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Abstract

The performanceof the shaed addressspaceprogram-
mingmodelfor the kindsof coarse-gainedcommunicating
programs, which havetraditionally beencommorin scien-
tific computingis not cleartoday In this paper weusethe
challenging1-dimensionaFFT, a regular coarse-gained
program, as our driving applicationto studyhow to get
high performanceor sud kind of applicationsunderthe
shaed addressspaceprogrammingmodelon a hardware
supporteccache-coheentdistributedmemorymadine We
find that its performanceis highly affectedby the data
placement. Proper data placementwill be critical to the
succes®f this kind of applications. Prefething could fur-
ther improve the performancedo a degree of 10 percentto
50percentfor thedatasetswe studied.Naiveprogramming
will easily causethe performancebottlene& by introduc-
ing mud more contentionand lead to great performance
loss. If the shaed addressspaceprogramsare properly
programmedjt will delivermud betterperformancehan
the other popular programmingmodels,sucd as MPI and
SHMEM.

1 introduction

Architecturalconvergencehasmadeit commonfor dif-
ferent programmingmodelsto be supportedon the same
platform, eitherdirectly in hardwareor via software. The
two mostcommonprogrammingmodelsin usetoday are
(i) explicit messageassingand(ii) acache-coherershared
addresspacg CC-SAS).After mary vendorspecificmod-
els, messaggassingprogramminghasbeenstandardized
aroundthe MessagePassinginterface (MPI) designedby

the MessagePassingForum [3], which is widely usedfor
high-performanceomputingin practice. Comparedwith
message@assingsharedaddresspacerogrammingnodel
is muchlesspopularfor scalabléhigh-performanceomput-
ing today thoughit hasbeenarguedto provide program-
ming easeto programmers. One reasonfor this is that
scalablemachineddid not provide hardware supportfor a
sharedaddresspaceuntil quiterecently(thoughthistrend
hasreversedin tightly-coupledmultiprocessorsand mary
peopleare not familiar with this modelyet. Anotherrea-
sonis thatthe CC-SASmodelwasunprovenfor the kinds
of coarse-grainedommunicatingprogramghathave tradi-
tionally beencommonin scientificcomputing.

In mary ways, writing parallel programsunder the
sharedaddresspaceprogrammingmodelis similar to se-
guential programsbecauseof its implicit communication
and datareplication. The main differenceis that shared
memoryprogramsneedto handlesynchronizatioramong
multiprocessors. However, parallel programs,which are
convertedfrom sequentiaprogramsby simply addingsyn-
chronization operations, usually could not deliver high
performanceon the distributed sharedmemorymachines.
Dongming[6, 4] hasstudiedthe scalabilityof sharednem-
ory programson a hardwaresupportedache-coheremhul-
tiprocessomachineandfoundthatthe scalabilitydoesnot
comeeasily oftensubstantiakffort will beneeded.

In this paperwe are going to use the challengingl-
dimensionalFFT as our driving applicationto study how
to structurethe programunderthe CC-SASprogramming
modelfor this kind of regular coarse-graine@pplication,
the quantitatve performanceeffect of dataplacementand
prefetching,andthe effect of naive programming.Finally
we aregoingto comparehe performancéetweerthe CC-
SASmodelandthe morepopularmessag@assingnodels.



Unlike MPI, currentlythereis no standardizeihterfacefor
sharednemoryprogrammingnodelyet. OpenMPhasbeen
adwcatedy severalindustrialcompanieshutit is farfrom
becomingastandarandits performanceffecthasnotbeen
exploredmuch. We structureour sharednemoryprograms
usingthe MACRO interfaceusedby SPLASH2 which pro-
videsprogrammersherequiredmultiprocessofunctions.

The platform we usedis an SGI Origin2000,a cache-
coherentdistributed sharedmemory machinethat is the
most aggressie such platform today and is very widely
usedin high-performanceomputing. The CC-SASmodel
is directly supportedin hardware on this machine. It is
well known that dataplacementwill be animportantfac-
tor for high performanceon this kind of maching[2]. But
how critical it will be is still unclear In this paper we
guantitatvely compareheperformancelifferencebetween
properandimproperdataplacementndfoundthatproper
dataplacements critical to the succesf suchkinds of
sharedmemoryprogramson our distributed sharedmem-
ory machine. For somedatasets,the performancecanbe
improvedseveraltimes. The properdataplacementanbe
implementedeither by choosingthe right dataplacement
policy or changingheprogramcode.In orderto beconsis-
tentto our macrointerface,we extendthe macrointerface
by addinga keyword DISTRIBUTE beforethe datawhich
needto be properlyplaced. It will automaticallyallocate
the datain a round-robinfashionamongall the nodesthe
programrunson. Prefetchings anotheiimportanttechnol-
ogy, thoughit’s not socritical asproperdataplacementBy
usingprefetchingtheperformancef our programcouldbe
furtherimprovedto adegreeof 10 percento 50 percenfor
differentdatasetson differentnumberof processors.

The original programwe borroved from SPLASHZ2is
alreadyan optimizedsharedmemoryprogram.In orderto
avoid contensionn thetransposstagethe communication
is structuredn a staggereavay, thatmeangrocessor first
fetchesdatafrom processor+1, i+2, ..., P, andthenfrom O,
... i-1. If we usea morenaturalway (naive way) to imple-
mentthe transposensteadof the optimizedone,processor
i first fetchesdatafrom processof andthenfrom 1,2, ...,
P, the contensionwill be introduced. Comparedwith the
optimizedprogram,the performanceof the naive program
droppeddramatically This problemdoesnot only exist for
sharedmemoryprogrammingmodel, it alsoexits in other
popularprogrammingmodels,suchas MPI. How to auto-
matically reducecontentionin the parallelprogramsis an
importantresearclissue.

Oneinterestingquestionis how aboutthe performance
comparisoramongdifferentprogrammingnodels. Shared
memory programmingmodels has the easeof program-
ming. Doesit alsodeliver the betterperformanceon this
kind of hardwaresupportedlistributedsharedmemoryma-
chineor it hasto sacrificeits performancdor easeof pro-

gramming? By comparingheperformancef sharednem-
ory programmingmodelwith otherpopularprogramming
models (MPIl, SHMEM), we found that the best shared
memoryprogramgperformmuchbetterthanthosebestMPI

andSHMEM programs On this platform,the sharednem-
ory programmingmodelis directly supportedn hardware.
The MPI andSHMEM is built in softwarebut leveragethe
hardware supportfor a sharedaddressspaceand efficient
communicationfor both easeof implementationand per

formance,as is increasinglythe casein high-endtightly-

coupledmultiprocessors. The performancedifferenceis

mainly dueto the efficient hardware supportedfine-grain
communication. In the CC-SAS model, the transfersof

cacheblocks triggeredby loadsand storesare very effi-

cient. In MPI or SHMEM, their messageverheadcould
not bewell amortizedfor smallerdatasetsandlarge num-
ber of processorshustheir performancesufers. With the
increasef datasetsizestheir performancéecomedetter

but still falls behind.

The restof the paperis organizedasfollows. Section2
describeshearchitectureof the Origin 2000. Section3 de-
scribethe CC-SASprogrammingmodelandhow our FFT
programis structured.The performancés analyzedn Sec-
tion 4, includingthe effect of dataplacementindprefetch-
ing, the effect of naive programmingandthe performance
comparisorunderdifferentprogrammingmodels. Finally
we summarizeour key conclusionand discussthe future
work in Section5.

2 Platform

Figure 1. A 64-processo8GI Origin2000connectedn a
full hypercubetopology



The SGI Origin 2000 is a highly scalablehardware-
supporteadtache-coherenton-uniformmemoryaccessna-
chine,with themostaggressie communicatiorarchitecture
amongsuchmachinegoday It is perhapghe mostwidely
usedsharedmemoryplatformsfor supercomputingoday
Ourmachinehas64 processorsyrganizedn 32 nodeswith
two 300MHZ MIPS12000microprocessorsach.Eachpro-
cessorhasseparate82 KB first-level instructionand data
caches andaunified8 MB second-lgel cachewith 2-way
associatiity anda 128-byteblock size. The machinehas
16 GB of main memory (512 MB per node)with a page
size of 16 Kbytes. Eachpair of nodesis connectedo a
network router The interconnecttopology acrossthe 16
node pairs (routers)is a hypercubeas shavn in the Fig-
ure 1. The peakpointto point bandwidthbetweennodes
is 1.6 GB/sec(total in both directions),and the bisection
bandwidth(without the Xpresslinks thatthe machinealso
provides)is 10 GB/sec,And the averageread lateny is
796nsecsand maximumis 1010nsecs dependingon the
stateof the memoryblock in the caches. Comparedwith
other existing machinesthe SGI Origin 2000 hasa very
aggressie communicatiorarchitecturewith alow ratio of
remoteto local misspenaltyandahighnodeto network and
bisectionbandwidth.

3 Algorithm

In this section,we first describethe CC-SASprogram-
mingmodelandthendiscussow our FFT programis struc-
tured.

3.1 CC-SASProgramming Model

The cache-coherenBAS model is supportedin hard-
ware,with hardwaresupportfor asharecaddresspaceand
implicit local replicationin the cacheat the granularityof a
cacheblock. Thedatastructuresisedcanbethe sameasin
asequentiaprogram;only thosethatareaccessetty more
thanone processaredeclaredn the sharedaddresspace.
Remotelyallocateddataare accessedust like locally al-
locateddataor datain a sequentiaprogram usingordinary
loadsandstores A loador storethatmissesn thecacheand
mustbe satisfiedremotelycommunicateshe datain hard-
wareat cacheblock granularity andautomaticallybringsit
into thelocalcache Thetransparemhamingandreplication
provides programmingsimplicity, especiallyfor dynamic,
fine-grainedapplicationsIn ourimplementationtheinitial

or parentprocessspavns off a numberof child processes,

onefor eachadditionalprocessar Thesecooperatingpro-
cessesarethenassignedhunksof work usingstaticassign-
ment. The synchronizatiorstructuresusedare locks and
barriers.Processearespavnedoncenearthe beginning of

theprogramgdotheirwork, andstructuringandapplication
restructuringareusedto improve performancgs, 5].
Themostoftenusedmacrointerfacesare:

e GMALLOC(sizg : to mallocshareddata

e LOCK(lock-name@ : to enterthe LOCK

¢ UNLOCK(lock-nam@: to exit the LOCK

e BARRIER({ar-name P) : to synchronize® processess

e DISTRIBUTE var : to properly distribute the data
var, processori will get range sizefan*i/P to
sizefan*(i+1)/P

3.2 FFT Program

FFTis acoarse-grainetegularapplicationwith person-
alizedall-to-all communication.The original codedirectly
borroved from SPLASH2 parallel applicationsuite, is a
double-precisiomomplex 1-D versionof theradix-/r six-
stepFFT algorithmdescribedn [1], which is optimized
to minimize the interprocescommunication. 1-D FFTs
aremore challengingthanhigherdimensionalFFTs, since
thereis morecommunicatiorrelative to computation.The
datasetconsistof n double-precisiomomple datapoints
to betransformedin fact, two arraysof thesepoints),and
anotherarrayof double-precisioromplex datato be used
astherootsof unity. Then-pointdatasetis arrangedn the
form of a /n x y/n matrix for this high-radiximplemen-
tation, andthe matrix is partitionedamongthe processors
in blocksof /n/p contiguousrows each. Eachprocessor
storesdts y/n/p rowsin its localmemory(p is thetotalnum-
berof processors)asshowvn in figure 2. The matricesare
transposethreetimes,alternatingvhich matrixis theinput
to thetransposendwhichis the output.

Thewhole FFT structures asfollows:

e (i) transposenatrix,

e (ii) perform1-D FFTsindividually on local rows of
size/n each,

e (iii) multiply the elementsof the resulting complex
matrix by the correspondedbotsof unity,

e (iv) transposenatrix,
e (v) perform1-D FFTsindividually onlocal rows,
e (Vi) transposenatrix.

In eachtransposetage eachprocessocommunicates
sub-matrixof sizey/n/ P++/n/ P to every otherprocessors,
resultingin coarse-grainedndregular (value-independent
andcompletelypredictablea priori) all-to-all personalized



communication. An exampleis shavn in 2. A blocked
transposés usedto exploit cachdine reuse.To avoid mem-
ory hot-spotting,the sub-matrixis transmittedin a stag-
geredway, Thatmeangrocessor first fetchdatafrom pro-
cessoli+1,i+2, ...,P, andthenfromO, ... i-1.

PO Transpose L

P1 -
p2 [

P3 L8

Figure 2. The transpose of FFT with 4-
processor case

4 Performance

Now let’s look at the performanceWe will examinethe
speedupsn 16, 32 and64 processorsor differentdataset
sizes.The sequentiaivall-clock timesof our original code
for differentdatasetsizesareshovn in Tablel. The data
setsizewe selecteccovereda very wide rangefrom 64K to
64M complex doubledata. Themuchsmallerdatasetsizes
arenot includedheresincethey arenot sointerestingto a
large multiprocessomachine. Our generalapproachs to
examinea rangeof potentiallyinterestingproblemsizesat
eachmachinesize.

The speedupsf the original programareshown in Fig-
ure 3. We find thatthe speedupsirevery low for datasets
up to 4M size, the parallelefficiengy is belov 50% on all
numberof processorsFor 64K datasetsize,from 16 pro-
cessorgo 64 processorsthereis almostno ary improve-
ment. Increasingproblemsizeis helpful. The speedupsn
64 processorgor 64M datasize approximate$0. This is
becausancreasingdatasetsize will generallyreducethe
communicatiorto computatiorratio. In FFT, the commu-
nicationto computatiorratio will diminishlogarithmically
with the problemsize. However the datasetsizerequired
to achieve higher parallel efficiency is relatively too large
here.

In order to analyzethe performancebottleneck, let’s
examine the perprocessortime breakdaevn in Figure 4.
We divide the perprocessomall-clock runningtime into
two catgyories: CPUtime spentfor synchronizatiorevents
(SYNC) and othersincluding CPU computationtime and
CPU stall time for cachemisses.We foundthatthe SYNC
time is extremelyunbalancedFor very few numberof pro-
cessorsthe SYNC time is very high. This problemis re-
latedwith dataplacement.

Speedups
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Figure 3. Speedupsf originalprogramon 16,32,and64
processorfor differentdatasetsizes
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Figure 4. Theperprocessotime breakdavn of 1M data
setsizeon 64 processor$or original program

4.1 Effect of Data Placement

By carefully analyzingthe original programcode, we
found that the datainitialization work is all doneby one
processar Sincethe default dataplacemenpolicy on this
machineis first-touch. Underthis policy, the procesghat
first touchesa pageof memorycauseghat pageto beallo-
catedin the nodeon which the processs running. Having
all the dataconcentratedn onenodeor a smallradiusof it
createsa bottleneck:all dataaccesseare satisfiedby one
hub,andthuslimits the memorybandwidth.Theinitializa-
tion procesgor otherprocessewhichresidenionthesame
nodewith initialization processwill accesall the datalo-
cally while othersremotely thusit will spendmuchtime on
synchronization.

This problemcanbeeasilysolvedby eitherchanginghe
dataplacementolicy or modifying the initialization pro-
cessfrom sequentiato parallel. The dataplacementol-



DataSets:| 64K 256K 1M

aMm 16M 64M

Time(ns): | 53176 | 294254

1712836

8800127 | 42244034| 198179949

Table 1. Thesequentiakxecutiontime (microsecondsdf differentdatasetsizes.
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Figure 5. Speedup®f programwith properdataplace-
menton16,32,and64 processorfor differentdatasetsizes

icy canbe changedrom first-touchto round-robin,under
which dataareallocatedin a round-robinfashionfrom all

the nodesthe programrunson. Thereare severalwayson

thisplatformto finishthis purpose We canusethecompiler
directives, usethe dataplacementools or setup ernviron-

mentvariables.In orderto beconsistentvith our program-
ming interface,we provide a nev macro“DISTRIBUTE”,

whichwill automaticallyallocatethosedatafollowing it in

a round-robinway underpropergranularity However, the
betterway to solve this problemis by parallelinitialization.
Insteacbf letting oneprocessnitializing all thedata,we al-
low all the processesharethe initialization work equally
Eachprocesss responsibldor thoserows from i * \/n/P

to (i+ 1) x/n/ P, wherei is theprocessndex, nis thedata
setsizeandP is thenumberof processes.

By doingtheproperdataplacementthespeedupsf FFT
hasbeenimprovedgreatly Thenew speedupareshavnin
Figure5. At 1M datasetsize,the parallel efficiency has
reachedver60percenbnall 16,32 and64 numberof pro-
cessorsTheimprovementfor 64K datasetsizeon 64 pro-
cessorss aslarge as6 times. The new perprocessotime
breakdevn for 1M datasetsizeon 64 processorss shavn
in Figure6. The SYNC time aremuchmorebalancechow
comparedwith thatin Figure4. (notethattheY scaleis
different)

4.2 Effect of Naive Programming

Our implementationof the transposecommunication
arealgorithmicallyoptimizedto reducecontention(though
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Figure 6. the perprocessotime breakdavn of 1M data
setsizeon 64 processorwith properdataplacement

contention,of course,nonethelessccursin the machine).
Thetransposés staggeredsoprocess communicatefirst
with process + 1, thenwith ¢ + 2 etc (with wraparound).
Thisavoidsall processesommunicatingvith thesamepro-
cessat the sametime. A more naie, but alsomore natu-
ral, way to structurethe loop is to have all processestart
communicatingwith procesd, thenprocessl, andso on,
causingcontention(hot-spotting)at one processat every
stage.This versionof FFT canbe usedto examinethe ef-
fect of suchalgorithmiccontentionon the performanceof
thesharedchddresspacerogrammingnodel. Thespeedup
comparisorbetweenthe nave methodand the optimized
methodareshavn in Figure7 for thedifferentdatasets(the
ratio of the speedup®f naive methodto speedup®sf opti-
mizedmethod).

Thereis abig gapbetweerperformancef theoptimized
methodandthe naive methodfor datasetsfrom 64k up to
4M. In mostof thesecasesthe performanceof the naive
methodstaysaround60 percentof the performanceof the
optimizedmethod,in theworstcaseonly 50 percent.The
performancdoss of using the naive non-staggeredrans-
poseis large,sincetherearenot only mary smallmessages
contendingat the end point in this casebut also protocol
messagebk e invalidationsandacknavledgmentsSurpris-
ingly we foundthatfor larger datasetsizes,suchas64M
comple dataset,usingnaive methodhasmuchlesseffect
on the performance. One reasonis that the communica-
tion to computationratio diminisheslogarithmically with
theincreasingf thedatasetsize,thusthe effectof thenon-
staggeredransposéecomedess. Anotherreasonis that
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Figure 7. Ratioof speedupsf naive methodto speedups
of naturalmethod

for larger datasets,the ceffect of cachemissesand TLB
misseswill becomemoreimportant.

4.3 Effect of Prefetching

In the above sections,the programis structuredin six
stepsandtherearethreeindependentransposatepswhich
aretotally communicatiorwithoutary overlapwith compu-
tation. Thetransposatageoccupiesh0 percentof thetotal
executiontime. Oneinterestingdeais to overlapthe com-
municationwith computationby combiningthe transpose
with localfft operationslin thisway, we cantake advantage
of the prefetching. And the correspondingrogramstruc-
turewill beasfollowing:

e (i) For eachlocal row

° fetchthedatafor this row from otherprocesses
° perform 1-D FFTsindividually on this row of
size\/n

multiply the elementsof the resultingcomplex
matrix by the correspondedootsof unity

e End

(ii) For eachlocal row

. fetchthedatafor this row from otherprocesses

° perform 1-D FFTsindividually on this row of
size\/n

e End

e (iii) transposenatrix

Sincethe cacheblock sizeon this machineis 128 bytes
and eachelementis 8*2 bytes(complex data), thus dur-
ing the above loop (i) and (ii), whenone processfetches
datafor onerow from all others,supposeow i, it actually
alsogetsthe datafor the next 7 rows from row i+1 to i+7.
Thuswe can prefetchrow i+8 during the period of local
FFT computatiorfor this 8 rows. The performanceffectis
shawvn in Figure8, which shaws theratiosof the speedups
of prefetchingorogramversughenon-prefetchingrogram.
In mostof the casesthe performanceémprovementranges
from 10 percentto 50 percent. The effect becomedarger
with theincreaseof datasetsizes.
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Figure 8. Ratio of speedup®f prefetchingmethodto
speedupsf non-prefetchingnethod

4.4 Performance Comparison of Different Pro-
gramming Models

Oneinterestingquestionis how aboutthe performance
comparisoramongdifferentprogrammingnodels.Shared
Memory programmingmodel is argued to provide pro-
grammingease€o programmersver messageassingnod-
els. Doesit alsodeliversbetterperformanceon this hard-
ware supportedcache-coherenmachineor it hasto sac-
rifice performancedor easeof programming? Our focus
hereis for the 1-dimensionaFFT only. In orderto com-
paretheir performancewe cornvertedthe sharedaddress
spaceprograminto MPl andSHMEM programstheir per
formanceare equalor superiorto otherknown algorithms
tous [7]. SHMEM is like MPI in thatcommunicatiorand
replicationareexplicit andusuallymadecoarse-grainetbr
goodperformancehowever, unlike the send-receie pairin
MPI, communicationn SHMEM requiresprocessnvolve-
menton only oneside (usingput or get primitives)and
SHMEM allows a procesgo nameor specifyremotedata
via a local nameand a processdentifier Comparedwith
MPI, the SHMEM routinesminimize the overheadassoci-
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Figure 9. Speedugomparisorof differentprogrammingnodelson 16, 32, and64 processorsor differentdatasetsizes

atedwith datapassingrequestsmaximizebandwidth,and
minimize datalateng. Thebestspeedup$or differentpro-
grammingmodelsareshavn in Figure9.

FromFigure9 wefind thattheperformancef theshared
addresspaceamodelis muchbetterthanthe othertwo pro-
grammingmodels.From4M datasetsize,it deliverssuper
linearspeedupsn 64 processorsThis is mainly dueto the
efficient hardware supportedine-graincommunication.n
the CC-SASmodel,thetransfersof cacheblockstriggered
by loadsand storesare very efficient for the fine-grained
communicatiomeededFor example for the64K datasize,
the size of a packed messagdeingcommunicateds 256
bytes,which is two cacheblock size on SGI Origin 2000.
While in MPI andSHMEM, the messageverheadcannot
beamortizedwvell for smallerdatasets.Thisis worsein MP
thanin SHMEM, sinceanexplicit sendanda matchingre-
ceivemustbeinitiatedby sendeandreceverseparatelyor
eachcommunicationpotentiallyincreasingnot only mes-
sagingoverheadbut also synchronizatiortime, sincethe
sendsand receves have to be postedin timely ways and
matched. With the increaseof datasetsize, messagesize
increasesnd explicit messaggassingbecomeanore ef-
ficient, so the performanceof MP and SHMEM becomes
better but still far behind.

The resultof performanceomparisoris somavhatdif-
ferentfrom what we presentedn the paper [7]. There,
we found that for smallerdatasets(up to 1M) sharedad-
dressspacemodel works much betterthan the other two
programmingmodels;for larger datasets,the threemod-
elsperformssimilarly. Onereasoris thatour machinehas
beenupgraded.The CPUshave beenupgradedrom MIPS
R10000(195Mhz)to R12000(300MHz). The secondary
unified instruction/datacachesize increasedfrom 4M to
8Mbytes. It seemsthat the performanceeffect of system
changedaslarger effect on the sharedmemoryprogram-
ming modelsthanthe othertwo programmingmodels.The
study of the effect of the systemconfigurationchangess

undepgoing. Anotherreasonis that we have not included

the prefetchingeffect in the paper[7]. Without the effect

of prefetching,the sharedmemory modelstill works bet-

ter thanthe othertwo models,but the differencebecomes
smaller

5 conclusion

The sharedaddressspaceprogrammingmodel hasthe
easeof programmingpverotherparallelprogrammingnod-
els, suchas MPI. However, programscorvertedfrom se-
guentialversionto parallelversionby simply addingthere-
guiredsynchronizatioroperationausuallydoesnot deliver
high performanceln this paperwe usethe challengingl-
dimensionaFFT asour driving applicationto studyhow to
achieve high performanceon a hardware supporteccache-
coherentmachinefor suchkind of regular, coarse-grained
application. We first studiedthe programstructureof the
FFT, thenwe quantitatvely studiedthe performanceeffect
of dataplacemenand prefetching.We foundthatthe per
formanceis highly affectedby the dataplacement.Proper
dataplacementwill be critical to the succes®f this kind
of applicationson a distributed sharedmemory machine.
Prefetchingcould furtherimprove the performanceo a de-
greeof 10 percentto 50 percentfor the datasetswe stud-
ied. Naive programmingwill easilycausethe performance
bottleneckby introducingmuchmore contensiorandlead
to greatperformancdoss. However, if the sharedaddress
spaceprogramsareproperlyprogrammedit will deliverthe
much betterperformancahanthe other popularprogram-
ming models suchasMPI.

Our future work will includemodelingthe performance
for sharedaddresspaceprogramsgo find out how the per
formancewill beaffectedby systemconfiguration.
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