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Abstract

MPI deriveddatatypeis a powerfulmethodto de�ne ar-
bitrary collectionsof non-contiguousdata in memoryand
to enablenon-contiguousdata communicationin a single
MPI function call. It can be expectedthat MPI derived
datatypescould becomea key aid in applicationdevelop-
ment. In practice, however, users prefer packing and un-
packing data in contiguousbuffers manually. This usage
actuallydefeatsthepurposeof havingderiveddatatypesin
theMPI standard.

In this paper, we employMPI datatypesin four NAS
benchmarks (MG, LU, BT, and SP) to transfer non-
contiguousdata. Comprehensiveperformanceevaluation
wascarriedoutontwoclusters: anItanium-2Myrinetclus-
teranda XeonIn�niBand cluster. Performanceresultsshow
that usingdatatypescanachieveperformancecomparable
to manualpacking/unpacking in the original benchmarks,
thoughthe studiedMPI implementationsalso performin-
ternal packing andunpacking on non-contiguousdatatype
communication. In somecases,better performancecan
beachievedbecauseof theoptimizationsin theMPI pack-
ing/unpackingimplementationswhichareeasilyoverlooked
in manualpackingandunpackingbyusers. In addition,our
resultsalsoshowthat usingdatatypescanreduceapplica-
tion developmenteffort signi�cantly.

Our case study demonstrates that user packing and
unpacking are prone to performancedegradation. MPI
datatypeis aneasy-to-useandef�cient wayto transfernon-
contiguousdata in MPI applications. We expectthat with
further improvementof datatypeprocessingand datatype
communicationsuch as [9, 22], datatypescan outperform
the conventionalmethodsof non-contiguousdata commu-
nication. Our modi�ed NAS benchmarkscan be usedto
evaluatedatatypeprocessinganddatatypecommunication
in MPI implementations.
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1. Intr oduction

TheMPI (MessagePassingInterface)Standard[14, 15]
hasevolved asa de facto parallelprogrammingmodel for
distributed memorysystems. As one of its most impor-
tant features,MPI provides a powerful and generalway
of describingarbitrarycollectionsof datain memoryin a
compactfashion.TheMPI standardalsoprovidesrun time
supportto createandmanagesuchMPI deriveddatatypes.
Othercommonoperationssuchasregularmessagepassing
functions,remotememoryaccess(RMA), andMPI I/O op-
erationscanusetheseuserde�neddatatypesto transferdata
with arbitrarylayouts.

In principle, thereare two main goalsin providing de-
rived datatypesin MPI. First, MPI derived datatypesare
expectedto becomea key aid in applicationdevelopment.
Typically MPI derived datatypesallow usersto have con-
cise representationsof many commonly used data lay-
outs [10, 18] suchas strideddata, 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-relatedlayouts betweentwo
processes.Derived datatypescan be usedin theseappli-
cations to facilitate the development. Second,MPI de-
rived datatypesprovide opportunitiesfor MPI implemen-
tationsto optimizedatatypecommunication.TheMPI im-
plementationscaneitheruseef�cient memorycopy algo-
rithms/operations[9, 6, 18] or take advantageof advanced
network features[21, 22] to providehighperformancenon-
contiguousdatacommunication.

In practice,however, to transfernon-contiguousdata,
usersoften bear the data layouts in mind and pack non-
contiguousdata into a contiguousbuffer at the transmis-
sion side. On the receive side, data is �rst received in
a contiguousbuffer and then unpacked into userbuffers.
We term this methoduserpacking/unpacking. Despiteof
requiring signi�cant efforts from users,this methodhas
beenwidely usedin many applicationsdueto thepoorper-
formanceof traditionalMPI implementationswith derived
datatypes[6, 10, 19, 21].

In the recent years, the advent of high performance



transportprotocols and networking technologieshas re-
ducedthe gapbetweenthe network and the memorysub-
systems. Someemerging network technologiessuch as
In�niBand [11] have been able to provide performance
comparableto that of the memory system. This trend
causesthememorycopy costin thepacking/unpackingap-
proachbecomeincreasinglysigni�cant in transferringnon-
contiguousdata. On the other hand, datatypeprocess-
ing anddatatypecommunicationhave beenimprovedover
years[10, 9, 12, 18, 6, 21, 22]. Applicationsdesignedusing
the userpacking/unpackingapproachcannot take advan-
tageof theseimprovements.

In this paper, we try to answerthefollowing questions:

� Cantheperformancebene�tsof MPI datatypesbeex-
ploitedin MPI applications?

� Do datatypesreallyeaseapplicationdevelopment?

� Is themanualpackingandunpackingalwaysef�cient?

To answerthesequestions,weemploy datatypecommu-
nication in the NAS Parallel Benchmarks[3]. The NAS
benchmarksarederivedfrom computational�uid dynamics
codeandhave gainedwide acceptanceasa standardindi-
catorof supercomputerperformance.Non-contiguousdata
transfersoccurcommonlyin the NAS benchmarks.How-
ever, withoutsurprise,theuserpacking/unpackingapproach
is used.Ourmainobjectivesare:

� To studythe impactof usingderiveddatatypeson de-
velopingscienti�c applications

� To evaluatethe impactof usingderived datatypeson
theperformanceof theNAS benchmarks

� To provideasetof benchmarksto evaluateMPI imple-
mentationswith respectto theprocessingandcommu-
nicationof deriveddatatypes

Non-contiguousdatacommunicationoccursin theMG,
LU, BT and SP benchmarks.We apply derived datatype
to thesefour benchmarkswithout any changeof their al-
gorithms.We performcomprehensiveperformanceevalua-
tion of thesemodi�ed benchmarkson two clustersystems:
an Itanium-2 clusterwith Myrinet [5] anda Xeon cluster
with In�niBand [11]. Our resultsshow that,usingderived
datatypesin the NAS benchmarksthe developmenteffort
canbereducedsigni�cantly. Comparedto theperformance
of the original benchmarks,the performanceof the mod-
i�ed NAS benchmarkswith datatypesis comparable. In
somecases,betterperformancecanbeachieveddueto the
optimizationsusedin the MPI implementationswhich are
easilymissedby usersin their packing/unpacking.Our ex-
perienceandperformanceresultsdemonstratethatusingde-
riveddatatypesin MPI applicationsis aneasy-to-usewayto

transfernon-contiguousdatawith performancecomparable
to theuserpacking/unpackingapproach.

Therestof thepaperis organizedasfollows. Section2
presentsanoverview of MPI deriveddatatypecommunica-
tion. Section3 describeshow to employ datatypesinto the
NAS parallelbenchmarks.Theperformanceresultsarepre-
sentedin Section4. We examinethe relatedwork in Sec-
tion 5 anddraw ourconclusionsanddiscusspossiblefuture
work in Section6.

2 Overview of MPI Derived Datatype

MPI provides basic pre-de�ned data types such as
MPI REAL and MPI INTEGER. Using thesebasic data
types,only contiguousbufferscontaininga sequenceof el-
ementsof the sametype canbe involved in MPI commu-
nicationandI/O operations.This is too constrictive. Ap-
plicationsoften want to passmessagesthat containvalues
with differentdatatypes(e.g.,anintegercount,followedby
a sequenceof realnumbers)andnon-contiguousdata(e.g.,
asub-blockof a matrix). Onesolutionis thatusersbearthe
datalayoutsin mind andpacknon-contiguousdatainto a
contiguousbuffer at thesendsideandunpackit backat the
receiver side. Instead,MPI providesa mechanism,called
DerivedDatatypeCommunication, to specifyarbitrarycol-
lectionsof data in memoryconcisely. In the rest of this
paper, we usederiveddatatypesanddatatypesinterchange-
ably. An MPI datatypeis anopaqueobjectthatspeci�estwo
things:(1) asequenceof basicdatatypesand(2)asequence
of displacements[14]. MPI de�nesasetof functionsto dy-
namicallyconstructanddestroy varioustype of datatypes,
suchasvector, hvector, distributedarray (darray), andso
on. A usercan conveniently usethesecalls to construct
datatypesneededby theapplicationalgorithms.We shown
a simpleexamplehere. Supposewe want to sendoneor
morecolumnsin a two-dimensional4096� 4096integerar-
rayfrom oneprocessto anotherprocess.A deriveddatatype
can be de�ned using MPI Type vector(4096, x,
4096, MPI INT, &newtype) , where � is the num-
ber of columns. MPI also provides run time supportto
usethederiveddatatypesin otherfunctions. For example,
the datatype,newtype, can be usedin other calls suchas
MPI Send() andMPI Recv() directly.

MPI datatypecommunicationinvolvesdatatypeprocess-
ing andnon-contiguousdatacommunication(in this paper,
unlessstatedotherwise,we refer to datatypesas noncon-
tiguousdatatypes).Thedatatypeprocessinganddatacom-
municationare implementationspeci�c. We focuson the
MPICH implementationsinceit is oneof themostpopular
MPI implementations.MPICH usesinternalpackingand
unpackingtechniquesin its implementation. This imple-
mentationmaynotbethemostef�cient onesincetwo extra
copiesareinvolved. However, it haslittle requirementsto
thedatatypeprocessingcomponentandtheunderlyingnet-

2



work communicationlayer [22]. The MPICH developers
have also optimizedpackingand unpackingalgorithm in
their MPICH implementation[10, 9, 18]. We expect that
this implementationcan offer performancecomparableto
thatof theuserpacking/unpackingapproach.

3 Employing MPI Derived Datatypes in the
NAS Benchmarks

The NAS parallel benchmarks[4, 3] are a set of pro-
gramsdesignedasa partof theNASA NumericalAerody-
namicSimulation(NAS) programoriginally to evaluatesu-
percomputers.They mimic thecomputationanddatamove-
mentcharacteristicsof large-scalecomputations.NAS par-
allel benchmarksuiteconsistsof � ve kernels(EP, MG, FT,
CG, IS) and threepseudoapplications(LU, SP, BT) pro-
grams.Ourstudyis basedonNPB2.3implementationwrit-
ten in MPI. Thereare � ve classesof NAS benchmarksin
NPB 2.3, eachof which is characterizedby thenumberof
elementsin its �nest grid and the numberof iterationsto
be performed.TherearethreeclassesA, B andC, which
areproductiongradeproblemsizes.Theothertwo classes
S andW aredesignedfor developinganddebuggingpur-
poses.

Non-contiguouscommunicationoccurs commonly in
NAS benchmarks,however, there is no derived datatype
usedin NAS benchmarks[20]. To transfernon-contiguous
data, the NAS benchmarksexplicitly pack/unpacknon-
contiguousdatato/from dedicatedcontiguousbuffers.This
happensin MG, LU, SPandBT, To thebestof our knowl-
edge,thereis no userpacking/unpackingin the otherfour
benchmarks. In MG, LU, SP and BT, we replacedthe
combinationof contiguouscommunicationcalls andman-
ualpacking/unpackingin theoriginalbenchmarkswith MPI
deriveddatatypecommunicationcalls. Neitherthenumber
of messagesnor the contentof eachmessageis changed,
thoughthedatalayoutsof messagesmaybedifferentcom-
paredto the original version. Otheradditionaltechniques
suchas overlappingcommunicationwith computationto
improveperformancearealsonotappliedbecausewe want
to avoid a radicaldeparturefrom the original implementa-
tion. Therefore,it is meaningfulto compareourresultswith
thoseof theoriginal implementationto evaluatetheimpact
of datatypes.

3.1 MG Benchmark

TheMG (multi-grid) benchmarksolvesPoisson's equa-
tion in 3D usingamulti-gridV-cycle.Themulti-gridbench-
markcarriesout computationat a seriesof levelsandeach
level of theV-cycle de�nesa grid at a successively coarser
resolution. This test requiresa power-of-two numberof
processors.The partition of the grid onto processorsoc-
curssuchthat thegrid is successively halved,startingwith

the z dimension,then the y dimensionand then the x di-
mension,and repeatinguntil all power-of two processors
are assigned. The NPB 2.3 code usesa three-stepdi-
mensionalexchangealgorithm to satisfy boundarycondi-
tions. In additionto this, point-to-pointcommunicationis
usedin theparallelimplementationof thesestencilsto up-
dateboundaryvaluesfor eachdimensionthatis distributed.
MPI Allreduce is alsousedto concatenatethedataand
thenreplicatethe result to eachprocess,The time to per-
form this operationis negligible.

In MG, all non-contiguousdata transfersare imple-
mentedas packing-then-sendor receive-then-unpacking.
The subroutine, comm3, which exchangessub-domain
boundarydata,dominates99%of thecommunicationtime.
Therefore,our discussionfocuseson it. In this subroutine,
six messagesaresentandsix messagesarereceivedby each
process,both with two messagesin eachof the threeco-
ordinatedimensions.With hopethat datapackingcanbe
overlapped,eachprocess�rst initializes two non-blocking
receives, then packsboundarydatato a buffer and sends
themusingtwo blockingsends.It waits for thecompletion
of receiveoperations,andthenunpacksthereceiveddatato
�nish theboundaryvalueexchangeprocedure.

Thesub-domainboundarydatahave threekindsof lay-
outsasdepictedby Figure1. We constructthreedatatypes
accordingly. Other modi�cation includesremoving data
packing/unpackingcodeandemploying derived datatypes
in all communicationoperations.

3.2 LU Benchmark

The LU benchmarkis a simulated CFD application
whichusessymmetricsuccessiveover-relaxation(SSOR)to
solveablocklowertriangular-blockuppertriangularsystem
of equationsresulting from an unfactoredimplicit �nite-
differencediscretizationof the Navier-Stokesequationsin
threedimensions.This coderequiresa power-of-two num-
berof processors.A 2-D partitioningof thegrid ontopro-
cessorsoccursby halvingthegrid repeatedlyin the�rst two
dimensions,alternatelyx andtheny, until all power-of-two
processorsareassigned,resultingin verticalpencillikegrid
partitionson the individual processors.Not like NPB 2.0
which doesdiagonalbasedrelaxationwhich incursa large
numberof communicationsof 40-bytemessages,NPB 2.3
doescolumnbasedrelaxation. This improvementsigni�-
cantlyreducesthecommunicationcostof LU.

In LU, non-contiguousdata transfersare achieved by
point-to-point communicationcalls with manual pack-
ing/unpacking. Two communicationsubroutinesex-
change 1 and exchange 3 are involved in the SSOR
procedure.In exchange1 which dominatesthe communi-
cationtime, thereare two two kinds of messages.Oneis
non-contiguousasshown in Figure2. Thedatalayout is a
vectorin which the block lengthis � ve words. Anotheris
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Figure 2. Data Layout in LU Datatype Comm u­
nication

3.3 BT and SPBenchmarks

SP and BT are simulatedCFD applicationsthat solve
systemsof equationsresultingfrom an approximatelyfac-
toredimplicit �nite-dif ferencediscretizationof theNavier-
Stokes equations. The BT codesolves block-tridiagonal
systemsof 5x5 blocks; the SP codesolves scalarpenta-
diagonalsystemsresultingfrom full diagonalizationof the
approximatelyfactoredscheme.Both have a similar struc-
ture.

TheNPB 2.3 implementationsof SPandBT solve these
systemsusing a multi-partition scheme. In the multi-
partitionalgorithm,eachprocessis responsiblefor several
disjoint sub-blocksof points(“cells”) of thegrid. Thecells
arearrangedsuchthat for eachdirectionof the line solve
phase,the cells belongingto a certain processorwill be
evenly distributedalongthedirectionof solution. This al-
lows eachprocessorto performusefulwork throughouta
line solve, insteadof being forced to wait for the partial
solutionto a line from anotherprocessorbeforebeginning
work. Additionally, theinformationfromacell isnotsentto
thenext processoruntil all sectionsof linearequationsys-
temshandledin this cell have beensolved. Thereforethe
granularityof communicationsis keptlargeandfewermes-

sagesaresent.Both SPandBT requirea squarenumberof
processes.

Our discussionis focusedon the BT benchmark.BT's
communicationpatternsare mainly noncontiguous. We
modify mostnoncontiguouscommunicationsin BT using
deriveddatatypes.Our modi�cation includesde�ning sev-
eral deeply-nesteddatatypesbecauseof the complicated
messageshapesin the copy faces procedureand re-
placingtheoriginal non-contiguousdatatransfercodewith
datatypecommunicationcalls.

4 PerformanceResults

In this section,we �rst show how many codelines re-
latedto communicationcanbereducedusingMPI derived
datatypes. Then, we presentperformanceresultsof the
modi�ed NAS benchmarkswith derived datatypeson two
typical cluster systems. We comparetheseresultswith
thoseof theoriginalNAS benchmarks.Unlessstatedother-
wise,theunit megabytes(MB) in this paperis anabbrevia-
tion for 2

���

bytes,or 1024� 1024bytes.

4.1 Experimental Setupand Methodology

We conductedour performanceevaluationson the fol-
lowing two clusters.

Cluster1 : A clusterof 128nodes(themaximumnum-
berof nodesusedby theexperimentsis 16),eachwith dual
900MHzIntel Itanium2 processorswith 256KB L2 cache,
1.5MB L3 cache.Eachnodehasa Myrinet 2000interface
cardplacedin a PCI-X 64-bit 66MHz bus. TheFrontSide
Bus(FSB)runsat 266MHz.Thephysicalmemoryis 4 GB
of multi-channelPC2100DDR-SDRAMmemory. Theker-
nel versionis Linux 2.4.21smp. This cluster is provided
by Ohio SupercomputerCenter. We refer to this clusteras
IA64-Myrinetcluster.

Cluster2 : A clusterof 8 SuperMicroSUPERX5DL8-
GG nodes,eachwith dual Intel Xeon 3.0 GHz proces-
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sors,512 KB L2 cache,PCI-X 64-bit 133 MHz bus, and
connectedto 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)runsat 533MHz. Thephysicalmemoryis 1 GB
of PC2100DDR-SDRAMmemory. We referto this cluster
asIA32-IBA cluster.

On the IA64-Myrinet cluster, Intel Fortran7.1compiler
is used.OntheIA32-IBA cluster, Intel Fortran7.0complier
is used.Thecompiler�ag is -O3 . In thefollowing subsec-
tions,we show theperformanceresultsof boththeoriginal
andthemodi�ed NAS benchmarks(MG, LU, BT, andSP)
on both clusters. For eachbenchmark,nine combinations
between4, 8/9, and16 processesandA, B, andC classes
arecarriedout. Sincewe only have 8 physicalnodesin the
IA32-IBA cluster, werun2 processesononephysicalnode
to usebothprocessorsfor testcaseswhich needmorethan
8 processes.On theIA64-Myrinet cluster, we run only one
processperphysicalnodefor all testcases.WeusetheCPU
cycle counterto obtaintiming information,thetotal instru-
mentationoverheadsaresmallenoughto benegligible.

4.2 MPI and Memory Performance

On the Itanium-2 Myrinet cluster, we use mpich-
1.2.4..8a-gm(calledMPICH-GM in the restof paper). In
the Xeon IBA cluster, we useMVAPICH-0.9.2[16]. Fig-
ures3 and4 show thelatency andbandwidthresultsof these
two MPI implementationsontwo clusters.Thedetailsof la-
tency andbandwidthtestscanbefoundat [16].

Wealsotestthememorycopyingbandwidthin 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/secon theIA32-IBA cluster.

4.3 Reductionof Communication Code

Oneof theadvantagesusingMPI deriveddatatypesis to
reducedevelopmenteffort. Thenumberof codelines is an
importantcriterion to measurethedevelopmenteffort. We
count the lines of coderelatedto communicationin both
theoriginalNAS benchmarksandthemodi�ed NAS bench-
marksusingdatatypes.Figure5 showsthatusingdatatypes
canreducetheamountof communicationcodesigni�cantly,
52% communicationcode reducedin MG, 41% reduced
in LU, 12% reducedin BT, and 7% reducedin SP. Note
thatwe keepthenumberof communcationoperationsand
the size of messagesunchangedin our modi�ed bench-
marks. Therefore,the reductionis completelyfrom using
datatypes.

Communication Code Lines

0

100

200

300

400

500

600

MG LU BT SP

old
datatype

Figure 5. Lines of Comm unication Code .

4.4 Performanceof MG Benchmark

Figure6 showsperformanceresultsof MG on theIA64-
Myrinet cluster. In this �gure, we useold to refer to the
originalNAS benchmark,anddatatypeto referto themod-
i�ed versionNAS benchmarkusingdatatypes.Thesetwo
legendsarealsousedin the following Subsections.For all
combinations,the datatypeversionoutperformsthe orig-
inal version by up to 20% in many cases. For exam-
ple, with 4 processes,an improvementfrom 12% to 20%
can be achieved for all classeson both clusters. This
improvement was unexpectedbecausein both MPICH-
GM and MVAPICH-0.92, internal packing and unpack-
ing aredeployed in their implementationsto performnon-
contiguousdatatypecommunication.By tracingdown this
dramatic improvement, we found that the improvement
mainlycomesfromtheeliminationof aredundantinitializa-
tion on a communicationbuffer in thedatatypeversion.To
show how muchbene�t comesfrom thiseliminationinstead
of usingdatatypes,we alsoremovedthis redundantinitial-
izationfrom theoriginalversion.Wecall thismodi�ed MG
as modi�ed old versionin the plot. Comparedto the old
version,the modi�ed old versiononly removesthreelines
from 1150to 1152in mg.f . After thischange,thedatatype
versionstill outperformsthemodi�ed old version,but with
much lessimprovementby up to 5%. This is mainly due
to differentpackingandunpackingalgorithmsusedby the
MG developersandtheMPICH designers.In bothMPICH-
GM andMVAPICH, appropriateoptimizationsareapplied
to packandunpackmessages[10, 9]. In general,theseop-
timizationsareproneto beingoverlookedin manualpack-
ing/unpacking.

Figure7 showsperformanceresultsof MG on theIA32-
IBA cluster. It canbe observed that the samepatternsas
thoseon theIA64-Myrinet clusteralsoappear.

In the old version, the cost to transfernon-contiguous
dataincludestwo parts:thememorycopy costin theman-
ualpackingandunpacking;andthecommunicationcost.In
thedatatypeversion,thecostof transferringnon-contiguous
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Figure 7. MG on IA32­IBA Cluster .

datais re�ectedcompletelyin thedatatypecommunication
cost. Thereis no explicit (un)packingin the datatypever-
sion.Figure10showsthebreakdownof thecommunication
costandthe(un)packingcostin theabove threementioned
versionson both clusters. We chooseclassB with 4 pro-
cessesasanexample.In theplot, weusecommto represent
the communicationcost and (un)packing to representthe
(un)packingcost. The (un)packingcoston the IA32-IBA
clusteris higher than that on IA64-Myrinet clusterdue to
the lower memorybandwidthon the IA32-IBA cluster, as
mentionedin Section4.2. The communicationcoston the
IA32-IBA clusteris lower thanthaton IA64-Myrinet clus-
terdueto thehighcommunicationperformanceprovidedby
theIn�niBand network, asshown in Figures3 and4. It can
beobservedthatusingdatatypesonecanachievea little bit
betterperformancethanusingmanualpackingandunpack-
ing pluscontiguouscommunicationin theMG benchmark.

4.5 Performanceof LU Benchmark

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

quitesimpleasmentionedin Section3.2.Thedatatypepro-
cessingoverheadis negligible. Figure11 shows the com-
municationcostandthe(un)packingcostin thetestcaseof
classB with 4 processes.

4.6 Performanceof BT Benchmark

Figures12 and13 show performanceresultsof BT on
theIA64-Myrinet andIA32-IBA clusters.Theperformance
of boththedatatypeversionandtheoriginalversionis very
close.This is alsoexpecteddueto theinternalpackingand
unpacking.Notethatwe couldnot run classC with 4 pro-
cesseson the IA32-IBA clusterdueto its limited memory
capacity.

Figure 14 shows the communication cost and the
(un)packingcostin thetestcaseof classB with 4 processes.
As mentionedin Section3.3, thederiveddatatypeswe em-
ployed in BT benchmarkhave complicatednestedstruc-
tures. Presumablythe datatypeprocessingcostshouldbe
high. However, the resultsin Figures12 and 13 indicate
thatthedatatypeversionoutperformstheoriginalversionin
termsof the total costof transferringnon-contiguousdata.
This is largely becausein the original version, the man-
ual packing/unpackingcodehasloop structureswhich in-
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cur badcachebehaviors. The commonpracticeof writing
packing/unpackingcodeis to have a buffer pointer incre-
mentedby oneafter eachiteration. This introducesa data
dependency betweenback-to-backiterationswhichhinders
loop transformations.

In thecaseof classB with 4 processes,usingdatatypes
can reducethe costs to transfernon-contiguousdata by
10%on theIA64-Myrinet clusterandby 25%on theIA32-
IBA cluster. However, becausethecommunicationtime is
only 2% of the total executimetime, we do not seemuch
improvementin terms of the total execution time using
datatypes.

4.7 Performanceof SPBenchmark

Figures15and16show performanceresultsof SPonthe
IA64-Myrinet andIA32-IBA clusters.Similar to theother
applications,theperformanceof both thedatatypeversion
andtheoriginal versionis comparable.

5 RelatedWork

There have beena large amountof researchwork in
improving thedatatypeprocessinganddatatypecommuni-
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Figure 12. BT on IA64­Myrinet Cluster .
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Figure 13. BT on IA32­IBA Cluster .
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Figure 16. SP on IA32­IBA Cluster .

cation in 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�-
cientlyimplementthesepatterns.Träff etal. havedescribed
a technique,called�attening on the �y , for improving the
datatypeprocessingsystem[12]. Rosset al. [18] have de-
signeda reusabledatatype-processingcomponentfor the
MPICH2 implementation[1].

The secondarea is to optimize packing and unpack-
ing procedures. Byna et al. [6] have presenteda tech-
nique which selectsan appropriatepacking algorithms
with respectto thearchitecture-speci�cparametersandthe
datatypememoryaccesspatterns. Recently, MPICH2 [1]
hasbegun to deploy segmentpack and unpackin its im-
plementation. The Los Alamos MessagePassingInter-
face(LA-MPI) system[8] hasusedsharedmemoryregions
aspackandunpackbuffers in its datatypecommunication
path.

Thethird areais to takeadvantageof network featuresto
improvenoncontiguousdatacommunication.In [21], Wor-
ringenet al. have presenteda directcopy techniqueto im-
proveperformanceof datatypecommunicationusingshared

memoryregion providedby theSCI network. In [22], Wu
etal. havedemonstratedthebene�tsof usingRDMA oper-
ationsto supportnoncontiguousdatacommunication.Four
schemesareproposedto eitheroverlapthe packing,com-
munication,andunpackingor eliminatethepackingand/or
unpacking.

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

Our work differs theseprevious work in the following
threeaspects.First,we focuson employing MPI datatypes
in theNAS benchmarks.Weanalyzethedevelopmentcom-
plexity andeffort usingMPI datatypesin theseapplication-
level benchmarks.Second,weperformcomprehensiveper-
formanceevaluationof the currentdatatypeimplementa-
tion in MPICH on two typical clustersin the context of
NAS benchmarks. Third, the datatypeversion of NAS
benchmarkscan be served as betterbenchmarksto eval-
uateperformanceof the datatypeprocessinganddatatype
communicationin MPI implementationsthan the micro-
benchmarkswhich have beenusedin the previous work.
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6 Conclusionsand Future Work

In thispaper, weimplementfour NAS benchmarks:MG,
LU, BT, andSPusingMPI datatypes.We performcompre-
hensive performanceevaluationof the datatypeversionof
theseNAS benchmarks.Our experimentalresultson two
clustersshow that MPI datatypescan offer performance
comparableto that of usingmanualpacking/unpackingin
thesefour NAS benchmarks.Our resultsalso show that
the manualpacking and unpackingin the original NAS
benchmarksareproneto performancedegradation.Using
datatypescanreduceor avoid theselimitations. In addition,
usingdatatypesigni�cantly reducesthedevelopmenteffort.
Thenumberof communicationcodelines is reducedup to
52%and28%in averagein thestudiedfour benchmarks.

All datatypeconstructorsprovidedin theMPI-1.1stan-
dardareuseddueto the complicatednon-contiguousdata
communicationpatternsin thesebenchmarks.We believe
our modi�ed NAS benchmarkscan serve as application-
level benchmarksto evaluatedatatypeprocessingandcom-
municationin variousMPI implementations.

As for our future work, we plan to use thesebench-
marksto evaluateperformanceof thedatatypecommunica-
tion schemesproposedin [22]. We alsowork on theexten-
sionto thedatatypeprocessingsystemto takefull advantage
of theemergingRDMA communicationmechanism.
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