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Abstract

Many scientificapplicationshave large I/O requirements,in termsof both the sizeof dataandthe
numberof files or datasets.Management,storage,efficient access,andanalysisof this datapresentan
extremelychallengingtask. Traditionally, two differentsolutionshave beenusedfor this task: file I/O
or databases.File I/O canprovide high performancebut is tediousto usewith large numbersof files
andlargeandcomplex datasets.Databasescanbeconvenient,flexible, andpowerful but donotperform
andscalewell for parallelsupercomputingapplications.We have developeda softwaresystem,called
ScientificDataManager(SDM), that combinesthegoodfeaturesof bothfile I/O anddatabases.SDM
providesa high-level API to theuserand,internally, usesa parallelfile systemto storerealdata(using
variousI/O optimizationsavailablein MPI-IO) anda databaseto storeapplication-relatedmetadata.In
order to supportI/O in irregular applications,SDM makesextensive useof MPI-IO’s noncontiguous
collective I/O functions. Moreover, SDM usesthe conceptof a history file to optimizethe costof the
index distributionusingthemetadatastoredin database.We describethedesignandimplementationof
SDM andpresentperformanceresultswith two regularapplications,ASTRO3DandanEulersolver, and
with two irregularapplications,a CFDcodecalledFUN3Danda Rayleigh-Taylor instabilitycode.
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1 Introduction

Many large-scalescientificexperimentsandsimulationsgeneratevery largeamountsof data[2, 9] (on the
orderof severalhundredgigabytesto terabytes),spanningthousandsof files or datasets.Moreover, such
applicationshave differentpatternsof accessingdatafrom files. Someapplicationsaccessdatain regular
block or cyclic accesspatterns.Othershave morecomplex irregularaccesspatternsthatcannotbedetected
atcompiletime. Thesedifferentwaysof accessingdatain applications,alongwith thelargenumberof files
andlargesizeof databeinggenerated,makehigh-performanceaccess,management,storage,andanalysis
of thedataanextremelychallengingtask.

Currenttechniquesfor datamanagementareeitherraw file-I/O interfaces,suchasMPI-IO [13, 24], or
full-fledgeddatabases.File-I/O interfacesprovide high performancebut aretoo cumbersometo usewith
large,complex datasetsandlargenumbersof files. For example,theusermustrememberfile namesand
the organizationof datain a file andmustspecifythe exact locationin the file from which the datamust
be accessed.Databases,on the otherhand,provide a convenient,high-level interfaceandpowerful data-
retrieval capability, but they do not measureup to the performancerequirementsof large-scalescientific
applicationsrunningon supercomputers.

We have developeda softwaresystem,calledScientificDataManager(SDM), thatcombinesthegood
featuresof bothfile I/O anddatabases[28, 29]. SDM providesa high-level, user-friendly interface.Inter-
nally, SDM interactswith adatabaseto storeapplication-relatedmetadataandusesMPI-IO to storethereal
dataonahigh-performanceparallelfile system.SDM takesadvantageof variousI/O optimizationsavailable
in MPI-IO, suchascollective I/O andnoncontiguousrequests,in amannerthatis transparentto theuser.

SDM providesefficient I/O supportfor irregular applications,while maintaininga high-level unified
API for bothregularandirregularapplications.In irregularapplications,thedataaccessesmakeextensive
useof arrays,calledindirectionarrays[8] or maparrays[13], in which eachvalueof thearraydenotesthe
correspondingdatapositionin memoryor in thefile. Thedatadistribution in irregularapplicationscanbe
doneeitherby usingcompilerdirectiveswith the supportof runtimepreprocessing[15, 14] or by usinga
runtimelibrary [8]. Most of thepreviouswork in theareaof unstructured-gridapplicationsfocusesmainly
on computationandcommunicationin suchapplications,not on I/O. SDM takesadvantageof MPI-IO’s
supportfor noncontiguousdataaccessesand, therefore,canefficiently handlethe readingandwriting of
datain anirregularmesh,aswell asthedistributionof index values.

Therestof thispaperis organizedasfollows. In Section2 we discussourgoalsin developingSDM. In
Section3 we presentthedesignandimplementationof SDM. Performanceresultson theSGI Origin2000
andon theIBM SPat ArgonneNationalLaboratoryarepresentedin Section4. We discussrelatedwork in
Section5 andconcludein Section6.

2 Design Objectives

Our mainobjectivesin developingSDM wereto provide high-performanceparallelI/O, to provide a high-
level applicationprogramminginterface(API), to supporta convenientdata-retrieval capability, andto op-
timize theexecutiontimeof bothregularandirregularapplications.

� High-Performance I/O. To achieve high-performanceI/O, we decidedto usea parallelfile-I/O sys-
temto storerealdataanduseMPI-IO to accessthis data. MPI-IO, the I/O interfacedefinedaspart
of theMPI-2 standard[13, 24], is rapidly emerging asthestandard,portableAPI for I/O in parallel
applications.High-performanceimplementationsof MPI-IO, bothvendorandpublic-domainimple-
mentations,areavailablefor mostplatforms[10, 19, 32, 33, 42]. MPI-IO is specificallydesignedto
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enablethe optimizationsthatarecritical for high-performanceparallelI/O. Examplesof theseopti-
mizationsincludecollective I/O, theability to accessnoncontiguousdatasets,andtheability to pass
hintsto theimplementationaboutaccesspatterns,file-stripingparameters,andsoforth.

� High-Level API. Ourgoalwasto provideahigh-levelunifiedAPI for any kind of application(regular
or irregular)while encapsulatingthedetailsof eitherMPI-IO or a database.Theusercanspecifythe
datawith a high-level description,togetherwith annotations,andusea similar API for dataretrieval.
SDM internally translatesthe user’s requestinto appropriateMPI-IO calls, including creatingMPI
deriveddatatypesfor noncontiguousdata[41]. SDM alsointeractswith thedatabasewhennecessary,
by usingembeddedSQL functions.

� Convenient Data-Retrieval Capability. SDM allows theuserto specifynamesandotherattributes
to beassociatedwith a dataset.SDM internallyselectsafile nameinto which thedatawill bestored;
themappingbetweendatasetsandfile namesis storedin thedatabase.Theusercanretrieve a data
setby specifyingauniquesetof attributesfor thedesireddata.SDM alsoallowstheuserto querythe
metadatafor a storeddatasetandthenselectdatawith specificattributes.

� Optimization of Irregular Applications. In irregularapplications,thecostof an index distribution
is usuallyexpensive, in termsof communicationandcomputationvolumes.In SDM, afterthe index
valuesarepartitionedamongprocesses,the local index subsetsof all processesareasynchronously
written to a historyfile, andtheassociatedmetadatais storedin thedatabase.Whenthesameindex
distribution is neededin subsequentruns, the index valuesare readfrom the history file by using
the metadatastoredin the database,and therebythe usercan avoid repeatingthe communication
andcomputationfor the sameindex distribution. SDM alsousesMPI datatypesandcollective I/O
functionsto optimizeI/O for irregularaccesspatterns.

3 Implementation

With thehelpof sampleregularandirregularproblems,wedescribethedesignandimplementationof SDM.

3.1 Regular Applications

We presenta sampleregularproblemanddescribethemetadatastoragein thedatabase,theSDM API, and
theorganizationof datain files.

3.1.1 Problem Description and SDM API

ASTRO3Dis athree-dimensionalastrophysicsapplicationdevelopedat theUniversityof Chicago.For sim-
plicity of explanation,we considerthetwo-dimensionalversionof this three-dimensionalapplication.(The
performanceresultspresentedin this paperarefor the full three-dimensionalversion.) In this application,
datais storedin severalarraysthatareblock distributedin eachdimension.At varioustime steps,several
of thesearraysarewritten to files for dataanalysis,restart,andvisualization.Six floating-pointarraysare
written for dataanalysisandanothersix for restart;sevencharacterarraysarewritten for visualization.The
frequenciesof thewritescanbevaried.

We usethe term data set to refer to eacharraybeingwritten anddata group to refer to all the arrays
written at a time stepfor a particularpurposesuchasdataanalysis.For simplicity of explanation,let us
assumethat threearraysarewritten for dataanalysis,anotherthreefor restart,andfour for visualization.
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SDM initialize(ASTRO3D);
A = SDM makedatalist(3,

�������	��
��	����

);

A[0].data type= FLOAT;
A[0].accesspattern[0]= BLOCK;
A[0].accesspattern[1]= BLOCK;
SDM associateattributes(3,&A[0]);

handle= SDM setattributes(A,3);
SDM subarray(handle,3,0,starts,subsizes,NULL);
SDM dataview(handle,3,0,NULL,NULL);

For (i=1; ����� ���������	�
; i++)

�
......
Do computation;
......
SDM write(handle,

� �
, i,

� �������
);

SDM write(handle,
��


, i,
��
 �����

);
SDM write(handle,

���
, i,

��� �����
);



SDM finalize(handle,3);

(a)

SDM initialize(ASTRO3D);
A = SDM makedatalist(3,

� �����	��
!�"���#

);

initialize(&date);
date.year= 2000;
date.month= 10;
date.day= 10;

handle= SDM selectattributes(A,3);
SDM subarray(handle,3,0,starts,subsizes,NULL);
SDM dataview(handle,3,0,NULL,NULL);

For (i=1; �$�%� ���������	�
; i++)

�
SDM read(handle,

���
, i,

��� �����
);

SDM read(handle,
��


, i,
��
 �����

);
SDM read(handle,

� �
, i,

� �!�����
);

......
Do computation;
......


SDM finalize(handle,3);

(b)

Figure1: SDM API to perform(a) write and(b) readoperationsfor datagroupA in ASTRO3D

(Notethatall arrays—six,six,andseven—wereusedin theperformanceexperimentsreportedin thispaper.)
Let us further assumethat the data-analysisandrestartdumpsareperformedevery six time stepsandthe
visualizationdumpsare performedevery four time steps. Let &�'�()&�*�(�&,+ be the threedatasetsfor data
analysisand -/.10	&2'�(�&$*3()&4+)5 bethedatagroupfor dataanalysis.Similarly, wehave 67.80	9)':(�9;*�(�9�+<(�9)=�5 for
visualizationand >?.10	@)'�(�@;*�(�@�+�5 for restart.

Figure1 showshow theSDM API is usedto perform(a) write and(b) readoperationsfor dataanalysis
(datagroupA) in a two-dimensionalversionof ASTRO3D.

3.1.2 Implementation Details

SDM providesa high-level API andstoresapplication-relatedmetadatain a database.For regular appli-
cationswherethedataaccesspatterncanbe predictedbeforeruntime,SDM createsthreedatabasetables:
run table, accesspattern table, andexecutiontable (seeFigure2). Thesetablesaremadefor eachappli-
cation. Eachtime an applicationwritesdatasets,SDM entersthe problemsize,dimension,currentdate,
anda uniqueidentificationnumber(runid) to the run table. The accesspatterntableincludesthe proper-
tiesof eachdataset,suchasdatatype,storageorder, dataaccesspattern,andglobal size. SDM usesthis
informationto makeappropriateMPI-IO callsto accesstherealdata.Theexecutiontablestoresa globally
determinedfile offsetdenotingthestartingoffsetin thefile of eachdataset.

In SDM, userscanspecifygroupsof datasetsby assigningpropertiesto thefirst datasetin agroupand
by propagatingthemto theotherdatasetsbelongingto thesamegroup.Themainreasonfor makinggroups
of datasetsis thatSDM canthenusedifferentwaysof organizingdatain files, with differentperformance
implications.For example,eachdatasetcanbewritten in a separatefile, or thedatasetsof a groupcanbe
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Figure2: Databasetablesusedfor solvingregularapplicationsin SDM

written to a singlefile. For ASTRO3D, we createdthe threedatagroups,A = &�'�()&�*�(�&,+ , B = 9)'�(�9;*�(�9�+<(�9)= ,
andC = @)'�(�@;*�()@�+ , for dataanalysis,visualization,andrestart,respectively. Thepropertiesassignedto each
datasetarestoredin thedatabaseby callingSDM set attributes.

In caseof readoperations,datafrom a specificrun canberetrievedby specifyingattributesof thedata,
suchasthedateof therun. Also, thepropertiesof thedatasetsneednotbespecifiedbecauseSDM retrieves
this informationfrom thedatabase.

ThemainSDM functionsfor writing andreadingdataareSDM write andSDM read. Beforecalling
thesefunctions, the usermust provide the information necessaryfor SDM to perform I/O, suchas the
startingpoints andsizesof the subarrayin eachdimensionin the caseof block distribution, or the size
of processgrids and distribution argumentsin eachdimensionin the caseof cyclic distribution. Also,
SDM data view mustbecalledto performthedatamappingbetweenmemoryandfile.

In orderto performI/O, thehandleof a group,positionof a datasetwithin thehandle(group),current
time step,andpointerto theapplicationbuffer arepassedto theSDM I/O function.Notethattheuserdoes
not have to provide file names.SDM generatesthefile nameandrecordsthenamein thedatabase.SDM
callsMPI-IO’scollective I/O functionsto performI/O efficiently andin parallelfrom all processes.

3.1.3 File Organization

SDM supportsthreedifferentwaysof organizingdatain files. In level 1, eachdatasetgeneratedat each
timestepis written to aseparatefile, asshown in Figure3. Thisfile organizationis simple,but it incursthe
costof a file openandcloseat eachtime step,which on somefile systemscanbe quite high, aswe shall
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Figure3: Level-1 file organizationat 6th time stepin ASTRO3D. The superscripton a datasetdenotes
thetime stepat which thedatasethasbeenwritten to a file, RId denotesthecurrentidentificationnumber
(runid), andeachshadowedbox (alongwith thenamebesideit) shows theSDM-generatedfile for storing
thecorrespondingdataset.

seein theperformanceresults.For a largenumberof datasetsandtimesteps,thismethodcanbeexpensive
becauseof thelargenumberof file opens.

In level 2, eachdataset(within a group)is written to a separatefile, but differentiterationsof thesame
datasetareappendedto thesamefile, asillustratedin Figure4. This methodresultsin a smallernumberof
filesandsmallerfile-opencosts.Theoffsetin thefile wheredatais appendedis storedin theexecutiontable.

In level 3, all iterationsof all datasetsbelongingto a grouparestoredin a singlefile, asshown in
Figure5. As in level 2, the file offset for eachdataset is storedin the executiontable by process0 in
theSDM write function. If a file systemhashigh openandclosecosts,SDM cangeneratea very small
numberof files by choosingthe level-3 file organization.On the otherhand,if an applicationproducesa
largenumberof datasetsof largesize,level 3 wouldresultin verylargefiles,whichmayaffectperformance.

Westudytheperformanceimplicationsof thethreefile-organizationlevelsin theperformancesection.

3.2 Irregular Applications

We now describetheSDM architecturefor supportingirregularapplications.

3.2.1 Problem Description and SDM API

Figure 6 shows a typical irregular applicationthat sweepsover the edgesof an irregular mesh. In this
problem,edge1 andedge2 aretwo arraysrepresentingnodesconnectedby an edge,andarraysx and
y arethe actualdataassociatedwith eachedgeandnode,respectively. The partitionedarraysof edge1,
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Figure4: Level-2 file organizationat 6th time stepin ASTRO3D. The superscripton a datasetdenotes
thetime stepat which thedatasethasbeenwritten to a file, RId denotesthecurrentidentificationnumber
(runid), andeachshadowedbox (alongwith thenamebesideit) shows theSDM-generatedfile for storing
thecorrespondingdataset.
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Figure5: Level-3 file organizationat 6th time stepin ASTRO3D. The superscripton a datasetdenotes
thetime stepat which thedatasethasbeenwritten to a file, RId denotesthecurrentidentificationnumber
(runid), andeachshadowedbox (alongwith thenamebesideit) shows theSDM-generatedfile for storing
thecorrespondingdataset.
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(global files whose sizes are the total 
number of nodes)

p(0) p(1) p(2) p(3) p(4)

q(0) q(1) q(2) q(3) q(4)

/* Assume that a partitioning vector
already resides in processor memory */ 

/* edge1, edge2, x and y are read from 
a file "uns3d.msh" */

int *edge1, *edge2
double *x, *y, *p, *q

Read edge1, edge2
Distribute edge1 and edge2 using

the partitioning vector

Read x
Distribute x using the partitioned edges

Read y

Distribute y using the partitioned nodes

For (i=1; i<maxStep; i++) {

Compute results p and q using
the partitioned x, y, edge1 and edge2

(For each checkpoint) {

Write results p and q to files
ordered by global node numbers

}
}

Figure6: A sampleirregularproblem

edge2, x, andy containasinglelevel of “ghostdata”beyondtheboundariesto minimizeremoteaccesses.
After the computationis completed,the resultsp andq arewritten to a file in the orderof global node
numbers.

Figure7 shows how the dataandindex partitioningcanbespecifiedin SDM. We usethe term import
to distinguishit from a readoperation.A readoperationreadsthedatacreatedin SDM, whereasanimport
operationreadsthedatacreatedoutsideof SDM. Figure8 shows theuseof SDM for writing theresultsof
thecomputation.

3.2.2 Implementation Details

Besidesproviding a high-level API for convenientdataretrieval and I/O, SDM provides a capability to
partitiontheindex anddataarraysbeingusedin irregularapplications.To usetheSDM partitioningscheme,
usersmustprovide a partitioning vector in which eachvalueof thevectordenotesa processorrankwhere
the nodeshouldbe assigned.The partitioningvectorshouldbe replicatedamongprocesses.The current
implementationof SDM requiresthat thepartitionvectorfit in memory;an out-of-corepartitionvectoris
notcurrentlysupported.For theapplicationillustratedin Figure6, weusedthepartitioningvectorgenerated
from thegraph-partitioningtool Metis [20, 34].

TheSDM partitioningphasegeneratesmaparraysthatspecifythemappingof eachelementof thelocal
arrayto the global array. The maparraysareusedin I/O operations.This partitioningphaseis optional;
userscaninsteadprovide their own maparray, while bypassingthisphase.

For irregular applications,in order to partition index anddataarraysand to perform I/O, SDM cre-
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import = SDM makedatalist(4,
�
edge1,edge2,x, y



);

import[2].datatype= DOUBLE;
SDM associateattributes(2,&import[2]);
SDM makeimportlist(handle,4, import);

SDM import(handle,edge1,0, totalEdges,tmp);
SDM import(handle,edge2,(totalEdges*sizeof(int)),

totalEdges,tmp+(totalEdges*sizeof(int)));

/* Distributeedge1andedge2amongprocesses*/
vector= SDM partition table(handle,partitioning vector, totalNodes);
partitionededge= SDM partition index(handle,partitioning vector, totalNodes,&tmp, &vector);

localEdges= SDM partition index size(handle);
localNodes= SDM partition datasize(handle);

/* Makea historyof this index distribution */
SDM index registry(handle,partitionededge,vector);

/* Import x */
file offset= 2*totalEdges*sizeof(int);
SDM dataview(handle,1, x, &partitionededge,&localEdges);
SDM import(handle,x, file offset,totalEdges,xbuf);

/* Import y */
file offset+= totalEdges* sizeof(double);
SDM dataview(handle,1, y, &vector, &localNodes);
SDM import(handle,y, file offset,totalNodes,ybuf);

SDM releaseimportlist(handle,4);

Figure7: UsingSDM for index anddatapartitioningin theirregularapplicationof Figure6

atessix databasetables: run table, accesspattern table, executiontable, import table, index table, and
index history table. Thefirst threetablesarethesameasdescribedin Section3.1.2for regularapplications.

In orderto optimizethecostof index distributions,SDM providesa historyfile to storethelocal index
subsetsof all processes.Theassociatedmetadatais storedin thedatabase.Whenthesameindex distribution
is neededlater, eachprocesscan retrieve the partitionedindex valuesfrom the history file by using the
metadatastoredin thedatabase.This savesthecostof creatingthepartitionseachtime.

Thedisadvantageof thehistoryfile is thatit cannotbeusedif theproblemrunsonadifferentnumberof
processesfrom thatwhenthefile wascreated,becausetheedgesandnodesbeingassignedto eachprocess
dynamicallychangeamongdifferentnumbersof processes.Oneefficient useof thehistoryfile is to create
it in advancefor the variousnumbersof processesof interest. As long as the userruns the application
with any of thosenumbersof processes,anappropriatehistorycanbechosento reducecommunicationand
computationcosts.

Figure 7 describesthestepsin SDM to partitiontheindexesanddata.Thefour arrays,edge1, edge2,
x, andy, areimportedby creatinga datagroup. The functionSDM import first accessestheindex table
in the databaseto seewhethera history file exists with this problemsize. If so, the metadata,suchas
eachprocess’s partitionedindex sizeandthenameof thehistoryfile, is retrievedfrom theindex tableand
index history table. Otherwise,thedesireddatais importedto the application.Sinceedge1 andedge2
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SDM initialize(ApplicationName);
result= SDM makedatalist(2,

�
p, q



);

result[0].datatype= DOUBLE;
SDM associateattributes(2,&result[0]);
handle= SDM setattributes(result,2);
......
/* Partitionedge1,edge2,x andy amongprocesses(Figure7) */
......
SDM dataview(handle,2, 0, &vector, &localNodes);
For (i=1; �$�A� �������B�C�

; i++)
�

......
Do computationandproduceresultsp andq;
......
For (eachcheckpoint)

�
SDM write(handle,p, i, pbuf);
SDM write(handle,q, i, qbuf);



SDM finalize(handle,2);

Figure8: UsingSDM for writing resultsin theirregularapplication

arebeing importedin a contiguousway, thereis no needto specify datamappingbetweenthe file and
processormemory.

In SDM partition table, the globalpartitioningvector(partitioning vector in Figure7)
is convertedto thelocalvector(vector in Figure7) to determinewhichnodeshouldbeassignedto which
process.

If thereis a historyfile for this problemsize,SDM partition index readsthe alreadypartitioned
edge1 andedge2 from the history file andconverts them to localizededgesby using the partitioning
vector. Thisapproachavoidsthecommunicationcostto exchangeeachprocess’sedgesandthecomputation
costto choosetheedgesto beassigned.If thereis no historyfile, theedgesin eachprocessaredistributed
by readingall thedatain parallelandby performinga ring-orientedcommunication.

For storingthepartitionededgesandnodes,includingtheghostones,acertainamountof memoryspace
is initially allocatedto eachprocess.Whentheentirememoryspaceis occupiedby thepartitioneddata,it
is automaticallydoubledby adjustingthememorysize.This preventsthesystemfrom looking throughthe
entiredatain two steps,onestepto decidethesizeof memoryspaceandtheotherstepto actuallystorethe
datain thememoryspace.After theedgesandnodesaredistributed,theedgesin eachprocessaremovedto
thenext processin thevirtual ring. As a result,two maparrays,partitioned edge andvector, are
generatedthatareusedto distributethephysicaldataassociatedwith eachedgeandnode,respectively.

SDM index registry createsa history file containingthe index distribution if no history file had
beencreatedearlierfor theindex distribution.Theinformationto partitionindex arrays,suchasthepartition
sizefor eachprocess,is storedin thedatabasetablesindex table andindex history table. Also,
thepartitionedindex values(partitioned edge in ourexample)arewrittenasynchronouslyto ahistory
file to beretrievedin subsequentrunsrequiringthesameedgedistribution.

Figure8 shows the stepsto write two datasets,p andq, after completingthe computationsat each
checkpoint.Beforewriting p andq, thedatamappingis definedin theSDM data view by usingthemap
array(vector) associatedwith the nodepartition. The datasetsarewritten to files accordingto oneof
thefile organizationsdescribedin Section3.1.3.All theI/O is performedby usingMPI-IO’s collective I/O
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Figure9: SDM executionflow to solve theexamplein Figure6

functionsandderiveddatatypesto describenoncontiguousaccesspatterns.
Figure9 depictsthemetadatastoragein thedatabaseandtheorganizationof datain files in SDM for the

examplein Figure6.

4 Performance Results

We usedthe IBM SPandSGI Origin2000at ArgonneNationalLaboratoryfor all our performancetests.
At the time the experimentswererun, thesemachineswereconfiguredas follows. The IBM SPhad80
computenodesand4 I/O nodes.EachI/O nodecontrolledfour SSAdisks,eachof 9 Gbytecapacity. The
parallelfile systemon the machinewasIBM’ s PIOFS[18]. The SGI Origin2000had128processorsand
10 FibreChannelcontrollersconnectedto a totalof 110disks,eachof 9 Gbytecapacity. Thefile systemon
theOrigin2000wasSGI’sXFS [16, 38].

4.1 Performance Results for Regular Applications

For performanceevaluationof regularapplications,weusedanoptimizationcalleddirectI/O onXFS.When
certainalignmentrestrictionsaremet, the usercanchoosethe direct-I/O option, in which the file system
movesdatadirectlybetweentheuser’sbuffer andthestoragedevice,bypassingthefile-systemcache.Direct
I/O thuseliminatesanextramemorycopyinto thecacheandcanperformwell if theI/O sizeis largeandthe
machinehasa high-bandwidthI/O system.Direct I/O canbeusedfrom anMPI-IO program:theROMIO
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Figure11: I/O bandwidthfor ASTRO3D on the
IBM SP

implementationof MPI-IO thatweusedsupportsdirectI/O [43]. Wepresentperformanceresultswith both
directI/O andregular(buffered)I/O.

We usedtwo regular applicationtemplates,ASTRO3D anda three-dimensionalEuler solver, in our
performanceexperiments.For ASTRO3D,weusedaproblemsizeof D�E�FHGID�E�FHGID�E�F . Werantheprogram
for onetime stepandperformedthedataanalysis,restart,andvisualizationdumpsat that time step. This
resultedin a totalof around880Mbytesof data.

Thesecondapplicationis a three-dimensionalEulersolver for the problemof three-dimensionaltran-
sonicflow aboutanM6 wing [12]. Thisapplicationis amesh-structuredcodethatwritesthephysicalvalues
andresidualof eachnodeat certainiterations.Thestructureof thesevaluesis a distributedglobal vector,
andeachvaluehasfive components(density, energy, andthreecoordinatesof momentum).In addition,the
applicationwritesthephysicalcoordinatesandpressureateachmeshpoint. In ourexperiments,we ranthe
codefor 50 iterationsandwrotedataatevery 5 iterations.Theproblemsizewas J:K�LMGON�LMGPN�L .

4.1.1 Cost of Database Access

SDM usesTCP/IP to connectto the databaseservers. We performedour experimentswith two different
databases,MySQL [25] andPostgreSQL[31]. Figure10 shows thedatabase-accesscostin theSDM write
operationon theOrigin2000.Theconnectionto anddisconnectionfrom thedatabaseserver occuroncein
SDM initialize andSDM finalize, respectively. In SDM set attributes, process0 accesses
therun table andaccess pattern table to storeattributes.In thewrite operation,process0 stores
the file offset in theexecution table. Accessto theexecution table occurred19 timesin AS-
TRO3D versus60 timesin the Euler solver. As canbe seenin Figure10, the database-accesscostusing
eitherof thedatabaseserverswaslessthan0.6sec.Thiscost,however, will changeaccordingto thenumber
of I/O operationsoccurringin theapplications.

We observedthatMySQL performsbetterthanPostgreSQL.Therefore,we usedonly MySQL for the
restof theperformanceexperiments.
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Figure12: Write bandwidthfor ASTRO3D on the
SGI Origin2000
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Figure13: Readbandwidthfor ASTRO3Donthe
SGI Origin2000

4.1.2 Results for ASTRO3D

Figure11 shows thewrite andreadbandwidthsfor ASTRO3D on theIBM SPusing32 processorsfor the
threelevels of file organization. Sincewe ran only one iterationof the program,levels 1 and2 resulted
in the samefile organization.Level 3 achieved muchhigherbandwidthbecauseonly threedifferentfiles
werecreated,and,therefore,only threefile opensoccurred.Thehigh costof file openson thePIOFSfile
system[40] resultedin lower performancefor levels 1 and2, where19 separatefiles werecreated.The
impactof file-opentimecanindeedbequitelarge.

Figures12 and13 show thewrite andreadbandwidthsfor ASTRO3D on theSGI using16 processors.
Wemeasuredperformancefor bothdirectI/O andbufferedI/O. For writing data,directI/O performedbetter
thanbufferedI/O. Therearetwo reasonsfor this. First,with bufferedI/O, XFS serializesconcurrentwrites
to thesamefile, whereaswith directI/O, concurrentwritesareallowedto proceedin parallel.Second,direct
I/O eliminatesa copy into thefile-systemcache.For readingdata,bufferedI/O performedbetter. Again,
therearetwo reasonsfor this. Onereasonis that XFS doesnot serializebufferedreads;therefore,direct
readsdo not have any extra advantagein theareaof parallelism.Thesecondreasonis thatXFS performs
a read-ahead(prefetch)in thecaseof bufferedreads,but not in caseof direct reads.Theread-aheadpolicy
workswell for this application,andbufferedreadsthereforeperformbetter. Sincethecostof file opensis
smallon XFS,thethreelevelsof file organizationperformednearlythesame.

4.1.3 Results for the Euler Solver

Figure14 shows the write andreadbandwidthsfor the Euler solver on the IBM SPusing32 processors.
Thetotaldatawrittenwasaround240Mbytes.In level 3, only two filesweregenerated,onefor writing the
coordinatesandpressureateachmeshnodeandtheotherfor writing thephysicalvaluesandresidualateach
node.In level 2, six vectors(thatis, thethreecoordinates,pressure,physicalvaluesof eachnode,andnodal
residual)werewritten separately, resultingin a total of six files. In level 1, thesix vectorsgeneratedevery
five iterationswerewrittenseparately, resultingin a totalof 60 files. As Figure14shows,level 3 performed
thebestbecauseof thehigh opencoston PIOFS.In level 1, thefile-opencosttookaround80%of thetotal
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Figure15: I/O bandwidthfor theEulersolveron
theSGI Origin2000

executiontime; in level 2, it tookaround30%;andin level 3, it tookaround20%of thetotalexecutiontime.
Figure15 showsthewrite andreadbandwidthsfor theEulersolverusing16 processorsontheSGI.For

this application,we usedonly bufferedI/O. We couldnot usedirectI/O becausethememoryallocationfor
distributedvectorswasdoneinsidethe numericallibrary (PETSc[30]) that theapplicationuses,andthus
we couldnot align thebuffers to thecacheline asrequiredfor direct I/O. For thewrite operation,levels2
and3 performedslightly betterthanlevel 1. For the readoperation,however, level 1 performedthebest.
Thereasonis thattheread-aheadpolicy of XFS for bufferedreadsoperatesona per-file basisandtherefore
worksto theapplication’sadvantagewhenit hasa greaternumberof files.

4.2 Performance Results for Irregular Applications

Weobtainedperformanceresultsfor irregularapplicationsontheSGIOrigin2000atArgonneNationalLab-
oratory. Thefirst applicationtemplatethatwe benchmarkedwasa tetrahedralvertex-centeredunstructured
grid codecalledFUN3D developedby W. K. Andersonof theNASA Langley ResearchCenter[1]. This
applicationusesa partitioningvectorgeneratedfrom METIS to partition the nodesandedgesin a mesh.
The meshwe usedhadabout18 million edgesand2 million nodes. At the initial stage,the application
importsedges,four dataarraysassociatedwith edges,andanotherfour dataarraysassociatedwith nodes.
Thetotal importeddatasizewasabout807Mbytes.As aresultof computations,theapplicationwroteabout
21 Mbytesof four datasetseachand105Mbytesof a singledataset.Using64 processors,we iteratedthe
applicationtemplatefor two timesteps;ateachtimestep,fivedatasetswerewritten to files.

Thesecondapplicationtemplatethatwe ranwasa Rayleigh-Taylor instability application[11] that is
motivatedby a joint projectbetweentheUniversityof ChicagoandArgonneto studythermonuclearflashes
on astrophysicalobjects.Whenever thesimulationtime reachesa certainpoint, theapplicationwrites two
datasets:a singlenodedatasetassociatedwith verticesin a mesh,anda triangledatasetassociatedwith
triangleson tetrahedralfaces.In theapplicationtemplate,we wroteabout36 Mbytesof thenodedataset
andabout74 Mbytesof thetriangledatasetateachtimestep.Sincewe iteratedthetemplatefive times,the
totaldatasizewrittenwasapproximately550Mbytes.
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Figure17: I/O bandwidthfor readingandwriting
datain FUN3D on SGIOrigin2000

4.2.1 Results for FUN3D

Figure16 showsthebandwidthto import andpartition18 million edges,four datasetseachof 144Mbytes
of dataassociatedwith edges,andanotherfour datasetseachof 21 Mbytesof dataassociatedwith nodes.
Theoriginal versionof the application—without usingSDM—performsall the I/O operationsby a single
process(process0), which thenbroadcastsdatato other processes.SDM performsI/O in parallel from
all processesusingMPI-IO. Thebarlabeledindex distri in Figure16 shows thecommunicationand
computationcoststo partition theedgesafter importing themto theapplication.Thebar labeledimport
showsthecostof readingtheedgesandeightdataarrays.

Theoriginal applicationreadstheedgesin two steps:onestepto determinetheamountof memoryto
storethepartitionededgesandtheothersteptoactuallyreadtheedges.SDM,however, extendstheallocated
memorydynamicallyasneeded(usingC functionrealloc) andis thereforeableto readthepartitioned
edgesin a singlestep. This contributesto the reducedcostof index distri whenusingSDM. When
partitioningtheedgeswith ahistoryfile, thecostof index distri is nothingbut readingthehistoryfile
of theedgesin a contiguousway, includingthedatabasecostto accessthemetadata.Sincethehistoryfile
containsthealreadypartitionededges,thereis noneedto import theedges;hence,thereadcostin import
is reduced.

Figure17 showstheI/O bandwidthfor writing andthenreadingbackthedatageneratedfrom theappli-
cationusing64 processors.Thetotal datasizewasapproximately379Mbytes. In level 1, eachdataarray
is written to separatefiles, resultingin thecreationof 10 differentfiles. Eachtime thedataarrayis written
to files, level 1 requiresthecostfor openinga file anddefininganMPI-IO file view to accessthedatafrom
the portion of the file pointedby the global file offset. In level 2, however, eachdataarraygeneratedat
eachtime stepis appendedin five files, generatingfive file-openandfile-view costs.This reducednumber
of files improvestheI/O performanceslightly. In level 3, only two files aregenerated,resultingin thebest
I/O performanceamongthe threefile organizations.Thedifferencebetweenthreefile organizationsis not
significantbecausethefile-opencostis smallon theSGIOrigin2000.
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Figure18: I/O bandwidthfor RT on SGIOrigin2000

4.2.2 Results of RT Application

Figure18 shows the I/O bandwidthin the RT applicationfor writing approximately550 Mbytesof data.
In the original application,thewrite operationis performedsequentially. In otherwords,after seekingto
the startingpositionin a file, processeswrite their local portion of dataoneby one. Whenwe portedthe
applicationto SDM, the I/O performanceincreasedsignificantlybecauseof theparallelI/O optimizations
of MPI-IO.

In SDM, we wrotethenodedatasetaccordingto theglobalnodenumberof thepartitionednodesand
wrote the triangledatasetcontiguously. Sincetwo datasetsarewritten to files separately, SDM supports
two differentwaysof file organization:level 1 andlevel 2/3 (levels2 and3 areidenticalin this case).When
the numberof processorswasincreasedfrom 32 to 64, but the total datasizeremainedconstant,the I/O
performancedeclined.With 32 processors,thedatasizebeingwrittenat eachtimestepwasabout1 Mbyte
for thenodedatasetand2 Mbytesfor thetriangledataset.Whenthenumberof processorswasincreased
to 64, thesizeof eachI/O operationbecamesmaller, reducingperformance.

5 Related Work

Relatedwork in thisareafalls into thecategoriesof I/O librariesandparallelfile systemsfor high-performance
I/O andotherlibrariesthataimto providedata-managementcapabilities.

Severaleffortshave soughtto optimizeI/O in parallelfile systemsandruntimelibraries[4, 6, 7, 17, 21,
23, 27, 35, 39]. SDM usesMPI-IO andparallelfile systemsto accessreal data,andthereforeSDM is a
consumerof theresultsof suchresearcheffortsasthey becomeavailablethroughMPI-IO implementations.

Othereffortsprovidedata-managementcapability. For example,HDF [44] andNetCDF[26] arepopular
librariesfor datamanagementin scientificapplications,andthey provideaself-describingdataformat.SRB
(StorageResourceBroker) [3] providesuniform interfaceto accessvariousstoragesystems,suchasfile
systems,Unitree,HPSSanddatabaseobjects.Shoshanietal. [36, 37] describeanarchitectureto storelarge
volumesof scientificdataon tertiarystoragesystemsin a way that thecostof dataretrieval is minimized.
TheActiveDataRepository[22] andDataCutter[5] optimizestorage,retrieval, andprocessingof very large
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multidimensionaldatasets.
The main differencesbetweenour work and the above efforts are that we strive for performancein

additionto flexibility andthatweaimto begeneralpurpose,not tied to aparticularapplicationor particular
classof applications.Thetechniqueweuseof separatingdataandmetadataandstoringthedatain aparallel
file systemandmetadatain adatabasecouldbeusedto implementotherlibraries,suchasHDF andNetCDF,
andweplanto investigatethatin thefuture.

6 Conclusions

We have presentedthe designandimplementationof anenvironmentfor high-performancescientificdata
management,calledScientificDataManager(SDM), thatis built on topof MPI-IO andalsointeractswith a
databasefor storingmetadata.SDM providesa simple,high-level interfaceandperformsall necessaryI/O
optimizationstransparentlyto theuser. Wealsoexperimentedwith differentwaysof organizingdatain files,
calledlevel 1–level 3. In general,whenfile-opencoston a particularfile systemis high, level 3 performs
well becauseit minimizesthenumberof files created.If thefile-opencostis small,theperformanceof the
threelevelsdependson how the numberandsizeof files affect performanceon theparticularfile system.
An appropriatefile-organizationpolicy cantherebybechosenfor aparticularfile system.

On theXFS file system,we foundthatthefile-opencostwassosmallthat it did not significantlyaffect
I/O performance.Instead,ourexperimentfocusedontheuseof directI/O andbufferedI/O in theASTRO3D
template.For writing data,we found thatdirect I/O performedmuchbetterthanbufferedI/O by avoiding
the overheadof copyingthe datainto the XFS buffer cacheandalsobecauseXFS allows direct writes to
proceedconcurrently. For readingdata,however, bufferedI/O performedbetterbecauseof its read-ahead
policy.

We have alsopresentedthe SDM API andarchitecturefor I/O in irregular applications.Besidespro-
viding aneasy-to-useuserinterfacefor managinglargedatasets,SDM usestheconceptof a historyfile to
optimizethecostof the index distribution. We studiedtheperformanceof SDM usingtwo irregularappli-
cations:FUN3D andRT. Whenwe usedSDM in bothapplications,therewasa significantimprovementin
I/O performancecomparedwith thatof theoriginalapplications.Also, weobservedthatusinga historyfile
for theindex distributionhelpedto reducethecomputationandcommunicationcosts.

In the future,we plan to useSDM with moreapplicationsandevaluateboth the usability andperfor-
mance.We planto refinetheSDM API sothat it canbeusedon a wide rangeof applications.We plan to
studyandimprove thescalabilityof thesystem,particularlythescalabilityof themetadata.We alsoplanto
investigatehow our implementationapproachcould beusedto implementHDF andNetCDFandwhether
suchanapproachwould improve performanceandflexibility of thoselibraries.
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