1

An IntegratedGraphicalUserinterfacefor High Performance
DistributedComputing

Xiaohui Shen Wei-kengLiao andAlok Choudhary
Centerfor ParallelandDistributedComputing
Departmenbf ElectricalandComputerEngineering
Northwesterrniversity
Evanston]L 60208
{xhshen,wkliao,choudhp@ece.nwu.edu

Abstract

It is very commonthatmodernlarge-scalescientificapplicationeemploy multiple computeandstor
ageresource$n aheterogeneouslgistributedenvironment.Working effectively andefficiently in such
an environmentis oneof major concerndor designingmeta-datananagemergystems.In this paper
we presentan integratedgraphicaluserinterface(GUI) that makesthe entire ernvironmentvirtually an
easy-to-useontrol platform for managingcomplex programsandtheir large datasets.To hide the /O
lateny whenthethe usercarriesout interactie visualization aggressie prefetchingandcachingtech-
niquesareemployedin our GUI. The performancenumbersshav thatthe designof our Java GUI has
achievedthegoalsof bothhigh performanceindease-of-use.

I ntroduction

Modernsimulationsnot only generatdhugeamountsof data,they alsoemploy multiple techniquego pro-
cessdatageneratedtheseprocessemclude dataanalysisyisualizationandso on. As datasizefor these
applicationsis huge, large hierarchicalstoragesystemis usedas datarepository In addition, databases
arealsointroducedto make datamanagemengasily Thereforethereare multiple resourcesnvolved in
a modernlarge-scalescientificervironmentandtheseresourcesre heterogeneouanddistributed. With-
out designingan efficient integratedenvironment, usershave to dealwith theseresourcesnanuallyand
explicitly. In generalthe requirementdgor the systemgo supportmodernsimulationsarecharacterizeés
follows.

e High perfor mance simulation For dataintensve applicationsstate-of-the-a/O optimizationssuch

ascollective 1/0O, prefetch,prestageand so forth shouldbe employed to alleviate I/O problemsof
simulations.

¢ High performance post-processings If theuseronly considersimulationalone,it mayresultin bad

performancevhenshecarriesout post-processingsuchasvisualizationranddataanalysistcbecause
thesepost-processingsay not sharethe sameaccesgatternwith the simulations. Theusershould
becarefulto arrangehelayoutsof herdatasetproperlyon storagesystems.

e Easy-to-use Databasesire emplgyed to fulfill this purpose. The databasean maintainmeta-data

information aboutthe applications,datasetsstoragesystemsand so on and it also provides easy
querycapabilities.

¢ Integrated graphical environment If the userworks on an uniform platform ratherthandealwith

distributed resourcesnanuallyand explicitly, high efficiengy canbe achieved. Java provesto be a
powerful languagdor suchatask.



e Latency reducingin theintegrated environment Giventhefactthatthespeedf networksdoesnot
meettheusersrequirementsaggressie optimizationsuchasprefetchingandcachingn adistributed
environmentarerequiredto hidethe network lateny andreducethe probability of network failures.

A computationakcientistwould be overwhelmedn herapplicationdevelopmentf shehasto consider
by herselfall thesdassuesvhicharebeyondherexpertise A lot of work addressingheaboreissueshasbeen
doneseparatelyn literature few of themhave consideredhemin acompletelyunifiedframevork. Brown et
al. [3] build ameta-dataystemontop of HPSSusingDB2 from IBM. The SRB[2] andMCAT [12] provide
a uniform interfacefor connectingto heterogeneoudataresourcesver a network. Threel/O-intensve
applicationdrom the Scalabld/O Initiative Application Suitearestudiedin [8]. But all theseworksonly
addres®neaspecbf theissuesve discussedbore. Our previouswork [6] is afirst steptowardconsidering
multiple factorsin acompletepicture.We have designedinactive meta-datananagemergystenthattakes
adwantageof state-of-the-art/O optimizationsaswell as maintainingease-of-uséeaturesby emplging
relationaldatabaséechniquesin this paperwe presenturtherconsiderationaboutintegratedervironment
andits optimizationsin a distributed ervironmentbasedon our previous work. We male the following
contributions:

e Present high performancedatamanagemengystemin which databasgerformsan active role in
makingl/O stratgies,aswell asmanaginghugeamountf dataeasily

e Presenthedesignof anintegratedgraphicalernvironmentin Javafor large-scalescientificapplications
in adistributedervironment. In our unifiedframework, userswork only on their local machinesand
our GUI hidesall the detailsof distributedresourcesUserscanlaunchthe parallelapplication carry
outdataanalysisandvisualization querydatabaseandbrovsethetablesin anuniforminterface.

e Presentin automaticcodegeneratoicomponen{ACG) to help usersutilize the meta-datananage-
mentsystemwhenthey aredevelopingnew applications.

e Presenanl/O lateny reducingschemevhich significantlyimprovesl/O responséime whentheuser
carriesinteractve visualization.

Theremaindenf thepapeiis organizedasfollows. In Section2 weintroduceanastrophysicapplication
andaparallelvolumerenderingapplicatiorthatwe usedn ourwork. A shorthandhotationis alsointroduced
for corvenienceln Section3 we give anoverview of our designof meta-dataystemgMDMS). We present
ourdesignof theintegratedJavagraphicalervironmentfor scientificsimulationdn Sectiord. Thefunctions
andtheinnermechanismghatGUI providesarepresentedln Sections we presenbur /O lateny reducing
techniquesFinally we concludeour paperin Section6.

2 Introduction to Applications

Ourfirst application,calledAstro-3Dor astro3d 1] henceforthjs a codefor scalablyparallelarchitectures
to solve the equation®f compressibldiydrodynamicgor a gasin which the thermalconductvity changes
asa function of temperature.The codehasbeendevelopedto studythe highly turbulent cornvective en-
velopesf stardik e the sun,but simplemodificationsamale it suitablefor amuchwider classof problemsn
astrophysicalluid dynamics.Thealgorithmconsistof two components(a) afinite differencehigherorder
Godune methodfor compressiblénydrodynamicsand(b) a Crank-Nicholsormethodbasedon nonlinear
multigrid methodto treatthe nonlinearthermaldiffusion operator Theseare combinedtogetherusinga
time splitting formulationto solve thefull setof equations.

From computersystems point of view, the applicationjust generates sequencef dataand dumps
themon storage Later, theusermayvisualizethe datasetén which shemaybeinterestedIn Astro-3Dfor
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Figurel: Three-tieredrchitectureln thisarchitecturetheuserapplicationcorveys accespatterninforma-
tion to the MDMS, which, in turn, decidessuitablel/O stratgiesandinformsthe storagesysteminterface
of theHSS(hierarchicabktoragesystem). Applicationscanalsoquerythe databas¢ablesmaintainedoy the
MDMS to obtaininformationaboutthe locationsandcurrentstatesof their datasetsOncean /O stratgy
hasbeenngyotiatedthel/O actuity itself occursbetweerthe userapplicationandthe HSS.

example,it generatesix datasetsuchastemperaturepressureetc. for eachiterationin onerun. Eachof
thesedatasetss writtenin a singlefile. Therefore a datafile is uniquelyidentifiedby datasehame,runid
andtheiterationnumber We malke thefollowing notationgo expressadatafile by concatenatinthedataset
name,run id anditerationnumber: dataset-runid-iteratin. For example,if the temperaturés dumpedat
thefirst iterationin thefifth run, it is notatedastempeature-5-1 if the pressurés dumpedat the second
iterationin the sixth run, it is expressedspressue-6-2andsoon.

Oursecondapplicationis a parallelvolumerenderingcode(calledvolrenhenceforth) It generatea 2D
imageby projectiongivena 3D input file. The algorithmis describedasfollows: The datapointsof the
inputfile areat the cornersof cubiccells. The entiredatavolumeis a rectangulasolid madeup of these
cells. An orthographigrojectionis donethroughthe volumeparallelwith oneof its threeaxes. Oneof the
2 facesof the datavolumethatarevertical to the projectionis usedasthe image. If thereareM x N data
pointsin this face,thereare (M-1) x (N-1) pixelsin the image. Thereis oneline of projectionper pixel.
The densitiesn the stackof cellsalongthis line areadded(until their sumis 1.0), andthe resultbecomes
thealphaandgrey valuefor thatpixel. The command-lineargumentdncludenumberof iterationsperrun,
sizesof inputfilesandsoon.

Fromcomputersystems point of view, again,volrenjustreadsa 3D inputfile andcreatesan2D image
file for eachiterationperrun. For example,volren may generatdour imagefiles (image-5-1,image-5-2,
image-5-3,image-5-9 givenfour input datafiles at thefifth run.

3 Design of Meta-data M anagement System (MDM S)

Figure 1 shavs a novel architecturewe proposedn [6]. The three-tieredarchitecturecontainsthreekey

components:(1) parallel application,(2) meta-datamanagemensystem(MDMS), and (3) hierarchical
storagesystem(HSS). Thesethree componentsan co-«ist in the samesite or can be fully-distributed
acrosdlistantsites. TheMDMS is anactive partof thesystem:it is built aroundanOR-DBMSJ[16, 15 and



it mediatesbetweerthe userprogramandthe HSS. The userprogramcansendqueryrequestso MDMS
to obtaininformationaboutdatastructureghatwill beaccessedlhen,theusercanusethisinformationin
accessinghe HSSin anoptimalmannertakingadwantageof powerful I/O optimizationdik e collective I/O
[17, 5, 11], prefetching 10], prestaging7], andsoon. Theuserprogramcanalsosendaccesgatternhints
to theMDMS andletthe MDMS to decidethebestl/O stratgyy consideringhe storagdayoutof thedatain
guestion.Theseaccespatternhintsspanawide spectrunthatcontainsnterprocessor§O accespatterns,
informationaboutwhethertheaccessypeis read-onlywrite-only, or read/write informationaboutthe size
(in bytes)of averagel/O requestsandsoon. In this sectionwe give anovervienv of our MDMS designs.

Our MDMS triesto keepmeta-datanformationsummarizedsfollows.

e |t storesinformationaboutthe abstracstoragedevices (ASDs)thatcanbe accessethy applications.
By queryingthe MDMS! the applicationscanlearnwherein the HSStheir datareside(i.e., in what part
of the storagehierarchy)without the needof specifyingfile names.They canalsoaccesshe performance
characteristicge.g., speed)of the ASDs and selecta suitableASD (e.g.,a disk sub-systentonsistingof
eightseparata@isk arrays)to storetheir datasets.

e |t storesinformation aboutthe storage patternsand accesspatternsof datasets. For example,a
specificmulti-dimensionahrraythatis stripedacrosgour disk devicesin round-robinmannemwill have an
entryin the MDMS. The MDMS utilizesthis informationin a numberof ways. The mostimportantusage
of this information,however, is to decidea parallell/O methodbasedon accesatterns(hintg provided
by the application. By comparingthe storagepatternandaccesyatternof a datasetthe MDMS can,for
example,advisethe HSSto performcollective I/O [9] or prefetching10] for this dataset.

e |t storesinformationaboutthe pendingaccesgatterns. It utilizes this informationin taking some
globaldecisionde.g.,file migration[19] andstaging[19]), possiblyinvolving datasetérom multiple appli-
cations.

e |t keepaneta-datdor specifyingaccessistoryandtrail of navigation (notcoveredin this abstract).

Noticethatthe MDMS is not merelya datarepositorybut alsoanactivecomponentn the overall data
managementrocesslt communicatewith applicationsaswell asthe HSSandcaninfluencethedecisions
takenby theboth.

The MDMS designconsistsof designof databaseablesand the high-level MDMS user API. The
databasdablesshav what meta-datashould be maintainedand the MDMS user APl shavs how these
meta-datavill be usedfor I/0 optimizations.They aredescribedn the subsequergubsections.

3.1 Design of Database Tables

We have identifiedfive tablesfor eachapplication. They arerun table,storagepatterntable,accesgpattern
table,datasetableandexecutiontable. Oneusermight have multiple applicationgunningin our system,
sowe do not think sharingtablesamongdifferentapplicationss a goodimplementatiorapproactbecause
it may slov down the queryingspeedwhentablesbecomelarge. In our implementationwe complete
thetablenamesby concatenatingpplicationnameandthe generaltablenamego avoid sharingof tables.
Thereforeeachapplicatiorhasits own suiteof tables.For example,in anastrophysicapplication(astro3d),
all thetablenamesarecalledastro3d-run-tableastro3d-access-pam-table andsoon, while in a parallel
volumerenderingapplication(volren), they arevolren-run-tableyolren-access-p@m-table andso forth.
The tableswith samegeneraltable nameshave sameattributes amongdifferent applicationsexceptthe
run table, which is applicationspecific: the userneedsto specify interestingattributesin that particular
application. For example,in astrod3dthe usermight be interestedn dimensionsizesof eacharray total
numberof iterations frequeng of dumpingfor dataanalysisfrequeng of checkpointdumpingandsoon.
Thefunctionalityof eachtableis describedn table3.1:

! Thesequeriesareperformedusinguserfriendly constructslt would be very demandingo expectthe userto know SQL [14]
or ary otherquerylanguage.



Table Name Functionality Key

Runtable Recordeachrun of theapplication Runid
with userinterestedttributes

Datasettable Datasetsusedeachrun Runid + associationd

Accesyatterntable || Accesspatternspecifiedby userfor Runid + Datasetname
eachdataset

Storagepatterntable || How datastoredfor eachdataset Datasetname

Executiontable Record//O actvities of therun, Runid + Dataset+ iteration
includingfile pathandname offsetetc || number

Tablel: Functionalityof databas¢ables

We alsohave several globaltablesto manageall applicationssuchasapplicationtable,which records
all the applicationnamesandtheir hostmachinesandso on in the system,andvisualizationtable,where
locationof visualizationtools canbe found. Theinternalrepresentationf thetablesis depictedn figure 2.

3.2 Design of MDM S User API

The MDMS userAPI, which consistsof a bunchof MDMS functions,is the kernelof our programming
ervironment. It interactswith databaséransparentlandprovidesuserswith dataaccessnethodsand|/O
optimizations. Our MDMS library is built on top of MPI-I/O sinceMPI-I/O is an emeging standardof
MPI. MPI-1/O provides mary 1/O optimizationmethodssuchascollectve 1/0, datasieving andso forth.
But for mostcomputationascientistawith little knowledgeof 1/0O optimizationsijt is very hardfor themto
chooseappropriatdunctionsamongthesecomplicatedMPI-1/O functions.Our MDMS API, whichis built
ontop of MPI-I/O, will automaticallyhelpuserschoosebestl/O functionsaccordingto userspecifieddata
accespattern.In thiservironment,anaccespatternfor adatasetis specifiedoy indicatinghow thedataset
is to be divided andaccessedby parallelprocessorsFor example,an accesgatternsuchas(BLOCK,*)
saysthatthe datasein questionis divided (logically) into groupsof rows andeachgroup of rows will be
accessebly asingleprocessorThesepatternsaarealsousedasstoragepatterns For example,a (BLOCK,*)
storagepatterncorrespondso row-majorstoragdayout(asin C), a(*,BLOCK) storagepatterncorresponds
to column-majorstoragelayout (asin Fortran),anda (BLOCK,BLOCK) storagepatterncorrespond$o
blocked storagdayoutwhich mightbevery usefulfor large-scaldinearalgebraapplicationsvhosedatasets
areamenableo blocking[18]. Usually the userknows how his datawill be usedby parallelprocessors,
i.e.,userknows accespatternandstoragepatternof datasets.

Oneexampleof usingthisinformationis thatif theuseris goingto accesshedatasein a (Block,Block)
waywhile dataarestoredas(Block,*) , ourlibrary will automaticallychooseMPI-1/O collectve /O function
to achieve betterperformanceOurlibrary alsoprovidesotherl/O optimizationmethodsvhicharenotfound
in MPI-1/0 suchasprefetch(from disk or tapeto memory),prestagdfrom tapeto disk) andsubfiling[13].
For example whena useris goingto accessa sequencef datasetandperformsomecomputatioronthem
sequentiallyour library canoverlapthe /0O accessandcomputatiorby prefetchingor prestaginghe next
datasetvhile doing computatioron the currentdataset.f the userwill access smallchunkof datafrom
alarge datasetpur tapelibrary, APRIL [13], will be called. Anotherfeatureof our MDMS library is that
we provide mechanism#o locatethe databy datasehamessuchastemperaturepressuregatherthanusing
file nameand offsetwhich could be very hardto remember The usercanalsoquerythe database® get
datasetsn which sheis interested Figure3 shavs how 1/0 optimizationdecisionis madeandwhatkinds
of optimizationsareused.

Notethat,in our ervironment,the users’taskis to corvey theaccesgatterninformationto the MDMS
andlet the MDMS selecta suitablel/O stratgy for her In additionto interprocessoaccesgatterninfor-
mation(hint), the MDMS alsoacceptsnformationabout for example whetherthedatasewill beaccessed



Application table

Name HOST EXEFILE OWNER PARA
volren | aixdev volren xhshen | int.int intint,int T2
| astro3d | aixdev | astro3d | wkliaso | intint,int T1
Run table

Run_id Nproc DimZ DimY DimX Time

Access pattern table

Acc id Num Ndims Dimeniinn\Type Pattern Amode Run id

1 temperature 5 = 5 2 3 163264 | float | BBB | create 1
1 pressure 3 //J, 6 | 1 | 3 [ 163264 | int | B* Jappend | 1
1 tho, 6
T
Storage
Execution table pattern table
Run_id Data set  Iter | Offset Filename Data set Name Pattern
1 temperature | 2 0 /scratch/astro3d.001.002 | 123.4 temperature B**

1 pressure 2 | 262144 | /scratch/astro3d.001.003 | -112 pressure BBB
1 tho 4 | 524288 | /scratch/astro3d.001.004 | -2.3 tho B**
1 temperature | 6 0 /scratch/astro3d.001.005 | 36.7

Figure2: Internalrepresentatiom MDMS. At time T3, the userstartsto run the astio3d applicationwith
4 processoraindthe size of datasetss 16x32x 64 (seethe run table). The informationaboutthis run is
keptin theruntablewith arunid of 1. Therearethreedatasetinvolvedin thisrun, namely ‘temperature’,
‘pressure’,and ‘rho’ as can be seenfrom the datasetable. The temperatureand pressuredatasetsare
associatedogetherwith the sameassociatiorid (5), they have samedimensionsizes,datatype, access
pattern,andl/O mode(which s ‘create’). The rho datasetpn the otherhand,hasdifferentassociationd
andit will beappendedo datafile of previousruns(its I/O modeis ‘append’). An entrysuchas'BBB’ in
the accesandstoragepatterntablesdenotegBlock,Block,Block)accessandstoragepattern respectiely.
Theexecutiontableshavs thefile namesandoffsetsusingwhichthesedatasetaredumpedat eachiteration
wherel/O occurs. Before l/O is performed,the systemwould first checkthe storagepatterntable for
the datasein question,andthendecide(by comparingit with the accesgattern),for example,whether
collective I/0 shouldbe usedfor optimization.

sequentiallywhetherit is read-onlyfor the entiredurationof the program,andwhetherit will be accessed
only onceor repeatedly

A typicall/O flow usingourlibrary in anl/O intensve applicationis shavn in figure4 andthefunction-
ality of MDMS library is depictedn table3.2.

4 Design of Java Graphical User Interface

4.1 Architecture of Integrated Java GUI

Asi it is distributedin nature our programmingervironmentinvolvesmultiple resourcesicrosgistantsites.
Consideour currentworking ervironment,we areworking onlocal HP or SUN workstationsthevisualiza-
tiontoolsareinstalledonaLinux machinepurdatabasé€POSTGRESQLIs locatedonanothemachineand
our parallelapplicationsun on a 16 nodelBM SP2. Althoughthesemachinesarewithin our department,
they couldbedistributedacrossary placeson Internet.

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

(1) log onto SP2andsubmitthe parallelapplication.



Application
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Access Pattern 1 Pattern
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Figure3: Selectingan I/O optimization. Note thatthe accesgatternin the figure doesnot only describe
theinterprocessodataaccespattern put alsocontaingnformationaboutwhetherthe datasets read-only
how mary timesit will beaccesseduringtherun, etc. All thisinformationwill be utilized in decidinga
suitablel/O optimizationsuchascollective I/O, prefetchingprestagingandsoon.

(2) Whentheapplicationis finished,sheneedgo log onto thedatabas@ostandusenative SQL language
to inspectthe databaseo find datasetshewould beinterestedn for visualization.

(3) Whenthe useris interestedin a particulardatasetshewould transferthe datafile explicitly, for
exampleusingftp, from SP2wheredataarelocatedto thevisualizationhostwherevisualizationtools

reside.
(4) Logonto thevisualizationnhost(DATA) andstartthevisualizationprocess.

(5) Repeasteps2-4 aslong asthereexist datasetso bevisualized.

Obviously, thesestepsmight be very time-consumingand incorvenientfor the users. To overcome
this problem(which is dueto the distributed natureof the environment),anintegratedJava graphicaluser
interface (GUI) is implementedandintegratedto our applicationdevelopmentervironment. The goal of
the GUI is to provide userswith anintegratedgraphicalenvironmentthathidesall the detailsof interaction
amongmultiple distributedresourcegincludingstoragehierarchies).

We useJava becausdavaitself provesto be a key enablingaccessanguageandoperatingervironment
with supportfor all of our platformsof interest,including IBM AIX, Linux, Windows NT, Solaris,and
others. Transparencis madepossibleby the mary platformindependenabstraction®f Java, including
processnanagemer(@built-in class) multithreadingalanguagdeature) networking andstreamgbuilt-in
classes)GUI componentgthe AbstractWindowing Toolkit), anddatabas@cces$JDBC).Java hasproven
to be flexible and deliver good performancen all of thesedimensionswithout beingin ary way on the
critical pathof performancen the applicationitself. In this ervironment,the usersneedto work only with
GUI locally, ratherthango to differentsitesto submitparallelapplicationor to dofile transfersexplicitly.
Figure5 shavs how GUI is relatedto otherpartsof our system.It actively interactswith threemajor parts
of our system:

e Interactswith parallelmachinego launchparallelapplications.

e Interactswith databasethroughJDBCto helpusersquerymeta-datdrom databases.

e Interactswith visualizationtoolsto carryoutvisualizationprocess.

4.2 Main functionsof GUI

ThemainfunctionsthatGUI providesaredescribedasfollows:
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create-association() get-association()

load-initial()

save-initial()

iasaint

Figure4: A typical MDMS executionflow: The executionstartswith theinitialization() routine. The left
side of the figure shawvs how the write operationprogresseandright side shavs how the readoperation
progressesTheexecutionflow is endedby thefinalization()routine.

e Registering new applications To startanew applicationtheusemeedgo createanew suiteof tables
for thenew application.By GUI, theuserneedsnly to specifyattributesof run tablethatshewould
beinterestedn, andall the othertableswill be createcautomaticallywith runtable.

e Running applications remotely The applicationsare usually running somevhereon parallel ma-
chinessuchasSP2,which arespecifiedby the userwhensheregistersa new application.Therefore,
remoteshellcommands usedin GUI to launchthe job on remoteparallelmachines.The usercan
also specify commandline agumentsin the smalltext fields. Defaults are provided andthe user
canchangethemas needed. The runningresultswill be returnedin the large text area. Figure 6
shavs an exampleof anastrophysicapplication:four processorare usedandthe sizesof datasets
arel6*16*16.

e Data Analysis and Visualization Userscanalso carry out dataanalysisand visualizationthrough
our GUI. DataAnalysismay comein a variety of flavors, it is quite applicationspecific. For some
applicationsdataanalysismay simply calculatehe maximum,minimumor averagevalueof agiven
datasetfor someothers,it maybe pluggedinto the applicationandcalculatethe differencebetween
two datasetsand decidewhetherthe datasetshouldbe dumpednow or later Our systemscurrent
methodof dataanalysids to calculatethe maximum,minimumandmeanf eachdatasegenerated.
From the GUIs point of view, it is no differentthanjust submittinga remotejob. Visualizationis
becominganimportantapproachin large-scalescientific simulationto inspectthe inside natureof
datasetslt is oftena little more complicatedthandataanalysis:first of all, the users’interestin a
particulardatasetmaybevery arbitrary Ourapproachsto list all thecandidatelataset®y searching
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7 T
Create Tables

Figure6: Applicationregistrationandrunning. The upperpartshavs the mainwindon wherethe usercan
pick anapplicationyunit, visualizethe datasetgeneratedandsoon. Thelowerleft window shavsthatthe
useris runningan applicationusingthe ‘Run Application’ buttonin mainwindow. The default command
line agumentsareprovidedby the systemandthe usercanmodify themif neededThelowerright window

shaws thatthe useris registeringa new application. The systemwill askthe userto provide information
suchasapplicationname the nameof the machineon which the applicationwill run, whatcommandine

algumentsare,etc.,andthenit will createa suiteof tablesfor this new applicationin the MDMS andrecord
this applicationin the applicationtable.



Name Functionality Important Args TablesInv'd

initialization InitializationMDMS Applicationname || Applicationtable
ervironment

create-array-asd¢| Createanassociatiorior Datasetname, Datasettable
datasetsvith samebehaior accespattern

set-run-table Add onerow in runtable Runtable

load-init Locatefile nameandoffset Dataset, Executiontable,
of thedatasetDpenthefile; associatiorhandle || accespatterntable,
determind/O optimizationmethod storagepatterntable

load Determinewhethemrefetch associatiorhandle || None
shouldbe performed,;
Performl/O (read)

load-final Closefiles associatiorhandle || None

save-init Generatdile namesppen associatiorhandle || Executiontable,
files for write; determind/O accespattern
optimizationmethodsuchas table,storage
collectve /0 patterntable

sa/e Write dataset Dataset, None

associatiornandle
save-final Closefiles associatiorhandle || None

Table2: MDMS library andits functionality

thedatabaséy userspecifiedcharacteristicsuchasmaximum,minimum, meansijterationnumbers,
pattern,modeandso on. Thenthe candidatesre presentedn radio box for userto chooseeasily
Secondthe datasetshat are createdby parallelmachinesarelocatedeitherat parallelmachinesor
storedin hierarchicaktoragesystemsBut our visualizationtoolsareinstalledat otherplaces.There-
fore, insideGUI, we transparentlyransferthe datafrom the remoteparallelmachineor hierarchical
storagesystemdo the visualizationhosts local disksandthenstartthe visualizationprocess.This
is implementedby having a sener programwritten in C runningon the storageside andthe GUI
(in Java) senesasthe client. The userdoesnot needto checkthe databasdor interestingdatasets
or do datatransferexplicitly. The only thingsthe userhasto do areto checkmarkhe radio box for
interestingdatasetsselecta visualizationtool (vtk, xv etc.),andthenclick the Visualizationbuttonto
startthe proces®f visualization.Our currentvisualizationtoolsincludeVisualizationToolkit (VTK),
Java 3D, XV etc. Figure7 shavs how theuservisualizeshe datasetshroughVTK andXV.

Table browsing and searching Advancedusersmay want to searchthe databaseo find datasets
of particularinterest. So the table bronsing and searchingunctionsare provided in our GUI. The
usercanjust move the mouseandpick atableto brovseandsearchthe datawithoutloggingonto a
databaséostandtyping native SQL script.

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 ary parametershewants: shecan also easily carriesout

dataanalysisand visualization,searchthe databaseand browse the tables. For a nev application
to be developed,however, althoughour high-level MDMS API is easyto learn and use, the user
may needto make someefforts to dealwith datastructure memoryallocationsandargumentselects
for the MDMS functions. Although thesetasksmay be consideredoutine,we alsowantto reduce
themto almostzeroby designingan Automatic Code Generato(ACG) for MDMS API. Theidea
is that given a specificMDMS function and otherhigh-level informationsuchasthe accesgattern
of a dataset ACG will automaticallygeneratea code segmentthat includesvariabledeclarations,
memoryallocationsyariableassignmentandidentificationsof asmary of theamgumentof thatAPI

aspossible.For somefunctions,the userstill needgo completethe codeby filling out someblanks
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... Data analysis is running now, please wait ...
Data analysis succeed
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Figure7: A visualizationexample. The upperwindow shaws the dataset@longwith their characteristics
suchasdatasizes,iterationnumber(in which they aredumped) offset, pattern,andsoon. Thesedatasets
arechoserby theuserfor visualization.Thelowerwindows shav thevisualizationresultsfor two different
datasetsgachusinga differentvisualizationtool.

which the ACG hasleft empty suchasvariablenamesfor numberof processorsgdimensionsizes
andsoonin herapplication,but it is very easyto completethembecauseave have provided a code
frameandthe useronly needdo fill out severalblanksbasedn cleardirections.A MDMS 1/O flow
in figure5 is alsoprovided by the ACG to give usera generalconcepthow our MDMS API works.
Themostsignificantfeatureof ACG s thatit doesnotjustworkslike a MACRO whichis substituted
for realcodes:it mayalsoconsultdatabasefor adwvancedinformationif necessaryFor example,to
generata codeseggmentfor set-run-table()whichis to insertonerow into theruntableto recordthis
runwith userspecifiedattributes,our ACG wouldfirst searchthedatabasandreturntheseattributes,
then,it usestheseattributesto fill outa pre-definedlatastructureasanargumentin functionset-run-
table(). Figure8 shawvs sucha casein a parallelvolumerenderingapplication. Without consulting
the databasethe userhasto dealwith theseattributesby hand. Our ACG is integratedwithin our
GUI aspartof its functions. The usercansimply copy the codesggmentgeneratecnd pastethem
in her own program. With our ACG, thereis almostno extra effort involved to port an application
to our programmingernvironment,andthe userdoesnot needto know how exactly our API actually
worksnorremembethe rulesto useour API. Thisis importantfor computationascientistdbecause
it enableshemto spendaslittle time aspossibleon their programmingervironmentandfocustheir
worksontheapplicationitself.

OurcurrentGUI is implementedisa standalonsystemwe arealsoembeddingt into thewebernviron-
ments,sothe usercanwork in our integratedernvironmentthroughawebbrowser

5 1/0 Latency Reducingfor Interactive Visualization

Our GUI canhelp the userwork at a single site without consultinga variety of distributed components
explicitly. A potentialproblemin this environment,however, is thel/O respons¢ime whentheusercarries
outinteractie visualization(VTK) onasequencef datasetsNotethatvisualizationtoolssuchasVTK etc
areusuallyinstalledon sequentialvorkstationswhile the datasetgeneratedy parallelapplicationamay
be storedon the disksof parallelcomputingsystemsor on aremotestoragesystemsuchastertiary storage
systemdike HPSS[7]. Thereforethesedatasetfieedto be first transferedo the local site from remote
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# Code Sample for SDM_set_run_table_attr. you still need to fill out ***=*/;

char **attr; ~input array attributes */

char *attr_value; / values of input array attributes */
num_attr=7;

int numDigits=sizeofiint);

attr = (char*) calloc¢(num_attr, sizeof(char™));
attr_value = (char™) calloc(num_attr, sizeof(char*));

attr[0] = "nproc”;
attr_value[0]= calloc(nuleglts sizeof(char)):
sprintf (attr_value[0]," i H

attr[1] = "dim1_size"
attr_value[1]= calloc(nuleglts sizeofichar)):
sprintf (attr_value[0].”%d", ~*=):

attr[2] = "dim2_size”;
attr_value[2]=calloc(numDigits, sizeof(char));

Get Code Sample

Figure8: Codesegmentgeneratedhy ACG for set-run-tabldunction.

storage.As the datasize could be large andthe physicaldistancecould be long, the I/O responsdime is
significant. It is quite annging thatthe userhasto wait for tensof seconddor the availability of the data
after shehaslaunchedhe visualizationprocesson a dataset.To reducethe I/O lateng, a nave approach
is thatthe userexplicitly transfersall the datato the local disksfirst andthenstartsvisualizationprocess.
The problemsof this approachhowever, arethree-fold. First, the userhasto dealwith specificfile names
andlocationsmanuallywhich are very incorvenient; second the usermay not be surewhat datasetshe
mightusein thefutureandfinally, theoveralltimeis still long sincethel/O time is not overlappedvith the
visualizationprocess.

In this section,we presenta schemeo addresghe problemsof naive approach.By usingprefetching
andcachingtechniquespur approackcaneffectively hidethel/O lateng, improving overall visualization
performancén GUI. The basicideaof our approachs thatwhenthe useris working on a datase{visual-
ization), we make a predictionon whatthe next datasethatmight be accessedhenspavn anotherthread
to performremotel/O andcachest onthelocal disks. Sincevisualizationprocesswith humaninteraction
is slow, thereis ampletime to overlap prefetching.In addition,the I/O responseéime for the next dataset
canbesignificantlyreducedvhentherequireddatasetanbe servicedon local disk cache.

We usedatabaséo keeptrackof datalocationsandaccessistory Two tablesarecreatedn thedatabase.
Onetableis calleddata-access-tice whoseattributes(fields) includeapplicationname,datasename,it-
erationnumbey dateandtime, runid etc. This tablekeepsall the datasetwvisualizedby the user Another
tableis calleddata-catie whoseattributes(fields)include,applicationname datasehame,iterationnum-
ber, local directoryandreferencecounter It keepsinformationaboutwhatdatasetarecurrentlycachedn
thelocaldisksandhow mary timesthey areaccessetly theuser

The key issuefor prefetchingis to decidewhich datasetshouldbe fetched. In Section2 we intro-
ducedanastrophysicsipplicationwhichis arepresentate of mary scientificapplications We canseethat
mary scientificapplicationgeneratdime-serialdataset¢eachdatasets storedin a separatdile) andthese
datasetsvill alsobe accessethy visualizationtoolsoneby onein time order For example,by visualizing
datasetstemperature’from time step0 to 20, the usercanknow how temperature&ehangesas simulation
goeson. Thischaracteristi¢s goodfor prediction becaus¢henext time stepdatasets thebestcandidatdor
prefetching.Figure9 (column1,2) shaws theresultsof prefetching.Thel/O response¢ime canbereduced
significantly

As someapplicationamay take mary time stepsandthe usermay not alwaysvisualizeall of them. For
example to have aquickview of how datasettemperaturethangesssimulationgoeson, theusemayonly
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Figure9: 1/0 Lateny Reducingby Prefetchingfor Astrophysicsdatavisualization. The datais located
at disks of SP2andvisualizationtool (VTK) is installedon a Linux machine. The size of eachdataset
is 8MB. The averagevisualizationtime on a datasefis about10s. (1) No prefetch,Input A; (2) Prefetch,
Input A; (3) No prefetch,Input B; (4) Prefetch(fixed stride), Input B; (5) Prefetch(adaptve stride), Input

B; (6) No prefetch,Input C; (7) Prefetch(fixed stride), Input C; (8) Prefetch(adaptve stride), Input C;

(9) No prefetch,Input D; (10) Prefetch(accordingto previous runs), Input E. Input A = (tempeature-

9-0, tempeature-9-1,tempexture-92, ..., tempeature-9-20), B = (tempeature-9-0, tempeature-9-2,
tempeature-9-4, ..., tempeature-9-20), C = (tempeature-9-0,pessue-90, tempeature-9-2, pressue-

9-2, ..., tempeature-9-20, pressue-9-20); D = (tempeature-9-1, tempeature-9-5, tempeature-9-4,
tempeature-9-5, tempeature-9-10, ...), E = (tempeature-10-1, tempeature-10-5, tempeature-10-4,
tempeature-10-5,tempeature-10-10.,...).

pick partof datafilesin a stridedmanneisuchastemperature-9-Gemperature-9-2emperature-9-&tc.In
this case the naive prefetchingwould not help. To addresghis problem,we proposedan ‘adaptie stride’
scheme.In this approachthe previous strideis usedto predictnext dataset.For example,after datasets
temperature-9-@ndtemperature-9-2are accessedye predictthe next dataseshouldbe temperature-9-4
sincethe last strideis 2. Figure9 (column3,4,5)shavs the results. The adaptive approachdramatically
reduced/O lateng. For somecasesthe usermay be interestedn multiple datasets.For example,the
changesf temperatureand pressuranay influencewith eachother sothe usermay inspecttemperature
andpressuralatasetslternatvely. The adaptve strideprefetchingcanstill deliver significantperformance
improvementin Figure9 (columné6,7,8).

Anotherscenariaccould happeris thatthe datasets$o bevisualizedmaynot have fixedstride.By check-
ing the dataaccessistoryin tabledata-access-tice of previous runs,we canstill make a goodprediction
sincethe usermay changerun-time parametergor eachrun and may still interestedn the sameset of
datasetsFigure9 (column9, 10) shavs theresults.
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6

Conclusions

In this paper we presentednintegratedJava graphicaluserinterface(GUI) to efficiently help userswork

on anervironmentthatis characterizetby distributedandheterogeneousatures.Our GUI providesusers
an unified interfaceto all the resourcesand platformspresentedo large-scalescientificapplications. In

addition, an I/0O responsdime reducingtechniquehasbeenintegratedinto our GUI to hide I/O lateny

for interactve visualization. All theseworks take advantageof Java’s powerful featuressuchasplatform
independenceortability procesgnanagemeninultithreading,networking and streams.The databasés

alsoplaysanimportantrole which makesthewhole framevork complete.In the future, we would investi-
gateotheroptimizationsin our ervironment,suchassubfiling[13]. Therelationshipbetweerprefetchand
caching[4] in our context will alsobestudied.
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