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Abstract

Theperformanceof thesharedaddressspaceprogram-
mingmodelfor thekindsof coarse-grainedcommunicating
programs, which havetraditionallybeencommonin scien-
tific computing, is not clear today. In thispaper, weusethe
challenging1-dimensionalFFT, a regular coarse-grained
program, as our driving application to studyhow to get
high performancefor such kind of applicationsunder the
shared addressspaceprogrammingmodelon a hardware
supportedcache-coherentdistributedmemorymachine. We
find that its performanceis highly affectedby the data
placement.Proper data placementwill be critical to the
successof this kind of applications.Prefetching couldfur-
ther improve the performanceto a degreeof 10 percentto
50percentfor thedatasetswestudied.Naiveprogramming
will easilycausethe performancebottleneck by introduc-
ing much more contentionand lead to great performance
loss. If the shared addressspaceprogramsare properly
programmed,it will delivermuch betterperformancethan
the other popular programmingmodels,such as MPI and
SHMEM.

1 introduction

Architecturalconvergencehasmadeit commonfor dif-
ferent programmingmodelsto be supportedon the same
platform, eitherdirectly in hardwareor via software. The
two mostcommonprogrammingmodelsin usetodayare
(i) explicit messagepassingand(ii) acache-coherentshared
addressspace(CC-SAS).After many vendorspecificmod-
els, messagepassingprogramminghasbeenstandardized
aroundthe MessagePassingInterface(MPI) designedby

the MessagePassingForum [3], which is widely usedfor
high-performancecomputingin practice. Comparedwith
messagepassing,sharedaddressspaceprogrammingmodel
is muchlesspopularfor scalablehigh-performancecomput-
ing today thoughit hasbeenarguedto provide program-
ming easeto programmers. One reasonfor this is that
scalablemachinesdid not provide hardwaresupportfor a
sharedaddressspaceuntil quiterecently(thoughthis trend
hasreversedin tightly-coupledmultiprocessors)andmany
peoplearenot familiar with this modelyet. Anotherrea-
sonis that theCC-SASmodelwasunprovenfor thekinds
of coarse-grainedcommunicatingprogramsthathavetradi-
tionally beencommonin scientificcomputing.

In many ways, writing parallel programsunder the
sharedaddressspaceprogrammingmodelis similar to se-
quentialprogramsbecauseof its implicit communication
and data replication. The main differenceis that shared
memoryprogramsneedto handlesynchronizationamong
multiprocessors.However, parallel programs,which are
convertedfrom sequentialprogramsby simply addingsyn-
chronization operations,usually could not deliver high
performanceon the distributedsharedmemorymachines.
Dongming[6, 4] hasstudiedthescalabilityof sharedmem-
ory programsonahardwaresupportedcache-coherentmul-
tiprocessormachineandfoundthat thescalabilitydoesnot
comeeasily, oftensubstantialeffort will beneeded.

In this paperwe are going to use the challenging1-
dimensionalFFT as our driving applicationto study how
to structurethe programunderthe CC-SASprogramming
model for this kind of regular coarse-grainedapplication,
the quantitative performanceeffect of dataplacementand
prefetching,andthe effect of naive programming.Finally
wearegoingto comparetheperformancebetweentheCC-
SASmodelandthemorepopularmessagepassingmodels.



UnlikeMPI, currentlythereis nostandardizedinterfacefor
sharedmemoryprogrammingmodelyet. OpenMPhasbeen
advocatedby severalindustrialcompanies,but it is far from
becomingastandardandits performanceeffecthasnotbeen
exploredmuch.We structureoursharedmemoryprograms
usingtheMACRO interfaceusedby SPLASH2,whichpro-
videsprogrammerstherequiredmultiprocessorfunctions.

The platform we usedis an SGI Origin2000,a cache-
coherentdistributed sharedmemory machinethat is the
most aggressive such platform today and is very widely
usedin high-performancecomputing.TheCC-SASmodel
is directly supportedin hardware on this machine. It is
well known that dataplacementwill be an importantfac-
tor for high performanceon this kind of machine[2]. But
how critical it will be is still unclear. In this paper, we
quantitativelycomparetheperformancedifferencebetween
properandimproperdataplacementandfoundthatproper
dataplacementis critical to the successof suchkinds of
sharedmemoryprogramson our distributedsharedmem-
ory machine.For somedatasets,the performancecanbe
improvedseveral times. Theproperdataplacementcanbe
implementedeither by choosingthe right dataplacement
policy or changingtheprogramcode.In orderto beconsis-
tent to our macrointerface,we extendthemacrointerface
by addinga keyword DISTRIBUTE beforethedatawhich
needto be properlyplaced. It will automaticallyallocate
the datain a round-robinfashionamongall the nodesthe
programrunson. Prefetchingis anotherimportanttechnol-
ogy, thoughit’snotsocritical asproperdataplacement.By
usingprefetching,theperformanceof ourprogramcouldbe
furtherimprovedto adegreeof 10percentto 50percentfor
differentdatasetsondifferentnumberof processors.

The original programwe borrowed from SPLASH2is
alreadyanoptimizedsharedmemoryprogram.In orderto
avoid contensionin thetransposestage,thecommunication
is structuredin astaggeredway, thatmeansprocessori first
fetchesdatafrom processori+1, i+2, ...,P, andthenfrom 0,
... i-1. If we usea morenaturalway (naive way) to imple-
mentthe transposeinsteadof theoptimizedone,processor
i first fetchesdatafrom processor0 andthenfrom 1,2, ...,
P, the contensionwill be introduced. Comparedwith the
optimizedprogram,theperformanceof thenaive program
droppeddramatically. Thisproblemdoesnot only exist for
sharedmemoryprogrammingmodel, it alsoexits in other
popularprogrammingmodels,suchasMPI. How to auto-
matically reducecontentionin the parallelprogramsis an
importantresearchissue.

Oneinterestingquestionis how aboutthe performance
comparisonamongdifferentprogrammingmodels.Shared
memory programmingmodelshas the easeof program-
ming. Doesit alsodeliver the betterperformanceon this
kind of hardwaresupporteddistributedsharedmemoryma-
chineor it hasto sacrificeits performancefor easeof pro-

gramming? By comparingtheperformanceof sharedmem-
ory programmingmodelwith otherpopularprogramming
models (MPI, SHMEM), we found that the best shared
memoryprogramsperformmuchbetterthanthosebestMPI
andSHMEM programs.On thisplatform,thesharedmem-
ory programmingmodelis directly supportedin hardware.
TheMPI andSHMEM is built in softwarebut leveragethe
hardwaresupportfor a sharedaddressspaceandefficient
communicationfor both easeof implementationand per-
formance,as is increasinglythe casein high-endtightly-
coupledmultiprocessors. The performancedifferenceis
mainly due to the efficient hardwaresupportedfine-grain
communication. In the CC-SASmodel, the transfersof
cacheblocks triggeredby loadsand storesare very effi-
cient. In MPI or SHMEM, their messageoverheadcould
not bewell amortizedfor smallerdatasetsandlargenum-
berof processors,thustheir performancesuffers. With the
increaseof datasetsizes,theirperformancebecomesbetter,
but still fallsbehind.

Therestof thepaperis organizedasfollows. Section2
describesthearchitectureof theOrigin 2000.Section3 de-
scribetheCC-SASprogrammingmodelandhow our FFT
programis structured.Theperformanceis analyzedin Sec-
tion 4, includingtheeffect of dataplacementandprefetch-
ing, the effect of naive programmingandthe performance
comparisonunderdifferentprogrammingmodels. Finally
we summarizeour key conclusionand discussthe future
work in Section5.

2 Platform

Figure 1. A 64-processorSGIOrigin2000connectedin a
full hyper-cubetopology



The SGI Origin 2000 is a highly scalablehardware-
supportedcache-coherent,non-uniformmemoryaccessma-
chine,with themostaggressivecommunicationarchitecture
amongsuchmachinestoday. It is perhapsthemostwidely
usedsharedmemoryplatformsfor supercomputingtoday.
Ourmachinehas64processors,organizedin 32nodeswith
two 300MHZMIPS12000microprocessorseach.Eachpro-
cessorhasseparate32 KB first-level instructionand data
caches, anda unified8 MB second-level cachewith 2-way
associativity 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 connectedto a
network router. The interconnecttopology acrossthe 16
nodepairs (routers)is a hypercubeas shown in the Fig-
ure 1. The peakpoint to point bandwidthbetweennodes
is 1.6 GB/sec(total in both directions),and the bisection
bandwidth(without theXpresslinks that themachinealso
provides) is 10 GB/sec,And the averageread latency is
796nsecsand maximumis 1010nsecs, dependingon the
stateof the memoryblock in the caches.Comparedwith
other existing machines,the SGI Origin 2000 hasa very
aggressive communicationarchitecture,with a low ratio of
remoteto localmisspenaltyandahighnodeto networkand
bisectionbandwidth.

3 Algorithm

In this section,we first describethe CC-SASprogram-
mingmodelandthendiscusshow ourFFTprogramis struc-
tured.

3.1 CC-SAS Programming Model

The cache-coherentSAS model is supportedin hard-
ware,with hardwaresupportfor asharedaddressspaceand
implicit local replicationin thecacheat thegranularityof a
cacheblock. Thedatastructuresusedcanbethesameasin
a sequentialprogram;only thosethatareaccessedby more
thanoneprocessaredeclaredin the sharedaddressspace.
Remotelyallocateddataare accessedjust like locally al-
locateddataor datain asequentialprogram,usingordinary
loadsandstores.A loador storethatmissesin thecacheand
mustbesatisfiedremotelycommunicatesthedatain hard-
wareat cacheblockgranularity, andautomaticallybringsit
into thelocalcache.Thetransparentnamingandreplication
providesprogrammingsimplicity, especiallyfor dynamic,
fine-grainedapplications.In our implementation,theinitial
or parentprocessspawns off a numberof child processes,
onefor eachadditionalprocessor. Thesecooperatingpro-
cessesarethenassignedchunksof work usingstaticassign-
ment. The synchronizationstructuresusedare locks and
barriers.Processesarespawnedoncenearthebeginningof

theprogram,dotheirwork , andstructuring,andapplication
restructuringareusedto improveperformance[8, 5].

Themostoftenusedmacrointerfacesare:

� GMALLOC(size) : to mallocshareddata

� LOCK(lock-name) : to entertheLOCK

� UNLOCK(lock-name): to exit theLOCK

� BARRIER(bar-name, P) : to synchronizePprocessess

� DISTRIBUTE var : to properly distribute the data
var, processor i will get range size(var)*i/P to
size(var)*(i+1)/P

3.2 FFT Program

FFT is acoarse-grainedregularapplicationwith person-
alizedall-to-all communication.Theoriginal codedirectly
borrowed from SPLASH2parallel applicationsuite, is a
double-precisioncomplex 1-D versionof theradix-

� �
six-

stepFFT algorithmdescribedin [1], which is optimized
to minimize the interprocesscommunication. 1-D FFTs
aremorechallengingthanhigher-dimensionalFFTs,since
thereis morecommunicationrelative to computation.The
datasetconsistsof � double-precisioncomplex datapoints
to be transformed(in fact, two arraysof thesepoints),and
anotherarrayof double-precisioncomplex datato beused
astherootsof unity. The � -pointdatasetis arrangedin the
form of a

� ��� � � matrix for this high-radix implemen-
tation, andthe matrix is partitionedamongthe processors
in blocksof

� ���	� contiguousrows each. Eachprocessor
storesits

� ���	� rowsin its localmemory(� is thetotalnum-
berof processors),asshown in figure 2. Thematricesare
transposedthreetimes,alternatingwhichmatrix is theinput
to thetransposeandwhich is theoutput.

ThewholeFFTstructureis asfollows:

� (i) transposematrix,

� (ii) perform 1-D FFTs individually on local rows of
size

� � each,

� (iii) multiply the elementsof the resulting complex
matrixby thecorrespondedrootsof unity,

� (iv) transposematrix,

� (v) perform1-D FFTsindividually on local rows,

� (vi) transposematrix.

In eachtransposestage,eachprocessorcommunicatesa
sub-matrixof size

� �
���
� � ����� toeveryotherprocessors,
resultingin coarse-grainedandregular (value-independent
andcompletelypredictablea priori) all-to-all personalized



communication.An exampleis shown in 2. A blocked
transposeis usedto exploit cacheline reuse.To avoid mem-
ory hot-spotting,the sub-matrixis transmittedin a stag-
geredway, Thatmeansprocessori first fetchdatafrom pro-
cessori+1, i+2, ...,P, andthenfrom 0, ... i-1.

� � �� � �� � �� � �� � �� � �
� � �� � �� � �� � �� � �� � �
� � �� � �� � �� � �� � �� � �
� � �� � �� � �� � �� � �� � �
� � � �� � � �� � � �� � � �� � � �� � � �
� � �� � �� � �� � �� � �� � �
� � � �� � � �� � � �� � � �� � � �� � � �
� � � �� � � �� � � �� � � �� � � �� � � �

� � � �� � � �� � � �� � � �� � � �� � � �
� � �� � �� � �� � �� � �

� � � �� � � �� � � �� � � �� � � �� � � �
� � �� � �� � �� � �� � �� � �

� � � �� � � �� � � �� � � �� � � �� � � �
� � �� � �� � �� � �� � �� � �

� � � �� � � �� � � �� � � �� � � �� � � �
� � �� � �� � �� � �� � �� � �

� � � � � � �       
TransposeP0

P1
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P3

P0

P1
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Figure 2. The transpose of FFT with 4-
processor case

4 Performance

Now let’s look at theperformance.We will examinethe
speedupson 16,32 and64 processorsfor differentdataset
sizes.Thesequentialwall-clock timesof our original code
for differentdatasetsizesareshown in Table1. Thedata
setsizeweselectedcoveredaverywiderangefrom 64K to
64M complex doubledata.Themuchsmallerdatasetsizes
arenot includedheresincethey arenot so interestingto a
large multiprocessormachine.Our generalapproachis to
examinea rangeof potentiallyinterestingproblemsizesat
eachmachinesize.

Thespeedupsof theoriginal programareshown in Fig-
ure3. We find that thespeedupsarevery low for datasets
up to 4M size,the parallelefficiency is below 50% on all
numberof processors.For 64K datasetsize,from 16 pro-
cessorsto 64 processors,thereis almostno any improve-
ment. Increasingproblemsizeis helpful. Thespeedupson
64 processorsfor 64M datasizeapproximates50. This is
becauseincreasingdatasetsize will generallyreducethe
communicationto computationratio. In FFT, thecommu-
nicationto computationratio will diminishlogarithmically
with the problemsize. However the datasetsizerequired
to achieve higherparallelefficiency is relatively too large
here.

In order to analyzethe performancebottleneck, let’s
examine the per-processortime breakdown in Figure 4.
We divide the per-processorwall-clock running time into
two categories:CPUtime spentfor synchronizationevents
(SYNC) andothersincluding CPU computationtime and
CPUstall time for cachemisses.We foundthat theSYNC
time is extremelyunbalanced.For very few numberof pro-
cessors,the SYNC time is very high. This problemis re-
latedwith dataplacement.
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Figure 3. Speedupsof originalprogramon16,32,and64
processorsfor differentdatasetsizes
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Figure 4. Theper-processortime breakdown of 1M data
setsizeon64 processorsfor originalprogram

4.1 Effect of Data Placement

By carefully analyzingthe original programcode,we
found that the datainitialization work is all doneby one
processor. Sincethe default dataplacementpolicy on this
machineis first-touch. Underthis policy, the processthat
first touchesa pageof memorycausesthatpageto beallo-
catedin thenodeon which theprocessis running. Having
all thedataconcentratedononenodeor a smallradiusof it
createsa bottleneck:all dataaccessesaresatisfiedby one
hub,andthuslimits thememorybandwidth.Theinitializa-
tion process(or otherprocesseswhichresidenton thesame
nodewith initialization process)will accessall thedatalo-
cally while othersremotely, thusit will spendmuchtimeon
synchronization.

Thisproblemcanbeeasilysolvedby eitherchangingthe
dataplacementpolicy or modifying the initialization pro-
cessfrom sequentialto parallel. The dataplacementpol-



DataSets: 64K 256K 1M 4M 16M 64M
Time(ns): 53176 294254 1712836 8800127 42244034 198179949

Table 1. Thesequentialexecutiontime(microseconds)of differentdatasetsizes.
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Figure 5. Speedupsof programwith properdataplace-
menton16,32,and64processorsfor differentdatasetsizes

icy canbe changedfrom first-touchto round-robin,under
which dataareallocatedin a round-robinfashionfrom all
thenodestheprogramrunson. Thereareseveralwayson
thisplatformto finishthispurpose.Wecanusethecompiler
directives,usethe dataplacementtools or setup environ-
mentvariables.In orderto beconsistentwith ourprogram-
ming interface,we provide a new macro“DISTRIBUTE”,
which will automaticallyallocatethosedatafollowing it in
a round-robinway underpropergranularity. However, the
betterwayto solvethisproblemis by parallelinitialization.
Insteadof lettingoneprocessinitializing all thedata,weal-
low all the processessharethe initialization work equally.
Eachprocessis responsiblefor thoserows from !"� � �����
to #$!&%('�)�� � ����� , wherei is theprocessindex, n is thedata
setsizeandP is thenumberof processes.

By doingtheproperdataplacement,thespeedupsof FFT
hasbeenimprovedgreatly. Thenew speedupsareshown in
Figure5. At 1M datasetsize, the parallelefficiency has
reachedover60percentonall 16,32and64numberof pro-
cessors.Theimprovementfor 64K datasetsizeon 64 pro-
cessorsis aslargeas6 times. Thenew per-processortime
breakdown for 1M datasetsizeon 64 processorsis shown
in Figure6. TheSYNC time aremuchmorebalancednow
comparedwith that in Figure4. (note that the Y scaleis
different)

4.2 Effect of Naive Programming

Our implementationof the transposecommunication
arealgorithmicallyoptimizedto reducecontention(though
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Figure 6. the per-processortime breakdown of 1M data
setsizeon64 processorswith properdataplacement

contention,of course,nonethelessoccursin the machine).
Thetransposeis staggered,soprocess! communicatesfirst
with process!
%*' , thenwith !
%*+ etc(with wraparound).
Thisavoidsall processescommunicatingwith thesamepro-
cessat the sametime. A morenaive, but alsomorenatu-
ral, way to structurethe loop is to have all processesstart
communicatingwith process0, thenprocess1, andso on,
causingcontention(hot-spotting)at one processat every
stage.This versionof FFT canbeusedto examinetheef-
fect of suchalgorithmiccontentionon the performanceof
thesharedaddressspaceprogrammingmodel.Thespeedup
comparisonbetweenthe naive methodand the optimized
methodareshown in Figure7 for thedifferentdatasets(the
ratio of thespeedupsof naive methodto speedupsof opti-
mizedmethod).

Thereis abig gapbetweenperformanceof theoptimized
methodandthenaive methodfor datasetsfrom 64k up to
4M. In mostof thesecases,the performanceof the naive
methodstaysaround60 percentof theperformanceof the
optimizedmethod,in theworstcase,only 50 percent.The
performanceloss of using the naive non-staggeredtrans-
poseis large,sincetherearenotonly many smallmessages
contendingat the endpoint in this casebut alsoprotocol
messageslike invalidationsandacknowledgments.Surpris-
ingly we found that for larger datasetsizes,suchas64M
complex dataset,usingnaive methodhasmuchlesseffect
on the performance. One reasonis that the communica-
tion to computationratio diminisheslogarithmicallywith
theincreasingof thedatasetsize,thustheeffectof thenon-
staggeredtransposebecomesless. Another reasonis that
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for larger datasets,the ceffect of cachemissesand TLB
misseswill becomemoreimportant.

4.3 Effect of Prefetching

In the above sections,the programis structuredin six
stepsandtherearethreeindependenttransposesteps,which
aretotally communicationwithoutany overlapwith compu-
tation. Thetransposestageoccupies50 percentof thetotal
executiontime. Oneinterestingideais to overlapthecom-
municationwith computationby combiningthe transpose
with localfft operations.In thisway, wecantakeadvantage
of the prefetching.And the correspondingprogramstruc-
turewill beasfollowing:

� (i) For eachlocal row

� fetchthedatafor this row from otherprocesses

� perform 1-D FFTs individually on this row of
size

� �
� multiply the elementsof the resultingcomplex

matrixby thecorrespondedrootsof unity

� End

� (ii) For eachlocal row

� fetchthedatafor this row from otherprocesses

� perform 1-D FFTs individually on this row of
size

� �
� End

� (iii) transposematrix

Sincethecacheblock sizeon this machineis 128bytes
and eachelementis 8*2 bytes(complex data), thus dur-
ing the above loop (i) and (ii), whenone processfetches
datafor onerow from all others,supposerow i, it actually
alsogetsthedatafor thenext 7 rows from row i+1 to i+7.
Thus we can prefetchrow i+8 during the period of local
FFTcomputationfor this8 rows. Theperformanceeffect is
shown in Figure8, which shows theratiosof thespeedups
of prefetchingprogramversusthenon-prefetchingprogram.
In mostof thecases,theperformanceimprovementranges
from 10 percentto 50 percent.The effect becomeslarger
with theincreaseof datasetsizes.
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speedupsof non-prefetchingmethod

4.4 Performance Comparison of Different Pro-
gramming Models

Oneinterestingquestionis how aboutthe performance
comparisonamongdifferentprogrammingmodels.Shared
Memory programmingmodel is argued to provide pro-
grammingeaseto programmersovermessagepassingmod-
els. Doesit alsodeliversbetterperformanceon this hard-
ware supportedcache-coherentmachineor it has to sac-
rifice performancefor easeof programming? Our focus
hereis for the 1-dimensionalFFT only. In order to com-
pare their performance,we convertedthe sharedaddress
spaceprograminto MPI andSHMEM programs,their per-
formanceareequalor superiorto otherknown algorithms
to us [7]. SHMEM is like MPI in thatcommunicationand
replicationareexplicit andusuallymadecoarse-grainedfor
goodperformance;however, unlike thesend-receivepair in
MPI, communicationin SHMEM requiresprocessinvolve-
menton only oneside(usingput or get primitives)and
SHMEM allows a processto nameor specifyremotedata
via a local nameanda processidentifier. Comparedwith
MPI, theSHMEM routinesminimize theoverheadassoci-



Comparison of Speedups

0

10

20

30

40

50

60

70

80

16 32 64 16 32 64 16 32 64 16 32 64 16 32 64

 64K          256K           1M             4M           16M  

Spee
dups

MPI

SHMEM

CC-SAS
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atedwith datapassingrequests,maximizebandwidth,and
minimizedatalatency. Thebestspeedupsfor differentpro-
grammingmodelsareshown in Figure9.

FromFigure9 wefind thattheperformanceof theshared
addressspacemodelis muchbetterthantheothertwo pro-
grammingmodels.From4M datasetsize,it deliverssuper-
linearspeedupson64processors.This is mainlydueto the
efficient hardwaresupportedfine-graincommunication.In
theCC-SASmodel,thetransfersof cacheblockstriggered
by loadsand storesarevery efficient for the fine-grained
communicationneeded.For example,for the64K datasize,
the sizeof a packed messagebeingcommunicatedis 256
bytes,which is two cacheblock sizeon SGI Origin 2000.
While in MPI andSHMEM, themessageoverheadcannot
beamortizedwell for smallerdatasets.This is worsein MP
thanin SHMEM, sinceanexplicit sendanda matchingre-
ceivemustbeinitiatedby senderandreceiverseparatelyfor
eachcommunication,potentially increasingnot only mes-
sagingoverheadbut also synchronizationtime, since the
sendsand receiveshave to be postedin timely ways and
matched.With the increaseof datasetsize,messagesize
increasesand explicit messagepassingbecomesmoreef-
ficient, so the performanceof MP andSHMEM becomes
better, but still farbehind.

Theresultof performancecomparisonis somewhatdif-
ferent from what we presentedin 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. Onereasonis thatour machinehas
beenupgraded.TheCPUshave beenupgradedfrom MIPS
R10000(195Mhz) to R12000(300MHz). The secondary
unified instruction/datacachesize increasedfrom 4M to
8Mbytes. It seemsthat the performanceeffect of system
changeshaslarger effect on the sharedmemoryprogram-
mingmodelsthantheothertwo programmingmodels.The
studyof the effect of the systemconfigurationchangesis

undergoing. Anotherreasonis that we have not included
the prefetchingeffect in the paper[7]. Without the effect
of prefetching,the sharedmemorymodelstill works bet-
ter thanthe othertwo models,but the differencebecomes
smaller.

5 conclusion

The sharedaddressspaceprogrammingmodelhasthe
easeof programmingoverotherparallelprogrammingmod-
els, suchas MPI. However, programsconvertedfrom se-
quentialversionto parallelversionby simplyaddingthere-
quiredsynchronizationoperationsusuallydoesnot deliver
high performance.In this paper, we usethechallenging1-
dimensionalFFTasourdriving applicationto studyhow to
achieve high performanceon a hardwaresupportedcache-
coherentmachinefor suchkind of regular, coarse-grained
application. We first studiedthe programstructureof the
FFT, thenwe quantitatively studiedtheperformanceeffect
of dataplacementandprefetching.We found that theper-
formanceis highly affectedby thedataplacement.Proper
dataplacementwill be critical to the successof this kind
of applicationson a distributed sharedmemorymachine.
Prefetchingcouldfurtherimprovetheperformanceto a de-
greeof 10 percentto 50 percentfor the datasetswe stud-
ied. Naive programmingwill easilycausetheperformance
bottleneckby introducingmuchmorecontensionandlead
to greatperformanceloss. However, if the sharedaddress
spaceprogramsareproperlyprogrammed,it will deliverthe
muchbetterperformancethanthe otherpopularprogram-
mingmodels,suchasMPI.

Our futurework will includemodelingtheperformance
for sharedaddressspaceprogramsto find out how theper-
formancewill beaffectedby systemconfiguration.
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