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Abstract

With theincreasinghnumberof scientificapplicationamanipulatinghugeamountsof data,effective
high-level datamanagemenis an increasinglyimportantproblem. Unfortunately so far the solutions
to the high-level datamanagemenproblemeither requiredeepunderstandingf specificstoragear
chitecturesandfile layouts(asin high-performancdile storagesystems)r produceunsatiséctoryl/O
performancen exchangefor ease-of-usandportability (asin relationalDBMSS).

In this paperwe presenta novel applicationdevelopmentervironmentwhich is built aroundan
active meta-datananagemensystem(MDMS) to handlehigh-level datain an effective manner The
key componentof our three-tieredarchitectureare userapplication,the MDMS, and a hierarchical
storagesystem(HSS).Our ervironmentovercomesheperformanceroblemsof puredatabase-oriented
solutionswhile maintainingtheir advantagesn termsof ease-of-usandportability. The high levels of
performancareachievzedby theMDMS, with theaid of userspecifiedperformance-orientedirectives.
Ourervironmentsupportsa simple,easy-to-usget powerful userinterface leaving thetaskof choosing
appropriatd/O techniquedor the applicationat handto the MDMS. We discusshe importanceof an
actve MDMS andshav how thethreecomponentsf our environmentnamelyapplicationthe MDMS,
andthe HSS, fit together We alsoreportperformancenumbersfrom our ongoingimplementatiorand
illustratethatsignificantimprovementsaaremadepossiblewithout undueprogrammingeffort.

1 Intr oduction

Marny large-scalescientificapplicationsredataintensie, processingargedatasetsangingfrom megabytes
to terabytesThesencludeapplicationsrom the dataanalysisandmining, imageprocessinglarge archive
maintenanceeal-timeprocessin@ndsoon. As anexample consideratypical computationascienceanal-
ysiscycle,shavn in Figurel. In this cycle thereareseveral stepsnvolved. Theseincludemeshgeneration,
domaindecompositionsimulation,visualization,andinterpretatiorof results,archval of dataandresults
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Figurel: A typical computationakcienceanalysiscycle.

for post-processingndcheck-pointingandadjustmenbf parametersThus, it is not sufficientto consider
simulationalonewhendetermininghow to storeor accesslatasetsbecaus¢hedatasetsin questiorareused
in otherphasesaswell. In addition,thesestepsmay needto be performedin a heterogeneoudistributed
ervironment. Theseconsiderationsequirestoring visualizationand checkpointdata(which canrun into
100sof meggabytedo terabytegange)in a canonicalform sothat othertools canusethemeasilywithout
having to re-oganizethe data. Furthermorethe re-startof computatiornwith differentnumberof proces-
sorsrequiresthatdatastoragebeindependendf numberof processorshatproducedt. Suchrequirements
presenthallenging/O intensve problemsandanapplicationprogrammemaybeoverwhelmedf required
to solve theseproblems.

DesigningefficientI/O schemesgor suchl/O intensve problemsdemandsxpertknovledgeandis not
suitablefor a computationakcientist. Consequentlywith the increasingnumberof applicationghat ma-
nipulatehugeamountsf datathe effective datamanagemergroblemis becomingncreasinglyimportant.
Althoughthis problemhasbeenaddressethroughoutheyearsat differentlevels, thereis still little consen-
susover how to balanceahe ease-of-usandefficiengy.

In oneextremeof the spectrunthereare high-performancgarallelfile systemgqe.g.,Intel's PFS[25]
andIBM’ s Vesta[8]) thathave beenbuilt to exploit the parallell/O capabilitiesprovided by modernarchi-
tectures. They achiee this goal by adoptingsmartl/O optimizationtechniquesuchas prefetching[17],
caching[22, 5], andparallell/O [15, 10]. However, thereareseriousobstaclepreventingthefile systems
from becominga real solutionto the high-level datamanagemenproblem. First of all, userinterfacesof
the file systemsare low-level [21]. They force the usersto expressaccesgatternsof their codesusing
file pointers byteoffsets,etc.,which do notdirectly matchtheapplications'datastructuresyhich arelarge
multi-dimensionabrraysjmagesandsoforth. Secondgveryfile systencomeswith its own setof 1/O calls,
which rendersnsuringorogramportability a very difficult task. Thethird problemwith thefile systemss
thatthefile systempoliciesandrelatedoptimizationsarein generahard-codedn it andaretunedto work
well for afew commonlyoccurringcaseonly. As notedby Karpovich etal. [19] amongthe others evenif
the programmehasfull-knowledgeof accesgatternsof hercode,it is difficult to convey this information
to thefile systemin a corvenientway. Overall, highlevel I/O performancdrom parallelfile systemss pos-
sibleonly if significantsacrificesaremadefrom portability codereuse andease-of-programming\otice
alsothatalthoughthe parallell/O libraries(e.g.,[6]) built on top of parallelfile systemdave the potential
to provide both ease-of-usandhigh performancehroughthe useof adwanced/O optimizationtechniques
suchascollective I/0 [14, 20], andarraychunking[26], their extensibility is severelylimited by the design
principlesandthe programmindanguageusedin theirimplementatiorj19].

At the otherendof the spectrumaredatabasenanagemengystemgDBMS). They provide alayeron
top of file systemswhich is portable,extensible,easyto useand maintain,andthat allows a clearand
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Figure 2: Three-tieredarchitecturg(Threesitesin this figure illustrate the currentexperimentalsetupto
evaluatethe architecture).

naturalinteractionwith the applicationsby abstractingout the file namesandfile offsets. However, these
adwantagegio not comefor free. Sincetheir maintargetis to be generabpurposethey cannotprovide high

performancen a specificplatform. Additionally, the dataconsistencandintegrity semanticprovided by

almostall DBMS put an addedobstacleto high performance Applicationsthat procesdarge amountsof

read-onlydatasufier unnecessariljasa resultof theseintegrity constraint419]. And finally, mostDBMS

supportonly avery limited setof datatypesanddatamanipulatiormodels.

In this paperwe presenta novel approacho the high-level datamanagemenproblem. Our approach
triesto combingheadwantage®f file systemanddatabasesyhile avoiding theirrespectre disadantages.
It provides a userfriendly programmingernvironmentwhich allows easyapplicationdevelopment,code
reuse,andportability; at the sametime, it extractshigh I/O performancdrom the underlyingparallell/O
architectureby emplg/ing advancedl/O optimizationtechniquedike datasieving and collective I/O. It
achieves thesegoalsby using an active meta-datamanagementsystem(MDMS) that interactswith the
parallelapplicationin questioraswell aswith the underlyinghierarchicaktoragesrvironment.

The proposedbrogrammingervironmenthasthreekey componentsy(1) userprogram;(2) meta-data
managemergystem(MDMS); and(3) hierarchicaktoragesystem(HSS).Thesethreecomponentganex-
ist in the samesite or canbe fully-distributed acrosdistantsites. For example,aspartof our experiments
we run a parallelvolumerenderingapplicationon the SP-2at ArgonneNationalLab thatinteractswith the
MDMS locatedat NorthwesterrUniversityandaccessets datafiles (currently)usingTCP/IPstoredonthe
HPSS(High PerformancétorageSystem)[11] installedat SanDiego Supercompute€enter The experi-
mentalconfiguratioris depictedn Figure2. Functionalitieof thethick double-arras will be explainedin
subsequergections.

The remainderof this paperis organizedasfollows. In section2 we presenthe detailsof the MDMS
which is built using Object-RelationaDBMS (OR-DBMS)technology{27]. In section3 we discussthe
HSS, focusingin particularon the advancedl/O optimizationsandon how they are activatedusing user
directives. In sectiond we discusdasicl/O commandsuisedin applicationgi.e., the userinterfaceof our
architectureand make a casefor a simplersetof well-implemented/O functionalities. In section5 we
presenfperformancenumbersfrom our initial implementatiorusing several applications.In section6 we
briefly discusgelatedwork on high-level scientificdatamanagemerdandIl/O optimizationsandin section7



we concludethe paperandbriefly discussongoingwork.

2 Meta-data ManagementSystem(MDMS)

Our MDMS is an active middle-ware currently being built at NorthwesternUniversity with the aim of
providing a uniform interfaceto data-intensie applicationsandhierarchicalktoragesystems Applications
andHSScancommunicatavith theMDMS to obtainhigh performancé/O from theunderlyingarchitecture.
Themainfunctionsfulfilled by the MDMS canbe summarizedsfollows:

e It storesinformationaboutthe abstracstoragedevices (ASDs)thatcanbe accessethy applications.
By queryingthe MDMS, the applicationscanlearnwherein the HSStheir datareside(i.e., in whatpart
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
eightseparatalisk arrays)to storetheir datasets.

e |t storesinformation aboutthe storage patternsand accesspatternsof datasets. For example,a
specificmulti-dimensionabrraythatis stripedacrosgour disk devicesin round-robinmannemwill have an
entryin theMDMS. The MDMS utilizesthis informationin a numberof ways. The mostimportantusage
of this information,however, is to decidea parallel /O methodbasedon accesgatterns(hintg provided
by the application.By comparingthe storagepatternandaccesspatternof a dataset,the MDMS can,for
example,advisethe HSSto performcollective I/O [14] or prefetching17] for the datasetin question.

¢ |t storesinformationaboutthe pendingaccesgatterns. It utilizes this informationin taking some
globaldecisionspossiblyinvolving datasetsfrom multiple applicationge.g.,staginga numberof related
files from tapesub-systento disk sub-systemor migratinga numberof files from disk sub-systento tape
sub-systeniil1]).

e It storesinformationaboutthe usersandapplications.A (user, applicatior) pairis calleda context.
Whena userstartsto run an application,the MDMS determineghe portionsof its meta-datahat sheis
allowedto see.As the applicationruns,the MDMS accumulatesiccesstatisticsaboutthe useraswell as
herdatasetsandutilizesthisinformationin successie runsto enhancéhel/O performancdurther In other
words,the MDMS alsokeepsmeta-datdor specifyingaccessistory andtrail of navigation, thoughthey
arenot coveredin this paper

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

2.1 Directive Categories

The MDMS is built usingthe OR-DBMStechnology[27] thatallows high expressienessandextensibility,
It keepshothsystem-leel [4, 7] anduserlevel meta-datg16] aboutthedatasets datafiles, ASDs,physical
storagedevices(PSDs),accespatternsandusers.lts communicatiorwith the userapplicationis through
so calleduserdirectives Although thesedirectves comein a variety of flavors, thereare two important
groups:

e LayoutDirectives The applicationcanhave somecontrolover how its dataarelaid outin the HSS.
Thesedirectvesarestrongin thesenseahat(unlesshey areinconsistentvith eachother)theMDMS should
take careof themand shouldadvisethe HSSto take necessangteps. An examplewould be a (storage
pattern)directive thattellsthe MDMS thattheapplicationwvantsaspecificdatasetto bestoredin aparticular
fashion. Anotherexamplewould be a (usagepattern)directive thattells the MDMS to advisethe HSSto
migratea specificdatasetfrom disk to tape, probablybecauseét will not be usedin the remainderpart
of the application. Thesedirectives are importantindicationsaboutparticularusesof datain subsequent



computationgndin mostcasesithertell how a datasetshouldbe created(if thedatasetdoesnotexist) in
theHSSor how adatasetshouldbere-oiganized e.g.,re-stripedor re-distriluted(if it existsalready).

e AccesdatternDirectives Thesadirectivesareusedashintswhichindicatethatthe users application
is aboutto starta specifiedsequencef 1/0 operationson the HSS. In responsdo sucha directive the
MDMS can,for example,advisethe HSSto performa specificl/O optimizationin accessinghe relevant
data. Theseoptimizationsinclude prefetching,caching,collective I/O etc.,andaremild in the sensethat
they do notimply a majordatare-oiganizationonthe HSSpartbut ratherenablea specificl/O optimization
to be performedn orderto reducethel/O bottleneck.

Currentlybothtypesof directvesarebeingimplementedusingembedde&QL (E-SQL) functions. It
shouldbe mentionedhata directive (whetherstrongor mild) mayberejectedat eitherof two points. First,
the MDMS may declineto take the necessaractiondueto, for example,the factthatthe directivesused
togetherarenot consistentvith eachother Secondgvenif the MDMS advisesan|/O optimizationto the
HSS,theHSSmayrejectit dueto currentstateof it (e.g.,overloaded)It shouldbe stressedhatthe HSSis
theonly componentn the proposedarchitecturghatknows the detailsaboutits physicall/O resourcesind
is freeto take ary actionif doingsohelpsto improve theoverall I/O performance.

Onemightwonderat this pointwhy insteadof usinga MDMS (andincurringits overhead}the applica-
tion codedoesnotdirectly negotiatewith theHSS.Thisis notareasonablsolutionfor atleasttwo reasons.
First, the applicationprogramdoesnot needto know the detailsof the HSS. Otherwise,it would be very
difficult to decideappropriatel/O optimizations. In the proposedarchitecturethe userdoesnot needto
know whereherdatasetsresideon the HSSandwhattheir storagepatternsare, thoughshecanobtainthis
informationby queryingtheMDMS. The secondactorthatpreventsthe usercodefrom communicatingli-
rectly with the HSSis thefactthata users codein generacannothave a globalinformationaboutthe other
applicationsconcurrentlyusingthe HSS.In orderto manageheoverall I/O actiity effectively it requiresa
globalknowledg of all users’accesgatternsandl/O resourcesthatinformationis availableasmeta-data
in the MDMS. It shouldbe noted,however, the actualdatatransferoccursalwaysbetweerthe application
andtheHSSdirectly oncethe appropriatd/O methodhasbeendecided.It shouldalsobe mentionedhatit
is aviablealternatve to implementthe MDMS asa partof (or ontop of) the HSSaslong asthe semantics
of theirinteractionarepresered.

2.2 Individual Dir ectives

Using directives, an applicationcancornvey informationaboutits expected!//O actvity to the MDMS. As
a minimum, we expectthe applications’userto know how her datawill be usedby parallel processors
(henceforthwe call thisinformationaccesgatterr). However, in generakthe moreinformationis provided
to theMDMS, thebetterl/O optimizationswill beenabledTablel shavs thetypesof informationthatcan
be provided by applicationusingdirectvesto the MDMS. Thesedirectivescanbe combinedn meaningful
waysandcanbeappliedto anumberof datasetssimultaneoushasexplainedbelow.

In this ervironment,an accesgatternfor a datasetis specifiedby indicatinghow the datasetis to be
dividedandaccessety parallelprocessordg-or example anaccespatternsuchas(BLOCK,*) saysthatthe
datasetin questioris divided(logically) into groupsof rows andeachgroupof rowswill bemostlyaccessed
by a singleprocessorThe numberof row-groupscanalsobe specifiedusinganotherirectve. Notice that
this accesgatterninformationdoesnot have to bevery accurateasthe processorsnayoccasionallyaccess
the dataelementsoutsidetheir assignedortionsandthe exact setof elementsaccessedavill be specified
in the actualread/writel/O calls. A few frequentlyusedaccesgatternsare depictedin Figure 3(a) for
a four processorase. Eachprocessos portion are shadedusinga differentstyle. A (BLOCK,BLOCK)
accesgpatternindicateghateachprocessowill mostlyaccessirectangulablockanda (*,CYCLIC) pattern
involving P processorampliesthateachprocessowill mostlyaccessvery P columnof the dataset. A



Tablel: Userdirectves.

directiveexplanation

usage

storage patterndirective
declaresa storagepatternfor the HSS-residendatasetA
each<ptrn> canbe BLOCK, CYCLIC, BLOCK-CYCLIC(b),or *

organize A(<ptrn>,<ptrn>,...)

accesgatterndirective
declaresanaccespatternfor the HSS-residentatasetA
each<ptrn> canbe BLOCK, CYCLIC, BLOCK-CYCLIC(b),or *

access A(<ptrn>,<ptrn>,...)

abstiact storage directive
declaresanabstracstoragedevice (ASD) andthe numberof processorivolved
e.g.DISK(4,4)indicatesa4 x 4 processoarraywill accessadisk storage

storage D(<np>,<np>,...)

I/O typedirective
declareghetypeof I/O thatwill be performedon datasetA
<type> canberead-only(RO), write-only (WO), or read-writemix (RW)

iotype A(<type>)

sequentialitydirective
informsaboutaccesgpatternfor eachdimensiorof datasetA
each<seq,b> canbe (sequential,*)(strided,B),or (variable,*),whereB is the stride

sqntl A(<seq,b>,<seq,b>,...)

repetitiondirective
informsabouthow mary timesdatasetA will beaccessed
<rep> canbeonly-once(OT), or multiple-times(MT)

repeat A(<rep>)

usaye patterndirective
informsaboutwhatto dowith datasetA afterthis pointin program
<usg> canbepurge(PG)or migrate(MG)

usage A(<usg>)

associationabstiactdatasetspace)directive
declareghatdatasetsA,B,C,... areassociateavith T
anassociatiompliesthatthe concernedlatasetswill betreatedsimilarly

associate(A,B,C,...)with T

datasetsizedirective
declaresanapproximatesizefor datasetA
e.g.,size A(16,777,216)ndicateshatdatasetA is approximatelyl6MB

dsize A(<size-in-bytes)

requessizedirective
declaresanapproximatesizefor datasetA
<rs> canbesmallreques(SR),largereques(LR), or variablereques({VR)

rsize A(<Is>)

meta-datagquerydirective
gueriesa parametepf anentity (dataset,ASD, associationetc.)
e.g.,query(dataset,A,storage-patterefurnsthe storagepatternfor datasetA

query(entity,name,paraeter)




star*’, on the other hand,indicatesthat the dimensionin questionis not partitionedacrossprocessors;
dependingon the parameter®f the accompaying storage directve, suchan accesgatternmay imply
eitherreplication(if multiple processorareinvolved)or exclusiveaccesgif asingleprocessois involved).

In our framework, thesepatternds alsousedasstorage patterns. For example,a (BLOCK,*) storage
patterncorrespondgo row-major storagelayout (asin C), a (*,BLOCK) storagepatterncorrespondso
column-majorstorageayout (asin Fortran),anda (BLOCK,BLOCK) storagepattern,on the otherhand,
correspondgo blocked storagelayout which might be useful for large-scalélinear algebraapplications
whosedatasetsareamenabléo blocking[30].

As an example,considerthe following scenario.An 1/O-intensve applicationexecutesin threesteps
manipulatingfive two-dimensionatatasets(arrays)P, Q1, Q2, R1 andR2 whosedefault disk layoutsare
assumedo berow-major(BLOCK,*): Step(1): asingleprocessoreadsthe datasetP andbroadcast#s
contentsto otherprocessorsStep (2): the datasetQL1 is createdby four processorgollectively in row-
major order (BLOCK,*) on disk sub-systemalso the dataset Q2 is createdby the sameprocessorsn
(BLOCK,BLOCK) manner;andfinally, Step (3): two datasets,R1 andR2, arereadby four processors
collectively in row-major orderfrom disk sub-systenandthenthe applicationdoessomecomputatiorand
terminatesin thefollowing we shawv how thesd/O activities canbespecifiedusingouruserlevel directives.
For Step(1), thel/O actiity canbe capturedoy thedirectve:

access P(BLOCK,?).

Hereit is assumedhatthedatasetP is accesseth row-wise;alsosinceno storage directive appearsit is
assumea singleprocessor
For thel/O actvity of Step(2), we canuse

organize Q1(BLOCK,*) storage DISK(4)

organize Q2(BLOCK,BLOCK)storage DISK(2,2).

The userindicatesthatfour processorsvill (mostprobably)write ontofour disjoint partsof Q1 (i.e., four
row-blocks). The systemnow hasseveral optionsin responseo this directive. It can,for example,use
four disksandstoreeachprocessos portionin a separatealisk (asshavn in Figure3(b)). This will allow
eachprocessoto do I/O independentlyrom others,maximizingthe I/O parallelism. Or alternatvely, the
whole dataset Q1 (actuallythe file containsit) canbe stripedover four disks (asshavn in Figure 3(c),
assuminghateachprocessorsportion containsfour stripeunits of data). Althoughthis storagestyle does
notnecessarilyeadto conflict-freedisk accessesn mostpracticalcasest allows suficient!/O parallelism.
Also, moreintelligentstripingmethodsuchastheoneshavn in Figure3(d) caneliminatethepotentialdisk
conflicts.

As for thedirective thatinvolves Q2, againthe systemhasa numberof options. The mostinteresting
one,however, is the onethatusescollective I/O [14]. Sincethe default(thefinal) disk layoutis row-major
(BLOCK,*) andtheprocessorwvill write datain (BLOCK,BLOCK) fashionadatare-oganizatiorbetween
processorgightbenecessarfor high performanceWe will elaborateonthisissuelaterin this paper
Finally, for Step(3) thefollowing directvescanbeused:

associate (R1,R2)with T

access T(BLOCK,*) storage DISK(4)

First, the associate directive indicatesthat R1 and R2 will be treatedtogether (i.e., accessedstaged,
migratedin similar fashionspasshavn in Figure3(e). Thenthe secondlirective corveystheaccesgattern.
Note that sincethe storagepatternandthe accesgatternare the same,no collective 1/O is required. An
abstracdatasetspacg(T, in our example)is a dummydatasetvariablewhich helpsto specifythe desired
accessatternof a datasetby describingits relationshipto other datasets. For example,‘associate
(A,B,C)with T' impliesthatwheneer the datasetA is accessedhe datasetsB andC will alsolikely be
accessedThis informationcanthenbe usedto pre-stagehe datasetsB and C from tapeto disk (if they
arenot alreadyon disk) wheneer A is accessedThe associate directive alsoprovidescornveniencein



Figure 3: (a) Differentaccesatterns. (b-d) Non-stripingvs. striping. (e) Abstractdatasetspace. (f)
Contentionon disks.

specifyingthe accespatternof datasetswith respecto eachotherasin Step(3) of the scenariadiscussed
above. It impliesthatthe correspondingortionsof R1andR2 will beused(mostly)by thesameprocessqr
andthereforeshouldpreferably be storedon the samedisk.

It shouldbeemphasizethatthemainideabehindusingdirectiesis to helpthesystemmatd theaccess
pattern(i.e., how datais accessedandthe storage pattern(i.e., how datais stored). When,for example,
a DISK(4) directive is sentto the MDMS, whatthe applicationprogramindicatesis that four processors
will accesghedatasetin questionin parallelfrom disk(s). While the bestl/O parallelismcanbe obtained
by allocatingeachprocessorsportion on a separatealisk, the systemdoesnot necessariljhasto do so. It
shouldbe noticed,though,in caseof lessthanfour disks (or I/O nodes)areusedthe I/O parallelismwill
suffer becausef the possiblecontentionon disks (asshavn in Figure 3(f)). Thus,a DISK(4) directve
essentiallyrevealsto the systemthatfor maximuml/O parallelismat leastfour disk devicesareneeded It
shouldalsobe notedthatthe directves explainedabore arehigh-level andconstructedisingthe namesof
thedatasetsusedin the applicationwhich areintuitive to the user Contrasthis with a classicafile system
interfacethatboils down everythingto linearstreamf bytesandoffsets.

2.3 Shorthand Notations

In mary caseshereareanumberof datasetsthatcontainthesametypeof datadiffering only in the datethat
the datahave beencollected.As anexample,a broadcasageny canusesimilar datasetsfor the broadcast
datacollectedin differentdays. It can,for example,usethe namedike BC001,BC002,....BC365asdata
setnameswhereBCO0O01is the datasetfor thefirst day of theyearandsoon. In casesuchasthis it might
be very corvenientto have somewild-card notationsin orderto relieve the userfrom enteringthe same
directive for eachdataset. Our currentnotationcloselyfollows the oneproposedy Musick et al. :

“** Thesinglestarnotationasin ‘BC* indicatesthatthe operationin questionshouldbe appliedto all
datasetswith prefix ‘BC’. Thisis exactly the sameway thatthe staris usedin the UNIX file system.



ASSOCIATIONS TABLE

i di £data-id: - data-ind: .
assoc-id f-dat f-dat 7 -pattern|

id1 T 2 <0,0 > <i=i’y="> (BLOCK,*)
PENDING ACCESSES TABLE

d | data-set-id - n user-id

id7 <0 > (BLOCK,BLOCK)
id8 <0 > (BLOCK,BLOCK)

<0 >
<0 >

DATA SETS TABLE

lata-set-id | de di t-di lata-set lata-set-fil

= id2 P 2 user-level <0 > id2

meta-data USERS TABLE

user-id | group-id| user-meta-data

id3

P id9 <o > user-level
meta-data

STORAGE DEVICES TABLE

file-id | file-name | file-meta-data | file-store store-id | store-name | store-meta-data

I idd file-P user-level <0 > id6 disk4 user-level

Lias | fiteq meta-data u meta-data

Figure4: Internalrepresentatiom the MDMS.

For example,associate R* with T will causeall the datasetswhosenamesstartingwith prefix R
to getassociatetb the abstractatasetspacer.

“**  Thedoublestarnotationconnecta numberof namesn thesamedirective. For example,associate
(R**,S**) with T** meansthatwe wantto apply associationgo the instanceof datasetswhose
namesstartingwith R andS with matding sufiixes. If we have the datasetswith namesR1,S1,R2,
andS2,thenthe effect of theassociate directive givenabove will be asif we enterecassociate
(R1,S1)with T1followedby associate (R2,S2)with T2.

2.4 Implementation of User Dir ectives

Internally the MDMS keepsits meta-datan the form of databasdables(relations). Figure 4 shavs the
mostimportantpartsfor eachtablein our ongoingimplementation.Usingan OR-DBMS [27] insteadof
a purerelationalDBMS bringsthe adwantageof using pointers(henceavoiding duplicationof meta-data
in differenttables)aswell as extendingmeta-dataasthe needarises(usinginheritanceand/orcollection
datatypes[27] for instance).Notice thatalmostin every tablethereis a field (attribute) calleduserlevel
meta-data Actually, sucha field containsa pointerto a separatd¢ablewherethe MDMS storesthe user
level meta-datdi.e., the meta-datahathelp userto find herdataor to obtaininformationaboutthe storage
sub-systemsurrentlyavailablein the HSS).For example the userlevel meta-datdield for afile entity can
containinformation(meta-datapn who createdhefile, whenit wascreatedwhatits currentsize,whenit
waslastmodifiedetc.

The examplemeta-dataentriesshavn in Figure 4 indicatethat two datasets,P andQ, areassociated
with anabstracdatasetspacel andarestoredas(BLOCK,*) fashion(i.e., row-major)in files file-P and
file-Q, respectiely. Thesefilesresideon an ASD calleddisk4 (which, in turn, canbeimplementedising4
physicaldisk devices).Also, therearetwo pendingaccespatternsof style(BLOCK,BLOCK) onthesedata
setsthathave beeninitiatedby auserwhoseidentityis id9. It shouldbementionedhatthemeta-datahavn
in Figure4 do not containall the datarequiredbut ratheranimportantsubsefor illustrative purposes.

2.5 CommonAccesySharing) Patterns

We studiedseveral I/O-intensve parallel programsto identify commonlyoccurringdataaccesgatterns,
paying specialattentionto selecta setof programsthat clearly reflectsthe accessehaiors whennot a



Table2: Commonlyoccurringaccesgpatterns.

| pattern | explanation

access A(...) + storage (...) + iotype A(RO) + sqnt1 A(...) + repeat A(MT)

read-paallel-mostly || thisdatasetis repeatedlyeadby multiple processorsignificantlymorefrequentlythanit is written

read-serial-mostly this datasetis readby a singleprocessosignificantlymorefrequentlythanit is written
access A(...) + iotype A(RO) + sqntl A(...) + repeat A(...) + usage A(...)
private this datasetis accesse@readand/orwritten) exclusively by a singleprocessor

(exclusivelyaccessed || access A(...) + iotype A(...) + sqntl A(...) + repeat A(...) + usage A(...)

access A(...) + storage (...) + iotype A(WO) + sqnt1 A(...) + repeat A(MT)

write-parallel-mostly || this datasetis repeatedlywritten by multiple processorsignificantlymorefrequentlythanit is read

write-serial-mostly this datasetis written by a singleprocessosignificantlymorefrequentlythanit is read
access A(...) + iotype A(WO) + sqntl A(...) + repeat A(...) + usage A(...)

producerconsumer this datasetis written onceby a singleprocessoandthenreadby multiple processors

in producempart: access A(...) + iotype A(WO) + sqntl A(...) + repeat A(OT) + usage A(...)
in consumerpart: access A(...) + storage (...) + iotype A(RO) + sqntl A(...) + repeat A(MT)

read-write this datasetis accessereadand/orwritten) multiple timesby multiple processors
(mix-shaed) access A(...) + storage (...) + iotype A(RW) + sqnt1 A(...) + repeat A(MT)

specialattentionis paidto improve the high-level dataaccessef 8].

Although, as can be expected,there are greatvariancesin accessatternsof datasetsusedin 1/O-
intensive codes,we have identifieda limited setof commonlyoccurringsharingpatterns. Table 2 shavs
thesepatternsandhow they canbespecifiedoy theuserghroughourdirectives. A (...) meanghatasuitable
parameteshouldbe entered.If a directive is missing,thatmeanst shouldnot be entered.Although, our
applicationsmay not reflectall possibleaccesgatternghat may be exhibited by scientificcomputations,
we believe thatit would be relatively straightforvard to captureary uncommonpatternaswell usingthe
appropriatecombination®f thedirectivesgivenin Tablel.

3 HSSand Utilization of Meta-data

Although in our future experimentswe intend employ HPSS[11] asour primary HSS, ary hierarchical
storagesystemwith asuitableAPI| canbeusedfor thatpurpose Currently we alsouseparallelfile systems
suchasPFSandPIOFSto conductexperimentswith the disk-residentiatasets.Basically the HSSin our
ervironmenthastwo maintasks:

o It keepsthe storagaelatedmeta-dataipdatedn the MDMS. Thisis importantin orderto presenthe
usersaccuratanformationaboutthe available I/O resources.In a way, the responsibilityof updatingthe
meta-datén theMDMS is dividedbetweertheapplicatiorandtheHSS.Any datare-oiganizatiorperformed
by independentlyhe HSSshouldbereflectedonthe MDMS..!

e It honorsthe I/O optimizationrequestfrom the MDMS and1/O requestdrom the userapplication
andreturnsresultsto the application.

'In future, we intendto usethe Datalinkssoftware[13] from IBM. This will relieve us from the responsibilityof updating
independenHSS datare-omganizationsas all the I/O actiity on the datasetsregisteredwith the DB2 will be interceptedand
checledfor securityandconsisteng



Application] Application Application

d?,’%ec’;ﬁfz’s access patter storage patter)
ery 1/0 ealis\1/0 results read call
Tresults

read results
I/0 hints P—— S ——
mpms | — mss MDMS prefetch hint MDMS " data redistr. hint | HSS
-
storage update access pattern ? storage pattern
(a) () (e)
Application Application Application
access patter
query file name usage pattern
read call read results read results
Ffile name read ca
— > —_— =
MDMS | collective I/ O hmz MDMS HSS MDMS migrate hint HSS
access pattern ? storage pattern
(b) (d) ®

Figure5: Proposedarchitecturga) anddifferentscenariogb) through(f).

3.1 Example Scenarios

The sketch of the proposedarchitectureis shavn in Figure5(a). In this three-tieredarchitecturean ap-
plication can query meta-dataand sendl/O directivesto the MDMS. The MDMS, in turn, cansendthe
applicationthe queryresultsandcansendl/O hintsto the HSS(after evaluatingthe directivesit takesfrom
the application). The HSShonorsthe I/O requestsrom the applicationandthe I/O hintsfrom the MDMS
andsendl/O resultsto the application(whenrequired).It canalsoupdatethe dynamicstoragenformation
keptin the MDMS (whenit is necessaryo do so). Figures5(b) through(f) shawv five examplescenarios.
In Figure5(b) the MDMS obtainsan accesgatternfrom the applicationand decides(after comparingit
with the storagepatterninformation)to senda collectie I/O hint to the HSS.Thenthe actualdatatransfer
(which is a readcall in this case)occursdirectly betweenthe applicationcodeandthe HSS. Figure 5(c)
depictsa similar situation,only this time the MDMS decidedgo senda prefetchhint (probablybecausehe
storagepatternandthe accesgatternin questionareidentical). Figure5(d) shawvs so calledindependent
modeof opelation wherethe applicationin questiomegotiateswith the MDMS andobtainsthefile names
andtheirlocationsin the HSS.Thenit accessethe HSSto performits I/0; no nggotiationoccurshetween
the MDMS andthe HSS.In Figure5(e) the applicationdemands new storagepatternfor oneof its data
setsandthe MDMS sendsthe requireddatare-distrilution hint to the HSS. And finally in Figure5(f) the
applicationsendsa usagepatternwhich in turn causeshe MDMS to instructthe HSSto migratethe data
setin questionfrom the disk sub-systento thetapesub-systemNotethatall thesenteractiondbetweerthe
applicationandMDMS canbe specifiedusingthe directivesin Tablel.

3.2 AdvancedIl/O Optimizations

In orderto exploit the capabilitiesof modernparallell/O architecturesit is imperatve to useadvanced/O
technique$15]. In principle,thesetechnique$ave two mainobjectives:

e enhancing/O parallelism; thatis, to maximizethe numberof storageunits (e.g.,disks)thatcanbe
keptbusyatary giventimeinterval, and

e improvinglocality of I/O accessedhatis, to accesasmary consecutie dataaspossibleusingasfew
I/O callsaspossible(spatiallocality) or to maximizethe numberof dataaccessethatcanbe satisfiedrom
thefastcomponentsi.e., higherlevels)of the storagehierarchy(tempogl locality).

Notice thattheseobjectivescanonly berealizedby carefuldataplacementcrossstoragedevicesand
by carefulcomputatiordecompositiorcrosgprocessorsThroughoutheyearsseveral l/O techniquehave
beendesignedandimplemented15]. Table 3 briefly summarizeghe optimizationtechniquescurrently



Table3: I/0O optimizationtechniquesandthe correspondingriggerrules.

| optimization || brief explanation | sugyestedf
parallell/O performingl/O usinga numberof processori parallel accesptrn# (**,....*) VP #1
to improve the bandwidth
collective l/O distributing the /O request®f differentprocessoramongthem accestrn # storageptrn A P # 1
sothateachprocessoaccesseasmary consecutie dataaspossible
it involvessomeextracommunicatiorbetweerprocessors
sequential bringingconsecutie datainto higherlevelsof storagehierarchy SQAROA SR
prefetching beforeit is neededit helpsto overlapthel/O time andcomputation
time, thushidingthel/O lateny
strided sameassequentiaprefetchingexceptthatdatais STAROA SR
prefetching broughtin fixed strides(someelementsreskipped)
caching& keepingthe datato be usedin nearfuturein the higher SQAROA SRAMT — LRU
replacement levelsof storagehierarchy(currentlytwo replacemenpolicy SQAWO A SRAMT -+ MRU
policy is used(LRU-leastrecentlyusedandMRU-mostrecentlyused)
settingstriping to selecta stripingunit suchthatasmary storagedevices dsize used
unit size (e.g.,disks)aspossiblewill beutilized
data migratingdatafrom higherlevelsof storagehierarchy(e.g.,disks) MG A MT A OT
migration to lower levelsof storagehierarchy(e.g.,tapes)
data removing datafrom the storagehierarchy PGA MT A OT
purging usefulfor temporalfiles whoselifetime is over
pre-staging fetchingdatafrom tapesub-systento disk sub-system associate used
beforeit is required
disabling usedwhenthe benefitof cachingor prefetchings not clear LR
cache& prefetch

emplored by our proposedramevork. More detaileddescriptionscanbe foundin respectie references
citedattheendof this paper;herewe only discusscollectie 1/0.

In mary parallelapplications the storagepatternof a datasetis in generaldifferentfrom its access
pattern. The problemhereis thatif eachprocessottemptsto readits portion of data(specifiedin the
accespattern)jt mayneedto issuealargenumberof I/O calls. Supposehatfour processorsvantto access
(read)a two-dimensionahrrayin (BLOCK,BLOCK) fashion.Assumingthatthe arrays’storagepatternis
(BLOCK,*), eachprocessowill have to issuemary I/O calls (to be specificN/2 readcalls eachfor M /2
consecutie dataitems,if we assumehatthearrayis N x M). Whatcollective I/O does,nsteadjs to read
the datain (BLOCK,*) fashion(i.e., usingminimum numberof I/O calls) andthenre-distritute the data
acrosgrocessorsmemoriedo obtainthedesired BLOCK,BLOCK) pattern.Thatis, takingtheadwantage
of knowing the accessand storagepatternof the array we canrealizethe desiredaccesgatternin two
phaseslin thefirst phasethe processoraccesshedatain alayoutconformanway (i.e.,(BLOCK,*) in our
example),andin the secondphasethey re-distritute the datain memoryamongthemseles suchthatthe
desiredaccesgatternis obtained.Consideringhe factthat1/O in large-scalecomputationss muchmore
costlythancommunicationhugeperformanceémprovementsanbe achieved throughcollective I/O.

The lastcolumnin Table3 givesthe conditionsunderwhich the respectie optimizationswill be sug-
gestedoy theMDMS to theHSS.For example,collective I/O is considereanly if accespattern# storage
patternandmultiple processorareinvolved (P denoteghe numberof processors)The symbolsv andA
areusedfor logical or andlogical and operationsyespectiely. SQ denotessequential’and‘ST’' means
‘strided’; otherabbreiationsarefrom Tablel.



3.3 Tape-Specifid/O Optimizations

Anotherimportantconstituenof our I/O optimizationframework is a run-timelibrary thatcanbe usedto
facilitatethe explicit controlof dataflow for tape-residerdata.Our library is activatedautomaticallywhen
the userinvokesan I/O call thatinvolvestape-residentiatasets(seethe next section). Alternatiely, this
run-timelibrary canbe directly usedby applicationprogrammersndoptimizingcompilersthatmanipulate
large-scalgape-residentdata. The objective is to allow programmerso accesslatalocatedon tapevia a
convenientinterfaceexpressedn termsof arraysandarrayportions(regions)ratherthanfiles andoffsets.
The library implementsa datastoragemodelon tapesthat enablesour architectureo accesgortionsof
multi-dimensionaldatain a fastand simpleway. In orderto eliminatemostof the lateny in accessing
tape-residentlata,we emplo/ a sub-filing strategy [23] in which a large multi-dimensionatape-resident
global arrayis storednotasasinglefile but asa numberof smallersub-fileswhoseexistences transparent
to the programmer The main advantageof doingthis is thatthe datarequestgor relatively small portions
of theglobalarraycanbe satisfiedwithouttransferringhe entireglobalarrayfrom tape-subsysteno disk-
subsystenin the HSSasis customaryin mary hierarchicalstoragemanagemengystems.In additionto
read/writeaccessoutines thelibrary alsosupportspre-stagingandmigrationcapabilitieswhich canprove
very usefulin ervironmentswherethe dataaccespatternsarepredictableandthe amountof disk spacds
limited.

Within thelibrary, eachglobal tape-esidentarrayis divided into chunks,eachof which is storedin a
sepante sub-fileontape.The chunksareof equalsizesin mostcasesA typicalaccespatternmightaccess
asmallportionof avery largetape-residendataset. In receving sucharequestthelibrary performsthree
importanttasks:

e Determiningthe sub-filesthatcollectively containtherequestegbortion,

o Transferringhe sub-filesthatarenot alreadyon disk from tapeto disk, and

e Extractingthe requireddataitems(arrayelementsfrom therelevant sub-filesfrom disk andcopying
therequestegbortionto a buffer in memoryprovided by the usercall.

In the first step,the setof sub-filesthat collectively containthe requesteghortionis calledcover [23].
Assumingfor now thatall of the sub-filesthat male up the cover are currently residingon tape,in the
secondstep,thelibrary bringsthesesub-filesto disk. In thethird step,therequiredportionis extractedfrom
eachsub-fileandreturnedto the userbuffer. Notethatthe laststepinvolves somecomputationabverhead
incurredfor eachsub-file. Instead hadwe usedjust onefile perglobalarraythis computationabverhead
would be incurredonly once. Therefore the performancegain obtainedby dividing the global arrayinto
sub-filesshouldbe carefully weighedagainstthe extra computationabverheadincurredin extractingthe
requestegortionsfrom eachsub-file. Our experimentsshav thatthis computationabverheads not too
much.

4 UserInterface

Oneof themainproblemswith currentparallelfile systemsandparallell/O librariesis theexcessie number
of functions(calls)presentetb theuser Thenit becomeshetaskof userto choosehesuitablel/O functions
thatexpressheraccespatternsaascloselyaspossible For example,in thelatestMPI-10 standard9], there
are over 30 read/writecalls alonewhich rendersthe job of selectingthe right onesa dauntingtask. We
believe thata majority of thesecallscanbeeliminatedif theuseris allowedto expressaccespatternaising
directivesata higherlevel.



4.1 Supportedl/O Functions

In ourinitial implementatiorfwhichtamgetsonly scientificcodeghatuselarge multi-dimensionaarrays)ve
supportthefunctionsshavn in Table4. Notice thatthesecommandsredifferentfromuserdirectivesand
arethe only commandshat canbe sentto the HSSdirectly from the applicationcode. Queriesaboutdata
setsandstoragedevicesareperformedby negotiatingwith the MDMS throughdirectives. Notice however
thatthe useof directivesis optional. Contrastthis with the currentfile systemand1/O library interfaces
which demandhateachandevery parametein the parametefist of the commandshouldbe suppliedby
theuser In Table4 namecanbe a datasetnameor nameof an abstractdatasetspacejn which caseall
the associatedlatasetsareopened.The datain memoryis specifiedby buffer that canbe eithera pointer
or a multi-dimensionalmemoryregion (e.g.,an array). It is assumedhat eachinvolved processomill
have enoughspacdn their respectie buffer areasn orderto hold its portionof dataaccessedThe portion
parameteron the otherhand,denotegheregion of datasetto beaccesseth the globalnamespacethe*’
symbolis usedto denotethe ‘whole dataset'.

The opt parameteis the optimizationpointer thatis setmainly by the MDMS dependingon the di-
rectivescollectedsofar from the application.It pointsto a structurethatcontainssufiicient informationto
carryoutanl/O optimization.Currentlywe arein theproces®f implementinghesehigh-level functionson
top of MPI-10 [9] andSRB (StorageResourcaBroker) [1] from SanDiego Supercompute€enter(SDSC).
The StorageResourcaroker (SRB)is a middle-warethatprovidesdistributedclientswith uniform access
to diversestorageresourcesn a distributed heterogeneousomputingervironment. We areexperimenting
with the MPI-10 to evaluatethe optimizationsinvolving mainly disk-residentlatain parallelfile systems
andwith the SRBto evaluatethe optimizationsinvolving tape-residentata.

4.2 Examplesfor Useof Directivesand I/O Calls

Considerthefollowing example.

OpenDataSet(P,opf)

access P(*,BLOCK) storage DISK(8)

ReadDataSet(Pbf*,opt)
In thisexample theapplicatiorfirst openghedataset(herethearrayP). It alsogivesanoptimizationpointer
optlaterto be used.Thenit sendsanaccess directive to the MDMS which declareghat 8 processowill
accesshedatasetin acolumn-majofashion.TheMDMS, in turn,compareshestorageattern(thedefault
is (BLOCK,*)) with this accesgpatternanddecideghatcollectivel/O needgo be performed.lt passeshis
adviceto the HSSby filling out the relevant entriesof the datastructurepointedby opt When,later, the
applicationissuegheReadDataSet commandacollective readoperatiormightbeperformedconsidering
the contentsof the structurepointedby opt and exact parametersn the ReadDataSet command). Now
supposehatthedirectve wasinsteachccess P(BLOCK,*) storage DISK(8). In thatcasesincetheaccess
patternandthe storagepatternarethe same the MDMS may adviseprefetting to the HSSby settingthe
appropriateentriesof the structurepointedby opt Noticethatin eithercasethe syntaxof the actualread
call doesnot change.The only differenceis the contentsof the datastructurepointedby opt Considering
the fact that a typical large-scaleapplicationswill have only a few directives, the function performedby
the applicationin questioncanbe changedy modifying only afew programlines. This helpsreadability
reusability andmaintainability
Let usnow considerthefollowing examplefragment.

associate (PQ)with T

access T(BLOCK,*) storage TAPE(16)

OpenDataSet(P,opf)

ReadDataSet(Pbfl,* 0pi)



Table4: Supported/O functions.

OpenDataSet(nameopt)
CloseDataSet(nameopt)
ReadDataSet(namebuffer,portion,opt)
WriteDataSet(namebuffer,portion,opt)

ReadDataSet(Q,bf2*,0pl)
In this case the applicationfirst associateswo tape-residendrrayswith anabstracdatasetspacerl. Then
the access directve indicatesthat 16 processorsire going to accesghe respectie portionsof P andQ
in row-wise. The applicationafterwardsopensP, an actiity which mostprobablyforcesthe HSSto stage
the datasetP from tapesub-systento disk sub-systemThis alsotriggersthe MDMS to advisethe HSS
to pre-staye the datasetQ aswell from tapeto disk asthis arrayis associatedvith P andmostprobably
thetwo arrayswill be usedtogether Assumingthatthe default layoutis row-major, the MDMS alsosets
thenecessarparameteré the structurepointedby optto enableprefetchingno collective I/O is required.
Consequentlythe following two calls to ReadDataSet take adwantageof prefetching. Notice that our
directivesallow two levels of prefetchingn this smallexample:first (throughthe useof associate) from
tapeto disk (thisis calledpre-staging)andthen(throughthe useof access) from diskto memory(thisis
calledprefetching) Also, notethat(whennecessarytheReadDataSet call usessub-filingto stageonly the
relevantpartsof datafrom tapeto disk.

Finally, considerthe following examplein which the accesgatternof a datasetP changesiuringthe
courseof execution.In this example thereare32 processorgwolved.

OpenDataSet(Pop)

access P(BLOCK,*) storage DISK(32)

ReadDataSet(Pbfl,*,0p1)

organize P(*,BLOCK) storage DISK(32)

access P(*,BLOCK)

ReadDataSet(P,bf2*,0p)

WriteDataSet(Pbf3* 0pl)

WriteDataSet(P,bf4,* 0pl)
The applicationfirst opensthe datasetP, andthendiscloseghatits accespatternis row-major Assuming
againtherow-majorstoragdayoutasdefault, no collective I/O is required.But then,the applicationissues
anorganize directve which stronglyadvisesa storagdayoutchanggondisks)from thedefaultrow-major
layoutto column-majorayout. Thereasorfor this becomeslearwhenwe take alook atthenext access
directive in the sequencevhich saysthattheremainingReadDataSet andWriteDataSet commandswill
accesghe datain column-majorfashion. If the layoutof datais not changedrom row-majorto column-
major, eachof the remainingthreel/O calls will have to usecollective I/O; thatinvolves interprocessor
communicatiorwhich (dependingon the type of the network anddistributed media)canbe costlyin this
caseas32 processorareinvolved. Thereforethe programmethinksthatit mightbebetterto storethedata
in thewaythatit will beaccessethter Thatis, storingthedataascolumn-majorthelastthreecallscantake
theadwantageof prefetchingastheaccespatternandthestoragepatternareidenticalnow. Notice,however
that the useof the organize directive for a datasetthat hasalreadybeencreated(asin this example)
impliesa datare-distritution on disksandcanbe quite costly soit shouldbe usedwith discretion.Similar
to thetablesusedto keeptrack of userdirectives(seeFigure4), we usedatabasetablesto hold necessary
informationabouttheread/writecalls.



Table5: Total I/O times(in secondsjor Astro-2Dapplication(Datasetsizeis 256 MB).

Paragon SP-2
64 procs| 128procs || 32procs| 64 procs
Original 64.95 87.02 23.46 39.67
Optimized 27.44 49.37 14.05 11.23

Table6: Total I/O times(in secondsjor Astro-3Dapplication(Datasetsizeis 8 MB).

Paragon SP-2
64 procs| 128procs || 32procs| 64 procs
Original 51.04 81.45|| 109.93| 211.47
Optimized 36.41 68.02 3.33 3.51

5 Experiments

In this sectionwe presensomeperformancenumberdrom anongoingimplementatiorof our MDMS. The
experimentsvererun on anIBM SP-2andIntel Paragon.Eachnodeof SP-2is RS/6000Model 390 with
256megabytesnemoryandhasani/O sub-systencontainingfour 9 gigabytesSSAdisksattachedoit. The
nodeson Paragon(Intel i860 XP), on the otherhand,aredividedinto threegroups:computenodes HIPPI
nodesandservicenodes.Thetotal memorycapacityof the computepartitionis aroundl4.4gigabytesThe
platform wherethe experimentswere conductechas3 servicenodeseachwith a RAID SCSldisk array
attachedo it.

We usedfour differentapplicationsthreeof themareusedto measurehe benefitsof collective 1/O for
disk-residentatasetsin parallelfile systemsthelastoneis usedto seehow pre-stagingerformsin HPSS
[11] for tape-residendata. We also performedexperimentswith sub-filing usingsyntheticaccespatterns
andpresenherethefirst resultsfrom theseexperiments.

Table5 shaws thetotal I/O timesfor a 2D astrophysicsemplate(Astro-2D) on the Intel Paragonand
IBM SP-2.Here,'Original’ refersto thecodewithoutcollective I/O, and‘Optimized’ denoteghecodewith
collectve I/O. In all casesthe MDMS is run at NorthwesterrUniversity Theimportantpointhereis thatin
boththe‘Original’ andthe ‘Optimized’ versiongheusercodeis essentiallithesamethe only differences
thatin the ‘Optimized’ casethe usercodesenddirectivesto the MDMS. The MDMS thenautomatically
determineghatcollective 1/0O shouldbe performed;this hint is thensentby the MDMS to the HSS.As a
result,impressie reductiondgn I/O timesareobsered. Sincethenumberof /0 nodesarefixedon boththe
Paragonandthe SP-2,increasinghe numberof processorgausesn generalanincreasen the I/O times.
Tablest and7 reportsimilar resultsfor a 3D astrophysicsode(Astro-3D)andfor anunstructuredirregular

Table7: Total /O times(in secondsjor unstructurecdode(Datasetsizeis 64 MB).

Paragon SP-2
64 procs| 128procs || 32procs| 64 procs
Original 76.30 142.73|| 547.61| 488.13
Optimized 1.68 0.94 1.25 2.13




Table8: Total I/O times(in secondsjor volumerenderingcodeon 4 processorg¢Datasetsizeis 64 MB).

|FileNo—» | 1 | 2 | 3 [ 4 |
Original 31.18| 19.20| 61.86| 40.22
Optimized || 11.90| 11.74| 20.10| 18.38

Table9: Total /O times(in secondsjor volumerenderingcodeon 8 processor¢Datasetsizeis 64 MB).

|[FleNo—» ] 1 | 2 | 3 | 4 |
Original 18.79| 37.69| 21.02| 14.70
Optimized || 10.74| 6.23 | 4.49 | 6.42

dataaccesgattern)code,respectiely. Sincethesecodeshave not beenmodifiedyetto work throughthe
MDMS, theresultsreportedhereareobtainedby hand. Neverthelessthey indicatethe orderof potential
savingsoncecollective I/O is used.

Our next exampleis a parallelvolumerenderingapplication.As in previousexperimentsthe MDMS is
run at NorthwesterriJniversity The applicationitself, on the otherhand,is executedat ArgonneNational
Lab’s SP-2andthe HPSSat SanDiego SupercomputeCenter(SDSC)is usedasthe HSS.In the ‘Original’
codefour datafiles areopenedandparallelvolumerenderings performed.n the‘Optimized’ code('Origi-
nal’ code+ userdirectives)thefour datasetscorrespondingp four datafiles) areassociatewith eachother
andpre-stagindfrom tapeto disk) is appliedfor thesedatasets.Tables8 and9 give thetotal readtimesfor
eachof thefour files for the‘Original’ and‘Optimized’ codesfor 4 and8 processocaserespectiely. The
resultsrevealthat,for both4 and8 processocasespre-stagingeduceshel/O timessignificantly We need
to mentionthatin every applicationwe experimentedvith the time spentby the applicationin negotiating
with theMDMS is lessthan1 second Whenconsideringhefactthatfor large-scaleapplicationd/O times
arelikely to be huge(evenwhenoptimized),anoverheadn thisrangeis acceptable.

In orderto measurehe usefulnes®f sub-filing, we performedexperimentsusingthe HPPSat SDSC.
We have usedthe low-level routinesof the SDSCStorageResourcddroker (SRB)to accesshe HPSSfiles.
SRBis aclient-serer middle-warethatprovidesa uniform interfacefor connectingo heterogeneoudata
resourcesver anetwork andaccessingeplicateddatasets[1].

We experimentedvith differentaccesgatternsin orderto evaluatethe benefitsof the library thatim-
plementssub-filing. Table10 givesthestartandendcoordinategon atwo-dimensionaglobalarray)aswell
asthe numberelementgead/writtenfor eachaccesgattern(A throughH). Notethatthe coordinate(0, 0)
correspondso theuppetleft cornerof thearray In eachcasetheaccessedrrayconsistf 50000 x 50000
floatingpointelement$10 GB total data).We usedwo differentsub-file(chunk)sizes:smal1 (1000 x 1000
elements)andlarge (2000 x 2000 elements).

Thecolumns5 throughl10 of Table10 shav the performanceesultsobtained.For eachoperation(read
or write) we give theresponséimes(in secondsfor anave accesstratgy andthegainsobtainedagainsit
usingour library which emplgys sub-filing. The naive strategy reads/writesherequiredportionfrom/tothe
arraydirectly, i.e., it doesnot usesub-filingandthe entire 50000 x 50000 arrayis storedasa singlelarge
file. For the sub-filingcasesve shav the percentage reductionin responsdime of the nave scheme.For
example,in accespatternA, the sub-filingwith smallchunksizeimproved (reduced}heresponsgime for
the readoperationby 85.2%. Figures6 and7 shav the resultsobtainedin graphicalform. Note thatthe
y-axesonthefiguresarelogarithmicallyscaled.



Tablel0: Accesspatternsexecutiontimes,andpercentaggains.

Pattern Information Write Operations ReadOperations

Acc. Start End To tal Times Small Large Times Small Large

Ptr. Coor. Coor. float. w/o Chunk Chunk w/o Chunk Chunk
points chunking || Gain (%) || Gain (%) || chunking || Gain (%) || Gain (%)
A (0,0) (1000, 1000) 1% 10° 2774.0 96.1 94.5 784.7 85.2 77.1
B (0,0) (4000, 1000) 4%10° 2805.9 83.8 84.9 810.1 43.2 55.6
C (0,0) (24000, 1000) 24 % 10° 2960.3 8.8 37.9 793.3 —240.5 —172.4
D (5000, 5000) (6000, 6000) 1% 10° 3321.2 96.7 95.4 798.4 84.1 79.7
E (0,0) (50000, 80) 4%10° 151.7 —3525.1 —2437.6 165.2 —3229.3 —2623.9
F (0,0) (80, 50000) 4 %108 138723.3 96.0 97.2 39214.1 85.9 88.5
G (0,0) (1000, 4000) 4% 10° 11096.3 95.9 96.4 3242.9 88.3 88.6
H (6000, 6000) (8000, 8000) 4% 10° 5095.2 91.2 96.5 1612.9 76.6 89.9

In the patternsA and D, wherea 4 MB squarechunkis accessean the left cornerand aroundthe
middle, respectiely, the smallchunksizeoutperformghelarge chunksizeasthe latteraccesseextra data
elementghatdo notbelongto therequiredportion. In the patternH, ontheotherhand,increasinghechunk
sizereduceghe numberof I/O calls which in turn resultsin the bestresponsdime. In B andG, 16 MB
of dataareaccesseth orthogonaldirections.In G, sincewe accessa sub-columrportion of a row-major
array we needto issue4000 1/O callsin the nave case.In B, the nave stratgy issuesonly 1000 1/O calls
to accesshe samevolume of data. Consequentjytheimpactof sub-filingis morepronouncedn G. In E,
the naive stratg)y outperformghe sub-filingasthe entireportioncanbeaccesseth asinglel/O call. Note
thattheHPSSallows theusergo accesgortionsof thedataresidingin tape.Theresponséime of thenawve
solutionfor the accesgatternE will increasedramaticallyfor thetapearchitectureswherethe granularity
of accesss afile. By comparingtheresponsdimesof A, B, C, andE, we notethattheresponsdimesare
dominatedby the numberof 1/O calls (in the nave version)andof chunks(in the sub-filedversions—that
alsocorresponds$o I/O calls—)ratherthanby the volumeof dataaccessedFinally, in the patternF (whose
responséime in thenave casewascalculatecusinginterpolationfrom A andG), thesub-filingstratgy has
the bestperformancef all andbringsa 97.2% improvementin write calls.

Overall, the sub-filing strat@y performsvery well comparedo the naive stratgy which performsindi-
vidual accesseto a large file, exceptfor the caseswvherethe accespatternandthe storagepatternof the
arraymatchexactly Evenin thatcasea suitablechunkshapecanbe chosento matchthe responsdime
of the naive stratgy. However, automaticselectionof optimal chunksizes(consideringhe future access
patterns)s beyondthe scopeof this work.

6 RelatedWork

Thereare mary proposedechniquedor optimizing /O accessesThesetechniquesanbe divided into
threemaingroups:theparallelfile systemandrun-timesystenoptimizationg21, 6, 9,17,19, 14], compiler
optimizationg3, 18, 15], andapplicationanalysisandoptimization[18, 5, 24, 15].

The closestwork to oursis the onedoneby Brown et al. [4]. They proposea similar architectureo
ours; however, they do nothandlethe advancedl/O optimizationsproposedn this paper They build their
meta-datasystemon top of HPSSusingDB2 from IBM. In our case the HSSandthe MDMS areloosely
coupledallowing usto experimentwith differenthierarchicaktoragesystems.

Baruetal. [1] investigateuseof high-level unifiedinterfacesto datastoredon file systemsandDBMS.
Their systemmaintainsmeta-datdor datasets,resourcesysers,andmethodgaccesgunctions)and pro-
videsthe ability to create update store,andquerythis meta-dataWhile the type of meta-datanaintained
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by themis an extensionof meta-datanaintainedby a typical operatingsystem,our meta-datanvolves
performanceelatedmeta-dataaswell which enablesautomatichigh-level I/O optimizationsasexplained
in this paper

Thereareseveralworkson I/O characterizatiowof large applications.Threel/O-intensve applications
from the Scalabld/O Initiative Application Suiteare studiedin [12]. An I/O-intensve three-dimensional
parallelapplicationcodeis usedto evaluatethe /O performancesf thelBM SPandIntel Paragonin [28].
They found IBM SPto befasterwith readoperationsandParagonfor writes. del Rosarioand Choudhary
[15] discusssereral grand-challeng@roblemsand the demandshat they placeon the I/O performance
of parallelmachines.The characterizationformation canbe very usefulin our framewvork in selecting
suitableuserlevel directvesto implementin orderto captureaccesgatternsn a bettermanner Finally,
someamountof work hasbeendonein theareaof out-of-corecompilation[3], [2].

7 Conclusions

In this paperwe presenta programdevelopmentervironmentbasedon maintainingperformance-related
system-lgel meta-dataThiservironmentconsist®f ausercode ameta-datananagemerdystem(MDMS),
anda hierarchicabktoragesystem(HSS)andprovidesa seamlesslatamanagemerandmanipulatiornfacil-
ity for useby large-scalescientificapplications. It combinesthe advantageof file systemsand DBMSs
withoutincurringtheirrespeciie disadwantagesandprovideslocationtransparenc(throughthe useof data
sethnamesratherthanfile namesor URLS), resourcdransparenc (throughthe useof ASDs), andaccess
functiontransparenc (throughthe automaticinvocationof high-level 1/0O optimizationdike collective 1/0
anddatasieving).

Also, by storing meta-dataand providing meansto manipulateit, our framework is ableto manage
distributed resourcesn a heterogeneousrvironment. Preliminaryresultsobtainedusing several applica-
tions are encouragingand motivate us to completeour implementationand malke extensive experiments
usinglarge-scalaataintensie applications Currently we have only asingleAPI (which canbeusedfrom
within the applicationcode);we arealsoworking on GUI andUNIX-style command-linénterfaces.
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