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Abstract

It is verycommonthatmodernlarge-scalescientificapplicationsemploy multiplecomputeandstor-
ageresourcesin a heterogeneouslydistributedenvironment.Working effectively andefficiently in such
anenvironmentis oneof majorconcernsfor designingmeta-datamanagementsystems.In this paper,
we presentan integratedgraphicaluserinterface(GUI) thatmakestheentireenvironmentvirtually an
easy-to-usecontrolplatformfor managingcomplex programsandtheir largedatasets.To hide the I/O
latency whenthetheusercarriesout interactive visualization,aggressive prefetchingandcachingtech-
niquesareemployed in our GUI. Theperformancenumbersshow that thedesignof our Java GUI has
achievedthegoalsof bothhighperformanceandease-of-use.

1 Introduction

Modernsimulationsnot only generatehugeamountsof data,they alsoemploy multiple techniquesto pro-
cessdatagenerated:theseprocessesincludedataanalysis,visualizationandsoon. As datasizefor these
applicationsis huge,large hierarchicalstoragesystemis usedasdatarepository. In addition,databases
arealsointroducedto make datamanagementeasily. Therefore,therearemultiple resourcesinvolved in
a modernlarge-scalescientificenvironmentandtheseresourcesareheterogeneousanddistributed. With-
out designingan efficient integratedenvironment,usershave to dealwith theseresourcesmanuallyand
explicitly. In general,therequirementsfor thesystemsto supportmodernsimulationsarecharacterizedas
follows.

� High performance simulation For dataintensiveapplications,state-of-the-artI/O optimizationssuch
ascollective I/O, prefetch,prestageandso forth shouldbe employed to alleviate I/O problemsof
simulations.

� High performance post-processings If theuseronly considerssimulationalone,it mayresultin bad
performancewhenshecarriesoutpost-processingssuchasvisualizationanddataanalysisetcbecause
thesepost-processingsmaynot sharethesameaccesspatternwith thesimulations. Theusershould
becarefulto arrangethelayoutsof herdatasetsproperlyonstoragesystems.

� Easy-to-use Databasesareemployed to fulfill this purpose. The databasecanmaintainmeta-data
information aboutthe applications,datasets,storagesystemsand so on and it also provides easy
querycapabilities.

� Integrated graphical environment If theuserworkson anuniform platformratherthandealwith
distributed resourcesmanuallyandexplicitly, high efficiency canbe achieved. Java provesto be a
powerful languagefor sucha task.
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� Latency reducing in the integrated environment Giventhefactthatthespeedof networksdoesnot
meettheuser’srequirements,aggressiveoptimizationssuchasprefetchingandcachingin adistributed
environmentarerequiredto hidethenetwork latency andreducetheprobabilityof network failures.

A computationalscientistwould beoverwhelmedin herapplicationdevelopmentif shehasto consider
byherselfall theseissueswhicharebeyondherexpertise.A lot of workaddressingtheaboveissueshasbeen
doneseparatelyin literature,few of themhaveconsideredthemin acompletelyunifiedframework. Brownet
al. [3] build ameta-datasystemontopof HPSSusingDB2 from IBM. TheSRB[2] andMCAT [12] provide
a uniform interfacefor connectingto heterogeneousdataresourcesover a network. ThreeI/O-intensive
applicationsfrom theScalableI/O Initiative ApplicationSuitearestudiedin [8]. But all theseworksonly
addressoneaspectof theissueswediscussedabove. Ourpreviouswork [6] is afirst steptowardconsidering
multiplefactorsin acompletepicture.Wehavedesignedanactivemeta-datamanagementsystemthattakes
advantageof state-of-the-artI/O optimizationsaswell asmaintainingease-of-usefeaturesby employing
relationaldatabasetechniques.In thispaper, wepresentfurtherconsiderationsaboutintegratedenvironment
and its optimizationsin a distributed environmentbasedon our previous work. We make the following
contributions:

� Presenta high performancedatamanagementsystemin which databaseperformsan active role in
makingI/O strategies,aswell asmanaginghugeamountsof dataeasily.

� Presentthedesignof anintegratedgraphicalenvironmentin Javafor large-scalescientificapplications
in a distributedenvironment.In our unifiedframework, userswork only on their local machinesand
our GUI hidesall thedetailsof distributedresources.Userscanlaunchtheparallelapplication,carry
outdataanalysisandvisualization,querydatabasesandbrowsethetablesin anuniforminterface.

� Presentan automaticcodegeneratorcomponent(ACG) to helpusersutilize themeta-datamanage-
mentsystemwhenthey aredevelopingnew applications.

� PresentanI/O latency reducingschemewhichsignificantlyimprovesI/O responsetimewhentheuser
carriesinteractive visualization.

Theremainderof thepaperis organizedasfollows. In Section2weintroduceanastrophysicsapplication
andaparallelvolumerenderingapplicationthatweusedin ourwork. A shorthandnotationisalsointroduced
for convenience.In Section3 wegiveanoverview of ourdesignof meta-datasystems(MDMS). Wepresent
ourdesignof theintegratedJavagraphicalenvironmentfor scientificsimulationsin Section4. Thefunctions
andtheinner-mechanismsthatGUI providesarepresented.In Section5 wepresentourI/O latency reducing
techniques.Finally weconcludeourpaperin Section6.

2 Introduction to Applications

Our first application,calledAstro-3Dor astro3d[1] henceforth,is a codefor scalablyparallelarchitectures
to solve theequationsof compressiblehydrodynamicsfor a gasin which thethermalconductivity changes
asa function of temperature.The codehasbeendevelopedto studythe highly turbulent convective en-
velopesof starslike thesun,but simplemodificationsmakeit suitablefor amuchwiderclassof problemsin
astrophysicalfluid dynamics.Thealgorithmconsistsof two components:(a)afinite differencehigher-order
Godunov methodfor compressiblehydrodynamics,and(b) a Crank-Nicholsonmethodbasedon nonlinear
multigrid methodto treat the nonlinearthermaldiffusion operator. Thesearecombinedtogetherusinga
timesplitting formulationto solve thefull setof equations.

From computersystem’s point of view, the applicationjust generatesa sequenceof dataanddumps
themonstorage.Later, theusermayvisualizethedatasetsin whichshemaybeinterested.In Astro-3Dfor
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Figure1: Three-tieredarchitecture.In thisarchitecture,theuserapplicationconveysaccesspatterninforma-
tion to theMDMS, which, in turn, decidessuitableI/O strategiesandinformsthestoragesysteminterface
of theHSS(hierarchicalstoragesystem).Applicationscanalsoquerythedatabasetablesmaintainedby the
MDMS to obtaininformationaboutthe locationsandcurrentstatesof their datasets.OnceanI/O strategy
hasbeennegotiated,theI/O activity itself occursbetweentheuserapplicationandtheHSS.

example,it generatessix datasetssuchastemperature,pressure,etc. for eachiterationin onerun. Eachof
thesedatasetsis written in a singlefile. Therefore,a datafile is uniquelyidentifiedby datasetname,run id
andtheiterationnumber. Wemakethefollowing notationsto expressadatafile by concatenatingthedataset
name,run id anditerationnumber:dataset-runid-iteration. For example,if the temperatureis dumpedat
thefirst iterationin thefifth run, it is notatedas temperature-5-1; if thepressureis dumpedat the second
iterationin thesixth run, it is expressedaspressure-6-2andsoon.

Oursecondapplicationis aparallelvolumerenderingcode(calledvolrenhenceforth).It generatesa2D
imageby projectiongiven a 3D input file. The algorithmis describedasfollows: The datapointsof the
input file areat thecornersof cubiccells. Theentiredatavolumeis a rectangularsolid madeup of these
cells.An orthographicprojectionis donethroughthevolumeparallelwith oneof its threeaxes.Oneof the
2 facesof thedatavolumethatarevertical to theprojectionis usedasthe image. If thereareM x N data
pointsin this face,thereare(M-1) x (N-1) pixels in the image. Thereis oneline of projectionper pixel.
Thedensitiesin thestackof cellsalongthis line areadded(until their sumis 1.0),andtheresultbecomes
thealphaandgrey valuefor thatpixel. Thecommand-lineargumentsincludenumberof iterationsperrun,
sizesof inputfilesandsoon.

Fromcomputersystem’s pointof view, again,volrenjust readsa3D inputfile andcreatesan2D image
file for eachiterationper run. For example,volren maygeneratefour imagefiles (image-5-1,image-5-2,
image-5-3,image-5-4) givenfour inputdatafilesat thefifth run.

3 Design of Meta-data Management System (MDMS)

Figure1 shows a novel architecturewe proposedin [6]. The three-tieredarchitecturecontainsthreekey
components:(1) parallel application,(2) meta-datamanagementsystem(MDMS), and (3) hierarchical
storagesystem(HSS).Thesethreecomponentscan co-exist in the samesite or can be fully-distributed
acrossdistantsites.TheMDMS is anactivepartof thesystem:it is built aroundanOR-DBMS[16, 15] and
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it mediatesbetweentheuserprogramandtheHSS.Theuserprogramcansendqueryrequeststo MDMS
to obtaininformationaboutdatastructuresthatwill beaccessed.Then,theusercanusethis informationin
accessingtheHSSin anoptimalmanner, takingadvantageof powerful I/O optimizationslikecollective I/O
[17, 5, 11], prefetching[10], prestaging[7], andsoon. Theuserprogramcanalsosendaccesspatternhints
to theMDMS andlet theMDMS to decidethebestI/O strategy consideringthestoragelayoutof thedatain
question.Theseaccesspatternhintsspanawidespectrumthatcontainsinter-processorsI/O accesspatterns,
informationaboutwhethertheaccesstypeis read-only, write-only, or read/write,informationaboutthesize
(in bytes)of averageI/O requests,andsoon. In thissection,wegive anoverview of ourMDMS designs.

OurMDMS triesto keepmeta-datainformationsummarizedasfollows.� It storesinformationabouttheabstractstoragedevices(ASDs)thatcanbeaccessedby applications.
By queryingthe MDMS � the applicationscanlearnwherein the HSStheir datareside(i.e., in what part
of thestoragehierarchy)without theneedof specifyingfile names.They canalsoaccesstheperformance
characteristics(e.g.,speed)of the ASDs andselecta suitableASD (e.g.,a disk sub-systemconsistingof
eightseparatediskarrays)to storetheir datasets.� It storesinformationaboutthe storage patternsand accesspatternsof datasets. For example,a
specificmulti-dimensionalarraythatis stripedacrossfour disk devicesin round-robinmannerwill have an
entry in theMDMS. TheMDMS utilizesthis informationin a numberof ways.Themostimportantusage
of this information,however, is to decidea parallelI/O methodbasedon accesspatterns(hints) provided
by theapplication.By comparingthestoragepatternandaccesspatternof a dataset,theMDMS can,for
example,advisetheHSSto performcollective I/O [9] or prefetching[10] for thisdataset.� It storesinformationaboutthe pendingaccesspatterns. It utilizes this informationin taking some
globaldecisions(e.g.,file migration[19] andstaging[19]), possiblyinvolving datasetsfrom multipleappli-
cations.� It keepsmeta-datafor specifyingaccesshistoryandtrail of navigation(notcoveredin thisabstract).

NoticethattheMDMS is not merelya datarepositorybut alsoanactivecomponentin theoverall data
managementprocess.It communicateswith applicationsaswell astheHSSandcaninfluencethedecisions
takenby theboth.

The MDMS designconsistsof designof databasetablesand the high-level MDMS userAPI. The
databasetablesshow what meta-datashouldbe maintainedand the MDMS userAPI shows how these
meta-datawill beusedfor I/O optimizations.They aredescribedin thesubsequentsubsections.

3.1 Design of Database Tables

We have identifiedfive tablesfor eachapplication.They arerun table,storagepatterntable,accesspattern
table,datasettableandexecutiontable. Oneusermight have multiple applicationsrunningin our system,
sowe do not think sharingtablesamongdifferentapplicationsis a goodimplementationapproachbecause
it may slow down the queryingspeedwhen tablesbecomelarge. In our implementation,we complete
thetablenamesby concatenatingapplicationnameandthegeneraltablenamesto avoid sharingof tables.
Therefore,eachapplicationhasits own suiteof tables.For example,in anastrophysicsapplication(astro3d),
all the tablenamesarecalledastro3d-run-table,astro3d-access-pattern-table andsoon, while in a parallel
volumerenderingapplication(volren), they arevolren-run-table,volren-access-pattern-table andso forth.
The tableswith samegeneraltable nameshave sameattributesamongdifferent applicationsexcept the
run table,which is applicationspecific: the userneedsto specify interestingattributesin that particular
application.For example,in astrod3d,theusermight be interestedin dimensionsizesof eacharray, total
numberof iterations,frequency of dumpingfor dataanalysis,frequency of checkpointdumpingandsoon.
Thefunctionalityof eachtableis describedin table3.1:

�
Thesequeriesareperformedusinguser-friendly constructs.It would bevery demandingto expecttheuserto know SQL [14]

or any otherquerylanguage.
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Table Name Functionality Key
Runtable Recordeachrunof theapplication Runid

with user-interestedattributes
Datasettable Datasetsusedeachrun Runid + associationid
Accesspatterntable Accesspatternspecifiedby userfor Runid + Datasetname

eachdataset
Storagepatterntable How datastoredfor eachdataset Datasetname
Executiontable RecordI/O activities of therun, Runid + Dataset+ iteration

includingfile pathandname,offsetetc number

Table1: Functionalityof databasetables

We alsohave severalglobal tablesto manageall applications,suchasapplicationtable,which records
all theapplicationnamesandtheir hostmachinesandsoon in thesystem,andvisualizationtable,where
locationof visualizationtoolscanbefound.Theinternalrepresentationof thetablesis depictedin figure2.

3.2 Design of MDMS User API

The MDMS userAPI, which consistsof a bunchof MDMS functions,is the kernelof our programming
environment. It interactswith databasetransparentlyandprovidesuserswith dataaccessmethodsandI/O
optimizations. Our MDMS library is built on top of MPI-I/O sinceMPI-I/O is an emerging standardof
MPI. MPI-I/O providesmany I/O optimizationmethodssuchascollective I/O, datasieving andso forth.
But for mostcomputationalscientistswith little knowledgeof I/O optimizations,it is very hardfor themto
chooseappropriatefunctionsamongthesecomplicatedMPI-I/O functions.Our MDMS API, which is built
on top of MPI-I/O, will automaticallyhelpuserschoosebestI/O functionsaccordingto userspecifieddata
accesspattern.In thisenvironment,anaccesspatternfor adatasetis specifiedby indicatinghow thedataset
is to be divided andaccessedby parallelprocessors.For example,an accesspatternsuchas(BLOCK,*)
saysthat thedatasetin questionis divided (logically) into groupsof rows andeachgroupof rows will be
accessedby asingleprocessor. Thesepatternsarealsousedasstoragepatterns.For example,a (BLOCK,*)
storagepatterncorrespondsto row-majorstoragelayout(asin C),a(*,BLOCK) storagepatterncorresponds
to column-majorstoragelayout (as in Fortran),anda (BLOCK,BLOCK) storagepatterncorrespondsto
blockedstoragelayoutwhichmightbeveryusefulfor large-scalelinearalgebraapplicationswhosedatasets
areamenableto blocking [18]. Usually, the userknows how his datawill be usedby parallelprocessors,
i.e.,userknows accesspatternandstoragepatternof datasets.

Oneexampleof usingthis informationis thatif theuseris goingto accessthedatasetin a(Block,Block)
waywhiledataarestoredas(Block,*) , ourlibrarywill automaticallychooseMPI-I/O collectiveI/O function
to achievebetterperformance.OurlibraryalsoprovidesotherI/O optimizationmethodswhicharenotfound
in MPI-I/O suchasprefetch(from disk or tapeto memory),prestage(from tapeto disk)andsubfiling[13].
For example,whenauseris goingto accessasequenceof datasetsandperformsomecomputationon them
sequentially, our library canoverlapthe I/O accessandcomputationby prefetchingor prestagingthenext
datasetwhile doingcomputationon thecurrentdataset.If theuserwill accessa smallchunkof datafrom
a large dataset,our tapelibrary, APRIL [13], will becalled. Anotherfeatureof our MDMS library is that
weprovidemechanismsto locatethedataby datasetnames,suchastemperature,pressureratherthanusing
file nameandoffset which couldbevery hardto remember. Theusercanalsoquerythedatabasesto get
datasetsin which sheis interested.Figure3 shows how I/O optimizationdecisionis madeandwhatkinds
of optimizationsareused.

Notethat,in our environment,theusers’taskis to convey theaccesspatterninformationto theMDMS
andlet theMDMS selecta suitableI/O strategy for her. In additionto inter-processoraccesspatterninfor-
mation(hint), theMDMS alsoacceptsinformationabout,for example,whetherthedatasetwill beaccessed
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Figure2: Internalrepresentationin MDMS. At time T3, theuserstartsto run theastro3dapplicationwith
4 processorsandthe sizeof datasetsis 16 � 32 � 64 (seethe run table). The informationaboutthis run is
keptin therun tablewith a run id of 1. Therearethreedatasetsinvolved in this run,namely, ‘temperature’,
‘pressure’,and ‘rho’ as can be seenfrom the datasettable. The temperatureand pressuredatasetsare
associatedtogetherwith the sameassociationid (5), they have samedimensionsizes,datatype, access
pattern,andI/O mode(which is ‘create’). Therho dataset,on theotherhand,hasdifferentassociationid
andit will beappendedto datafile of previousruns(its I/O modeis ‘append’).An entrysuchas‘BBB’ in
theaccessandstoragepatterntablesdenotes(Block,Block,Block)accessandstoragepattern,respectively.
Theexecutiontableshowsthefile namesandoffsetsusingwhichthesedatasetsaredumpedateachiteration
whereI/O occurs. Before I/O is performed,the systemwould first checkthe storagepatterntable for
the datasetin question,andthendecide(by comparingit with the accesspattern),for example,whether
collective I/O shouldbeusedfor optimization.

sequentially, whetherit is read-onlyfor theentiredurationof theprogram,andwhetherit will beaccessed
only onceor repeatedly.

A typical I/O flow usingour library in anI/O intensiveapplicationis shown in figure4 andthefunction-
ality of MDMS library is depictedin table3.2.

4 Design of Java Graphical User Interface

4.1 Architecture of Integrated Java GUI

As it is distributedin nature,ourprogrammingenvironmentinvolvesmultiple resourcesacrossdistantsites.
Considerourcurrentworkingenvironment,weareworkingonlocalHPor SUNworkstations,thevisualiza-
tion toolsareinstalledonaLinux machine,ourdatabase(POSTGRESQL)is locatedonanothermachineand
our parallelapplicationsrun on a 16 nodeIBM SP2.Althoughthesemachinesarewithin our department,
they couldbedistributedacrossany placeson Internet.

Whena userstartsto work in sucha distributedenvironment,sheneedsto go throughthe following
procedures:

(1) log on to SP2andsubmittheparallelapplication.
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Figure3: Selectingan I/O optimization. Note that the accesspatternin thefigure doesnot only describe
theinter-processordataaccesspattern,but alsocontainsinformationaboutwhetherthedatasetis read-only,
how many timesit will beaccessedduring therun, etc. All this informationwill beutilized in decidinga
suitableI/O optimizationsuchascollective I/O, prefetching,prestaging,andsoon.

(2) Whentheapplicationis finished,sheneedsto log onto thedatabasehostandusenativeSQLlanguage
to inspectthedatabaseto find datasetsshewouldbeinterestedin for visualization.

(3) When the user is interestedin a particulardataset,shewould transferthe datafile explicitly, for
exampleusingftp, from SP2wheredataarelocatedto thevisualizationhostwherevisualizationtools
reside.

(4) Log on to thevisualizationhost(DATA) andstartthevisualizationprocess.

(5) Repeatsteps2-4aslongasthereexist datasetsto bevisualized.

Obviously, thesestepsmight be very time-consumingand inconvenient for the users. To overcome
this problem(which is dueto thedistributednatureof theenvironment),an integratedJava graphicaluser
interface(GUI) is implementedandintegratedto our applicationdevelopmentenvironment. The goal of
theGUI is to provide userswith anintegratedgraphicalenvironmentthathidesall thedetailsof interaction
amongmultipledistributedresources(includingstoragehierarchies).

WeuseJava becauseJava itself provesto beakey enablingaccesslanguageandoperatingenvironment
with supportfor all of our platformsof interest,including IBM AIX, Linux, Windows NT, Solaris,and
others. Transparency is madepossibleby the many platform independentabstractionsof Java, including
processmanagement(abuilt-in class),multithreading(a languagefeature),networkingandstreams(built-in
classes),GUI components(theAbstractWindowing Toolkit), anddatabaseaccess(JDBC).Java hasproven
to be flexible anddeliver goodperformancein all of thesedimensionswithout being in any way on the
critical pathof performancein theapplicationitself. In this environment,theusersneedto work only with
GUI locally, ratherthango to differentsitesto submitparallelapplicationsor to do file transfersexplicitly.
Figure5 shows how GUI is relatedto otherpartsof our system.It actively interactswith threemajorparts
of oursystem:� Interactswith parallelmachinesto launchparallelapplications.� Interactswith databasesthroughJDBCto helpusersquerymeta-datafrom databases.� Interactswith visualizationtoolsto carryoutvisualizationprocess.

4.2 Main functions of GUI

ThemainfunctionsthatGUI providesaredescribedasfollows:
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Figure4: A typical MDMS executionflow: Theexecutionstartswith the initialization() routine. The left
sideof the figure shows how the write operationprogressesandright sideshows how the readoperation
progresses.Theexecutionflow is endedby thefinalization()routine.

� Registering new applications To startanew application,theuserneedsto createanew suiteof tables
for thenew application.By GUI, theuserneedsonly to specifyattributesof run tablethatshewould
beinterestedin, andall theothertableswill becreatedautomaticallywith run table.

� Running applications remotely The applicationsareusually runningsomewhereon parallel ma-
chinessuchasSP2,which arespecifiedby theuserwhensheregistersa new application.Therefore,
remoteshell commandis usedin GUI to launchthe job on remoteparallelmachines.The usercan
alsospecifycommandline argumentsin the small text fields. Defaults areprovided and the user
canchangethemasneeded.The running resultswill be returnedin the large text area. Figure6
shows anexampleof anastrophysicsapplication:four processorsareusedandthesizesof datasets
are16*16*16.

� Data Analysis and Visualization Userscanalsocarry out dataanalysisandvisualizationthrough
our GUI. DataAnalysismaycomein a variety of flavors, it is quiteapplicationspecific. For some
applications,dataanalysismaysimplycalculatethemaximum,minimumor averagevalueof agiven
dataset,for someothers,it maybepluggedinto theapplicationandcalculatethedifferencebetween
two datasetsanddecidewhetherthe datasetshouldbe dumpednow or later. Our systemscurrent
methodof dataanalysisis to calculatethemaximum,minimumandmeansof eachdatasetgenerated.
From the GUIs point of view, it is no different than just submittinga remotejob. Visualizationis
becomingan importantapproachin large-scalescientificsimulationto inspectthe insidenatureof
datasets.It is often a little morecomplicatedthandataanalysis:first of all, the users’interestin a
particulardatasetmaybeveryarbitrary. Ourapproachis to list all thecandidatedatasetsby searching
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Figure5: Java GUI in overall system.

Figure6: Applicationregistrationandrunning.Theupperpartshows themainwindow wheretheusercan
pick anapplication,run it, visualizethedatasetsgenerated,andsoon. Thelower-left window showsthatthe
useris runninganapplicationusingthe ‘Run Application’ button in mainwindow. Thedefault command
line argumentsareprovidedby thesystemandtheusercanmodify themif needed.Thelower-right window
shows that the useris registeringa new application.The systemwill askthe userto provide information
suchasapplicationname,thenameof themachineon which theapplicationwill run, whatcommandline
argumentsare,etc.,andthenit will createasuiteof tablesfor thisnew applicationin theMDMS andrecord
thisapplicationin theapplicationtable.

9



Name Functionality Important Args Tables Inv’d
initialization InitializationMDMS Applicationname Applicationtable

environment
create-array-asc Createanassociationfor Datasetname, Datasettable

datasetswith samebehavior accesspattern
set-run-table Add onerow in run table Runtable
load-init Locatefile nameandoffset Dataset, Executiontable,

of thedataset;Openthefile; associationhandle accesspatterntable,
determineI/O optimizationmethod storagepatterntable

load Determinewhetherprefetch associationhandle None
shouldbeperformed;
PerformI/O (read)

load-final Closefiles associationhandle None
save-init Generatefile names;open associationhandle Executiontable,

files for write; determineI/O accesspattern
optimizationmethodsuchas table,storage
collective I/O patterntable

save Write dataset Dataset, None
associationhandle

save-final Closefiles associationhandle None

Table2: MDMS library andits functionality

thedatabaseby user-specifiedcharacteristicssuchasmaximum,minimum,means,iterationnumbers,
pattern,modeandso on. Thenthe candidatesarepresentedin radio box for userto chooseeasily.
Second,thedatasetsthatarecreatedby parallelmachines,arelocatedeitherat parallelmachinesor
storedin hierarchicalstoragesystems.But ourvisualizationtoolsareinstalledatotherplaces.There-
fore, insideGUI, we transparentlytransferthedatafrom theremoteparallelmachineor hierarchical
storagesystemsto the visualizationhost’s local disksandthenstart the visualizationprocess.This
is implementedby having a server programwritten in C runningon the storagesideandthe GUI
(in Java) servesasthe client. The userdoesnot needto checkthe databasefor interestingdatasets
or do datatransferexplicitly. Theonly thingstheuserhasto do areto checkmarktheradiobox for
interestingdatasets,selectavisualizationtool (vtk, xv etc.),andthenclick theVisualizationbuttonto
starttheprocessof visualization.OurcurrentvisualizationtoolsincludeVisualizationToolkit (VTK),
Java 3D, XV etc.Figure7 shows how theuservisualizesthedatasetsthroughVTK andXV.

� Table browsing and searching Advancedusersmay want to searchthe databaseto find datasets
of particularinterest. So the tablebrowsing andsearchingfunctionsareprovided in our GUI. The
usercanjust move themouseandpick a tableto browseandsearchthedatawithout loggingon to a
databasehostandtypingnative SQLscript.

� Automatic Code Generator Our GUI relievesusersgreatburdenof working in a distributedsystem
with multiple resources.For an applicationthat hasalreadybeendeveloped,the userwould find
it very easyto run her applicationwith any parametersshewants: shecanalsoeasilycarriesout
dataanalysisand visualization,searchthe databaseand browse the tables. For a new application
to be developed,however, althoughour high-level MDMS API is easyto learn and use,the user
mayneedto make someefforts to dealwith datastructure,memoryallocationsandargumentselects
for theMDMS functions. Although thesetasksmaybe consideredroutine,we alsowant to reduce
themto almostzeroby designingan AutomaticCodeGenerator(ACG) for MDMS API. The idea
is that given a specificMDMS functionandotherhigh-level informationsuchasthe accesspattern
of a dataset,ACG will automaticallygeneratea codesegmentthat includesvariabledeclarations,
memoryallocations,variableassignmentsandidentificationsof asmany of theargumentsof thatAPI
aspossible.For somefunctions,theuserstill needsto completethecodeby filling out someblanks
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Figure7: A visualizationexample. Theupperwindow shows thedatasetsalongwith their characteristics
suchasdatasizes,iterationnumber(in which they aredumped),offset,pattern,andsoon. Thesedatasets
arechosenby theuserfor visualization.Thelowerwindowsshow thevisualizationresultsfor two different
datasets,eachusingadifferentvisualizationtool.

which the ACG hasleft empty, suchasvariablenamesfor numberof processors,dimensionsizes
andsoon in herapplication,but it is very easyto completethembecausewe have provideda code
frameandtheuseronly needsto fill out severalblanksbasedon cleardirections.A MDMS I/O flow
in figure5 is alsoprovidedby theACG to give usera generalconcepthow our MDMS API works.
Themostsignificantfeatureof ACGis thatit doesnot justworkslikeaMACRO which is substituted
for realcodes:it mayalsoconsultdatabasesfor advancedinformationif necessary. For example,to
generateacodesegmentfor set-run-table(),which is to insertonerow into therun tableto recordthis
runwith user-specifiedattributes,ourACGwouldfirst searchthedatabaseandreturntheseattributes,
then,it usestheseattributesto fill outa pre-defineddatastructureasanargumentin functionset-run-
table(). Figure8 shows sucha casein a parallelvolumerenderingapplication.Without consulting
the database,the userhasto dealwith theseattributesby hand. Our ACG is integratedwithin our
GUI aspart of its functions. The usercansimply copy thecodesegmentgeneratedandpastethem
in her own program. With our ACG, thereis almostno extra effort involved to port an application
to our programmingenvironment,andtheuserdoesnot needto know how exactly our API actually
worksnor remembertherulesto useour API. This is importantfor computationalscientistsbecause
it enablesthemto spendaslittle time aspossibleon their programmingenvironmentandfocustheir
workson theapplicationitself.

OurcurrentGUI is implementedasastandalonesystem,wearealsoembeddingit into thewebenviron-
ments,sotheusercanwork in our integratedenvironmentthroughawebbrowser.

5 I/O Latency Reducing for Interactive Visualization

Our GUI canhelp the userwork at a singlesite without consultinga variety of distributed components
explicitly. A potentialproblemin thisenvironment,however, is theI/O responsetimewhentheusercarries
out interactive visualization(VTK) onasequenceof datasets.NotethatvisualizationtoolssuchasVTK etc
areusuallyinstalledon sequentialworkstations,while thedatasetsgeneratedby parallelapplicationsmay
bestoredon thedisksof parallelcomputingsystemsor on a remotestoragesystemsuchastertiarystorage
systemslike HPSS[7]. Therefore,thesedatasetsneedto be first transferedto the local site from remote

11



Figure8: Codesegmentgeneratedby ACGfor set-run-tablefunction.

storage.As the datasizecouldbe large andthephysicaldistancecouldbe long, the I/O responsetime is
significant. It is quiteannoying that theuserhasto wait for tensof secondsfor theavailability of thedata
after shehaslaunchedthe visualizationprocesson a dataset.To reducethe I/O latency, a naive approach
is that theuserexplicitly transfersall thedatato the local disksfirst andthenstartsvisualizationprocess.
Theproblemsof this approach,however, arethree-fold.First, theuserhasto dealwith specificfile names
andlocationsmanuallywhich arevery inconvenient;second,the usermay not be surewhat datasetsshe
mightusein thefutureandfinally, theoverall time is still longsincetheI/O time is notoverlappedwith the
visualizationprocess.

In this section,we presenta schemeto addresstheproblemsof naive approach.By usingprefetching
andcachingtechniques,our approachcaneffectively hidethe I/O latency, improving overall visualization
performancein GUI. Thebasicideaof our approachis thatwhentheuseris working on a dataset(visual-
ization),we make a predictionon whatthenext datasetthatmight beaccessed,thenspawn anotherthread
to performremoteI/O andcachesit on thelocal disks.Sincevisualizationprocesswith humaninteraction
is slow, thereis ampletime to overlapprefetching.In addition,the I/O responsetime for thenext dataset
canbesignificantlyreducedwhentherequireddatasetcanbeservicedon localdiskcache.

Weusedatabaseto keeptrackof datalocationsandaccesshistory. Two tablesarecreatedin thedatabase.
Onetableis calleddata-access-trace, whoseattributes(fields) includeapplicationname,datasetname,it-
erationnumber, dateandtime, run id etc. This tablekeepsall thedatasetsvisualizedby theuser. Another
tableis calleddata-cache, whoseattributes(fields)include,applicationname,datasetname,iterationnum-
ber, localdirectoryandreferencecounter. It keepsinformationaboutwhatdatasetsarecurrentlycachedon
thelocaldisksandhow many timesthey areaccessedby theuser.

The key issuefor prefetchingis to decidewhich datasetshouldbe fetched. In Section2 we intro-
ducedanastrophysicsapplicationwhich is a representative of many scientificapplications.Wecanseethat
many scientificapplicationsgeneratetime-serialdatasets(eachdatasetis storedin aseparatefile) andthese
datasetswill alsobeaccessedby visualizationtoolsoneby onein time order. For example,by visualizing
datasets‘temperature’from time step0 to 20, the usercanknow how temperaturechangesassimulation
goeson. Thischaracteristicis goodfor prediction,becausethenext timestepdatasetis thebestcandidatefor
prefetching.Figure9 (column1,2)shows theresultsof prefetching.TheI/O responsetime canbereduced
significantly.

As someapplicationsmaytake many timestepsandtheusermaynot alwaysvisualizeall of them.For
example,to haveaquickview of how dataset‘temperature’changesassimulationgoeson,theusermayonly

12



Figure9: I/O Latency Reducingby Prefetchingfor Astrophysicsdatavisualization. The datais located
at disksof SP2andvisualizationtool (VTK) is installedon a Linux machine. The sizeof eachdataset
is 8MB. The averagevisualizationtime on a datasetis about10s. (1) No prefetch,Input A; (2) Prefetch,
Input A; (3) No prefetch,Input B; (4) Prefetch(fixedstride),Input B; (5) Prefetch(adaptive stride),Input
B; (6) No prefetch,Input C; (7) Prefetch(fixed stride), Input C; (8) Prefetch(adaptive stride), Input C;
(9) No prefetch,Input D; (10) Prefetch(accordingto previous runs), Input E. Input A = (temperature-
9-0, temperature-9-1,temperature-9-2, ..., temperature-9-20), B = (temperature-9-0, temperature-9-2,
temperature-9-4, ..., temperature-9-20), C = (temperature-9-0,pressure-9-0, temperature-9-2, pressure-
9-2, ..., temperature-9-20, pressure-9-20); D = (temperature-9-1, temperature-9-5, temperature-9-4,
temperature-9-5, temperature-9-10, ...), E = (temperature-10-1, temperature-10-5, temperature-10-4,
temperature-10-5,temperature-10-10,...).

pick partof datafiles in astridedmannersuchastemperature-9-0,temperature-9-2,temperature-9-4,etc. In
this case,thenaive prefetchingwould not help. To addressthis problem,we proposedan‘adaptive stride’
scheme.In this approach,the previous strideis usedto predictnext dataset.For example,after datasets
temperature-9-0andtemperature-9-2areaccessed,we predictthe next datasetshouldbe temperature-9-4
sincethe last strideis 2. Figure9 (column3,4,5)shows the results. The adaptive approachdramatically
reducesI/O latency. For somecases,the usermay be interestedin multiple datasets.For example,the
changesof temperatureandpressuremay influencewith eachother, so the usermay inspecttemperature
andpressuredatasetsalternatively. Theadaptive strideprefetchingcanstill deliver significantperformance
improvementin Figure9 (column6,7,8).

Anotherscenariocouldhappenis thatthedatasetsto bevisualizedmaynothavefixedstride.By check-
ing thedataaccesshistory in tabledata-access-traceof previousruns,we canstill make a goodprediction
sincethe usermay changerun-timeparametersfor eachrun and may still interestedin the samesetof
datasets.Figure9 (column9, 10)shows theresults.
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6 Conclusions

In this paper, we presentedanintegratedJava graphicaluserinterface(GUI) to efficiently helpuserswork
on anenvironmentthat is characterizedby distributedandheterogeneousnatures.Our GUI providesusers
an unified interfaceto all the resourcesandplatformspresentedto large-scalescientificapplications. In
addition,an I/O responsetime reducingtechniquehasbeenintegratedinto our GUI to hide I/O latency
for interactive visualization.All theseworks take advantageof Java’s powerful featuressuchasplatform
independence,portability, processmanagement,multithreading,networking andstreams.Thedatabaseis
alsoplaysanimportantrole which makesthewholeframework complete.In thefuture,we would investi-
gateotheroptimizationsin our environment,suchassubfiling[13]. Therelationshipbetweenprefetchand
caching[4] in ourcontext will alsobestudied.
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