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Abstract

MPI deriveddatatypeis a powerfulmethocto de ne ar-
bitrary collectionsof non-contiguouslatain memoryand
to enablenon-contiguougiata communicatiorin a single
MPI function call. It can be expectedthat MPI derived
datatypescould becomea key aid in applicationdevelop-
ment. In practice howerer, usess prefer packing and un-
padking data in contiguousbuffers manually This usage
actuallydefeatghe purposeof havingderiveddatatypesn
theMPI standad.

In this paper we employ MPI datatypesin four NAS
bendmarks (MG, LU, BT, and SP) to transfer non-
contiguousdata. Compehensiveperformanceevaluation
wascarried outontwoclustess: anltanium-2Myrinetclus-
teranda Xeonin niBand cluster Performanceesultsshow
that usingdatatypescan achieve performancecompaable
to manualpading/unpa&ing in the original bendmarks,
thoughthe studiedMPI implementationslso performin-
ternal packing and unpadking on non-contiguouslatatype
communication. In somecases,better performancecan
be achievedbecausef the optimizationsn the MPI padk-
ing/unpa&ingimplementations/hich are easilyoverlooled
in manualpadking andunpading by usess. In addition,our
resultsalso showthat usingdatatypesan reduceapplica-
tion developmenteffort signi cantly.

Our case study demonstates that user padking and
unpadking are prone to performancedegradation. MPI
datatypes an easy-to-usandef cient wayto transfemon-
contiguousdatain MPI applications. We expectthat with
further improvementof datatypeprocessingand datatype
communicatiorsud as[9, 22|, datatypescan outperform
the corventionalmethodsof non-contiguousiata commu-
nication. Our modi ed NAS bendimarkscan be usedto
evaluatedatatypeprocessingand datatypecommunication
in MPI implementations.

This researchis supportedn part by Departmenbf Enegy's Grant
#DE-FC02-01ER2550&nd National ScienceFoundations grants#EIA-
9986052#CCR-020442%nd#CCR-0311542.

1. Intr oduction

The MPI (MessagdPassinglnterface)Standard14, 15]
hasevolved asa de facto parallelprogrammingmodel for
distributed memory systems. As one of its mostimpor-
tant features,MPI provides a powerful and generalway
of describingarbitrary collectionsof datain memoryin a
compactfashion.The MPI standardalsoprovidesruntime
supportto createand managesuchMPI derived datatypes.
Othercommonoperationsuchasregularmessag@assing
functions,remotememoryacces§RMA), andMPI I/O op-
erationcanusetheseuserde ned datatypego transferdata
with arbitrarylayouts.

In principle, therearetwo main goalsin providing de-
rived datatypesn MPI. First, MPI derived datatypesare
expectedto becomea key aid in applicationdevelopment.
Typically MPI derived datatypesallow usersto have con-
cise representation®f mary commonly used data lay-
outs [10, 18] suchas strided data, indexed data, and the
lower triangular portion of a matrix. MPI applications
such as (de)compositionof multi-dimensionaldata vol-
umes[2, 7] and nite-elementcodes[6] often needto ex-
changedata with algorithm-relatedayouts betweentwo
processes.Derived datatypescan be usedin theseappli-
cationsto facilitate the development. Second,MPI de-
rived datatypegprovide opportunitiesfor MPI implemen-
tationsto optimize datatypecommunication.The MPI im-
plementationsan either use ef cient memorycopy algo-
rithms/operation$9, 6, 18] or take advantageof advanced
network featureq21, 22] to provide high performanceon-
contiguousdatacommunication.

In practice,however, to transfernon-contiguousdata,
usersoften bearthe datalayoutsin mind and pack non-
contiguousdatainto a contiguousbuffer at the transmis-
sion side. On the receie side, datais rst receved in
a contiguousbuffer and then unpacled into user buffers.
We term this methoduser packing/unpa&ing. Despiteof
requiring signi cant efforts from users, this method has
beenwidely usedin mary applicationgdueto the poor per
formanceof traditional MP| implementationsvith derived
datatype$6, 10, 19, 21].

In the recentyears, the adwent of high performance



transportprotocols and networking technologieshas re-
ducedthe gap betweenthe network and the memorysub-
systems. Some emeging network technologiessuch as
In niBand [11] have beenable to provide performance
comparableto that of the memory system. This trend
causethe memorycopy costin the packing/unpackingp-
proachbecomencreasinglysigni cant in transferringnon-
contiguousdata. On the other hand, datatypeprocess-
ing anddatatypecommunicatiorhave beenimproved over
yearq10, 9,12, 18, 6, 21, 22]. Applicationsdesignedising
the userpacking/unpacking@pproachcan not take advan-
tageof thesemprovements.

In this paperwe try to answetthefollowing questions:

Canthe performancéene ts of MPI datatypede ex-
ploitedin MPI applications?

Do datatypeseally easeapplicationdevelopment?

Is themanualpackingandunpackingalwaysef cient?

To answerthesequestionsye employ datatypecommu-
nicationin the NAS Parallel Benchmarkq3]. The NAS
benchmarkarederivedfrom computationaluid dynamics
codeand have gainedwide acceptancasa standardndi-
catorof supercomputeperformance Non-contiguousiata
transfersoccurcommonlyin the NAS benchmarks.How-
ever, withoutsurprisetheusermpacking/unpackingpproach
is used.Our mainobjectivesare:

To studythe impactof usingderived datatypeson de-
velopingscienti ¢ applications

To evaluatethe impactof using derived datatypeson
theperformancef the NAS benchmarks

To provide asetof benchmarkso evaluateMPI imple-
mentationsvith respecto theprocessinggndcommu-
nicationof deriveddatatypes

Non-contiguouslatacommunicatioroccursin the MG,
LU, BT and SP benchmarks.We apply derived datatype
to thesefour benchmarkswithout any changeof their al-
gorithms.We performcomprehensie performancevalua-
tion of thesemodi ed benchmark®n two clustersystems:
an Itanium-2 clusterwith Myrinet [5] anda Xeon cluster
with In niBand [11]. Our resultsshaw that, usingderived
datatypedn the NAS benchmarkghe developmenteffort
canbereducedsigni cantly. Comparedo the performance
of the original benchmarksthe performanceof the mod-
ied NAS benchmarkswith datatypess comparable. In
somecasesbetterperformancecanbe achiezed dueto the
optimizationsusedin the MPI implementationsvhich are
easilymissedby usersin their packing/unpackingOur ex-
perienceandperformanceesultsdemonstratéhatusingde-
riveddatatypesn MPI applicationss aneasy-to-usaayto

transfemon-contiguouslatawith performanceomparable
to theuserpacking/unpackingpproach.

The restof the paperis organizedasfollows. Section2
presentsanoverview of MPI derived datatypecommunica-
tion. Section3 describediow to employ datatypesnto the
NAS parallelbenchmarksTheperformanceesultsarepre-
sentedin Section4. We examinethe relatedwork in Sec-
tion 5 anddraw our conclusionsanddiscusgossiblefuture
work in Section6.

2 Overview of MPI Derived Datatype

MPI provides basic pre-de ned data types such as
MPI_REAL and MPILINTEGER. Using thesebasic data
types,only contiguoushuffers containinga sequencef el-
ementsof the sametype canbe involvedin MPI commu-
nicationand|/O operations.This is too constrictve. Ap-
plicationsoften wantto passmessagethat containvalues
with differentdatatypes(e.g.,anintegercount,followedby
asequencef realnumbersjandnon-contiguouslata(e.g.,
asub-blockof a matrix). Onesolutionis thatusersbearthe
datalayoutsin mind and pack non-contiguousiatainto a
contiguoushuffer atthe sendsideandunpackit backatthe
recever side. Instead,MPI providesa mechanismcalled
DerivedDatatypeCommunicationto specifyarbitrarycol-
lectionsof datain memoryconcisely In the restof this
paperwe usederived datatypesanddatatypesnterchange-
ably. An MPI datatypés anopaquenbjectthatspeci estwo
things: (1) asequencef basicdatatypesand(2) asequence
of displacementfl4]. MPI de nesa setof functionsto dy-
namically constructand destry varioustype of datatypes,
suchasvector hvector distributedarray (darray), andso
on. A usercan corveniently usethesecalls to construct
datatypesieededy the applicationalgorithms.We shovn
a simple examplehere. Supposewe wantto sendone or
morecolumnsin atwo-dimensionall096 4096integerar-
ray from oneprocesdo anothemprocessA deriveddatatype
can be de ned using MPI_Type _vector(4096, X,
4096, MPIINT, &newtype) , where is the num-
ber of columns. MPI also provides run time supportto
usethe derived datatypesn otherfunctions. For example,
the datatype,newtype canbe usedin other calls suchas
MPI_Send() andMPI_Recv() directly.

MPI datatypecommunicationnvolvesdatatypeprocess-
ing andnon-contiguouslatacommunicatior(in this paper
unlessstatedotherwise,we refer to datatypesas noncon-
tiguousdatatypes) The datatypeprocessingnddatacom-
municationare implementationspeci c. We focuson the
MPICH implementatiorsinceit is one of the mostpopular
MPI implementations.MPICH usesinternal packingand
unpackingtechniquesn its implementation. This imple-
mentatiormaynotbethe mostef cient onesincetwo extra
copiesareinvolved. However, it haslittle requirementdo
the datatypeprocessingcomponentndthe underlyingnet-



work communicationayer [22]. The MPICH developers
have also optimized packing and unpackingalgorithmin

their MPICH implementation[10, 9, 18]. We expectthat
this implementationcan offer performancecomparableo

thatof theuserpacking/unpackingpproach.

3 Employing MPI Derived Datatypesin the
NAS Benchmarks

The NAS parallel benchmarkd4, 3] are a setof pro-
gramsdesignedasa partof the NASA NumericalAerody-
namicSimulation(NAS) programoriginally to evaluatesu-
percomputersThey mimic thecomputatioranddatamove-
mentcharacteristicef large-scalecomputationsNAS par
allel benchmarlsuiteconsistof ve kernels(ER, MG, FT,
CG, IS) andthree pseudoapplications(LU, SR BT) pro-
grams.Our studyis basedbn NPB 2.3implementatiomwrit-
tenin MPI. Thereare ve classef NAS benchmarksn
NPB 2.3, eachof which is characterizedby the numberof
elementdn its nest grid andthe numberof iterationsto
be performed. TherearethreeclassesA, B and C, which
areproductiongradeproblemsizes. The othertwo classes
S andW aredesignedor developingand delugging pur-
poses.

Non-contiguouscommunicationoccurs commonly in
NAS benchmarkshowever, thereis no derived datatype
usedin NAS benchmark$20]. To transfemon-contiguous
data, the NAS benchmarksexplicitly pack/unpacknon-
contiguougdatato/from dedicatedcontiguousbuffers. This
happensn MG, LU, SPandBT, To the bestof our knowl-
edge,thereis no userpacking/unpackingn the otherfour
benchmarks. In MG, LU, SP and BT, we replacedthe
combinationof contiguouscommunicatiorcalls and man-
ualpacking/unpackingn theoriginalbenchmarksvith MPI
deriveddatatypecommunicatiorcalls. Neitherthe number
of messagesor the contentof eachmessageas changed,
thoughthe datalayoutsof messagemay be differentcom-
paredto the original version. Otheradditionaltechniques
such as overlappingcommunicationwith computationto
improve performancerealsonot appliedbecausave want
to avoid a radicaldeparturéfrom the original implementa-
tion. Thereforejt is meaningfuto compareourresultswith
thoseof the original implementatiorto evaluatetheimpact
of datatypes.

3.1 MG Benchmark

The MG (multi-grid) benchmarlksolvesPoissors equa-
tionin 3D usingamulti-grid V-cycle. Themulti-grid bench-
mark carriesout computatiorat a seriesof levelsandeach
level of the V-cycle de nesagrid at a successiely coarser
resolution. This testrequiresa power-of-two numberof
processors.The partition of the grid onto processoroc-
curssuchthatthe grid is successiely halved, startingwith

the z dimension,thenthe y dimensionandthenthe x di-
mension,and repeatinguntil all power-of two processors
are assigned. The NPB 2.3 code usesa three-stepdi-
mensionalexchangealgorithmto satisfy boundarycondi-
tions. In additionto this, point-to-pointcommunications
usedin the parallelimplementatiorof thesestencilsto up-
dateboundaryaluesfor eachdimensiorthatis distributed.
MPI_Allreduce is alsousedto concatenat¢he dataand
thenreplicatethe resultto eachprocess,The time to per
form this operationis negligible.

In MG, all non-contiguousdata transfersare imple-
mented as packing-then-senar receve-then-unpacking.
The subroutine, comm3 which exchangessub-domain
boundarydata,dominate®©9% of the communicatiortime.
Thereforeour discussiorfocuseson it. In this subroutine,
six messagearesentandsix messagearerecevedby each
processboth with two message# eachof the threeco-
ordinatedimensions. With hopethat datapackingcanbe
overlappedgachprocessrst initializes two non-blocking
receves, then packsboundarydatato a buffer and sends
themusingtwo blockingsends.It waits for the completion
of receve operationsandthenunpackshereceveddatato

nish theboundaryalueexchangeprocedure.

The sub-domairboundarydatahave threekinds of lay-
outsasdepictedby Figure1l. We constructhreedatatypes
accordingly Other modi cation includesremoving data
packing/unpackingodeand employing derived datatypes
in all communicatioroperations.

3.2 LU Benchmark

The LU benchmarkis a simulated CFD application
whichusesymmetricsuccessieover-relaxatioSSOR}o
solveablocklowertriangularblockuppertriangularsystem
of equationsresultingfrom an unfactoredimplicit nite-
differencediscretizationof the Navier-Stokesequationsn
threedimensions.This coderequiresa powver-of-two num-
ber of processorsA 2-D partitioningof the grid onto pro-
cessor®ccursby halvingthegrid repeatedlyn the rst two
dimensionsalternatelyx andtheny, until all power-of-two
processorareassignedresultingin verticalpencillike grid
partitionson the individual processors.Not like NPB 2.0
which doesdiagonalbasedrelaxationwhich incursa large
numberof communication®f 40-bytemessaged\PB 2.3
doescolumnbasedrelaxation. This improvementsigni -
cantlyreduceghe communicatiorcostof LU.

In LU, non-contiguoudata transfersare achieved by
point-to-point communicationcalls with manual pack-
ing/unpacking. Two communication subroutinesex-
change _1 andexchange _3 areinvolved in the SSOR
procedure.In exchangel which dominateghe communi-
cationtime, therearetwo two kinds of messagesOneis
non-contiguousisshown in Figure2. The datalayoutis a
vectorin which the block lengthis ve words. Anotheris



N R RRNRNRNNNRNNNNNN
NN NN NN NNNNNNN
NN N NN NN NNNN NN N H
RN N R RN NN TN NN NN N
NN RN AN NN NN NN N NAS!
DR R RN NN NN NN NN Ny
NINENINNIN I I N 37 AN
NI
<‘<—§*
NORRY
NRORR
NN S<*
RN
R NONRRNY
nggiff
AR
Sgif
N

Memory Address Increases

@)

Memory Address Increases

Memory Address Increases

©

Figure 1. Data Layout in MG Datatype Comm unication
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non-contiguousnessage.
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Figure 2. Data Layout in LU Datatype Commu-
nication

3.3 BT and SPBenchmarks

SP and BT are simulatedCFD applicationsthat solve
systemsf equationgesultingfrom an approximatelyfac-
toredimplicit nite-dif ferencediscretizatiorof the Navier-
Stokes equations. The BT code solves block-tridiagonal
systemsof 5x5 blocks; the SP code solves scalarpenta-
diagonalsystemgesultingfrom full diagonalizatiorof the
approximatelyfactoredscheme Both have a similar struc-
ture.

The NPB 2.3implementation®f SPandBT solve these
systemsusing a multi-partition scheme. In the multi-
partition algorithm,eachprocesds responsibldor several
disjoint sub-blocksof points(“cells”) of thegrid. Thecells
are arrangedsuchthat for eachdirection of the line solve
phase,the cells belongingto a certain processomwill be
evenly distributedalongthe direction of solution. This al-
lows eachprocessotto performusefulwork throughouta
line solve, insteadof being forcedto wait for the partial
solutionto a line from anothemprocessobeforebeginning
work. Additionally, theinformationfrom acellis notsentto
the next processountil all sectionsof linear equationsys-
temshandledin this cell have beensolved. Thereforethe
granularityof communicationss keptlargeandfewer mes-

sagesaresent.Both SPandBT requirea squarenumberof
processes.

Our discussionis focusedon the BT benchmark.BT's
communicationpatternsare mainly noncontiguous. We
modify mostnoncontiguougommunicationsn BT using
derived datatypes Our modi cation includesde ning sev-
eral deeply-nestediatatypesbecauseof the complicated
messageshapesin the copy -faces procedureand re-
placingthe original non-contiguouslatatransfercodewith
datatypecommunicatiorcalls.

4 PerformanceResults

In this section,we rst shav how mary codelines re-
latedto communicatiorcanbe reducedusingMPI derived
datatypes. Then, we presentperformanceresults of the
modi ed NAS benchmarksith derived datatypeson two
typical cluster systems. We comparetheseresultswith
thoseof theoriginal NAS benchmarksUnlessstatedother
wise, the unit megabytegMB) in this paperis anabbrevia-
tionfor2 bytes,or 1024 1024bytes.

4.1 Experimental Setupand Methodology

We conductedour performanceevaluationson the fol-
lowing two clusters.

Clusterl : A clusterof 128 nodes(the maximumnum-
berof nodesusedby the experimentds 16), eachwith dual
900MHzIntel Itanium 2 processorsvith 256 KB L2 cache,
1.5MB L3 cache.Eachnodehasa Myrinet 2000interface
cardplacedin a PCI-X 64-bit 66MHz bus. The Front Side
Bus (FSB)runsat 266MHz. The physicalmemoryis 4 GB
of multi-channePC2100DDR-SDRAM memory Theker
nel versionis Linux 2.4.21smp. This clusteris provided
by Ohio Supercompute€enter We referto this clusteras
IA64-Myrinetcluster.

Cluster2 : A clusterof 8 SuperMicroSUPERX5DL8-
GG nodes,eachwith dual Intel Xeon 3.0 GHz proces-



sors,512 KB L2 cache,PCI-X 64-bit 133 MHz bus, and
connectedo Mellanox In niHost MT23108 DualPort4x
HCAs. The nodesare connectedusing the Mellanox In-
niScale 24 port switch MTS 2400. The kernel version
usedis Linux 2.4.22smp. The In niHost SDK versionis
3.0.1andHCA rmw areversionis 3.0.1. The Front Side
Bus(FSB)runsat533MHz. The physicalmemoryis 1 GB
of PC2100DDR-SDRAM memory We referto this cluster
aslA32-1BA cluster.

Onthe lA64-Myrinet cluster Intel Fortran7.1 compiler
is used.OnthelA32-1BA cluster Intel Fortran7.0complier
is used.Thecompiler ag is-O3. In thefollowing subsec-
tions, we show the performanceesultsof boththe original
andthe modi ed NAS benchmarkgMG, LU, BT, andSP)
on both clusters. For eachbenchmarknine combinations
betweerd, 8/9, and 16 processesndA, B, andC classes
arecarriedout. Sincewe only have 8 physicalnodesn the
IA32-IBA cluster we run 2 processesn onephysicalnode
to useboth processorsor testcasesvhich needmorethan
8 processesOnthe lA64-Myrinet cluster we run only one
procesperphysicalnodefor all testcasesWe usethe CPU
cycle counterto obtaintiming information,the total instru-
mentationoverheadsaresmallenoughto be neggligible.

4.2 MPI and Memory Performance

On the Itanium-2 Myrinet cluster we use mpich-
1.2.4..8a-gm(called MPICH-GM in the restof paper). In
the Xeon IBA cluster we useMVAPICH-0.9.2[16]. Fig-
ures3 and4 shaw thelateng andbandwidthresultsof these
two MPI implementationsntwo clusters.Thedetailsof la-
teng andbandwidthtestscanbefoundat[16].

We alsotestthememorycopying bandwidthin bothclus-
ters. In the memory copying test, two buffers, each20
MBytes, are allocated. We copy data sequentiallyfrom
one buffer to anotherbuffer. The reportedbandwidthis
1200 MBytes/secon the IA64-Myrinet cluster and 810
MBytes/semnthelA32-IBA cluster

4.3 Reduction of Communication Code

Oneof theadvantagesisingMPI deriveddatatypess to
reducedevelopmenteffort. The numberof codelinesis an
importantcriterionto measurehe developmenteffort. We
countthe lines of coderelatedto communicationin both
theoriginal NAS benchmarksndthemodi ed NAS bench-
marksusingdatatypesFigure5 shavs thatusingdatatypes
canreducegheamountof communicatiortodesigni cantly,
52% communicationcode reducedin MG, 41% reduced
in LU, 12% reducedin BT, and 7% reducedin SP Note
thatwe keepthe numberof communcatioroperationsand
the size of messagesinchangedn our modi ed bench-
marks. Therefore the reductionis completelyfrom using
datatypes.

Communication Code Lines

600
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400 +

300 -

Eold
W datatype

T T
MG LU BT SP

Figure 5. Lines of Communication Code.

4.4 Performanceof MG Benchmark

Figure6 shavs performanceesultsof MG onthelA64-
Myrinet cluster In this gure, we useold to referto the
original NAS benchmarkanddatatypeto referto the mod-
i ed versionNAS benchmarkusing datatypes.Thesetwo
legendsarealsousedin the following SubsectionsFor all
combinations the datatypeversion outperformsthe orig-
inal version by up to 20% in mary cases. For exam-
ple, with 4 processesan improvementfrom 12% to 20%
can be achieved for all classeson both clusters. This
improvementwas unexpectedbecausein both MPICH-
GM and MVAPICH-0.92, internal packing and unpack-
ing aredeployedin their implementationgo performnon-
contiguousdatatypecommunication By tracingdown this
dramaticimprovement, we found that the improvement
mainly comesrom theeliminationof aredundaninitializa-
tion on acommunicatiorbuffer in the datatypeversion.To
shav how muchbene t comedrom this eliminationinstead
of usingdatatypeswe alsoremovedthis redundantnitial-
izationfrom the original version.We call thismodi ed MG
asmodi ed old versionin the plot. Comparedo the old
version,the modi ed old versiononly removesthreelines
from 1150to 1152in mg.f . After thischangethedatatype
versionstill outperformghe modi ed old version,but with
muchlessimprovementby up to 5%. This is mainly due
to differentpackingandunpackingalgorithmsusedby the
MG developersandthe MPICH designersin bothMPICH-
GM andMVAPICH, appropriateoptimizationsareapplied
to packandunpackmessagefl0, 9]. In generaltheseop-
timizationsare proneto beingoverlookedin manualpack-
ing/unpacking.

Figure7 shavs performanceesultsof MG onthelA32-
IBA cluster It canbe obsered that the samepatternsas
thoseonthelA64-Myrinet clusteralsoappear

In the old version,the costto transfernon-contiguous
dataincludestwo parts:the memorycopy costin the man-
ual packingandunpackingandthecommunicatiorcost.In
thedatatypeversion thecostof transferringhon-contiguous
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datais re ected completelyin the datatypecommunication
cost. Thereis no explicit (un)packingin the datatypever-
sion. Figure10showvsthebreakdevn of thecommunication
costandthe (un)packingcostin the above threementioned
versionson both clusters. We chooseclassB with 4 pro-
cesseasanexample.In theplot, we usecommto represent
the communicationcost and (un)pading to representhe
(un)packingcost. The (un)packingcoston the IA32-IBA
clusteris higherthanthat on 1A64-Myrinet clusterdueto
the lower memorybandwidthon the IA32-IBA cluster as
mentionedn Section4.2. The communicatiorcoston the
IA32-IBA clusteris lower thanthaton IA64-Myrinet clus-
terdueto thehighcommunicatiorperformancerovidedby
theln niBand network, asshavn in Figures3 and4. It can
be obseredthatusingdatatype®necanachiese alittle bit
betterperformanceéhanusingmanualpackingandunpack-
ing plus contiguouscommunicatiorin the MG benchmark.

4.5 Performanceof LU Benchmark

Figures8 and9 show performanceesultsof LU on the
IA64-Myrinet andIA32-IBA clusters.The performanceof
both the datatypeversionand the original versionis very
close. The mostly useddatatypesin this benchmarkare

Figure 7. MG on 1A32-IBA Cluster.

quitesimpleasmentionedn Section3.2. Thedatatypepro-
cessingoverheads negligible. Figure 11 shavs the com-
municationcostandthe (un)packingcostin thetestcaseof
classB with 4 processes.

4.6 Performanceof BT Benchmark

Figures12 and 13 shav performanceesultsof BT on
thelA64-Myrinet andlA32-IBA clusters.Theperformance
of boththe datatypeversionandthe original versionis very
close.Thisis alsoexpecteddueto theinternalpackingand
unpacking.Note thatwe could not run classC with 4 pro-
cesse®n the IA32-IBA clusterdueto its limited memory
capacity

Figure 14 shavs the communication cost and the
(un)packingcostin thetestcaseof classB with 4 processes.
As mentionedn Section3.3,the deriveddatatypesve em-
ployed in BT benchmarkhave complicatednestedstruc-
tures. Presumablythe datatypeprocessingcostshouldbe
high. However, the resultsin Figures12 and 13 indicate
thatthedatatypeversionoutperformgheoriginal versionin
termsof the total costof transferringnon-contiguouslata.
This is largely becausean the original version, the man-
ual packing/unpackingodehasloop structureswhich in-
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cur badcachebehaiors. The commonpracticeof writing

packing/unpackingodeis to have a buffer pointerincre-
mentedby one after eachiteration. This introducesa data
dependengbetweerback-to-backterationswhich hinders
loop transformations.

In the caseof classB with 4 processesjsingdatatypes
can reducethe coststo transfernon-contiguousdata by
10%onthe lA64-Myrinet clusterandby 25%on the IA32-
IBA cluster However, becausehe communicatiortime is
only 2% of the total executimetime, we do not seemuch
improvementin terms of the total executiontime using
datatypes.

4.7 Performanceof SPBenchmark

Figuresl5and16 shav performanceesultsof SPonthe
IA64-Myrinet andIA32-IBA clusters.Similar to the other
applicationsthe performanceof both the datatypeversion
andthe original versionis comparable.

5 RelatedWork

There have beena large amountof researchwork in
improving the datatypeprocessingand datatypecommuni-

Figure 9. LU on IA32-IBA Cluster.
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cationin MPI implementations. Theserelatedwork can
be groupedinto four areas. The rst areais to improve
datatypeprocessingsystem. Gropp et al. [10] have pro-
vided a taxonomyof MPI derived datatypesaccordingto
their memory accesspatternsand describedhow to ef-
cientlyimplementhesepatternsTraff etal. have described
atechnique called attening onthe y, for improving the
datatypeprocessingystem[12]. Rossetal. [18] have de-
signeda reusabledatatype-processingomponentfor the
MPICH2 implementatiorf1].

The secondareais to optimize packing and unpack-
ing procedures. Byna et al. [6] have presenteda tech-
nigue which selectsan appropriatepacking algorithms
with respecto the architecture-speci parametersandthe
datatypememoryaccessatterns. Recently MPICH2 [1]
hasbegun to deploy segmentpack and unpackin its im-
plementation. The Los Alamos MessagePassingInter-
face(LA-MPI) system8] hasusedsharednemoryregions
aspackandunpackbuffersin its datatypecommunication
path.

Thethird areais to take advantageof network featurego
improve noncontiguouslatacommunicationln [21], Wor-
ringenetal. have presentea directcopy techniqueto im-
proveperformancef datatypecommunicatiorusingshared

Figure 16. SP on IA32-IBA Cluster.

memoryregion provided by the SCI network. In [22], Wu
etal. have demonstratethe bene tsof usingRDMA oper
ationsto supportnoncontiguousiatacommunication Four
schemesre proposedo eitheroverlapthe packing,com-
munication,andunpackingor eliminatethe packingand/or
unpacking.

The fourth areais to benchmarkMPI datatypeimple-
mentations. Work in [13, 17] focuseson using micro-
benchmarko evaluatethe performanceof datatypein dif-
ferentMPI implementations.

Our work differs theseprevious work in the following
threeaspectsFirst, we focuson employing MPI datatypes
in theNAS benchmarksWe analyzethe developmentom-
plexity andeffort usingMPI datatypesn theseapplication-
level benchmarksSecondwe performcomprehensie per
formanceevaluation of the currentdatatypeimplementa-
tion in MPICH on two typical clustersin the context of
NAS benchmarks. Third, the datatypeversion of NAS
benchmarksan be sened as betterbenchmarkdo eval-
uate performanceof the datatypeprocessingand datatype
communicationin MPI implementationghan the micro-
benchmarkswvhich have beenusedin the previous work.



6 Conclusionsand Future Work

In this paperwe implementour NAS benchmarksMG,
LU, BT, andSPusingMPI datatypesWe performcompre-
hensve performancesvaluationof the datatypeversionof
theseNAS benchmarks.Our experimentalresultson two
clustersshav that MPI datatypescan offer performance
comparableo that of usingmanualpacking/unpackingn
thesefour NAS benchmarks. Our resultsalso shov that
the manual packing and unpackingin the original NAS
benchmarksare proneto performancedegradation. Using
datatypesanreduceor avoid thesdimitations. In addition,
usingdatatypesigni cantly reduceshedevelopmenteffort.
The numberof communicatiorcodelinesis reducedup to
52%and28%in averagein the studiedfour benchmarks.

All datatype constructorprovidedin the MPI-1.1 stan-
dard are useddueto the complicatednon-contiguousiata
communicatiorpatternsin thesebenchmarks.We believe
our modi ed NAS benchmarkscan sene as application-
level benchmarkso evaluatedatatypegprocessingandcom-
municationin variousMPI implementations.

As for our future work, we plan to use thesebench-
marksto evaluateperformancef the datatypecommunica-
tion schemeproposedn [22]. We alsowork on the exten-
sionto thedatatypegrocessingystemnto take full advantage
of theemeging RDMA communicatiormechanism.
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