0.16 3.27 4.9
msp-w100-sp-u10k 6 834128 506 0.14 273 5.1
msp-w100-sp-u10k 8 731388 426 0.12 2.20 55
msp-w100-sp-u10k 10 604468 446 0.11 1.88 5.9
msp-w100-sp-ul0k 12 611668 366 0.11 1.59 6.9
BC SGI msp-w100-sp-ul0k 14 618868 366 0.13 1.68 7.7
time fime
problem nprocs (sec) speedup (sec) speedup
groebnerarnbog5 1 5.27 1.0 11.060 1.0 ) i ) . .
goebnemmbogS | 2| 1278 04 | 7029 14 Table 8: BSP communicatiorand synchronizatiorparameteriza-
groebnerarnbog5 4 7.97 0.7 4.950 2.2 . “ . ” “ )
groebnemmbog5 | 6 149 35 | 3718 29 tion for “empic-small”and“msp-w100-sp-ul0k. The costmodel
groebnerarnbog5 8 1.97 2.7 6.209 1.8 H H H -
ocnemmboss | 10 | 115 a7 | om0 44 is usedto estimatethe percentagef executiontime spenton com-
groebnemmbog5 | 12 | 097 55 2281 48 municationandsynchronization.
groebnerarnbog5 14 1.19 4.4 2.651 4.2
groebnetkatsura4 1 1.21 1.0 2.968 1.0
groebnetkatsura4 2 0.63 1.9 1.662 1.8
groebnetkatsura4 4 0.39 3.2 1.191 25
groebnetkatsura4 6 0.33 3.7 0.862 3.4
groebnetkatsura4 8 0.29 4.2 0.684 4.3
groebnetkatsura4 10 0.30 4.0 0.838 35
groebnetkatsura4 12 0.28 4.4 0.708 4.2
groebnetkatsura4 14 0.29 4.1 0.757 3.9
groebneipavelle5 1 10.54 1.0 28.434 1.0
groebneipavelle5 2 5.82 1.8 18.475 15
groebneipavelle5 4 4.19 25 12.311 2.3
groebneipavelle5 6 3.17 33 8.897 3.2
groebneipavelle5 8 247 4.3 6.948 4.1
groebneipavelle5 10 2.03 5.2 6.318 45
groebneipavelle5 12 1.90 55 5.494 5.2
groebneipavelle5 14 3.06 3.4 9.414 3.0

Table7: Executiontimesfor Groebnebasiscalculation.Thearn-
borg5, katsura4 andpavelle5 arestandarcoenchmarks$or Groeb-
nerperformance.



